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Abstract 

 
This work focuses on sensor fusion in mobile robots, for mapping an unknown environment. 
Sensor fusion in this context is the process of integrating data from different sensors for 
detecting objects. This is a particularly difficult task since a mobile robot must be equipped 
with multiple and different types of sensors to cope with the unknown environment and the 
limitations intrinsic to any particular sensor. As a result, information arrives from various 
sensors with different resolutions, accuracies, precisions and scanning rates. In addition, 
depending on environmental conditions and random effects, every sensor is subject to the 
effect of some type of noise. Furthermore, sensors will, under some conditions, fail or 
malfunction due to wear and tear.  
 
Once the raw data from the sensors has been gathered, it must be pre-processed. This is 
achieved by algorithms with different processing times and formats (e.g., rule-based, 
quantitative). Finally, after the raw data has been selected and pre-processed, readings from 
several sensors must be fused into a single reading for the mobile robot to navigate.  
 
Down through the years, many sensor fusion algorithms for mapping the environment for 
mobile robots have been developed and implemented. Since each has its advantages and 
disadvantages, it is difficult to compare the different algorithms according to performance. 
Performance evaluation of sensor fusion algorithms is usually based on either experiments in 
real environments or theoretical analysis. The first approach is problematic in unstructured and 
dynamic environments, since it is impossible to repeat experiments under identical conditions. 
The second approach requires explicit assumptions concerning the nature of the sensory 
information. This approach is hard to implement since it is usually difficult to characterize 
sensory performance in unstructured environments. 
 
As a result of the difficulties inherent in these two approaches, it is important to find a method 
that will enable the researcher to isolate sensor fusion evaluation from the actual real world 
without requiring accurate a-priori modeling of the sensors or the environment. Among the 
characteristics that we would expect such a method to display are: the evaluation should 
quantify the comparison and should not be biased towards specific platforms; it should be 
independent of the data used; it should give an overall indication of system performance; and 
it should be robust enough to cope with exceptional results. 
 
In this research we developed two evaluation methods to compare and evaluate the 
performance of different sensor fusion algorithms. With both methods, analysis is performed 
without requiring a-priori information on the sensors and/or the environment. The first method 
enables us to evaluate the performance of sensor fusion algorithms in simulation using a 
transition matrix analysis. The second method is based on a statistical analysis in an 
experimental setup. Its advantage is that it is independent of specific environmental 
conditions. With this procedure, it is now possible to compare algorithms on the basis of 
limited experimental data and to validate their applicability without extensive experimentation. 
 
Although many sensor fusion algorithms have been developed, most algorithms fuse all 
sensors. Fusion of all sensors has its drawbacks since it is important to be able to detect noisy 
sensors so as to either disregard them in the sensor fusion process or to know the quality of the 
different sensors and consider them accordingly. Without such a capability, the necessary 
control of sensory perception (i.e., actively selecting different sensors in real-time) is lacking. 
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Sensory selection, therefore, is an important step in designing autonomous robots that can 
operate in complex and uncertain environments.  
 
Another critical aspect of intelligent autonomous robot operation is efficient resource 
utilization and robustness. To enable operation in unknown and dynamic environments, the 
system must be able to perform under a variety of conditions. This requires the development 
of complicated algorithms. However, for real-time performance, system resources (e.g., CPU 
time, system memory and data transformation) must be utilized efficiently. This can best be 
achieved with simple algorithms. Hence, complicated algorithms should be employed only 
when absolutely necessary. The ability to choose online between algorithms, depending on the 
environment (e.g., lighting changes, shadows, surface texture) and sensory conditions (e.g., 
failure, malfunctions, inaccuracy) can increase both resource utilization and system 
robustness. 
 
This thesis presents an adaptive sensor fusion framework for online sensor and algorithm 
selection. During online sensor selection, the most reliable sensors are selected for fusion and 
malfunctioning sensors are disregarded. In online algorithm selection, a simple sensor fusion 
algorithm is employed whenever possible. When conditions (sensors or environment) 
deteriorate, an algorithm that considers the performance of each sensor in the fusion is 
selected. 
 
Methodology 
Development basics  
The system was developed using three basic concepts: logical sensors, grid-map paradigm and 
performance measures. 
The logical sensor is an approach that separates the hardware from the software. This makes it 
possible to isolate sensor fusion evaluation from the actual world. With logical sensors we can 
easily fuse multiple and different types of sensors and algorithms. Since sensors can be added 
or upgraded without changing the whole system’s concept, sensor systems can be reconfigured 
more easily. This capability is more tolerant of sensor failure and enhances the possibility of 
incremental development of additional sensing and processing devices. 
There are different approaches for formulating a geometrical description of the unknown 
environment for mobile robots. The grid map paradigm is a technique that divides the 
environment into a discrete grid, assigning each grid location a value that indicates if that 
location is occupied by an obstacle (signed as one, Occupy) or empty (signed as zero, Empty). 
The grid map paradigm has been chosen due to its simplicity, robustness and adaptability to 
dynamic environments.  
Performance measures quantify the difference between two maps, the original input map and 
the generated output map. The performance measures are defined as the summation over all 
cells of the grid map of the four logical conditions: Occupy-Occupy, Empty-Empty, Occupy-
Empty and Empty-Occupy where Occupy cell is represented by‘1’ and Empty cell is 
represented by ‘0’. 
 
Sensor fusion algorithms  
Two types of algorithms were evaluated. The first type consists of logical algorithms in which 
the logical sensors distinguish between two basic states, Occupy and Empty. These algorithms 
present different versions of Identify the obstacle by at least n logical sensors: Logical OR 
(n=1), MOST (n>N/2) and Logical AND (n=N), where N is the total number of logical sensors 
in the system. The second type, adaptive algorithms, considers the sensor performance in the 
fusion. Although the adaptive algorithms are computationally expensive, their ability to rank 
the logical sensors using their performances with no a-priori assumption provides an 
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important advantage to the system. Two adaptive algorithms were developed: Adaptive Fuzzy 
Logic (AFL) and Adaptive Dempster Shafer (ADS).  
 
Analysis method 
Analysis of all steps was conducted in a mobile robot experiment. The experiment consisted of 
a mobile robot (Pioneer 2-AT) equipped with an array of six ultrasonic sensors on the robot’s 
front panel and one SONY CCD camera, mounted on the top of the robot, for scanning the 
area in front of it. Two logical sensors were generated using the ultrasonic data. The image 
registered by the camera was transformed into three logical sensors. The robot moved forward 
at a constant velocity in a controlled laboratory environment and mapped the area in front of it. 
 
Transition matrix methodology for evaluating sensor fusion algorithms  
Analysis of the sensor fusion algorithms is conducted using transition matrices, where each 
cell in the transition matrix defines for each input value the probability for transferring to a 
specific output value. To evaluate performance for different sensory and environmental 
conditions, the logical sensors were simulated with various noise values. Noise is added 
randomly according to a predefined noise parameter.  
 
The transition matrix presents the relation between the logical sensors’ noise and the united 
measure values. When fusing N logical sensors, all noise combinations and performance 
measures must be considered. The procedure complexity is )( NNCΘ . Since the number of 
combinations is infinite, only one sensor performance measure is varied to simplify analysis. 
All other performance measures are taken as constant. To consider a variety of conditions, a 
range of constant performance measures are analyzed. Since the order of the fused logical 
sensors is irrelevant, analysis of the transition matrix for the varied sensor provides sufficient 
information.  
 
Based on these definitions, a procedure was derived for analysis resulting in guidelines for 
high performance algorithms. 
 

Statistical evaluation method for comparing sensor fusion algorithms  
A statistical evaluation method, which defines the experimental design and statistical analysis 
procedures, was developed. To receive reliable results, the procedure must include several 
experiments, which differ by changes in input and by logical sensor conditions. Each 
experiment is performed R times (called repetitions), under the ‘exact’ same environmental 
and sensory conditions. The number of experiments and repetitions are derived from several 
parameters, including the statistical characteristics of the data (e.g., standard deviation and the 
desired α value). Procedures are defined to ensure that experiments are conducted differently, 
thereby ensuring that results are not specific for the evaluated test cases. 
 
The statistical analysis includes three steps that quantify the difference in the performances of 
the sensor fusion algorithms. The aim of the first step (Friedman test) is to test the hypothesis 
that the performance measures of all algorithms have equal medians values; If/when the first 
hypothesis is rejected, the second step (multiple comparisons procedure) divides the 
algorithms into homogeneous subgroups. The third step (sign test) tests a hypothesis about the 
location of the population mean for the two best performing algorithms. The result indicates 
which is the best performing algorithm. 
 
Online logical sensor and algorithm selection framework  
The framework’s purpose is to select online the most reliable sensors and the simplest sensor 
fusion algorithm for the fusing task. The system is rule-based, employing the concept “use the 
simplest algorithm with the most reliable logical sensors”. A three-step approach is applied to 
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the selection process. First, the simplest algorithm (MOST) is employed for sensor fusion. In 
this step, malfunctioning sensors are ignored and low performance sensors activate the 
adaptive fuzzy logic for rechecking all logical sensors. Second, using the adaptive fuzzy logic 
algorithm, a periodic check of all logical sensors is conducted in order to detect 
malfunctioning sensors. Finally, when more than two logical sensors function correctly, the 
MOST algorithm is employed. Otherwise, the adaptive fuzzy logic algorithm is implemented. 
 
Analysis and Results 
Transition matrix methodology for evaluating sensor fusion algorithms 
Twenty-two sensor fusion algorithms were evaluated using this methodology: eighteen AFL 
algorithms that differed in their membership functions, values and rules; one ADS algorithm; 
and three logical algorithms (OR, MOST and AND). A simulation program in VC++TM was 
developed for the analysis.  
 
The performances for the OR, AND and adaptive Dempster Shafer algorithms were low. The 
performance of the adaptive fuzzy logic algorithms depends on the specific membership 
functions and rules employed. In some cases, the MOST algorithm outperformed the adaptive 
fuzzy logic algorithm; in other cases the AFL algorithm outperformed the MOST. From the 
AFL, the best performance algorithm was selected. 
 
Statistical evaluation method for comparing sensor fusion algorithms  
Five sensor fusion algorithms were employed in a case study of seven different experiments 
conducted on the mobile robot platform: OR, MOST, AND, ADS and the best AFL algorithm 
according to the transition matrix analysis.  
 
Friedman’s test results indicated statistical differences between algorithms for all four 
performance measures. The multiple comparison results indicated that the AFL and MOST 
algorithms resulted in best performance. Final comparison between the two best performing 
algorithms (AFL vs. MOST) using the Sign test indicated that the AFL algorithm is the best. 
 
Online sensor and algorithm selection (OLSAS) 
To evaluate the OLSAS framework, it was compared to four sensor fusion algorithms, OR, 
MOST, AND and AFL in a mobile robot experiment. Several methods were used to analyze 
the framework: 
- Statistical evaluation method. 
- Sensor and algorithm selection capabilities were analyzed by determining for all 

experiments the number of times: each logical sensor participates in the fusion 
process; the system changes the number of logical sensors participating in the 
fusion process; the system uses different types of sensor fusion algorithms; and 
why there is a switch between the two sensor fusion algorithms. 

- A time series analysis was conducted to understand the online sensor and algorithm selection 
procedure. 
- A graphical analysis was conducted to enable qualitative presentation of the results. 
 
- Statistical results implied very small p-values, indicating a difference between the algorithms 
for all performance measures. Results from multiple comparisons indicated that the OLSAS 
framework and the AFL algorithm gave the best results. A final comparison between OLSAS 
vs. AFL using the sign test indicated that the OLSAS framework outperformed the AFL 
algorithm. 
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- Sensor and algorithm selection: 
Analysis of the number of times each sensor participated in the fusion process indicated that 
not all sensors were considered in the fusion at all times, i.e., sensors were selected for the 
fusion based on their actual performances. Despite high performances of the individual 
sensors, only 3-4 sensors were used in most cases in the fusion. 
In addition, results indicated that despite the harsh environmental changes, the system 
succeeded in using the simple algorithm in half of the cases. However, the fact that the AFL 
algorithm was employed in other cases indicates its contribution. 
 
- The time series analysis indicated that system response was not specifically tailored to the 
lighting conditions and sensors were employed on the basis of their actual performances.  
 
- Graphical analysis indicated low performance of both the OR and AND algorithms: in all 
cases, the OR algorithm generated a map covered with obstacles, and the AND algorithm 
generated empty maps. Both the MOST and AFL algorithms hardly detected the obstacles. 
The OLSAS framework obtained good results for some of the experiments.  
 
Conclusions 
The main contributions of this research are: 

• A methodology to analyze a-priori the simulated performance of a 
sensor fusion algorithm. The methodology, which is based on 
transition matrix analysis generated using a simulation, enables us to 
analyze the algorithms for a variety of sensory conditions without 
requiring experimentation. 

• Statistical evaluation of sensor fusion quality. An experimental design 
and statistical analysis procedure was designed to evaluate sensor 
fusion algorithms quality. A comparison ensures that results do not 
depend on sensor characteristics, environmental conditions and/or 
testing cases. The statistical analysis compare the different algorithms 
according to their performances. 

• Development of a sensor fusion framework that enables: 
- Online sensor selection – the most reliable sensors are selected for fusion. 

Malfunctioning sensors are disregarded from the fusion. 
- Online algorithm selection – a simple sensor fusion algorithm is employed 

whenever possible. When sensory or environmental conditions deteriorate, an 
algorithm that considers the performance of each sensor in the fusion is 
selected. 

 
The sensor fusion performance measures and performance analysis procedure provide a basis 
for modeling, analyzing, experimenting and comparing different sensor fusion algorithms. The 
ability to compare different sensors and algorithms provides a basis for selecting the best 
sensor/algorithm. 
 
The main assets of the adaptive sensor fusion framework are that it frees us from the need of 
a-priori information on sensory performance and environmental conditions. In addition it 
enables asynchronous data reading of sensors. The ability to measure online performance of 
the sensors and algorithms results in improved robustness and flexibility. The developed 
framework is an important contribution toward the development of intelligent autonomous 
robots for unstructured environments. 
 

Key words: Adaptive algorithm, Algorithm selection, Evaluation, Mobile robots, 
Performance measures, Sensor fusion, Sensor selection. 



 XV 

This thesis is in part based on the following publications: 
 
Journal papers 

1. Shayer G., Cohen O., Korach E. and Edan Y. 2005. Ranking sensors using 
an adaptive fuzzy logic algorithm, IEEE Transactions on Sensors. In press. 

 
Reviewed conference papers 

1. Cohen O. and Edan Y. 2005. A sensor fusion framework for on-line sensor 
and algorithm selection, Proceedings of the 2005 IEEE International 
Conference on Robotics and Automation, Barcelona, Spain, April 18-22.  
Accepted. 

2. Cohen O., Edan Y and Korach E. 2004. Transition matrix methodology for 
evaluating sensor fusion mapping algorithms, Proceedings of the IEEE 
International Conference on Systems, Man and Cybernetics, The Hague, 
The Netherlands, October 10-13: 3869-3874. 

3. Cohen O. and Edan Y. 2004. Adaptive fuzzy logic algorithms for sensor 
fusion mapping, Proceedings of the IEEE International Conference on 
Systems, Man and Cybernetics, The Hague, The Netherlands, October 10-
13: 2326-2331. 

4. Cohen O. and Edan Y. 2004. Adaptive fuzzy logic algorithm for grid-map 
based sensor fusion, Proceedings of the 1st IEEE International Conference 
on Intelligent Vehicles, Parma, Italy, June 14 – June 17: 625-630. 

5. Granit Z., Cohen O. and Edan Y. 2003. Ultrasonic local mapping 
algorithms evaluation, Proceedings of the 11th IEEE International 
Conference on Advanced Robotics, Coimbra, Portugal, June 30 - July 3: 
59-64. 

6. Shayer G., Cohen O., Korach E. and Edan Y. 2002. An adaptive fuzzy logic 
algorithm for ranking logical sensory performance, IEEE Sensors 2002, The 
1st IEEE International Conference on Sensors, Orlando, Florida, USA, June 
12-14: 1317-1322. 

 
Conference papers 

1. Cohen O., Shayer G., Korach E. and Edan Y. 2003. Behavior analysis of 
grid-map based sensor fusion algorithms, IASTED International 
Conference, Robotics and Applications 2003, Salzburg, Austria, June 25-
27: 201-206. 

2. Cohen O., Edan Y. and Schechtman E. 2002. Sensor Fusion Evaluation, 
12th Industrial Engineering and Management Conference, IE & M 2002, 
Tel-Aviv, Israel, March 12-13: 171-175. 

3. Cohen O., Korach E. and Edan Y. 2002. An adaptive fuzzy-logic algorithm 
for measuring and improving autonomous mobile robot sensory 
performance, Proceedings of the 3rd WSEAS International Conference, 
Advanced in Intelligent Systems, Fuzzy Systems, Evaluation Computation, 
Interlaken, Switzerland, Feb 11-14: 30-37. 

4. Cohen O. and Edan Y. 2001. Adaptive Sensor fusion framework for 
autonomous vehicles, Proceedings of the IASTED International 
Conference, Artificial Intelligence & Applications 2001, Marbella, Spain, 
September 4-7: 282-286. 

5. Cohen O., Schechtman E. and Edan Y. 2000. Sensor fusion quality 
evaluation tools for autonomous vehicles, Proceedings of the IASTED 



 XVI 

International Conference, Robotics and Automation 2000, Honolulu, 
Hawaii, USA, August 14-16: 192-196. 

6. Cohen O. and Edan Y. 1998. Sensor fusion framework for an autonomous 
dirt road vehicle, The 4th French-Israeli Symposium on Robotics, Besancon, 
France, May 13-15: 141-145. 

7. Cohen O. and Edan Y. 1998. A supervisory control system for an 
autonomous vehicle, 27th Israel Conference on Mechanical Engineering, 
Haifa, Israel, May 19-20: 583-585. 

 



 

1 Introduction 
 
1.1 Description of the problem 
A mobile robot must be equipped with multiple and different types of sensors to extract 
accurate information about the vehicle’s surroundings as it operates in an unknown 
environment and due to limitations intrinsic to any kind of sensor [Chung et al., 2001; 
Dasarathy, 1997; Hall, 1992]. The basic problem is that information arrives from various 
sensors with different resolutions, accuracies, precisions and scanning rates [Doeblin, 1966]. 
In addition, every sensor is subject to the effect of some type of noise, depending on 
environmental conditions and random effects. Furthermore, sensors sometimes fail or 
malfunction due to wear - and - tear [Brooks and Iyengar, 1998]. 
 
Once the raw sensor data has been gathered it must be pre-processed. This is achieved by 
algorithms with different processing times and formats (e.g., rule-based, quantitative). Once 
sensory data has been pre-processed, readings from several sensors must be fused into a single 
reading. Sensor fusion in this context is the process of integrating data from different sensors 
for detecting objects, and for estimating the parameters and states needed for robot self-
location, map-making, path computing, motion planning and motion execution [Luo et al., 
2002; Zheng, 1989]. This work focuses on sensor fusion for mapping an unknown 
environment. 
 
Among the different approaches for formulating a geometrical description of the unknown 
environment for mobile robots are: configuration space [Lozano-Perez, 1981]; generalized 
cones [Brooks, 1982]; Voronoi diagrams [Miller, 1985]; occupancy grid map model  
[Moravec and Elfes, 1985]; segment model [Crowley, 1985b]; convex polygon model 
[Laumond, 1983]; graph model [Turchan and Wong, 1985]; spherical octree [Chen, 1987]; and 
polygon region model [Miller, 1985].  
 
In this work we employed the grid-map model. Its simple implementation makes it possible to 
incrementally add information; to combine information from multiple sensors as well as from 
multiple robot positions; to explicitly handle uncertainty; and to respond in real-time to 
environmental changes [Brooks and Iyengar, 1998].  
 
Down through the years, many sensor fusion methods and algorithms have been developed for 
mobile robot platforms, e.g., weighted average [Belknap et al., 1986]; probabilistic [Harmon, 
1986]; rule-based [Flynn, 1988; Marti et al., 1997; Nickels et al., 2003; Teruko et al., 2000; 
Tokoro et al., 2004]; production rules [Weisbin et al., 1990]; certainty factors [Belknap, 1986; 
Hanson et al., 1988; Kamat, 1985]; and fuzzy logic [Huntsberger and Jayaramamurthy, 1987].  
 
Research and development in sensor fusion is common in many other applications. Ayache 
and Faugeras integrated sequences of images to determine the surface of three-dimensional 
objects [Ayache and Faugeras, 1989]. Gunatilaka and Baertlein determine whether a certain 
mine is located in the region [Gunatilaka and Baertlein, 2001] while Pollard et al., estimate 
geometric constraints by fusing the features of multiple stereo views of the wire frame model 
of an object [Pollard et al. 1989]. Different fusion methods have been implemented for 
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constructing multiple classifier systems [Kittler et al., 1998; Kuncheva et al., 2001; Kuncheva, 
2002].  
 
Many different aspects of the sensor fusion problem have been investigated such as 
architectures [Luo et al., 2002; Zheng, 1989]; algorithms [Luo et al., 2002; Luo and Kay, 
1989]; convergence analysis [Ansari, 1996] and case studies.  
 
When a-priori probabilities of the sensors are assumed, different fusion algorithms and 
methodologies are employed including Bayesian [Chair and Varshney, 1986]; Neyman-
Pearson [Thomopoulos et al., 1989]; and Minimax [Geraniotis and Chao, 1990]. In some of 
these cases optimal fusion can be achieved [Alhakeem and Varshney, 1996]. However, since it 
is hard to accurately model the sensors or the environment, all theories and optimizations are 
implemented using either mathematical analysis [Chair and Varshney, 1986; Chang and Kam, 
1994; Sadjadi, 1986] or simulation [Ansari et al., 1996].  
 
Despite the intensive research in sensor fusion, several theoretical obstacles hinder in practice 
the use of the different algorithms [Tsitsiklis and Athans, 1985]. First, many are too 
computationally expensive to be applicable [Lee and Chao, 1989]. Second, most existing 
algorithms require accurate a-priori modeling of the sensors or the environment, an 
assumption hard to achieve for most real world applications [Faceli et al., 2004; Shen and 
Wang, 2001]. 
 
Furthermore, the mobile robot is a dynamic system that must respond online to environmental 
changes. With limited sampling time (i.e., 8-20 samples), it is difficult if not impossible for the 
system to obtain information on the sensors or environment. In addition, sensory performance 
continuously changes. Hence, sensor fusion if it is to become a feasible method for attaining 
optimum robot mobility must make it possible for the system to respond accurately and 
quickly to unknown and dynamic environments. An important step toward designing 
autonomous robots operating in complex and uncertain environments [Hovland and 
McCarragher, 1999] should include control of sensory perception (i.e., actively selecting 
different sensors in real-time). This is also important for sensor fusion: the quality of the 
different sensors should be evaluated and considered accordingly while inaccurate sensors 
should be disregarded. Several researches developed sensor failure detection [Goel et al., 
2000; Hovland and McCarragher, 1999; O’Reilly, 1998; Ranganathan et al., 2001] and adaptive 
sensor selection [Hovland and McCarragher, 1997; Hutchinson and Kak, 1989; Kobayashi et 
al., 1999; Luo et al., 2002; Murphy and Hershberger, 1999]. In addition, to improve system 
response it would be beneficial to choose online between algorithms depending on the 
environment and sensor conditions thereby increasing resource utilization and system 
robustness [Luo et al., 2002). Several researches dealt with online algorithm selection [Luo et 
al., 2002; Marghany, Park et al., 1995; 2001; Ramakrishnan et al., 2002; Shekhar et al., 1999]. 
The ability to select online the best performing sensors and algorithms can result in improved 
performance of a mobile robot performing in complex, uncertain and dynamic environments. 
 
However, in order to be able to select the sensors and algorithms evaluation procedures are 
necessary. Performance evaluation of sensor fusion algorithms is usually based on either 
experiments in real environments or theoretical analysis [Brooks and Iyengar, 1998; 
HoseinNezhad et al., 2002; Luo and Kay, 1989; Ribo and Pinz, 2001]. The first approach, 
experimentation, has several limitations. First, it is usually very complicated due to the many 
development steps required (e.g., noise filtering, sensor preprocessing algorithms, data 
alignment). This is in addition to the complex experimental setup itself. Secondly, the 
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experiments must be setup to ensure that results are not specific for the evaluated algorithms. 
Furthermore, since it is impossible to repeat experiments with identical conditions in 
unstructured and dynamic environments, comparing algorithms is impossibility [Cremer et al., 
1999; Cremer et al., 2001]. In addition, final performance also depends on the interpretation, 
planning, decision making and control phases. The second approach, theoretical analysis, 
requires explicit assumptions concerning the nature of sensory information. In unstructured 
environments, it is usually difficult to characterize sensory performance and therefore this 
approach is hard to implement.  
 
As a result of the difficulties inherent in these two approaches, it is important to find a method 
that will enable the researcher to isolate sensor fusion evaluation from the actual real world 
without requiring accurate a-priori modeling of the sensors or the environment [Milisavljevic 
and Bloch, 2003]. Among the characteristics that we would expect such a method to display 
are: the evaluation should quantify the comparison and should not be biased towards specific 
platforms; it should be independent of the data used; it should give an overall indication of 
system performance; and it should be robust enough to cope with exceptional results 
[Schwering et al., 2002]. 
 
1.2 Research objectives 
This research focuses on grid-map based sensor fusion for mapping the environment of a 
mobile robot. The objectives were to develop: 

• A methodology to compare and evaluate the performance of different sensor 
fusion algorithms 

• An adaptive sensor fusion framework that enables online sensor and algorithm 
selection. 

 
1.3 Research significance 
Basic abilities are required for autonomous navigation of a mobile robot in an unstructured, 
dynamic and unknown environment. The first is the ability to respond to changes in the 
surroundings and sensors conditions and the second is to minimize the cost of the system 
resources (e.g., CPU time, system memory, Salichs and Moreno, 2000). Hence, real-time 
capabilities are essential. This research provides tools to handle these requirements. Adaptive 
algorithms that measure online the sensors' performances were developed. No a-priori 
assumptions about the environment or sensors are required. This enables operation in 
unknown and changing environments. Furthermore, there is no need for sensor calibration, a 
complicated and consuming task. 
 
A methodology for comparing and evaluating different sensor fusion algorithms makes it 
possible to rank sensors and algorithms according to their performance. This ability, in turn, 
provides the basis for a rule-based framework employing the “simplest sensor fusion 
algorithm with the most reliable sensors” concept. By automatically disregarding sensors that 
temporarily fail due to wear – or - tear, this framework offers several major advantages. A 
simple algorithm is then free to work only with the 'best performing' sensors. However, system 
resources are preserved since a continuous check of all sensors indicates which have recovered 
and can be incorporated back into the system. The simplest algorithm, using only relevant 
sensors, is employed whenever possible. A computational intensive check of all sensors is 
performed only when necessary. This ensures accurate performance since only valid 
information is used in the fusion process. In addition, system resources (e.g., CPU time, 
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system memory) are efficiently employed. These developments improve system performance, 
increase system robustness and ensure effective system resource utilization. 
 
1.4 Research contributions and innovations 
An adaptive sensor fusion framework for mapping the environment of a mobile robot has been 
developed. The framework enables online selection of sensors and algorithms for the fusion 
task. These are important steps towards designing autonomous robots that can perform in 
complex, uncertain and dynamic environments. 
 
The adaptive framework consists of three modules, each one contributes a major aspect 
towards the autonomous mobility of the robots. The integration of the three modules further 
enhances these contributions and results in an efficient and robust system. 
 
The first module includes performance measures for quantifying online sensory performance. 
These measures, which are free from a-priori assumptions about the environment and sensors, 
provide the online feedback for continually measuring of both sensory and algorithm 
performance. The ability to respond to online to changing and unknown conditions, is essential 
for autonomous systems.  
 
In addition, these measures provide a basis for the second module, an experimental design and 
statistical procedure that quantifies sensor fusion quality. The ability to compare different 
algorithms provides a basis for selecting the best algorithm. Previous research in the field has 
focused on theoretical or experimental analysis. Both are limited to the specific conditions and 
assumptions in the case studies evaluated and therefore do not provide objective means of 
evaluating the algorithms involved. In this work, the statistical evaluation method defines the 
experimental design and statistical analysis procedures. To receive reliable results, the 
procedure must include several experiments, which differ by changes in input and by logical 
sensor conditions. Each experiment is performed R times (called repetitions), under the ‘exact’ 
same environmental and sensory conditions. The number of experiments and repetitions are 
derived from several parameters including the statistical characteristics of the data (e.g., 
standard deviation), and the desired α value. Procedures are defined to ensure that the 
experiments conducted are indeed different, ensuring that results are not specific for the 
evaluated test cases. 
 
The third module includes an adaptive sensor fusion algorithm that uses the performance 
measures as feedback for the fusion decision. This algorithm also enables to detect low 
performing sensors. 
 
Integration of all three modules results in an adaptive rule-based framework employing the 
“simplest sensor fusion algorithm with the most reliable sensors” concept. The most intuitive 
and simplest method for online sensor selection is the rule-based method. In existing rule-
based algorithms, rules are based on the specific physical characteristics of the sensors. Thus, 
changing the physical sensors requires measuring, calibrating and re-adjusting the rules. In this 
work the rules are based on the actual performances of the logical sensors that are independent 
of the specific physical sensors employed. 
 
Another contribution of this research is that it provides a methodology for analyzing a-priori 
the simulated performance of a sensor fusion algorithm. The methodology was developed 
using transition matrix analysis assuming a whole range of environmental and sensory 
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conditions. According to this methodology the sensor fusion algorithms can be analyzed for a 
variety of sensory conditions without requiring experimentation. Therefore, the procedure can 
predict the actual performance of a sensor fusion algorithm and determine the suitability of an 
algorithm for the fusion task. Due to computational complexity and time consumption of this 
procedure, future work is necessary to pursue this analysis and in this thesis only preliminary 
results are presented.  
 
To summarize, the main assets of the adaptive sensor fusion framework are that it frees us 
from the need of a-priori information on sensory performance and environmental conditions. 
In addition it enables asynchronous data reading of sensors (as opposed to most sensor fusion 
algorithms that are synchronous, e.g., Alhakeem and Varshney, 1996; Geraniotis and Chao, 
1990; Kam et al., 1991). 
 
The main contributions of this research are: 
• A methodology to analyze a-priori the simulated performance of a 

sensor fusion algorithm.  
The methodology, which is based on transition matrix analysis generated using a simulation, 
enables us to analyze the algorithms for a variety of sensory conditions without requiring 
experimentation. 
 
• Statistical evaluation of sensor fusion quality  
An experimental design and statistical analysis procedure was designed to evaluate sensor 
fusion algorithms quality. A comparison is setup to ensure that results do not depend on sensor 
characteristics, environmental conditions and/or testing cases. The statistical analysis compare 
the different algorithms according to their performances. 
 
• Development of a sensor fusion framework that enables: 

- Online sensor selection – the most reliable sensors are 
selected for fusion. Malfunctioning sensors are 
disregarded from the fusion. 

- Online algorithm selection – a simple sensor fusion 
algorithm is employed whenever possible. When sensory 
or environmental conditions deteriorate, an algorithm that 
considers the performance of each sensor in the fusion is 
selected. 

 
 



 

2 Scientific background 
 

Chapter overview 
This chapter reviews the literature of the relevant research topics including: sensor fusion for 
autonomous mobile robots; levels of fusion; sensor fusion topologies, architectures, and 
adaptive algorithms; techniques for mobile robot environmental mapping; and evaluation 
methods. In addition, different methods for algorithm and sensory selection are presented. 
 
2.1 Sensor fusion 
Sensor (or data) fusion refers to the acquisition, processing, and combination of information 
generated by multiple knowledge sources and sensors [Hall, 1992]. The objective is to provide 
optimal or near-optimal use of the available information for detection, estimation, and 
decision-making. Although the original motivation for sensor fusion in the early Eighties was 
rooted in military radar applications, implementation of sensor fusion systems is common in a 
wide variety of applications, due to advances in sensor technology, signal processing 
algorithms, VLSI technology, high performance computing and communication [Varshney, 
1997]. The advantages of sensor fusion are that it offers redundancy, complementary (detailed 
below), real-time performance and cost-effective information [Luo et al., 2002]. 
 
There are three major ways in which multiple sensors interact [Brooks and Iyengar, 1998; 
Faceli et al., 2004]: complementary when they do not depend on each other directly, but are 
combined to give a more complete image of the phenomena being studied; competitive sensors 
provide independent measurement of the same information, regarding a physical phenomenon; 
cooperative sensors, combine data from independent sensors to derive information that would 
be unavailable from the individual sensors.  
In our research the complementary method is implemented. This method offers several 
advantages. Fusion of redundant information can reduce overall uncertainty and thus increase 
the accuracy with which the features are perceived by the systems [Durrant-Whyte, 1988b; 
Janssen and Niehsen, 2004]. Multiple sensors providing redundant information can also serve 
to increase reliability in case of sensor error or failure [Durrant-Whyte, 1988b]. In addition, 
complementary information from multiple sensors allows features in the environment to be 
perceived that would otherwise be impossible to acquire if we only used the information 
supplied from each individual sensor operating separately [Janssen and Niehsen, 2004;  
Luo et al., 2002]. 
 
The fusion of data or information from multiple or single sensors over time can take place at 
different levels of representation [Castellanos et al., 2001; Luo and Kay, 1989; Luo et al., 
2002]: 
• Signal level fusion refers to the combination of signals from a group of 
sensors to provide a signal that is usually of the same form as the original but 
with higher quality (e.g., Weighted average, Kalman filter, Durrant-Whyte, 
1986). 
• Pixel level fusion can be used to increase the information content associated 
with each pixel in an image formed through a combination of multiple images, 
e.g., the fusion of a range image with a two-dimensional intensity image adds 
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depth information to each pixel in the intensity image. This can be useful in the 
subsequent processing of the image (e.g., image processing algorithms, Earp 
and Dang, 1997; Mishra et al., 1995). 
• Feature level fusion can be used both to increase the likelihood that a feature 
extracted from the information provided by a sensor actually corresponds to an 
important aspect of the environment and as a means of creating additional 
composite features for the system to use [Clark et al., 1995]. 
• Symbol level2 fusion allows information from multiple sensors to be 
effectively used together at the highest level of abstraction. Symbol level fusion 
may be the only means by which sensory information can be fused if the 
sensors are very dissimilar or refer to different regions of the environment (e.g., 
Bayesian estimation, Dempster Shafer theory, Certainty Factor, Janssen and 
Niehsen, 2004). 
 
At the pixel level, data can be either discrete or continuous. When continuous values are 
employed, the confidence values imply that at one extreme a cell is empty (i.e., '0'); that the 
cell is occupied at the other extreme (i.e., '1'); and that with values in between, the state of the 
cell is unknown [Elfes, 1987; Granit el al., 2003; Pagac et al., 1998; Ribo and Pinz, 2001]. In 
these cases, the values of each cell represent the confidence of an obstacle in the cell. In 
discrete pixel data, a binary value is defined for each cell, where ‘1’ implies an occupied cell 
and ‘0’ implies an empty cell. Although these arrays are simple to use, they lack the certainty 
associated with the cell values [Denis and Gaurav, 2003].  
 
In autonomous systems, it is common to represent the environment using logical sensors 
[Henderson and Shilcrat, 1984]. A logical sensor3, sometimes defined as a virtual sensor, is an 
approach that separate the hardware from the software, making it possible to isolate sensor 
fusion evaluation from the actual semi-real world [Henderson and Shilcrat, 1984]. Logical 
sensors consist of abstracted views of sensors and sensor processing. They enable easy fusion 
of multiple and different types of sensors (e.g., laser and sonic) [Asada, 1990] and algorithms 
(e.g., different algorithms for identical data) [Zheng, 1989]. Sensors can be added or upgraded 
without changing the whole system’s concept. Since the specifics of the implementation can 
change without affecting the symbolic-level control system, it is easier to reconfigure the 
sensor system reconfiguration, providing greater tolerance for sensor failure, and enhancing 
incremental development of additional sensing and processing devices. Logical sensors have 
been widely used in many sensor fusion applications [Figliolini and Ceccarelli, 2001; Khoo 
and Horswill, 2002; Ridao et al., 2001]. In many cases, logical sensors are implemented at the 
pixel level [Sanal et al., 2002]. Current sensor fusion algorithms that use logical sensors for 
mapping are logical (e.g., OR, MOST, AND) [Escamilla-Ambrosio and Lieven, 2004] and 
require a-priori information about the environment [Shen and Wang, 2001].  
 
2.2 Sensor fusion for autonomous mobile robots 
Robot navigation requires guiding a mobile robot to a desired destination or along a desired 
path in an environment characterized by a particular topography and a set of distinct objects 
(such as obstacles, milestones, and landmarks). Typical performance criteria are minimum 
time to arrive at a milestone and minimum control effort [Fabiani et al., 1998; Kam et al., 
1997; Luo and Kay, 1989]. Typical constraints are obstacle avoidance and a maximum 

                                                           
2 The fusion process of the symbol level is presented in Appendix II from the decision modeling aspect. 
3 Different methods for logical sensor connections are presented in Appendix I. 
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obtainable velocity [Behringer et al., 2004; Fabiani et al., 1998; Kam et al., 1997; Luo and 
Kay, 1989; Ozguner et al., 2004]. The complexity and variety of environments where robots 
must maneuver, and the large number of objectives and constraints that they must satisfy, 
make direction-finding in mobile robots a difficult problem [Kam et al., 1997]. Moreover, 
physical platforms and sensors vary significantly from system to system, further complicating 
the task of generating a unified framework for sensing and control [Edan and Nof, 2000].  
 
Many mobile robots carry sensors for dead-reckoning (such as optical encoders and 
geomagnetic sensors) [Chung et al., 2001] and for mapmaking and self-location (such as time-
of-fight ultrasonic systems, vision systems and laser-based ranging systems, Castellanos et al., 
2001, Thrun, 2003). Some use active beacons (such as the Global Positioning System) 
[Behringer et al., 2004; Ozguner et al., 2004; Thrapp et al., 2001], or landmarks whose 
positions in the robot's environments are known [Moon et al., 2001]. Other mobile robots use 
tactile sensors to touch obstacles in the environment and plan paths around them [Crowley, 
1985a, 1985b]. In almost all designs, several sensors are operated simultaneously; in many 
designs, sensors with different sensing principles, capabilities and volumes-of-coverage are 
used in parallel [Smurlo and Everett, 1994].  
As a result of this diversity, sensor fusion methods are needed to translate the different sensory 
inputs into reliable estimates and environment models that can be used by other navigation 
subsystems. Sensor fusion in this context is the process of integrating data from distinctly 
different sensors in order to detect objects, and to estimate parameters and states needed for 
robot self-location, mapmaking, path computing, motion planning and execution. 
 
In implementing these tasks, different approaches have evolved for accumulating a 
geometrical description of the unknown environment for mobile robots: configuration space 
[Lozano-Perez, 1981]; generalized cones [Brooks, 1982]; Voronoi diagrams [Miller, 1985]; 
occupancy grid map model [Moravec and Elfes, 1985]; segment model [Crowley, 1985b]; 
convex polygon model [Laumond, 1983]; graph model [Turchan and Wong, 1985]; spherical 
octree [Chen, 1987]; and polygon region model [Miller, 1985]. The grid map model offers 
several advantages. Its simple implementation makes it possible to incrementally add 
information; to combine information from multiple sensors as well as from multiple robot 
positions; to explicitly handle uncertainty; and to respond in real-time to environmental 
changes [Brooks and Iyengar, 1998]. 
 
The grid-map is a multi-dimensional random field model that maintains probabilistic estimates 
of the occupancy state of each cell in a spatial lattice [Konolige, 1997; Romero et al., 2001]. 
Discrete or continuous values can be used to map free and occupied areas within the 
environment. When continuous values are employed, the values represent the certainty of an 
obstacle being in the cell, with '0' and '1' values respectively implying an empty cell or an 
occupied cell [Moravec and Elfes, 1985]. This representation has been used in mobile robot 
systems for incrementally constructing maps from wide-angle sonar [Elfes, 1987;  
Pagac et al., 1998; Ribo and Pinz, 2001]; motion planning [Elfes, 1987]; for robot position 
estimation [Elfes, 1987; Thrun 1998]; and for incorporating motion uncertainty into the map 
building process [Romero et al., 2001]. Discrete maps define a binary value for each cell 
where ‘1’ represents an obstacle and ‘0’ represents an empty cell [Moravec and Elfes, 1985]. 
However, the binary values lack information about the certainty of the cells being occupied 
[Moravec and Elfes, 1985]. 
 
Many algorithms and methods have been commonly used in sensor fusion for mobile robots 
(Table 2), e.g., the weighted average algorithm employed for sensor fusion in the HILARE 
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robot [Belknap et al., 1986], the nearest neighbor algorithm used to fuse data between laser 
and camera [Castellanos et al., 2001] and the guidance algorithm used for the security NAVY 
robot [Smurlo and Everett, 1994]. To overcome the difficulty in modeling the sensor readings, 
several robotic applications use rule-based algorithms [Flynn, 1988; Marti et al., 1997; 
Nickels et al., 2003; Teruko et al., 2000; Tokoro et al., 2004]. [Durrant–Whyte, 1986, 1987, 
1988a] developed a model based on Bayesian-probability. An expectation maximization 
algorithm was used by Thrun (2003) to map the environment. Certainty factor [Belknap, 1986; 
Hanson et al., 1988; Kamat, 1985] and fuzzy logic (FL) [Huntsberger and Jayaramamurthy, 
1987] theories were used for sensor fusion in image processing problems. Dempster-Shafer 
theory was applied for target identification [Bogler, 1987] and for a vehicle - mounted sensing 
system [Janssen and Niehsen, 2004]. 
 
2.3 Sensor fusion taxonomy 
The following taxonomy [Hall, 1992] for classification sensor fusion research is based on a 
number of characteristics presented in several researches. The taxonomy is based on 
applications of sensor fusion, the employed research methodology and characteristics. Sensor 
fusion research can be classified using the following criteria: 
1. Topology 
2. Architecture 
3. Update method 
4. Dynamic/Static 
5. Feedback and memory 
6. Algorithms 
7. Optimization 
 
2.3.1 Topology4 
Since the early 1980s, both parallel [Chair and Varshney, 1986; Kam et al., 1999] and serial 
[Papastavrou and Athans, 1992; Viswanathan et al., 1988] topologies have been extensively 
studied for application in multisensor decision systems. The parallel sensor fusion topology 
(Figure 1) comprises N sensors (denoted sometimes as local detectors) and a decision fusion 
center. The sensors observe a common volume of surveillance. It is assumed that the sensors 
do not communicate with each other and there is no feedback from the fusion center to the 
sensor. The ith sensor uses its observation to determine whether to accept the null hypothesis 
H0 or the alternative hypothesis H1. The local observations are assumed to be statistically 
independent [Alhakeem and Varshney, 1996]. This type of system has a-priori information on 
the sensors or the environment.  
 
The system operation is described as follows: at time step t, the ith sensor makes the local 
decision denoted by Niut

i ...,,2,1, = . The current observation is denoted by ,t
iy  and the 

previous observations are denoted by 121 ...,,, i
t
i

t
i yyy −− . The local decision t

iu  is transmitted to 
the fusion center where it is combined with other incoming local decisions to yield the global 
decision tu0 . The global decision tu0  is obtained using the global rule ( ).0

tγ  as follows: 
 

( )tuttu 00 γ=  [1] 
Where { }t

N
tt uuu ...,,, 21=tu . 

                                                           
4 Topology - the physical arrangement and connection of systems within a network. 
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The serial sensor fusion topology (Figure 2) comprises N sensors. The (j-1)th sensor transfers 
its decision to the jth sensor which generates its decision based on its own observation and the 
decision received from the 'previous' sensors. The first sensor in the network only uses its 
observation to derive its decision for use by the next sensor. The last sensor in the network 
decides which one of the two possible hypotheses the observations at the sensors correspond 
to [Escamilla-Ambrosio and Lieven, 2004; Swaszek, 1993]. 
 
2.3.2 Architectures 
There are two main architectures for data processing with multiple sensors – distributed and 
centralized. In distributed sensor fusion [Chair and Varshney, 1986] processing is done at the 
sensor level and partial results are transmitted to the data fusion center for further processing 
[Chair and Varshney, 1986]. In a fully distributed system, all processing is done at the sensor 
level and results are available locally (Figure 1). In centralized sensor fusion [Thomopoulos 
et al., 1987], all sensors transmit their data to the central fusion center. This option requires 
immediate transmission of the sensor information and a large communication bandwidth 
(Figure 3). Since distributed detectors have several advantages over centralized detection, such 
as higher reliability, survivability and reduction in communication bandwidth [Lee and Chao, 
1989], most of the research in sensor fusion is focused on this area (Table 3). 
 
2.3.3 Update method 
For a parallel topology, two updating methods can be implemented: synchronous and 
asynchronous. With the synchronous method, all decisions are transmitted simultaneously to 
the decision fusion center [Chair and Varshney, 1986]. With the asynchronous method, each 
sensor sends its decision whenever it is available [Chang and Kam, 1994]. 
 
2.3.4 Dynamic/Static 
In static systems both the sensors and the phenomenon stay static during the reading [Ansari 
et al., 1996]. A dynamic system is when either sensors or phenomenon move during the 
reading process (e.g., mobile robots). While the static system can converge into a solution with 
no limitations (e.g., 1000 readings Ansari et al., 1996), the dynamic system usually has a 
limited number of readings. Thus, the decision about the phenomenon is time limited. 
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Figure 1 Parallel distributed sensor fusion system (Chair and Varshney, 1986) 
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Figure 2 Serial sensor fusion system (Swaszek, 1993) 
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Figure 3 Centralized sensor fusion system (Thomopoulos et al., 1987) 

 
2.3.5 Feedback and Memory 
Most studies in distributed systems involving parallel processing assume memory-less local 
decision systems and data fusion center [Srinivasan, 1986]. The idea of feedback in distributed 
systems without memory has been considered by Srinivasan [Figure 4, Srinivasan, 1986]. In 
these systems, the fusion center feeds its decision (i.e., 1

0
−tu ) to each of the local sensors but 

the sensors do not consider their previous values. In distributed systems with memory the local 
sensors consider their previous values (i.e., 1−t

iu ) [Figure 5, Srinivasan, 1990].  
 
2.3.6 Algorithms 
In the literature, most sensor fusion systems are: binary; distributed; parallel; static; require a-
priori information or basic assumptions about the environment; assume the sensors are 
synchronized; and aim to converge for a decision [Xiang and Zhao, 2001a]. These systems 
have N sensors that make a decision about a binary hypothesis (i.e., H0 or H1) with the ith 
sensor making its local decision and sending it to the data fusion center which combines all 
sensors results into global result about the hypothesis. The fusion method is based on a-priori 
assumptions. Several fusion methods exist, including Bayesian, Minimax and Neyman-
Pearson [Kam et al., 1999; Pados et al., 1994]. In the Bayes risk case, the observation is 
denoted as y so the conditional densities under the two hypotheses are ( ) 1,0/ =iiHyP  which are 
denoted by P0 and P1 respectively. These values are assumed to be known so the cost functions 
C00, C01, C10 and C11 are optimized. Thus the points in the observation space are generated in 
accordance with these conditional densities [Kam et al., 1999]. In Minimax detection, the P0 
and P1 values are unknown, but the cost functions C00, C01, C10, C11 and the probabilities of 
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false and miss alarms (i.e., PF and PM respectively) are known [Geraniotis and Chao, 1990]. In 
many situations, the a-prior probabilities are unknown, the cost assignments are difficult to 
make and the PD (i.e., probability for detection) and PM are known. The Neyman-Pearson  
(N-P) test deals with these cases. Decision- making for accepting or rejecting the assumption 
is a function of the number of observations that were made [Pados et al., 1994]. Selected 
examples for implementation of the aforementioned topologies and architectures with fusion 
theories can be found in Table 3. 
 
Despite the growing body of literature about sensor fusion, several obstacles hinder the 
practical application of the different methods and algorithms [Tsitsiklis and Athans, 1985; 
Xiang and Zhao, 2001a]. First, many proposed designs are too computationally expensive to 
be applicable [Lee and Chao, 1989; Papastavrou and Athans, 1992]. These difficulties were 
anticipated since Tsitsiklis and Athans, (1985) showed that the problem is non-polynomial 
complete. Most existing algorithms require accurate a-priori modeling of the sensors or the 
environment. This is hard to achieve for most real world applications. When operating in 
uncertain, unknown and dynamic environments, integrating and fusing data from multiple 
sensors must enable the mobile robot to achieve quick perception for navigation and obstacle 
avoidance. In unstructured environments, it is very difficult to obtain accurate statistics of the 
sensors or environment since in many cases knowledge is incomplete or partial  [Alhakeem and 
Varshney, 1996; Chang and Kam, 1994; Luo et al., 2002]. Furthermore, due to the changing 
environment, the robot must react to the dynamic changes. 
 
Despite the aforementioned limitations, many algorithms for distributed sensor fusion have 
been developed and implemented [Abidi and Gonzalez, 1992; Brooks and Iyengar, 1998; Luo 
and Kay, 1989]. These algorithms include many without feedback, others with feedback but 
without memory and some with both feedback and with memory. Most, however, assume 
known statistical parameters, namely the a-priori probabilities of the sensors and/or the cost 
assignment (i.e., Bayesian: Kam et al., 1999; Minimax: Geraniotis and Chao, 1990; Neyman-
Pearson: Srinivasan, 1990; Information theoretic: Hoballah and Varshney, 1989a). Selected 
examples of fusion theories are summarized in Table 3. 
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Figure 4 A decentralized sensor fusion system with feedback and without memory 

(adapted from Srinivasan, 1986) 
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Figure 5 A decentralized sensor fusion system with feedback and memory 

(adapted from Srinivasan, 1990) 
 
2.3.7 Optimization 
Binary parallel-decentralized detection systems have received significant interest in recent 
years due to an increasing need to employ multiple sensors for surveillance and 
communication [Hall, 1992; Helstrom, 1965; Varshney, 1997]. Hence, this is the most popular 
architecture studied so far [Alhakeem and Varshney, 1996; Kam et al., 1999; Sadjadi, 1986; 
Srinivasan, 1986; Tenney and Sandell, 1981].  
 
Different optimization methods have been developed and implement for binary parallel 
detection systems, e.g., least squares, weighted least squares, mean square error, Bayesian 
weighted least squares and maximum likelihood estimate [Hall, 1992]. The problem is that 
requirements for some of the methods are not suitable for sensor fusion on mobile robot 
platforms operating in unknown environment due to the need of a-priori knowledge or 
specific data distribution limitations as detailed in Table 1. 
 

Table 1 Overview of optimization criteria for sensor fusion 
(adapted from Hall, 1992) 

Optimization 
criterion 

Description Comments 

Least squares Minimize the sum of residuals Earliest formulation proved by Gauss; No a-
priori knowledge assumed 

Weighted least squares Minimize the sum of the weighted 
squares of the residuals 

Yields identical results to maximum 
likelihood estimate when noise is Gaussian 
and weight matrix equals inverse covariance 

Mean square error Minimize the accepted value of 
the squared error 

Minimum covariance solution 

Bayesian weighted 
least squares 

Minimize the sum of the weighted 
squares of the residuals 
constrained by a-priori 
knowledge of the value 

Constrains the solution of X to a "reasonable" 
value close to the a-priori estimate X0 

Maximum likelihood 
estimate 

Maximize the multivariate 
probability distribution function 

Allows specifications of the probability 
distribution for noise processes 

 



 

 
Table 2 Selected examples of multisensor mapping mobile robots 

Mobile Robot Sensors Operating 
Environment 

World Model 
Representation 

Fusion Methods References 

HILARE (1979) 
Vision 
Acoustic 
Laser range finder 

• Unkn
own 
• Man
made 

Polygon objects in graph of 
location Weighted average Belknap et al., 1986 

Harmon, 1986 

Crowley’s mobile robot 
(1984) 

Rotating ultrasonic 
Tactical 

• Unkn
own 
• Man
made 

Connected sequences of line 
segments in two dimensions 

Best correspondence using integer 
valued confidence factors Crowley, 1985a, 1985b 

Ground surveillance robot 
(1984) 

High resolution gray level camera 
Low resolution color vision 
Acoustic 
Laser range finder 

• Unkn
own 
• Natural terrain

Triangular segments in 
blackboard Probabilistic  Harmon, 1986 

DARPA ALV  
(1985) 

Color vision 
Sonar 
Laser range finder 

• Unkn
own 
• Natural terrain

Cartesian elevation maps Average elevation changes over small 
Cartesian elevation maps areas 

Lowrie et al., 1985 
Dunlay, 1988 

HERMIES  
(1988) 

Multiple Cameras 
Sonar array 
Laser range finder 

• Unkn
own 
• Man
made 

Node network graph 
structure Production rules Weisbin et al., 1990 

Robart II  
(1988) 

Ultrasonic array. 
Infrared  

• Unkn
own 
• Man
made 

Curvature primal sketch and 
polygon representation Rule based  Flynn, 1988 

Robart II  
(1994) 

Video motion detector 
Acoustic sensor array 
Passive infrared array 
Microwave array 
Ultrasonic array 

• Unkn
own 
• Man
made 

Triangular segments in 
sectors 

Weighted average and rule based to 
determine alarm threshold value. Smurlo and Everett, 1994 

HEFTER CLAENTECH 
(HTC) (1996) 

Dimensional laser scanner 
Fiber optical gyroscope 
Ultrasonic array 

• Unkn
own 
• Man
made 

Grid map Variety possible (data put in spatial 
and temporal correspondence) Hermann et al., 1998 

 



 

 
Mobile Robot Sensors Operating 

Environment 
World Model 

Representation 
Fusion Methods References 

C2 (1998) Vision 
Ultrasonic array 

• Unkn
own 
• Road
way 

Grid map 
The algorithm for obstacle 
localization within the grid map is 
Logical OR  

Murphy, 1998b 

Bicho' s mobile robot 
(2000)  

Infrared sensors 
Sonar 

• Unkn
own 
• Man
made 

Behavior navigation, no map 
is needed Rule based  Bicho et al., 2000 

Teruko’s mobile robot 
(2000) 

Omni-directional vision 
Omni-directional sonar 

• Unkn
own 
• Man
made 

Polygon based on omni-
directional sonar and omni-
directional vision 

Rule based  Teruko et al., 2000 

Luo’s four-legged animal 
robot (2001) 

Infrared sensors 
Microphones 
Touch sensors 
Sonar 
Proximity sensors 

• Unkn
own 
• Man
made 

Behavior navigation, no map 
is needed Weight functions and rule based. Luo et al., 2001 

Castellanos's mobile robot 
(2001) 

Vision 
Laser 

• Unkn
own 
• Man
made 

Perceptual grouping, based 
on topological and/or 
geometric relations 

Nearest neighbor Castellanos et al., 2001 

RW1 B21 (2003) Ultrasonic array 

• Unkn
own 
• Man
made 

Grid map Expectation maximization algorithm Thrun, 2003 

Nickels’s mobile robot 
(2003) 

Vision 
Laser 

• Unkn
own 
• Natural terrain

Grid map Rule based  Nickels et al., 2003 

Smart car (2003) Ultrasonic array 
Laser 

• Unkn
own 
• Man
made 

Grid map 
- Bayesian,  
- Robust certainty grid and  
- Fault-tolerant median selection. 

Elmenreich, 2003 

ARAD (2003) Vision 
Ultrasonic array 

• Unkn
own 
• Man
made 

Grid map 
Rule based using online selection of 
MOST and adaptive fuzzy logic 
algorithms. 

Cohen et al., 2002, 2003; 
Cohen and Edan 2004a, 
2004b 
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Table 3 Selected examples of fusion theories 
Fusion 
Theory a-priori Parameters Unknown 

Parameters 
Synchronous /
Asynchronous Architecture Topology Feedback5 Optimization6 References 

Synchronous Distributed Parallel Yes Yes Alhakeem and Varshney, 1996 
Synchronous Distributed Parallel Yes No Ansari et al., 1996 
Synchronous Distributed Parallel No Yes Chair and Varshney, 1986 
Asynchronous Distributed Parallel No Yes Chang and Kam, 1994 
Synchronous Distributed Parallel No No Hoballah and Varshney, 1989b 
Synchronous Centralized Parallel No Yes 
Synchronous Distributed Parallel No Yes Kam et al., 1991 

Synchronous Distributed Parallel Yes Yes Kam et al., 1999 
Synchronous Distributed Parallel No Yes Reibman and Nolte, 1987 
Synchronous Distributed Serial No No Swaszek, 1993 
Synchronous Distributed Parallel No Yes Tenney and Sandell, 1981 

Bayesian 

Pi=P (y | Hj); j=0,1 
Pj; j=0,1 
Cij; i,j=0,1 
Where: 
y is the observation. 
Hj are the Hypotheses. 
Pj are a-priori probabilities. 
Cij are the cost functions. 

The aim is to minimize 
the Bayes risk 
functions. 

Synchronous Distributed Parallel No No Xiang and Zhao, 2001a 

Bayesian 
sequential7 

P (y | Hj); j=0,1 
Pj; j=0,1 
Joint pdf (X1, X2, Y1, Y2 | H) 
Where: 
y is the observation. 
Hj are the Hypotheses. 
Pj are a-priori probabilities. 
X1, X2 are 1st and 2nd observations of the 
1st sensor. 
Y1, Y2 are 1st and 2nd observations of the 
2nd sensor. 

Фj; j=1,2 
ψj; j=1,2 
γj; j=1,2 
Where: 
Фj; local strategies for 
the 1st sensor 
ψj; local strategies for 
the 2nd sensor 
γj; 1st and 2nd optimal 
rules for the supervisor 

Synchronous Distributed Serial No Yes Hashemi and Rhodes, 1989 

Minimax 

PF = P (y=1|H0) 
PM = P (y=0|H1) 
Cij; i, j=0,1 
Where: 
PF, a-priori probability for false alarm. 
PM, a-priori probability for miss alarm. 
Cij are the cost functions. 

Pj; j=0,1 
Where: 
Pj are a-priori 
probabilities 

Synchronous Distributed Parallel No No Geraniotis and Chao, 1990 

                                                           
5 For the Bayes risk and the Neyman-Pearson methods, feedback is without memory. For the rest of the methods feedback with memory can also be implemented. 
6 In each article, the objective function is defined differently – examples include minimum number of sensors, number of iterations to converge. In some cases optimization 
assumed specific data distribution. 
7 In this case method, there are two detectors only, after their first reading the 'supervisor' must determine if they need to be reread. 
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Fusion 
Theory 

a-priori Parameters Unknown 
Parameters 

Synchronous /
Asynchronous 

Distributed / 
Centralized 

Parallel /
Serial 

Feedback5 Optimization6 References 

Synchronous Distributed Parallel Yes Yes Pados et al., 1994 
Synchronous Distributed Parallel No Yes Srinivasan, 1986 
Synchronous Distributed Parallel Yes Yes Srinivasan, 1990 
Synchronous Centralized Parallel No Yes Thomopoulos et al., 1987 
Synchronous Distributed Parallel No Yes Thomopoulos et al., 1989 
Synchronous Distributed Serial No Yes Viswanathan et al., 1988 

Neyman-
Pearson 

PD = P (y=1|H1) 
PF = P (y=1|H0) 
Where: 
PF a-priori probability for false alarm 
PD, a-priori probability for detection 

Pj; j=0,1 
Cij; i,j=0,1 
Where: 
Pj are a-priori 
probabilities 
Cij are the cost 
functions. 

Synchronous Distributed Parallel No No Xiang and Zhao, 2001b 

Max-
divergence8 

PF = P (y=1|H0) 
PM = P (y=0|H1) 
Where: 
PF, a-priori probability for false alarm. 
PM, a-priori probability for miss alarm. 

Two levels of 
optimization based on 
the maximum distance 
criterion. 

Synchronous Distributed Parallel No Yes Lee and Chao, 1989 

Information 
theoretic9 

Pj; j=0,1 
PF = P (y=1|H0) 
PM = P (y=0|H1) 
PD = P (y=1|H1) 
Where: 
Pj are a-priori probabilities. 
PF, a-priori probability for false alarm. 
PM, a-priori probability for miss alarm. 
PD, a-priori probability for detection. 

I(H; u) 
Where: 
I is the mutual 
information. 
H is the Hypothesis 
u is the a-posteriori 
probability function of H
 

Synchronous Distributed Parallel No No Hoballah and Varshney, 1989a 

Adaptive 
fuzzy logic 
algorithm 

None  Asynchronous Distributed Parallel Yes No This dissertation 

 
 
 

                                                           
8 In this case instead of 1-bit hard decision, the module proposes that each detector provides the fusion center with multiple–bit decisions which represent its decision and 
conceptually, its degree of confidence. 
9 The aim is to maximize the mutual information function I(H; u). 
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2.4 Sensor fusion evaluation 
Down through the years, many sensor fusion algorithms for mapping the environment for 
mobile robots have been developed and implemented [Brooks and Iyengar, 1998; Luo and 
Kay, 1989; Moravec and Elfes, 1985; Pagac et al., 1998; Ribo and Pinz, 2001; Romero et al., 
2001; Thrun, 1998]. Since each has its advantages and disadvantages, it is difficult to compare 
the different algorithms according to their performances. Performance evaluation of sensor 
fusion algorithms is usually based on either experiment in real environments or by theoretical 
analysis [Brooks and Iyengar, 1998; HoseinNezhad et al., 2002; Luo and Kay, 1989; Ribo and 
Pinz, 2001]. The first approach is problematic in unstructured and dynamic environments, 
since it is impossible to repeat experiments under identical conditions. The second approach 
requires explicit assumptions concerning the nature of sensory information. This approach is 
hard to implement since it is usually difficult to characterize sensory performance in 
unstructured environments. 
 
As a result of the difficulties inherent in these two approaches, it is important to find a method 
that will enable the researcher to isolate sensor fusion evaluation from the actual real world 
without requiring accurate a-priori modeling of the sensors or the environment [Milisavljevic 
and Bloch, 2003]. Among the characteristics that we would expect such a method to display 
are: the evaluation should quantify the comparison and should not be biased towards specific 
platforms; it should be independent of the data used; it should give an overall indication of 
system performance; and it should be robust enough to cope with exceptional results 
[Schwering et al., 2002]. 
 
Several performance measures for evaluating sensor fusion algorithms exist: a measure for 
comparing the output of the sensor fusion algorithms to a reference (e.g., in case of mapping, 
the reference can be the known environment); qualitative performance measures (e.g., in 
mobile robot navigation: a measure that assesses the route based on its distance and safety, 
HoseinNezhad et al., 2002; Ribo, 2000); and statistical measures that usually require a-priori 
assumptions such as on the data distribution [Faceli et al., 2004]. 
Common performance measures derived from classification problems are accuracy, precision, 
sensitivity, and specificity ([Wilczynski et al., 2004], derived from definitions in Table 4). 
Accuracy is the proportion of all states correctly categorized ((TP+TN)/(TP+FP+FN+TN)). 
Precision is the proportion of True states (TP/(TP+FP)). Sensitivity is the proportion of True 
states that test True (TP/(TP+TN)). Specificity is the proportion of False states that test False 
(TN/(FP+TN)). From these four measures additional measures used are MSSE (Mean Square 
Sensitivity Error, Lawrence et al., 1998) and MSPE (Mean Square Prediction Error, Roseler 
et al., 1997). 
 

Table 4 Definitions of additional results 
  True state 
  True False 

True TP FP Test’s results False FN TN 
Commentary: 
TP = True Positive, FP = False Positive,  
FN = False Negative, TN = True Negative 

 
Additional measures include probability of detection P(d) [Lombardi and Zavidovique, 2004]; 
probability of false alarm P(fa) [Lombardi and Zavidovique, 2004]; Receiver Operator 
Characteristics (ROC) [Lombardi and Zavidovique, 2004]; Split Clusters On Oversized 
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Patches (SCOOP); and prod-area algorithm [Schwering et al., 2002]. The first two measures 
(P(d) and P(fa)) are combined in different ways by the last three methods (ROC, SCOOP and 
Prod-area algorithm). In the ROC curve method, detection rate is plotted as a function of false 
alarm rate. The ROC analysis has proved to be a meaningful approach however can be 
implemented only when results can be ranked for their reliability [Metz, 1978]. The SCOOP 
algorithm uses the ROC curve method, dividing the environment into clustered grid cells. 
Each cluster is treated differently, depending on whether it contains one or more detected 
objects. When there are many small objects close together, or if the shape of the objects is 
elongated, some peculiarities are apt to arise in the SCOOP algorithm [Schwering et al., 
2002]. The Prod-area algorithm considers the number of grid cells describing the area 
examined requiring ground truth information [Schwering et al., 2002].  
 
Several methods exist for evaluating sensor fusion algorithms (Table 5) including case studies 
[Cremer et al., 1999; Cremer et al., 2001; HoseinNezhad et al., 2002; Ribo, 2000], statistical 
analysis [Faceli et al., 2004], and simulation [Dasarathy, 1998]. Example of case studies 
include: mobile robot mapping [HoseinNezhad et al., 2002], environmental mapping [Ribo, 
2000], target detection [Dasarathy, 1998], distance measurements [Faceli et al., 2004] and 
landmine detection [Cremer et al., 1999; Cremer et al., 2001] (Table 5). 
The case studies are limited since they are valid only for the datasets they were evaluated on. 
The only research that employed statistical analysis assumed a-priori information. In statistics 
there are many existing procedures to compare data sets [Montgomery and Runger, 1999]. 
Usually, these procedures have limitations, which cannot be overcome in real-life cases, e.g., 
specific data distributions, a-priori assumptions, minimum number of experiments and 
repetitions. Simulation analysis lack validation in the real world. Furthermore, the specific 
simulations conducted for comparing sensor fusion algorithms [Dasarathy, 1998] assume a-
priori conditions.  
 
2.5 Sensor selection 
Although many sensor fusion algorithms have been developed [Abidi and Gonzales, 1992; 
Brooks and Iyengar, 1998; Luo and Kay, 1989], most algorithms fuse all sensors and do not 
deal with sensor selection. Control of sensory perception (i.e., actively selecting different 
sensors in real-time) is an important step toward designing autonomous robots in complex and 
uncertain environments [Hovland and McCarragher, 1999]. To achieve this, it is important to 
detect noisy sensors so as to either disregard them in the sensor fusion process or to know the 
quality of the different sensors and consider them accordingly.  
 
Several researchers deal with adaptive sensor selection in multisensor fusion [Luo et al., 
2002]. Hutchinson and Kak (1989) present a dynamic sensor planner based on Dempster-
Shafer theory. When new sensor information becomes available, new sensing maps are 
generated accordingly. Hovland and McCarragher (1997) presented a discrete event system 
with dynamic sensor selection for a manufacturing problem based on hidden Markov models. 
However, the use of the Markov models requires known states and probabilities. Kobayashi et 
al., (1999) developed a sensor selection method for an autonomous robot performing self-
localization with complementary sensors. 
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Table 5 Selected examples of sensor fusion evaluation methods 

Evaluation 
method 

Performance measures Objective Sensors Algorithms Results Reference 

Case study 

Qualitative: 
- Measure that compared 
the generated and the 
original maps,  
- Measure that quantified 
the actual route based on 
its distance and safety. 

Mobile robot 
mapping 

8 US sensors  
Laser 

Bayes,  
Dempster Shafer 
Fuzzy logic. 

Bayes is the best. HoseinNezhad 
 et al., 2002 

Case study 

Qualitative:  
- Actual path following 
- Obstacle avoidance 
distance. 

Environmental 
mapping 

24 US sensors 
Camera 

Bayes,  
Dempster Shafer  
Fuzzy logic. 

Fuzzy logic is the best. Ribo, 2000 

Simulation Graphical analysis Target 
detection  Boolean logic-based 

algorithms. 

No single strategy was 
advantageous irrespective 
of sensor characteristics. 

Dasarathy, 1998 

Statistical 
analysis t-test Distance 

measurements 
7 US sensors 
Camera 

Artificial neural networks 
Support vector machines 
cubist 
Bayes 
M5. 

No single strategy was 
advantageous. Faceli et al., 2004 

Case study 

P(d), 
P(fa), 
ROC, 
SCOOP, 
Prod-area algorithm. 

Landmine 
detection 

Dual frequency metal 
detector 
Infrared camera 
Ground penetrating radars 

Bayes, 
Dempster-Shafer,  
Fuzzy logic,  
Rule-base,  
Voting techniques. 

Rule base and Dempster-
Shafer are the best. 

Cremer et al., 1999; 
Cremer et al., 2001 
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The sensor reliability was evaluated according to known characteristics, accuracy and range. Rules 
for selecting the sensors to be fused were supplied by an operator in advance. Robust sensing 
includes detecting a potential sensing failure, confirming the failure and identifying its resource and 
then applying the appropriate recovery method [Murphy and Hershberger, 1999].  
 
Sensor failure detection algorithms have been developed based on Markovian decision processes, 
including a dynamic sensor selection method for seeking new sensory information when the current 
available information is inadequate [Hovland and McCarragher, 1999]; Kalman filtering [Goel et 
al., 2000]; neural fuzzy networks; Bayesian methods [O’Reilly, 1998]; and rule-based methods 
implemented in the case of failure detection for an autonomous underwater vehicle 
[Ranganathan et al., 2001]. 
 
In rule-based algorithms, the rules are based on the specific physical characteristics of the 
sensors [Flynn, 1988; Marti, et al., 1997; Nickels et al., 2003; Teruko et al., 2000]. Thus, 
changing the physical sensors requires measuring, calibrating and re-adjusting the rules. In 
other studies, assumptions regarding the environmental conditions are necessary [Lòpez et al., 
2003].  
 
Payton and his team describe a fault-tolerant control architecture, one of whose major 
functions is handling unanticipated events. They focus on providing a variety of ways to 
ensure successful operation of the vehicle by responding to the symptoms of an event rather 
than diagnosing the cause of the event and then selecting a response at that level. Their system 
monitoring module processes sensor data and can order diagnostic tests, which are carried out 
by activating behaviors [Payton et al., 1992]. 
 
Noreils and Chatila developed a control architecture for autonomous vehicles engaged in 
cooperative activity. The system does not respond to unanticipated events unless a plan failure 
has been detected. Failures are handled by replanning; however, the agent does not consider 
the replanned actions with regard to the agents with which it is collaborating with at the time 
the failure occurs [Noreils and Chatila, 1995].  
 
Murphy in her research on the failure of mobile robots extends the term failure to define any 
event leading to defective perception [Murphy et al., 1998a, 1998b; Murphy and Hershberger, 
1999]. These events may stem from sensor hardware malfunctions; problems in the perceptual 
processing software; changes in the environment which negatively impact sensing either as the 
hardware on software level (e.g., turning the lights off); or errant expectations (looking for the 
wrong thing at the wrong time). Murphy classified the errors using a simple procedure which 
generates all possible causes, runs a list of tests to confirm these causes and at the end solves 
the problem using a 'bank' of solutions [Murphy et al., 1998a, 1998b; Murphy and 
Hershberger, 1999].  
 
2.6 Algorithm selection 
Online algorithm selection has been implemented in many different areas such as self-tuning 
vision systems, automatic selection of search algorithms for data retrieval, and integral 
evaluation. In a self-tuning vision system, different algorithms are used for the various image 
processing stages [Shekhar et al., 1999]. A control uses user feedback to change algorithms or 
parameters resulting in improved performance. A framework for detecting coastal oil spill 
pollution [Marghany, 2001] by texture analysis employed two types of algorithms (Lee and 
Gamma): the “Lee” algorithm determined the linearity of oil movement while the other 
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algorithm was used to determine the spread of the oil spill. The combination resulted in 
improved detection of oil spills. 
 
A KEy-search ALgorithm SElection (KEALSE) system for automatic selection of search 
algorithms for data retrieval was developed [Park et al., 1995]. The system consisted of an 
expert knowledge base, an automatic selection algorithm and assistance facilities. The 
KEALSE bases its inferences on an evaluation table, which contains values to estimate the 
performance of each key search algorithm for different searching properties. 
 
GAUSS, an online algorithm selection system for numerical quadrature [Ramakrishnan et al., 

2002] aims to choose the best algorithm to evaluate ( )∫=
b

a
dxxfI , so the related error θε <r  

and T are minimized where θ  is the user specified error requirement and T is the number of 
times ( )xf  is evaluated in [ ]ba,  to yield the desired accuracy. GAUSS selects the best (or 
nearly the best) algorithm. By using inductive logic programming to generalize a performance 
database, high-level rules that correlate problem features with algorithm performance are 
presented. Such rules then serve as the basis for recommending algorithms for new problem 
instances.  
 
For intelligent autonomous robot operation, efficient resource utilization and robustness are 
crucial abilities. To enable operation in unknown and dynamic environments, the system must 
be able to perform under a variety of conditions. This requires the development of complicated 
algorithms. However, for real-time performance, system resources (e.g., CPU time, system 
memory and data transformation) must be utilized efficiently. This can best be achieved with 
simple algorithms. Hence, complicated algorithms should be employed only when absolutely 
necessary. The ability to choose online between algorithms, depending on the environment 
(e.g., lighting changes, shadows, surface texture) and sensory conditions (e.g., failure, 
malfunctions, inaccuracy) can increase both resource utilization and system robustness [Luo et 
al., 2002]. 
 



 

3 Methodology 
 

Chapter overview 
This chapter describes the methods used in this research. The basic development assumptions 
of this dissertation are presented in the first section. The second section presents the 
information flow of the sensor fusion framework. The following sections present an overview 
of the methods used: principles of the performance measures that were developed to evaluate 
the sensor fusion algorithms, the sensor fusion algorithms, the mobile experiment equipped 
with several different sensors, a transition matrix methodology to evaluate performances of the 
sensor fusion algorithms, a statistical evaluation methodology for sensor fusion algorithms and 
the influence of the initial performance measures on the adaptive algorithms performances, a 
new framework for online logical sensor and algorithm selection. 
 
3.1 General 
3.1.1 Problem definition 
Map the environment of a mobile robot equipped with several different sensors by fusing the 
sensory information. 
 
3.1.2 Development basics 
The system was developed using three basic concepts: logical sensors, grid-map paradigm and 
performance measures. 
 
The logical sensor10 (sometimes defined as a virtual sensor) is an approach that separates the 
hardware from the software [Henderson and Shilcrat, 1984]. This makes it possible to isolate 
sensor fusion evaluation from the actual world [Henderson and Shilcrat, 1984]. With logical 
sensors we can easily fuse multiple and different types of sensors [Asada, 1990] and 
algorithms [Shen and Wang, 2004; Zheng, 1989]. Since sensors can be added or upgraded 
without changing the whole system’s concept, sensor systems can be reconfigured more 
easily. This capability is more tolerant of sensor failure and enhances the possibility of 
incremental development of additional sensing and processing devices. 
 
The grid map paradigm (detailed in section  1.1), as pioneered by Moravec and Elfes (1985) is 
a technique that divides the environment into a discrete grid, assigning each grid location a 
value that indicates if that location is occupied by an obstacle (signed as one, Occupy) or 
empty (signed as zero, Empty). The grid map paradigm has been chosen due to its simplicity, 
robustness and adaptability to dynamic environments [Konolige, 1997; Thrun, 2003]. 
 
The performance measures quantify the difference between two maps, the original input map 
and the generated output map. The performance measures are defined as the summation over 
all cells of the grid map of the four logical conditions: Occupy-Occupy, Empty-Empty, 
Occupy-Empty and Empty-Occupy (similar to P(d), 1- P(fa), P(fa) and 1- P(d) used by Cremer 
et al., 1999). 

                                                           
10 Different methods for logical sensor connections are presented in Appendix I. 
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Two types of performance measures were developed, depending on the input and output maps: 
logical sensor performance measures and sensor fusion performance measures. The logical 
sensor measures quantify the performance of each logical sensor at each fusion step. The 
sensor fusion measures quantify the sensor fusion algorithm performances. 
 
3.1.3 Assumptions 
• Each logical sensor observes the same area. 
• The logical sensors work asynchronously. 
• The fusion sequence is unimportant. 
• Each logical sensor provides a two-dimensional discrete grid map. 
• For all maps the data is maintained relevant to the vehicle’s current position 

[Langer and Thorpe, 1995]. 
• Old data (i.e., data that the vehicle has passed) is disregarded. 
• During the whole system operation, at least two logical sensors read the 

environment correctly. 
• At initialization (i.e., t=0) most of the sensors function correctly. 
• At initialization (i.e., t=0) all logical sensors have different performance 

measure values. 
 
3.1.4 Outline 
This research consists of three modules. Each module makes an independent contribution to 
the thesis as a whole. The first module is the development of performance measures that 
quantify online logical sensor performance. Based on these measures, a statistical procedure 
was developed to evaluate different sensor fusion algorithms in a well-defined experimental 
setup. The experimental setup is defined to ensure that experiments are conducted differently 
thereby ensures that results are not specific for evaluated test cases. 
Another contribution of this thesis is that it provides a methodology for analyzing a-priori the 
performance of a sensor fusion algorithm using simulation. The method is based on transition 
matrix analysis. This provides a complementary evaluation methodology, it enables evaluation 
without requiring experimentation. 
 
The second module is the development of adaptive sensor fusion algorithms. These algorithms 
assume unknown a-priori probabilities of the different sensors. The performance measures are 
used in the algorithms to enable the system to quantify online the performance of the logical 
sensors. The algorithms were developed based on known theoretical methods from the 
literature (fuzzy logic (FL) and Dempster Shafer (DS)). 
 
In the third module a new rule-based framework for sensor fusion was developed. The 
proposed framework enables online selection of the most reliable logical sensors and the most 
suitable algorithm from which to fuse the data. The framework employs the “simplest sensor 
fusion algorithm with the most reliable sensors” concept. This goal is achieved using the 
performance measures and adaptive algorithms developed. 
 
Each module was evaluated in an indoor experiment on a mobile robot platform equipped with 
two physical sensors that were transferred into five logical sensors.  
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3.2 Information flow 
Mapping an unknown environment by a mobile robot using the grid map method may be 
considered as a binary problem. Each cell within the grid map aims to determine whether it’s 
an empty cell (value=’0’), or an occupied cell (value=’1’). 
The system operation (Figure 6) is described as follows: at each time step t, the ith logical 

sensor represents the environment using a local grid map (LGM) t
iu , NiRu bat

i ,,2,1, L=∀∈ × , 

where a and b are defined as the maps' dimensions and are constant and identical for all logical 

sensors, N is the number of logical sensors. 

The current observation is denoted by t
iy , NiRy ii dct

i ,,2,1, L=∀∈ ×  and the previous 
observations are denoted as 121 ,,, i

t
i

t
i yyy L−− . Where ci and di are defined as the observation 

map’s dimensions. 
 
The information flow is presented for two types of sensor fusion algorithms; logical and 
adaptive. The difference between the two types is in the employment of performance 
measures. 
 
Logical algorithms (Figure 6) 
The sensor fusion algorithm yields the global binary map (GBM) tu0 , 00

0
bat Ru ×∈  (where, a0 

and b0 are defined as the global binary maps' dimensions), based on all local grid maps tu , 
{ }t

N
tt uuu ...,,, 21=tu , using the decision rule (.)f  as follows: 

 

( )tufut =0  [2] 
 
Adaptive algorithms (Figure 6) 
Based on the previous local grid maps 1-tu , { }11

2
1

1 ...,,, −−−= t
N

tt uuu1-tu  of the logical sensors and 
the previous global binary map defined as 1

0
−tu , the logical sensors performance measures 1-tp  

are evaluated, { }11
2

1
1 ...,,, −−−= t

N
tt ppp1-tp  where 1−t

ip  is the ith logical sensor performance 
measures at time step t-1; 1−t

ip  has four elements 41 Rpt
i ∈− . 

An average value of the logical sensor performance measures 2-t1,-tp , 

{ }2,12,1
2

2,1
1 ,...,, −−−−−−= tt

N
tttt ppp2-t1,-tp  are used at time step t, based on 1-tp  and 2-tp , where 

2

21
2,1

−−
−− +
=

t
i

t
itt

i
ppp , NiRp tt

i ,...,2,1,42,1 =∀∈−− . 

Both the local grid maps tu  and an average value of the logical sensor performance measures 
2-t1,-tp  are transmitted11 to the fusion center. At the fusion center, based on all local grid maps 

tu  and the average value of the logical sensor performance measures 2-t1,-tp  the sensor fusion 
algorithm yields the global binary map tu0 , using the decision rule (.)f  as follows: 
 

( )2-t1,-tt pu ,0 fut =  [3] 
                                                           
11 Since the system works asynchronously whenever the ith logical sensor sends its local grid map (i.e., t

iu ) to the 
fusion center based on its characteristics (i.e., scanning rate and algorithms’ processing time), the rest of the logical 
sensors transform their local grid maps relatively to the vehicle’s new position [Langer and Thorpe, 1995]. 
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The global binary map, tu0  is fed back to all logical sensors ( tu ) to calculate the new 
performance measures ( tp ). 
For both types of sensor fusion algorithms, summation of the global binary maps over time 

generates the global grid map Z , zz ba
T

t

t RZuZ ×

=

∈=∑ ,
1

0  where az and bz are defined as the 

global grid maps' dimensions and T is the total number of samples. 
The global grid map is a two-dimensional array, where the entry of a cell, ‘v’, is the number of 
times the cell was identified by the sensor fusion algorithm as an obstacle ('0' represents an 
empty cell; the lower the value, the smaller the chance that the cell indeed contains an 
obstacle)12. The maximum value of 'v' is the number of times that the system sampled the cell. 
In our case, the global grid map is transferred to a binary map by converting each cell with a 
value greater than ‘0’ so it can be occupied by ‘1’. 
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Figure 6 Information flow at time t– logical and adaptive algorithms 
The data in black represents the logical algorithms information flow 

The data in red with the data in black represents the adaptive algorithms information flow. 
 
3.3 Performance measures 
The performance measures quantify the difference between two maps, the original input map 
and the generated output map. They are defined as the summation over all cells of the four 
logical conditions: Occupy-Occupy, Empty-Empty, Occupy-Empty and Empty-Occupy (similar 
to P(d), 1- P(fa), P(fa) and 1- P(d) used by Cremer et al., 1999). 
 
Two types of performance measures were developed depending on the input and output maps: 
measures that quantify the performance of each logical sensor performances denoted as logical 

                                                           
12 The threshold value to determine if the cell is Empty or Occupy is derived from the maximum number of times the 
cell could be sampled divided by the number of times the cell was identified by the sensor fusion algorithm as an 
obstacle, i.e., ‘v’. The value of this fraction is between 0-1, the lower the value, less chance that the cell indeed 
contains an obstacle. In this dissertation, no threshold was used, hence, once a cell received a value it is considered as 
an obstacle and marked as ‘1’. 
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sensor performance measures and measures that quantify the performance of the sensor fusion 
algorithms denoted as sensor fusion performance measures. 
 
The logical sensor performance measures represent the difference between each logical 
sensor’s map and the final fused map, the outcome of the fusion process. They make it 
possible to measure the quality of the different logical sensors at each fusion step and provide 
feedback for recalculating the new logical sensor performance measures. Each time the ith 
logical sensor updates it’s local grid map (i.e., t

iu ) the global binary map (i.e., tu0 ) and all 
logical sensor’s performance measures are recalculated. 
 
The sensor fusion performance measures were developed to evaluate the sensor fusion 
algorithms. With these measures, we can compare the different sensor fusion algorithms based 
on their performances in a defined experiment. They are calculated by comparing each cell of 
the original map (ORG) (the map generated in the real world, i.e., the ground truth map, 

zz baRORG ×∈ , where az and bz are defined as the GGMs' dimensions) with the corresponding 
cell in the map generated by the sensor fusion process (i.e., the GGM, Z). 
 
3.4 Sensor fusion algorithms 
Two types of algorithms were evaluated. The first type consists of logical algorithms in which 
the logical sensors distinguish between two basic states, Occupy and Empty. These algorithms 
present different versions of Identify the obstacle by at least n logical sensors: Logical OR 
(n=1), MOST (n>N/2) and Logical AND (n=N), where N is the total number of logical sensors 
in the system [Blum et al., 1997; Klein, 1993]. 
 
The second type, adaptive algorithms, considers logical sensor performance in the fusion. The 
adaptive algorithms are considered as algorithms that have feedback and memory. In these 
algorithms, each time the ith logical sensor updates its local grid map (i.e., t

iu ), the global 
binary map (i.e., tu0 ) is rebuilt using the logical sensor performance measures, which are 
recalculated online (Figure 6). Although the adaptive algorithms are computationally 
expensive, their ability to rank the logical sensors using their performances with no a-priori 
assumption provides an important advantage to the system. Two adaptive algorithms were 
developed: Adaptive Fuzzy Logic (AFL) and Adaptive Dempster Shafer (ADS). Eighteen 
fuzzy logic algorithms were generated using different combinations of membership functions 
and rules. 
 
Both types of algorithms use binary input values for the logical sensor maps and apply output 
values to a binary map. The logical algorithms consider the cells in the maps only as ‘0’ and 
‘1’. The adaptive algorithms use the average value ( 2,1 −− tt

ip ) of the four logical sensor 
performance measures for the whole map (a value between ‘0’ and ‘1’ corresponding to the 
specific sensor performances). The performance is derived for each logical sensor separately 
and not for each cell within their maps. The adaptive algorithm determines the binary output 
value for each cell. 
 
3.5 Transition matrix methodology for evaluating sensor fusion 

mapping algorithms 
To enable a-priori evaluation of sensor fusion algorithms, a new methodology was developed 
based on transition matrix analysis generated using a simulation. With this methodology, we 



 3.6 Statistical evaluation method for comparing sensor fusion algorithms 29 

can analyze the algorithms for a variety of sensory conditions without the necessity of 
experimentation. 
 
3.6 Statistical evaluation method for comparing sensor fusion 

algorithms 
A statistical evaluation method, which defines the experimental design and analysis procedure, 
was developed. To receive reliable results, the procedure must include several experiments, 
which differ by changes in input and by logical sensor conditions. Each experiment is 
performed R times (called repetitions), under the ‘exact’ same environmental and sensory 
conditions. The number of experiments and repetitions are derived from several parameters, 
including the statistical characteristics of the data (e.g., standard deviation and the desired α 
value). Procedures are defined to ensure that experiments are conducted differently, thereby 
ensuring that results are not specific for the evaluated test cases. 
 
The statistical analysis includes three steps that quantify the difference in the performances of 
the sensor fusion algorithms. The aim of the first step (Friedman test) is to test the hypothesis 
that the performance measures of all algorithms have equal medians values; If/when the first 
hypothesis is rejected, the second step (multiple comparisons procedure) divides the 
algorithms into homogeneous subgroups and the third step (sign test) tests a hypothesis about 
the location of the population mean for the two best performing algorithms. The result 
indicates the best performing algorithm. 
 
3.7 Online sensor and algorithm selection – a new framework for sensor 

fusion 
The framework’s purpose is to select online the most reliable logical sensors and the simplest 
sensor fusion algorithm for the fusing task. The system is rule-based, employing the concept 
“use the simplest algorithm with the most reliable logical sensors”13. A three-step approach is 
applied to the selection process. First, the simplest algorithm (MOST) is employed for sensor 
fusion. In this step, malfunctioning sensors are ignored and low performance sensors activate 
the adaptive fuzzy logic for rechecking all logical sensors. Second, using the adaptive fuzzy 
logic algorithm, a periodic check of all logical sensors is conducted in order to detect 
malfunctioning sensors. Finally, when more than two logical sensors function correctly, the 
MOST algorithm is employed. Otherwise, the adaptive fuzzy logic algorithm is implemented. 
 
3.8 Analysis procedures 
Pre-analysis of each step was conducted in simulation. This helped to validate basic concepts 
and to fine-tune parameters in order to improve algorithm development. Since the simulations 
are part of the development process they are not detailed in the dissertation. However, they are 
detailed in (Cohen, 2005). 
 
The influence of the initial performance measures values on the performance of the adaptive 
sensor fusion algorithms was evaluated using three different tools: map representation, graph 
convergence, and statistical analysis. Map representations of the fusion outcome provide a 
qualitative analysis. Convergence is represented by graphically displaying the performance 

                                                           
13 Two algorithms were used within this framework. The algorithms were selected using the statistical evaluation 
method developed in Chapter  8 and based on the transition matrix methodology presented in section  7. 
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measures values vs. the sampling cycle for different initial performance measures values. The 
statistical analysis compares the confidence interval on the mean of the two adaptive 
algorithms. Since the influence does not directly influence the framework’s development, 
these analyses are detailed in Appendix XIV. 
 
To evaluate the algorithms and the sensor fusion framework an experiment was performed. 
The experiment consisted of a mobile robot (Pioneer 2-AT) equipped with an array of six 
ultrasonic sensors on the robot’s front panel and one SONY CCD camera, mounted on the top 
of robot, for scanning the area in front of it. Two logical sensors were generated using the 
ultrasonic data. The image registered by the camera was transformed into three logical sensors. 
The robot moved forward at a constant velocity in a controlled laboratory environment and 
mapped the area in front of it.  
The area consisted of a black path with obstacles along it. In addition, two types of decoy 
obstacles were set along the robot's path. Two sets of experiments were conducted. The first 
set aimed to test the statistical evaluation procedures while the second set sought to verify the 
online sensor and algorithm selection framework. 
 
 



 

4 Performance measures 
 

Chapter overview 
This chapter presents two types of performance measures. The first was developed to quantify 
the performances of the logical sensors, the second to evaluate the sensor fusion algorithms. 
 
4.1 General 
Two types of performance measures were developed, depending on the input and output maps: 
logical sensor performance measures and sensor fusion performance measures. The first 
quantifies the logical sensors’ performances while the second type of measure quantifies the 
performances of the sensor fusion algorithms. The difference between the measures are that 
the sensor fusion performance measures have special coefficients. The adaptive algorithms 
combine all the logical sensor performance measures into one value using the fusion 
algorithm. Statistical analysis procedures are used to consider each measure separately. By 
adding the coefficients in the sensor fusion performance measures, the results and 
consequently the statistical outcome are enhanced. 
 
The performance measures quantify the difference between two maps, the original input map 
and the generated output map. The performance measures are defined as the summation over 
all cells of the four logical conditions: Occupy-Occupy, Empty-Empty, Occupy-Empty and 
Empty-Occupy. 
 
4.2 Logical sensor performance measures 
The logical sensor performance measures (Figure 6) were measured by comparing each cell 
for each logical sensor's local grid maps (LGM, t

iu ) with the corresponding cell in the global 
binary map (GBM, tu0 ) for time sample t. Each logical sensor has four performance measures 
( NiRpt

i ,...,2,1,4 =∀∈  where i is the ith logical sensor). 
Since the values of the cells in both maps can be either ‘0’ or ‘1’, i.e., Empty or Occupy 
respectively, four possible options exist when comparing an indexed cell in the maps. This 
results in four performance measures:  
OLGMOGBM

t(i)– Number of cells that in time step t were assigned the value ‘1’ both in the ith 
sensor and generated fused maps, divided by the number of cells assigned the value ‘1’ in the 
fused map [5]. 
ELGMEGBM

t(i) – Number of cells that in time step t were assigned the value ‘0’ both in the ith 
sensor and generated fused maps, divided by the number of cells assigned the value ‘0’ in the 
fused map [6]. 
OLGMEGBM

t(i) – Number of cells that in time step t were assigned the value ‘1’ in the ith sensor 
map but were assigned the value ‘0’ in the fused map divided by the number of cells assigned 
the value ‘0’ in the fused map [7]. 
ELGMOGBM

t(i) – Number of cells that in time step t were assigned the value ‘0’ in the ith sensor 
map but were assigned the value ‘1’ in the fused map divided by the number of cells assigned 
the value ‘1’ in the fused map [8]. 
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An additional united measure (UMt(i) - [9]) was developed to combine the four measures, 
[5]- [8]. This measure is used for the transition matrix evaluation methodology and the online 
logical sensor selection algorithm framework (details in chapters  7 and  9 respectively)14. 
 
Let  
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Where: 
LGMt(i)jk are cells in the sensor’s local grid map ( t

iu ) and 

GBMt
jk are cells in the fused global binary map ( tu0 ) corresponding to the j column and k row. 
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14 In chapter  7 the average united measure ([14]) was employed. In chapter  9 both the united measure (equation [9]) 
and average united measure ([14]) were used. 
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Average values are defined to consider the current and previous samples, thereby providing 
memory to the system (section  2.3.5). The average value of the performance measures is 
defined in [10]-[13] as: 
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[13] 

 
And the average value of the united measure is defined in [14] as: 
 

( ) ( ) ( )
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tt
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4.3 Sensor fusion performance measures 
The sensor fusion performance measures were calculated by comparing each cell of the 
original map ((ORG), zz baRORG ×∈ ), for each sensor, with the corresponding cell on the 
GGM, Z. 
The values of the cells in both maps can be either Occupy=’1’ or Empty=’0’.  
OccupyORG – Number of cells assigned the value ‘1’ in the original map. 
OccupyGGM – Number of cells assigned the value ‘1’ in the global grid map. 
OGGMOORG – Number of cells that were assigned the value ‘1’ both in the original and 
generated global grid map, divided by the number of cells assigned the value ‘1’ in the original 
map [16]. 
EGGMEORG – Number of cells that were assigned the value ‘0’ both in the original and 
generated global grid map, divided by the number of cells assigned the value ‘0’ in the original 
map [17]. 
OGGMEORG – Number of cells that were assigned the value ‘0’ in the original map but were 
assigned the value ‘1’ in the generated global grid map divided by the number of cells 
assigned the value ‘0’ in the original map [18]. 
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EGGMOORG – Number of cells that were assigned the value ‘1’ in the original map but were 
assigned the value ‘0’ in the generated global grid map divided by the number of cells 
assigned the value ‘1’ in the original map [19]. 
 
The values of the sensor fusion performance measures OO, EE, OE and EO (i.e., [20]-[23] 
below) were calculated by multiplying the relevant variables of [16]-[19] by the coefficients 
defined in Table 6. The coefficients are necessary for considering the prevalence of Occupy 
and Empty cells. For example, without this coefficient, the OGGMOORG would be ‘1’ for a fused 
path with all cells identified as ‘1’. By taking this coefficient into account, the value of 
OGGMOORG, is enhanced resulting in a better measure of the algorithm’s actual performance. 
Correspondingly, for a fused path with all cells identified as ‘0’, the EGGMEORG would be ‘1’ 
without the coefficient. 
 

Table 6 Coefficients for calculating the performance measures (OccupyCoefficient and EmptyCoefficient) 
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Where az and bz are defined as the global grid map’s 
dimensions. 
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Let 
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Where: 
GGMjk are cells in the global grid map (Z) and 
ORGjk are cells in the original map (ORG) corresponding to the j column and k row 
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And  
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5 Sensor fusion algorithms 
 

Chapter overview 
Two types of algorithms were evaluated: logical (OR, MOST and AND) and adaptive (18 
fuzzy logic algorithm and one Dempster Shafer algorithm). This chapter describes in detail the 
adaptive sensor fusion algorithms that were developed for this research. 
 
5.1 General 
Two types of sensor fusion algorithms were evaluated. The first type consists of logical 
algorithms in which the logical sensors distinguish between two basic states, Occupy and 
Empty. These algorithms present different versions of Identify the obstacle by at least n logical 
sensors: Logical OR (n=1), MOST (n>N/2) and Logical AND (n=N), where N is the total 
number of logical sensors in the system [Blum et al., 1997; Klein, 1993]. 
 
The second type of sensor fusion algorithms considers the performance of the logical sensors. 
The adaptive algorithms are considered as algorithms that have feedback and memory. In 
these algorithms, each time the ith logical sensor updates its local grid map (i.e., t

iu ), the global 
binary map (i.e., tu0 ) is rebuilt using the average value of the logical sensor performance 
measures (i.e., 2,1 −− tt

ip ) between times t-1 and t-2. Since these values are recalculated online 
(Figure 6), these algorithms are considered adaptive. Although the adaptive algorithms are 
computationally expensive, their ability to rank the logical sensors using their performances 
with no a-priori assumptions provides an important advantage to the system. The adaptive 
Dempster Shafer and adaptive fuzzy logic algorithms belong to this group. Eighteen fuzzy 
logic algorithms were generated using different combinations of membership functions and 
rules. 
 
5.2 Logical algorithms 
Three logical sensor fusion algorithms were evaluated. The algorithms present different 
versions of Identify the obstacle by at least n logical sensors: Logical OR (n=1), MOST 
(n>N/2) and Logical AND (n=N). The inputs are the local grid maps (i.e., t

iu ) and their output 
is the global binary map (i.e., tu0 ) (Figure 6). The logical algorithms’ complexity15 is Θ(N) 
(proof in Appendix III). 
 
5.3 Adaptive algorithms 
These algorithms consider as inputs the local grid maps (i.e., tu ) of each logical sensor and 

the average value of the logical sensor performance measures 2-t1,tp − . The output is a global 

binary map (i.e., tu0 ) of the fused information (Figure 6). 
 

                                                           
15 Θ - Asymptotically tight upper and lower bound. 
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The logical sensor performance measures are calculated by comparing each cell for each 
logical sensor's local grid map (i.e., t

iu ) with the corresponding cell in the global binary map 
(i.e., tu0 ). The values of the cells in both maps can be either Occupy or Empty. Therefore, four 
possible options exist when conducting a comparison of an indexed cell in the maps (i.e., 
OLGMOGBM

t(i), ELGMEGBM
t(i), OLGMEGBM

t(i) and ELGMOGBM
t(i)), equations [5]-[8] respectively. 

 
Two adaptive algorithms were developed and evaluated: adaptive fuzzy logic and adaptive 
Dempster Shafer. The adaptive algorithms (AFL and ADS) consist of two parts: definition and 
calculation of the algorithm components, and construction of the truth table (Figure 8 and 
Figure 7 respectively). The complexity16 of the adaptive algorithms is Θ(2N) (proof is in 
Appendix III). 
 
5.4 Fuzzy logic algorithm 
General 
In the first part (Figure 7) the algorithm receives online the average value of the four 
performance measures (OLGMOGBM

t-1,t-2(i), ELGMEGBM
t-1,t-2(i), OLGMEGBM

t-1,t-2(i) and 
ELGMOGBM

t-1,t-2(i)) as inputs and generates two outputs (the weight of the Occupy and Empty 
values for each logical sensor). In the second part the truth table is generated based on the 
logical sensor combinations and the logical sensor Occupy and Empty weights. Each time a 
logical sensor sends new data, the adaptive algorithm recalculates the truth table. The global 
binary map, tu0 , is built using the logical sensors maps ( t

iu ) and the truth table. 
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Figure 7 Fuzzy logic algorithm dataflow 

 
I. Definition and calculation of the fuzzy logic components 
Fuzzy variables: The fuzzy logic algorithm receives online the average value of the four 
logical sensor performance measures [10]-[13] of each logical sensor. The performance 
measures are defined as fuzzy variables. These measures are in the range of [0,1] and are 
defined as NiRp tt

i ,,2,1,42,1 L=∀∈−− , where i is defined as the logical sensor number; t is 
defined as the time step; and N is the total number of logical sensors in the system. For the 
fuzzy logic algorithms, each fuzzy variable has three fuzzy sets, Low, Average (Avg.) and 
High. 
 
Membership functions and rules: Each fuzzy set member is associated with a membership 
function. The membership function evaluates the degree of membership of each variable value 
to the respective fuzzy set member. Three groups of algorithms were generated using different 
combinations of membership functions and rules resulting in a total of 18 different fuzzy logic 
algorithms (2 membership functions shape x 3 rules type x 3 membership function values).  
 

                                                           
16 Θ - Asymptotically tight upper and lower bound. 
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In the first group of algorithms, an Occupy value has equal importance as an Empty value and 
the membership functions assume symmetry for Occupy and Empty values. (In Table 7, for the 
first group, the symmetry is for different fuzzy variables between all fuzzy sets). In the second 
group, Occupy is set to be more important (Table 7 shows that for the second group the 
‘OLGMOGBM

t-1,t-2(i)‘ fuzzy set, the membership functions are skew) to the right, thus, output 
(defuzzified) crisp values increase). In the third group, the membership functions concerning 
the algorithm ‘false alarm’ (e.g., OLGMEGBM

t-1,t-2(i)) and ‘miss detections’  
(e.g., OLGMEGBM

t-1,t-2(i)) are less important. (Table 7 shows that for the third group, the 
‘OLGMEGBM

t-1,t-2(i)‘ and ‘OLGMEGBM
t-1,t-2(i)‘ fuzzy sets, the membership function are skew to 

the left, thus, output (defuzzified) crisp values decrease). 
 
Three types of rules were generated. The rules of the If-Then type were composed using the 
assumption of two subgroups of rules that refer to the logical sensor decision, ‘support‘ and 
‘contradict’. These rules correspond to OLGMOGBM

t-1,t-2(i), ELGMEGBM
t-1,t-2(i) (rules 1-3 and 7-9, 

Table 8) and OLGMEGBM
t-1,t-2(i), ELGMOGBM

t-1,t-2(i) (rules 4-6 and 10-12, Table 8) respectively. 
For example note Table 8 rule number 7: If ELGMEGBM

t-1,t-2(i) is High then Empty is High 
supports the Empty value, and rule number 10: If ELGMOGBM

t-1,t-2(i) is High then Empty is Low 
contradicts the Empty value. 
 
The rules for the AND/OR types, unite the ‘support’ and ‘contradict’ approach into one rule. 
For example as we see in Table 9 rule number 4: If ELGMEGBM

t-1,t-2(i) is High AND/OR 
ELGMOGBM

t-1,t-2(i) is Low then Empty is High. 
 
Each group was implemented with two types of membership functions (Trapezoid and 
Triangle, Table 7), and three types of rules, If-Then (Table 8), AND/OR (Table 9), resulting 
in a total of 18 algorithms (2 membership functions x 3 groups of algorithms x 3 rule types, 
Table 10). 
 
The decision: The rules are defuzzified using the Mamdani inference with the centroid method 
[Mamdani and Assilian, 1975; Kosko, 1992; Zadeh, 1978] and are evaluated to determine the 
final value of the two outputs, i.e., Occupy and Empty fuzzy sets for each logical sensor using 
[24] and [25]. 
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where N is the total number of logical sensors in the system; t is defined as the cycle sample 
time; µ is defined as the degree of membership function; i is defined as the logical sensor 
number; and j is defined as the rule code number. 
 
The fuzzy associated variables, attributes and linguistic variables of each fuzzy set were 
defined empirically using the transition matrix evaluation methodology detailed in  
chapter  7. 
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Table 7: The membership function shape, algorithm group, fuzzy variables and fuzzy sets17 
Fuzzy sets Membership 

functions 
shape 

Algorithm 
group Fuzzy variable 

Low Avg. High 

OLGMOGBM
t-1,t-2(i) 0,0,0.3,0.45 0.4,0.45,0.55,0.6 0.55,0.7,1,1 

ELGMEGBM
t-1,t-2(i) 0,0,0.3,0.45 0.4,0.45,0.55,0.6 0.55,0.7,1,1 

OLGMEGBM
t-1,t-2(i) 0,0,0.3,0.45 0.4,0.45,0.55,0.6 0.55,0.7,1,1 

ELGMOGBM
t-1,t-2(i) 0,0,0.3,0.45 0.4,0.45,0.55,0.6 0.55,0.7,1,1 

Occupy 0,0,0.3,0.45 0.4,0.45,0.55,0.6 0.55,0.7,1,1 

First 

Empty 0,0,0.3,0.45 0.4,0.45,0.55,0.6 0.55,0.7,1,1 
OLGMOGBM

t-1,t-2(i) 0,0,0.3,0.45 0.4,0.45,0.55,0.6 0.55,0.7,1,1 

ELGMEGBM
t-1,t-2(i) 0,0,0.3,0.45 0.4,0.45,0.55,0.6 0.55,0.7,1,1 

OLGMEGBM
t-1,t-2(i) 0,0,0.3,0.45 0.4,0.45,0.55,0.6 0.55,0.7,1,1 

ELGMOGBM
t-1,t-2(i) 0,0,0.3,0.45 0.4,0.45,0.55,0.6 0.55,0.7,1,1 

Occupy 0,0,0.43,0.58 0.4,0.51,0.6,0.66 0.65,0.75,1,1 

Second 

Empty 0,0,0.23,0.35 0.3,0.4,0.5,0.56 0.45,0.57,0.9,1 
OLGMOGBM

t-1,t-2(i) 0,0,0.3,0.45 0.4,0.45,0.55,0.6 0.55,0.7,1,1 

ELGMEGBM
t-1,t-2(i) 0,0,0.3,0.45 0.4,0.45,0.55,0.6 0.55,0.7,1,1 

OLGMEGBM
t-1,t-2(i) 0,0.1,0.2,0.3 0.2,0.35,0.5,0.55 0.45,0.7,0.95,1 

ELGMOGBM
t-1,t-2(i) 0,0.05,0.3,0.4 0.3,0.35,0.5,0.6 0.4,0.6,0.8,1 

Occupy 0,0,0.3,0.45 0.4,0.45,0.55,0.6 0.55,0.7,1,1 

Trapezoid 

Third 

Empty 0,0,0.3,0.45 0.4,0.45,0.55,0.6 0.55,0.7,1,1 
OLGMOGBM

t-1,t-2(i) 0,0.3,0.45 0.4,0.5,0.6 0.55,0.7,1 
ELGMEGBM

t-1,t-2(i) 0,0.3,0.45 0.4,0.5,0.6 0.55,0.7,1 
OLGMEGBM

t-1,t-2(i) 0,0.3,0.45 0.4,0.5,0.6 0.55,0.7,1 
ELGMOGBM

t-1,t-2(i) 0,0.3,0.45 0.4,0.5,0.6 0.55,0.7,1 
Occupy 0,0.3,0.45 0.4,0.5,0.6 0.55,0.7,1 

First 

Empty 0,0.3,0.45 0.4,0.5,0.6 0.55,0.7,1 
OLGMOGBM

t-1,t-2(i) 0,0.3,0.45 0.4,0.5,0.6 0.55,0.7,1 
ELGMEGBM

t-1,t-2(i) 0,0.3,0.45 0.4,0.5,0.6 0.55,0.7,1 
OLGMEGBM

t-1,t-2(i) 0,0.3,0.45 0.4,0.5,0.6 0.55,0.7,1 
ELGMOGBM

t-1,t-2(i) 0,0.3,0.45 0.4,0.5,0.6 0.55,0.7,1 
Occupy 0,0.4,0.45 0.45,0.5,0.66 0.65,0.8,1 

Second 

Empty 0,0.23,0.35 0.3,0.4,0.56 0.4,0.57,1 
OLGMOGBM

t-1,t-2(i) 0,0.3,0.45 0.4,0.5,0.6 0.55,0.7,1 
ELGMEGBM

t-1,t-2(i) 0,0.3,0.45 0.4,0.5,0.6 0.55,0.7,1 
OLGMEGBM

t-1,t-2(i) 0,0.25,0.35 0.26,0.38,0.5 0.4,0.75,1 
ELGMOGBM

t-1,t-2(i) 0,0.2,0.35 0.3,0.4,0.56 0.45,0.8,1 
Occupy 0,0.3,0.45 0.4,0.5,0.6 0.55,0.7,1 

Triangle 

Third 

Empty 0,0.3,0.45 0.4,0.5,0.6 0.55,0.7,1 
 
II. Construction of the truth table for the fuzzy logic implementation 
The final truth table outputs are determined using the membership functions according to the 
following rule: 
 

                                                           
17 Bold lines outline values that are different. 
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These rules are not optimal, and many other rules can be implemented, e.g., weighting the 
Occupy and Empty values differently. 
 

Table 8 If-Then rules 
 Fuzzy variables input Fuzzy variables 

output 
Rule OLGMOGBM

t-1,t-2(i) ELGMEGBM
t-1,t-2(i) OLGMEGBM

t-1,t-2(i) ELGMOGBM
t-1,t-2(i) Occupy Empty 

1 High    High  
2 Avg.    Avg.  
3 Low    Low  
4   High  Low  
5   Avg.  Avg.  
6   Low  High  
7  High    High 
8  Avg.    Avg. 
9  Low    Low 

10    High  Low 
11    Avg.  Avg. 
12    Low  High 

 
Table 9 AND/OR rules 

 Fuzzy variables input Fuzzy variables 
output 

Rule OLGMOGBM
t-1,t-2(i) ELGMEGBM

t-1,t-2(i) OLGMEGBM
t-1,t-2(i) ELGMOGBM

t-1,t-2(i) Occupy Empty 
1 High  Low  High  
2 Avg.  Avg.  Avg.  
3 Low  High  Low  
4  High  Low  High 
5  Avg.  Avg.  Avg. 
6  Low  High  Low 

 
Table 10 The membership function shape, rules type, algorithm group and codes 

Membership 
function 
Shape 

Rules 
type 

Algorithm 
group Code 

 Membership 
function 
Shape 

Rules 
type 

Algorithm 
group Code 

First 1010 First 2010 
Second 1020  Second 2020 If-Then 
Third 1030  

If-Then 
Third 2030 

First 1011  First 2011 
Second 1021  Second 2021 OR 
Third 1031  

OR 
Third 2031 

First 1012  First 2012 
Second 1022  Second 2022 

Trapezoid 

AND 
Third 1032  

Triangle 

AND 
Third 2032 
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5.5 Dempster Shafer algorithm 
General 
The first part of the Dempster Shafer algorithm receives the average value of the four 
performance measures of each logical sensor as inputs (i.e., 2,1 −− tt

ip , Figure 8). Four outputs 
are generated after combining all logical sensors – a belief (Bel) and plausibility (Pls) value 
for each Occupy and Empty weighted value.  
 
The truth table is an array that contains all possible logical sensor readings (Occupy/Empty) 
and results according to the adaptive algorithm. For example, if a system contains three logical 
sensors, eight combinations of logical sensors (EEE, EEO, EOE…OOO)18 are obtained. The 
truth table is generated using a decision rule (detailed in section II below). 
 
Each time a logical sensor sends new data, the adaptive algorithm recalculates the truth table. 
The global binary map ( tu0 ) is based on the logical sensors readings and the truth table. 
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Figure 8: Dempster Shafer algorithm dataflow 

 
I. Definition and calculation of the Dempster Shafer components 
The Dempster Shafer theory assumes that there is a fixed set of mutually exclusive and 
exhaustive elements for each logical sensor called the environment ( )iP Θ  [Giarratano and 
Riley, 1994; Shafer, 1976]. The environment of the ADS logical sensors ( )iP Θ  contains five 
parameters [27].  
 
The parameters within the environment were developed based on equations [5]-[8] and using 
two concepts, ‘self-performance’ and ‘opponent performance’. 
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The parameters {OLGMOGBM

t-1,t-2(i)} and {ELGMEGBM
t-1,t-2(i)} correspond to the ith logical 

sensor ‘self performance’ concept, and the {ELGMEGBM
t-1,t-2(i), OLGMEGBM

t-1,t-2(i)} and  
{OLGMOGBM

t-1,t-2(i), ELGMOGBM
t-1,t-2(i)} parameters correspond to the ith ‘opponent 

performance’ concept. The fifth element {∅} is named the ‘empty set’ and is defined for 
completeness with the DS theory. 
 

                                                           
18 E- Empty, O-Occupy. E.g., EEE-Empty Empty Empty. 
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The ‘self-performance’ concept supports the ith logical sensor’s correct detections:  
{OLGMOGBM

t-1,t-2(i)} and {ELGMEGBM
t-1,t-2(i)}.  

 
The ‘opponent performance’ concept supports the logical connection between the ‘miss alarm’ 
and ‘false detection’ of the logical sensor performances, i.e., the logical sensor’s incorrect 
detections. The {ELGMEGBM

t-1,t-2(i), OLGMEGBM
t-1,t-2(i)} supports the logical connection between 

the {ELGMEGBM
t-1,t-2(i)} parameter and {OLGMEGBM

t-1,t-2(i)} parameter. Correspondingly, for  
{OLGMOGBM

t-1,t-2(i), ELGMOGBM
t-1,t-2(i)}, the {ELGMOGBM

t-1,t-2(i)} parameter is logically 
connected to the {OLGMOGBM

t-1,t-2(i)} parameter. 
 
Use of this logical connection occurs when there is disagreement between two logical sensors, 
e.g., when generating the truth table in case the ith logical sensor presumes to be '0' and the jth 
logical sensor presumes to be '1'. In this case, to increase the reliability of the other logical 
sensor (jth), the logical parameter receives a similar value like the other logical sensor’s 
parameter (e.g., when the ith logical sensor presumes to be '0' its {OLGMOGBM

t-1,t-2(i)} and  
{ELGMEGBM

t-1,t-2(i), OLGMEGBM
t-1,t-2(i)} parameters would receive the '0' reading and 

{ELGMEGBM
t-1,t-2(i)} and {OLGMOGBM

t-1,t-2(i), ELGMOGBM
t-1,t-2(i)} parameters would receive the 

‘1’ reading). When calculating the truth table by cross-multiplying mass products [Giarratano 
and Riley, 1994] the {ELGMEGBM

t-1,t-2(i), OLGMEGBM
t-1,t-2(i)} of the ith logical sensor and the 

{ELGMEGBM
t-1,t-2(j)} of the jth logical sensor generates the updated value for {ELGMEGBM

t-1,t-

2(i)}. Correspondingly, for {OLGMOGBM
t-1,t-2(i), ELGMOGBM

t-1,t-2(i)} of the ith logical sensor and 
the {OLGMOGBM

t-1,t-2(j)} value of the jth logical sensor generates the updated value for 
{OLGMOGBM

t-1,t-2(i)}. 
 
The ADS algorithm combines the logical sensors values serially, one after another (Table 11). 
At the beginning, the ‘Bel’ and ‘Pls’ values are calculated for two logical sensors. The values 
of the third logical sensor are combined with the previously calculated values and new ‘Bel’ 
and ‘Pls’ values are calculated. This procedure is executed with all logical sensors. The final 
‘Bel’ and ‘Pls’ values for each logical sensor combination are not influenced by the 
combination sequence [Giarratano and Riley, 1994; Shafer, 1976]. 
 
II. Construction of the truth table 
After calculating the ‘Bel’ and ‘Pls’ values by cross-multiplying mass products, identical 
measures are summed and the final probabilities (Bel, Pls) are calculated. The parameters 
below were calculated using equations [28] - [31]. 
 

Occupyt
Bel= OLGMOGBM

t [28]
Emptyt

Bel= ELGMEGBM
t [29]

Occupyt
Pls={1- ELGMEGBM

t
 - (ELGMEGBM

t, OLGMEGBM
t)} [30]

Emptyt
Pls={1- OLGMOGBM

t - (OLGMOGBM
t, ELGMOGBM

t)} [31]
 
Based on equations [28] - [31] and the following rule system, the final value for each logical 
sensors combination is determined. 
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This rule system consists of two parts. The first part, Part A, is based on the ‘Bayes –Like 
Rule’ [Hakil and Swain, 1995]. This rule determines the cell value based on the possibility that 
both ‘Bel’ values and ‘Pls’ values are larger than the other possibility values. The second part, 
Part B, is based on the ‘Maximum Average Probability Rule’ [Hakil and Swain, 1995], the 
largest average sum value of ‘Bel+Pls’. These rules are not optimal, and many other rules can 
be implemented, e.g., Maximax criterion, Maximin criterion, Minimax Regret criterion, 
Hurwicz criterion, Laplace criterion and more [Kuncheva, 2002 and Appendix II]. However, 
other rules were not applied in order to maintain a similarity to the rules described for the 
AFL. As opposed to the AFL, in this system multiple algorithms cannot be generated without 
changing the whole concept. Hence, only one ADS algorithm was developed. 
 
 



 

 
Table 11 Results of Dempster Shafer rule 
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6 Mobile robot experiment 
 

Chapter overview 
This chapter describes the mobile robot and the experimental procedures designed for 
evaluating the sensor fusion algorithms. 
 
6.1 General 
The experiment consisted of a mobile robot (Pioneer 2-AT19, Figure 9) equipped with an array 
of six ultrasonic sensors on the robot’s panel in front and one SONY CCD camera mounted on 
the top of robot that scans the area in front of it. Two logical sensors were generated using the 
ultrasonic data. The image that the camera captured was transformed into three logical sensors. 
 
Two sets of experiments were conducted. The first set aimed to test the statistical evaluation 
procedures (detailed in  8.2.2) while the second set sought to verify the online sensor and 
algorithm selection framework (detailed in  9.5.2).  
The following procedures were employed for simplification: 
• the robot remains at a fixed position on the map; as the vehicle advances, 

the objects on the map are moved from cell to cell  
• the robot advances in a straight line 
• the robot advances at a constant velocity 
• the size and shape of the real obstacles are defined in advance. 

 
6.2 Experimental setup 
The robot moved forward at a constant velocity (0.1 m/sec) along a 568 cm x 250 cm path in a 
controlled laboratory environment. As it moved, it mapped the area in front of it. This area 
consisted of a black path with five obstacles (corrugated red cardboard cylinders Ø30 cm.,  
70 cm. height, marked with a 3 cm white strip at the bottom, Figure 10) located at fixed 
positions along the path. In addition, to increase disagreement between logical sensors, two 
types of decoy obstacles were set along the robot's path (Figure 11 and Figure 12). These 
decoys were made of light brown rug. The first type of decoy was less than 6 cm. in width and 
length (Figure 11); the size of the second type was around 30 cm. (Figure 12). Decoy locations 
were randomly changed between repetition (Figure 13). The obstacles and decoys were not 
always noticeable to all logical sensors because of differences in the algorithms as well as in 
the color, size and structure of the decoys themselves. These differences caused the logical 
sensors to disagree. 
 
Two logical sensors were generated using the ultrasonic data: (i) logical OR algorithm and (ii) 
probabilistic-approach algorithm [Ribo and Pinz, 2001] denoted as US1 and US2 respectively. 
The US sensor algorithms detected the corrugated cardboard. The image captured by the 
camera was transformed into three logical sensors for determining different types of obstacles: 

                                                           
19 Robots parameters detailed in Appendix IV 
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CAM1 - to detect ‘real’ obstacles (the camera detected the white strip on the cylinders), 
CAM2 - to locate the first type of decoys and CAM3 - to locate the second type of decoys. For 
the sake of simplicity, the shape and size of the obstacles (Figure 10) were taken as known in 
advances and were considered in the obstacle detection procedures detailed in Appendix VIII. 
Specifically, the ultrasonic OR algorithm represented the obstacle as an arc (Figure 14b); the 
ultrasonic probabilistic approach represented the obstacle as an ellipse (Figure 14c); and the 
“camera” logical sensors that the camera generated (i.e., CAM1, CAM2 and CAM3) 
represented the obstacle as a disk (Figure 14d). However, the algorithms were not optimized 
and their performances very much depended on the lighting conditions, which varied along the 
path due to external conditions (e.g., shadows from ceilings and from obstacles in the room).  
 
In course of traveling 400 ± 5 cm the robot generated 23 global binary maps. A fusion was 
conducted whenever a physical sensor was sampled. At each sample, the robot’s location was 
saved in the robot’s memory. The physical sensory data was transmitted to the fusion center 
where fusion was conducted (details in  3.2). During the whole experiment, the robot worked 
on electricity and not on batteries to eliminate voltage influence on overall system 
performance. The system has two types of map resolutions corresponding to the physical 
sensors employed (5 cm for the camera and 10 cm for the ultrasonic). Calibration procedures 
are detailed in Appendix VII. The global binary maps have a resolution of 5 cm. The robot’s 
software is written in VC++TM version 6.0 using SaphiraTM version 6.2d library routines. The 
robot's operating system is WindowsTM NT version 4.0. System code is detailed in Appendix 
VI while the SaphiraTM operating system concept is detailed in Appendix V. 
 

 
Figure 9: ARAD Pioneer 2-AT, (front view) 
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Figure 10 Obstacle in the mobile robot experiment 

 

 
Figure 11 Decoys of obstacle type I in the mobile robot experiment 

 

 
Figure 12 Decoys of obstacle type II in the mobile robot experiment 
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Figure 13 Schematic experimental setup 
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Figure 14 Obstacle presentation for the different logical sensors 
(a) The original condition, (b) the Ultrasonic OR algorithm, (c) the Ultrasonic probabilistic 

approach algorithm, and (d) camera based logical sensors. 
 
6.3 Experimental procedure 
An experiment is defined as a mapping task for specific environmental and sensory conditions. 
Environmental and sensory conditions are changed for each new experiment using a 
methodology developed in chapter  8. The obstacle locations are constant and therefore 
identical for all experiments. Each experiment is performed R times (called repetitions), for 
identical environmental and sensory conditions. The only difference between repetitions is that 
decoy locations are randomly changed. Statistical procedures (detailed in section  8.2) 
determined the number of experiments and repetitions.  
 
The following procedure was conducted for each repetition: 
1. Decoy locations were randomly changed. 
2. The robot was located at a specific starting point. Three accessories were used to 

ensure accurate location of the robot at the starting point: a metal rail which was set 
on the laboratory floor, a pinpoint laser mounted on the robot and a calibration 
board on the wall in front of the robot (Figure 9, Figure 13 and Figure 15). Rough 
localization was made by ensuring that the robot's two back wheels touched the 
metal rail (X0, Y0). Fine angle tuning was achieved using the pinpoint laser to mark 
a location on the calibration board. 

3. Initial values of all performance measures were set as detailed in Table 12. These 
values were determined randomly and set as a constant for all experiments. The 
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influence of the values of the initial performance measures on the overall system 
performance is detailed in Appendix XIV. 

4. Before each repetition, the robot generated a structure in its memory. At the end of 
the repetition, all data was saved on the computer's hard disk. The following data 
was saved at each fusion step20:  

• robot's position (X, Y) (relative to initial location)  
• local binary map (i.e., t

iu ) for each logical sensor when fusion was conducted 
• global binary map (i.e., tu0 ) for each sensor fusion algorithm 
• final fused map for each sensor fusion algorithm (i.e., Z ) and 
• performance measures for each logical sensor (i.e., t

ip ). 
5. Encoders were used to determine the location of the robot as it moved along the 

path. To eliminate the influence of the robot localization problem [Feder et al., 
2001; Leonard et al., 1992; Lin and Lee, 2003; Lin et al., 2003; Se et al., 2003], the 
robot moved only straight forward and a verification procedure was conducted to 
ensure that the robot followed the same course each time. At the beginning of the 
path, the robot was placed at a specific constant location (marked ‘Starting point’ in 
Figure 13) and a laser pointer mounted on the robot pointed to a specific location on 
a calibration board placed at the end of the path (marked ‘Pinpoint laser target 
paint’ in Figure 13). At the end of the experiment, the robot’s location was 
measured again using the laser and the calibration board. If the robot diverged more 
than 4 cm from the pinpoint laser target point, the repetition was not considered. 

 

Figure 15 Experimental setup photograph 
 

Table 12 Experimental initial performance measures 
Initial performance measures values Logical 

sensor OLGMOGBM
0(i) ELGMEGBM

0(i) ELGMOGBM
0(i) OLGMEGBM

0(i) 
US1 0.85 0.9 0.1 0.15 
US2 0.78 0.91 0.19 0.22 
CAM1 0.8 0.7 0.3 0.2 
CAM2 0.6 0.9 0.1 0.4 
CAM3 0.88 0.91 0.09 0.12 

 
 

                                                           
20 A fusion step is defined as the time whenever one of the logical sensors was updated and the global binary map has 
been updated.  



 

7 Transition matrix methodology for evaluating sensor 

fusion mapping algorithms 
 

Chapter overview 
This chapter presents a transition matrix methodology to evaluate the performance21 of sensor 
fusion mapping algorithms in simulation. Twenty-two sensor fusion algorithms were evaluated 
using this methodology: three logical algorithms (OR, MOST and AND), eighteen AFL 
algorithms that differed in their membership functions, values and rules and one ADS 
algorithm. 
 
7.1 Methodology 
7.1.1 General 
Analysis of the sensor fusion algorithms is conducted using transition matrices [Gunter et al., 
1998], where each cell in the transition matrix defines for each input value the probability for 
transferring to a specific output value (Figure 16, Gunter et al., 1998). To evaluate 
performance for different sensory and environmental conditions, the logical sensors were 
simulated with various noise values. Noise is added randomly according to a predefined noise 
parameter. The ‘noise’ represents the probability of ‘mistakes’ for each logical sensor (i.e., 
noise is defined by a value between 0% and 100%; a probability of 0% implies no noise and 
100% means the logical sensor ‘sees’ everything reversed).  
 
When fusing N logical sensors, all noise combinations and performance measures must be 
considered. The procedure complexity is )( NNCΘ  (detailed in Appendix IX). Since the 
number of combinations is infinite, only one sensor performance measure is varied to simplify 
analysis. All other performance measures are taken as constant. To consider a variety of 
conditions, a range of constant performance measures are analyzed. In addition, different noise 
values are considered. The simulation assumes synchronous update of the sensors. Since the 
order of the fused logical sensors is irrelevant, analysis of the transition matrix for the varied 
sensor ( t

iu ) provides sufficient information. The sensor fusion algorithms generate a truth 
table22 for every fusion cycle (In this chapter the performance measures for the logical 
algorithms are also calculated). The transition matrix is evaluated for a single time step, since 
the system operates with only one time step of memory. To simplify analysis, a map consisting 
of half zeroes and half ones was used (Figure 17). 
 

                                                           
21 In this chapter, the term algorithm performance concerns the algorithm’s ability to measure the sensor’s noise 
value correctly. 
22 Truth table detailed in section  5.3.  
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Figure 16 Transition matrix definition Figure 17 Logical sensor’s original map 

 
7.1.2 Information flow 
The transition matrix procedure has only one time step. Hence, it is a special case of the 
information flow presented in section  3.2 for t=0 until t=1.  
 
The system operation (Figure 18) is described as follows: at time step t=0 initial performance 
measures 0p  are randomly defined, { }00

2
0
1 ...,,, Nppp=0p . 

The current observation is denoted by 1
iy , NiRy ba

i ,,2,1,1 L=∀∈ × , where a and b are defined 
as the observation maps’ dimensions, corresponding to the ith logical sensor and N is the 
number of logical sensors. 
 
The ith logical sensor represents the environment according to its noise characteristics using 
the local grid map at time step t=1, 1

iu , NiRu ba
i ,,2,1,1 L=∀∈ × , where a and b are defined as 

the maps' dimensions and N is the number of logical sensors. 
At the fusion center, the sensor fusion algorithm yields the global binary map 1

0u , baRu ×∈1
0  at 

time step t=1.  
Since in this simulation the system works synchronously, both the local grid maps 1u , 

{ }11
2

1
1 ...,,, Nuuu=1u  at t=1 and the initial performance measures values 0p  are transmitted to the 

fusion center. At the fusion center, based on all local grid maps ( 1u ) and the initial logical 
sensor performance measures ( 0p ), the sensor fusion algorithm yields the global binary map 

( 1
0u ), using the sensor fusion algorithm (.)f  as follows: 

 
( )01 pu ,1

0 fu =  [32]
 
After the global binary map ( 1

0u ) has been generated, it is fed back to all logical sensors. By 
comparing the local grid maps ( 1u ) with the global binary map ( 1

0u ), the logical sensors 
performance measures 1p  { }11

2
1
1 ...,,, Nppp=1p  are evaluated, where 1

ip  is the ith logical sensor 
performance measures generated at t=1. 
An average performance measure value is calculated 1,0p , { }0,10,1

2
0,1

1 ,...,, Nppp=1,0p  based on 

0p  and 1p , where 
2

01
0,1 ii

i
ppp +

= , NiRpi ,...,2,1,40,1 =∀∈ .  

The 0p  and 1p  values are used for the TM generation. 
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Figure 18 Information flow at t=1 

 
7.1.3 United measure 
The united measure (UMt,t-1(i) - [33]) is generated based on equations [10]-[14].  
Since in equations [10]-[14] every two measures are dependent, [10]+[13]=1 and [11]+[12]=1, 
the UMt,t-1(i) presents the relation of OLGMOGBM

t,t-1(i) vs. OLGMEGBM
t,t-1(i) i.e., [10] vs. [12] and 

the relation of ELGMEGBM
t,t-1(i) vs. ELGMOGBM

t,t-1(i) i.e., [11] vs. [13]. 
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The UMt,t-1(i) boundaries are ‘–1’ to ‘+1’. When UMt,t-1(i) equals 1, the logical sensor is 
highly reliable (i.e., when OLGMOGBM

t,t-1(i) equals ‘1’ and OLGMEGBM
t,t-1(i) equals ‘0’). When  

UMt,t-1(i) equals ‘–1’, the logical sensor is unreliable (i.e., when OLGMOGBM
t,t-1(i) equals ‘0’ 

and OLGMEGBM
t,t-1(i) equals 1). 

 
7.1.4 Transition matrix generation 
For a single time step, the united measure’s transition matrix was generated for a multitude of 
noise and initial performance measure combinations. For a certain noise value of the varied 
sensor (i.e., the first sensor), a point representing the performances of a specific performance 
measure input (UM0(i)) and output (UM1,0(i)) is generated on the transition matrix (Figure 16, 
Figure 20). 
 
By simulating for a specific noise value a sequence of performance measure inputs for the 
varied logical sensor, several points are generated (Figure 20). These points can be combined 
into a line segment. By simulating several noise values, different line segments are obtained (a 
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line segment for each noise value). The pseudo code of the TM generation process23 is 
presented in Figure 19. Since the output value is calculated as an average of the input and 
output values, the line segments within the transition matrix has a slope value equal to 0.5 
(where the X axis corresponds to the input axis and the Y axis corresponds to the output axis). 
 

 Transition matrix generation for the first logical sensor 

In
iti

al
iz

at
io

n 

/* All logical sensors except for one are assigned to the initial performance measures */ 
for i=2:N  /* N-Total number of logical sensors */ 
  OLGMOGBM

0(i)=Current initial performance measure(i) /* time step t=0 */ 
  ELGMEGBM

0(i)=Current initial performance measure(i) /* time step t=0 */ 
  OLGMEGBM

0(i)=1-ELGMEGBM
0(i) /* time step t=0 */ 

End for 

M
ap

 g
en

er
at

io
n /* Each logical sensor builds its map according to its noise */ 

for i=1:N  /* N-total number of logical sensors */ 
  Noise(i)=Current noise(i) value) /* time step t=1 */ 
  Generate_Map (i) ) /* time step t=1 */ 
End for 

TM
 li

ne
 g

en
er

at
io

n 

/* Define the performances for the varied logical sensor */ 
ELGMEGBM 0(1)=Current initial performance measure(1) /* time step t=0 */ 
OLGMEGBM 0(1)=1-ELGMEGBM

0(1) /* time step t=0 */ 
For OO_Counter=0:1 step 0.01 
  OLGMOGBM 0(1)=OO_Counter /* time step t=0 */ 
  UM0(1)=CalculateOld_UM0(1) /* time step t=0 */ 
  RunSensorFusionAlgorithm 
  UM1(1)=CalculateNew_UM1(1) /* time step t=1 */ 
  UM1,0(1)=0.5*(UM1(1) + UM0(1)) /* time step t=1 */ 
 
 /* The function gets two parameters  
  Mark_The_Point(UM0(1), UM1,0(1)) (input value, output value) */ 
 /* time step t=1 */ 
End for 

Figure 19 Pseudo code of transition matrix generation 
 
7.2 Analysis principles 
7.2.1 Transition matrix zones 
The transition matrix presents the relation between the logical sensors’ noise and the united 
measure values. 
For the two adaptive algorithms (AFL and ADS), the transition matrix of the united measures 
is divided into four main quarters (Figure 21). Quarters I and IV are defined as ‘good’ 
quarters. Quarter I implies a high united measure value and low noise thus indicating a reliable 
logical sensor performing; quarter IV indicates a ‘bad‘ sensor with a low united measure value 
(i.e., the system detected its bad performance). Quarters II and III are defined as ‘bad’ 
quarters. In quarter II the sensor has a high united measure value and high noise which implies 
that the system was misled. In quarter III, the sensor has a low united measure value and low 
noise, hence the system does not recognize the good sensor.  
 

                                                           
23 Appendix III presents the ‘real’ pseudo code and system complexity as it should be employed, if unlimited time 
and computational sources were available.  
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Since the logical algorithms (OR, MOST, and AND) do not consider performance measures in 
their fusion process, their transition matrix contains only two halves (Figure 22). The right half 
is considered as ‘good’ because of its low noise values while the left half is considered as 
‘bad’ because of its high noise values.  
 
Based on these definitions, a procedure was derived for analysis [section  7.2.3] resulting in 
guidelines for high performing algorithms [section  7.2.4]. 
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Figure 20 Transition matrix generation for the first logical sensor. 
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Figure 21 Transition matrix 
Noise vs. UM1,0(i) 

Figure 22 Transition matrix two halves 
for logical algorithms 

 
7.2.2 Transition matrix area calculation 
To calculate the area of the varied sensor, all constant sensors are set to predefined noise 
values and all combinations are determined. Since in some cases, an algorithm can outperform 
in one zone and have low performances in another, the varied sensor was set to predefined 
initial values ensuring it entered each of the zones. In each zone the transition matrix of the 
varied logical sensor is calculated for two extreme cases. This creates two lines or line 
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segments. The area between each of these lines and the left edge of the transition matrix is 
calculated (e.g., Figure 23, UM0(i) output equals ‘-1’). The area defined as the difference 
between the areas is used as the comparison measure. The areas of all combinations of the 
remaining logical sensors are summed to minimize the influence of the randomized noise and 
the dependency between sensors. 
 
7.2.3 Transition matrix analysis principles 
The transition matrix presents the relation between the noise of the logical sensors and the 
united measure values (Figure 21). As mentioned above, the transition matrix of the logical 
algorithms is partitioned into two halves while the transition matrix of the adaptive algorithms 
is partitioned in four quarters. 
 
In the right half, a ‘good’ sensor fusion algorithm should locate the line indicating 0% noise 
next to the edge, while the 30% line will be located inside the zone (half or quarter). The area 
of the 0% noise line should be larger than the area of the 30% noise line (Figure 23).  
 
In the left half of the matrix, a ‘good’ sensor fusion algorithm should locate the line indicating 
90% noise next to the edge while the 70% line will be situated inside the zone (half or 
quarter). Since the area of the latter line (70% noise) should be larger than the area of the 
former line (90% noise), a positive distance value on the right half (area difference of 0%-
30%) and left half, (area difference of 90%-70%) is required. 
 
The ‘good’ quarters (i.e., I and IV) should have as large an area as possible so as to obtain 
high dissimilarity between different noise values (Figure 24, Figure 25). This enables the 
sensor fusion algorithm to distinguish between the logical sensor’s conditions. In the ‘bad’ 
quarters, the area should be as small as possible and skew to the edge. The aim is to ‘move’ 
the logical sensors from the ‘bad’ to the ‘good’ quarter since the system cannot correctly 
evaluate sensor performance in the former quarter. In each quarter the line on the edge is the 
radical case for noise and performance measure since the logical sensor converges faster into 
its correct value from this line than from any other line. Figure 26 and Figure 27 present two 
cases where sensors with high noise values and high performance (0.9) measures converge 
from the second quarter to the fourth quarter in three/four cycles24. In Figure 26, the line is not 
skew to the edge, thus, after three cycles, the united measure value converges to (–0.3). In 
Figure 27 the line does skew to the edge. After four cycles the united measure value is equal to 
(–0.75), and converges to (–0.98). These examples indicate that when the line is skew to the 
edge, the sensor performances is significantly enhanced. 
 
An overlap between two parallel quarters (i.e., I & II or III & IV) implies that the sensor 
fusion algorithm has problems in evaluating logical sensor performance for high noise values. 
As long as the noise values are not too high25 (less than 30%) the value of the logical sensor’s 
performance measure can move back and fourth between the four quarters of the adaptive 
algorithms in a specific trajectory: from quarter III to I to IV and to II (Figure 24). In case of 
an overlap between parallel quarters, the trajectory can pass from quarters I to II and from 
quarters III to IV too (Figure 24). Nevertheless, since it is impossible for the logical sensor to 
simultaneously change its performance measures and its noise value, there is no direct 
connection between the second and the third quarters (i.e., the two ‘bad’ quarters). 

                                                           
24 The output value UMt,t-1(i) is the input value of UMt(i). 
25 These values were empirically derived.  
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Figure 25 Transition matrix principles 

 
7.2.4 Guidelines to compare different sensor fusion algorithms 
The guidelines for comparing different sensor fusion algorithms are based on sections  7.2.1 - 
 7.2.3. 
i. An overlap between two parallel zones is not 

recommended26. 

                                                           
26 In the logical algorithms, the two halves should be distinct; in the adaptive algorithms quarters I and II or III and 
IV should be distinct.  
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ii. The larger the area difference between two parallel zones, the 
better. 

iii. Positive distance values in the right and left halves are 
required. 

iv. A large difference in areas should be obtained for the first 
and fourth quarters. 

v. A small difference in areas should be obtained for the second 
and third quarters. 

vi. The areas in all four quarters (and two halves) should be 
skew to the edge. 

 

  
Figure 26 A ‘Bad’ line – transition from 

‘bad’ quarter to ‘good’ quarter 
Figure 27 A ‘Good’ line – transition from 

‘bad’ quarter to ‘good’ quarter 
 
7.3 Simulation 
Analysis is conducted for specific intervals of noise and performance measures due to the 
complexity problem. A simulation27 program in VC++TM was developed employing the 
following values: 
• Assuming reliable sensors, initial performance measures for the constant sensors 

were set above 0.6.  
• Noise combinations are between 10% - 30% for the constant sensors. 
• Noise intervals of 10% are analyzed.  
 
Table 13 presents the specific values which were used. They were determined so as to be far 
from the borders28. All combinations of these values were analyzed and summed for each 

                                                           
27 System code is detailed in Appendix X. 
28 The boundary between two parallel zones (i.e., quarters I and II or I and III or II and IV or III and IV or left and 
right halves) is the imaginary 50% noise line and between the upper and lower halves it is the UM0(i)=0 line. To 
make sure two zones (i.e., quarters for the adaptive algorithms or halves for the logical algorithms) are far enough 
one from another the noise intervals were empirically defined as 10%-30% and 70%-90%, where the performance 
measure interval (i.e., OLGMOGBM

0(1)) was defined between ‘0’ to ‘1’ for the upper half and ‘-1’ to ‘0’ for the lower 
part. 
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noise combination to enhance the analysis29. This resulted in a total of 32 cases for each zone 
(quarter or half). 
 
Analysis was conducted for the three logical algorithms (OR, MOST, AND); 18 AFL 
algorithms (algorithms characteristics detailed in section  5.4); and one ADS algorithm 
(algorithm characteristic detailed in section  5.5).  

Table 13 Initial performance measures and noise values - four quarters 
LS number LS1 
Quarter I II 

LS2 LS3 LS4 LS5 

Noise [%] 10, 30 70, 90 10, 20 20, 30 20, 30 10, 30 
OLGMOGBM

0(i) 0-1 step 0.01 0.74 0.92 0.7 0.94 
ELGMEGBM

0(i) 1 0.93 0.98 0.86 0.79 
      
LS number LS1 
Quarter III IV 

LS2 LS3 LS4 LS5 

Noise [%] 70, 90 10, 30 10, 20 20, 30 20, 30 10, 30 
OLGMOGBM

0(i) 0-1 step 0.01 0.74 0.92 0.7 0.94 
ELGMEGBM

0(i) 0 0.93 0.98 0.86 0.79 
 
7.3.1 Simulation assumptions 
• Each logical sensor observes the same area. 
• The simulation operates synchronously. All logical sensors update the GBM at 

once.  
• At initialization (i.e., t=0), all logical sensors have different performance measure 

values. 
• Uniform distribution of noise was simulated. 
• The observation map t

iy , the local grid map t
iu  and the global grid map tu0  have 

the same matrix dimensions. 
• To generate the united measure only, one sensor’s performance measure (i.e., 

OLGMOGBM(i)) is varied and fused with all other sensors that have constant 
performance measures.  

• Only the transition matrix of the varied sensor is analyzed (the first sensor).  
• The transition matrix is generated after one time step. 
 
7.4 Results 
7.4.1 General 
For the sake of simplicity, the raw data (detailed in Appendix XI) is divided into nine levels 
denoted as B-, B, B+, A-, A, A+, G-, G, G+, where ‘A’ stands for Average, ‘B’ stands for 
‘Bad’, and ‘G’ stands for ‘Good’. Table 15 summarizes the levels of the 22 sensor fusion 
algorithms separately for the logical and adaptive algorithms. 
 

                                                           
29 From equation [33] it can be seen that the united measure depends on two independent parameters. This implies 
that an infinite number of combinations of performance measures can influence the united measure value. Hence, it 
is important to consider many cases in the analysis. 
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7.4.2 Logical algorithms 
7.4.2.1 General 
The logical algorithms are a special case of the adaptive algorithms. Since they do not 
consider performance measures within their fusion process, as abovementioned the logical 
algorithms generate a transition matrix within two halves only.  
Results indicate identical area calculation for the OR and AND algorithms (Table 14). This 
can be explained by the fact that the OR algorithm needs to find at least one ‘Signed’ cell to 
mark the cell as ‘Signed’, where the AND algorithm needs to find at least one ‘Unsigned’ cell 
to mark the cell as ‘Unsigned’. Hence, the algorithms are actually ‘opposite’ as detailed in the 
following. 
 
• n=1 (i.e., OR)  vs.  n=N (i.e., AND) 
• n=2    vs.  n=N-1 
• …  
• n=Const  vs.  n=N-Const+1 

where N is the total number of logical sensors in the system. 
 

Table 14 Area calculations for two logical sensor fusion algorithms 
Noise OR MOST AND  Noise OR MOST AND 
10 % 2430.086 2570.421 2430.085  70 % 2372.245 1648.482 2372.246 
30 % 2409.048 2329.249 2409.047  90 % 2356.116 1057.793 2356.117 
Difference 21.039 241.172 21.039  Difference 16.129 590.690 16.129 

 
 
It must be noted that when comparing one on one the united measure values for the different 
OR and AND algorithms, there is a difference in the calculated areas. However, since the area 
calculations are based on a multitude of different random initial performance measure values30 
the resulting areas of the two algorithms converge to the same value (details in Appendix XII).  
 
7.4.2.2 Results 
Results indicate the following: 
• For all logical algorithms there is no overlap between two parallel halves as 

required  
( 7.2.4.i). 

• The distance between the two halves is small, resulting in reduced 
performance for the OR and AND algorithms. 

• A positive difference in value is required in the left and right halves of the 
transition matrix ( 7.2.4.iii). For both halves, the OR and AND algorithms do not 
fulfill this requirement; the MOST algorithm does. 

• For the OR and AND algorithms the areas in the two halves are not skew to 
the edge  
( 7.2.4.vi). 

• The area of the MOST algorithm is skew to the edge. 
• The OR and AND algorithms have identical performances due to the 

following:  
- Similarity in the algorithm definitions (detailed in  7.4.2.1), 
- Uniform noise distribution  

                                                           
30 Since an infinite number of performance measure combinations can generate the same UM1,0(i) value the transition 
matrix is generated based on 100 performance measure values. 
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- Identical number of empty (i.e., ‘0’) and occupied (i.e., ‘1’) cells within the 
original maps (Figure 17). 

 
7.4.3 Adaptive algorithms 
For the adaptive algorithms (i.e., 18 adaptive fuzzy logic algorithms and one ADS algorithm) 
the following results indicate: 
• There is no overlap between two parallel quarters as required ( 7.2.4.i).  
• The distance between the first and second quarters is large indicating good 

performance.  
• For the third and fourth quarters, some of the adaptive fuzzy logic algorithms 

(e.g., 1012, 1022 and others) and the ADS algorithm have low performance. 
• A large area difference for quarters I and IV and a small area difference for 

quarters II and III ( 7.2.4.iv and  7.2.4.v respectively) is required for the 
algorithms. All 18 adaptive fuzzy logic algorithms have a large area difference in 
the first quarter as required, but do not have a small area difference in the fourth 
quarter. For the second quarter, some of the AFL algorithms do not have a small 
area difference (e.g., 1011, 1021, and 1031) and one AFL does not have a large 
area difference for the third quarter (e.g., 1012). 

• For the second and third quarters, the ADS algorithm has a small area difference 
as required.  

• The area for some of the AFL algorithms is skew to the edge better than others 
( 7.2.4.i) (detailed Table 15) 

 
Table 15 Guidelines 
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 Commentary: A-Average; B-Bad; G-Good 
 
7.4.3.1 AFL algorithms ranking 
The procedure to choose the best AFL algorithm is intuitive and based on the guidelines for 
comparing different algorithms (detailed in section  7.2.4).  
• For the parameter, distance between two parallel zones, each adaptive fuzzy 

logic algorithm that received a grade below ‘A-’ is eliminated from the list 
(results in Table 16). 

• For the parameter, area difference, each adaptive fuzzy logic algorithm which 
received a grade below ‘B+’ is eliminated from the list (excluding the fourth 
quarter since all algorithms had bad results). 

 
According to above, the best algorithms were the adaptive fuzzy logic algorithms 1010 and 
2021. 
 
 
 
 
 
 

Table 16 Elimination of adaptive fuzzy logic algorithms 
Requirements Eliminated AFL algorithms 

The algorithms received grade below ‘A-‘ for the distance between two 
parallel zones parameter. 31 

1012, 1020, 1022, 1030, 1032, 
2010, 2011, 2012, 2020, 2022, 
2030, 2031, 2032. 

The algorithms received grade below ‘B+‘ for the area difference 
parameter. 

1011, 1021, 1031. 

 
7.5 Discussion  
The low performances for the OR and AND algorithms can be explained by their low 
performances according to all guidelines. The performance of the ADS algorithm is also low. 
The performance of the AFL algorithms depends on the specific membership functions and 
rules employed. In some cases, the MOST algorithm outperformed the AFL algorithm (e.g., 
1022 for area difference criterion – right and left halves); in other cases the AFL algorithm 
outperformed the MOST (e.g., 1010; for the area skewed to the edge criterion - left half). 
When comparing the AFL 1010 algorithm to the MOST (the two algorithms that were 
compared in Chapter  8) using the TM analysis, we can see that in some cases MOST is better.  
 
It is important to identify and realize that some of the sensor fusion algorithms are better in 
some quarters and have low performances in others. 
 
7.6 Chapter summary 
The contribution of this chapter is that it provides a method for evaluating the performance of 
sensor fusion mapping algorithms in simulation. The advantage of this procedure is that there 
is no need for time-consuming experimentation. However, the methodology is limited to such 
algorithms as MOST, AND, OR, AFL and ADS. 

                                                           
31 The underlined algorithm’s codes received different grades combinations of ‘B’; where all these algorithms used 
the AND rule for the fusion. 
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It must be noted that this thesis presents only a preliminary investigation of this methodology. 
Future research is required to analyze the effect of additional parameters: 
• Different noise distributions (e.g., Normal, Poisson, Exponential),  
• Number of sensors,  
• The number of occupied and empty cells within the original map (i.e., the 

environment) should be considered, and 
• Different types of united measures. 
 
 



 

8 Statistical evaluation method for evaluating sensor fusion 

mapping algorithms 
 

Chapter overview 
This chapter presents a statistical evaluation method for comparing grid-map based sensor 
fusion algorithms based on experiments in a real-world environment. New sensor fusion 
performance measures were developed for the comparison, which was setup to ensure that the 
obtained measurements do not depend on sensor characteristics or tested cases. The method 
defines quantitative procedures for experimental design and statistical analysis. The statistical 
evaluation method is applied to a case study that compares five different sensor fusion 
algorithms in a mobile robot experiment. 
 
8.1 General 
The statistical evaluation method defines the experimental design and statistical analysis 
procedures. The experimental design describes procedures to define the number of 
experiments and repetitions and to ensure that the experiment and repetitions are indeed 
different. The statistical analysis procedures present a systematic methodology to evaluate the 
difference between the sensor fusion algorithms. Five sensor fusion algorithms were evaluated 
using this method: Three logical algorithms (OR, MOST and AND); one AFL algorithm and 
one ADS algorithm. The best ALF performing algorithm was selected based on the transition 
matrix analysis. 
 
8.2 Evaluation method 
8.2.1 Overview 
The statistical evaluation method defines the experimental design and statistical analysis 
procedures. To receive reliable results, the procedure must include several experiments, which 
differ by changes in input and by logical sensor conditions. An experiment is defined as a 
mapping task for specific environmental and sensory conditions. Each experiment is 
performed R times (called repetitions), under the ‘exact’ same environmental and sensory 
conditions. The number of experiments and repetitions are derived from several parameters 
including the statistical characteristics of the data (e.g., standard deviation), the desired α value 
and the minimum difference, ∆ , to be detected (detailed in  8.2.2). The statistical analysis 
includes three steps for comparing the sensor fusion algorithms (detailed in  8.2.4).  
 
8.2.2 Experimental design 
Comparison between algorithms must be employed for a variety of sensor and environmental 
conditions to minimize the influence of a specific dataset when drawing conclusions about 
fusion performances. The number of experiments is derived according to the desired α value 
(as detailed in section  8.2.4.iii and Figure 28). The number of repetitions should be calculated 
separately for each performance measure so as to reduce the effect of noise and depends on the 
minimum difference, ∆ , to be detected (detailed below).  
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The preliminary step is to generate a binary map for each logical sensor 
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is the total number of samples). This is done using recorded raw data generated by each logical 
sensor during the experiment. 
After the specific experiments have been conducted, several steps (to be detailed below) must 
be conducted to ensure that the experiments and the repetitions are indeed different, and to 
ensure that enough repetitions were conducted. Since the environmental and sensory 
conditions are not specifically defined, all experimental data should be recorded to validate 
and guarantee the results. Analysis is conducted only after all data is collected. Additional 
experiments and/or repetitions might be required if the following procedures are unsuccessful 
(detailed in section  8.2.4 and  8.2.5).  
 
Different experiments 
For each experiment between every two repetitions, each logical sensor’s binary map, Li, from 
one repetition is compared to all other logical sensor maps from the other repetition. This 
procedure is employed for all repetition combinations, and the absolute value of the 
'subtracted maps' is stored. For each comparison, the worst (maximum) difference of all 
logical sensors is saved. When the values on a graph are being plotted, they should be 
categorized within the experiment’s region. 
 
Different repetitions 
For each experiment, each logical sensor’s map, Li, is compared with all its repetitions in 
pairs, e.g., the first logical sensor's maps from the first repetition is subtracted from all its 
maps from all other repetitions. The value within the generated subtracted map is saved as an 
absolute value. This is conducted for all logical sensors. The maximum value is saved and 
used for further analysis. When the values on a graph are being plotted, they should be 
categorized within the repetition’s region. 
 
Volume of overlap region 
The number of occupied cells for repetitions should occupy different regions than those for the 
number of occupied cells for experiments. This is calculated by the “volume of the overlap 
region” measure [Tin and Mitra, 2002].  
 
This measure evaluates the overlap of different classes (i.e., ‘populations’). The maximum and 
the minimum values of each feature fi and class cj are defined to be max(fi, cj) and min(fi, cj), 
respectively. Since, in our case there is only one feature (i.e., ‘occupied’ cells) and two classes 
(i.e., experiments and repetitions), i=1 and j=2 the overlap measure is defined as 
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The volume is negative as long as there is no overlap between the two regions. This value 
should be as negative as possible (i.e., the two regions should be far from each other). 
 
Number of experiments 
The initial number of experiments is derived empirically and is set in between 4 to 9 
experiments for four performance measures. The final number of experiments is derived 
according to the desired α value in the third step of the statistical analysis, as detailed in 
section  8.2.4.iii and Figure 28.  
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Number of repetitions 
It is impossible to predict a-priori the number of repetitions required for each experiment. 
When there is no explicit assumption about data distribution, the rule-of-thumb for sample size 
determination in nonparametric tests requires that the number of repetitions be 15% more than 
the sample size required for a t-test [Lehmann and D'Abrera, 1998]. The sample size equation 
for the t-test is 

 
( )

2

22

∆
+

≥ βα ZZS
R  [35]

 
where R is the number of repetitions; S  is the sample standard deviation; α is defined as type I 
error; β is defined as type II error; αZ  and βZ  are the corresponding values from standard 
normal distribution; and ∆  is defined as the minimum difference to be detected. R is 
calculated for each performance measure [20]-[23] separately and the largest R is multiplied 
by 1.15 for adjustment. 
 
8.2.3 Performance measures calculation and grouping 
This step is conducted only after it has been confirmed that there are a sufficient number of 
different repetitions and experiments (i.e., success in all analysis in section  8.2.2). The 
performance measures are calculated according to [20]-[23]. The calculated performance 
measures are divided into groups according to the different experiments. For each experiment, 
all repetition values for each performance measure are grouped together. 
 
8.2.4 Statistical analysis 
The statistical analysis32 is conducted as follows: 
i. The difference in location among sensor fusion algorithms (determined by the medians) 
is tested for each group separately using Friedman’s test [Hollander and Wolfe, 1973]. The 
null hypothesis is that algorithms perform equally in terms of the median of the sensor 
fusion performance measure. Within each group, the algorithms are ranked from the least 
(rank=1) to the largest (rank=N) for each repetition. The ranks of each algorithm are 
summed. The statistical test is based on the sum of ranks: under H0 they are expected to be 
similar, while under H1, at least one sum will be different.  
ii. Once the null hypothesis is rejected, the algorithms are further divided into 
homogeneous subgroups based on Friedman’s multiple-comparison procedure [Hollander 
and Wolfe, 1973]. Two algorithms will be considered different if the difference between the 
sums of their ranks exceeds a critical value. The crucial value is derived from a statistical 
table (table A.17, Hollander and Wolfe, 1973). 
iii. Final comparison between the two algorithms that perform the best is conducted using 
the sign test [Hollander and Wolfe, 1973], which is a nonparametric test that checks the 
significance of difference between the medians of the two algorithms. If the difference is 
lower then the significance level (the desired α value) no additional experiments are needed; 
if the difference is higher then the significance level additional experiments must be 
conducted and the whole procedure must be repeated from the beginning (Figure 28). 
 

                                                           
32 Formal statistical definitions are detailed in Appendix XVIII. 
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Figure 28 Flowchart to define the number of experiments 
 
8.2.5 Summary of experimental design and statistical analysis procedures 
To summarize the statistical evaluation procedures and rules, a flowchart diagram (Figure 30) 
is defined to verify that: (1) the number of repetitions for each experiment is appropriate, and 
(2) repetitions and experiments are different. 
 
The statistical analysis includes three steps (Figure 29). The first step is a Friedman test, 
which tests the hypothesis that the performance measures of all algorithms have equal 
medians. If/when the first hypothesis is rejected, the second step (i.e., multiple comparisons 
procedure) divides the algorithms into homogeneous subgroups. The third step (i.e., sign test) 
tests an hypothesis about the location of the population median for the two best-performing 
algorithms. 
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Figure 29 Schematic diagram of parameters influence on the different statistical tests 
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Figure 30 Experimental design flowchart 

 
8.3 Case study 
8.3.1 Sensor fusion algorithms 
Five sensor fusion algorithms were employed: OR, MOST, AND, AFL33 and ADS compared 
using the statistical evaluation methodology. 
 
8.3.2 Experimental design 
Seven different experiments34 were conducted (Table 17). The experiments differed in the 
environmental and logical sensor conditions. Malfunctions were created by setting logical 
sensors to empty (e.g., US1 in experiments I-IV, CAM3 in experiment V); full (e.g., US1 
experiments V and VII); and shifting positions by a constant value (e.g., CAM2 and CAM3 in 
experiments I-IV and VII). Lighting conditions were changed in the sixth experiment. In 
addition, there were natural variations of light conditions along the path due to reflections and 
time differences. Each experiment was repeated five35 times for each sensor fusion algorithm 
resulting in a total of 175 experiments (5 sensor fusion algorithms x 5 repetitions x 7 sensor 
and environmental conditions). 
 

                                                           
33 AFL – The adaptive fuzzy logic algorithm employed in the comparison process is coded as 1010 (Table 10). 
34 The number of experiments is derived according to the procedure defined in section  8.2.2 for a significance level 
of 0.05. Since the obtained significance level is 0.039 (see section  8.3.4) no more experiments are needed. 
35 The number of repetitions is derived according to details in the following. 
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Different experiments 
A comparison between every two experiments, each with 5 repetitions and 5 logical sensors 
generates a total number of 125 maps (5 repetitions of experimenti x 5 repetitions of 
experimentj x 5 logical sensors). For each experiment, the number of 'signed cells' is only 
calculated for the worst logical sensor, resulting in just 25 maps (procedure detailed in  8.2.2). 
 
Different repetitions 
An experiment with 5 repetitions and 5 logical sensors generates 50 ‘subtracted maps’ (10 
repetition combinations x 5 logical sensors). For each combination, the number of 'signed 
cells' is calculated for the worst logical sensor. Thus from 50 maps only the 10 worst maps are 
considered (procedure detailed in  8.2.2) 
 
Volume of overlap region 
The maximum number of ‘signed cells’ for all worst logical sensor pairs is plotted in Figure 
31. The volume of overlap region [36] is negative36, thus the two regions do not overlap37. 
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Figure 31 Two regions for signed cells: repetitions and experiments 

 
Number of repetitions 
The sample size equation is based on the t-test detailed in [35], and is calculated for α=0.05 
and β=0.2. To determine ∆ , an average value ( x ) for the five repetitions of each algorithm in 
each experiment was calculated. ∆  is chosen to be 10% from this maximal value38. Based on 
the results presented in Table 18, the largest R is for the OO measure (3.714). The calculated 
value is multiplied by 1.15 and rounded for adjustment; this results in 5 necessary repetitions. 
 

                                                           
36 The maximum number of ‘signed cells’ for repetitions and experiments is detailed in Appendix XX and Appendix 
XXI respectively. 
37 If there is an overlap experiment and/or repetitions must be added, then the whole procedure must be repeated 
until no overlap is obtained. Different experiments/repetitions can be achieved through different scenarios such as 
adding obstacles or decoys, increasing the path length, changing light conditions, and changing sensory conditions.  
38 There is a tradeoff between the α, β and ∆ values and the number of repetitions required. This is presented in Table 
19. A large value of ∆ and/or lower values of α and β increase the number of repetitions required. 
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Table 17 Experimental design for statistical evaluation experiment 
Exp US1 US2 CAM1 CAM2 CAM3 Comments 

I. Empty 
Probabilistic 

approach 
algorithm 

Regular 
algorithm 

Shift: 
X=X+40cm 
Y=Y+40cm 

Shift: 
X=X-40cm 
Y=Y-40cm 

 

II. Empty 
Probabilistic 

approach 
algorithm 

Regular 
algorithm 

Shift: 
X=X-40cm 
Y=Y-40cm 

Shift: 
X=X+40cm 
Y=Y+40cm 

 

III. Empty 
Probabilistic 

approach 
algorithm 

Regular 
algorithm 

Shift: 
X=X-20cm 
Y=Y-20cm 

Shift: 
X=X+40cm 
Y=Y+40cm 

 

IV. Empty 
Probabilistic 

approach 
algorithm 

Regular 
algorithm 

Shift: 
X=X-40cm 
Y=Y-40cm 

Shift: 
X=X+20cm 
Y=Y+20cm 

 

V. Full 
Probabilistic 

approach 
algorithm 

Regular 
algorithm 

Regular 
algorithm Empty  

VI. OR 
Algorithm 

Probabilistic 
approach 
algorithm 

Regular 
algorithm 

Regular 
algorithm 

Regular 
algorithm 

Light conditions: 
Cycles: Begin-10: light on. 
Cycles: 10-end: light off. 

VII. Full 
Probabilistic 

approach 
algorithm 

Regular 
algorithm 

Shift: 
X=X+40cm 
Y=Y+40cm 

Shift: 
X=X-40cm 
Y=Y-40cm 

 

 
Table 18: Largest R value for each performance measure(α=0.05 and β=0.2) 

Performance 
Measure 

S x  x⋅=∆ 1.0  R RAdjusted=1.15·R 

OO 0.0415 0.5355 0.1071 3.714 4.271 
EE 0.0171 0.9719 0.1943 0.192 0.221 
OE 0.0165 0.8729 0.1745 0.220 0.254 
EO 0.0560 1.0000 0.2 1.938 2.229 

 

Table 19: Number of required repetitions as a function of ∆  (α=0.05 and β=0.2) 
∆  RAdjusted=1.15·R 

0.05* x  17.08 
0.1* x  4.271 
0.2* x  1.067 

 
8.3.3 Performance measures calculation and grouping 
Table 20 presents an example of raw data for one of the repetitions in one of the experiments 
for all sensor fusion algorithms. Raw data of the whole experiment is detailed in Appendix 
XIX. The sensor fusion performance measures are calculated from these data using [20]-[23] 
resulting in Table 21. This is repeated for each combination of experiment, repetition, and 
performance measure. An example of the resulting OO values for all repetitions is presented in 
Table 22.  
 

Table 20: Raw data: Experiment I, first repetition  
Algorithm OccupyORG OccupyGGM  ORGGGMOO  ORGGGMEE  ORGGGMEO  ORGGGMOE OccupyCoefficient EmptyCoefficient 

ADS 273 1476 269 3320 1207 4 0.185 0.734 
AFL 273 186 125 4466 61 148 0.681 0.981 
AND 273 0 0 4527 0 273 0.000 0.943 

MOST 273 41 34 4520 7 239 0.150 0.951 
OR 273 1476 270 3321 1206 3 0.185 0.734 
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Table 21: Sensor fusion performance measures values for experiment I, first repetition  
Algorithm OO EE OE EO 

ADS 0.182 0.538 0.071 0.012 
AFL 0.312 0.968 0.000 0.173 
AND 0.000 0.943 0.000 1.000 

MOST 0.019 0.950 0.000 0.744 
OR 0.183 0.539 0.071 0.009 

 
Table 22: OO measure calculations for five algorithms, five repetitions, Experiment I 

 Repetition number 
Algorithm 1 2 3 4 5 

ADS 0.182 0.167 0.170 0.188 0.181
AFL 0.312 0.218 0.229 0.266 0.286
AND 0.000 0.000 0.000 0.000 0.000

MOST 0.019 0.017 0.019 0.022 0.014
OR 0.183 0.163 0.164 0.188 0.181

 
8.3.4 Statistical analysis 
i. An example of Friedman’s test results for the OO measure of one experiment is 
presented in Table 23. The entries in each row are the ranks of each algorithm within the 5 
replications. The corresponding p-values for all 7 experiments are presented in Table 24. 
The very small p-values in Table 24 imply a statistical difference between algorithms for all 
four-performance measures. 
ii. An example of the multiple comparison procedure for the four measures is presented in  
iii. Table 25. The α value for this test is derived from the number of repetitions and the 
number of compared algorithms. Table 26 is a statistical table in which different α values are 
presented for five algorithms. For example, for 5 repetitions and 5 algorithms (R=5), in order 
to generate an α-value of 0.04, a difference of 14 points between the ranks of the algorithms 
is required. If six algorithms were compared for the same number of repetitions, α would be 
0.022, where a difference of 18 points between algorithm ranks is required. In the example 
presented in  
iv. Table 25 for the OE measure, algorithms with the same letter belong to homogenous 
subgroups. Algorithms that belong to group ‘A’, should have a sum of ranks from 25 to 11 
(since 25-14=11). An algorithm that belongs to group 'B' has a sum of ranks from 20 to 8. 
An algorithm that belongs to group 'C' has a sum of ranks from 15 to 1. For the OO, EE and 
EO measures, there is no group 'C' since it is included in the ‘B’ group. In our case, the 
multiple comparison results indicated that the AFL and MOST algorithms resulted in best 
performance.  
v. Table 25 describes an example of the 28 multiple comparison tests detailed in Appendix 
XXII.  
vi. Final comparison between the two best performing algorithms (AFL vs. MOST) was 
conducted, using the sign test (Table 27). 28 cases were examined. The AFL algorithm was 
better than the MOST algorithm in 14 cases, in 5 cases the MOST was better then the AFL 
and in 9 cases both algorithms had same performances (28 cases examined= seven 
experiments x four performance measures)39. The significance level corresponding to this 
case is equal to 0.039 [Hollander and Wolfe, 1973], implying that the AFL algorithm is the 
best. 

                                                           
39 Sign test results are detailed in Appendix XXIII. 
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8.4 Discussion  
The statistical evaluation method presented in this chapter indicated that the two best 
performing algorithms are AFL and MOST. Of the two, the AFL is superior. The ADS 
algorithm has low performance. These evaluations correspond to visual presentations of the 
generated maps for the different sensor fusion algorithms as detailed in Figure 32 and the TM 
evaluation method presented in chapter  7 40. The results obtained by the statistical analysis 
correspond to the TM analysis results. 
 
8.5 Chapter summary 
This chapter presents a method for evaluating sensor fusion algorithms based on a quantitative 
comparison which is independent of the data acquired and the sensors used. The sensor fusion 
performance measures and performance analysis procedure provide a basis for modeling, 
analyzing, experimenting and comparing different sensor fusion algorithms. The capability to 
compare different algorithms creates a ranking basis, making it possible to select the best 
algorithm. 
 
The statistical evaluation method defines the experimental design and statistical analysis. The 
number of experiments and repetitions required are derived from the statistical characteristics 
and the desired confidence level. Since procedures are defined to ensure that the experiments 
are indeed conducted differently, the results are not specific for either the evaluated test cases 
or the sensor characteristics. The statistical analysis provides a systematic method for 
comparing sensor fusion algorithms.  
 
Although this method requires experimentation, it offers the ability to compare actual 
performances in the real world. Previous experimental evaluation work focused on comparison 
in a limited number of case studies or in limited case studies. The advantage of our method, is 
that the proposed method is independent of specific environmental conditions. With this 
procedure, it is now possible to compare algorithms on the base of limited experimental data 
and to validate their applicability without extensive experimentation.  
 
 

Table 23: Example of Friedman test results for the OO measure 
Experiment I, five repetitions  

 Algorithms 
 ADS AFL AND MOST OR 

Rep 1 4 5 1 2 3 
Rep 2 4 5 1 2 3 
Rep 3 4 5 1 2 3 
Rep 4 4 5 1 2 3 R
an

k 

Rep 5 4 5 1 2 3 
 Sum 20 25 5 10 15 

 
 

                                                           
40 A comparison between six sensor fusion algorithms (OR, MOST, AND and 3 AFL algorithms) using the transition 
matrix and the statistical evaluation methods are presented in Appendix XIII.  
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Table 24: Friedman test results 

Experiment 
Sensor fusion 
performance 

measures 
p-value  Experiment 

Sensor fusion 
performance 

measures 
p-value 

OO 0.0006  OO 0.0005 
EE 0.0006  EE 0.0006 
OE 0.0005  OE 0.0006 I. 

EO 0.0007  

V. 

EO 0.001 
OO 0.0006  OO 0.0006 
EE 0.0005  EE 0.0005 
OE 0.0005  OE 0.0005 II. 

EO 0.0006  

VI. 

EO 0.0006 
OO 0.0005  OO 0.0005 
EE 0.0005  EE 0.0005 
OE 0.0005  OE 0.0007 III. 

EO 0.0007  

VII. 

EO 0.0005 
OO 0.0006  
EE 0.0006  
OE 0.0006  IV. 

EO 0.0007  

 

 
Table 25 Multiple comparison results - Experiment II (α=0.04) 

 (Note: for OE and EO a smaller value is preferable) 
OO measure for experiment II  EE measure for experiment II 

Algorithm Sum of 
ranks 

Sub 
groups  Algorithm Sum of 

ranks 
Sub 

groups 
AFL 25 A    AFL 25 A   
OR 18 A B   MOST 20 A B  

ADS 17 A B   AND 15 A B  
MOST 10  B   ADS 8  B  
AND 5  B   OR 7  B  

 
OE measure for experiment II  EO measure for experiment II 

Algorithm Sum of 
ranks 

Sub 
groups  Algorithm Sum of 

ranks 
Sub 

groups 
OR 25 A    AND 25 A   

ADS 20 A B   MOST 20 A B  
MOST 15 A B C  AFL 15 A B  
AND 10  B C  OR 9  B  
AFL 5   C  ADS 6  B  
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Table 26 Multiple comparison values for five and six algorithms for different number 
of repetitions adapted from [Hollander and Wolfe, 1973], Table A.17 

R r(α,5,R) α value  R r(α,6,R) α value 
3 10 0.067  3 13 0.030 
 11 0.018   14 0.008 
 12 0.002  4 15 0.047 

4 12 0.054   16 0.018 
 13 0.020   17 0.006 
 14 0.006  5 17 0.047 

5 14 0.040   18 0.022 
 16 0.006   19 0.010 

6 15 0.049  6 19 0.040 
 16 0.028   20 0.021 
 17 0.013   21 0.010 

R – number of repetitions 
r(α,5,R) – Minimum difference between sum of ranks 
for five algorithms. 
r(α,6,R) – Minimum difference between sum of ranks 
for six algorithms. 

 
 

Table 27 Sign test results41 

Ranks

14a 10.00 140.00
5b 10.00 50.00
9c

28

Negative Ranks
Positive Ranks
Ties
Total

MOST - AFL
N Mean Rank Sum of Ranks

MOST < AFLa. 

MOST > AFLb. 

AFL = MOSTc. 
 

Test Statisticsb

-2.065a

.039
Z
Asymp. Sig. (2-tailed)

MOST - AFL

Based on positive ranks.a. 

Wilcoxon Signed Ranks Testb. 
 

 
 
 
 
 
 
 
 

                                                           
41 This table generated using the SPSSTM for windows software release 10.0.1 (http://www.spss.com). 
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Map results Experiment 1, first repetition 

      
OR AND MOST ADS AFL Original map  

 

Map results Experiment 2, first repetition 

      
OR AND MOST ADS AFL Original map  

 

Map results Experiment 3, first repetition 

      
OR AND MOST ADS AFL Original map  

 

Map results Experiment 4, first repetition 

      
OR AND MOST ADS AFL Original map  

 

Map results Experiment 5, first repetition 

      
OR AND MOST ADS AFL Original map  

 

Map results Experiment 6, first repetition 

      
OR AND MOST ADS AFL Original map  

 

Map results Experiment 7, first repetition 

      
OR AND MOST ADS AFL Original map  
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Figure 32 Map results – generated maps for different algorithms in the statistical evaluation 
method 

Different experiments, first repetition 
 



 

9 A sensor fusion framework for online sensor and 

algorithm selection 
 

Chapter overview 
This chapter presents a sensor fusion framework for selecting online the most reliable logical 
sensors and the most suitable algorithm from which to fuse the data. The framework is rule-
based, employing “use the simplest sensor fusion algorithm with the most reliable sensors” 
concept. This is achieved using the developed performance measures that quantify online the 
performance of the sensors. The advantages of this new framework are presented using 
statistical, histogram, time series and graphical analysis. 
 
9.1 General 
The purpose of the sensor fusion framework is to select online the most reliable logical sensors 
and the simplest sensor fusion algorithm for the fusing task. The framework is abbreviated as 
OLSAS, On Line Sensor and Algorithm Selection. The system is rule-based, employing the 
concept “use the simplest algorithm with the most reliable logical sensors”. The two best 
performing algorithms were selected for the framework. These algorithms were selected 
using the transition matrix evaluation methodology detailed in chapter  7 and based on the 
statistical evaluation method developed in chapter  8. Accordingly, the MOST and AFL 
algorithms were selected. 
 
The advantage of the MOST algorithm is its simplicity (Θ(N), proof in Appendix III). 
However, since it does not consider logical sensor performance for its fused map generation, it 
only achieves limited performance in some cases. The advantage of the AFL is its ability to 
identify low-performing logical sensors and ignore them for the generation of the fused map. 
Its disadvantage lies in its complexity (Θ(2N), proof in Appendix III). With this awareness of 
the advantages and disadvantages of each type of algorithm, we applied a three-step approach. 
First, the simplest algorithm (i.e., MOST) is employed for sensor fusion. In this step, 
malfunctioning sensors are ignored and low performing sensors activate the AFL algorithm to 
recheck all logical sensors. Second, the AFL algorithm periodically checks all logical sensors. 
Finally, when more than two logical sensors function correctly, the MOST algorithm is 
employed, otherwise the AFL algorithm is implemented. The specific values for defining low 
performances were determined in a preliminary experiment (detailed in section  9.3.1). 
 
9.2 Information flow 
Two additional models are added to the aforementioned information flow (section  3.2) so as to 
deal with online logical sensor and algorithm selection (Figure 33).  
The 'new' information flow (Figure 33) is described as follows: at each time step t, the ith 
logical sensor represents the environment using a local grid map t

iu , NiRu bat
i ,,2,1, L=∀∈ × , 

where a and b are defined as the maps' dimensions and N is the number of logical sensors. 
The current observation is denoted by t

iy , NiRy ii dct
i ,,2,1, L=∀∈ ×  and the previous 

observations are denoted as 121 ,,, i
t
i

t
i yyy L−− . where ci and di are defined as the observation 
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map’s dimensions. Based on the previous local grid maps 1-tu , { }11
2

1
1 ...,,, −−−= t

N
tt uuu1-tu  of the 

logical sensors and the previous global binary map defined as 1
0
−tu , the logical sensors 

performance measures 1-tp  are evaluated, { }11
2

1
1 ...,,, −−−= t

N
tt ppp1-tp  where 1−t

ip  is the ith logical 
sensor performance measures at time step t-1; 1−t

ip  has four elements 41 Rpt
i ∈− . The rule base 

uses the logical sensor’s performance measure for evaluating the logical sensors and the 
algorithm to be employed. Thus, the four performance measures for each sensor ( 1-tp ) are 
calculated for the employed algorithm (MOST or AFL) (detailed in section  9.4). 
The sensor fusion algorithm use the average performance measure value for the fusion 
process. Thus, according to the employed algorithm and sensors, an average value of the 
logical sensor performance measures is calculated 2-t1,-tp , { }2,12,1

2
2,1

1 ,...,, −−−−−−= tt
N

tttt ppp2-t1,-tp  

at time step t-1, based on 1-tp  and 2-tp , where 
2

21
2,1

−−
−− +
=

t
i

t
itt

i
ppp , 

NiRp tt
i ,...,2,1,42,1 =∀∈−− . 

Both the local grid maps tu  and an average value of the logical sensor performance measures 
2-t1,-tp  are transmitted42 to the fusion center. At the fusion center, based on all local grid maps 

tu  and the average value of the logical sensor performance measures 2-t1,-tp  , the employed 
sensor fusion algorithm yields the global binary map tu0 , using the decision rule (.)f  as 
follows: 

 
( )2-t1,-tt pu ,0 fut =  [37]

 
The global binary map, tu0  is fed back to all logical sensors ( tu ) to calculate the new 
performance measures ( tp ). 
Using the decision rule (.)S  and the previous performance measures 1-tp  and 2-tp  (detailed 
in  9.3.3 and  9.4), the sensor fusion algorithm (.)tf  is defined. 
 

( ) ( )2-t1-t pp ,. Sf t =   43 [38]
 
Online logical sensor selection is applied only when low performing sensors are detected. The 
binary logical sensors’ flag tb , { }t

N
tt bbb ...,,, 21=tb , 1,0∈tib  is determined based on the decision 

rule (.)S  (detailed in  9.3.2 and  9.4)44 and the sensor fusion algorithm (.)tf : 
 

( ) ( )( ).,. Sf t=tb  [39]
 

                                                           
42 Since the system works asynchronously whenever the ith logical sensor sends its LGM (i.e., t

iu ) to the fusion 
center based on its characteristics (i.e., scanning rate and algorithms’ processing time), the rest of the LSs transform 
their LGMs relatively for the vehicle new position. 
43 The 1-tUM  and 2-tUM  united measures are derived directly from 1- t p and 2-tp . 
44 Since the on-line algorithm selection and on-line sensor selection modules are dependent, one letter (i.e., S(.)) 
represents these modules. 
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where '0'=t
ib  means that the data provided by the ith logical sensor is to be ignored and '1'=t

ib  
means that the data is to be considered. Summation of the global binary maps over time 

generates the global grid map Z , zz ba
T

t

t RZuZ ×

=

∈=∑ ,
1

0 , where az and bz are defined as the 

global grid map's dimensions and T is the total number of samples. 
 
9.3 Principles 
The two best performing algorithms AFL and MOST were employed. The system aims to 
use the MOST algorithm whenever possible. The AFL algorithm is activated if one out of two 
states occur:  
(i) the MOST algorithm realizes that one or more of the logical sensors 

have low performance, 
(ii)  if only two logical sensors are functioning. 
In addition, a periodic check of all logical sensors is conducted using the AFL algorithm. 
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Figure 33 Information flow at time t 

 
9.3.1 Preliminary experiments 
The aim of the preliminary experiments was to generate the rules for the OLSAS framework. 
The rules define cases of low performing logical sensors and total malfunctioning logical 
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sensors (when the sensors read the whole environment as Empty or Occupy). Sensory and 
environmental conditions for the preliminary experiments are detailed in experiment VI, Table 
17. Examples of the performance measure values for the MOST and AFL algorithms are 
detailed in Appendix XXIV and Appendix XXV respectively. The rules are not optimal and 
they were derived based on the case studies employed. 
 
9.3.2 Online logical sensor selection 
Online logical sensor selection was applied only for malfunctioning and low performing 
sensors. 
• A malfunction is determined using the performance measures generated by the 

MOST algorithm for cases in which the whole environment is Occupy (rule I) 
or Empty (rule II). The following two rules are applied: 

 
( )( ) ( )( )( ) ( )( )[ ]

( )( ) ( )( )( ) ( )( )[ ]
0

501E0O

0

500E1O

LGMLGM

LGMLGM

=

===

=

===

t
i

tt
GBM

t
GBM

t
i

tt
GBM

t
GBM

b

Then.iUM  iE  iOIf II

b

Then.iUM  iE  iOIf I

II

II

 

 
• Low performing sensors are defined as sensors that have current and previous 

united measure values (i.e., ( )iUM t  and ( )iUM t 1− ) less than 65% in the last 
two readings45. When this occurs, the MOST algorithm activates the AFL 
algorithm. The AFL algorithm generates a fused map based on all logical 
sensors. As part of this process, the performance measures of all sensors are 
re-calculated. Only sensors which were found to be reliable are considered in 
the next fusion step. 

 
( ) ( )

algorithmAFLtheActivate

  Then ). i UM .iIf (UM tt 30301 <<− I
 

 
9.3.3 Online sensor and algorithm selection framework 
The framework was developed based on the following principles: 
• Use the simplest algorithm, MOST, whenever possible 
• Activate the AFL periodically to check the performances of all logical sensors 

                                                           
45Remark: 

From [5]-[8] and [9] we receive  
)(1)( LGMLGM iOOiOE t

GGM
t

GGM −= , )(1)( LGMLGM iEEiEO t
GGM

t
GGM −=  and 

2
)()()()()( LGMLGMLGMLGM iOEiEOiEEiOOiUM

t
GBM

t
GBM

t
GBM

t
GBMt −−+

=  

If 30)( . iUM t < , then, 3.0
2

)()()()( LGMLGMLGMLGM <
−−+ iOEiEOiEEiOO t

GBM
t

GBM
t

GBM
t

GBM  

Hence, 65.0)()( LGMLGM <− iEOiOO t
GBM

t
GBM  
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• In case of low performance of one or more of the logical sensors, the MOST 
algorithm activates the AFL algorithm to recheck all logical sensor 
performances. 

• If only two logical sensors are functioning, use the AFL algorithm. 
9.4 Rules of the online sensor and algorithm selection framework 
The rules presented in Figure 35 are based on concepts presented in sections  9.3.2 and  9.3.3. 
The state flow diagram of the online sensor and algorithm selection framework is presented in 
Figure 34. 
Step 0)  Increase counter value. 
Step 1) The MOST algorithm generates the fused map, using only the reliable logical sensors 

(i.e., bi
t-1=1). The generated fused map is compared with all logical sensor maps and 

the five performance measures (i.e., [5]-[9]) for all logical sensors are calculated (e.g., 
OLGMOGBM

t(i), ELGMEGBM
t(i), OLGMEGBM

t(i), ELGMOGBM
t(i) and UMt(i)). The MOST 

algorithm checks for radical cases, defined as cases when the algorithm reads the 
whole environment as Empty (signed as ‘0’) or as Occupy (signed as ‘1’). Ignore the 
specific logical sensor in next fusion step (i.e., 0=t

ib ). In a case where the MOST 
algorithm detects a logical sensor with low performance measures, the AFL algorithm 
is activated for a recheck in step 2. 

Step 2) The AFL algorithm checks the performance of all logical sensors when one of the 
following conditions is matched:  
(i) there is a routine check as specified for every specific number of cycles (e.g., 

Cycle mod 5)  
(ii) one of the logical sensors has low performance (reference from step 1, MOST 

algorithm ask for recheck) or 
(iii) there are only two logical sensors functioning (reference from step 3). 
 

Step 3) Check if there are more than two functioning logical sensors. If there are, then the 
MOST algorithm will operate in the next cycle (Alg_Flagt-1=1). If not, then the AFL 
algorithm will be operated in the next cycle (Alg_Flagt-1=0). 

 
 

AFL MOST Condition:
functionsensorstwothanMore

Condition:
functionsensorstwoOnly
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Figure 34 The online sensor and algorithm selection state flow diagram 
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9.5 Experiments 
9.5.1 Algorithm 
To evaluate the OLSAS framework, it was compared to four sensor fusion algorithms, OR, 
MOST, AND and the best performing AFL algorithm46 (which was selected based on the TM 
analysis). The ADS was not compared in the analysis due to its unpredictable low 
performances (caused by the high dependency on the initial performance measures Appendix 
XIV). 
 
9.5.2 Experimental design47 
Seven different experiments were conducted. The experiments were designed similar to the 
previous experiments, emphasizing harsh conditions so as to enable evaluation in tough 
conditions (Table 28). The experiments differed in the environmental and logical sensor 
conditions. Malfunctions were created by setting logical sensors to empty (US1 in experiments 
1-5; US2 in experiment 7 after the 11th cycle; CAM1 in experiments 6 and 7; and CAM3 in 
experiments 5 and 7), and shifting obstacles positions by a constant value (CAM2 and CAM3 
in experiments 1-5; Table 28). Lighting conditions were changed in the sixth and seventh 
experiments. In addition, there were natural variations of light conditions along the path due to 
reflections and time differences. 
 
Each experiment was repeated five times. Each repetition included a random change of decoy 
locations. As aforementioned, the real obstacles were at fixed locations. The AFL was 
periodically activated every 5 cycles. 
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46 coded as 1010. 
47 Raw data for all experiments are detailed in Appendix XXVI. 
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Figure 35 The online sensor and algorithm selection procedure at time step t 

 
 

Table 28 Experimental design for OLSAS experiment analysis 
Light conditions Exp US1 US2 CAM1 CAM2 CAM3 Light ON Light OFF 

1 Empty 
Probabilistic 

approach 
algorithm 

Regular 
algorithm 

Shift: 
X=X+40cm 
Y=Y+40cm 

Shift: 
X=X-40cm 
Y=Y-40cm 

Cycles: Begin-end  

2 Empty 
Probabilistic 

approach 
algorithm 

Regular 
algorithm 

Shift: 
X=X-40cm 
Y=Y-40cm 

Shift: 
X=X+40cm 
Y=Y+40cm 

Cycles: Begin-end  

3 Empty 
Probabilistic 

approach 
algorithm 

Regular 
algorithm 

Shift: 
X=X+40cm 
Y=Y+40cm 

Shift: 
X=X-20cm 
Y=Y-20cm 

Cycles: Begin-end  

4 Empty 
Probabilistic 

approach 
algorithm 

Regular 
algorithm 

Shift: 
X=X-20cm 
Y=Y-20cm 

Shift: 
X=X+40cm 
Y=Y+40cm 

Cycles: Begin-end  

5 Empty 
Probabilistic 

approach 
algorithm 

Regular 
algorithm Regular Empty Cycles: Begin-end  

6 OR 
Algorithm 

Probabilistic 
approach 
algorithm 

Empty Regular Regular Cycles: Begin-10 Cycles: 10-end 

7 OR 
Algorithm 

Empty: Begin-11 
Regular: 11-end Empty Regular Empty Cycles: 8-14 Cycles: Begin-8 

Cycles: 14-end 
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9.6 Analysis method 
To emphasis the advantage of the new framework several methods were used to analyze the 
online sensor and algorithm selection framework. 
 

9.6.1 Statistical analysis 
The OLSAS framework was compared to the four other algorithms using the statistical 
evaluation method presented in chapter  8. 
 

9.6.2 Sensor and algorithm selection 
The online sensor and algorithm selection abilities were analyzed by determining for all 
experiments the number of times: 
• each logical sensor participates in the fusion process 
• the system changes the number of logical sensors participating in the fusion 

process 
• the system uses different types of sensor fusion algorithms and why 
• there is a switch between the two sensor fusion algorithms. 
 

9.6.3 Time series analysis 
A time series analysis was conducted to understand the online sensor and algorithm selection 
procedure. However, since this analysis depends on the environmental changes occurring 
along the path, it was conducted in conjunction with the path history and was therefore 
evaluated only for case studies. Time series analysis for one repetition from each experiment is 
presented in Appendix XXXI. The time series analysis consists of four parts:  

A. environmental conditions (i.e., lighting conditions – On or Off) 
B. the logical sensors’ participation in the fusion process (i.e., which logical sensors US1, 

US2, CAM1, CAM2, CAM3 participate) 
C. switches between participating logical sensors:  
 CI —number of logical sensors participating (2,3,4 or 5), 
 CII —if there is a switch between logical sensors (Yes/No). 
D. sensor fusion algorithm participating: 
 DI —which algorithm is responsible for the fusion (MOST or AFL), 
 DII —at what cycle the switch occurs. 

 

9.6.4 Graphical analysis 
A graphical analysis was conducted to enable qualitative presentation of the results. This was 
conducted for one repetition of each experiment. 
 

9.7 Results and discussion 
9.7.1 Statistical analysis 
Volume of overlap region 
The number of occupied cells for repetitions should occupy different regions than those for the 
number of occupied cells for experiments. According to the data in Appendix XXVII and 
Appendix XXVIII, the maximum number of ‘signed cells’ for all worst logical sensor pairs is 
plotted in Figure 31. The volume of overlap region [40] is negative, thus the two regions (i.e., 
experiments and repetitions) do not overlap. 
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Figure 36 Two regions for signed cells in the OLSAS analysis: repetitions and experiments 

 
Number of repetitions 
The sample size equation is based on the t-test detailed in [35], and is calculated for α=0.05 
and β=0.2. To determine ∆ , an average value ( x ) for the five repetitions of each algorithm in 
each experiment was calculated. ∆  is chosen to be 20% from this maximal value48. Based on 
the results presented in Table 29, the largest R is for the OO measure (i.e., 4.116). The 
calculated value is multiplied by 1.15 and rounded for adjustment. This results in 5 necessary 
repetitions. 
 

Table 29 Largest R value for each performance measure (α=0.05 and β=0.2) 
Performance 

Measure 
S x  x⋅=∆ 2.0  R RAdjusted=1.15·R 

OO 0.0834 0.5114 0.10228 4.116 4.734 
EE 0.0583 0.9678 0.19357 0.561 0.645 
OE 0.0309 0.1976 0.03952 3.783 4.350 
EO 0.0560 1.0000 0.2 0.484 0.557 

 

Table 30 Number of required repetitions as a function of ∆  (α=0.05 and β=0.2) 
∆  RAdjusted=1.15·R 

0.05* x  75.748 
0.1* x  18.937 
0.2* x  4.734 

 
Performance measures calculation and grouping 
i. The very small p-values in Table 31 imply a statistical difference between algorithms 

for all four performance measures (p-value < 0.002).  
ii. Results from multiple comparisons indicate that the OLSAS framework and the AFL 

algorithm gave the best results (Appendix XXIX). 
iii. A final comparison between OLSAS vs. AFL was conducted, using the sign test (Table 

32 and Appendix XXX). The OLSAS framework was better than the AFL algorithm in 
                                                           
48 There is a tradeoff between the α, β and ∆ values and the number of repetitions required. This is presented in Table 
30. A large value of ∆ and/or lower values of α and β increase the number of repetitions required. 
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21 out of the 28 cases examined (seven experiments x four performance measures). 
The significance level corresponding to 21 cases out of 28 is equal to 0.0301 
[Hollander and Wolfe, 1973], implying that the OLSAS framework indeed 
outperforms the AFL algorithm. 

 
Table 31 Friedman results for the OLSAS experiment 

Experiment 
Sensor fusion 
performance 

measures 
p-value  Experiment 

Sensor fusion 
performance 

measures 
p-value 

OO 0.0005  OO 0.0005 
EE 0.0005  EE 0.0005 
OE 0.0005  OE 0.0005 1 

EO 0.0007  

5 

EO 0.0005 
OO 0.0006  OO 0.0006 
EE 0.002  EE 0.0005 
OE 0.0005  OE 0.0005 2 

EO 0.0009  

6 

EO 0.0005 
OO 0.0005  OO 0.0005 
EE 0.0005  EE 0.0005 
OE 0.0005  OE 0.0005 3 

EO 0.0005  

7 

EO 0.0005 
OO 0.0008    
EE 0.0005    
OE 0.0005    4 

EO 0.0005  

 

  
 
 

Table 32 Sign test results for OLSAS experiment 
Performance measures 

OO EE OE EO 
Exp. 

Environmental 
conditions OLSAS AFL OLSAS AFL OLSAS AFL OLSAS AFL 

1 5 0 5 0 0 5 5 0 
2 5 0 3 2 1 4 5 0 
3 5 0 5 0 0 5 5 0 
4 5 0 5 0 0 5 5 0 
5 5 0 5 0 0 5 5 0 
6 5 0 5 0 0 5 5 0 
7 5 0 5 0 0 5 5 0 

Total 7 0 7 0 0 7 7 0 
Note: The values in the table indicate the number of times each algorithm outperforms the opponent. 
The parameters OE and EO determine how many times the algorithms made correct decisions (and 
therefore a larger value is preferable). 

 
9.7.2 Sensor and algorithm selection 
Analysis of the number of times each sensor participated in the fusion process (Figure 37) 
indicated that the logical sensors that were based on the ultrasonic sensors (US1 and US2) 
participated in the fusion process in 48.1% and 90.9% of the cases respectively. The cameras 
participated in the fusion process in 86.4%, 78.6 % and 86.2% of the cases, respectively. 
These values indicate that not all sensors were considered in the fusion all times, i.e., sensors 
were selected for the fusion based on their actual performances. Analysis indicated that three 
logical sensors were employed 35.2% of the time; four logical sensors were employed 35.58% 
of the time; and all five sensors were employed 27.92% of the time (Figure 38 and Table 33). 
Hence, despite high performances of the individual sensors, only 3-4 sensors were used in 
most cases in the fusion. 
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Analysis of the sensor fusion algorithm employed (Figure 39) reveals that the MOST 
algorithm was used in 44% of the cases; the AFL was used in 55.4% of the cases; and only in 
0.6% of the cases was the fusion conducted with only two logical sensors. In 54.6% of the 
cases, the sensor fusion algorithm remained the same (Figure 40), while in 22.7% of the cases, 
the algorithm changed from AFL to MOST. In 22.8% of the cases, it changed from MOST to 
AFL. This indicates that despite the harsh environmental changes, the system succeeded in 
using the simple algorithm in half of the cases. However, the fact that the AFL algorithm was 
employed in other cases indicates its contribution. 
 
9.7.3 Time series analysis 
In the first case (Figure 41), only two logical sensors were functioning correctly (US2 and 
CAM1, Table 28). The framework found these two logical sensors as reliable most of the time. 
However, it also used CAM3 all times indicating that apparently CAM3 also succeeded in 
obtaining good results. The system also used sometimes US1 and CAM2. This indicates that 
system response was not specifically tailored to the lighting conditions and sensors were 
employed on the basis of their actual performances. In many cases, the AFL algorithm fused 
the data as a result of the routine check (i.e., every 5 cycles) or when the MOST algorithm 
activated it as a result of sensor low performance.  
 
In the second case (Figure 42), since the light was off (Exp 7, Table 28), the OLSAS 
framework used in the beginning the only accurate logical sensor (US1). This is the reason for 
missing the first obstacle (Figure 43). In addition, the obstacles are marked as arcs since part 
of the time the light was off and only the ultrasonic sensors functioned. Nevertheless, the 
system used 3-5 logical sensors and switched a lot between the two fusion methods. Full 
details of one repetition from each experiment in the time series analysis are presented in 
Appendix XXXI. 
 
9.7.4 Graphical analysis 
Figure 43 visually presents the results of one repetition from each experiment. In all cases, the 
OR algorithm generated a map covered with obstacles, and the AND algorithm generated 
empty maps. Both the MOST and AFL algorithms have poor performances and hardly detect 
the obstacles. The OLSAS framework obtained good results in the first, second, third and fifth 
experiments. In the fourth experiment, the OLSAS ‘missed’ the last obstacle and detected 
some decoys as obstacles. In the seventh experiment, the OLSAS missed the first obstacle. 
The fourth and seventh experiments present poor performances for the OLSAS framework. In 
the first case (experiment number 4) the OLSAS framework ‘diverged’. That is to say, it 
detected decoys as obstacles and missed one obstacle. The seventh experiment presents a case 
where only one sensor functioned correctly. Since at the beginning only the US1 sensor was 
functioning, the OLSAS could not determine which of the logical sensors was providing 
reliable information. 
 
9.8 Discussion  
Previous results presented in both the statistical and transition matrix analysis indicate superior 
performance of the AFL algorithm. However, in several cases the MOST algorithm 
outperformed the AFL algorithm. According to the results presented in this chapter, the AFL 
and MOST algorithms had limited performances. This is probably because of the harsh 
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conditions under which they were tested. This emphasizes the need for the OLSAS framework 
which outperformed both the MOST and AFL algorithms.  
There are two possible reasons for the improved performance of the OLSAS. First, OLSAS 
incorporates dynamic selection of the most reliable sensors. Hence, both the MOST and AFL 
used only reliable sensors in their fusion. Second, the OLSAS benefits from efficient resource 
utilization (since it employs, when possible, a simple algorithm) which enables the robot to 
respond in real-time to changing environmental and sensory conditions. 
 
The OLSAS cannot be evaluated using the TM methodology since the use of a specific 
algorithm (MOST or AFL) depends on the specific environmental and sensory conditions at a 
specific sample time. Hence, this cannot be analyzed in a one-time step simulation. 
 
9.9 Chapter summary 
The OLSAS framework has two advantages. First, it selects the most reliable logical sensors. 
This is achieved by the ‘complex’ AFL algorithm, which measures low performing logical 
sensors and by the ‘simple’ MOST algorithm, which identifies malfunctioning logical sensors. 
Once the reliable sensors are identified, the simple sensor fusion algorithm (MOST) is 
employed. The second advantage of the proposed framework is its ability to select the simple 
sensor fusion algorithm whenever possible. The advanced algorithm is selected only when 
needed (when either sensors or environmental conditions deteriorate). These two advantages 
result in efficient resource utilization. In addition, the framework provides improved 
robustness and flexibility since it deals with logical sensors and general rules for sensor fusion 
algorithms that are independent of the specific physical sensors and conditions employed. The 
autonomous distinction between ‘good’ and‘ ‘bad’ sensors, regardless of the specific 
environmental conditions, improves AFL capabilities: the system overcomes tough situations 
independently by finding the best combination of sensors and/or by activating the best-fit 
algorithm. 
 
 

 
 

Figure 37 Percentage each logical sensor participated in the fusion process 
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Figure 38 Percentage of switches between logical sensors participating in the fusion process 
 
 

Table 33 Number of logical sensors participating in the fusion process 
Number of 

logical sensors 

Percentage [%] 

2 0.65%+0.65%+0.0%+0.0%=1.3% 

3 0.0%+22.21%+8.44%+4.55%=35.2% 

4 0.65%+1.95%+16.10%+16.88%=35.58% 

5 0.0%+10.39%+10.91%+6.62%=27.92% 

 
 

 
 

Figure 39 Histogram of rule-based activation 
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Figure 40 Percentage of switches between the two sensor fusion algorithms 
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Figure 41 Time series analysis – Experiment 3 49 
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Figure 42 Time series analysis – Experiment 7 

 
                                                           
49 Commentary: LS – Logical sensor; Alg – Algorithm. 
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Map results Experiment 1, first repetition 

      
OR AND MOST AFL OLSAS Original map  

 

Map results Experiment 2, first repetition 

      
OR AND MOST AFL OLSAS Original map  

 

Map results Experiment 3, first repetition 

      
OR AND MOST AFL OLSAS Original map  

 

Map results Experiment 4, first repetition 

      
OR AND MOST AFL OLSAS Original map  

 

Map results Experiment 5, first repetition 

      
OR AND MOST AFL OLSAS Original map  

 

Map results Experiment 6, first repetition 

      
OR AND MOST AFL OLSAS Original map  

 

Map results Experiment 7, first repetition 

      
OR AND MOST AFL OLSAS Original map  

Figure 43 Map results – Different experiments, first repetition 
 



 

10 Conclusions and future research 
 
10.1 Conclusions 
This dissertation presents the development of an adaptive sensor fusion framework for 
mapping the environment of a mobile robot using a grid-map representation concept. The 
adaptive sensor fusion framework consists of three modules. The first module includes 
performance measures to quantify online sensory performance. The performance measures 
used in our research were logically generated although they are similar to other measures used 
in other fields, e.g., sensitivity [Ellwood, 1993], and P(d) [Lombardi and Zavidovique, 2004]. 
Since logical sensors are employed, as opposed to previous research [Konolige, 1997] 
confidence is associated with the whole grid map and not with each cell separately. This 
results in low bandwidth requirements. 
 
In this research, the developed measures were free from a-priori assumptions about the 
environment or the sensors. This is a major contribution as the following statements by various 
researchers in the field indicate. For example, Chen and Ansari (1998, p. 276), whose research 
relates to adaptive fusion of correlated decisions, state: “The major drawback of all the 
optimal decisions is the requirements of the knowledge of a-priori probabilities and the 
probabilities of a miss and detection of each local sensor that are not readily available in 
practice”. Papastavrou and Athans (1992, p. 1156) in comparing different binary distributed 
decision architectures state in regard to tandem architecture of two decision makers50 “… we 
show that the optimal configuration depends on the prior probabilities, in the cost assignments 
and, in a counterintuitive manner, on the number of messages …”.  
 
The performance measures we developed provide a basis for the second module, a statistical 
evaluation method that quantifies the performance of the fusion algorithms. The statistical 
evaluation method defines quantitative procedures for experimental design and comparison 
analysis. The comparison is set up to ensure that the obtained measurements do not depend on 
sensor characteristics or tested cases. Previous evaluations of sensor fusion algorithms were 
based on theoretical, simulation or experimental analysis. Theoretical and simulation analysis 
are limited since they require a-priori assumptions [Chair and Varshney, 1986; Reibman and 
Nolte; 1987; Sadjadi, 1986; Srinivasan, 1986; Tenney and Sandell, 1981; Thomopoulos et el., 
1987]. Experimental comparisons are usually specific to the test cases evaluated and therefore 
are also limited [Faceli et al., 2004; HoseinNezhad et al., 2002; Ribo, 2000]. The advantage of 
the proposed method is that it enables us to compare algorithms based on limited experimental 
data and to validate their applicability without requiring extensive experimentation. 
Furthermore, it ensures that the experiments conducted are indeed different, ensuring the 
results are not specific for the evaluated test. 
 
The adaptive sensor fusion algorithm, the third module, evaluates online sensory 
performance, providing immediate response to changing sensor and environmental conditions. 
As a result, the actual performance of each sensor is considered in the fusion task. 

                                                           
50 The decision maker of Papastavrou and Athans (1992) paper is analog to logical sensors in our work. 
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The integration of the three modules results in an adaptive framework that employs the 
“simplest sensor fusion algorithm with the most reliable sensors” concept. This framework is 
rule-based and selects online the most reliable logical sensors and the most suitable algorithm 
for fusing the data  
 
While the adaptive framework presented in this dissertation is similar to distributed systems 
with feedback and memory found in the literature, our framework differs from existing 
distributed systems in several aspects [Alhakeem and Varshney, 1996; Ansari et al., 1996; 
Chair and Varshney, 1986; Chang and Kam, 1994; Kam et al., 1991; Pados et al., 1995; 
Srinivasan 1990]. First, our framework deals with logical sensors. Second, the framework 
provides a solution for unknown sensor probabilities, contrary to other research in which 
fusion modules are based on assumed noise distributions (e.g., Poisson distribution; Alhakeem 
and Varshney, 1996) or a-priori sensor information (e.g., probability of false alarm; Kam et 
al., 1999; Ansari, 1996). Furthermore, the framework is employed on a moving platform, a 
parameter that increases complexity by introducing an additional dimension, space. 
 
The adaptive framework provides solutions to several of the future directions indicated by Luo 
et al., (2002) as important for multisensor fusion:  
 
• multilevel sensor fusion: ‘Single level sensor fusion limits the capacity and 

robustness of a system ... Therefore, there is a clear need to integrate and fuse 
multisensor data for advanced systems with high robustness and flexibility and 
the multilevel sensor fusion is needed in advanced systems.’  

• fault detection: ‘Fault detection has become a critical aspect of advanced 
fusion system design. Failures normally produce a change in the system 
dynamics and pose a significant risk.’  

• adaptive multisensor fusion: ’In general, multisensor fusion requires exact 
information about the sensed environment. However, in the real world, precise 
information about the sensed environment is scarce and the sensors are not 
always perfectly functional. Therefore, a robust fusion algorithm in the 
presence of various forms of uncertainty is necessary.’ 

 
Our online sensor and algorithm selection framework is multilevel. At the first level, which, 
corresponds to the cell level, the best-fit logical sensors are selected. The second level in this 
framework is the decision regarding the best-fit sensor fusion algorithm to be employed. 
Although, these levels do not correspond exactly to the levels stated in Luo, they match up 
quite well with the decision-making levels presented by Dasarathy (1997). Fault detection is 
achieved through the adaptive fuzzy logic algorithm that detects malfunctioning and low 
performing sensors. The framework is adaptive to both sensory and environmental conditions. 
 
This dissertation presents another significant development - a method for analyzing a-priori 
the performance of a sensor fusion algorithm. Using simulation analysis of a transition 
matrix, the best performing algorithms can be selected. The advantage of this method is that 
there is no need for time-consuming experimentation. However, this method is specific for the 
united measure as defined in this work. Furthermore, this method cannot be used to analyze 
the online sensor and algorithm selection framework since it is a dynamic, rule-based system 
(both the number of sensors employed in the fusion and the specific algorithm employed 
change in real-time depending on actual performances).  
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This work presents two methods for modeling, analyzing, experimenting and comparing 
different sensor fusion algorithms. We see this as a major contribution to the field of sensor 
fusion analysis. Despite the extensive literature on sensor fusion mapping, most developments 
state the advantage of a specific algorithm for certain case studies. The methods developed in 
this research are general and independent of specific environmental and sensory conditions. 
Both methods were applied to evaluate the adaptive algorithms that we developed in our 
research and proved their superiority. 
 
To summarize, the new adaptive sensor fusion framework selects online the most reliable 
logical sensors and the most suitable algorithm for data fusion. This provides several 
advantages. First, it makes it possible to select the most reliable logical sensors. Secondly, it 
enables us to select the most suitable algorithm for the specific environmental and sensory 
conditions. This approach results in improved robustness and flexibility. The developed 
framework is an important contribution toward the development of intelligent autonomous 
robots for unstructured environments. 
 
 
10.2 Future research 
Many research areas remain open for future expansion of this work.  
 
Performance measures 
The performance measures influence the algorithms and system analysis. Different 
performance measures can be defined, e.g., adding weights to the measures, incorporating 
multiple time samples. For example adding weights to the different measures can 
increase/decrease their influence on the system (e.g., for mine detection the weight of P(miss) 
is critical and should be maximum; for medical diagnostic systems, P(miss) must be low). 
Although this research considers only one time sample, multiple time samples can be 
introduced into the system history thereby influencing performance. Future research should 
analyze these influences.  
 
Representation 
The adaptive algorithms use a two-dimensional binary map to represent the environment. 
Future research should deal with maps with uncertainty values representing the probability for 
an obstacle in the cell. In addition, handling of three-dimensional maps can provide important 
additional information.  
 
Obstacle detection 
The current system determines an obstacle once the cell is marked (even once). Different 
threshold techniques for defining an obstacle existence should be developed and integrated. 
The optimal threshold might depend on several parameters such as the vehicle’s velocity, 
sensor scanning rates, the mapping area in front of the robot. [Cohen et al., 2000]. These 
factors influence must be explored further.  
 
Expanded experimentation 
In further research, it would be beneficial to experiment with an enhanced robot under more 
realistic conditions than those that prevailed in the current experiment. Among the possible 
steps that it would be useful to implement:  
• Adding physical sensors for viewing different areas, with different overlap 

regions,  
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• Increasing non-restricted movement of the robot (current experiments were 
limited to forward advance along a straight line) 

• Increasing and varying the mobile robot’s velocity. 
Final analysis of an actual autonomous system employing a multitude of physical sensors 
should be implemented in unstructured and dynamic environments. 
 
Transition matrices and the adaptive algorithm performances 
Verifying algorithm suitability for the fusion task is based on the analysis of the UM transition 
matrix. Preliminary results for this method look promising, but there are some open questions 
that should be considered: 
• Since this procedure is time consuming, are there more efficient methods for 

evaluating sensor fusion algorithm performance ? 
• Is it possible to reverse the process, i.e., first create the transition matrices and 

then use them to generate sensor fusion algorithms ? 
• Since it is impossible to check all performance measures and noise 

combinations, how can we be sure that the noise and performance measure 
intervals truly represent the algorithm’s performance? Additional noise 
distributions and environmental conditions should be evaluated.  

• Can an optimal TM be defined ? 
• Can the TM methodology be expanded to evaluate time dependent frameworks 

such as the OLSAS framework.  
• The TM methodology is limited in its capability for dealing with the above 

issues. Creative methods from other areas should be considered.  
 
Adaptive algorithms 
The ability to create adaptive algorithms that react to environmental changes and sensory 
conditions is an important mean of upgrading a robot’s mobile performance and robustness. In 
this research, two adaptive algorithms were developed using Dempster Shafer and fuzzy logic 
theories. Only the AFL algorithm was suitable for the fusion task. Currently there is no 
analytical explanation for the divergence of the ADS algorithm. Future research should 
investigate: 
• What is the problem with this algorithm: theory or specific rules? 
• Is it possible to establish a procedure (i.e., a do and don’t list) to develop a 

good sensor fusion algorithm? 
 
Improvement of the OLSAS 
Since the rules were not optimally designed, they can be improved. One direction is to 
generate rules to select the sensor fusion algorithm according to the performances in the 
transition matrices. In addition, an optimal AFL algorithm can be selected according to 
environmental and sensory conditions. Another direction is to change the periodic check of the 
AFL dynamically according to sensory and environmental conditions. 
 
Additional applications  
As the performance of the adaptive algorithms increases, additional possibilities for applying 
them to other applications begin to emerge. For example in quality assurance [Gros et al., 
2000], and geographical mapping systems [Chao et al., 2002; Estep et al., 1994] the adaptive 
algorithms offer the possibility to achieve more reliable and less expensive output, for the 
same inputs. 
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Appendix I Logical sensors 

This appendix presents different logical sensor connections [Zheng, 1989]. 

 
Figure 44 A logical sensor that gains input information from several sensing devices 

 (adapted from Zheng, 1989) 
 

 
Figure 45 Multiple logical sensors share information generated by a single sensing device 

(adapted from Zheng, 1989) 
 

 
Figure 46 Multiple logical sensors share information generated by a set of sensing devices 

(adapted from Zheng, 1989) 
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Appendix II Decision modeling 

Decision theory deals with the development of techniques to help a decision maker to choose 
among a set of alternatives in light of their possible consequences [Kuncheva, 2002; Tien, 
2003]. In his research, Tien defines decision level fusion [Tien, 2003]: “Decision level fusion 
refers to combining information extracted from sensory data at the highest level of 
abstraction; it is commonly employed in applications where multiple sensors are of different 
nature, or are located in different regions of the environment. Fusion is accomplished by 
judicious processing of the individual sensory information, or through symbolic reasoning that 
may make use of prior knowledge from the world model or source external to the system. The 
prevailing techniques for decision or symbolic level fusion include Bayesian and Dempster-
Shafer evidential reasoning ... In the decision making context the difference between data and 
information is that data represent basic transactions captured during operations, while 
information represents processed data (e.g., derivations, groupings, patterns, etc,). 
 
Decision theory deals with different levels of information. In the sensor fusion context, each 
sensor performs an identity declaration followed by a process that fuses all declarations to 
achieve a joint multisensor identity declaration. Decision-making approaches handle cases of 
unknown probabilities of the states of nature51, using several criteria methods including: 
maximax , maximin, minimax regret, Hurwicz and Laplace [Kuncheva, 2002]. 
• The Maximax criterion assumes an optimistic decision maker selecting the 
alternative that represents the maximum of the maximum payoff.  
• The Maximin criterion is the reverse of the maximax criterion. The 
maximin criterion assumes that the decision maker is conservative (pessimistic) 
about the future. The minimum payoffs for each alternative are compared, and the 
alternative that produces the maximum of the minimum payoffs is chosen. 
• The Minimax regret criterion is based on the regret. We feel regret when 
we do not get what we want, or discover that what we chose produced less than 
expected. The regret function is defined for each alternative in each state of 
nature as: 
 

Regret = (Best decision payoff)-(Other decision payoff) 
 
• The Hurwicz criterion strikes a compromise between the maximax and 
maximin criteria. The decision maker is neither optimistic nor pessimistic, 
implying he is conservative. With the Hurwicz criterion, the decision payoffs are 
weighted by a coefficient of optimism (realism), a measure of the decision 
maker's optimism: 
  

 
Figure 47 The Hurwicz criterion spectrum 

 
where: 
α = Coefficient of optimism, 0 ≤ α ≤ 1 
1-α = Coefficient of pessimism, 0 ≤ α ≤ 1 
 

                                                           
51 State of nature – Defined as the analysis to identify the future events that might occur. 
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The Hurwicz criterion requires that for each decision alternative, the maximum payoff be 
multiplied by the coefficient of optimism, and the minimum payoff be multiplied by the 
coefficient of pessimism. The Hurwicz criterion specifies the selection of the decision 
alternative corresponding to the maximum weighted value. 
• The LaPlace criterion, also called the equal likelihood criterion, equally 
weights the possibility of occurrence of each state of nature. For each alternative, 
an average payoff is calculated and the alternative with maximum average payoff 
is chosen. 
 
The most intuitive criterion for fusion, the logical criterion type (e.g., OR, MOST, and AND) 
is commonly employed in static sensors fusion systems [Blum et al., 1997; Kuncheva, 2002; 
Weisenseel et al., 1999]. Weisenseel et al. (1999), using the logical AND method, 
implemented fusion for land mine detection while Kuncheva (2002) applied the logical 
criterion type for theoretical study of classifier fusion strategies. Gunatilaka and Baertlein 
(2001) used the Bayes risk method to solve the problem of land mine detection with three 
types of sensors (i.e., IR cameras, ground-penetrating radars and metal detectors). Litienthal 
and Duckett (2003) created a gas concentration grid-map with a mobile robot using the 
Bayesian distribution method. Geraniotis and Chao (1990) used the Minimax method to check 
binary systems however they had some a-priori probabilities of the system. 
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Appendix III Algorithm complexity calculation 

This appendix presents a complexity analysis of the two types of algorithms that were used in 
this research: logical algorithms and adaptive algorithms. The difference between the two 
algorithms is the calculation of the truth table which, in the case of the adaptive algorithms, is 
recalculated every cycle. 
 
The appendix is organized as follows. First, the terminology related to the complexity analysis 
is detailed. Secondly, the complexity for both types of algorithms is calculated. 
 
Definitions (adapted from Thomas et al., 1990) 
• Asymptotically Tight Upper Bound: ‘O’  
Definition: Let f(n) and g(n) be functions of a single non-negative integer argument. 
( ) ( )( )ngnf Ο=  if there exist a positive real-valued constant c and a positive integer n0 such 

that: ( ) ( )ngcnf ⋅≤≤0  for all 0nn ≥ .  
 
• Asymptotically Tight Lower Bound: ‘Ω’  
Definition: Let f(n) and g(n) be functions of a single non-negative integer argument. 
( ) ( )( )ngnf Ω=  if there exist a positive real-valued constant c and a positive integer n0 such 

that: ( ) ( )nfngc ≤⋅≤0  for all 0nn ≥ . 
 
• Asymptotically Tight Upper and Lower Bound: ‘Θ’  
Definition: Let f(n) and g(n) be functions of a single non-negative integer argument. 
( ) ( )( )ngnf Θ=  if there exist positive real-valued constants c1, c2 and a positive integer n0 such 

that: ( ) ( ) ( )ngcnfngc ⋅≤≤⋅≤ 210  for all 0nn ≥ .  
 
Sensor fusion algorithms complexity analysis 
Logical algorithms: 
The information flow of the logical algorithms is presented in Figure 48. For these algorithms, 
all local grid maps are generated for each cycle (map generation, ( )NΘ ), where the global 
binary map is calculated based on the local grid maps and a logical rule (OR/ MOST/ AND).  
Since for each sensor the map dimensions, are constant (i.e., a and b), the final value for the 
time it takes to calculate for N logical sensors is ( ) ( )NN Θ=Θ⋅ 1 .  
 
Adaptive Algorithms: 
Figure 49 presents the information flow of the adaptive algorithms. The map dimensions are 
constant (i.e., a and b). First the truth table is generated (which takes ( )N2Θ ). Then local grid 
maps are scanned and the final value is read from the truth table (which takes ( )1Θ ).  
Thus, the total complexity, illustrated in Figure 49, is ( )N2Θ . 
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Figure 48 Logical algorithms schematic 

information flow 
Figure 49 Adaptive algorithm schematic 

information flow 
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Appendix IV Pioneer 2AT- specifications and parameters 

 
Table 34 Pioneer 2 AT Specifications 

(adapted from Pioneer 2 manual) 
 Physical Characteristics  

50  Length (cm)  
49  Width (cm)  
24  Height (cm)  
5.5  Clearance (cm)  
14  Weight (kg) 
40  Payload (kg)  

  
 Power  

3  Batteries 12VDC lead-acid  
252  Charge (watt-hrs)  
4-6  Run time (hrs)  
2-3  with PC (hrs)  
 Recharge time  
6  hr/battery 
 std charger  
2.4  High-Speed (3 batteries)  

  
 Mobility  

4 pneumatic  Wheels  
220  diam (mm)  
75  width (mm)  
na  Caster (mm)  
Skid  Steering  
85.2:1  Gear ratio  
40  Swing (cm)  
0 cm  Turn (cm)  
700  Translate speed max (mm/sec)  
140  Rotate speed max (deg/sec)  
89  Traversable step max (mm)  
127  Traversable gap max (mm)  
40%  Traversable slope max (grade)  
Unconsolidated No carpets!  Traversable terrains  
  
 Sensors 
8  Sonar Front Array (one each side, six forward @ 20° intervals) 
8  Sonar Front Array (one each side, six forward @ 20° intervals) 
8  Rear Sonar Array (one each side, six rear @ 20° intervals)  
na  Top Deck Sonar (one each side, six rear @ 20° intervals)  
34,000  Encoders (2 ea) counts/rev  
49  counts/mm  
22,500  counts/rotation  
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Microcontroller and Console Controls & Ports  

Processor  Siemens 8C166 (20 MHz)  
LCD  32 characters on 2 lines 
Encoder inputs  4  
Audio  Piezo buzzer  
PWM outputs  8 (4 user-available) 
Sonar inputs  2x8 (multiplexed)  
Digital I/O  16 logic ports; 8 in, 8 out  
A/D  5 @ 0-5 VDC; 1024- or 256-bit resolution  
Digital timers  8 @ 1µsec resolution;  
FLASH PROM  32 KB; P2OS and robot-specific parameters  
RAM  32 KB  
Power switches  1 main; 1 RADIO  
Comm ports  2 RS-232 serial internal; 1 RS-232 external  
Power (internal comm. 
ports)  12 VDC @ 1A switched; 5 VDC @ 3Aswitched  

Logic pushbuttons RESET and MOTORS 
Indicator LEDs  Main power; RADIO power; Host SERIAL RxD and TxD  

 
 
 



 115 

Table 35 Pioneer 2 AT parameters  
(adapted from Pioneer 2 manual) 

 
;; 
;; Parameters for the Pioneer 2 AT Mobile Robot (adapted from the Pioneer Manual) 
;; 
AngleConvFactor 0.001534 ;radians per angular unit (2PI/4096) 
DistConvFactor 1.303 ; mm returned by P2 
VelConvFactor 1.0 ; mm/sec returned by P2 
RobotRadius 500.0 ; radius in mm 
RobotDiagonal 120.0 ; half-height to diagonal of octagon 
Holonomic 1 ; turns in own radius 
MaxRVelocity 300.0 ; degrees per second 
MaxVelocity 1200.0 ; mm per second 
RangeConvFactor 0.268 ; sonar range returned in mm 
;; 
;; Robot class, subclass 
;; 
Class Pioneer 
Subclass p2at 
SonarNum 16 ; 16 total sonars 
;; These are for the eight front sonars: six front, two sides 
;; 
;; Sonar parameters 
;; SonarNum N is number of sonars 
;; SonarUnit I X Y TH is unit I (0 to N-1) description 
;; X, Y are position of sonar in mm, THETA is bearing in degrees 
;; 
;;               #  X    Y  THETA 
;;------------------------- 
SonarUnit 0 145 130 90 
SonarUnit 1 185 115 50 
SonarUnit 2 220 80 30 
SonarUnit 3 240 25 10 
SonarUnit 4 240 -25 -10 
SonarUnit 5 220 -80 -30 
SonarUnit 6 185 -115 -50 
SonarUnit 7 145 -130 -90 
;; These are for the eight rear sonars: six back, two sides 
;;               #  X    Y  THETA 
;;---------------------------- 
SonarUnit 8 -145 -130 -90 
SonarUnit 9 -185 -115 -130 
SonarUnit 10 -220 -80 -150 
SonarUnit 11 -240 -25 -170 
SonarUnit 12 -240 25 170 
SonarUnit 13 -220 80 150 
SonarUnit 14 -185 115 130 
SonarUnit 15 -145 130 90 
;; Number of readings to keep in circular buffers 
FrontBuffer 20 
SideBuffer 40 
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Appendix V Saphira operating system  

This appendix is based on the Pioneer 2 and SaphiraTM version 6.2d manuals, downloaded 
from the ActiveMedia website52. 
 
All Pioneers use a client/server robotics architecture developed by Dr. Konolige, including the 
Pioneer 2 Operating System (P2OS; Figure 50). In the model, the server manages all the low-
level details of the mobile robot’s systems. These include operating the motors, firing the 
sonar, collecting sonar and motor encoder data, and so on – all on command from and 
reporting to a separate client application, the SaphiraTM. With this sort of client/server 
architecture, developers of high-level robotic applications do not need to know many details 
about a particular robot server, since the client insulates them from the lowest levels of 
control.  
 
 

 
Figure 50 The architecture of Saphira’s client – robot server 

(adapted from SaphiraTM version 6.2d manual) 
 
 
 

                                                           
52 www.ActivMedia.com/robots 
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Appendix VI Experimental software code 

 
The robot software is written in VC++TM (version 6.0), using SaphiraTM (version 6.2d53) 
library routines, under WindowsTM NT (version 4.0). Figure 52 presents schematic diagrams 
of functions and parameters.  
 
The system consists of the following files. 
 
System files  
ConstantParameters.h Contains the system constant parameters. 
GlobalParameters.h Contains the system global parameters. 
StaticParameters.h Contains the system static parameters. 
  
main.cpp This file starts the SaphiraTM and the program. 
  
InitiationFile.h 

InitiationFile.cpp 

These files contain the functions to initialize the 
parameters and arrays and check the system for errors 
within the constant and global parameters. 

  
LogicalSensor.h 

LogicalSensor.cpp 

These files contain all the information related to logical 
sensors (e.g., sensor fusion algorithms and 
transformations). 

 
Camera and image processing algorithms files 
PXC_Camera_Dll_Load.h 
PXC_Camera_Dll_Load.cpp 

These files contain the information related to the camera 
and the PXC200 frame grabber. 

  
Vision_Class.h 
Vision_Class.cpp 

These files contain the information related to the image 
processing algorithms. 

 
Ultrasonic files 
UltraSonic_Class.h 

UltraSonic_Class.cpp 

These files contain all the information related to the 
physical ultrasonic sensors (e.g., algorithms 
transformations). 

 
Fuzzy Logic algorithm files 
FuzzyLogic_Algorithm.h 
FuzzyLogic_Algorithm.cpp 

These files contain the information related to the fuzzy 
logic algorithms (adaptive and logical). 

 

                                                           
53 http://www.activmedia.com 
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Attached two54 schematic information flows describing the software for the mobile robot 
experiments - fusion algorithms and OLSAS framework. 
 

End

Initialization
CheckParam ()
Init_Parameters ()
Load_Dll_For_Camera ()

Sensor Fusion Algorithm ()

Sensor Fusion Algorithm ()

Start

Initialize robot and camera parameters.

Read data from ultrasonic sensors.
Generates two logical sensors.
Convert  the logical sensor's cell dimensions into the global
map's cell dimensions.

Run one of the the sensor fusion algorithms
(OR / AND / MOST / AFL / ADS).

Read data from camera.
Generates three logical sensors.
Convert  the logical sensor's cell dimensions into the global
map's cell dimensions.

Read Data From Ultrasonic Sensors

US_Generate_LogicalOR()
US_Generate_ProbabilisticApproach()
US_GridMapCellConversion()

While (RobotLocation <> NotEndOfPath)
{

}

Read Data From Camera
Read Data From CameraDiffPositions
Run Image ProcessingAlgorithmsAndGenerateMaps
FuseTheDiffPositionsInToOneMap
Camera_GridMapCellConversin()

Run one of the the sensor fusion algorithms
(OR / AND / MOST / AFL / ADS).

 
Figure 51 Schematic diagram of functions and parameters employed in the mobile robot 

experiments 
 

End

Initialization
CheckParam ()
Init_Parameters ()
Load_Dll_For_Camera ()

Online Algorithm Selection()

Online Algorithm Selection()

Start

Initialize robot and camera parameters.

Read data from ultrasonic sensors.
Generates two logical sensors.
Convert the logical sensor's cell dimensions into the global
map's cell dimensions.

Run Online Algorithm Selection and chose the sensor
fusion algorithm and the logical sensors to use.

Read data from camera.
Generates three logical sensors.
Convert the logical sensor's cell dimensions into the global
map's cell dimensions.

Run Online Algorithm Selection and chose the sensor
fusion algorithm and the logical sensors to use.

Read Data From Ultrasonic Sensors

US_Generate_LogicalOR()
US_Generate_ProbabilisticApproach()
US_GridMapCellConversion()

While (RobotLocation <> NotEndOfPath)
{

}

Read Data From Camera
Read Data From CameraDiffPositions
Run Image ProcessingAlgorithmsAndGenerateMaps
FuseTheDiffPositionsInToOneMap
Camera_GridMapCellConversin()

 
Figure 52 Schematic diagram of functions and parameters employed in the OLSAS system 

 
                                                           
54 For presentation simplification both systems are integrated together; the full code for each system separately can 
be found in Cohen 2004. 
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Table 36 List of the main parameters type definition and explanation 55 
Parameter 

type 
Parameter name Explanations Comments 

bool baLS_Flag [i] This flag determines for the MOST 
algorithm which LSs to use 

i-g_iTotalNumOfLS+1 

bool bLGM_NewDataFlag [i] Flag to determine if the LBM has 
been updated 

i-Number of LSs + 1 

int Dilate1  
Dilate2  
Dilate3  
Erode1  
Erode2  
Erode3 

Dilate and Erode values for the 
first, second and third image 
processing algorithms 

 

float faOLSAS_Data[i][j] This parameter saves the values of 
each OLSAS parameter during the 
experiment.  

i: Counter (should be 
large number) 
j: Cycle, AlgorithmCode, 
iMOST_Alg_Flag, 
iOLSAS_ChangeCode, 
baLS_Flag1, baLS_Flag2, 
baLS_Flag3, baLS_Flag4, 
baLS_Flag5 

float faRobotPos [i][j] Robot positions based on encoders 
X, Y 

i-Maximum number of 
cycles 
j- X, Y coordinates 

float faTrueFalse [i][j] The calculated data from the 
CalculatingTrueAndFalseValues 
function entered to this array. 

i-1+g_iTotalNumOfLS 
j- Free, TT Value, FF 
Value, TF Value, FT 
Value, TRUE Value, 
FALSE Value 

float fFalseAccuracy [i] The 'False' value for each sensor Used by the AFL adaptive 
algorithm 

float fFL_TruthTable [i] Final AFL truth table. The size is 
derived from the number of LSs in 
the system (e.g., 2^5=32) 

i-(2^ g_iTotalNumOfLS) 

float fSFA_FL [i][j][k]  i- maximum number of 
cycles 
j- number of the 5 SFA 
(i.e., OR/0/, AND/1/, 
OLSAS/2/, MOST/3/, 
AFL/5/) 
k - four PM: TT, FF, TF, 
FT 

float fSFA_PM 4D array:[i][j][k][l]  i - maximum number of 
cycles 
j - number of the 5 SFA 
(OR/0/, AND/1/, 
OLSAS/2/, MOST/3/, 
AFL/5/) 
k - four PM: TT, FF, TF, 
FT, Fused measure 
(0.5*(TT+FF-TF-FT)) 
l - stands for total number 
of LSs 

float fTrueAccuracy [i] The 'True' value for each sensor i-(1+g_iTotalNumOfLS) 
float FTTValue [i][j] In this table we enter the results 

'what would be the cell value' if (for 
example) sensor number1 'says' 'T' 
number three and four says 'F' etc. 

i-(1+g_iTotalNumOfLS)  
j-[2^ g_iTotalNumOfLS] 

const int g_ iTotalNumOfUsLS Total number of US LSs in the 
system 

2 i.e., US1 and US2 

                                                           
55 The parameter’s name in this appendix use different terminology than in the rest of the dissertation, in order to 
utilize a condense representation. The Occupy and Empty terms are denoted in this appendix as True and False. The 
four measures (OLGMOGBM, ELGMEGBM, OLGMEGBM and ELGMOGBM) are denoted here TT, FF, TF and FT, respectively. 
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const int g_ USCellSize US LGM – cell size in cm 10 
const int g_ USGridSizeX US LGM – number of cells in X 

direction 
Function of US LGM map 
size and the US cell size. 

const int g_ USGridSizeY US LGM – number of cells in Y 
direction 

Function of US LGM map 
size and the US cell size. 

const int g_CamCellSize Camera LGM – cell size in cm 5 
const int g_CamGridSizeX Camera LGM – number of cells in 

X direction 
Function of camera LGM 
map size and the camera 
cell size. 

const int g_CamGridSizeY Camera LGM – number of cells in 
Y direction 

Function of camera LGM 
map size and the camera 
cell size. 

const int g_iMaxNumOfObstacle Maximum number of obstacle in 
each LGM (used by the camera) 

60 

const int g_iTotalNumOfCamLS Total number of camera LSs in the 
system 

3 i.e., CAM1, CAM2 and 
CAM3 

const int g_iTotalNumOfLS Total number of LS  
const int g_iX_LBM_MapSize LBM – number of cells in X 

direction 
Function of LBM map 
size and the LBM cell 
size. 

const int g_iX_PPGM_MapSize  Function of PPGM map 
size and the PPGM cell 
size. 

const int g_iY_LBM_MapSize LBM – number of cells in Y 
direction 

Function of LBM map 
size and the LBM cell 
size. 

const int g_iY_PPGM_MapSize  Function of PPGM map 
size and the PPGM cell 
size. 

const int g_LBMCellSize LBM – cell size in cm 5 (recommended to be as 
the smallest cell size) 

const double g_pi Definition for PI 3.1415926535 
const int g_PPGMCellSize PPGM – cell size in cm 5 (recommended to be as 

the smallest cell size) 
const int g_TotalNumberOfAlgorithms Total number of sensor fusion 

algorithms in the system 
OR, AND, OLSAS, 
MOST, NO_ALG, AFL 

const 
unsigned 
short 

g_usNumOfCamPos Total number of camera positions 4 positions (-50, -17, 17 
and 50) 

static int grab_type Grabbing method type By default - 0 
int iaLBM [i][j][k] 3D array which contains the LBMs 

of all LSs for each cycle. The 
generated fused map GBM is saves 
in level 0 

i-g_iX_LBM_MapSize 
j-g_iY_LBM_MapSize 
k-1+g_iTotalNumOfLS 

int iaLogicalSensorMap [i] [j] [k] 
[l] 

Array that save all the LSs maps 
during the experiment for future 
research. 

i-g_iX_LBM_MapSize  
j- g_iY_LBM_MapSize  
k-g_iTotalNumOfLS  
l-Maximum number of 
cycles 

int  iaPI [i][j] Array which counts how many 
times each cell has been sampled on 
the PPGM, same dimensions as the 
g_iX_PPGM_MapSize and 
g_iY_PPGM_MapSize. 

i-g_iX_PPGM_MapSize 
j-g_iY_PPGM_MapSize 

int iaPPGM [i][j][k] 3D array which saves the PPGMs 
for all algorithms. 

i-g_iX_PPGM_MapSize 
j-g_iY_PPGM_MapSize 
k- OR, AND, OLSAS 
MOST, NO_ALG, AFL. 

int iCycle system cycle counter  
int iLBM_Theta_New LBM new Theta angle [Deg]  
int iLBM_Theta_Old LBM old Theta angle [Deg]  
int iLBM_X_New LBM new X Location  
int iLBM_X_Old LBM old X Location  
int iLBM_Y_New LBM new Y location  
int iLBM_Y_Old LBM old Y location  
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static int ImageMaxX 
ImageMaxY 

Size of the grabbed image in pixels  case 1: NTSC  
ImageMaxX = 640; 
ImageMaxY = 486; 
case 2: CCIR  
ImageMaxX = 768; 
ImageMaxY = 576; 

int iMOST_Alg_Flag Flag to determine if the algorithm 
MOST can be used within the 
OLSAS 

 

int iObsArea1_Max  
iObsArea2_Max 
iObsArea3_Max 

Maximum obstacle area for the 
first, second and third image 
processing algorithms 

 

int iObsArea1_Min  
iObsArea2_Min 
iObsArea3_Min 

Minimum obstacle area for the first, 
second and third image processing 
algorithms 

 

int iPPGM_Theta PPGM Theta angle [Deg]  
int iPPGM_X PPGM X Location  
int iPPGM_Y PPGM Y Location  
int iTresholdValue1_Min 

iTresholdValue2_Min 
iTresholdValue3_Min 

Maximum threshold value for the 
first, second and third image 
processing algorithms 

 

const int LBM_cm_SizeX Size of the Local Binary Map 
(LBM) in X Direction (Forward) in 
centimeters 

140 

const int LBM_cm_SizeY Size of the Local Binary Map 
(LBM) in Y Direction (Side) in 
centimeters. 

240 

const int PPGM_cm_SizeX Size of the Path Planning Grid Map 
(PPGM) in X Direction (Forward) 
in centimeters. 

800 

const int PPGM_cm_SizeY Size of the Path Planning Grid Map 
(PPGM) in Y Direction (Side) in 
centimeters. 

Same size as 
LBM_cm_SizeY 

int SFAOutput [i] [j] [k] [l] Array that save all the SFA outputs 
maps during the experiment for 
future research. 

i-g_iX_LBM_MapSize 
j- g_iY_LBM_MapSize  
k-g_iTotalNumOfLS+1  
l-Maximum number of 
cycles 

static int Videotype Video type case 0: no video  
case 1: NTSC  
case 2: CCIR  
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The code contains integration of three types of external functions; each type is identified by 
two or three letters at the beginning of the function/parameter. The Saphira functions starts 
with the letters sf e.g., sfPTZCamPan, the OpenCV functions starts with the letters cv e.g., 
cvFindContours, the IPL functions starts with the letters ipl e.g., iplErode. These functions are 
not detailed in Table 37, since they are already detailed within the company manuals56. 
 

Table 37 List of the functions, definitions and explanations 
 

Function 
type 

Function name Explanations Comments 

FuzzyLogic &FLInsFuzzyName (char*) This function inserts new 
fuzzy name for the object 

 

BOOL AppInit(HINSTANCE, HINSTANCE, LPSTR, int ) This function initializes 
and allocates the Frame 
grabber PXC200 This 
function should be 
implemented at the MAIN 
program before the Saphira 
initialized 

 

void Calculating_FL_TruthTable() Calculating the Truth table, 
and the values of the 
different combinations 
when we have different 
decisions for the sensors 
(TT TF etc.) 

 

void CalculatingTrueAndFalseValues(int) Description: This function 
compares the new data at this 
level with the integrated data 
This function is the adaptive 
part of the system and 
determine the following 
parameters  
SFS_True_False: The Local 
Map Found True But the fused 
map determined False 
SFS_True_True: The Local 
Map Found True And the 
fused map determined True 
SFS_False_False: The Local 
Map Found False And the 
fused map determined False 
SFS_False_True: The Local 
Map Found False But the 
fused map determined True 

 

void Call_LS_Func() This is the heart of the 
OLSAS methodology The 
first part of the function is 
used to fuse the data using 
the ordinary methods The 
second part of the function 
is the OLSAS method 

 

in CheckParam (void) This functions ensures that 
all the important relations 
between parameters have 
been saved 

 

void CopyLBM2GGM(int) This function copies the 
local binary maps (LBMs) 
to the global grid maps 

 

                                                           
56 Saphira - www.ActivMedia.com/robots 
Intel website for OpenCV TM software - http://www.intel.com/research/mrl/research/opencv/ 
Intel website for Image Processing Library (IPL) software - 
http://www.intel.com/software/products/perflib/ipl/iplrelnotes_test.htm 
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FuzzyLogic FL_Crisp2Fuzzy (char*) This function calculates the 
fuzzy value for each crispy 
value 

 

void FuzzyLogicAlgorithm(int) This function is an 
algorithm based on the FL 
theory for fusing the data 

 

float FuzzyLogicGetAraeValue (void) This function returns the 
area of the object. 

 

float FuzzyLogicGetCenterOfMassCrisp (void) This function returns the 
center of mass value of the 
object 

 

float FuzzyLogicGetCrispValue (void) This function returns the 
crisp value of the object 

 

float FuzzyLogicGetFuzzyValue (void) This function returns the 
fuzzy value of the object 

 

BOOL GetProcAddresses (HINSTANCE*, LPCSTR, int,...) This function loads a dll and 
enables you to read its internal 
functions without limitations. 
In our program this function is 
'implemented' at the 
'Load_Dll_For_Camera' 
Argument1: hLibrary - Handle 
for the Library Loaded. 
Argument2: lpszLibrary - 
Library to Load.  
Argument3: nCount - Number 
of functions to load 
Argument4: Function Address 
- Function address we want to 
store. 
Argument5: Function Name - 
Name of the function we want 
[Repeat Format]  
Returns: FALSE if failure 
Returns: TRUE if successful 

 

void ImageProcessingAlgo1(void)   
void Init_Parameters (void) This function initializes the 

parameters and sets all 
array to zeros 

 

void LGM_Transformation() This function transforms 
the LSs maps that were not 
updated 

 

void Load_Dll_For_Camera (void) This function loads the 
camera commands from 
the 'Ptzsys.dll' 

 

void MainLoop (void) This function is the 
system’s main loop 
function 

 

friend 
FuzzyLogic 

operator* (const FuzzyLogic&, const FuzzyLogic&) This Operator: + Means 
'AND' at the IF....THEN 
fuzzy rules 

 

friend 
FuzzyLogic 

operator+ (const FuzzyLogic&, const FuzzyLogic&) This Operator: + Means 
'OR' at the IF....THEN 
fuzzy rules 

 

friend 
FuzzyLogic 

operator>> (FuzzyLogic&, FuzzyLogic&) This Operator: + Means 
'THEN' at the IF....THEN 
fuzzy rules 

 

void RobInit_ConnectFn (void) This function is based on 
Saphira. It connects the 
robot and starts the systems 
main loop 

 

void RobInit_DisconnectFn (void) This function is based on 
Saphira. It contains the 
robot the disconnect 
procedure 

 

void RobInit_StartupFn (void) This function, based on 
Saphira, initiates the 
parameters 
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void SaveGGM() This function saves all the 
data into the hard disk 

 

void SFA_AFL() This function is the fusion 
AFL algorithm 

This function is 
part of the OLSAS 
framework 

void SFA_AND() This function fuses the data 
between all LBMs using 
the AND method 

 

void SFA_Calc_PM(int) This function calculates for 
each LS its reliability 
according to the map 
eachalgorithm generates. 
This function is used at the 
OLSAS level 

 

void SFA_MOST() This function fuses the data 
between all LBM using the 
MOST method 

This function is 
part of the OLSAS 
framework 

void SFA_OR() This function fuses the data 
between all LBM using the 
OR method 

 

void SFA_REGULAR_AFL() This function fuses the data 
between all LBM using the 
regular AFL method. 

 

void SFA_REGULAR_MOST() This function fuses the data 
between all LBM using the 
regular MOST method 
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/** 
** ConstantParameters.h 
** 
** Copyright 2001 by Ofir Cohen 
** 
** E-mail: oprc@bgumail.bgu.ac.il 
** 
**/ 
 
#ifndef __ConstantParameters_h__  
#define __ConstantParameters_h__  
 
 
const unsigned short g_usNumOfCamPos=4;  // Total number of Cam positions 
const int g_TotalNumberOfAlgorithms=6; // OR, AND, OLSAS, MOST, AFL(STAM), AFL 
const double g_pi=3.1415926535; 
 
const int LBM_cm_SizeX=140; // Local Binary Map (LBM) X Direction (Forward) 
const int LBM_cm_SizeY=240; // Local Binary Map (LBM) Y Direction (Side) 
const int PPGM_cm_SizeX=800; // Path Planning Grid Map (PPGM) X Direction (Forward) 
const int PPGM_cm_SizeY=LBM_cm_SizeY; 
 
const int g_iTotalNumOfCamLS=3; // Total number of camera LSs in the system 
const int g_CamCellSize=5; //cell size in camera local grid map [cm] 
const int g_CamGridSizeX=LBM_cm_SizeX/g_CamCellSize; //number of cells in camera local grid map - X 
axis  
const int g_CamGridSizeY=LBM_cm_SizeY/g_CamCellSize; //number of cells in camera local grid map - Y 
axis 
 
const int g_iTotalNumOfUsLS=2;  
const int g_USCellSize=10; //cell size in US local grid map [cm] 
const int g_USGridSizeX=LBM_cm_SizeX/g_USCellSize; //number of cells in US local grid map - X axis  
const int g_USGridSizeY=LBM_cm_SizeY/g_USCellSize; //number of cells in US local grid map - Y axis 
 
const int g_iTotalNumOfLS=g_iTotalNumOfCamLS+g_iTotalNumOfUsLS; // Toatal number fo LSs in the 
system 
const int g_LBMCellSize=5; // cell size in LBM [cm] 
const int g_iX_LBM_MapSize=LBM_cm_SizeX/g_LBMCellSize; // Number of cells of the LBM X direction 
const int g_iY_LBM_MapSize=LBM_cm_SizeY/g_LBMCellSize; // Number of cells of the LBM Y direction 
 
const int g_PPGMCellSize=g_LBMCellSize; // cell size in PPGM [cm] 
const int g_iX_PPGM_MapSize=PPGM_cm_SizeX/g_PPGMCellSize; 
const int g_iY_PPGM_MapSize=PPGM_cm_SizeY/g_PPGMCellSize; 
 
const int g_iMaxNumOfObstacle=60; // Max number of obstacle 
 
#endif 
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/** 
** GlobalParameters.h 
** 
** Copyright 2001 by Ofir Cohen  
** 
** E-mail: oprc@bgumail.bgu.ac.il 
** 
**/ 
 
#include "ConstantParameters.h" 
 
#ifndef __GlobalParameters_h__ 
#define __GlobalParameters_h__ 
  
struct BlackBoard // Declare g_BlackBoard Structure   
{ 
 // **************  System parameters ************** 
 int iCycle;    // system cycle counter 
 int iLBM_X_Old;  // LBM old X Location 
 int iLBM_Y_Old;  // LBM old Y location 
 int iLBM_Theta_Old;   // LBM old Theta angle [Deg] 
 
 int iLBM_X_New;  // LBM new X Location 
 int iLBM_Y_New;  // LBM new Y location 
 int iLBM_Theta_New;   // LBM new Theta angle [Deg] 
 
 int iPPGM_X;    // PPGM X Location 
 int iPPGM_Y;    // PPGM Y location 
 int iPPGM_Theta;   // PPGM Theta angle [Deg] 
 
 bool bLGM_NewDataFlag[g_iTotalNumOfLS+1]; // Flag to determine if the LBM has been updated 
 
 float faRobotPos[100][2];   // Robot positions based on encoders X, Y 
 
 // Array which counts how many times each cell has been sampled 
 int iaPI[g_iX_PPGM_MapSize][g_iY_PPGM_MapSize]; 
 
 // Array which saves all algorithms PPGMs 
 int iaPPGM[g_iX_PPGM_MapSize][g_iY_PPGM_MapSize][g_TotalNumberOfAlgorithms+1]; 
 /* 
 Level 0 - OR 
 Level 1 - AND 
 Level 2 - OLSAS 
 Level 3 - MOST 
 Level 4 – EMPTY 
 Level 5 - AFL 
 */ 
 
 // iaLBM: Local Binary Map that includes the all LGMs contains the fused map at level 0 
 int iaLBM[g_iX_LBM_MapSize][g_iY_LBM_MapSize][1+g_iTotalNumOfLS];  
 
 float fFL_TruthTable[32]; //unique array for the FL algorithm (NOT for Adaptive algorithm) 
  
 float faTrueFalseRegular[(1+g_iTotalNumOfLS)][7]; // For the regular algorithm 
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 float faTrueFalse[(1+g_iTotalNumOfLS)][7]; 
 /* the calculated data from the CalculatingTrueAndFalseValues function entered to this array. 
 Explanation about the BB_faTrueFalse[(1+g_NumberOfModules)][7] array: 
 Cell number 0 is for: Free 
 Cell number 1 is for: TT Value 
 Cell number 2 is for: FF Value 
 Cell number 3 is for: TF Value 
 Cell number 4 is for: FT Value 
 Cell number 5 is for: TRUE Value 
 Cell number 6 is for: FALSE Value*/ 
 
 float fTrueAccuracy[(1+g_iTotalNumOfLS)];   // the 'True' value for each sensor 
 float fFalseAccuracy[(1+g_iTotalNumOfLS)];  // the 'False' value for each sensor 
 float fTTValue[(1+g_iTotalNumOfLS)][32]; / 
/*  
In this table we enter the results 'WHAT WOULD BE THE CELL VALUE' IF (FOR EXAMPLE) sensor 
number1 
 'says' 'T' number three and four says 'F' etc. 
 Explanation about: BB_fTTValue[6][32]. 
 Cell number 0 is for the calculated Value. 
 Cell number 1 is for the LS number 1. 
 Cell number 2 is for the LS number 2. 
 Cell number 3 is for the LS number 3. 
 Cell number 4 is for the LS number 4. 
 Cell number 5 is for the LS number 5. 
 */ 
 
 // Array that saves all the LSs maps during the experiment for future research 
 int iaLogicalSensorMap[g_iX_LBM_MapSize][g_iY_LBM_MapSize][g_iTotalNumOfLS][50]; 
 
 int SFAOutput[g_iX_LBM_MapSize][g_iY_LBM_MapSize][g_iTotalNumOfLS+1][50]; 
 
 // **************  OLSAS parameters  ************** 
 // Flag When using the regular AFL and when Using the OLSAS 
 int iAFL_Flag;  
 
 /* 
 Explanations for faOLSAS_Data[i][j] 
 i : Counter 
 j : Cycle, AlgorithmCode, iMOST_Alg_Flag, iOLSAS_ChangeCode,  
 baLS_Flag1, baLS_Flag2,baLS_Flag3, baLS_Flag4, baLS_Flag5  
 */ 
 float faOLSAS_Data[400][9]; 
 int iOLSAS_Counter;    // Counter for array data saving for the OLSAS process 
 
 // This flag determines for the MOST algorithm which LSs to use level 0 is not in use 
 bool baLS_Flag [g_iTotalNumOfLS+1];  
  
 // Flag to determine if the algorithm MOST can be used within the OLSAS  
 int iMOST_Alg_Flag;  
 
 /* 
 Explanations for the fSFA_PM 4D array:[i][j][k][l] 
 i - stands for maximum number of cycles 
 j - stands for number of 5 SFA (i.e., OR/0/, AND/1/, OLSAS /2/, MOST_REGULAR /3/,AFL/5/) 
 k - stands for PM: TT, FF, TF, FT, Fused measure(0.5*(TT+FF-TF-FT)) 
 l - stands for total number of LSs 
 */ 
 float fSFA_PM[100][6][5][g_iTotalNumOfLS];  
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 /* 
Explanations for the fSFA_FL 3D array:[i][j][k] 
 i - stands for maximum number of cycles 
 j - stands for number of 5 SFA (i.e., OR/0/, AND/1/, OLSAS /2/, MOST_REGULAR /3/,AFL/5/) 
 k - stands for PM: TT, FF, TF ,FT 
 */ 
 
 float fSFA_FL[100][5][4];    // OLSAS algorithm 
 float fSFA_FL_Regular[100][5][4];   // Regular FL algorithm 
 
 // **************  Image processing parameters  ************** 
 
 // Minimum threshold value for the first, second and third image processing algorithms  
 int iTresholdValue1_Min;  
 int iTresholdValue2_Min;  
 int iTresholdValue3_Min;  
 
 // Maximum threshold value for the first, second and third image processing algorithms  
 int iTresholdValue1_Max;  
 int iTresholdValue2_Max;  
 int iTresholdValue3_Max;  
 
 // Minimum obstacle area for the first, second and third image processing algorithms  
 int iObsArea1_Min;  
 int iObsArea2_Min;  
 int iObsArea3_Min;  
 
 // Maximum obstacle area for the first, second and third image processing algorithms  
 int iObsArea1_Max;  
 int iObsArea2_Max;  
 int iObsArea3_Max;  
 
 // Dilate and Erode values for the first, second and third image processing algorithms 
 int Dilate1; 
 int Dilate2; 
 int Dilate3; 
 
 int Erode1; 
 int Erode2; 
 int Erode3; 
}; 
#endif 
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/** 
** StaticParameters.h 
** 
** Copyright 2001 by Ofir Cohen 
** 
** E-mail: oprc@bgumail.bgu.ac.il 
** 
**/ 
 
#ifndef __StaticParameters_h__   
#define __StaticParameters_h__  
 
#include "ConstantParameters.h" 
#include "GlobalParameters.h" 
#include "InitiationFile.h" 
 
// structure for the saphira sensors array  
extern struct sfprocess *sfpMainLoop; 
 
// Camera and OpenCV Parameters 
extern HINSTANCE hLib; 
extern PXC pxc; 
extern FRAMELIB frame; 
static long fgh; 
static FRAME __PX_FAR *frh; 
extern int videotype; 
extern int grab_type; 
extern int ImageMaxX, 
 ImageMaxY, 
 WindowX, 
 WindowY; 
 
/* 
#define PIXEL_TYPE PBITS_RGB24 
#define PXC_NAME "pxc_95.dll" 
#define FRAME_NAME "frame_32.dll" 
#define PXC_NT  "pxc_nt.dll"  
*/ 
 
 
static int videotype; 
static int grab_type; 
static int ImageMaxX, 
   ImageMaxY, 
   WindowX, 
   WindowY; 
 
extern HINSTANCE hLib; 
extern PXC pxc; 
extern FRAMELIB frame; 
 
#endif  
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/** 
** main.cpp 
** 
** Copyright 2001 by Ofir Cohen  
** 
** E-mail: oprc@bgumail.bgu.ac.il 
** 
**/ 
 
#include <windows.h> 
#include <winuser.h>  
#include <time.h> 
#include <math.h> 
#include <saphira.h>  
#include <commdlg.h> 
#include <cvlgrfmts.h> 
#include "pxc.h" 
#include "iframe.h" 
#include "PXC_Camera_Dll_Load.h" 
#include "StaticParameters.h" 
#include "ConstantParameters.h" 
#include "GlobalParameters.h" 
#include "InitiationFile.h" 
#include "LogicalSensor.h" 
#include "Vision_Class.h" 
#include "UltraSonic_Class.h" 
#include "ipl.h" 
#include "cv.h" 
#include "cookdraw.h" 
#include "cookroom.h" 
#include "image.h" 
#include "FuzzyLogic_Algorithm.h" 
 
#define CAM_PAN     22 
#define CAM_TILT     23 
#define ReadDataFrom_US_Sensor 31 
#define ReadDataFromCamera1 32 //Pic #1 
#define ReadDataFromCamera2 33 //Pic #2 
#define ReadDataFromCamera3 34 //Pic #3 
#define ReadDataFromCamera4 35 //Pic #4 
#define ReadDataFromCameraF 36 //Fuse All photos 
#define Moving 37 
 
// Camera and OpenCV Parameters 
struct sfprocess *sfpMainLoop; 
extern long fgh; 
extern FRAME __PX_FAR *frh; 
extern int videotype; 
extern int grab_type; 
extern int ImageMaxX, 
 ImageMaxY, 
 WindowX, 
 WindowY; 
 
 
Vision_Class CAM;     // Crearting the CAMERA object 
UltraSonic_Class US;    // Crearting the US object 
BlackBoard g_BB;   // Crearting the BB object 
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/******************************************************************************** 
* Name: MainLoop * 
* Description: This function is the systems main loop function * 
********************************************************************************/ 
void MainLoop(void)  
{ 
 int err; 
 switch(process_state)  
 { 
   
 case sfINIT:  
  err=CheckParam(); 
  if (err) 
  { 
   Beep(200, 200); 
   process_state=sfSUSPEND; 
   break; 
  } 
   
 case sfRESUME: 
  // Initialization of the PMs for the different LSs for the FLA and AFLA 
  Init_Parameters(); 
   
  Load_Dll_For_Camera(); 
  sfPTZCamInit(); 
  sfPause(500); 
  sfPTZCamTilt(-20); 

  sfPause(500); 
  sfPTZCamPan(-17); 
  sfPause(800); 
  process_state = Moving;  // user proccess state 
  break; 
   
 case Moving: 
  sfRobotComInt(/*Motors*/4,/*Enable*/1);//Enable motors 
  sfRobotComInt(/*Encoder*/19,/*Init*/1);//init encoder 
  sfSetVelocity2(/*Left*/10,/*Right*/10); // Set velocity for each wheel side independently. 
  g_BB.iCycle=0; 
  process_state = ReadDataFrom_US_Sensor;   
  break; 
 // Read the data from the physical sensor and write it to the   
 case ReadDataFrom_US_Sensor:  
  sfPause(100); 
 
  US.US_ReadDataFromUS(); 
  US.US_SFA_LogicalOR(); 
  US.US_SFA_ProbabilisticApproach(); 
  US.US_GridMapCellConversion(); 
  if (g_BB.iCycle>=0) 
   Call_LS_Func(); 
  else 
   g_BB.iCycle++; 
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  if (sfRobot.ax>4000) //end of the line 
  { 
   sfMessage("finish"); 
   sfSetVelocity2(/*Left*/0,/*Right*/0); // Set velocity for each wheel side independently. 
   sfPause(100); 
  
   SaveGGM(); 
   process_state=sfSUSPEND; 
   break; 
  } 
   
  else 
  {    
   process_state = ReadDataFromCamera1; 
   break; 
  } 
   
  // Read the data from the camera - Position 1 (sfPTZCamPan(-17)) 
 case ReadDataFromCamera1:  
  ImageProcessingAlgo1(); // Take photo, update location and convert to gray scale   
  CAM.iVision_CameraAngleCode=3; 
  sfPause(200); 
  sfPTZCamPan(17);   // Turn the camera into its next position 
  sfPause(100); 
  ImageProcessingAlgo3(0);  // Input: First  algorithm 
  sfPause(100); 
  ImageProcessingAlgo3(1);  // Input: second  algorithm 
 
  sfPause(100); 
  ImageProcessingAlgo3(2);  // Input: Third  algorithm 
  sfPause(100); 
  process_state = ReadDataFromCamera2; 
  break; 
  // Read the data from the camera - Position 2 (sfPTZCamPan(17)) 
 case ReadDataFromCamera2:   // Read the data from the camera 
  ImageProcessingAlgo1();   // Take photo, update location and convert to gray scale 
  CAM.iVision_CameraAngleCode=4; 
  sfPause(150); 
  sfPTZCamPan(50);   // Turn the camera into its next position 
  sfPause(150); 
  ImageProcessingAlgo3(0);  // Input: First  algorithm 
  sfPause(150); 
  ImageProcessingAlgo3(1);  // Input: second  algorithm 
  sfPause(150); 
  ImageProcessingAlgo3(2);  // Input: Third  algorithm 
  sfPause(150); 
  process_state = ReadDataFromCamera3; 
  break; 
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  // Read the data from the camera - Position 3 (sfPTZCamPan(50)) 
 case ReadDataFromCamera3: // Read the data from the camera   
  ImageProcessingAlgo1(); // Take photo, update location and convert to gray scale 
  CAM.iVision_CameraAngleCode=1; 
  sfPause(200); 
  sfPTZCamPan(-50);   // Turn the camera into its next position 
  sfPause(300); 
  ImageProcessingAlgo3(0);  // Input: First  algorithm 
  sfPause(150); 
  ImageProcessingAlgo3(1);  // Input: second  algorithm 
  sfPause(150); 
  ImageProcessingAlgo3(2);  // Input: Third  algorithm 
  sfPause(150); 
  process_state = ReadDataFromCamera4;  
  break; 
 
 // Read the data from the camera - Position 4 (sfPTZCamPan(-50)) 
 case ReadDataFromCamera4:   // Read the data from the camera 
  ImageProcessingAlgo1();   // Take photo, update location and convert to gray scale 
  CAM.iVision_CameraAngleCode=2; 
  sfPause(200); 
  sfPTZCamPan(-17);   // Turn the camera into its next position 
  sfPause(150); 
  ImageProcessingAlgo3(0);  // Input: First  algorithm 
  sfPause(150); 
  ImageProcessingAlgo3(1);  // Input: second  algorithm*/ 
  sfPause(150); 
  ImageProcessingAlgo3(2);  // Input: Third  algorithm 
  sfPause(150); 
  process_state = ReadDataFromCameraF; 
  break; 
  // Fuse the data from the four camera positions 
 case ReadDataFromCameraF:  
  ImageProcessingAlgo4(0);  // Converting into pic number 1 position 
  sfPause(150); 
  ImageProcessingAlgo4(1);  // Converting into pic number 1 position 
  sfPause(150); 
  ImageProcessingAlgo4(2);  // Converting into pic number 1 position 
  sfPause(150); 
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  CAM.Vision_GridMapCellConversion(); 
  if (g_BB.iCycle>=0) 
   Call_LS_Func(); 
  else 
   g_BB.iCycle++; 
 
  if (sfRobot.ax>4000)//end of the line 
  { 
   sfMessage("finish"); 
   sfPause(100); 
   sfSetVelocity2(0,0); // Set velocity for each wheel side independently. (left, right) 
   SaveGGM(); 
   process_state=sfSUSPEND; 
   break; 
  } 
  else 
  { 
   process_state = ReadDataFrom_US_Sensor; 
   break; 
  } 
   
  
 case sfINTERRUPT: 
  process_state = sfSUSPEND; 
  break; 
 } 
} 
 
/******************************************************************************** 
* Name: WinMain * 
* Description: main function * 
********************************************************************************/ 
int  
WINAPI WinMain (HINSTANCE hInst, HINSTANCE hprevInst, LPSTR lpszCmdLine, int nCmdShow) 
{ 
 // Call initialization procedure  
 AppInit(hInst, hprevInst, lpszCmdLine, nCmdShow);  
  
 sfPause(100); 
 sfOnConnectFn(RobInit_ConnectFn); // register a connection function  
 sfOnStartupFn(RobInit_StartupFn);// register a startup function  
 sfOnDisconnectFn(RobInit_DisconnectFn);     
  
 sfStartup(hInst, nCmdShow, 0); // start up the Saphira window  
 return 0; 
} 
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/** 
** InitiationFile.h 
** 
** Copyright 2001 by Ofir Cohen 
** 
** E-mail: oprc@bgumail.bgu.ac.il 
** 
**/ 
 
#ifndef __InitiationFile_h__    
#define __InitiationFile_h__ 
 
#include <iostream.h> 
#include <fstream.h> 
#include <saphira.h> 
#include "pxc.h" 
#include "iframe.h" 
#include "ConstantParameters.h" 
#include "GlobalParameters.h" 
#include "LogicalSensor.h" 
#include "FuzzyLogic_Algorithm.h" 
 
  
// Camera and OpenCV Parameters 
extern struct sfprocess *sfpMainLoop; 
extern HINSTANCE hLib; 
extern PXC pxc; 
extern FRAMELIB frame; 
extern long fgh; 
extern FRAME __PX_FAR *frh; 
extern int videotype; 
extern int grab_type; 
extern int ImageMaxX, 
 ImageMaxY, 
 WindowX, 
 WindowY; 
 
extern BlackBoard g_BB; 
 
void RobInit_StartupFn(void); 
 
void RobInit_ConnectFn(void); 
void RobInit_DisconnectFn(void); 
void MainLoop(void); 
int CheckParam(void); 
void Init_Parameters(); 
 
#endif 
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/** 
 ** InitiationFile.cpp 
 ** 
 ** Copyright 2001 by Ofir Cohen 
 ** 
 ** E-mail: oprc@bgumail.bgu.ac.il 
 ** 
 **/ 
 
#include <windows.h> 
#include "InitiationFile.h" 
#include "ConstantParameters.h" 
#include "GlobalParameters.h" 
#include "FuzzyLogic_Algorithm.h" 
 
// Camera and OpenCV Parameters 
extern struct sfprocess *sfpMainLoop; 
extern HINSTANCE hLib; 
extern PXC pxc; 
extern FRAMELIB frame; 
extern long fgh=0L; 
extern FRAME __PX_FAR *frh=NULL; 
extern int videotype; 
extern int grab_type; 
extern int ImageMaxX, 
 ImageMaxY, 
 WindowX, 
 WindowY; 
 
/******************************************************************************** 
* Name: RobInit_StartupFn * 
* Description: This function is based on Saphira, used to imitate the parameters * 
********************************************************************************/ 
void RobInit_StartupFn(void)  
{ 
 sfSetDisplayState(sfGLOBAL, TRUE); // use the global view  
} 
 
/******************************************************************************** 
* Name: RobInit_ConnectFn * 
* Description: This function is based on Saphira, connect the robot and start * 
* the systems main loop * 
********************************************************************************/ 
void RobInit_ConnectFn(void) 
{ 
 sfSerialBaud = 19200; 
 sfInitBasicProcs();  /* start up comm processes */ 
  
 // start the function called the main loop 
 sfpMainLoop = sfInitProcess(MainLoop,"MainLoop");  
  
} 
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/******************************************************************************** 
* Name: RobInit_DisconnectFn * 
* Description: This function is based on Saphira, it defines the robot the disconnect procedure * 
********************************************************************************/ 
void RobInit_DisconnectFn(void) 
{ 
 if ( hLib != NULL ) 
  FreeLibrary( hLib ); 
  
 // Image Card 
 if(fgh) 
  pxc.FreeFG(fgh); 
 
 sfInterruptProcess(sfpMainLoop); 
 sfRemoveProcess(sfpMainLoop); 
} 
 
 
/******************************************************************************** 
* Name: CheckParam * 
* Description: This function make sure that all the important relations * 
* between parameters has been saved * 
********************************************************************************/ 
int CheckParam(void) 
{ 
 int error=0; 
 
 // Making sure that the relation between cells sizes is correct 
 if ((g_CamCellSize<g_LBMCellSize)||(g_USCellSize<g_LBMCellSize)) 
 { 
  sfMessage("g_CamCellSize And g_USCellSize should be gr then g_LBMCellSize, 
File:ConstantParameters.h"); 
  error=1; 
 } 
 
 // Making sure that the relation between maps sizes is correct 
 if (((g_CamGridSizeX*g_CamCellSize)!=(g_USGridSizeX*g_USCellSize)) 
  ||((g_USGridSizeX*g_USCellSize)!=(g_iX_LBM_MapSize*g_LBMCellSize))) 
 { 
  sfMessage("Maps are not equal, ConstantParameters.h"); 
  error=1; 
 } 
 return error; 
} 
 
/******************************************************************************** 
* Name: Init_Parameters * 
* Description: This function initialize the parameters and sets all array to zeros * 
********************************************************************************/ 
void Init_Parameters() 
{ 
 int i, j, m; 
 
 // Camera parameters 
  // Good Threshold value is 220 
 g_BB.iTresholdValue1_Min=220;  
 g_BB.iTresholdValue2_Min=120;  
 g_BB.iTresholdValue3_Min=120;  
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 g_BB.iTresholdValue1_Max=255;  
 g_BB.iTresholdValue2_Max=210;  
 g_BB.iTresholdValue3_Max=210;  
 
 // Good Obs Size 200 
 g_BB.iObsArea1_Min=200;  
 g_BB.iObsArea2_Min=1500;  
 g_BB.iObsArea3_Min=1500;  
 
 g_BB.iObsArea1_Max=3000;  
 g_BB.iObsArea2_Max=1500;  
 g_BB.iObsArea3_Max=20000;  
 
 // Good combination for Dilate Erode Values is 3, 3 
 g_BB.Dilate1=2;  
 g_BB.Dilate2=5;   
 g_BB.Dilate3=4;  
  
 g_BB.Erode1=2;  
 g_BB.Erode2=2;  
 g_BB.Erode3=10;  
 
// Initial performance measures parameters        
 
 // Initialization of the PMs for the different LSs 
 for (i=1; i<=g_iTotalNumOfLS; i++) 
 { 
  if (i==1) 
  { 
   g_BB.faTrueFalse[i][1]=0.85; //TT Value 
   g_BB.faTrueFalse[i][2]=0.9; //FF Value 
   g_BB.faTrueFalse[i][3]=1-g_BB.faTrueFalse[i][2]; //TF=1-TT Value 
   g_BB.faTrueFalse[i][4]=1-g_BB.faTrueFalse[i][1]; //FT=1-FF Value 
  } 
  if (i==2) 
  { 
   g_BB.faTrueFalse[i][1]=0.78; //TT Value 
   g_BB.faTrueFalse[i][2]=0.91; //FF Value 
   g_BB.faTrueFalse[i][3]=1-g_BB.faTrueFalse[i][2]; //TF=1-TT Value 
   g_BB.faTrueFalse[i][4]=1-g_BB.faTrueFalse[i][1]; //FT=1-FF Value 
  } 
   
  if (i==3) 
  { 
   g_BB.faTrueFalse[i][1]=0.8; //TT Value 
   g_BB.faTrueFalse[i][2]=0.7; //FF Value 
   g_BB.faTrueFalse[i][3]=1-g_BB.faTrueFalse[i][2]; //TF=1-TT Value 
   g_BB.faTrueFalse[i][4]=1-g_BB.faTrueFalse[i][1]; //FT=1-FF Value 
  } 
   
  if (i==4) 
  { 
   g_BB.faTrueFalse[i][1]=0.6; //TT Value 
   g_BB.faTrueFalse[i][2]=0.9; //FF Value 
   g_BB.faTrueFalse[i][3]=1-g_BB.faTrueFalse[i][2]; //TF=1-TT Value 
   g_BB.faTrueFalse[i][4]=1-g_BB.faTrueFalse[i][1]; //FT=1-FF Value 
  } 
   
  if (i==5) 
  { 
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   g_BB.faTrueFalse[i][1]=0.88; //TT Value 
   g_BB.faTrueFalse[i][2]=0.91; //FF Value 
   g_BB.faTrueFalse[i][3]=1-g_BB.faTrueFalse[i][2]; //TF=1-TT Value 
   g_BB.faTrueFalse[i][4]=1-g_BB.faTrueFalse[i][1]; //FT=1-FF Value 
  } 
 } 
 
 for (i=0; i<=5; i++) // Initiating the regular AFL PM to be the same as the  
  // OLSAS PMs 
 { 
   g_BB.faTrueFalseRegular[i][1]=g_BB.faTrueFalse[i][1]; //TT Value 
   g_BB.faTrueFalseRegular[i][2]=g_BB.faTrueFalse[i][2]; 
   g_BB.faTrueFalseRegular[i][3]=g_BB.faTrueFalse[i][3]; 
  
g_BB.faTrueFalseRegular[i][4]=g_BB.faTrueFalse[i][4]; 
 } 
 
 g_BB.iCycle=-1; // Initiating the cycle counter 
 g_BB.iMOST_Alg_Flag=1; // The system can use the MOST algorithm 
 g_BB.iOLSAS_Counter=0; // Counter for saving the data during the OLSAS proccess 
 
 // Initiating the array for saving the data during the OLSAS proccess 
 for (i=0; i<400; i++) 
 { 
  for(j=0; j<9; j++) 
  { 
   g_BB.faOLSAS_Data[i/*400*/][j/*8*/]=0; 
  } 
 } 
  
 for (m=1; m<=g_iTotalNumOfLS; m++) 
  g_BB.baLS_Flag [m]=1; // initiating the LS flag to 1. 
 
 // Calculating the TRUE and FALSE value for each LS 
 for (m=1; m<=g_iTotalNumOfLS; m++) 
  FuzzyLogicAlgorithm(m); 
  
 // Calculating truth table for each LS 
  Calculating_FL_TruthTable(); 
 
  // Initiating the unique array for the FL algorithm 
 for (i=0; i<(pow(2,g_iTotalNumOfLS)); i++) 
  g_BB.fFL_TruthTable[i]=g_BB.fTTValue[0][i]; 
} 
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/** 
** LogicalSensor.h 
** 
** Copyright 2001 by Ofir Cohen 
** 
** E-mail: oprc@bgumail.bgu.ac.il 
** 
**/ 
 
#ifndef __LogicalSensor_h__    
#define __LogicalSensor_h__ 
 
#include <saphira.h> 
#include <math.h> 
#include "ConstantParameters.h" 
#include "GlobalParameters.h" 
#include "InitiationFile.h" 
#include "FuzzyLogic_Algorithm.h" 
 
extern struct sfprocess *sfpMainLoop; 
extern HINSTANCE hLib; 
extern PXC pxc; 
extern FRAMELIB frame; 
extern long fgh; 
extern FRAME __PX_FAR *frh; 
extern int videotype; 
extern int grab_type; 
extern int ImageMaxX, 
 ImageMaxY, 
 WindowX, 
 WindowY; 
 
extern BlackBoard g_BB; 
 
void SFA_AND(); 
void SFA_OR(); 
void SFA_MOST(); 
void SFA_REGULAR_MOST(); 
void SFA_REGULAR_AFL(); 
void SFA_FL(); 
void SFA_AFL(); 
void CopyLBM2GGM(int); 
void SaveGGM(); 
void Call_LS_Func(); 
void Calculating_FL_TruthTable(); 
void FuzzyLogicAlgorithm(int); 
void CalculatingTrueAndFalseValues(int); 
void SFA_Calc_PM(int); // Calculates PM 
void LGM_Transformation(); 
 
class LogicalSensor 
{ 
private: 
  
public: 
 LogicalSensor(); 
 ~LogicalSensor(); 
}; 
#endif 
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/** 
** LogicalSensor.cpp 
** 
** Copyright 2001 by Ofir Cohen 
** 
** E-mail: oprc@bgumail.bgu.ac.il 
** 
**/ 
#include "ConstantParameters.h" 
#include "GlobalParameters.h" 
#include "LogicalSensor.h" 
#include "InitiationFile.h" 
#include "UltraSonic_Class.h" 
#include "FuzzyLogic_Algorithm.h" 
 
extern struct sfprocess *sfpMainLoop; 
extern HINSTANCE hLib; 
extern PXC pxc; 
extern FRAMELIB frame; 
 
static long fgh; 
static FRAME __PX_FAR *frh; 
 
extern int videotype; 
extern int grab_type; 
extern int ImageMaxX, 
ImageMaxY, 
WindowX, 
WindowY; 
 
extern UltraSonic_Class US; 
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/******************************************************************************** 
* Name: LGM_Transformation * 
* Description: This function transforms the logical sensors’ maps that were not update * 
********************************************************************************/ 
void LGM_Transformation()  
{ // 0 
 int i, j, k; 
 double DeltaX; 
 double DeltaY; 
 int i_New, j_New; 
  
 g_BB.faRobotPos[g_BB.iCycle][0]=g_BB.iLBM_X_New; 
 g_BB.faRobotPos[g_BB.iCycle][1]=g_BB.iLBM_Y_New; 
  
 DeltaX=g_BB.iLBM_X_New-g_BB.iLBM_X_Old; 
 DeltaY=g_BB.iLBM_Y_New-g_BB.iLBM_X_Old; 
  
 for (k=1; k<=g_iTotalNumOfLS; k++) 
 { // 1  
  if (g_BB.bLGM_NewDataFlag[k]) // If the LS has new data - FLAG =1 
  { // 2 
   g_BB.bLGM_NewDataFlag[k]=0; // Set NewDataFlag to 0 
   //sfSMessage("DeltaX= %d",DeltaX); 
   for (i=0; i<g_iX_LBM_MapSize ; i++) 
   { // 3 
    for(j=0; j<g_iY_LBM_MapSize ; j++) 
    { // 4 
     // Save the New data in an array for the Off-Line simulation 
     g_BB.iaLogicalSensorMap[i][j][k-
1][g_BB.iCycle]=g_BB.iaLBM[i][j][k];  
    } // 4 
   } // 3 
  } // 2 
  else 
  { // 5 
   for (i=0; i<g_iX_LBM_MapSize ; i++) 
   { // 6 
    for(j=0; j<g_iY_LBM_MapSize ; j++) 
    { // 7 
    i_New=(int)(i-(int)(DeltaX/(double)g_LBMCellSize)); 
    j_New=j; 
   if ((i_New>=0)&&(i_New<g_iX_LBM_MapSize) 
&&(j_New>=0)&&(j_New<g_iY_LBM_MapSize)) 
     { // 8 
      g_BB.iaLBM[i_New][j_New][k]=g_BB.iaLBM[i][j][k]; 
     g_BB.iaLogicalSensorMap[i_New][j_New][k-
1][g_BB.iCycle]=g_BB.iaLBM[i][j][k]; 
      if(i>i_New) // For moving robot case 
       g_BB.iaLBM[i][j][k]=0; 
     } // 8  
    }// 7 
   }// 6 
  }// 5 
 }// 1 
 sfSMessage("Cycle %d",g_BB.iCycle); // print out the system's cycle 
} // 0 
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/******************************************************************************** 
* Name: SFA_AND * 
* Description: This function fuses the data between all LBMs using the AND method  * 
********************************************************************************/ 
 
void SFA_AND() 
{ // 0 
 int i,j,k,counter; 
  
 for (i=0;i<g_iX_LBM_MapSize;i++) 
 { // 1 
  for (j=0;j<g_iY_LBM_MapSize;j++) 
  { // 2 
   counter=0; 
   for (k=1;k<=g_iTotalNumOfLS;k++) 
   { // 3 
    if(g_BB.iaLBM[i][j][k]) 
     counter++; 
   } // 3 
   if(counter==g_iTotalNumOfLS) 
    g_BB.iaLBM[i][j][0]=1; 
  } // 2 
 } // 1 
 // Calculate the PM for each LS by comparing the results to the fused AND map 
 SFA_Calc_PM(1);  
 CopyLBM2GGM(1); 
} // 0 
 
/******************************************************************************** 
* Name: SFA_OR * 
 * Description: This function fuses the data between all LBM using the OR method * 
********************************************************************************/ 
void SFA_OR() 
{ 
 int i,j,k; 
 for (i=0;i<g_iX_LBM_MapSize;i++) 
 { 
  for (j=0;j<g_iY_LBM_MapSize;j++) 
  { 
   for (k=1;k<=g_iTotalNumOfLS;k++) 
   { 
    if(g_BB.iaLBM[i][j][k]) 
    { 
     g_BB.iaLBM[i][j][0]=1; 
     k=g_iTotalNumOfLS; 
    } 
   } 
  } 
 } 
 // Calculate the PM for each LS by comparing the results to the fused OR map 
 SFA_Calc_PM(0); 
 CopyLBM2GGM(0); 
} 
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/******************************************************************************** 
* Name: SFA_REGULAR_MOST * 
* Description: This function fuses the data between all LBM using the regular MOST method * 
********************************************************************************/ 
void SFA_REGULAR_MOST() 
{ 
 int i,j,k, counter, MOST_US_Camera; 
  
 // Definitions of the MOST, using the 'ceil' function 
 MOST_US_Camera=(int)(ceil(0.5*(float)g_iTotalNumOfLS)); 
 //sfSMessage("MOST_US_Camera %d", MOST_US_Camera); 
 for (i=0;i<g_iX_LBM_MapSize;i++) 
 { 
  for (j=0;j<g_iY_LBM_MapSize;j++) 
  { 
   counter=0; 
   for (k=1;k<=g_iTotalNumOfLS;k++) 
   { 
    if(g_BB.iaLBM[i][j][k]) 
     counter++; 
    if(counter>=MOST_US_Camera) 
    { 
     g_BB.iaLBM[i][j][0]=1; 
     k=g_iTotalNumOfLS; 
    } 
   } 
  } 
 } 
 // Calculate the PM for each LS by comparing the results to the fused MOST map 
 SFA_Calc_PM(3); 
 CopyLBM2GGM(3); 
} 
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/******************************************************************************** 
* Name: SFA_MOST * 
* Description: This function fuses the data between all LBM using the MOST method * 
********************************************************************************/ 
void SFA_MOST() 
{ 
 int i,j,k, iMOST_Flag_Counter,counter, iMOST_TH_Level; 
  
 // Counting how many LSs participating in the fusion process 
 iMOST_Flag_Counter=0; 
 for (k=1;k<=g_iTotalNumOfLS;k++) 
 { 
  if (g_BB.baLS_Flag[k]) 
   iMOST_Flag_Counter++; 
 } 
  
 // Determine the threshold level for the MOST algorithm 
 iMOST_TH_Level=(int)(ceil(0.5*(float)iMOST_Flag_Counter)); 
  
 //sfSMessage("MOST_US_Camera %d", MOST_US_Camera); 
 for (i=0;i<g_iX_LBM_MapSize;i++) 
 { 
  for (j=0;j<g_iY_LBM_MapSize;j++) 
  { 
   counter=0; 
   for (k=1;k<=g_iTotalNumOfLS;k++) 
   { 
    // Check if this level participate at the fusion proccess 
    if(g_BB.baLS_Flag[k])  
    { 
     if(g_BB.iaLBM[i][j][k]) 
      counter++; 
     if(counter>=iMOST_TH_Level) 
     { 
      g_BB.iaLBM[i][j][0]=1; 
      k=g_iTotalNumOfLS; 
     } 
    } 
   } 
  } 
 } 
 // Calculate the PM for each LS by comparing the results to the fused OLSAS map 
 SFA_Calc_PM(2); 
 CopyLBM2GGM(2); 
} 
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/******************************************************************************** 
* Name: SFA_REGULAR_AFL * 
* Description: This function fuses the data between all LBM using the regular AFL method * 
********************************************************************************/ 
void SFA_REGULAR_AFL() 
{ 
 int i,j,k, m; 
 int iCellValue; 
  
 g_BB.iAFL_Flag=0; // 0 for regular AFL, 1 for MOST+AFL 
 // Calculating the TRUE and FALSE value for each LS 
 for (m=1; m<=g_iTotalNumOfLS; m++) 
  FuzzyLogicAlgorithm(m); 
  
 // Calculating truth table for each LS 
 Calculating_FL_TruthTable(); 
 // Based on the Truth table the fused map is built 
 for ( i=0;i<g_iX_LBM_MapSize;i++)  
 { 
  for ( j=0;j<g_iY_LBM_MapSize;j++) 
  { 
   iCellValue=0; 
   for ( k=0;k<g_iTotalNumOfLS;k++) 
   { 
    iCellValue= // The value for the cell at the Truth table [0/1] 
     iCellValue+(g_BB.iaLBM[i][j][k+1]*pow(2,k)); 
   }// for (int k=1;k<2+g_NumberOfModules;k++) 
   g_BB.iaLBM[i][j][0]=g_BB.fTTValue[0][iCellValue]; 
  }//for (int j=0;j<2*g_SensorYLength;j++) 
 }// for (int i=0;i<g_SensorXLength;i++)*/ 
  
 for (m=1; m<=g_iTotalNumOfLS; m++) 
  CalculatingTrueAndFalseValues(m); 
 // Calculate the PM for each LS by comparing the results to the fused OLSAS map 
 SFA_Calc_PM(5); 
 CopyLBM2GGM(5); 
} 
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/******************************************************************************** 
* Name: Call_LS_Func * 
* Description: is the hart of the OLSAS methodology * 
* The first part of the function is used to fuse the data using the ordinary methods * 
* The second part of the function is the OLSAS method  * 
********************************************************************************/ 
void Call_LS_Func() 
{ //1 
 float fSpecialMeasure, fTT, fFF, fTF, fFT; 
 int i,j,k; 
 int iMOST_Flag_Counter, iMOST_TH_Level; 
 int iOLSAS_AlgCode; 
 int iOLSAS_ChangeCode; 
 int iLSFail; 
  
 iOLSAS_ChangeCode=-1; 
 LGM_Transformation(); // map transformation for the maps that were not updated 
  
// Fusing Data using the sensor fusion algorithms: OR/AND/MOST/ADS/AFL 
 // It would help us to compare the results with what would happen if we used algorithm 
 // instead of the other 
 SFA_OR();           // OR writing to level 0 
 SFA_AND();          // AND writing to level 1 
 SFA_REGULAR_MOST(); // Regular MOST writing to level 3 
 SFA_REGULAR_AFL(); // Level 5 
 
// Fusing Data using the OLSAS framework – delete between OLSAS START and OLSAS END if not used 
 // OLSAS START 
 if(g_BB.iMOST_Alg_Flag) // If the flag sets to 1, the MOST can be used 
 { //2 
  SFA_MOST(); // Fuse using the MOST algorithm 
  iOLSAS_AlgCode=10; // Code which shows which of the  algorithm the system used to fuse the data 
  if (g_BB.iCycle>1) 
  { //3 
   for (k=1;k<=g_iTotalNumOfLS;k++) 
   { //4 
   fSpecialMeasure=0; // This measure defined as: (TT+FF-TF-FT)/2 
   fSpecialMeasure=g_BB.fSFA_PM[g_BB.iCycle-1][2/* OLSAS */][4][k-1]; 
   fSpecialMeasure=fSpecialMeasure+g_BB.fSFA_PM[g_BB.iCycle][2/*OLSAS */][4][k-1]; 
   if (fSpecialMeasure<0.3)  
   { //5 
    // Codes for g_BB.iMOST_Alg_Flag:  
    // 0 - AFL should be used,  
    // 1 - MAST can be used,  
    // 2 - MOST is bad algorithm but he updated already the map 
    g_BB.iMOST_Alg_Flag=2; 
    k=g_iTotalNumOfLS; 
   } //5 
    
   } //4 
   for (k=1;k<=g_iTotalNumOfLS;k++) 
   { //6 
    fTT=g_BB.fSFA_PM[g_BB.iCycle][2/* OLSAS */][0][k-1]; 
    fFF=g_BB.fSFA_PM[g_BB.iCycle][2/* OLSAS */][1][k-1]; 
    fTF=g_BB.fSFA_PM[g_BB.iCycle][2/* OLSAS */][2][k-1]; 
    fFT=g_BB.fSFA_PM[g_BB.iCycle][2/* OLSAS */][3][k-1]; 
    fSpecialMeasure=g_BB.fSFA_PM[g_BB.iCycle][2/* OLSAS */][4][k-1]; 
     
    if ((((fTT==0) && (fFF==1)) || ((fTT==1) && (fFF==0))) && 
 (fSpecialMeasure==0.5)) 
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    { // 7 
     // Codes for g_BB.iMOST_Alg_Flag:  
     // 0 - AFL should be used,  
     // 1 - MAST can be used,  
     // 2 - MOST is bad algorithm but he updated already the map 
     g_BB.iMOST_Alg_Flag=2; 
     iLSFail=k; 
     k=g_iTotalNumOfLS; 
     iOLSAS_ChangeCode=101; 
    } // 7 
   } // 6 
  } // 3 
 } // 2 
  
   /* 
   Explanations for faOLSAS_Data[i][j] 
   i : Counter 
   j : Cycle, AlgorithmCode, iMOST_Alg_Flag, iOLSAS_ChangeCode, baLS_Flag1, baLS_Flag2,  
 baLS_Flag3, baLS_Flag4,baLS_Flag5 
 */ 
 // Save the results within array for further research 
 g_BB.faOLSAS_Data[g_BB.iOLSAS_Counter/*400*/][0/*Cycle*/]=g_BB.iCycle; 
 g_BB.faOLSAS_Data[g_BB.iOLSAS_Counter/*400*/][1/*AlgorithmCode*/]=iOLSAS_AlgCode; 
 g_BB.faOLSAS_Data[g_BB.iOLSAS_Counter/*400*/][2/*iMOST_Alg_Flag*/]=g_BB.iMOST_Alg_Flag; 
 g_BB.faOLSAS_Data[g_BB.iOLSAS_Counter/*400*/][3/*iOLSAS_ChangeCode*/]=iOLSAS_ChangeCode; 
 g_BB.faOLSAS_Data[g_BB.iOLSAS_Counter/*400*/][4/*baLS_Flag1*/]=g_BB.baLS_Flag[1]; 
 g_BB.faOLSAS_Data[g_BB.iOLSAS_Counter/*400*/][5/*baLS_Flag2*/]=g_BB.baLS_Flag[2]; 
 g_BB.faOLSAS_Data[g_BB.iOLSAS_Counter/*400*/][6/*baLS_Flag3*/]=g_BB.baLS_Flag[3]; 
 g_BB.faOLSAS_Data[g_BB.iOLSAS_Counter/*400*/][7/*baLS_Flag4*/]=g_BB.baLS_Flag[4]; 
 g_BB.faOLSAS_Data[g_BB.iOLSAS_Counter/*400*/][8/*baLS_Flag5*/]=g_BB.baLS_Flag[5]; 
 g_BB.iOLSAS_Counter++; 
  
 if((g_BB.iCycle>1) && (((g_BB.iCycle)%50==0) || (g_BB.iMOST_Alg_Flag==0) || (g_BB.iMOST_Alg_Flag==2))) 
 { //8 
  // Codes for g_BB.iMOST_Alg_Flag:  
  // 0 - AFL should be used,  
  // 1 - MAST can be used,  
  // 2 - MOST is bad algorithm but he updated already the map 
  // if (g_BB.iMOST_Alg_Flag==0) 
  // g_BB.iMOST_Alg_Flag=2;  
   
  SFA_AFL(); 
  iOLSAS_AlgCode=20; 
   
  for (k=1;k<=g_iTotalNumOfLS;k++) 
  { //9 
   fTT=g_BB.fSFA_PM[g_BB.iCycle][4/*OLSAS/][0][k-1]; 
   fFF=g_BB.fSFA_PM[g_BB.iCycle][4/*OLSAS/][1][k-1]; 
   fTF=g_BB.fSFA_PM[g_BB.iCycle][4/*OLSAS/][2][k-1]; 
   fFT=g_BB.fSFA_PM[g_BB.iCycle][4/*OLSAS/][3][k-1]; 
   fSpecialMeasure=g_BB.fSFA_PM[g_BB.iCycle][4/*MOST*/][4][k-1]; 
    
   if (fSpecialMeasure<0.2) 
   { 
   g_BB.baLS_Flag[k]=0; // Set flag to 0, so the MOST algorithm won't use it in its next iteration 
   iOLSAS_ChangeCode=200; 
   } 
   else 
   g_BB.baLS_Flag[k]=1;  //Set flag to 1, so the MOST algorithm will it use it in its next iteration 
  } // 9 
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    /* 
    Explanations for faOLSAS_Data[i][j] 
    i : Counter 
    j : Cycle, AlgorithmCode, iMOST_Alg_Flag, iOLSAS_ChangeCode, baLS_Flag1, baLS_Flag2,  
  baLS_Flag3, baLS_Flag4,baLS_Flag5 
  */ 
  // Save the results within array for further research 
  g_BB.faOLSAS_Data[g_BB.iOLSAS_Counter/*400*/][0/*Cycle*/]=g_BB.iCycle; 
  g_BB.faOLSAS_Data[g_BB.iOLSAS_Counter][1/*AlgorithmCode*/]=iOLSAS_AlgCode; 

 g_BB.faOLSAS_Data[g_BB.iOLSAS_Counter][2/*iMOST_Alg_Flag*/]=g_BB.iMOST_Alg_Flag; 
  g_BB.faOLSAS_Data[g_BB.iOLSAS_Counter][3/*iOLSAS_ChangeCode*/]=iOLSAS_ChangeCode; 
  g_BB.faOLSAS_Data[g_BB.iOLSAS_Counter][4/*baLS_Flag1*/]=g_BB.baLS_Flag[1]; 
  g_BB.faOLSAS_Data[g_BB.iOLSAS_Counter][5/*baLS_Flag2*/]=g_BB.baLS_Flag[2]; 
  g_BB.faOLSAS_Data[g_BB.iOLSAS_Counter][6/*baLS_Flag3*/]=g_BB.baLS_Flag[3]; 
  g_BB.faOLSAS_Data[g_BB.iOLSAS_Counter][7/*baLS_Flag4*/]=g_BB.baLS_Flag[4]; 
  g_BB.faOLSAS_Data[g_BB.iOLSAS_Counter][8/*baLS_Flag5*/]=g_BB.baLS_Flag[5]; 
  g_BB.iOLSAS_Counter++; 
   
  if (iOLSAS_ChangeCode==101) 
  { 
   g_BB.baLS_Flag[iLSFail]=0; 
   iOLSAS_ChangeCode=201; 
  } 
   
  /* 
  Explanations for faOLSAS_Data[i][j] 
  i : Counter 
  j : Cycle, AlgorithmCode, iMOST_Alg_Flag, iOLSAS_ChangeCode, baLS_Flag1, baLS_Flag2,  
  baLS_Flag3, baLS_Flag4,baLS_Flag5 
  */ 
  // Save the results within array for further research 
  g_BB.faOLSAS_Data[g_BB.iOLSAS_Counter/*400*/][0/*Cycle*/]=g_BB.iCycle; 
  g_BB.faOLSAS_Data[g_BB.iOLSAS_Counter/*400*/][1/*AlgorithmCode*/]=iOLSAS_AlgCode; 
  g_BB.faOLSAS_Data[g_BB.iOLSAS_Counter][2/*iMOST_Alg_Flag*/]=g_BB.iMOST_Alg_Flag; 
  g_BB.faOLSAS_Data[g_BB.iOLSAS_Counter][3/*iOLSAS_ChangeCode*/]=iOLSAS_ChangeCode; 
  g_BB.faOLSAS_Data[g_BB.iOLSAS_Counter][4/*baLS_Flag1*/]=g_BB.baLS_Flag[1]; 
  g_BB.faOLSAS_Data[g_BB.iOLSAS_Counter][5/*baLS_Flag2*/]=g_BB.baLS_Flag[2]; 
  g_BB.faOLSAS_Data[g_BB.iOLSAS_Counter][6/*baLS_Flag3*/]=g_BB.baLS_Flag[3]; 
  g_BB.faOLSAS_Data[g_BB.iOLSAS_Counter][7/*baLS_Flag4*/]=g_BB.baLS_Flag[4]; 
  g_BB.faOLSAS_Data[g_BB.iOLSAS_Counter][8/*baLS_Flag5*/]=g_BB.baLS_Flag[5]; 
  g_BB.iOLSAS_Counter++; 
   
  // Counting how many LSs participating in the fusion process 
  iMOST_Flag_Counter=0; 
  for (k=1;k<=g_iTotalNumOfLS;k++) 
  { //10 
   if (g_BB.baLS_Flag[k]) 
   iMOST_Flag_Counter++; 
  } //10 
   
  if (iMOST_Flag_Counter<3/*iMOST_TH_Level*/) // Most of the sensors malfunction 
  { 
   g_BB.iMOST_Alg_Flag=0;  // 0 - AFL 
   iOLSAS_ChangeCode=202; 
  } 
  else 
  { 
   g_BB.iMOST_Alg_Flag=1;  // 1 - MOST 
   iOLSAS_ChangeCode=203; 
  } 
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  /* 
  Explanations for faOLSAS_Data[i][j] 
  i : Counter 
  j : Cycle, AlgorithmCode, iMOST_Alg_Flag, iOLSAS_ChangeCode, baLS_Flag1, baLS_Flag2,  
  baLS_Flag3, baLS_Flag4,baLS_Flag5 
  */ 
  // Save the results within array for further research 
  g_BB.faOLSAS_Data[g_BB.iOLSAS_Counter/*400*/][0/*Cycle*/]=g_BB.iCycle; 
  g_BB.faOLSAS_Data[g_BB.iOLSAS_Counter/*400*/][1/*AlgorithmCode*/]=iOLSAS_AlgCode; 
  g_BB.faOLSAS_Data[g_BB.iOLSAS_Counter/*400*/][2/*iMOST_Alg_Flag*/]=g_BB.iMOST_Alg_Flag; 

 g_BB.faOLSAS_Data[g_BB.iOLSAS_Counter][3/*iOLSAS_ChangeCode*/]=iOLSAS_ChangeCode; 
  g_BB.faOLSAS_Data[g_BB.iOLSAS_Counter/*400*/][4/*baLS_Flag1*/]=g_BB.baLS_Flag[1]; 
  g_BB.faOLSAS_Data[g_BB.iOLSAS_Counter/*400*/][5/*baLS_Flag2*/]=g_BB.baLS_Flag[2]; 
  g_BB.faOLSAS_Data[g_BB.iOLSAS_Counter/*400*/][6/*baLS_Flag3*/]=g_BB.baLS_Flag[3]; 
  g_BB.faOLSAS_Data[g_BB.iOLSAS_Counter/*400*/][7/*baLS_Flag4*/]=g_BB.baLS_Flag[4]; 
  g_BB.faOLSAS_Data[g_BB.iOLSAS_Counter/*400*/][8/*baLS_Flag5*/]=g_BB.baLS_Flag[5]; 
  g_BB.iOLSAS_Counter++; 
 } // 8 
  
 g_BB.iCycle++; 
  
} // 1 
 
 
//OLSAS END 
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/******************************************************************************** 
* Name: CopyLBM2GGM * 
* Description: This function copy the local binary maps (LBMs) to the global grid maps * 
********************************************************************************/ 
void CopyLBM2GGM(int iAlgCode) 
{ 
 int i, j; 
 int iNew, jNew; 
 for (i=0; i<g_iX_LBM_MapSize; i++) 
 { 
  for (j=0; j<g_iY_LBM_MapSize; j++) 
  { 
    
   iNew=i+(int)((double)g_BB.iPPGM_X/(double)g_LBMCellSize); 
   jNew=j+(int)(((double)g_iY_PPGM_MapSize-(double)g_iY_LBM_MapSize)/2); 
   if ((iNew>=0)&&(jNew< g_iY_PPGM_MapSize)&& 
    (jNew>=0)&&(iNew< g_iX_PPGM_MapSize)&&(g_BB.iaLBM[i][j][0])) 
   { 
    g_BB.iaPPGM[iNew][jNew][iAlgCode]++; 
   }  
   if (iAlgCode==1)  
    g_BB.iaPI[iNew][jNew]++; 
    
    
  } 
 } 
 // Save LBM maps for OffLine simulation 
 for (i=0; i<g_iX_LBM_MapSize; i++) 
 { 
  for (j=0; j<g_iY_LBM_MapSize; j++) 
  { 
   g_BB.SFAOutput[i][j][iAlgCode][g_BB.iCycle]=g_BB.iaLBM[i][j][0]; 
   g_BB.iaLBM[i][j][0]=0; 
  } 
 } 
} 
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/******************************************************************************** 
* Name: SFA_Calc_PM * 
* Description: This function calculates for each LS its reliability according  * 
* to the generated map by each algorithm * 
* This function used at the OLSAS level * 
********************************************************************************/ 
void SFA_Calc_PM(int iAlg_Index) 
{ 
 int i,j,k; 
 int iAlg; 
 float fCounterT, fCounterF; 
  
 // If the value at the BB_iaSensorArray[][][SFS_level] array is true then its value is 1 
 float fLevelCell;  
 // If the value at the BB_iaTemporarySensorArray array is true then the its value is 1 
 float fFusedCell;  
  
 float PM_True_False;  // Found True but was False. 
 float PM_True_True;   // Found True And was True. 
 float PM_False_False; // Found False And was False. 
 float PM_False_True;  // Found False but was true. 
  
 iAlg=iAlg_Index; 
  
 for (k=1;k<=g_iTotalNumOfLS;k++) 
 { 
  PM_True_False=0; // The Local Map Found True  But the fused map determined False. 
  PM_True_True=0;  // The Local Map Found True  And the fused map determined True. 
  PM_False_False=0;// The Local Map Found False And the fused map determined False. 
  PM_False_True=0; // The Local Map Found False But the fused map determined True. 
   
  for ( i=0;i<g_iX_LBM_MapSize;i++)  
  { 
   for ( j=0;j<g_iY_LBM_MapSize;j++) 
   { 
    fLevelCell=0; 
    fFusedCell=0; 
     
    if(g_BB.iaLBM[i][j][0]) // Fused Map 
     fFusedCell=1; 
    // g_BB.BB_iaTemporarySensorArray[i][j]=0;// Set the array values to 0 
    if(g_BB.iaLBM[i][j][k]) // LS Map 
     fLevelCell=1; 
     
    if(fLevelCell>fFusedCell)//  Found True but was False. 
     PM_True_False++;  
     
    if((fLevelCell==fFusedCell)&&(fLevelCell==1))//   Found True And was True. 
     PM_True_True++; 
     
    if((fLevelCell==fFusedCell)&&(fLevelCell==0))// Found False And was False. 
     PM_False_False++; 
     
    if(fLevelCell<fFusedCell)//  Found Fasle but was true 
     PM_False_True++; 
   } // End (for (j)) 
  } // End (for (i)) 
  fCounterT=(PM_True_True+PM_False_True); 
  fCounterF=(PM_False_False+PM_True_False); 
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  if (fCounterT>0) 
  { 
   PM_True_True=PM_True_True/fCounterT;  
   PM_False_True=PM_False_True/fCounterT; 
  } 
   
  if (fCounterF>0) 
  { 
   PM_False_False=PM_False_False/fCounterF; 
   PM_True_False=PM_True_False/fCounterF; 
  } 
  if (fCounterT==0) 
  { 
   PM_True_True= PM_False_False; 
   PM_False_True=1- PM_False_False; 
  } 
   
  if (fCounterF==0) 
  { 
   PM_False_False= PM_True_True; 
   PM_True_False=1- PM_True_True; 
  } 
   
  /* 
  Explanations for the fSFA_PM 4D array:[i][j][k][l] 
  i - stands for maximum number of robot positions 
  j - stands for number of 5 SFA (i.e., OR, AND , MOST, FL, AFL) 
  k - stands for PM: TT, FF, TF ,FT,  Fused measure (0.5*(TT+FF-TF-FT)) 
  l - stands for total number of LSs 
  */ 
   
  g_BB.fSFA_PM[g_BB.iCycle][iAlg][0][k-1]=PM_True_True;   // TT 
  g_BB.fSFA_PM[g_BB.iCycle][iAlg][1][k-1]=PM_False_False; // FF 
  g_BB.fSFA_PM[g_BB.iCycle][iAlg][2][k-1]=PM_True_False;  // TF 
  g_BB.fSFA_PM[g_BB.iCycle][iAlg][3][k-1]=PM_False_True;  // FT 
  g_BB.fSFA_PM[g_BB.iCycle][iAlg][4][k-1]= 
  0.5*(PM_True_True+PM_False_False-PM_True_False-PM_False_True); // Fused measure 
 } // End (for (k)) 
  
} 
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/******************************************************************************** 
* Name: SaveGGM  * 
* Description: This function save all the data into the hard disk  * 
********************************************************************************/ 
void SaveGGM() 
{ 
  
 FILE *f;  
 char string[40]; 
 char cLocNum[6]; 
 char Counter[6]; 
  
 int i, j,k,l; 
  
 // Saving the OLSAS data: which LS worked, which algorithm the system used etc. 
 f=fopen("Data\\OLSAS.dat","w"); 
 for(i = 0; i <g_BB.iOLSAS_Counter ; i++ ) 
 { 
  fprintf(f,"%f",g_BB.faOLSAS_Data[i][0/*Cycle*/]); 
  fprintf(f," "); 
  fprintf(f,"%f",g_BB.faOLSAS_Data[i][1/*AlgorithmCode*/]); 
  fprintf(f," "); 
  fprintf(f,"%f",g_BB.faOLSAS_Data[i][2/*iMOST_Alg_Flag*/]); 
  fprintf(f," "); 
  fprintf(f,"%f",g_BB.faOLSAS_Data[i][3/*iOLSAS_ChangeCode*/]); 
  fprintf(f," "); 
  fprintf(f,"%f",g_BB.faOLSAS_Data[i][4/*baLS_Flag1*/]); 
  fprintf(f," "); 
  fprintf(f,"%f",g_BB.faOLSAS_Data[i][5/*baLS_Flag2*/]); 
  fprintf(f," "); 
  fprintf(f,"%f",g_BB.faOLSAS_Data[i][6/*baLS_Flag3*/]); 
  fprintf(f," "); 
  fprintf(f,"%f",g_BB.faOLSAS_Data[i][7/*baLS_Flag4*/]); 
  fprintf(f," "); 
  fprintf(f,"%f",g_BB.faOLSAS_Data[i][8/*baLS_Flag5*/]); 
  fprintf(f," "); 
  fprintf(f,"\n"); 
 } 
 fclose(f); 
   
 // Saving all path planning grid maps 
 for (k=0; k<(g_TotalNumberOfAlgorithms+1); k++) 
 {  
  _itoa(k, cLocNum, 10 ); // Converting pic number (int) into string. 
  _itoa(g_BB.iCycle, Counter, 10 ); // Converting pic number (int) into string.   
  strcpy( string, "Data\\PPGM"); 
  strcat( string, cLocNum); 
  strcat( string, ".dat" ); 
  f=fopen(string,"w"); 
  for(i = 0; i<g_iX_PPGM_MapSize ; i++ ) 
  { 
   for(j = 0; j <g_iY_PPGM_MapSize; j++ ) 
   { 
    fprintf(f,"%d",g_BB.iaPPGM[i][j][k]); 
    fprintf(f," "); 
   } 
   fprintf(f,"\n"); 
  } 
  fclose(f); 
 } 
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 // Saving the PI map 
 f=fopen("Data\\PI.dat","w"); 
 for(i = 0; i <g_iX_PPGM_MapSize ; i++ ) 
 { 
  for(j = 0; j < g_iY_PPGM_MapSize; j++ ) 
  { 
   fprintf(f,"%d",g_BB.iaPI[i][j]); 
   fprintf(f," "); 
  } 
  fprintf(f,"\n"); 
 } 
 fclose(f); 
 
 // Saving the local binary maps 
 for (k=0; k<g_BB.iCycle; k++) 
 { 
  for (l=0; l<g_iTotalNumOfLS; l++) 
  { 
   _itoa(k, Counter, 10);   // Converting pic number (int) into string. 
   _itoa(l, cLocNum, 10);   // Converting pic number (int) into string. 
   strcpy( string, "Data\\LBM"); 
   strcat( string, Counter);//k - counter 
   strcat( string, "_"); 
   strcat( string, cLocNum);//l - g_iTotalNumOfLS 
   strcat( string, ".dat" ); 
   f=fopen(string,"w"); 
   for(i = 0; i <g_iX_LBM_MapSize ; i++ ) 
   { 
    for(j = 0; j < g_iY_LBM_MapSize; j++ ) 
    { 
     fprintf(f,"%d",g_BB.iaLogicalSensorMap[i][j][l][k]); 
     fprintf(f," "); 
    } 
    fprintf(f,"\n"); 
   } 
   fclose(f); 
  } 
 } 
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 // Saving the sensor fusion algorithms maps (during the process) 
 for (k=0; k<g_BB.iCycle; k++) 
 { 
  for (l=0; l<5; l++) \\ l - algorithm 
  { 
   _itoa(k, Counter, 10); // Converting pic number (int) into string. 
   _itoa(l, cLocNum, 10); // Converting pic number (int) into string. 
   strcpy( string, "Data\\SFA"); 
   strcat( string, Counter);//k - counter 
   strcat( string, "_"); 
   strcat( string, cLocNum);//l - algorithm 
   strcat( string, ".dat" ); 
   f=fopen(string,"w"); 
   for(i = 0; i <g_iX_LBM_MapSize ; i++ ) 
   { 
    for(j = 0; j < g_iY_LBM_MapSize; j++ ) 
    { 
     fprintf(f,"%d",g_BB.SFAOutput[i][j][l][k]); 
     fprintf(f," "); 
    } 
    fprintf(f,"\n"); 
   } 
   fclose(f); 
  } 
 } 
 
 // Saving the robot position 
 f=fopen("Data\\RobotPos.dat","w"); 
 for (i=0; i<(g_BB.iCycle); i++) 
 { 
  fprintf(f,"%f ",g_BB.faRobotPos[i][0]); 
  fprintf(f," %f",g_BB.faRobotPos[i][1]); 
  fprintf(f,"\n"); 
 } 
 fclose(f); 
 
 // Saving the AFL algorithm values during the OLSAS process 
 f=fopen("Data\\PM_AFL_Real_Values_AFL_Star.dat","w"); 
 for(i = 0; i <g_BB.iCycle ; i++ ) // Cycle 
 { 
  for(j = 1; j <= g_iTotalNumOfLS; j++ ) // Number of LSs 
  { 
   for(k = 0; k <=3 ; k++ ) // PM: TT, FF, TF FT 
   { 
    fprintf(f,"%f",g_BB.fSFA_FL[i][j][k]); 
    // sfSMessage("k = %f", g_BB.fSFA_FL[i][j][k]); 
    fprintf(f," "); 
   } 
  } 
  fprintf(f,"\n");  
 } 
 fclose(f); 
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 // Saving the AFL algorithm values as if the OLSAS didn't work 
 f=fopen("Data\\PM_AFL_Real_Values_AFL_Regular.dat","w"); 
 for(i = 0; i <g_BB.iCycle ; i++ ) // Cycle 
 { 
  for(j = 1; j <= g_iTotalNumOfLS; j++ ) // Number of LSs 
  { 
   for(k = 0; k <=3 ; k++ ) // PM: TT, FF, TF FT 
   { 
    fprintf(f,"%f",g_BB.fSFA_FL_Regular[i][j][k]); 
    // sfSMessage("k = %f", g_BB.fSFA_FL[i][j][k]); 
    fprintf(f," "); 
   } 
  } 
  fprintf(f,"\n");  
 } 
 fclose(f); 
  
    /* 
 Explanations for the fSFA_PM 4D array:[i][j][k][l] 
 i - stands for cycles 
 j - stands for number of 5 SFA (i.e., OR, AND , MOST, FL, AFL) 
 k - stands for PM: TT, FF, TF ,FT 
 l - stands for total number of LSs 
    */ 
 /* 
 fSFA_PM[g_BB.iCycle][iAlg_Index][0][k]=PM_True_True;   // TT 
 fSFA_PM[g_BB.iCycle][iAlg_Index][1][k]=PM_False_False; // FF 
 fSFA_PM[g_BB.iCycle][iAlg_Index][2][k]=PM_True_False;  // TF 
 fSFA_PM[g_BB.iCycle][iAlg_Index][3][k]=PM_False_True;  // FT 
 fSFA_PM[g_BB.iCycle][iAlg][4][k-1]= 
 0.5*(PM_True_True+PM_False_False-PM_True_False-PM_False_True); 
 */ 
 
 //  Saving the PM for the OR algorithm for future research  
 f=fopen("Data\\PM_OR.dat","w"); 
 for(i = 0; i <g_BB.iCycle ; i++ )     // Cycle 
 { 
  for(j = 0; j < g_iTotalNumOfLS; j++ )   // Number of LSs 
  { 
   for(k = 0; k <=4 ; k++ ) // PM: TT, FF, TF FT 
   { 
    fprintf(f,"%f",g_BB.fSFA_PM[i][0/*OR*/][k][j]); 
    fprintf(f," "); 
   } 
  } 
  fprintf(f,"\n");  
 } 
 fclose(f); 
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 //  Saving the PM for the AND algorithm for future research 
 f=fopen("Data\\PM_AND.dat","w"); 
 for(i = 0; i <g_BB.iCycle ; i++ ) // Cycle 
 { 
  for(j = 0; j < g_iTotalNumOfLS; j++ ) // Number of LSs 
  { 
   for(k = 0; k <=4 ; k++ ) // PM: TT, FF, TF FT 
   { 
    fprintf(f,"%f",g_BB.fSFA_PM[i][1/*AND*/][k][j]); 
    fprintf(f," "); 
   } 
  } 
  fprintf(f,"\n");  
 } 
 fclose(f); 
  
 // Saving the PM for the MOST algorithm for future research 
 f=fopen("Data\\PM_AFL_MOST.dat","w"); 
 for(i = 0; i <g_BB.iCycle ; i++ ) // Cycle 
 { 
  for(j = 0; j < g_iTotalNumOfLS; j++ ) // Number of LSs 
  { 
   for(k = 0; k <=4 ; k++ ) // PM: TT, FF, TF FT 
   { 
    fprintf(f,"%f",g_BB.fSFA_PM[i][2/*PM_AFL_MOST*/][k][j]); 
    fprintf(f," "); 
   } 
  } 
  fprintf(f,"\n");  
 } 
 fclose(f); 
  
 //  Saving the PM for the FL algorithm for future research 
 f=fopen("Data\\PM_Regular_MOST.dat","w"); 
 for(i = 0; i <g_BB.iCycle ; i++ ) // Cycle 
 { 
  for(j = 0; j < g_iTotalNumOfLS; j++ ) // Number of LSs 
  { 
   for(k = 0; k <=4 ; k++ ) // PM: TT, FF, TF FT 
   { 
    fprintf(f,"%f",g_BB.fSFA_PM[i][3/*PM_Regular_MOST*/][k][j]); 
    fprintf(f," "); 
   } 
  } 
  fprintf(f,"\n");  
 } 
 fclose(f); 
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 // Saving the PM for the OLSAS algorithm for future research 
 f=fopen("Data\\PM_AFL_ALONE_During_The_Simulaiton.dat","w"); 
 for(i = 0; i <g_BB.iCycle ; i++ ) // Cycle 
 { 
  for(j = 0; j < g_iTotalNumOfLS; j++ ) // Number of LSs 
  { 
   for(k = 0; k <=4 ; k++ ) // PM: TT, FF, TF FT 
   { 
    fprintf(f,"%f",g_BB.fSFA_PM[i][5/*PM_AFL_STAR*/][k][j]); 
    fprintf(f," "); 
   } 
  } 
  fprintf(f,"\n");  
 } 
 fclose(f); 
  
 // Saving the PM for the AFL algorithm for future research 
 f=fopen("Data\\PM_REGULAR_AFL.dat","w"); 
 for(i = 0; i <g_BB.iCycle ; i++ ) // Cycle 
 { 
  for(j = 0; j < g_iTotalNumOfLS; j++ ) // Number of LSs 
  { 
   for(k = 0; k <=4 ; k++ ) // PM: TT, FF, TF FT 
   { 
    fprintf(f,"%f",g_BB.fSFA_PM[i][5/*PM_REGULAR_OLSAS/][k][j]); 
    fprintf(f," "); 
   } 
  } 
  fprintf(f,"\n");  
 } 
 fclose(f); 
} 
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/******************************************************************************** 
* Name: FuzzyLogicAlgorithm * 
* Description: This function is an algorithm base on the FL theory for fusing the data. * 
********************************************************************************/ 
void FuzzyLogicAlgorithm(int plevel) 
{ 
 float fFalseAreaTotal=0; 
 float fTrueAreaTotal=0; 
 float fFalseCOMValue=0; 
 float fTrueCOMValue=0; 
 int level=plevel;  
  
 FuzzyLogic FL_TT(cf_TT); 
 FuzzyLogic FL_FF(cf_FF); 
 FuzzyLogic FL_FT(cf_FT); 
 FuzzyLogic FL_TF(cf_TF); 
 FuzzyLogic FL_TRUE(cf_TRUE); 
 FuzzyLogic FL_FALSE(cf_FALSE); 
  
 FL_TT.FLInsCrispVal(g_BB.faTrueFalse[level][1]); // SFS_True_True 
 FL_FF.FLInsCrispVal(g_BB.faTrueFalse[level][2]); // SFS_False_False 
 FL_TF.FLInsCrispVal(g_BB.faTrueFalse[level][3]); // SFS_True_False 
 FL_FT.FLInsCrispVal(g_BB.faTrueFalse[level][4]); // SFS_False_True 
  
 //**************   The Rules    **************** 
 // [F/F,High]=>[False,High] 
 FL_FF.FL_Crisp2Fuzzy("High")>>FL_FALSE.FLInsFuzzyName("High"); 
 //fFalseAreaTotal=fFalseAreaTotal+(FL_FALSE.FuzzyLogicGetAraeValue()); 
 fFalseCOMValue=fFalseCOMValue+ 
  FL_FALSE.FuzzyLogicGetAraeValue()*FL_FALSE.FuzzyLogicGetCenterOfMassCrisp(); 
  
 // [F/F,Avarage]=>[False,Avarage] 
 FL_FF.FL_Crisp2Fuzzy("Avarage")>>FL_FALSE.FLInsFuzzyName("Avarage"); 
 //fFalseAreaTotal=fFalseAreaTotal+(FL_FALSE.FuzzyLogicGetAraeValue()); 
 fFalseCOMValue=fFalseCOMValue+ 
  FL_FALSE.FuzzyLogicGetAraeValue()*FL_FALSE.FuzzyLogicGetCenterOfMassCrisp(); 
  
 // [F/F,Low]=>[False,Low] 
 FL_FF.FL_Crisp2Fuzzy("Low")>>FL_FALSE.FLInsFuzzyName("Low"); 
 //fFalseAreaTotal=fFalseAreaTotal+(FL_FALSE.FuzzyLogicGetAraeValue()); 
 fFalseCOMValue=fFalseCOMValue+ 
  FL_FALSE.FuzzyLogicGetAraeValue()*FL_FALSE.FuzzyLogicGetCenterOfMassCrisp(); 
  
 // [F/T,High]=>[False,Low] 
 FL_FT.FL_Crisp2Fuzzy("High")>>FL_FALSE.FLInsFuzzyName("Low"); 
 //fFalseAreaTotal=fFalseAreaTotal+(FL_FALSE.FuzzyLogicGetAraeValue()); 
 fFalseCOMValue=fFalseCOMValue+ 
  FL_FALSE.FuzzyLogicGetAraeValue()*FL_FALSE.FuzzyLogicGetCenterOfMassCrisp(); 
  
 // [F/T,Avarage]=>[False,Avarage] 
 FL_FT.FL_Crisp2Fuzzy("Avarage")>>FL_FALSE.FLInsFuzzyName("Avarage"); 
 //fFalseAreaTotal=fFalseAreaTotal+(FL_FALSE.FuzzyLogicGetAraeValue()); 
 fFalseCOMValue=fFalseCOMValue+ 
  FL_FALSE.FuzzyLogicGetAraeValue()*FL_FALSE.FuzzyLogicGetCenterOfMassCrisp(); 
  
 // [F/T,Low]=>[False,High] 
 FL_FT.FL_Crisp2Fuzzy("Low")>>FL_FALSE.FLInsFuzzyName("High"); 
 //fFalseAreaTotal=fFalseAreaTotal+(FL_FALSE.FuzzyLogicGetAraeValue()); 
 fFalseCOMValue=fFalseCOMValue+ 
  FL_FALSE.FuzzyLogicGetAraeValue()*FL_FALSE.FuzzyLogicGetCenterOfMassCrisp(); 
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 // [T/T,High]=>[True,High] 
 FL_TT.FL_Crisp2Fuzzy("High")>>FL_TRUE.FLInsFuzzyName("High"); 
 //fTrueAreaTotal=fTrueAreaTotal+(FL_TRUE.FuzzyLogicGetAraeValue()); 
 fTrueCOMValue=fTrueCOMValue+ 
  FL_TRUE.FuzzyLogicGetAraeValue()*FL_TRUE.FuzzyLogicGetCenterOfMassCrisp(); 
  
 // [T/T,Avarage]=>[True,Avarage] 
 FL_TT.FL_Crisp2Fuzzy("Avarage")>>FL_TRUE.FLInsFuzzyName("Avarage"); 
 //fTrueAreaTotal=fTrueAreaTotal+(FL_TRUE.FuzzyLogicGetAraeValue()); 
 fTrueCOMValue=fTrueCOMValue+ 
  FL_TRUE.FuzzyLogicGetAraeValue()*FL_TRUE.FuzzyLogicGetCenterOfMassCrisp(); 
  
 // [T/T,Low]=>[True,Low] 
 FL_TT.FL_Crisp2Fuzzy("Low")>>FL_TRUE.FLInsFuzzyName("Low"); 
 //fTrueAreaTotal=fTrueAreaTotal+(FL_TRUE.FuzzyLogicGetAraeValue()); 
 fTrueCOMValue=fTrueCOMValue+ 
  FL_TRUE.FuzzyLogicGetAraeValue()*FL_TRUE.FuzzyLogicGetCenterOfMassCrisp(); 
  
 // [T/F,High]=>[True,Low] 
 FL_TF.FL_Crisp2Fuzzy("High")>>FL_TRUE.FLInsFuzzyName("Low"); 
 //fTrueAreaTotal=fTrueAreaTotal+(FL_TRUE.FuzzyLogicGetAraeValue()); 
 fTrueCOMValue=fTrueCOMValue+ 
  FL_TRUE.FuzzyLogicGetAraeValue()*FL_TRUE.FuzzyLogicGetCenterOfMassCrisp(); 
  
 // [T/F,Avarage]=>[True,Avarage] 
 FL_TF.FL_Crisp2Fuzzy("Avarage")>>FL_TRUE.FLInsFuzzyName("Avarage"); 
 //fTrueAreaTotal=fTrueAreaTotal+(FL_TRUE.FuzzyLogicGetAraeValue()); 
 fTrueCOMValue=fTrueCOMValue+ 
  FL_TRUE.FuzzyLogicGetAraeValue()*FL_TRUE.FuzzyLogicGetCenterOfMassCrisp(); 
  
 // [T/F,Low]=>[True,High] 
 FL_TF.FL_Crisp2Fuzzy("Low")>>FL_TRUE.FLInsFuzzyName("High"); 
 //fTrueAreaTotal=fTrueAreaTotal+(FL_TRUE.FuzzyLogicGetAraeValue()); 
 fTrueCOMValue=fTrueCOMValue+ 
  FL_TRUE.FuzzyLogicGetAraeValue()*FL_TRUE.FuzzyLogicGetCenterOfMassCrisp(); 
  
 //fFalseCOMValue=fFalseCOMValue/fFalseAreaTotal; 
 //fTrueCOMValue=fTrueCOMValue/fTrueAreaTotal; 
  
 g_BB.fFalseAccuracy[level]=fFalseCOMValue; // Updating the data at the BB. 
 g_BB.fTrueAccuracy[level]=fTrueCOMValue; // Updating the data at the BB. 
  
} 
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/******************************************************************************** 
* Name: Calculating_FL_TruthTable  * 
* Description: Calculating the truth table,  * 
********************************************************************************/ 
void Calculating_FL_TruthTable() 
{  
 int i,j,iTempValue;//,iTempTTValue; 
 char buffer[10]; 
 int iTempTable[32]; 
 float fTrueValue,fFalseValue; 
  
 // This loop calculte the cell number in a binary mode 
 for (i=0;i<pow(2,g_iTotalNumOfLS);i++) 
 { 
  _itoa(i,buffer,2); 
  iTempTable[i]=atoi(buffer); 
 }  
  
 // This loop distribute the binary numbers in to single one '0' and '1'. 
 for (i=0;i<pow(2,g_iTotalNumOfLS);i++) 
 { 
  for (j=1;j<(g_iTotalNumOfLS+1);j++) 
  { 
   if((iTempTable[i]%10)==0) 
    iTempValue=0; 
   else 
    iTempValue=1; 
   g_BB.fTTValue[j][i]=(float)iTempValue; 
   iTempTable[i]=iTempTable[i]/10; 
  }// for (j=1;j<6;j++) 
 }// for (i=0;i<32;i++) 
  
 // Calculating the total values as function of the sensors outputs and the rules 
 for (i=0;i<pow(2,g_iTotalNumOfLS);i++) 
 { 
  //iTempTTValue=g_BB.BB_fTTValue[1][i]; 
  fTrueValue=0; 
  fFalseValue=0; 
   
  for (j=1;j<=g_iTotalNumOfLS;j++) 
  { 
   if(g_BB.fTTValue[j][i]==0) 
    fFalseValue=fFalseValue+g_BB.fFalseAccuracy[j]; 
   else 
    fTrueValue=fTrueValue+g_BB.fTrueAccuracy[j]; 
  } 
  if (i==0) 
   g_BB.fTTValue[0][i]=0; 
  else if (i==(pow(2,g_iTotalNumOfLS)-1)) 
   g_BB.fTTValue[0][i]=1; 
  else //(i>0) 
  { 
   if(fTrueValue<fFalseValue) 
    g_BB.fTTValue[0][i]=0; 
   else 
    g_BB.fTTValue[0][i]=1; 
  } 
 }// for (i=0;i<32;i++) 
} 
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/******************************************************************************** 
* Name: CalculatingTrueAndFalseValues * 
* Description: This function Compare the new data at this level with the integrated data * 
* This function is the adaptive part of the system  and determine the following parameters * 
* SFS_True_False The Local Map Found True But the fused map determined False * 
* SFS_True_True The Local Map Found True And the fused map determined True * 
* SFS_False_False The Local Map Found False And the fused map determined False * 
* SFS_False_True The Local Map Found False But the fused map determined True  * 
********************************************************************************/ 
void CalculatingTrueAndFalseValues(int SFS_Level) 
{ 
 unsigned short int i,j; 
 float fCounterT,fCounterF; 
 float fLevelCell; // If the value at the BB_iaSensorArray[][][SFS_level] array is true then its value is 1 
 float fFusedCell; // If the value at the BB_iaTemporarySensorArray array is true then the its value is 1 
 float fOldFF,fOldTT,fOldTF,fOldFT; 
  
 float SFS_True_False;  // Found True but was False. 
 float SFS_True_True;   // Found True And was True. 
 float SFS_False_False; // Found False And was False. 
 float SFS_False_True;  // Found Fasle but was true. 
  
  
 SFS_True_False=0; // The Local Map Found True  But the fused map determined False. 
 SFS_True_True=0;  // The Local Map Found True  And the fused map determined True. 
 SFS_False_False=0;// The Local Map Found False And the fused map determined False. 
 SFS_False_True=0; // The Local Map Found Fasle But the fused map determined True. 
  
 if(g_BB.iAFL_Flag==0) // Regular AFL 
 { 
  if (g_BB.faTrueFalseRegular[SFS_Level][1]>=0) 
   fOldTT=g_BB.faTrueFalseRegular[SFS_Level][1]; 
  if (g_BB.faTrueFalseRegular[SFS_Level][2]>=0) 
   fOldFF=g_BB.faTrueFalseRegular[SFS_Level][2]; 
  if (g_BB.faTrueFalseRegular[SFS_Level][3]>=0) 
   fOldTF=g_BB.faTrueFalseRegular[SFS_Level][3]; 
  if (g_BB.faTrueFalseRegular[SFS_Level][4]>=0) 
   fOldFT=g_BB.faTrueFalseRegular[SFS_Level][4]; 
 } 
 else 
 { 
  if (g_BB.faTrueFalse[SFS_Level][1]>=0) 
   fOldTT=g_BB.faTrueFalse[SFS_Level][1]; 
  if (g_BB.faTrueFalse[SFS_Level][2]>=0) 
   fOldFF=g_BB.faTrueFalse[SFS_Level][2]; 
  if (g_BB.faTrueFalse[SFS_Level][3]>=0) 
   fOldTF=g_BB.faTrueFalse[SFS_Level][3]; 
  if (g_BB.faTrueFalse[SFS_Level][4]>=0) 
   fOldFT=g_BB.faTrueFalse[SFS_Level][4]; 
   
 } 
  
 for ( i=0;i<g_iX_LBM_MapSize;i++)  
 { 
  for ( j=0;j<g_iY_LBM_MapSize;j++) 
  { 
   fLevelCell=0; 
   fFusedCell=0; 
   if(g_BB.iaLBM[i][j][0]) // Fused Map 
    fFusedCell=1; 
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   // g_BB.BB_iaTemporarySensorArray[i][j]=0;// Initialize the array values to 0 
   if(g_BB.iaLBM[i][j][SFS_Level]) 
    fLevelCell=1; 
   if(fLevelCell>fFusedCell)//  Found True but was False. 
    SFS_True_False++;  
   if((fLevelCell==fFusedCell)&&(fLevelCell==1))//   Found True And was True. 
    SFS_True_True++; 
   if((fLevelCell==fFusedCell)&&(fLevelCell==0))// Found False And was False. 
    SFS_False_False++; 
   if(fLevelCell<fFusedCell)//  Found Fasle but was true 
    SFS_False_True++; 
  }  
 } 
 fCounterT=(SFS_True_True+SFS_False_True); 
 fCounterF=(SFS_False_False+SFS_True_False); 
  
 if (fCounterT>0) 
 { 
  PM_True_True=PM_True_True/fCounterT;  
  PM_False_True=PM_False_True/fCounterT; 
 } 
  
 if (fCounterF>0) 
 { 
  PM_False_False=PM_False_False/fCounterF; 
  PM_True_False=PM_True_False/fCounterF; 
 } 
 if (fCounterT==0) 
 { 
  PM_True_True= PM_False_False; 
  PM_False_True=1- PM_False_False; 
 } 
  
 if (fCounterF==0) 
 { 
  PM_False_False= PM_True_True; 
  PM_True_False=1- PM_True_True; 
 } 
  
 /*Explanation about the BB_faTrueFalse[(1+g_NumberOfModules)][7] array: 
 Cell number 0 is for: Free 
 Cell number 1 is for: TT Value 
 Cell number 2 is for: FF Value 
 Cell number 3 is for: TF Value 
 Cell number 4 is for: FT Value 
 Cell number 5 is for: TRUE Value 
 Cell number 6 is for: FALSE Value   */ 
  
 if(g_BB.iAFL_Flag==0) // Regular AFL 
 { 
 g_BB.faTrueFalseRegular[SFS_Level][1]=0.5*(SFS_True_True+fOldTT); 
 g_BB.faTrueFalseRegular[SFS_Level][2]=0.5*(SFS_False_False+fOldFF); 
 g_BB.faTrueFalseRegular[SFS_Level][3]=0.5*(SFS_True_False+fOldTF); 
 g_BB.faTrueFalseRegular[SFS_Level][4]=0.5*(SFS_False_True+fOldFT); 
 g_BB.fSFA_FL_Regular[g_BB.iCycle][SFS_Level][0]=g_BB.faTrueFalseRegular[SFS_Level][1];   // TT 
 g_BB.fSFA_FL_Regular[g_BB.iCycle][SFS_Level][1]=g_BB.faTrueFalseRegular[SFS_Level][2]; // FF 
 g_BB.fSFA_FL_Regular[g_BB.iCycle][SFS_Level][2]=g_BB.faTrueFalseRegular[SFS_Level][3];  // TF 
 g_BB.fSFA_FL_Regular[g_BB.iCycle][SFS_Level][3]=g_BB.faTrueFalseRegular[SFS_Level][4];  // FT 
 } 
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 else 
 { 
 g_BB.faTrueFalse[SFS_Level][1]=0.5*(SFS_True_True+fOldTT); 
 g_BB.faTrueFalse[SFS_Level][2]=0.5*(SFS_False_False+fOldFF); 
 g_BB.faTrueFalse[SFS_Level][3]=0.5*(SFS_True_False+fOldTF); 
 g_BB.faTrueFalse[SFS_Level][4]=0.5*(SFS_False_True+fOldFT); 
  
 g_BB.fSFA_FL[g_BB.iCycle][SFS_Level][0]=g_BB.faTrueFalse[SFS_Level][1];   // TT 
 g_BB.fSFA_FL[g_BB.iCycle][SFS_Level][1]=g_BB.faTrueFalse[SFS_Level][2]; // FF 
 g_BB.fSFA_FL[g_BB.iCycle][SFS_Level][2]=g_BB.faTrueFalse[SFS_Level][3];  // TF 
 g_BB.fSFA_FL[g_BB.iCycle][SFS_Level][3]=g_BB.faTrueFalse[SFS_Level][4];  // FT 
 } 
} 
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/******************************************************************************** 
* Name: SFA_AFL * 
* Description: This function is the fusion AFL algorithm  * 
********************************************************************************/ 
void SFA_AFL() 
{ 
 int i,j,k,m; 
 int iCellValue; 
  
 g_BB.iAFL_Flag=1; // 0 for regular AFL, 1 for OLSAS 
 // Calculating the TRUE and FALSE value for each LS 
 for (m=1; m<=g_iTotalNumOfLS; m++) 
  FuzzyLogicAlgorithm(m); 
  
 // Calculating truth table for each LS 
 Calculating_FL_TruthTable(); 
 // Based on the Truth table the fused map is built 
 for ( i=0;i<g_iX_LBM_MapSize;i++)  
 { 
  for ( j=0;j<g_iY_LBM_MapSize;j++) 
  { 
   iCellValue=0; 
   for ( k=0;k<g_iTotalNumOfLS;k++) 
   { 
    iCellValue= // The value for the cell at the Truth table [0/1] 
     iCellValue+(g_BB.iaLBM[i][j][k+1]*pow(2,k)); 
   }// for (int k=1;k<2+g_NumberOfModules;k++) 
   g_BB.iaLBM[i][j][0]=g_BB.fTTValue[0][iCellValue]; 
  }//for (int j=0;j<2*g_SensorYLength;j++) 
 }// for (int i=0;i<g_SensorXLength;i++)*/ 
  
 for (m=1; m<=g_iTotalNumOfLS; m++) 
  CalculatingTrueAndFalseValues(m); 

// Most algorithm fused the maps  
// Flag=0 means ‘bad’  
// The maps were not shifted  

 if (g_BB.iMOST_Alg_Flag==0)  
 { 
  SFA_Calc_PM(4); 
  CopyLBM2GGM(2); 
 } 

// Most algorithm fused the maps  
// Flag=1 means ‘good’  

 if (g_BB.iMOST_Alg_Flag==1)  
 { 
  SFA_Calc_PM(4); 
  //CopyLBM2GGM(4); 
 } 

// Most algorithm fused the maps  
// Flag=2 means ‘bad’  
// The maps were transformed  

 if (g_BB.iMOST_Alg_Flag==2)  
 { 
  SFA_Calc_PM(4); 
  //CopyLBM2GGM(4); 
 } 
} 
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/******************************************************************************** 
* Name: SFA_AFL * 
* Description: This function is the fusion FL algorithm * 
********************************************************************************/ 
void SFA_FL() 
{ 
 int i,j,k; 
 int iCellValue; 
 // Based on the Truth table the fused map is built 
 for ( i=0;i<g_iX_LBM_MapSize;i++)  
 { 
  for ( j=0;j<g_iY_LBM_MapSize;j++) 
  { 
   iCellValue=0; 
   for ( k=0;k<g_iTotalNumOfLS;k++) 
   { 
    iCellValue= // The value for the cell at the Truth table [0/1] 
     iCellValue+(g_BB.iaLBM[i][j][k+1]*pow(2,k)); 
   }// for (int k=1;k<2+g_NumberOfModules;k++) 
   g_BB.iaLBM[i][j][0]=g_BB.fFL_TruthTable[iCellValue]; 
  }//for (int j=0;j<2*g_SensorYLength;j++) 
 }// for (int i=0;i<g_SensorXLength;i++)*/ 
 SFA_Calc_PM(3); 
 CopyLBM2GGM(3); 
} 
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/** 
 ** PXC_Camera_Dll_Load.h 
 ** 
 ** Copyright 2001 by Ofir Cohen 
 ** 
 ** E-mail:  oprc@bgumail.bgu.ac.il 
 ** 
 **/ 
 
#ifndef __PXC_Camera_Dll_Load_h__      
#define __PXC_Camera_Dll_Load_h__ 
 
#include <windows.h> 
#include <saphira.h> 
#include <commdlg.h> 
#include "ipl.h" 
 
#include "cv.h" 
#include "cookdraw.h" 
#include "cookroom.h" 
#include "image.h" 
 
#include "pxc.h" 
#include "iframe.h"  
#include "StaticParameters.h" 
#include "ConstantParameters.h" 
#include "GlobalParameters.h" 
#include "InitiationFile.h" 
#include "Vision_Class.h" 
 
#define PIXEL_TYPE PBITS_RGB24 
#define PXC_NAME  "pxc_95.dll" 
#define FRAME_NAME  "frame_32.dll" 
#define PXC_NT    "pxc_nt.dll"  
extern int videotype; 
extern int grab_type; 
extern int  ImageMaxX,ImageMaxY,WindowX,WindowY; 
extern long fgh; 
extern FRAME __PX_FAR *frh; 
extern HINSTANCE hLib; 
extern PXC pxc; 
extern FRAMELIB frame; 
extern Vision_Class CAM; // Crearting the CAMERA object 
extern BlackBoard g_BB; 
 
// Parametrs which belongs to the 'dll' loader functions (GetProcAddresses and 
// Load_Dll_For_Camera) 
typedef void ( *SFPTZCAMINIT    ) (void); 
typedef void ( *SFPTZCAMTILT    ) (int); 
typedef void ( *SFPTZCAMPAN     ) (int); 
typedef void ( *SFPTZCAMPANTILT ) (int,int); 
typedef void ( *SFPTZCAMZOOM    ) (int); 
 
extern SFPTZCAMINIT sfPTZCamInit; 
extern SFPTZCAMTILT sfPTZCamTilt; 
extern SFPTZCAMPAN  sfPTZCamPan; 
extern SFPTZCAMPANTILT sfPTZCamPanTilt; 
extern SFPTZCAMZOOM    sfPTZCamZoom; 
 
extern struct sfprocess *sfpMainLoop; 
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// Factions definitions 
BOOL GetProcAddresses( HINSTANCE* , LPCSTR , int , ... ); 
void Load_Dll_For_Camera (void); 
BOOL AppInit(HINSTANCE , HINSTANCE , LPSTR , int ); 
 
void ImageProcessingAlgo1(); 
 
#endif 
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/** 
** PXC_Camera_Dll_Load.cpp 
** 
** Copyright 2001 by Ofir Cohen 
** 
** E-mail:  oprc@bgumail.bgu.ac.il 
** 
**/ 
#include <math.h> 
#include <saphira.h> 
#include <time.h> 
#include <sys/types.h> 
#include <sys/timeb.h> 
#include "ipl.h" 
#include "pxc.h" 
#include "iframe.h"  
#include <cvlgrfmts.h> 
#include "StaticParameters.h" 
#include "ConstantParameters.h" 
#include "GlobalParameters.h" 
#include "PXC_Camera_Dll_Load.h" 
#include "Vision_Class.h" 
 
 
#define PIXEL_TYPE PBITS_RGB24 
#define PXC_NAME  "pxc_95.dll" 
#define FRAME_NAME  "frame_32.dll" 
#define PXC_NT    "pxc_nt.dll"  
extern int videotype; 
extern int grab_type; 
extern int  ImageMaxX, 
ImageMaxY, 
WindowX, 
WindowY; 
extern long fgh; 
extern FRAME __PX_FAR *frh; 
HINSTANCE hLib; 
PXC pxc; 
FRAMELIB frame; 
 
// Parametrs which belongs to the 'dll' loader functions (GetProcAddresses and 
// Load_Dll_For_Camera) 
typedef void ( *SFPTZCAMINIT    ) (void); 
typedef void ( *SFPTZCAMTILT    ) (int); 
typedef void ( *SFPTZCAMPAN     ) (int); 
typedef void ( *SFPTZCAMPANTILT ) (int,int); 
typedef void ( *SFPTZCAMZOOM    ) (int); 
 
extern SFPTZCAMINIT sfPTZCamInit=NULL; 
extern SFPTZCAMTILT sfPTZCamTilt=NULL; 
extern SFPTZCAMPAN  sfPTZCamPan=NULL; 
extern SFPTZCAMPANTILT sfPTZCamPanTilt=NULL;   
extern SFPTZCAMZOOM    sfPTZCamZoom=NULL; 
 
extern struct sfprocess *sfpMainLoop; 
 
CImage gray; // OpenCV generating the gary CImage type 
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/******************************************************************************** 
* Name:   ImageProcessingAlgo * 
* Description:  The function has three steps: * 
*1. Capturing the image. * 
*2. Image processing algorithm (has two stages). * 
*     2.1 Simple Threshold. * 
*     2.2 Two level threshold. * 
*3. Finding the center of mass (COM) for each obstacle, and calculate the * 
*real distance from the camera. * 
********************************************************************************/ 
void ImageProcessingAlgo1() 
{ 
 gray.Create(768,576,8); 
 
 IplImage *i_gray = gray.GetImage(); 
 
 float temp; 
 temp=float(sfRobot.ay); 
 
// Grabbing image 
 sfRobotComInt(28,1); // Enables the Sonars (sonars, enable) 
 CAM.iaVision_X[CAM.iVision_CameraAngleCode]=(int)(sfRobot.ax/10); 
 CAM.iaVision_Y[CAM.iVision_CameraAngleCode]=(int)(temp*0.231); 
 CAM.iaVision_Theta[CAM.iVision_CameraAngleCode]=(int)(sfRobot.ath);//[Red] 
 
 pxc.Grab(fgh, frh, (short)grab_type); 
 IplImage *i_part=iplCreateImageHeader(3,0,IPL_DEPTH_8U,"RGB","RGB", 
  IPL_DATA_ORDER_PIXEL,IPL_ORIGIN_TL,  // top left orientation 
        IPL_ALIGN_QWORD,768,576,NULL,NULL,NULL,NULL); // not tiled  
 
 int i=CAM.iVision_CameraAngleCode; 
 i_part->imageData =(char *)frame.FrameBuffer(frh);  
 iplColorToGray(i_part,i_gray); //convert into grayscale 
} 
 



172 Appendix VI Experimental software code 

/******************************************************************************** 
* Name: GetProcAddresses * 
* Description: This function loads a dll  and enables you to read its * 
* internal functions without limitations. * 
* In our program this functions 'implemented' at the 'Load_Dll_For_Camera' * 
* Argument1: hLibrary - Handle for the Library Loaded * 
* Argument2: lpszLibrary - Library to Load * 
* Argument3: nCount - Number of functions to load * 
* [Arguments Format] * 
* Argument4: Function Address - Function address we want to store * 
* Argument5: Function Name - Name of the function we want * 
* [Repeat Format] * 
* Returns: FALSE if failure * 
* Returns: TRUE if successful * 
* * 
* The function adapted from http://www.codeproject.com/dll/dllease.asp * 
********************************************************************************/ 
 
BOOL  
GetProcAddresses( HINSTANCE *hLibrary, LPCSTR lpszLibrary, int nCount, ... ) 
{ 
 va_list va; 
 va_start( va, nCount ); 
  
 if ( ( *hLibrary = LoadLibrary( lpszLibrary ) ) != NULL ) 
 { 
  FARPROC * lpfProcFunction = NULL; 
  LPSTR lpszFuncName = NULL; 
  INT nIdxCount = 0; 
  while ( nIdxCount < nCount ) 
  { 
   lpfProcFunction = va_arg( va, FARPROC* ); 
   lpszFuncName = va_arg( va, LPSTR ); 
   if ( ( *lpfProcFunction = GetProcAddress( *hLibrary, lpszFuncName ) ) == NULL ) 
   { 
    lpfProcFunction = NULL; 
    return FALSE; 
   } 
   nIdxCount++; 
  } 
 } 
 else 
 { 
  va_end( va ); 
  return FALSE; 
 } 
 va_end( va ); 
 return TRUE; 
} 
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/******************************************************************************** 
* Name: Load_Dll_For_Camera * 
* Description:  This function loads the camera commands from the 'Ptzsys.dll' * 
********************************************************************************/ 
void  
Load_Dll_For_Camera (void) 
{ 
 GetProcAddresses( &hLib, "Ptzsys.dll", 5,  
  &sfPTZCamInit,   "sfPTZCamInit",  
  &sfPTZCamTilt,   "sfPTZCamTilt", 
  &sfPTZCamPan,    "sfPTZCamPan", 
  &sfPTZCamPanTilt,"sfPTZCamPanTilt", 
  &sfPTZCamZoom,   "sfPTZCamZoom"); 
} 
 
/******************************************************************************** 
* Name: AppInit * 
* Description:  This function initializes and allocates the Frame grabber PXC200 * 
* This function should be implemented at the MAIN program before * 
* the Saphira initialized * 
********************************************************************************/ 
BOOL  
AppInit(HINSTANCE hInst, HINSTANCE hprevInst, LPSTR lpszCmdLine, int nCmdShow) 
{ 
 fgh = 0; 
 frh = 0L; 
 //------------------------------------------------------------------------- 
 //initialize the library 
 //------------------------------------------------------------------------- 
 if (!imagenation_OpenLibrary(PXC_NAME,&pxc,sizeof(pxc))) 
 { 
  if (!imagenation_OpenLibrary(PXC_NT,&pxc,sizeof(pxc))) 
  {  
   return FALSE; 
  } 
 } 
  
 if (!imagenation_OpenLibrary(FRAME_NAME,&frame,sizeof(frame)))  
 { 
  return FALSE; 
 } 
  
 //------------------------------------------------------------------------- 
 //allocate any frame grabber 
 //------------------------------------------------------------------------- 
 fgh = pxc.AllocateFG(-1); 
 Sleep(2500); // wait for CCIR auto detect  
 videotype = pxc.VideoType(fgh); 
 switch(videotype) { 
case 0:     // no video  
case 1:     // NTSC  
  grab_type = 0; 
  ImageMaxX = 640; 
  ImageMaxY = 486; 
  break; 
case 2:     // CCIR  
  grab_type = 0; 
  ImageMaxX = 768; 
  ImageMaxY = 576; 
  break; 
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 } 
 if(GetSystemMetrics(SM_CXSCREEN) <= ImageMaxX) { 
  ImageMaxX/=2; 
  ImageMaxY/=2; 
 } 
 pxc.SetWidth(fgh,(short)ImageMaxX); 
 pxc.SetHeight(fgh,(short)ImageMaxY); 
 pxc.SetLeft(fgh,0); 
 pxc.SetTop(fgh,0); 
 pxc.SetXResolution(fgh,(short)ImageMaxX); 
 pxc.SetYResolution(fgh,(short)ImageMaxY); 
  
 //------------------------------------------------------------------------- 
 //allocate a frame buffer 
 //------------------------------------------------------------------------- 
 frh = pxc.AllocateBuffer((short)ImageMaxX, (short)ImageMaxY, PIXEL_TYPE); 
 return TRUE; 
} 
 



 175 

/** 
** Vision_Class.h 
** 
** Copyright 2001 by Ofir Cohen 
** 
** E-mail:  oprc@bgumail.bgu.ac.il 
**/ 
 
#ifndef __Vision_Class_h__      
#define __Vision_Class_h__ 
 
#include <saphira.h> 
#include <math.h> 
#include "ConstantParameters.h" 
#include "GlobalParameters.h" 
#include "InitiationFile.h" 
extern struct sfprocess *sfpMainLoop; 
extern HINSTANCE hLib; 
extern PXC pxc; 
extern FRAMELIB frame; 
extern  long fgh; 
extern FRAME __PX_FAR *frh; 
extern int videotype; 
extern int grab_type; 
extern int  ImageMaxX, 
 ImageMaxY, 
 WindowX, 
 WindowY; 
 
extern BlackBoard g_BB; 
void ImageProcessingAlgo3(int); 
void ImageProcessingAlgo4(int); 
 
class Vision_Class 
{ 
public: 
// int iVision_X; 
 void Vision_GridMapCellConversion(); 
 int iVision_CameraAngleCode; 
 int iaVision_X[g_usNumOfCamPos+1]; // Robot X Location 
 int iaVision_Y[g_usNumOfCamPos+1]; // Robot Y location 
 int iaVision_Theta[g_usNumOfCamPos+1]; // Robot Theta angle [Deg or Rad] 
 int iaVision_Phi[g_usNumOfCamPos+1]; // Camera angle [Deg] (Cell number 0 is not in use) 
 int  
iaVision_NumberOfObstacle[g_usNumOfCamPos+1][g_iTotalNumOfCamLS]; // (Cell number 0 is not in use) 
 int 
iaVision_XY_CAM_Position[g_usNumOfCamPos+1][g_iMaxNumOfObstacle][2*g_iTotalNumOfCamLS];  
// X and Y obstacle location for each camera position  
// [g_usNumOfCamPos+1]  - Number of camera position  
// [10] - Number of obstacles (10 is MAX) 
// [2]  - Two coordinates for Y and X obstacle's COM  
int 
 iaVision_LocalGridMap[g_CamGridSizeX][g_CamGridSizeY][g_iTotalNumOfCamLS]; 
 Vision_Class(); 
 ~Vision_Class(); 
}; 
#endif 
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/** 
** Vision_Class.cpp 
** 
** Copyright 2001 by Ofir Cohen  
** 
** E-mail:  oprc@bgumail.bgu.ac.il 
**/ 
 
#include <saphira.h> 
#include <math.h> 
#include "Vision_Class.h" 
#include "PXC_Camera_Dll_Load.h" 
 
extern struct sfprocess *sfpMainLoop; 
extern HINSTANCE hLib; 
extern PXC pxc; 
extern FRAMELIB frame; 
extern  long fgh; 
extern FRAME __PX_FAR *frh; 
extern int videotype; 
extern int grab_type; 
extern int  ImageMaxX, 
ImageMaxY, 
WindowX, 
WindowY; 
 
extern CImage gray; 
 
CImage bw1; 
CImage bw2;  
CImage bw3;  
CImage Temp;  
 
/******************************************************************************** 
* Name: Vision_Class::Vision_Class * 
* Description: Default Constructor * 
********************************************************************************/ 
Vision_Class::Vision_Class() 
{ 
 int i,j,k; 
 iVision_CameraAngleCode=2; 
  
 for (i=0;i<=g_usNumOfCamPos;i++) 
 { 
  iaVision_X[i]=0; // Robot X Location 
  iaVision_Y[i]=0; // Robot Y location 
  iaVision_Theta[i]=0; // Robot Theta angle [Deg or Rad] 
  iaVision_Phi[i]=0; // Camera angle [Deg] (Cell number 0 is not in use) 
  iaVision_NumberOfObstacle[i][0]=0; // (Cell number 0 is not in use) 
  iaVision_NumberOfObstacle[i][1]=0; // (Cell number 0 is not in use) 
   
 } 
  
 for (i=0;i<=g_usNumOfCamPos;i++) 
 { 
  for (j=0;j<=g_iMaxNumOfObstacle;j++) 
  { 
   for (k=0; k<2*g_iTotalNumOfCamLS; k++) 
   { 
    iaVision_XY_CAM_Position[i][j][k]=0; 
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   } 
  } 
 } 
  
 for (i=0; i<g_CamGridSizeY; i++) 
 { 
  for (j=0; j<g_CamGridSizeX; j++) 
  { 
   for(k=0; k<g_iTotalNumOfCamLS; k++) 
    iaVision_LocalGridMap[i][j][k]=0; 
  } 
 }  
} 
 
 
/******************************************************************************** 
* Name: Vision_Class::~Vision_Class * 
* Description: Default Destructor * 
********************************************************************************/ 
Vision_Class::~Vision_Class(){;} 
 
/******************************************************************************** 
* Name: ImageProcessingAlgo3 * 
* Description: The hart of the image processing, here we do the Erode Dilate * 
* for each photo according to the algorithm number, We find the center of mass for each * 
* algorithm and finds the location of the algorithm according to the calibration process made earlier* 
********************************************************************************/ 
void ImageProcessingAlgo3(int Alg_Code) 
{ 
 double fCenterOfMassRow;   //center of mass for an obstacle (row) 
 double fCenterOfMassCol;   //center of mass for an obstacle (Col) 
 long double Xp5=-1.5674e-11;  //calibration parameter 
 long double Xp4=0.000000028948;  //calibration parameter 
 double Xp3=-0.000021465;  //calibration parameter 
 double Xp2=0.0083542;   //calibration parameter 
 double Xp1=-1.9157;   //calibration parameter 
 double Xp0=286.07;   //calibration parameter 
 double fTanAlfa;     
 double fDisX;    //obstacle distance from camera pivot in X axis 
 float fDisY;    //obstacle distance from camera pivot in Y axis 
 float fR;     //obstacle distance from camera pivot 
 double fRealAngle;   //angle between obstacle 
 int AngleCode; 
 float CameraAngle; 
 int ObsX; 
 int ObsY; 
 int iObsArea_Min; 
 int iObsArea_Max; 
  
 CvMoments moments; 
 double m00; 
 CvSeq *contour = NULL; 
 CvSeq* copycontour; 
 CvMemStorage *storage =cvCreateMemStorage(0); 
 int counter;// How many obstacles for each picture   
 counter=0; 
  
 int iObsTH_Min,iObsTH_Max; 
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 if(Alg_Code==0) 
 { 
  iObsTH_Min=g_BB.iTresholdValue1_Min; 
  iObsTH_Max=g_BB.iTresholdValue1_Max; 
  bw1.Create(768,576,8); 
  IplImage *i_gray = gray.GetImage(); 
  IplImage *i_bw1 = bw1.GetImage(); 
  iplThreshold(i_gray, i_bw1, iObsTH_Min); 
  cvFindContours(i_bw1, storage, &contour, sizeof(CvContour), 
   CV_RETR_EXTERNAL, CV_CHAIN_APPROX_SIMPLE); 
 } 
  
 if(Alg_Code==1) 
 { 
  iObsTH_Min=g_BB.iTresholdValue2_Min; 
  iObsTH_Max=g_BB.iTresholdValue2_Max; 
  bw2.Create(768,576,8); 
  Temp.Create(768,576,8); 
  IplImage *i_Temp = Temp.GetImage(); 
  IplImage *i_gray = gray.GetImage(); 
  IplImage *i_bw2 = bw2.GetImage(); 
  iplThreshold(i_gray, i_bw2, iObsTH_Min); 
  iplThreshold(i_gray, i_Temp, iObsTH_Max); 
  iplSubtract(i_bw2,i_Temp,i_bw2); 
  iplErode(i_bw2, i_bw2, 3); // Clear the obstacle border  
  iplDilate(i_bw2, i_bw2, g_BB.Dilate2); // Make the object thiner 
  iplErode(i_bw2, i_bw2, g_BB.Erode2); // Make the object  
  cvMorphologyEx(i_bw2,i_bw2,i_Temp,NULL,CV_MOP_CLOSE,20); 
  iplErode(i_bw2, i_bw2, g_BB.Dilate2); // Make the object  
  cvFindContours(i_bw2, storage, &contour, sizeof(CvContour), 
  CV_RETR_EXTERNAL, CV_CHAIN_APPROX_SIMPLE); 
 } 
  
 if(Alg_Code==2) 
 { 
  iObsTH_Min=g_BB.iTresholdValue3_Min; 
  iObsTH_Max=g_BB.iTresholdValue3_Max; 
  bw3.Create(768,576,8); 
  Temp.Create(768,576,8); 
  IplImage *i_Temp = Temp.GetImage(); 
  IplImage *i_gray = gray.GetImage();  
  IplImage *i_bw3 = bw3.GetImage(); 
  iplThreshold(i_gray, i_bw3, iObsTH_Min); 
  iplThreshold(i_gray, i_Temp, iObsTH_Max); 
  iplSubtract(i_bw3,i_Temp,i_bw3); 
  iplErode(i_bw3, i_bw3, 3); // Clear the obstacle border  
  iplErode(i_bw3, i_bw3, g_BB.Erode3); 
  iplDilate(i_bw3, i_bw3,  g_BB.Dilate3); // Make the object theaker 
  cvMorphologyEx(i_bw3,i_bw3,i_Temp,NULL,CV_MOP_OPEN,10); 
  cvFindContours(i_bw3, storage, &contour, sizeof(CvContour), 
   CV_RETR_EXTERNAL, CV_CHAIN_APPROX_SIMPLE); 
 } 
  
 
 
 //  Stage 3 - find center of mass for each obstacle in the image, and its real distance from the robot. 
  
 if (CAM.iVision_CameraAngleCode==1) 
 { 
  AngleCode=4; 
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  CameraAngle=(float)(50*g_pi/180); 
 } 
 else 
 { 
  AngleCode=CAM.iVision_CameraAngleCode-1; 
  CameraAngle=(float)((AngleCode*33.4-83.5)*g_pi/180); 
 } 
  
 double ContourArea; 
 if (contour) 
 {//5 
  for(copycontour=contour; copycontour!=0; copycontour=copycontour->h_next) 
  {//6 
   cvContourArea(copycontour, &ContourArea); 
   ContourArea=ContourArea*(-1); 
   if (ContourArea>iObsArea_Min) 
   { 
    // sfSMessage("ContourArea %f", ContourArea); 
    // calaculating center of mass for each obstacle 
    cvContourMoments(copycontour, &moments); 
    m00=cvGetSpatialMoment(&moments,0,0); 
    fCenterOfMassCol=(cvGetSpatialMoment(&moments, 1,0)/m00)*(-1); 
    fCenterOfMassRow=(cvGetSpatialMoment(&moments, 0,1)/m00)*(-1); 
    // calculating X and Y distance relative to the picture axis 

    if 
(!((fCenterOfMassRow<50)||(fCenterOfMassRow>566)||(fCenterOfMassCol<10)||(fCenterOfMassCol>758))) 

    {        
     counter++; 
     fTanAlfa= (fCenterOfMassCol-392)/(fCenterOfMassRow+117); 
     fDisX=Xp5*pow(fCenterOfMassRow, 5); 
     fDisX=fDisX+Xp4*pow(fCenterOfMassRow,4); 
     fDisX=fDisX+Xp3*pow(fCenterOfMassRow,3); 
     fDisX=fDisX+Xp2*pow(fCenterOfMassRow,2); 
     fDisX=fDisX+ Xp1*fCenterOfMassRow; 
     fDisX=fDisX+Xp0; 
     fDisY = float(38.173*fTanAlfa+0.0295); 
     fR=float(pow(fDisX,2)+pow(fDisY,2)); 
     fR=(float)sqrt(fR);  
     fRealAngle=float(atan(fDisY/fDisX)); //[Rad] 
      
     ObsX=(int)(cos(fRealAngll+CameraAngle)*fR); 
     ObsY=(int)(sin(fRealAngle+CameraAngle)*fR); 
     CAM.iaVision_XY_CAM_Position[AngleCode][counter][Alg_Code*2]=(ObsX-45); 
     CAM.iaVision_XY_CAM_Position[AngleCode][counter][Alg_Code*2+1]=ObsY; 
    } 
   } 
  }//  6 end for 
 }// 5 end if 
 CAM.iaVision_NumberOfObstacle[AngleCode][Alg_Code]=counter; 
 counter=0; 
} 
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/******************************************************************************** 
* Name: ImageProcessingAlgo4 * 
* Description: This function transform the maps and built for each obstacle a circle around it. * 
********************************************************************************/ 
 
void ImageProcessingAlgo4(int Alg_Code) 
{ 
 double Theta1;     // Vehicle Old Theta Position 
 double Theta2;     // Vehicle New Theta Position 
 double DeltaX; 
 double DeltaY; 
 double DeltaTheta; 
 double X1_obj;     // Rotation of the object from old position to New position 
 double Y1_obj;     // Rotation of the object from old position to New position 
  
 double X12;        // Rotation of the vehicle from old position to new position 
 double Y12;        // Rotation of the vehicle from old position to new position 
  
 double Xm1;        // Object Old X Position (Relative to the OLD vehicle) 
 double Ym1;        // Object Old Y Position (Relative to the OLD vehicle) 
 double Xm2;    // Object new X Position (Relative to the NEW vehicle) 
 double Ym2;    // Object new Y Position (Relative to the NEW vehicle) 
 int ObstcaleLocInMapX; 
 int ObstcaleLocInMapY; 
 int i,j,Theta,k; 
 double phi,xTag,yTag,x0,y0; 
 int x,y;     // projection of range 'r' on X and Y axis 
  
 for (i=0; i<g_CamGridSizeX ; i++) 
 { 
  for (j=1; j<g_CamGridSizeY; j++) 
   CAM.iaVision_LocalGridMap[i][j][Alg_Code]=0; 
 } 
  
 for (i=1; i<=g_usNumOfCamPos; i++) 
 {//2 
  if(CAM.iaVision_NumberOfObstacle[i][Alg_Code]!=0) 
  {//3     
   for (j=1; j<=CAM.iaVision_NumberOfObstacle[i][Alg_Code]; j++) 
   { // 4  
    Xm1=CAM.iaVision_XY_CAM_Position[i][j][Alg_Code*2]; 
    Ym1=CAM.iaVision_XY_CAM_Position[i][j][Alg_Code*2+1]; 
    Theta1=CAM.iaVision_Theta[i]*g_pi/180; 
    Theta2=CAM.iaVision_Theta[1]*g_pi/180; 
    DeltaX=CAM.iaVision_X[1]-CAM.iaVision_X[i]; 
    DeltaY=CAM.iaVision_Y[1]-CAM.iaVision_Y[i]; 
    if (fabs(Theta2-Theta1)<g_pi) 
     DeltaTheta=Theta2-Theta1; 
    else 
    { 
     if(Theta2>Theta1) 
      DeltaTheta=(Theta2-Theta1)-2*g_pi; 
     else 
      DeltaTheta=2*g_pi-(Theta2-Theta1); 
    }  
    X1_obj=Xm1*cos(DeltaTheta)+Ym1*sin(DeltaTheta); 
    Y1_obj=-Xm1*sin(DeltaTheta)+Ym1*cos(DeltaTheta); 
    X12=DeltaX*cos(DeltaTheta)+DeltaY*sin(DeltaTheta); 
    Y12=-DeltaX*sin(DeltaTheta)+DeltaY*cos(DeltaTheta); 
    Xm2=X1_obj-X12; 
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    Ym2=Y1_obj-Y12; 
    CAM.iaVision_XY_CAM_Position[i][j][Alg_Code*2]=(int)Xm2; 
    CAM.iaVision_XY_CAM_Position[i][j][Alg_Code*2+1]=(int)Ym2; 
// building the map using the array iaVision_XY_CAM_Position 
ObstcaleLocInMapX= 
(int)(CAM.iaVision_XY_CAM_Position[i][j][Alg_Code*2]); 
ObstcaleLocInMapY= 
((int)(CAM.iaVision_XY_CAM_Position[i][j][Alg_Code*2+1]+ 
LBM_cm_SizeY/2)); 
     
    for (k=0 ;k<15;k=k+2)//k->>from 0 to obstacle radios 
    { 
     for (Theta=0;Theta<360;Theta=Theta+30)  
     { 
      phi=g_pi/180*Theta; 
      xTag=(double)k*cos(phi); 
      yTag=(double)k*sin(phi); 
      x0=xTag+(double)ObstcaleLocInMapX; 
      y0=yTag+(double)ObstcaleLocInMapY; 
      x=(int)(x0/(double)g_CamCellSize); 
      y=(int)(y0/(double)g_CamCellSize); 
       
    if ((x>=0)&&(x<g_CamGridSizeX)&&(y>0)&&(y<=g_CamGridSizeY)) 
      { 
     CAM.iaVision_LocalGridMap[x][g_CamGridSizeY-y][Alg_Code]=1; 
      } 
     }//end for (theta)  
    }//end for (k) 
   }//4 j - iaVision_NumberOfObstacle 
  }//3 if iaVision_NumberOfObstacle>0 
 }//2 i - g_usNumOfCamPos 
  
 CAM.iaVision_X[0]=CAM.iaVision_X[1]; 
 CAM.iaVision_Y[0]=CAM.iaVision_Y[1]; 
 CAM.iaVision_Theta[0]=CAM.iaVision_Theta[1]; 
  
}//1 
 



182 Appendix VI Experimental software code 

/******************************************************************************** 
* Name: Vision_Class::Vision_GridMapCellConversion * 
* Description: This function convert the maps into a one grid cell size * 
********************************************************************************/ 
 
void Vision_Class::Vision_GridMapCellConversion() 
{ 
 int i, j, k, m, n; 
 int iResParam; 
  
 g_BB.iLBM_X_Old=g_BB.iLBM_X_New; 
 g_BB.iLBM_X_New=CAM.iaVision_X[0]; 
 g_BB.iPPGM_X=CAM.iaVision_X[0]; // Saving the X coardinate for the PPGM [cm] 
 g_BB.iPPGM_Y=CAM.iaVision_Y[0]; // Saving the Y coardinate for the PPGM 
 g_BB.iPPGM_Theta=CAM.iaVision_Theta [0]; // Saving the Theta coardinate for teh PPGM 
  
 iResParam= (int)((float)g_LBMCellSize/(float)g_CamCellSize); 
 for (k=0; k<g_iTotalNumOfCamLS; k++) 
 { 
  g_BB.bLGM_NewDataFlag[k+1+g_iTotalNumOfUsLS]=1; // turn the flag on 
  for (i=0; i<g_CamGridSizeX; i++) 
  { 
   for (j=0; j<g_CamGridSizeY; j++) 
   {     
    for (m=0; m<iResParam; m++) 
    { 
     for (n=0; n<iResParam; n++) 
 g_BB.iaLBM[(i*iResParam+m)][(j*iResParam+n)][k+1+g_iTotalNumOfUsLS]=CAM.iaVision_LocalGridMap[i][j][k]; 
    } 
   } 
  } 
 }//end for (k - g_iTotalNumOfCamLS) 
  
 for (i=0;i<=g_usNumOfCamPos;i++) 
 { 
  if (i>0) 
  { 
   CAM.iaVision_X[i]=0; // Robot X Location 
   CAM.iaVision_Y[i]=0; // Robot Y location 
   CAM.iaVision_Theta[i]=0; // Robot Theta angle [Deg or Rad] 
  } 
  CAM.iaVision_Phi[i]=0; // Camera angle [Deg] (Cell number 0 is not in use) 
  for (k=0;k<g_iTotalNumOfCamLS;k++) 
  { 
   CAM.iaVision_NumberOfObstacle[i][k]=0; // (Cell number 0 is not in use) 
   for (j=0;j<=g_iMaxNumOfObstacle;j++) 
    CAM.iaVision_XY_CAM_Position[i][j][k]=0; 
  } 
 } 
  
 for(i = 0; i <g_CamGridSizeX ; i++ ) 
 { 
  for(j = 0; j < g_CamGridSizeY; j++ ) 
  { 
   CAM.iaVision_LocalGridMap[i][j][0]=0; 
   CAM.iaVision_LocalGridMap[i][j][1]=0; 
  } 
 } 
} 



 183 

/** 
** UltraSonic_Class.h 
** 
** Copyright 2001 by Ofir Cohen  
** 
** E-mail:  oprc@bgumail.bgu.ac.il 
**/ 
 
#ifndef __UltraSonic_Class_h__      
#define __UltraSonic_Class_h__ 
 
#include <saphira.h> 
#include <math.h> 
#include "ConstantParameters.h" 
#include "GlobalParameters.h" 
#include "InitiationFile.h" 
extern struct sfprocess *sfpMainLoop; 
extern BlackBoard g_BB; 
 
class UltraSonic_Class 
{ 
public: 
 
 int iUS_X; // Robot X Location 
 int iUS_Y; // Robot Y location 
 int iUS_Theta; // Robot Theta angle [Deg or Rad] 
  
 //This array represents Six local physical maps and 4 fused LGMs. 
 //Level 0: Sensor Num 2 
 //Level 1: Sensor Num 3 
 //Level 2: Sensor Num 4 
 //Level 3: Sensor Num 5 
 //Level 4: Sensor Num 6 
 //Level 5: Sensor Num 7 
 //Level 6: Fusion Algorithm AND 
 //Level 7: Miguel Ribo and Axel Pinz, 2001, A comparison of three uncertainty  
 //   calculi for building sonar based occupancy grids,  
 //   Robotics and Automation systems 35: 201-209 
 //Level 8: Fifith LS all zeros or all ones. 
 
 unsigned short usaUS_PhysicalSensor[g_USGridSizeX][g_USGridSizeY][6+g_iTotalNumOfUsLS+1]; 
 int iaUS_Range[6]; //sensor data 
 
 float faUS_SonarLoc[6][3]; //Locataion of each sonar from the center of the camera 
    //Row 0 : X; 
    //Row 1 : Y;  
    //Row 2 : Theta;   
  
 int iaUS_NumCellCccupy[6]; 
 int iaUS_NumCellEmpty[6]; 
 void US_ReadDataFromUS(); 
 void US_SFA_LogicalOR(); 
 void US_SFA_ProbabilisticApproach(); 
 void US_GridMapCellConversion(); 
 
 UltraSonic_Class();  // Default constructor 
 ~UltraSonic_Class(); // Default distructor 
}; 
#endif 
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/** 
** UltraSonic_Class.cpp 
** 
** Copyright 2001 by Ofir Cohen 
** 
** E-mail:  oprc@bgumail.bgu.ac.il  
**/ 
 
#include <saphira.h> 
#include <math.h> 
#include "ConstantParameters.h" 
#include "GlobalParameters.h" 
#include "InitiationFile.h" 
#include "UltraSonic_Class.h" 
#include "LogicalSensor.h" 
 
extern struct sfprocess *sfpMainLoop; 
extern UltraSonic_Class US;  
 
/******************************************************************************** 
* Name: US_ReadDataFromUS * 
* Description: This function reads the data form the sonar * 
********************************************************************************/ 
void UltraSonic_Class::US_ReadDataFromUS() 
{ 
 int i,j,Theta,k; 
 double phi,xTag,yTag,x0,y0; 
 int x,y; // projection of range 'r' on X and Y axis 
 
 for (k=0; k<6; k++) 
 { 
  for(i=0; i<g_USGridSizeX; i++) 
  { 
   for (j=0; j<g_USGridSizeY; j++) 
    usaUS_PhysicalSensor[i][j][k]=2; 
  } 
 } 
 
 sfRobotComInt(/*Sonar*/28,/*Enable*/1); // Enables the Sonars 
 sfRobotComStr(3,"\002\005\003\006\004\007");// read sonanrs in order 
 sfPause(100); 
 sfRobotComInt(28,1); // Enables the Sonars (sonars, anable) 
 iUS_X=(int)(sfRobot.ax*0.1); 
 iUS_Y=(int)(sfRobot.ay*0.231); // relative transformation based on the center of mass point  
 
 g_BB.iPPGM_X=(int)(sfRobot.ax*0.1); // cm 
 g_BB.iPPGM_Y=(int)(sfRobot.ay*0.231); 
 g_BB.iPPGM_Theta=(int)sfRobot.ath; 
 
 //iaUS_Range[2]=sfSonarNew(i); 
 for (i=0;i<6; i++) 
 { 
  iaUS_Range[i]=(int)(0.1*sfSonarRange(i+1));// Converting to [cm] 
  // sfSMessage("Sonar %d Range = %d",i, iaUS_Range[i]); 
  x=0; 
  y=0; 
  phi=0; 
  // Define the 'steps' fo range chacking 
  for (k=1 ;k<=(iaUS_Range[i]+30);k++) 
  { 



 185 

   for (Theta=-15;Theta<=15;Theta++)  
   { 
    phi=(g_pi/180*(Theta+faUS_SonarLoc[i][2])); 
     
    xTag=k*cos(phi)/*-k*sin(phi)*/; 
    yTag=/*k*cos(phi)+*/k*sin(phi); 
     
    x0=xTag+faUS_SonarLoc[i][0]; 
    y0=yTag+faUS_SonarLoc[i][1]; 
     
    x=(int)(x0/g_USCellSize); 
     
    if((Theta+faUS_SonarLoc[i][2])>0) 
     y=(int)(ceil((y0/g_USCellSize)+(0.5*g_USGridSizeY)))-1; 
    else 
     y=(int)(floor((y0/g_USCellSize)+(0.5*g_USGridSizeY))); 
     
    if ((x>=0) && (x<g_USGridSizeX) && 
     (y>=0) && (y<g_USGridSizeY)) 
    { 
     if (k<=iaUS_Range[i]) 
      usaUS_PhysicalSensor[x][y][i]=0; 
     else 
      usaUS_PhysicalSensor[x][y][i]=1; 
    } 
   }  
  } 
 }   
 sfRobotComInt(/*Sonar*/28,/*Enable*/0); // Disable the Sonars 
} 
 
/******************************************************************************** 
* Name: UltraSonic_Class::US_SFA_LogicalOR * 
* Description: This function fuse the data between the physical US sensors * 
* based on the OR method * 
********************************************************************************/ 
void UltraSonic_Class::US_SFA_LogicalOR() 
{ 
 //level 6 
  
 int i, j, k;// temp; 
 for(i=0; i<g_USGridSizeX; i++) 
 { 
  for (j=0; j<g_USGridSizeY; j++) 
   usaUS_PhysicalSensor[i][j][6]=usaUS_PhysicalSensor[i][j][0]; 
 } 
 
 for(i=0; i<g_USGridSizeX; i++) 
 { 
  for (j=0; j<g_USGridSizeY; j++) 
  { 
   for (k=1; k<6; k++) 
    if ((usaUS_PhysicalSensor[i][j][k]==1)||(usaUS_PhysicalSensor[i][j][6]==1)) 
     usaUS_PhysicalSensor[i][j][6]=1; 
    else 
     usaUS_PhysicalSensor[i][j][6]=0; 
  } 
 } 
} 
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/******************************************************************************** 
* Name: UltraSonic_Class::US_SFA_ProbabilisticApproach * 
* Description: This function fuse the data between the physical US sensors * 
* based on the algorithm which is based on the paper of Miguel Ribo and  * 
* Axel Pinz, 2001, * 
* A comparison of three uncertainty calculi for building sonar based * 
* occupancy grids algorithms, Robotics and Automation systems 35: 201-209 * 
********************************************************************************/ 
void UltraSonic_Class::US_SFA_ProbabilisticApproach() 
{ 
 //level 7 
 //Cell values: Unknown=2; Occupied=1; Empty=0; 
  
//  | 0 | 2 | 1 | 
//   ================= 
//    0|| 0 | 0 | 0 | 
//   ----------------- 
//    2|| 0 | 2 | 1 | 
//   ----------------- 
//    1|| 0 | 1 | 1 | 
//   ----------------- 
 
 int i, j, k; 
 for(i=0; i<g_USGridSizeX; i++) 
 { 
  for (j=0; j<g_USGridSizeY; j++) 
   usaUS_PhysicalSensor[i][j][7]=usaUS_PhysicalSensor[i][j][0]; 
 } 
 
 for(k=1; k<6; k++) 
 { 
  for(i=0; i<g_USGridSizeX; i++) 
  { 
   for (j=0; j<g_USGridSizeY; j++) 
   {  
    if ((usaUS_PhysicalSensor[i][j][7]==0)||(usaUS_PhysicalSensor[i][j][k]==0)) 
    usaUS_PhysicalSensor[i][j][7]=0; 
    else if  
    ((usaUS_PhysicalSensor[i][j][7]==2)&&(usaUS_PhysicalSensor[i][j][k]==2)) 
     usaUS_PhysicalSensor[i][j][7]=2; 
    else 
     usaUS_PhysicalSensor[i][j][7]=1; 
   } 
  } 
 } 
} 
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/******************************************************************************** 
* Name: UltraSonic_Class::US_GridMapCellConversion * 
* Description: This function convert cell size from US to LBM * 
********************************************************************************/ 
void UltraSonic_Class::US_GridMapCellConversion() 
{ 
 int i, j, k, m, n; 
 int iResParam; 
 
 g_BB.iLBM_X_Old=g_BB.iLBM_X_New; 
 g_BB.iLBM_Y_Old=g_BB.iLBM_Y_New; 
 g_BB.iLBM_Theta_Old=g_BB.iLBM_Theta_New; 
 
 g_BB.iLBM_X_New=US.iUS_X; 
 g_BB.iLBM_Y_New=US.iUS_Y; 
 g_BB.iLBM_Theta_New=US.iUS_Theta; 
  
 
// replacing cells marked as unknown (2) to empty (0), 
// and cells maeked as conflit (3) to occupy (1) 
 for (k=0; k<(g_iTotalNumOfUsLS-1); k++) 
 { 
  for (i=0; i<g_USGridSizeX; i++) 
  { 
   for (j=0; j<g_USGridSizeY; j++) 
   { 
    if (usaUS_PhysicalSensor[i][j][k+7]==2) 
     usaUS_PhysicalSensor[i][j][k+7]=0; 
    else if (usaUS_PhysicalSensor[i][j][k+7]==3) 
     usaUS_PhysicalSensor[i][j][k+7]=1; 
   } 
  } 
 } 
 
// cell conversion procedure 
 
 iResParam= g_USCellSize/g_LBMCellSize; 
 for (k=0; k<g_iTotalNumOfUsLS; k++) 
 { 
  g_BB.bLGM_NewDataFlag[k+1]=1; // turn the flag on 
  for (i=0; i<g_USGridSizeX; i++) 
  { 
   for (j=0; j<g_USGridSizeY; j++) 
   { 
    for (m=0; m<iResParam; m++) 
    { 
     for (n=0; n<iResParam; n++) 
     
 g_BB.iaLBM[(i*iResParam+m)][(j*iResParam+n)][k+1]=usaUS_PhysicalSensor[i][j][k+6]; 
    } 
   } 
  } 
 } 
} 
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/******************************************************************************** 
* Name: UltraSonic_Class::UltraSonic_Class * 
* Description: Default Constructor.The location of the US physical sensors * 
* relative to the center of mass is defined * 
********************************************************************************/ 
UltraSonic_Class::UltraSonic_Class() 
{ 
 faUS_SonarLoc[0][0]=-44;// X Location 
 faUS_SonarLoc[1][0]=-40.5;// X Location 
 faUS_SonarLoc[2][0]=-38.5;// X Location 
 faUS_SonarLoc[3][0]=-38.5;// X Location 
 faUS_SonarLoc[4][0]=-40.5;// X Location 
 faUS_SonarLoc[5][0]=-44;// X Location 
 
 faUS_SonarLoc[0][1]=11.5;// Y Location 
 faUS_SonarLoc[1][1]=8.0;// Y Location 
 faUS_SonarLoc[2][1]=2.5;// Y Location 
 faUS_SonarLoc[3][1]=-2.5;// Y Location 
 faUS_SonarLoc[4][1]=-8.0;// Y Location 
 faUS_SonarLoc[5][1]=-11.5;// Y Location 
 
 faUS_SonarLoc[0][2]=50;// Theta Location 
 faUS_SonarLoc[1][2]=30;// Theta Location 
 faUS_SonarLoc[2][2]=10;// Theta Location 
 faUS_SonarLoc[3][2]=-10;// Theta Location 
 faUS_SonarLoc[4][2]=-30;// Theta Location 
 faUS_SonarLoc[5][2]=-50;// Theta Location 
} 
 
/******************************************************************************** 
* Name: UltraSonic_Class::~UltraSonic_Class * 
* Description: Default Destructor * 
********************************************************************************/ 
UltraSonic_Class::~UltraSonic_Class() 
{ 
 ; 
} 
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/** 
** FuzzyLogic_Algorithm.h 
** 
** Copyright 2001 by Ofir Cohen 
** 
** E-mail:  oprc@bgumail.bgu.ac.il  
**/ 
 
#ifndef __FuzzyLogic_Algorithm_h__      
#define __FuzzyLogic_Algorithm_h__ 
 
#include <windows.h>  
#include <saphira.h> 
#include <math.h> 
#include "ConstantParameters.h" 
#include "GlobalParameters.h" 
#include "InitiationFile.h" 
 
// Constant parameters  
const double cf_TT[]  ={-0.0001,0,0.15,0.5,  0.35,0.49,0.51,0.65,  0.5,0.85,1,1.0001}; 
const double cf_FF[]  ={-0.0001,0,0.15,0.5,  0.35,0.49,0.51,0.65,  0.5,0.85,1,1.0001}; 
const double cf_TF[]  ={-0.0001,0,0.15,0.5,  0.35,0.49,0.51,0.65,  0.5,0.85,1,1.0001}; 
const double cf_FT[]  ={-0.0001,0,0.15,0.5,  0.35,0.49,0.51,0.65,  0.5,0.85,1,1.0001}; 
const double cf_TRUE[] ={-0.0001,0,0.15,0.5,  0.35,0.49,0.51,0.65,  0.5,0.85,1,1.0001}; 
const double cf_FALSE[] ={-0.0001,0,0.15,0.5,  0.35,0.49,0.51,0.65,  0.5,0.85,1,1.0001}; 
 
class FuzzyLogic 
{ 
private: 
 const double *Data;  // Const Data which contain 12 parametrs for each one of the three 
   // Trapezoids "Low","Avarage","High" 
 char* FuzzyName; // The name of the traoezoid we want to reafer to, can be  
   // one of :"Low","Avarage","High" 
 float CrispValue; //The crisp value we get from the programe 
 float FuzzyValue; //The fuzzy value we calculate by the 'FL_Crisp2Fuzzy' function 
 float CenterOfMassCrisp; //The COM of the Crisp value which is calculated by the  
     // operator '>>' 
 float CenterOfMassFuzzy; 
 float Area; 
 
public: 
 FuzzyLogic (); 
 FuzzyLogic &FLInsCrispVal(float); 
 
 friend FuzzyLogic operator>>(/*const*/ FuzzyLogic&, FuzzyLogic&); 
 friend FuzzyLogic operator+(const FuzzyLogic&,const FuzzyLogic&); 
 friend FuzzyLogic operator*(const FuzzyLogic&,const FuzzyLogic&); 
 FuzzyLogic FL_Crisp2Fuzzy(char*); 
 FuzzyLogic &FLInsFuzzyName(char*); 
 FuzzyLogic (const double *); 
 float FuzzyLogicGetCrispValue(); 
 float FuzzyLogicGetFuzzyValue(); 
 float FuzzyLogicGetCenterOfMassCrisp(); 
 float FuzzyLogicGetAraeValue(); 
 
 ~FuzzyLogic (); 
}; 
#endif 
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/** 
** FuzzyLogic_Algorithm.cpp 
** 
** Copyright 2001 by Ofir Cohen 
** 
** E-mail:  oprc@bgumail.bgu.ac.il  
**/ 
 
#include <saphira.h> 
#include <windows.h>  
#include <math.h> 
#include "ConstantParameters.h" 
#include "GlobalParameters.h" 
#include "InitiationFile.h" 
#include "FuzzyLogic_Algorithm.h" 
 
extern struct sfprocess *sfpMainLoop; 
 
/******************************************************************************** 
* Name: FuzzyLogic::FuzzyLogic () * 
* Description: Default Constructor with no data * 
********************************************************************************/ 
FuzzyLogic::FuzzyLogic ()  
{ 
 CrispValue=0;   // The Crisp Value default function value 
 Area=0;         // The Area default function value 
 FuzzyValue=0;   //The Fuzzy default function value 
 CenterOfMassCrisp=0; // The Center Of Mass default Crisp value 
 CenterOfMassFuzzy=0; // The Center Of Mass default Fuzzy value 
} 
 
/******************************************************************************** 
* Name: FuzzyLogic::FuzzyLogic (const double *Data1) * 
* Description: Default Constructor for with constant DATA (12 parameters which represent the * 
* 3 trapezoids "Low","Avarage","High", ) * 
********************************************************************************/ 
FuzzyLogic::FuzzyLogic (const double *Data1)  
{ 
 Data=Data1; 
 CrispValue=0;   // The Crisp Value default function value 
 Area=0;         // The Area default function value 
 FuzzyValue=0;   //The Fuzzy default function value 
 CenterOfMassCrisp=0; // The Center Of Mass default Crisp value 
 CenterOfMassFuzzy=0; // The Center Of Mass default Fuzzy value 
} 
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/******************************************************************************** 
* Name: FuzzyLogic FuzzyLogic::FL_Crisp2Fuzzy (char *FuzzyName) * 
* Description: This function: FL_Crisp2Fuzzy calculate the FUZZY value for each crispy value * 
********************************************************************************/ 
FuzzyLogic FuzzyLogic::FL_Crisp2Fuzzy (char *FuzzyName) 
{ 
 
 this->FuzzyName=FuzzyName; 
 this->FuzzyValue=0; 
 
 int result,i; 
 float a,b,DegreeOfMembership=0.; 
 int FlagChack=0; 
  
 result = strspn(FuzzyName,"Low"); 
   if (result==3) 
    i=0; 
 result = strspn(FuzzyName,"Avarage"); 
   if (result==7) 
    i=4; 
 result = strspn(FuzzyName,"High"); 
   if (result==4) 
    i=8; 
  if ((this->CrispValue>=this->Data[i]) && (this->CrispValue<=this->Data[i+3])) 
  { 
   if ((this->CrispValue>=this->Data[i]) && (this->CrispValue<=this->Data[i+1])) 
   { 
    a=((float)1./(this->Data[i+1]-this->Data[i])); 
    b=((float)(-1.)*a*this->Data[i]); 
    DegreeOfMembership=((float)a*this->CrispValue+b); 
    if ((this->FuzzyValue<DegreeOfMembership)) 
     this->FuzzyValue=DegreeOfMembership; 
    FlagChack=1; 
   } 
 
   if((this->CrispValue>=this->Data[i+2]) && (this->CrispValue<=this->Data[i+3]))    
   { 
    a=((float)(-1.)/(this->Data[i+3]-this->Data[i+2])); 
    b=((float)(-1.)*a*this->Data[i+3]); 
    DegreeOfMembership=((float)a*this->CrispValue+b); 
    if (this->FuzzyValue<(float)DegreeOfMembership) 
     this->FuzzyValue=(float)DegreeOfMembership; 
    FlagChack=1; 
   } 
   if (FlagChack==0) 
   { 
    DegreeOfMembership=1.;  
    if (this->FuzzyValue<(float)DegreeOfMembership) 
     this->FuzzyValue=(float)DegreeOfMembership; 
   } 
  } 
 return FuzzyLogic(*this); 
} 
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/******************************************************************************** 
* Name: FuzzyLogic operator>>(FuzzyLogic &FL_Source1, FuzzyLogic &FL_Target1) * 
* Description: This Operator: >> Means 'Then' at the IF....THEN fuzzy rules * 
********************************************************************************/ 
FuzzyLogic operator>>(/*const*/ FuzzyLogic &FL_Source1,/*const*/ FuzzyLogic &FL_Target1) 
{ 
 //Beacuse the Data parameters for each object is CONST we need to 'copy' the 
 // object and then work on the new objects 
 FuzzyLogic FL_Source;  
 FuzzyLogic FL_Target; 
 FL_Source=FL_Source1; 
 FL_Target=FL_Target1; 
    FL_Target FuzzyValue=FL_Source1.FuzzyValue; //we need to get the new fuzzy value 
      //after making OR or AND operations 
 int result,i; 
 float a,b ; //the parametrs of the linear equation 
 float StamArray[4]; 
 result = strspn(FL_Target FuzzyName,"Low"); 
   if (result==3) 
    i=0; 
 result = strspn(FL_Target FuzzyName,"Avarage"); 
   if (result==7) 
    i=4; 
 result = strspn(FL_Target FuzzyName,"High"); 
   if (result==4) 
    i=8; 
 
if(FL_Target FuzzyValue>0)  
  { 
   a=1/(FL_Target Data[i+1]-FL_Target Data[i]); 
   b=(-1)*a*FL_Target Data[i]; 
   StamArray[1]=(FL_Target FuzzyValue-b)/a; 
 
   a=(-1)/(FL_Target Data[i+3]-FL_Target Data[i+2]); 
   b=(-1)*a*FL_Target Data[i+3]; 
   StamArray[2]=(FL_Target FuzzyValue-b)/a; 
  
   StamArray[0]=FL_Target Data[i]; 
   StamArray[3]=FL_Target Data[i+3]; 
   FL_Target Area=0.5*(FL_Target FuzzyValue)* 
    (StamArray[3]+StamArray[2]-StamArray[1]-StamArray[0]); 
 FL_Target CenterOfMassCrisp= 
    (0.5*(StamArray[2]+StamArray[1])*(StamArray[2]-StamArray[1])*FL_Target FuzzyValue+ 
    0.5*((2./3.)*StamArray[2]+(1./3.)*StamArray[3])*(StamArray[3]-StamArray[2])*FL_Target 
FuzzyValue+ 
    0.5*((2./3.)*StamArray[1]+(1./3.)*StamArray[0])*(StamArray[1]-StamArray[0])*FL_Target 
FuzzyValue)/ 
    FL_Target Area; 
   } 
   else 
   { 
    FL_Target CenterOfMassCrisp=0; 
    FL_Target Area=0; 
   } 
 FL_Target1.FuzzyValue=FL_Target FuzzyValue; 
 FL_Target1.CenterOfMassCrisp=FL_Target CenterOfMassCrisp; 
 FL_Target1.Area=FL_Target Area; 
   //FL_Target1=FL_Target; 
 return FuzzyLogic(FL_Target1); 
} 
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/******************************************************************************** 
* Name: FuzzyLogic operator+(const FuzzyLogic &FL1,const FuzzyLogic &FL2) * 
* Description: This Operator: + Means 'OR' at the IF....THEN fuzzy rules * 
********************************************************************************/ 
FuzzyLogic operator+(const FuzzyLogic &FL1,const FuzzyLogic &FL2){ 
 FuzzyLogic FL_Stam; 
 if (FL1.FuzzyValue > FL2.FuzzyValue) 
 { 
  //FL_Stam.FuzzyValue=FL1.FuzzyValue; 
  FL_Stam=FL1; 
 } 
 else 
 { 
  //FL_Stam.FuzzyValue=FL2.FuzzyValue; 
  FL_Stam=FL2; 
 } 
 return FuzzyLogic(FL_Stam);} 
 
/******************************************************************************** 
* Name: FuzzyLogic operator*(const FuzzyLogic &FL1,const FuzzyLogic &FL2) * 
* Description: This Operator: * Means 'AND' at the IF....THEN fuzzy rules * 
********************************************************************************/ 
FuzzyLogic operator*(const FuzzyLogic &FL1,const FuzzyLogic &FL2){ 
 FuzzyLogic FL_Stam; 
 if (FL1.FuzzyValue < FL2.FuzzyValue) 
 { 
  FL_Stam=FL1; 
 } 
 else 
 { 
  FL_Stam=FL2; 
 } 
 return FuzzyLogic(FL_Stam);} 
 
/******************************************************************************** 
* Name: FuzzyLogic::FuzzyLogicGetCenterOfMassCrisp() * 
* Description: This function: FuzzyLogicGetCenterOfMassCrisp returns the crisp value of the  * 
* COM after running the rules * 
********************************************************************************/ 
float FuzzyLogic::FuzzyLogicGetCenterOfMassCrisp(){ 
 return (this->CenterOfMassCrisp);} 
 
/******************************************************************************** 
* Name: FuzzyLogic::FuzzyLogicGetFuzzyValue() * 
* Description: This function: FuzzyLogicGetFuzzyValue prints out the fuzzy value of the object * 
********************************************************************************/ 
float FuzzyLogic::FuzzyLogicGetFuzzyValue(){ 
 return (this->FuzzyValue);} 
 
/******************************************************************************** 
* Name: FuzzyLogic::FuzzyLogicGetAraeValue() * 
* Description: This function: FuzzyLogicGetAraeValue return the area of the object * 
********************************************************************************/ 
float FuzzyLogic::FuzzyLogicGetAraeValue(){ 
 return (this->Area);} 
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/******************************************************************************** 
* Name: FuzzyLogic::FuzzyLogicGetCrispValue() * 
* Description: This function: FuzzyLogicGetCrispValue prints out the crisp value of the object * 
********************************************************************************/ 
float FuzzyLogic::FuzzyLogicGetCrispValue(){ 
 return (this->CrispValue);} 
 
/******************************************************************************** 
* Name: &FuzzyLogic::FLInsFuzzyName(char* FuzzyName) * 
* Description: This function: FLInsFuzzyName enters new Fuzzy name for the object * 
********************************************************************************/ 
FuzzyLogic &FuzzyLogic::FLInsFuzzyName(char* FuzzyName){ 
 this->FuzzyName=FuzzyName; 
 return (*this);} 
 
/******************************************************************************** 
* Name: &FuzzyLogic::FLInsCrispVal(float CValue) * 
* Description: This function: FLInsFuzzyName enters new Crisp value for the object * 
********************************************************************************/ 
FuzzyLogic &FuzzyLogic::FLInsCrispVal(float CValue){ 
 this->CrispValue=CValue; 
 return (*this); 
} 
 
/******************************************************************************** 
* Name: FuzzyLogic::~FuzzyLogic() * 
* Description: Default Destructor with no data * 
********************************************************************************/ 
FuzzyLogic::~FuzzyLogic() { 
 PostQuitMessage(0);} 
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Appendix VII Camera calibration and distance measurement 

General 
An experiment was conducted to calibrate the distance of the obstacle from the robot in the X 
and Y directions. The distance of the obstacle from the robot was calculated by dividing the 
area in front of the robot into horizontal and vertical lines (Figure 53). To avoid specific 
calibration for each camera’s pan angle, the distance was measured once from the rotation 
axis, i.e., a unique point on the camera (Figure 53). During the experiments, the camera took 
photos from four different pan angles (-50°, -17°, +17° and +50°). 
The image processing algorithms were implemented using OpenCVTM 57 and IPLTM 58 software 
(detailed in Appendix VI). 
 
 

Obstacle / Spot

Robot

X

Y

Camera

Rotation axis

P

 
Figure 53 Camera horizontal and vertical lines 

 
Basic assumptions: 
• The preliminary experiment was employed for a specific camera tilt 

angle, zoom, and height from the floor (24 cm, Figure 54 and 
Appendix IV). 

• The distance is measured relatively for a specific point on the camera’s 
rotation axis. This point does not change when the camera changes its 
pan angles. Thus, the generated formula is valid for all pan angles. The 

                                                           
57 Intel website for OpenCV TM software - http://www.intel.com/research/mrl/research/opencv/ 
58 Intel website for Image Processing Library (IPL) software - 
http://www.intel.com/software/products/perflib/ipl/iplrelnotes_test.htm 
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pan angles in the experiment were -50°, -17°, +17° and +50° (Figure 
54). 
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Procedure for determining the rotation axis  
To simplify calibrations we assumed that points on the rotation axis do not move. As long as 
the camera changes its pan angle, the following experimental procedure was conducted: 
(i) Set the camera’s tilt angle,  
(ii) Estimate the rotation axis and gently touch this point, using a 

pencil. Since on the rotation axis the pencil remains static and 
does not move while turning the camera from the ‘maximum’ 
to the ‘minimum’ pan angles, converge to this point by ‘trial- 
and -error’. When at the rotation axis, the pencil creates a 
point; when away from the rotation axis, the pencil will create 
an arc. 

 
Distance calculation procedure 
To determine the obstacle's location relative to the robot, two functions (detailed below) were 
developed, one along the robot’s X- axis of movement, the second on the Y-axis. 
The conversion from pixels to centimeters was employed using the following experimental 
procedure: 
(i) Set the camera to required tilt angle and 0º camera’s pan angle. 
(ii) On the floor in front of the robot mark spots59 (which can be easily 

detected and whose location is known). Take a photo and use image 
processing software (e.g., Photoshop TM, Freehand TM etc.) to identify the 
obstacles / spots exact location in the photo. 

(iii) Generate a table with two columns in it. The first contains the distance in 
pixels, the second the distance in centimeters (both in X direction). 

(iv) Calculate and generate the formula [41]. 
 
The relationship between the number of pixels vs. range in centimeters of the range in the X 
direction is presented in [41]. This polynomial formula is generated based on the data from the 
two columns table (Table 38). 
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Calculation of the distance of the obstacle in the Y direction is based on the concept that all 
the lines connect at infinity (Figure 53 and Figure 55 point P). The location of this point is 
determined by calculating the intersection of two lines. Determining the obstacle divergence 
from the center of the photo generated angle (α) between the obstacle and the point P (Figure 
55), must be calculated using [42]. 
 

0295.0178.38Distance +=
a
bY  [42]

 
The angle between the robot's moving direction and the obstacle is presented in [43]. 
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59 For the calibration process, we marked spots on the floor instead of obstacles. 
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Equation [44] calculates the distance of the obstacle to the cameras’ rotation axis  
 

( ) ( )2Distance
2

Distance YXR +=  [44]
 

Table 38 Raw data to derive the polynomial equation 
XDistance in 
Pixels 

XDistance 
in mm  

XDistance in 
Pixels 

XDistance 
in mm  

XDistance in 
Pixels 

XDistance 
in mm 

3 2753.275  87 1650.126  181 1086.929 
13 2574.614  93 1598.863  183 1079.014 
21 2442.613  95 1582.382  186 1067.355 
34 2247.18  97 1566.194  205 998.934 
35 2233.067  106 1496.833  206 995.5697 
37 2205.219  106 1496.833  231 917.9266 
38 2191.482  117 1419.26  238 898.1491 
42 2137.751  118 1412.574  257 848.0383 
50 2035.934  119 1405.946  274 807.0152 
51 2023.717  125 1367.371  277 800.1049 
51 2023.717  137 1295.962  283 786.5588 
66 1853.132  142 1268.291  287 777.7246 
69 1821.713  163 1163.754  291 769.042 
69 1821.713  169 1136.965  355 648.3203 
70 1811.428  173 1119.782  385 602.4641 
74 1771.209  177 1103.111  443 531.8843 
77 1741.989  178 1099.02  555 427.7037 

 

+500

+170

-170

-500

Y

X

- 200

Rotation axis

24 cm

 

 P

a

b

Robot

X

Y

α

Camera

Rotation axis

Figure 54 Camera angles: pan and tilt Figure 55 Camera distance 
calculation 

 
 



 200 

Appendix VIII Ultrasonic and image processing algorithms 

General 
Five algorithms were implemented to generate five logical sensors: two algorithms for the US 
sensors and three algorithms for the camera. 
This appendix contains the description and pseudo codes for the code detailed in Appendix VI, 
 
Ultrasonic algorithms - general procedure 

i. The robot reads the distance to the obstacle using the 6 
US sensors located in front and generates the grid map 
(Figure 56 and Appendix IV). (The sensors are read in 
the following order: 2,5,3,6,4,7). 

ii. The model describing each US physical sensor reading 
is based on the grid map. The grid map has one of 
three values: ‘0’ for Empty, ‘1’ for Occupy and ‘2’ for 
Unknown (Figure 57).  

iii. Since the shape and size of the obstacles are known, 
the width of the generated arc is 30 cm and the arc’s 
angle is 30°. 

iv. Each physical sensor generates a map. Each map is 
transformed relatively to the physical sensor’s location 
on the robot. 

v. Fusion is employed between all maps for the two US 
algorithms (i.e., to generate two logical sensors). 

 
OR algorithm (i.e., US1) 

- Serially fuse the generated grid-maps for all physical sensors (one after 
another) using the OR logical rule. The truth table to generate the fused maps 
is detailed in Figure 58b. 

 
Probabilistic approach algorithm60 (i.e., US2) 

- Serially fuse the generated grid maps for all physical sensors (one after 
another) using the truth table detailed in Figure 58b. 
- The generated map from the fusion of six physical maps contains cells with 
unknown value (‘2’). Each unknown cell (‘2’) within the final fused map is 
converted into an Empty value cell (‘0’)61. 

 

                                                           
60 Ribo and Pinz, 2001. 
61 The area behind the obstacle is assumed to be empty. 
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Figure 56 US sonar array  Figure 57 US grid map model 
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Camera – Image processing and fusion algorithms procedure 
i. Initialize the image processing values for threshold, erode and dilate values 

are values as defined in Table 39 62.  
 

Table 39 Algorithm thresholds, obstacle areas, erode and dilate values 
Threshold Image processing 

algorithms code Max Min 
Erode Dilate 

1 255 220 2 2 
2 210 120 3 or 2 3 or 5 
3 210 120 3 or 10 3 or 4 

 
ii. Run in loop for the four camera positions (-17º, -50º, 17º and 50º; details in 

 Appendix VII). 
iii. For each camera position, save the robot’s position63 and run the three 

algorithms. 
 
Algorithm 1 (i.e., CAM1) 

- Convert the photo from RGB into grayscale format. 
- Run Threshold_Min (220) on the grayscale photo, and save in BW format. 
- Run cvFindContours. 

 
Algorithm 2 (i.e., CAM2) 

                                                           
62 All image processing values (e.g., threshold, erode and dilate) were empirically determined. 
63 Due to the camera’s low scanning rate, there is a significant difference for the robot’s location between the four 
grabbing images. 
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- Convert the photo from RGB into grayscale format. 
- Run BW_2=Threshold_Min (120) on the grayscale photo, and save in BW 
format. 
- Run Temp=Threshold_Max (210) on the grayscale photo, and save in BW 
format. 
- Subtract the Temp image from the BW_2 and save it into BW_2. 
- Run iplErode (3) on the BW_2 photo and save it into BW_2. 
- Run iplDilate (5) on the BW_2 photo and save it into BW_2. 
- Run iplErode (2) on the BW_2 photo and save it into BW_2. 
- Run cvMorphologyEx (Close=20) on the BW_2 photo and save it into 
BW_2. 
- Run iplErode (2) on the BW_2 photo and save it into BW_2. 
- Run cvFindContours. 
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Algorithm 3 (i.e., CAM3) 
- Convert the photo from RGB into grayscale format. 
- Run BW_3=Threshold_Min (120) on the grayscale photo, and save in BW 
format. 
- Run Temp=Threshold_Max (210) on the grayscale photo, and save in BW 
format. 
- Subtract the Temp image from the BW_3 and save it into BW_3. 
- Run iplErode (13) on the BW_3 photo and save it into BW_3. 
- Run iplDilate (4) on the BW_3 photo and save it into BW_3. 
- Run cvMorphologyEx (Open=20) on the BW_3 photo and save it into 
BW_3. 
- Run cvFindContours. 

 
i. For each image-processing algorithm find the center of mass for each 

contour (using internal OpenCV functions cvContourMoments and 
cvGetSpatialMoment). 

ii. Make sure the new center of mass points are inside the local binary map’s 
region64 and calculate its position relative to the robot (using the method 
detailed in Appendix VII). 

iii. For each algorithm, the four position maps are transformed into one map 
according to the robot’s location and the grabbing orientation. 

iv. Around every center of mass, spot sign a circle (Ø 30 cm). 
 
 

                                                           
64 For each contour, the rows and columns parameters should be in between the following intervals  
i.e., 50 ≤ CenterOfMassRow ≤ 566, 10 ≤ CenterOfMassCol ≤ 758. 
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Appendix IX Transition matrix generation complexity calculation 

In this appendix, the TM generation complexity calculation is presented65. For each sensor the 
map dimensions (a and b) are constant. The time it takes to calculate the following parameters 
for the ith logical sensor, UM0(i), UM1(i), UM1,0(i) and the Mark_The_Point(UM1,0(i), UM0(i)) 
function (Figure 59) is constant.  
The number of logical sensors in the system (Figure 59) determines the time it takes for N 
logical sensors to check all combinations of different noise values, changing from 0 to 100 
with steps of 10% (i.e., 11 cases) for different logical sensors with 2 performance measures 
changing from 0 to 1 with steps of 0.01 (i.e., ~100 cases).  
Let N be the number of logical sensors, consider the following information flow: 
 

For i=1:N

UM0(i)=CalculateOld_UM0(i)

RunSensorFusionAlgorithm

UM1(i)=CalculateNew_UM1(i)

UM0,1(i)=0.5(UM0(i)+UM1(i))
Mark_The_Point(UM0(i), UM0,1(i))
on the ith matrix

End

For OLGMOGBM
0(2)=0:1 step 0.01

For OLGMEGBM
0(2)=0:1 step 0.01

For Noise(2)=0:100 step 1

Generate Map(2)

Generate Map(1)

For OLGMOGBM
0(1)=0:1 step 0.01

For OLGMEGBM
0(1)=0:1 step 0.01

For Noise(1)=0:100 step 1

For OLGMOGBM
0(N)=0:1 step 0.01

For OLGMEGBM
0(N)=0:1 step 0.01

For Noise(N)=0:100 step 1

Generate Map(N)

                            End
                          End
                        End
                      End

          End
        End
      End
    End
  End
End

End

For i=1:N
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Figure 59 TM generation schematic information flow  

 
Thus, ( )NNnf ⋅⋅Θ= 610)(  clearly that ( )NNCnf Θ=)( . 
 

                                                           
65 Terminology related to complexity is detailed in Appendix III 
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Appendix X Transition matrix simulation code 

 
The transition matrix simulation is written in VC++TM (version 6.0), under WindowsTM NT 
(version 4.0). The system consists of the following files. 
 
System files  
ConstantGlobalParameters.h Contains the system constant parameters. 
StaticGlobalParameters.h Contains the system static parameters. 
  
SensorSimulationMain.cpp This file has the main loops in the system. 
  
RandomGenerator.h 

RandomGenerator.cpp 

Since the Rand command within the VC does not generate 
the random number with uniform distribution, these files 
contain code download from the Internet to generate the 
random numbers for the uniform distribution. 

  
Functions.h 

Functions.cpp 

These files contain the sensor fusion functions. 

 
Fuzzy logic algorithm files 
FuzzyLogic_Algorithm.h 
FuzzyLogic_Algorithm.cpp 

These files contain the information related to the fuzzy 
logic algorithms. 
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Table 40 List of the main parameters type definition and explanation 66 
 

Parameter 
type 

Parameter name Explanations Comments 

    
char cFifthSensor[] A string that contain the 

counter value of the fifth 
sensor. 

 

char cFirstSensor[] A string that contain the 
counter value of the first 
sensor. 

 

char cFL_Rules[] A string that contain the code 
of the 
‘g_BlackBoard.FL_Rules’ 
value. 

 

char cFourthSensor[] A string that contain the 
counter value of the fourth 
sensor. 

 

char cMF_Code[] A string that contain the code 
of the 
‘g_BlackBoard.MF_Code’ 
value. 

 

char cSecondSensor [] A string that contain the 
counter value of the second 
sensor. 

 

char cThirdSensor[] A string that contain the 
counter value of the third 
sensor. 

 

char CZone[] A string that contain the 
counter zones (quarters or 
halves). 

 

float faFinalData [i][j]  i-sample counter 
j- 26 columns where 
the first column is the 
UM0 value. Each 
sensor contain the 
calculated value for 
each of the five 
columns measures 
(TT, FF TF FT and 
UM). 

float faTrueFalse [i][j] The calculated data from the 
CalculatingTrueAndFalseVal
ues function entered to this 
array. 

i-1+g_iTotalNumOfLS 
j- Free, TT Value, FF 
Value, TF Value, FT 
Value, TRUE Value, 
FALSE Value 

float  fCounter_FF_1 Initial FF measure of the first 
logical sensor. 

 

float  fCounter_FF_2 Initial FF measure of the 
second logical sensor. 

 

float  fCounter_FF_3 Initial FF measure of the third 
logical sensor. 

 

float  fCounter_FF_4 Initial FF measure of the 
fourth logical sensor. 

 

float  fCounter_FF_5 Initial FF measure of the fifth 
logical sensor. 

 

float  fCounter_TT_1 Initial TT measure of the first 
logical sensor. 

 

float  fCounter_TT_2 Initial TT measure of the 
second logical sensor. 

 

                                                           
66 The parameter’s name in this appendix use different terminology than in the rest of the dissertation. The Occupy 
and Empty terms are denoted in this appendix as True and False. The four measures (OLGMOGBM, ELGMEGBM, 
OLGMEGBM and ELGMOGBM) are denoted as  TT, FF, TF, and FT respectively. 
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float  fCounter_TT_3 Initial TT measure of the third 
logical sensor. 

 

float  fCounter_TT_4 Initial TT measure of the 
fourth logical sensor. 

 

float  fCounter_TT_5 Initial TT measure of the fifth 
logical sensor. 

 

float fFalseAccuracy [i] The 'False' value for each 
sensor 

Used by the AFL 
adaptive algorithm 

Int FL_Rules Fuzzy logic rules codes.  
float fTrueAccuracy [i] The 'True' value for each 

sensor 
i-
(1+g_iTotalNumOfLS) 

float FTTValue [i][j] In this table we enter the 
results 'what would be the cell 
value' if (for example) sensor 
number1 'says' 'T' number 
three and four says 'F' etc. 

i-
(1+g_iTotalNumOfLS) 
j-[2^ 
g_iTotalNumOfLS] 

int fZone Counter zones (quarters or 
halves) 

 

int g_NumberOfNoiseCells[i]  i-
(1+g_iTotalNumOfLS) 

int g_SimulationDataBaseCounter Counter for the data base  
int iCellValue   
int iFifthSensor Counter fifth sensor  
int iFirstEnd Counter indicating end noise 

value for the first sensor. 
 

int iFirstSensor Counter first sensor  
int iFirstStart Counter indicating starting 

noise value for the first 
sensor. 

 

int iFourthSensor Counter fourth sensor  
int iSecondSensor Counter second sensor  
int iThirdSensor Counter third sensor  
int iWrite2File_Flag Binary flag to indicate if new 

data has been written to the 
saved file. 

0 - data has not been 
saved. 
1- - data has been 
saved into the file. 

Int MF_Code Fuzzy logic membership 
function code. 

 

int RandCounter This parameter incremented 
during the process. The 
parameter is sent to the 
CreateSensorsMaps() 
function 

 

int SFS_Level Parameter used as a counter 
to scan all the sensors 
participating the fusion using 
the adaptive fuzzy logic 
algorithm. 

 

char string[100] String that contains the path 
to saved the generated data. 
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Table 41 List of the functions, definitions and explanations 

Function 
type 

Function name Explanations Comments 

FuzzyLogic &FLInsFuzzyName (char*) This function inserts new 
fuzzy name for the object 

 

void Calculating_FL_TruthTable() Calculating the truth table, 
and the values of the 
different combinations 
when we have differnt 
decisions for the sensors 
(TT TF etc.) 

 

void CalculatingTrueAndFalseValues(int) Description: This function 
compares the new data at this 
level with the integrated data 
This function is the adaptive 
part of the system and 
determines the following 
parameters  
SFS_True_False: The Local 
Map Found True But the fused 
map determined False 
SFS_True_True: The Local 
Map Found True And the 
fused map determined True 
SFS_False_False: The Local 
Map Found False And the 
fused map determined False 
SFS_False_True: The Local 
Map Found False But the 
fused map determined True 

 

void CreateMap ()   
void CreateSensorsMaps (int, int)   
void CreateSensorsMaps(int SFS_Level, int 

RandCounter) 
This function creates the 
sensor maps based on their 
noise values 

 

FuzzyLogic FL_Crisp2Fuzzy (char*) This function calculates the 
fuzzy value for each crispy 
value 

 

void FuzzyLogicAlgorithm(int) This function is an 
algorithm based on the FL 
theory for fusing the data 

 

float FuzzyLogicGetAraeValue (void) This function returns the 
area of the object. 

 

float FuzzyLogicGetCenterOfMassCrisp (void) This function returns the 
center of mass value of the 
object 

 

float FuzzyLogicGetCrispValue (void) This function returns the 
crisp value of the object 

 

float FuzzyLogicGetFuzzyValue (void) This function returns the 
fuzzy value of the object 

 

void GM_Calculating_FL_TruthTable(void) Calculating the truth table, 
and the values of the 
different combinations 
when we have differnt 
decisions of the sensors 
(TT TF etc.) 

 

void GM_DempsterShaferAlgorithm () Generates the global binary 
map based on Dempster 
Shafer algorithm. 

 

void InitiateParameters ()   
friend 
FuzzyLogic 

operator* (const FuzzyLogic&, const FuzzyLogic&) This Operator: + Means 
'AND' at the IF....THEN 
fuzzy rules 

 

friend 
FuzzyLogic 

operator+ (const FuzzyLogic&, const FuzzyLogic&) This Operator: + Means 
'OR' at the IF....THEN 
fuzzy rules 
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friend 
FuzzyLogic 

operator>> (FuzzyLogic&, FuzzyLogic&) This Operator: + Means 
'THEN' at the IF....THEN 
fuzzy rules 

 

/*inline*/ 
uint32 

randomMT(void) Explained in detail in 
RandomGenerator.cpp 

 

uint32 reloadMT(void) Explained in detail in 
RandomGenerator.cpp 

 

void seedMT(uint32) Explained in detail in 
RandomGenerator.cpp 

 

void SFS_CalculatingTrueAndFalseValues(int) This function compares the 
new map of each sensor 
with the generated map and 
calculates the performance 
measures.  

 

 
 



210 Appendix X Transition matrix simulation code 

/** 
** ConstantGlobalParameters.h 
** 
** Copyright 2001 by Ofir Cohen 
** 
** E-mail: oprc@bgumail.bgu.ac.il 
** 
**/ 
 
#ifndef __ConstantGlobalParameters_h__ 
#define __ConstantGlobalParameters_h__ 
 
const unsigned short g_VecSensorSize=5; //The size of the sensors  
const int g_MaxCellSize=10; // Simulation array size 
 
const unsigned short g_SensorXLength=g_cArraySize; //The length of the sensor X direction Length (pixel). 
const unsigned short g_SensorYLength=g_VecSensorSize; //The length of the sensor Y direction Length (pixel). 
 
const int g_NumberOfModules=5;  
 
struct g_BB // Declare g_BlackBoard Structure 
{ 
int FL_Rules; // Fuzzy logic rules codes 
float faFinalData[1000][26]; 
int MF_Code; // Fuzzy logic membership function code 
 
int BB_iaTemporarySensorArray[g_SensorXLength][2*g_SensorYLength]; 
int BB_FlagNewData; 
// The array 'BB_iaSensorArray' and 'BB_iaMapOfTheRealPath' represent the sensor's 
// world AFTER calculating the grid map with the sensors resolution 
int BB_iaSensorArray[g_SensorXLength][2*g_SensorYLength][(g_NumberOfModules+1)]; 
int BB_iaMapOfTheRealPath[g_SensorXLength][2*g_SensorYLength];// We compare the  
// fused data from the sensors with this array at the adaptive part of the simulation. 
float BB_fTrueAccuracy[(1+g_NumberOfModules)]; // the 'True' value for each sensor 
float BB_fFalseAccuracy[(1+g_NumberOfModules)];// the 'False' value for each sensor 
 
float BB_faTrueFalse[(1+g_NumberOfModules)][7]; 
 
float BB_fTTValue[6][32]; 
/*  In this table we enter the results 'WHAT WOULD BE THE CELL VALUE' IF (FOR EXAMPLE) sensor 
number1 'says' 'T' number three and four says 'F' etc. 
  Explanation about: BB_fTTValue[6][32]. 
  Cell number 0 is for the calculated Value. 
  Cell number 1 is for the Module number 1. 
  Cell number 2 is for the Module number 2. 
  Cell number 3 is for the Module number 3. 
  Cell number 4 is for the Module number 4. 
  Cell number 5 is for the Module number 5.  */ 
 
// Array that contains the simulation values  
float BB_SF[6][5][g_MaxCellSize]; 
 
}; 
#endif 
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/** 
** StaticGlobalParameters.h 
** 
** Copyright 2001 by Ofir Cohen 
** 
** E-mail: oprc@bgumail.bgu.ac.il 
** 
**/ 
 
#ifndef __StaticGlobalParameters_h__ 
#define __StaticGlobalParameters_h__ 
 
int g_SimulationDataBaseCounter; 
 
int g_NumberOfNoiseCells[g_NumberOfModules+1]; 
 
g_BB g_BlackBoard; 
 
#endif 
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/** 
** SensorSimulationMain.h 
** 
** Copyright 2001 by Ofir Cohen 
** 
** E-mail: oprc@bgumail.bgu.ac.il 
** 
**/ 
 
#include <stdio.h> 
#include <iostream.h> 
#include <math.h> 
#include <time.h> 
#include <sys/types.h> 
#include <sys/timeb.h> 
#include <windows.h> 
#include "ConstantGlobalParameters.h" 
#include "StaticGlobalParameters.h" 
#include "Functions.h" 
#include "RandomGenerator.h" 
 
/******************************************************************************** 
* Name: main () * 
* Description: The function determines the initial performance measures and the noise values  * 
* of the different sensors * 
********************************************************************************/ 
void  
main ()   
{ // Main 
int i, j, k, iCellValue, SFS_Level, iWrite2File_Flag, RandCounter, iFirstStart,iFirstEnd; 
int iFirstSensor, iSecondSensor, iThirdSensor, iFourthSensor, iFifthSensor, fZone; 
 
FILE *f; 
float fCounter_FF_1, fCounter_TT_1, fCounter_FF_2, fCounter_TT_2;  
float fCounter_FF_3, fCounter_TT_3, fCounter_FF_4, fCounter_TT_4, fCounter_FF_5, fCounter_TT_5;  
char string[100]; 
char cFirstSensor[9], cSecondSensor[9], cThirdSensor[9], cFourthSensor[9], cFifthSensor[9], cFL_Rules[9]; 
 
char cMF_Code[9], cZone[9];  
 
RandCounter=0;  
for (g_BlackBoard.FL_Rules=0;g_BlackBoard.FL_Rules<=2;g_BlackBoard.FL_Rules++) 
{ //1 
 g_BlackBoard.MF_Code=203; 
 // fZone=1; 
 for ( fZone=1;fZone<=4;fZone++)  
 { // 1a 
  if ((fZone==1) || (fZone==3)) 
  { 
  iFirstStart=1; 
   iFirstEnd=3; 
  } 
  else 
  { 
   iFirstStart=7; 
   iFirstEnd=9; 
  } 
  for ( iFirstSensor=iFirstStart;iFirstSensor<=iFirstEnd;iFirstSensor+=2) //0-10 
  { // 2 
  //iFirstSensor=7; 
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   for ( iSecondSensor=1;iSecondSensor<=2;iSecondSensor++) //0-10 
   { // 3 
    for ( iThirdSensor=2;iThirdSensor<=3;iThirdSensor++) //1-10 
    { // 4 
     for ( iFourthSensor=2;iFourthSensor<=3;iFourthSensor++) //1-10  
     { // 5 
      for ( iFifthSensor=1;iFifthSensor<=3;iFifthSensor+=2) //1-10 
      { // 6 
      fCounter_TT_2=0.74; 
      fCounter_FF_1=1; 
      fCounter_FF_2=0.95; 
      fCounter_TT_3=0.92; 
      fCounter_FF_3=0.93; 
      fCounter_TT_4=0.7; 
      fCounter_FF_4=0.86; 
      fCounter_TT_5=0.94; 
      fCounter_FF_5=0.79; 
      if ((fZone==3) || (fZone==4)) 
       fCounter_FF_1=1-fCounter_FF_1; 
      for ( i=0;i<26;i++)  
      { // 7 
       for ( j=0;j<1000;j++)  
       { // 8 
       g_BlackBoard.faFinalData[j][i]=0; 
       } // 8 
      } // 7 
      //  fCounter_FF_1=0.12; 
     { // 9 
     iWrite2File_Flag=0;  
     RandCounter++; 
     g_SimulationDataBaseCounter=0; // Counter for the data base  
     for (fCounter_TT_1=0.0;fCounter_TT_1<=1.0;fCounter_TT_1+=0.1)  
     { // 10 
     printf( "FL_Rules:" "\t %d   \n", g_BlackBoard.FL_Rules); 
     printf( "iFirstSensor:" "\t %d   \n", iFirstSensor); 
     printf( "iSecondSensor:" "\t %d   \n", iSecondSensor); 
     printf( "iThirdSensor:" "\t %d   \n", iThirdSensor); 
     printf( "iFourthSensor:" "\t %d   \n", iFourthSensor); 
     printf( "iFifthSensor:" "\t %d   \n", iFifthSensor); 
     printf( "fCounter_TT_1:" "\t %.2f   \n", fCounter_TT_1); 
     printf( "fCounter_FF_1:" "\t %.2f   \n", fCounter_FF_1); 
     printf("\n"); 
     InitiateParameters(); 
     CreateMap(); 
     g_SimulationDataBaseCounter++; 
     k=1; 
     g_BlackBoard.BB_faTrueFalse[k][1]=fCounter_TT_1;  
     g_BlackBoard.BB_faTrueFalse[k][2]=fCounter_FF_1;  
     g_BlackBoard.BB_faTrueFalse[k][3]= 
     1-g_BlackBoard.BB_faTrueFalse[k][2];  
     g_BlackBoard.BB_faTrueFalse[k][4]= 
     1-g_BlackBoard.BB_faTrueFalse[k][1];  
     k=2; 
     g_BlackBoard.BB_faTrueFalse[k][1]=fCounter_TT_2;  
     g_BlackBoard.BB_faTrueFalse[k][2]=fCounter_FF_2;  
     g_BlackBoard.BB_faTrueFalse[k][3]= 
     1-g_BlackBoard.BB_faTrueFalse[k][2];  
     g_BlackBoard.BB_faTrueFalse[k][4]= 
     1-g_BlackBoard.BB_faTrueFalse[k][1];  
     k=3; 



214 Appendix X Transition matrix simulation code 

     g_BlackBoard.BB_faTrueFalse[k][1]=fCounter_TT_3;  
     g_BlackBoard.BB_faTrueFalse[k][2]=fCounter_FF_3; 
     g_BlackBoard.BB_faTrueFalse[k][3]= 
     1-g_BlackBoard.BB_faTrueFalse[k][2];  
     g_BlackBoard.BB_faTrueFalse[k][4]= 
     1-g_BlackBoard.BB_faTrueFalse[k][1];  
     k=4; 
     g_BlackBoard.BB_faTrueFalse[k][1]=fCounter_TT_4;  
     g_BlackBoard.BB_faTrueFalse[k][2]=fCounter_FF_4;  
     g_BlackBoard.BB_faTrueFalse[k][3]= 
     1-g_BlackBoard.BB_faTrueFalse[k][2];  
     g_BlackBoard.BB_faTrueFalse[k][4]= 
     1-g_BlackBoard.BB_faTrueFalse[k][1];  
     k=5; 
     g_BlackBoard.BB_faTrueFalse[k][1]=fCounter_TT_5;  
     g_BlackBoard.BB_faTrueFalse[k][2]=fCounter_FF_5;  
     g_BlackBoard.BB_faTrueFalse[k][3]= 
     1-g_BlackBoard.BB_faTrueFalse[k][2];  
     g_BlackBoard.BB_faTrueFalse[k][4]= 
     1-g_BlackBoard.BB_faTrueFalse[k][1];  
     g_NumberOfNoiseCells[1]=1000*iFirstSensor; 
     g_NumberOfNoiseCells[2]=1000*iSecondSensor; 
     g_NumberOfNoiseCells[3]=1000*iThirdSensor; 
     g_NumberOfNoiseCells[4]=1000*iFourthSensor; 
     g_NumberOfNoiseCells[5]=1000*iFifthSensor; 
     for ( k=1;k<=g_NumberOfModules;k++)  
     { // 11 
     RandCounter++; 
     CreateSensorsMaps(k,RandCounter+g_SimulationDataBaseCounter); 
     } // 11  
     for (SFS_Level=1;SFS_Level<=g_NumberOfModules;SFS_Level++) 
     { // 12 
     FuzzyLogicAlgorithm(SFS_Level);  
     } // 12 
   //**********************************************************// 
   //    The fusion algorithms when we use adaptive fuzzy logic algorithms    // 
   //**********************************************************// 
     for ( i=0;i<g_SensorXLength;i++)  
     { // 14 
      for ( j=0;j<2*g_SensorYLength;j++) 
      { // 15 
       iCellValue=0; 
       for ( k=0;k<g_NumberOfModules;k++) 
       { // 16 
      iCellValue+(g_BlackBoard.BB_iaSensorArray[i][j][k+1]*pow(2,k)); 
       }// 16 
       g_BlackBoard.BB_iaTemporarySensorArray[i][j]= 
       g_BlackBoard.BB_fTTValue[0][iCellValue]; 
       if (g_BlackBoard.BB_fTTValue[0][iCellValue]==1) 
       { // 17 
      g_BlackBoard.BB_iaSensorArray[i][j][0]++;//++; 
       } // 17 
      }// 15 
     }// 14 
     GM_Calculating_FL_TruthTable(); 
     for (SFS_Level=1;SFS_Level<=g_NumberOfModules;SFS_Level++) 
     { // 18 
      SFS_CalculatingTrueAndFalseValues(SFS_Level); 
     }  // 18 
    g_BlackBoard.faFinalData[g_SimulationDataBaseCounter][0]= 
    g_BlackBoard.BB_faTrueFalse[k][1]-g_BlackBoard.BB_faTrueFalse[k][3]; 
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  } // 10 
  if (iWrite2File_Flag==0) 
  { // 18 
   _itoa( iFirstSensor,  cFirstSensor,10 );  
   _itoa( iSecondSensor, cSecondSensor,10);  
   _itoa( iThirdSensor,  cThirdSensor,10 );   
   _itoa( iFourthSensor,  cFourthSensor,10 );   
   _itoa( iFifthSensor,  cFifthSensor,10 );   
   _itoa( g_BlackBoard.FL_Rules, cFL_Rules,10 );  
   _itoa( fZone, cZone,10 );   
   _itoa( g_BlackBoard.MF_Code, cMF_Code,10 );  
   _strnset( string, '\0', 1 ); 
   strcpy( string, "D:\\AFL_Alg\\FL_5_Rule"); 
   strcat( string, cFL_Rules); 
   strcat( string, "_MF_"); 
   strcat( string, cMF_Code); 
   strcat( string, "_Zone_"); 
   strcat( string, cZone); 
   strcat( string, "_Noise_"); 
   strcat( string, cFirstSensor); 
   strcat( string, "_"); 
   strcat( string, cSecondSensor); 
   strcat( string, "_"); 
   strcat( string, cThirdSensor); 
   strcat( string, "_"); 
   strcat( string, cFourthSensor); 
   strcat( string, "_"); 
   strcat( string, cFifthSensor); 
   strcat( string, ".dat" ); 
   iWrite2File_Flag=1; 
  } // 18 
  f=fopen(string,"a"); 
  for (k=1;k<=g_SimulationDataBaseCounter;k++) 
  { // 19 
   fprintf(f,"%.2f\t",g_BlackBoard.faFinalData[k][0]);  
   fprintf(f,"%f\t",g_BlackBoard.faFinalData[k][1]);  
   fprintf(f,"%f\t",g_BlackBoard.faFinalData[k][2]); 
   fprintf(f,"%f\t",g_BlackBoard.faFinalData[k][3]); 
   fprintf(f,"%f\t",g_BlackBoard.faFinalData[k][4]); 
   fprintf(f,"%f\t",g_BlackBoard.faFinalData[k][5]); 
   fprintf(f,"%f\t",g_BlackBoard.faFinalData[k][6]); 
   fprintf(f,"%f\t",g_BlackBoard.faFinalData[k][7]); 
   fprintf(f,"%f\t",g_BlackBoard.faFinalData[k][8]); 
   fprintf(f,"%f\t",g_BlackBoard.faFinalData[k][9]); 
   fprintf(f,"%f\t",g_BlackBoard.faFinalData[k][10]); 
   fprintf(f,"%f\t",g_BlackBoard.faFinalData[k][11]); 
   fprintf(f,"%f\t",g_BlackBoard.faFinalData[k][12]); 
   fprintf(f,"%f\t",g_BlackBoard.faFinalData[k][13]); 
   fprintf(f,"%f\t",g_BlackBoard.faFinalData[k][14]); 
   fprintf(f,"%f\t",g_BlackBoard.faFinalData[k][15]); 
   fprintf(f,"%f\t",g_BlackBoard.faFinalData[k][16]); 
   fprintf(f,"%f\t",g_BlackBoard.faFinalData[k][17]); 
   fprintf(f,"%f\t",g_BlackBoard.faFinalData[k][18]); 
   fprintf(f,"%f\t",g_BlackBoard.faFinalData[k][19]); 
   fprintf(f,"%f\t",g_BlackBoard.faFinalData[k][20]); 
   fprintf(f,"%f\t",g_BlackBoard.faFinalData[k][21]); 
   fprintf(f,"%f\t",g_BlackBoard.faFinalData[k][22]); 
   fprintf(f,"%f\t",g_BlackBoard.faFinalData[k][23]); 
   fprintf(f,"%f\t",g_BlackBoard.faFinalData[k][24]); 
   fprintf(f,"%f\t",g_BlackBoard.faFinalData[k][25]); 
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   fprintf(f,"\n"); 
  } // 19 
  fclose(f); 
  } // 9 
      } // 6 
     } // 5 
    } // 4 
   } // 3 
  } // 2 
 } // 1a 
} // 1 
} // Main 
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/** 
** RandomGenerator.h 
** 
** Copyright 2001 by Ofir Cohen 
** 
** E-mail: oprc@bgumail.bgu.ac.il 
** 
**/ 
 
#ifndef __RandomGenerator_h__     
#define __RandomGenerator_h__ 
#include <stdio.h> 
#include <stdlib.h> 
 
typedef unsigned long uint32; 
 
#define N              (624)                 // length of state vector 
#define M              (397)                 // a period parameter 
#define K              (0x9908B0DFU)         // a magic constant 
#define hiBit(u)       ((u) & 0x80000000U)   // mask all but highest   bit of u 
#define loBit(u)       ((u) & 0x00000001U)   // mask all but lowest    bit of u 
#define loBits(u)      ((u) & 0x7FFFFFFFU)   // mask     the highest   bit of u 
#define mixBits(u, v)  (hiBit(u)|loBits(v))  // move hi bit of u to hi bit of v 
 
/*static*/extern  uint32   state[N+1];     // state vector + 1 extra to not violate ANSI C 
/*static*/extern uint32   *next;          // next random value is computed from here 
/*static*/extern int      left/* = -1*/;      // can *next++ this many times before reloading 
 
 
 
void seedMT(uint32 ); 
 
uint32 reloadMT(void); 
/*inline*/ uint32 randomMT(void); 
 
 
#endif 
 



218 Appendix X Transition matrix simulation code 

/** 
** RandomGenerator.cpp 
** 
 
// This is the “Mersenne Twister” random number generator MT19937, which 
// generates pseudorandom integers uniformly distributed in 0..(2^32 - 1) 
// starting from any odd seed in 0..(2^32 - 1).  This version is a recode 
// by Shawn Cokus (Cokus@math.washington.edu) on March 8, 1998 of a version by 
// Takuji Nishimura (who had suggestions from Topher Cooper and Marc Rieffel in 
// July-August 1997). 
// 
// Effectiveness of the recoding (on Goedel2.math.washington.edu, a DEC Alpha 
// running OSF/1) using GCC -O3 as a compiler: before recoding: 51.6 sec. to 
// generate 300 million random numbers; after recoding: 24.0 sec. for the same 
// (i.e., 46.5% of original time), so speed is now about 12.5 million random 
// number generations per second on this machine. 
// 
// According to the URL <http://www.math.keio.ac.jp/~matumoto/emt.html> 
// (and paraphrasing a bit in places), the Mersenne Twister is ``designed 
// with consideration of the flaws of various existing generators,'' has 
// a period of 2^19937 - 1, gives a sequence that is 623-dimensionally 
// equidistributed, and ``has passed many stringent tests, including the 
// die-hard test of G. Marsaglia and the load test of P. Hellekalek and 
// S. Wegenkittl.''  It is efficient in memory usage (typically using 2506 
// to 5012 bytes of static data, depending on data type sizes, and the code 
// is quite short as well).  It generates random numbers in batches of 624 
// at a time, so the caching and pipelining of modern systems is exploited. 
// It is also divide- and mod-free. 
// 
// 
// The code as Shawn received it included the following notice: 
// 
//   Copyright (C) 1997 Makoto Matsumoto and Takuji Nishimura.  When 
//   you use this, send an e-mail to <matumoto@math.keio.ac.jp> with 
//   an appropriate reference to your work. 
// 
// 
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#include <stdio.h> 
#include <stdlib.h> 
#include "RandomGenerator.h" 
// 
// uint32 must be an unsigned integer type capable of holding at least 32 
// bits; exactly 32 should be fastest, but 64 is better on an Alpha with 
// GCC at -O3 optimization so try your options and see what's best for you 
// 
 
typedef unsigned long uint32; 
 
#define N              (624)                 // length of state vector 
#define M              (397)                 // a period parameter 
#define K              (0x9908B0DFU)         // a magic constant 
#define hiBit(u)       ((u) & 0x80000000U)   // mask all but highest   bit of u 
#define loBit(u)       ((u) & 0x00000001U)   // mask all but lowest    bit of u 
#define loBits(u)      ((u) & 0x7FFFFFFFU)   // mask     the highest   bit of u 
#define mixBits(u, v)  (hiBit(u)|loBits(v))  // move hi bit of u to hi bit of v 
 
/*extern*/  uint32   state[N+1];     // state vector + 1 extra to not violate ANSI C 
/*extern*/  uint32   *next;          // next random value is computed from here 
/*extern*/  int      left = -1;      // can *next++ this many times before reloading 
 
/******************************************************************************** 
* Name: seedMT(uint32 seed) * 
* Description: The function generates the seed * 
********************************************************************************/ 
void  
seedMT(uint32 seed) 
 { 
    // 
    // We initialize state[0..(N-1)] via the generator 
    //   x_new = (69069 * x_old) mod 2^32 
    // 
    // from Line 15 of Table 1, p. 106, Sec. 3.3.4 of Knuth's 
    // _The Art of Computer Programming_, Volume 2, 3rd ed. 
    // 
    // Notes (SJC): I do not know what the initial state requirements 
    // of the Mersenne Twister are, but it seems this seeding generator 
    // could be better.  It achieves the maximum period for its modulus 
    // (2^30) iff x_initial is odd (p. 20-21, Sec. 3.2.1.2, Knuth); if 
    // x_initial can be even, you have sequences like 0, 0, 0, ...; 
    // 2^31, 2^31, 2^31, ...; 2^30, 2^30, 2^30, ...; 2^29, 2^29 + 2^31, 
    // 2^29, 2^29 + 2^31, ..., etc. so I force seed to be odd below. 
    // 
    // Even if x_initial is odd, if x_initial is 1 mod 4 then 
    // 
    //   the          lowest bit of x is always 1, 
    //   the  next-to-lowest bit of x is always 0, 
    //   the 2nd-from-lowest bit of x alternates      ... 0 1 0 1 0 1 0 1 ... , 
    //   the 3rd-from-lowest bit of x 4-cycles        ... 0 1 1 0 0 1 1 0 ... , 
    //   the 4th-from-lowest bit of x has the 8-cycle ... 0 0 0 1 1 1 1 0 ... , 
    //    ... 
    // 
    // and if x_initial is 3 mod 4 then 
    // 
    //   the          lowest bit of x is always 1, 
    //   the  next-to-lowest bit of x is always 1, 
    //   the 2nd-from-lowest bit of x alternates      ... 0 1 0 1 0 1 0 1 ... , 
    //   the 3rd-from-lowest bit of x 4-cycles        ... 0 0 1 1 0 0 1 1 ... , 
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    //   the 4th-from-lowest bit of x has the 8-cycle ... 0 0 1 1 1 1 0 0 ... , 
    // 
    // The generator's potency (min. s>=0 with (69069-1)^s = 0 mod 2^32) is 
    // 16, which seems to be alright by p. 25, Sec. 3.2.1.3 of Knuth.  It 
    // also does well in the dimension 2..5 spectral tests, but it could be 
    // better in dimension 6 (Line 15, Table 1, p. 106, Sec. 3.3.4, Knuth). 
    // 
    // Note that the random number user does not see the values generated 
    // here directly since reloadMT() will always munge them first, so maybe 
    // none of all of this matters.  In fact, the seed values made here could 
    // even be extra-special desirable if the Mersenne Twister theory says 
    // so-- that's why the only change I made is to restrict to odd seeds. 
 
    register uint32 x = (seed | 1U) & 0xFFFFFFFFU, *s = state; 
    register int    j; 
 
    for(left=0, *s++=x, j=N; --j; 
        *s++ = (x*=69069U) & 0xFFFFFFFFU); 
 } 
 
/******************************************************************************** 
* Name: uint32 reloadMT(void) * 
* Description: The recursion generates the random number * 
********************************************************************************/ 
uint32  
reloadMT(void) 
 { 
    register uint32 *p0=state, *p2=state+2, *pM=state+M, s0, s1; 
    register int    j; 
    if(left < -1) 
        seedMT(4357U); 
 
    left=N-1, next=state+1; 
 
    for(s0=state[0], s1=state[1], j=N-M+1; --j; s0=s1, s1=*p2++) 
        *p0++ = *pM++ ^ (mixBits(s0, s1) >> 1) ^ (loBit(s1) ? K : 0U); 
 
    for(pM=state, j=M; --j; s0=s1, s1=*p2++) 
        *p0++ = *pM++ ^ (mixBits(s0, s1) >> 1) ^ (loBit(s1) ? K : 0U); 
 
    s1=state[0], *p0 = *pM ^ (mixBits(s0, s1) >> 1) ^ (loBit(s1) ? K : 0U); 
    s1 ^= (s1 >> 11); 
    s1 ^= (s1 <<  7) & 0x9D2C5680U; 
    s1 ^= (s1 << 15) & 0xEFC60000U; 
    return(s1 ^ (s1 >> 18)); 
 } 
 
/*inline*/ uint32 randomMT(void) 
 { 
    uint32 y; 
 
    if(--left < 0) 
        return(reloadMT()); 
 
    y  = *next++; 
    y ^= (y >> 11); 
    y ^= (y <<  7) & 0x9D2C5680U; 
    y ^= (y << 15) & 0xEFC60000U; 
    return(y ^ (y >> 18)); 
} 
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/** 
** Functions.h 
** 
** Copyright 2001 by Ofir Cohen 
** 
** E-mail: oprc@bgumail.bgu.ac.il 
** 
**/ 
 
#ifndef __Functions_h__     
#define __Functions_h__ 
 
#include <windows.h>   
#include "ConstantGlobalParameters.h" 
  
extern int g_SimulationDataBaseCounter; 
extern g_BB g_BlackBoard; 
extern int g_NumberOfNoiseCells[g_NumberOfModules+1]; 
 
void SFS_CalculatingTrueAndFalseValues(int); 
void FuzzyLogicAlgorithm(int); 
 
void GM_DempsterShaferAlgorithm(/*int plevel*/); 
void CreateSensorsMaps(int,int); 
 
void GM_Calculating_FL_TruthTable(); 
void InitiateParameters(); 
void CreateMap (); 
 
#endif 
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/** 
** Functions.cpp 
** 
** Copyright 2001 by Ofir Cohen 
** 
** E-mail: oprc@bgumail.bgu.ac.il 
** 
**/ 
 
#include <stdio.h> 
#include <iostream.h> 
#include <windows.h> 
#include <math.h> 
#include <time.h> 
#include <sys/types.h> 
#include <sys/timeb.h> 
 
//#include "Sensor.h" 
//#include "LocalGridMap.h" 
#include "ConstantGlobalParameters.h" 
#include "Functions.h" 
#include "FuzzyLogic_Algorithm.h" 
#include "RandomGenerator.h" 
 
#define MAX_RAND 100 
 
#define N              (624)                 // length of state vector 
#define M              (397)                 // a period parameter 
#define K              (0x9908B0DFU)         // a magic constant 
#define hiBit(u)       ((u) & 0x80000000U)   // mask all but highest   bit of u 
#define loBit(u)       ((u) & 0x00000001U)   // mask all but lowest    bit of u 
#define loBits(u)      ((u) & 0x7FFFFFFFU)   // mask     the highest   bit of u 
#define mixBits(u, v)  (hiBit(u)|loBits(v))  // move hi bit of u to hi bit of v 
 
/*static*/extern  uint32   state[N+1];     // state vector + 1 extra to not violate ANSI C 
/*static*/extern uint32   *next;          // next random value is computed from here 
/*static*/extern int      left/* = -1*/;      // can *next++ this many times before reloading 
 
/******************************************************************************** 
* Name: void SFS_CalculatingTrueAndFalseValues(int SFS_Level) * 
* Description: // This function is the adaptive part of the simulation * 
* This function Compare the new data at this level with the integrated data * 
* and determine the following parameters  * 
* SFS_True_False   The Local Map Found True  But the fused map determined False. * 
* SFS_True_True    The Local Map Found True  And the fused map determined True. * 
* SFS_False_False  The Local Map Found False And the fused map determined False. * 
* SFS_False_True   The Local Map Found Fasle But the fused map determined True. * 
********************************************************************************/ 
void  
SFS_CalculatingTrueAndFalseValues(int SFS_Level) 
{ 
 unsigned short int i,j,fCounterT,fCounterF; 
 int levelCell; // If the value at the BB_iaSensorArray[][][SFS_level] array is true then its value is 1 
 int FusedCell; // If the value at the BB_iaMapOfTheRealPath array is true then the its value is 1 
 float fOldFF,fOldTT,fOldTF,fOldFT,fTempUM; 
 float SFS_True_False,SFS_True_True,SFS_False_False,SFS_False_True; 
 float fSignFused,fSignLS,fUnSignFused,fUnSignLS; 
  
 SFS_True_False=0; // The Local Map Found True  But the fused map determined False. 
 SFS_True_True=0;  // The Local Map Found True  And the fused map determined True. 
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 SFS_False_False=0;// The Local Map Found False And the fused map determined False. 
 SFS_False_True=0; // The Local Map Found Fasle But the fused map determined True. 
  
 if (g_BlackBoard.BB_faTrueFalse[SFS_Level][1]>=0) 
  fOldTT=g_BlackBoard.BB_faTrueFalse[SFS_Level][1]; 
 if (g_BlackBoard.BB_faTrueFalse[SFS_Level][2]>=0) 
  fOldFF=g_BlackBoard.BB_faTrueFalse[SFS_Level][2]; 
 if (g_BlackBoard.BB_faTrueFalse[SFS_Level][3]>=0) 
  fOldTF=g_BlackBoard.BB_faTrueFalse[SFS_Level][3]; 
 if (g_BlackBoard.BB_faTrueFalse[SFS_Level][4]>=0) 
  fOldFT=g_BlackBoard.BB_faTrueFalse[SFS_Level][4]; 
  
 fSignFused=0; 
 fSignLS=0; 
 fUnSignFused=0; 
 fUnSignLS=0; 
  
 for ( i=0;i<g_SensorXLength;i++)  
 { 
  for ( j=0;j<2*g_SensorYLength;j++) 
  { 
   levelCell=0; 
   FusedCell=0; 
   if(g_BlackBoard.BB_iaTemporarySensorArray[i][j]) 
   { 
    FusedCell=1; 
    fSignFused++; 
   } 
   else 
   { 
    fUnSignFused++; 
   } 
    
   if(g_BlackBoard.BB_iaSensorArray[i][j][SFS_Level]) 
   { 
    levelCell=1; 
    fSignLS++; 
   } 
   else 
   { 
    fUnSignLS++; 
   } 
    
   if(levelCell>FusedCell)//  Found True but was False. 
    SFS_True_False++;  
    
   if((levelCell==FusedCell)&&(levelCell==1))//   Found True And was True. 
    SFS_True_True++; 
    
   if((levelCell==FusedCell)&&(levelCell==0))// Found False And was False. 
    SFS_False_False++; 
    
   if(levelCell<FusedCell)//  Found Fasle but was true 
    SFS_False_True++; 
  }  
 } 
  
 fCounterT=(SFS_True_True+SFS_False_True); 
 fCounterF=(SFS_False_False+SFS_True_False); 
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 if (fCounterT>0) 
 { 
  PM_True_True=PM_True_True/fCounterT;  
  PM_False_True=PM_False_True/fCounterT; 
 } 
  
 if (fCounterF>0) 
 { 
  PM_False_False=PM_False_False/fCounterF; 
  PM_True_False=PM_True_False/fCounterF; 
 } 
 if (fCounterT==0) 
 { 
  PM_True_True= PM_False_False; 
  PM_False_True=1- PM_False_False; 
 } 
  
 if (fCounterF==0) 
 { 
  PM_False_False= PM_True_True; 
  PM_True_False=1- PM_True_True; 
 } 
  
 g_BlackBoard.BB_faTrueFalse[SFS_Level][1]=0.5*(SFS_True_True+fOldTT); 
 g_BlackBoard.BB_faTrueFalse[SFS_Level][2]=0.5*(SFS_False_False+fOldFF); 
 g_BlackBoard.BB_faTrueFalse[SFS_Level][3]=0.5*(SFS_True_False+fOldTF); 
 g_BlackBoard.BB_faTrueFalse[SFS_Level][4]=0.5*(SFS_False_True+fOldFT); 
  
 fTempUM= 
  0.5 * (g_BlackBoard.BB_faTrueFalse[SFS_Level][1] + g_BlackBoard.BB_faTrueFalse[SFS_Level][2] – 
 g_BlackBoard.BB_faTrueFalse[SFS_Level][3] - g_BlackBoard.BB_faTrueFalse[SFS_Level][4]); 
  
 if (SFS_Level==1) 
 { 
  g_BlackBoard.faFinalData[g_SimulationDataBaseCounter][1]= 
   g_BlackBoard.BB_faTrueFalse[SFS_Level][1]; 
  g_BlackBoard.faFinalData[g_SimulationDataBaseCounter][2]= 
   g_BlackBoard.BB_faTrueFalse[SFS_Level][2]; 
  g_BlackBoard.faFinalData[g_SimulationDataBaseCounter][3]= 
   g_BlackBoard.BB_faTrueFalse[SFS_Level][3]; 
  g_BlackBoard.faFinalData[g_SimulationDataBaseCounter][4]= 
   g_BlackBoard.BB_faTrueFalse[SFS_Level][4]; 
  g_BlackBoard.faFinalData[g_SimulationDataBaseCounter][5]=fTempUM; 
 }  
  
 if (SFS_Level==2) 
 { 
  g_BlackBoard.faFinalData[g_SimulationDataBaseCounter][6]= 
   g_BlackBoard.BB_faTrueFalse[SFS_Level][1]; 
  g_BlackBoard.faFinalData[g_SimulationDataBaseCounter][7]= 
   g_BlackBoard.BB_faTrueFalse[SFS_Level][2]; 
  g_BlackBoard.faFinalData[g_SimulationDataBaseCounter][8]= 
   g_BlackBoard.BB_faTrueFalse[SFS_Level][3]; 
  g_BlackBoard.faFinalData[g_SimulationDataBaseCounter][9]= 
   g_BlackBoard.BB_faTrueFalse[SFS_Level][4]; 
  g_BlackBoard.faFinalData[g_SimulationDataBaseCounter][10]=fTempUM; 
 } 



 225 

 
 if (SFS_Level==3) 
 { 
  g_BlackBoard.faFinalData[g_SimulationDataBaseCounter][11]= 
   g_BlackBoard.BB_faTrueFalse[SFS_Level][1]; 
  g_BlackBoard.faFinalData[g_SimulationDataBaseCounter][12]= 
   g_BlackBoard.BB_faTrueFalse[SFS_Level][2]; 
  g_BlackBoard.faFinalData[g_SimulationDataBaseCounter][13]= 
   g_BlackBoard.BB_faTrueFalse[SFS_Level][3]; 
  g_BlackBoard.faFinalData[g_SimulationDataBaseCounter][14]= 
   g_BlackBoard.BB_faTrueFalse[SFS_Level][4]; 
  g_BlackBoard.faFinalData[g_SimulationDataBaseCounter][15]=fTempUM; 
 }  
  
 if (SFS_Level==4) 
 { 
  g_BlackBoard.faFinalData[g_SimulationDataBaseCounter][16]= 
   g_BlackBoard.BB_faTrueFalse[SFS_Level][1]; 
  g_BlackBoard.faFinalData[g_SimulationDataBaseCounter][17]= 
   g_BlackBoard.BB_faTrueFalse[SFS_Level][2]; 
  g_BlackBoard.faFinalData[g_SimulationDataBaseCounter][18]= 
   g_BlackBoard.BB_faTrueFalse[SFS_Level][3]; 
  g_BlackBoard.faFinalData[g_SimulationDataBaseCounter][19]= 
   g_BlackBoard.BB_faTrueFalse[SFS_Level][4]; 
  g_BlackBoard.faFinalData[g_SimulationDataBaseCounter][20]=fTempUM; 
 } 
 
 if (SFS_Level==5) 
 { 
  g_BlackBoard.faFinalData[g_SimulationDataBaseCounter][21]= 
   g_BlackBoard.BB_faTrueFalse[SFS_Level][1]; 
  g_BlackBoard.faFinalData[g_SimulationDataBaseCounter][22]= 
   g_BlackBoard.BB_faTrueFalse[SFS_Level][2]; 
  g_BlackBoard.faFinalData[g_SimulationDataBaseCounter][23]= 
   g_BlackBoard.BB_faTrueFalse[SFS_Level][3]; 
  g_BlackBoard.faFinalData[g_SimulationDataBaseCounter][24]= 
   g_BlackBoard.BB_faTrueFalse[SFS_Level][4]; 
  g_BlackBoard.faFinalData[g_SimulationDataBaseCounter][25]=fTempUM; 
 } 
} 
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/******************************************************************************** 
* Name: void FuzzyLogicAlgorithm(int plevel) * 
* Description: This function is the fuse the data using the adaptive fuzzy logic algorithm * 
* 18 algorithms employed by changing the algorithms rules and the membership functions * 
********************************************************************************/ 
void FuzzyLogicAlgorithm(int plevel) 
{ 
 float fFalseCOMValue=0; 
 float fTrueCOMValue=0; 
 int level=plevel;  
  
 FuzzyLogic FL_TT(cf_TT); 
 FuzzyLogic FL_FF(cf_FF); 
 FuzzyLogic FL_FT(cf_FT); 
 FuzzyLogic FL_TF(cf_TF); 
 FuzzyLogic FL_TRUE(cf_TRUE); 
 FuzzyLogic FL_FALSE(cf_FALSE); 
  
 FL_TT.FLInsCrispVal(g_BlackBoard.BB_faTrueFalse[level][1]); 
 FL_FF.FLInsCrispVal(g_BlackBoard.BB_faTrueFalse[level][2]); 
 FL_TF.FLInsCrispVal(g_BlackBoard.BB_faTrueFalse[level][3]); 
 FL_FT.FLInsCrispVal(g_BlackBoard.BB_faTrueFalse[level][4]); 
  
 //**************   The Rules    **************** 
// ------------------------------  Simple  -----------------------------------  
if (g_BlackBoard.FL_Rules==0) 
{ 
 // [F/F,High]=>[False,High] 
 FL_FF.FL_Crisp2Fuzzy("High")>>FL_FALSE.FLInsFuzzyName("High"); 
 //fFalseAreaTotal=fFalseAreaTotal+(FL_FALSE.FuzzyLogicGetAraeValue()); 
 fFalseCOMValue=fFalseCOMValue+ 
  FL_FALSE.FuzzyLogicGetAraeValue()*FL_FALSE.FuzzyLogicGetCenterOfMassCrisp(); 
  
 // [F/F,Average]=>[False,Average] 
 FL_FF.FL_Crisp2Fuzzy("Average")>>FL_FALSE.FLInsFuzzyName("Average"); 
 //fFalseAreaTotal=fFalseAreaTotal+(FL_FALSE.FuzzyLogicGetAraeValue()); 
 fFalseCOMValue=fFalseCOMValue+ 
  FL_FALSE.FuzzyLogicGetAraeValue()*FL_FALSE.FuzzyLogicGetCenterOfMassCrisp(); 
  
 // [F/F,Low]=>[False,Low] 
 FL_FF.FL_Crisp2Fuzzy("Low")>>FL_FALSE.FLInsFuzzyName("Low"); 
 //fFalseAreaTotal=fFalseAreaTotal+(FL_FALSE.FuzzyLogicGetAraeValue()); 
 fFalseCOMValue=fFalseCOMValue+ 
  FL_FALSE.FuzzyLogicGetAraeValue()*FL_FALSE.FuzzyLogicGetCenterOfMassCrisp(); 
  
 // [F/T,High]=>[False,Low] 
 FL_FT.FL_Crisp2Fuzzy("High")>>FL_FALSE.FLInsFuzzyName("Low"); 
 //fFalseAreaTotal=fFalseAreaTotal+(FL_FALSE.FuzzyLogicGetAraeValue()); 
 fFalseCOMValue=fFalseCOMValue+ 
  FL_FALSE.FuzzyLogicGetAraeValue()*FL_FALSE.FuzzyLogicGetCenterOfMassCrisp(); 
  
 // [F/T,Average]=>[False,Average] 
 FL_FT.FL_Crisp2Fuzzy("Average")>>FL_FALSE.FLInsFuzzyName("Average"); 
 //fFalseAreaTotal=fFalseAreaTotal+(FL_FALSE.FuzzyLogicGetAraeValue()); 
 fFalseCOMValue=fFalseCOMValue+ 
  FL_FALSE.FuzzyLogicGetAraeValue()*FL_FALSE.FuzzyLogicGetCenterOfMassCrisp(); 
  
 // [F/T,Low]=>[False,High] 
 FL_FT.FL_Crisp2Fuzzy("Low")>>FL_FALSE.FLInsFuzzyName("High"); 
 //fFalseAreaTotal=fFalseAreaTotal+(FL_FALSE.FuzzyLogicGetAraeValue()); 



 227 

 fFalseCOMValue=fFalseCOMValue+ 
  FL_FALSE.FuzzyLogicGetAraeValue()*FL_FALSE.FuzzyLogicGetCenterOfMassCrisp(); 
  
 // [T/T,High]=>[True,High] 
 FL_TT.FL_Crisp2Fuzzy("High")>>FL_TRUE.FLInsFuzzyName("High"); 
 //fTrueAreaTotal=fTrueAreaTotal+(FL_TRUE.FuzzyLogicGetAraeValue()); 
 fTrueCOMValue=fTrueCOMValue+ 
  FL_TRUE.FuzzyLogicGetAraeValue()*FL_TRUE.FuzzyLogicGetCenterOfMassCrisp(); 
  
 // [T/T,Average]=>[True,Average] 
 FL_TT.FL_Crisp2Fuzzy("Average")>>FL_TRUE.FLInsFuzzyName("Average"); 
 //fTrueAreaTotal=fTrueAreaTotal+(FL_TRUE.FuzzyLogicGetAraeValue()); 
 fTrueCOMValue=fTrueCOMValue+ 
  FL_TRUE.FuzzyLogicGetAraeValue()*FL_TRUE.FuzzyLogicGetCenterOfMassCrisp(); 
  
 // [T/T,Low]=>[True,Low] 
 FL_TT.FL_Crisp2Fuzzy("Low")>>FL_TRUE.FLInsFuzzyName("Low"); 
 //fTrueAreaTotal=fTrueAreaTotal+(FL_TRUE.FuzzyLogicGetAraeValue()); 
 fTrueCOMValue=fTrueCOMValue+ 
  FL_TRUE.FuzzyLogicGetAraeValue()*FL_TRUE.FuzzyLogicGetCenterOfMassCrisp(); 
  
 // [T/F,High]=>[True,Low] 
 FL_TF.FL_Crisp2Fuzzy("High")>>FL_TRUE.FLInsFuzzyName("Low"); 
 //fTrueAreaTotal=fTrueAreaTotal+(FL_TRUE.FuzzyLogicGetAraeValue()); 
 fTrueCOMValue=fTrueCOMValue+ 
  FL_TRUE.FuzzyLogicGetAraeValue()*FL_TRUE.FuzzyLogicGetCenterOfMassCrisp(); 
  
 // [T/F,Average]=>[True,Average] 
 FL_TF.FL_Crisp2Fuzzy("Average")>>FL_TRUE.FLInsFuzzyName("Average"); 
 //fTrueAreaTotal=fTrueAreaTotal+(FL_TRUE.FuzzyLogicGetAraeValue()); 
 fTrueCOMValue=fTrueCOMValue+ 
  FL_TRUE.FuzzyLogicGetAraeValue()*FL_TRUE.FuzzyLogicGetCenterOfMassCrisp(); 
  
 // [T/F,Low]=>[True,High] 
 FL_TF.FL_Crisp2Fuzzy("Low")>>FL_TRUE.FLInsFuzzyName("High"); 
 //fTrueAreaTotal=fTrueAreaTotal+(FL_TRUE.FuzzyLogicGetAraeValue()); 
 fTrueCOMValue=fTrueCOMValue+ 
  FL_TRUE.FuzzyLogicGetAraeValue()*FL_TRUE.FuzzyLogicGetCenterOfMassCrisp(); 
} 
  // ------------------------------  Simple  -----------------------------------  
 
 // ------------------------------  OR  -----------------------------------  
if (g_BlackBoard.FL_Rules==1) 
{ 
 // [F/F,High]=>[False,High] 
 FL_FF.FL_Crisp2Fuzzy("High")+FL_FT.FL_Crisp2Fuzzy("Low")>>FL_FALSE.FLInsFuzzyName("High
"); 
 //fFalseAreaTotal=fFalseAreaTotal+(FL_FALSE.FuzzyLogicGetAraeValue()); 
 fFalseCOMValue=fFalseCOMValue+ 
  FL_FALSE.FuzzyLogicGetAraeValue()*FL_FALSE.FuzzyLogicGetCenterOfMassCrisp(); 
  
 // [F/F,Average]=>[False,Average] 
 FL_FF.FL_Crisp2Fuzzy("Average")+FL_FT.FL_Crisp2Fuzzy("Average")>>FL_FALSE.FLInsFuzzyName
("Average"); 
 //fFalseAreaTotal=fFalseAreaTotal+(FL_FALSE.FuzzyLogicGetAraeValue()); 
 fFalseCOMValue=fFalseCOMValue+ 
  FL_FALSE.FuzzyLogicGetAraeValue()*FL_FALSE.FuzzyLogicGetCenterOfMassCrisp(); 
  
 // [F/F,Low]=>[False,Low] 
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 FL_FF.FL_Crisp2Fuzzy("Low")+FL_FT.FL_Crisp2Fuzzy("High")>>FL_FALSE.FLInsFuzzyName("Low"
); 
 //fFalseAreaTotal=fFalseAreaTotal+(FL_FALSE.FuzzyLogicGetAraeValue()); 
 fFalseCOMValue=fFalseCOMValue+ 
  FL_FALSE.FuzzyLogicGetAraeValue()*FL_FALSE.FuzzyLogicGetCenterOfMassCrisp(); 
 
  
 // [T/T,High]=>[True,High] 
 FL_TT.FL_Crisp2Fuzzy("High")+FL_TF.FL_Crisp2Fuzzy("Low")>>FL_TRUE.FLInsFuzzyName("High"
); 
 //fTrueAreaTotal=fTrueAreaTotal+(FL_TRUE.FuzzyLogicGetAraeValue()); 
 fTrueCOMValue=fTrueCOMValue+ 
  FL_TRUE.FuzzyLogicGetAraeValue()*FL_TRUE.FuzzyLogicGetCenterOfMassCrisp(); 
  
 // [T/T,Average]=>[True,Average] 
 FL_TT.FL_Crisp2Fuzzy("Average")+FL_TF.FL_Crisp2Fuzzy("Average")>>FL_TRUE.FLInsFuzzyName(
"Average"); 
 //fTrueAreaTotal=fTrueAreaTotal+(FL_TRUE.FuzzyLogicGetAraeValue()); 
 fTrueCOMValue=fTrueCOMValue+ 
  FL_TRUE.FuzzyLogicGetAraeValue()*FL_TRUE.FuzzyLogicGetCenterOfMassCrisp(); 
  
 // [T/T,Low]=>[True,Low] 
 FL_TT.FL_Crisp2Fuzzy("Low")+FL_TF.FL_Crisp2Fuzzy("High")>>FL_TRUE.FLInsFuzzyName("Low")
; 
 //fTrueAreaTotal=fTrueAreaTotal+(FL_TRUE.FuzzyLogicGetAraeValue()); 
 fTrueCOMValue=fTrueCOMValue+ 
  FL_TRUE.FuzzyLogicGetAraeValue()*FL_TRUE.FuzzyLogicGetCenterOfMassCrisp(); 
}  
// ------------------------------  OR  -----------------------------------  
 
  
// ------------------------------  AND  -----------------------------------  
if (g_BlackBoard.FL_Rules==2) 
{ 
 // [F/F,High]=>[False,High] 
 FL_FF.FL_Crisp2Fuzzy("High")*FL_FT.FL_Crisp2Fuzzy("Low")>>FL_FALSE.FLInsFuzzyName("High"
); 
 //fFalseAreaTotal=fFalseAreaTotal+(FL_FALSE.FuzzyLogicGetAraeValue()); 
 fFalseCOMValue=fFalseCOMValue+ 
  FL_FALSE.FuzzyLogicGetAraeValue()*FL_FALSE.FuzzyLogicGetCenterOfMassCrisp(); 
  
 // [F/F,Average]=>[False,Average] 
 FL_FF.FL_Crisp2Fuzzy("Average")*FL_FT.FL_Crisp2Fuzzy("Average")>>FL_FALSE.FLInsFuzzyName
("Average"); 
 //fFalseAreaTotal=fFalseAreaTotal+(FL_FALSE.FuzzyLogicGetAraeValue()); 
 fFalseCOMValue=fFalseCOMValue+ 
  FL_FALSE.FuzzyLogicGetAraeValue()*FL_FALSE.FuzzyLogicGetCenterOfMassCrisp(); 
 // [F/F,Low]=>[False,Low] 
 FL_FF.FL_Crisp2Fuzzy("Low")*FL_FT.FL_Crisp2Fuzzy("High")>>FL_FALSE.FLInsFuzzyName("Low"
); 
 //fFalseAreaTotal=fFalseAreaTotal+(FL_FALSE.FuzzyLogicGetAraeValue()); 
 fFalseCOMValue=fFalseCOMValue+ 
  FL_FALSE.FuzzyLogicGetAraeValue()*FL_FALSE.FuzzyLogicGetCenterOfMassCrisp(); 
  
 // [T/T,High]=>[True,High] 
 FL_TT.FL_Crisp2Fuzzy("High")*FL_TF.FL_Crisp2Fuzzy("Low")>>FL_TRUE.FLInsFuzzyName("High")
; 
 //fTrueAreaTotal=fTrueAreaTotal+(FL_TRUE.FuzzyLogicGetAraeValue()); 
 fTrueCOMValue=fTrueCOMValue+ 
  FL_TRUE.FuzzyLogicGetAraeValue()*FL_TRUE.FuzzyLogicGetCenterOfMassCrisp(); 
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 // [T/T,Average]=>[True,Average] 
 FL_TT.FL_Crisp2Fuzzy("Average")*FL_TF.FL_Crisp2Fuzzy("Average")>>FL_TRUE.FLInsFuzzyName(
"Average"); 
 //fTrueAreaTotal=fTrueAreaTotal+(FL_TRUE.FuzzyLogicGetAraeValue()); 
 fTrueCOMValue=fTrueCOMValue+ 
  FL_TRUE.FuzzyLogicGetAraeValue()*FL_TRUE.FuzzyLogicGetCenterOfMassCrisp(); 
  
 // [T/T,Low]=>[True,Low] 
 FL_TT.FL_Crisp2Fuzzy("Low")*FL_TF.FL_Crisp2Fuzzy("High")>>FL_TRUE.FLInsFuzzyName("Low")
; 
 //fTrueAreaTotal=fTrueAreaTotal+(FL_TRUE.FuzzyLogicGetAraeValue()); 
 fTrueCOMValue=fTrueCOMValue+ 
  FL_TRUE.FuzzyLogicGetAraeValue()*FL_TRUE.FuzzyLogicGetCenterOfMassCrisp(); 
} 
// ------------------------------  AND  -----------------------------------  
  
 g_BlackBoard.BB_fFalseAccuracy[level]=fFalseCOMValue; // Updating the data at the BB. 
 g_BlackBoard.BB_fTrueAccuracy[level]=fTrueCOMValue; // Updating the data at the BB. 
} 
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/******************************************************************************** 
* Name: void GM_Calculating_FL_TruthTable() * 
* Description: This function calculates the truth table, and the values  of the different * 
* combinations when we have differnt decisions of the sensors (TT TF etc.) * 
********************************************************************************/ 
void  
GM_Calculating_FL_TruthTable() 
{  
 int i,j,iTempValue; 
 char buffer[100]; 
 int iTempTable[32]; 
 float fTrueValue,fFalseValue; 
 // This loop calculates the cell number in a binary mode 
 for (i=0;i<pow(2,g_NumberOfModules);i++) 
 { 
  _itoa(i,buffer,2); 
  iTempTable[i]=atoi(buffer); 
 }  
  
 // This loop distribute the binary numbers in to single one '0' and '1'. 
 for (i=0;i<pow(2,g_NumberOfModules);i++) 
 { 
  for (j=1;j<(g_NumberOfModules+1);j++) 
  { 
   if((iTempTable[i]%10)==0) 
    iTempValue=0; 
   else 
    iTempValue=1; 
   g_BlackBoard.BB_fTTValue[j][i]=iTempValue; 
   iTempTable[i]=iTempTable[i]/10; 
  }// for (j=1;j<6;j++) 
 }// for (i=0;i<32;i++) 
  
 // Calculating the total values as function of the sensors outputs and the rules. 
 for (i=0;i<pow(2,g_NumberOfModules);i++) 
 { 
  fTrueValue=0; 
  fFalseValue=0; 
  for (j=1;j<=g_NumberOfModules;j++) 
  { 
   if(g_BlackBoard.BB_fTTValue[j][i]==0) 
    fFalseValue=fFalseValue+g_BlackBoard.BB_fFalseAccuracy[j]; 
   else 
    fTrueValue=fTrueValue+g_BlackBoard.BB_fTrueAccuracy[j]; 
  } 
  if (i==0) 
   g_BlackBoard.BB_fTTValue[0][i]=0; 
  else if (i==(pow(2,g_NumberOfModules)-1)) 
   g_BlackBoard.BB_fTTValue[0][i]=1; 
  else //(i>0) 
  { 
   if(fTrueValue<fFalseValue) 
    g_BlackBoard.BB_fTTValue[0][i]=0; 
   else 
    g_BlackBoard.BB_fTTValue[0][i]=1; 
  } 
 }// for (i=0;i<32;i++) 
} 
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/******************************************************************************** 
* Name: void CreateSensorsMaps(int SFS_Level, int RandCounter) * 
* Description: This function creates the sensor maps based on their noise values * 
********************************************************************************/ 
void  
CreateSensorsMaps(int SFS_Level, int RandCounter) 
{ 
 int i,j,iValue,jValue,NumberOfMarkedCells; 
 int iMaskMap[g_cArraySize][2*g_VecSensorSize]; 
 float Value; 
  
 NumberOfMarkedCells=g_NumberOfNoiseCells[SFS_Level]; 
  
 //Initiate the MASK map’s as 'zeros' 
 for (i=0;i<g_cArraySize;i++) 
 { 
  for (j=0;j<2*g_VecSensorSize;j++) 
  { 
    
   iMaskMap[i][j]=0; 
  } 
 } 
  
 // Copy the ‘right’ maps values from the original map 
 for (i=0;i<g_cArraySize;i++) 
 { 
  for (j=0;j<2*g_VecSensorSize;j++) 
 { 
  
 g_BlackBoard.BB_iaSensorArray[i][j][SFS_Level]=g_BlackBoard.BB_iaMapOfTheRealPath[i][j]; 
 g_BlackBoard.BB_iaTemporarySensorArray[i][j]=g_BlackBoard.BB_iaMapOfTheRealPath[i][j];  
 }  
 } 
 unsigned long Res/*,ulCounter*/; 
 uint32 SeedValue; 
  
 for (iValue=0;iValue<g_cArraySize;iValue++) 
 { 
  for (jValue=0;jValue<2*g_VecSensorSize;jValue++) 
  { 
   RandCounter++; 
   SeedValue=((jValue*1U)+(iValue*1U)+(RandCounter*1U)); 
   if ((SeedValue%2)==0) 
    SeedValue=2*SeedValue+1; 
 
   Res=(unsigned long) randomMT(); 
   Res=Res%100; 
   Value=(float)Res; 
   if(Value<((float)NumberOfMarkedCells/100)) 
   { 
    iMaskMap[iValue][jValue]=1; 
    g_BlackBoard.BB_iaSensorArray[iValue][jValue][SFS_Level]= 
 g_BlackBoard.BB_iaSensorArray[iValue][jValue][SFS_Level]^iMaskMap[iValue][jValue]; 
   } 
  } 
 } 
} 
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/******************************************************************************** 
* Name: void InitiateParameters() * 
* Description: This function initiate simulations’ parameters * 
********************************************************************************/ 
void  
InitiateParameters() 
{ 
 int i,j,k,SFS_Level; 
 
 // Initiate simulation data base value array 
 for (i=1;i<=g_NumberOfModules;i++) 
 { 
  for (j=0;j<=4;j++) 
  { 
   for (k=0;k<g_MaxCellSize;k++) 
   { 
    g_BlackBoard.BB_SF[i][j][k]=0; 
   } 
  } 
 } 
  
 for (k=0;k<=g_NumberOfModules;k++) 
 { 
  for (i=0;i<g_cArraySize;i++) 
  { 
   for (j=0;j<2*g_cArraySize;j++) 
   { 
    g_BlackBoard.BB_iaTemporarySensorArray[i][j]=0; 
    g_BlackBoard.BB_iaSensorArray[i][j][k]=0;  
   }  
  } 
 } 
} 
 
/******************************************************************************** 
* Name: void GM_DempsterShaferAlgorithm() * 
* Description: This function fuse the data using the Dempster Shafer method * 
********************************************************************************/ 
void  
GM_DempsterShaferAlgorithm() 
{ 
 int i,j,k,l,iTempValue; 
 float DS_fSum1,DS_fSum2,DS_fPhi,DS_fTrueBel,DS_fTruePls,DS_fFalseBel,DS_fFalsePls; 
 float DS_faMulValues[6][6]; 
 char buffer[10]; 
 int iTempTable[32]; 
  
 // This loop calculates the cell number in a binary mode 
 for (i=0;i<pow(2,g_NumberOfModules);i++){_itoa(i,buffer,2); iTempTable[i]= atoi(buffer);} 
  
 // This loop distribute the binary numbers in to single one '0' and '1'. 
 for (i=0;i<pow(2,g_NumberOfModules);i++) 
 { 
  for (j=1;j<(g_NumberOfModules+1);j++) 
  { 
   if((iTempTable[i]%10)==0) iTempValue=0; 
   else iTempValue=1; 
   g_BlackBoard.BB_fTTValue[j][i]=iTempValue; 
   iTempTable[i]=iTempTable[i]/10; 
  }// for (j=1;j<6;j++) 
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 }// for (i=0;i<32;i++) 
  
 for (l=0;l<pow(2,g_NumberOfModules);l++) 
 { 
  for (k=2;k<=g_NumberOfModules;k++) 
  { 
   DS_fPhi=0; 
   if(k==2) 
   { 
    DS_fSum1=0; 
    DS_fSum2=0; 
    for (i=1;i<=4;i++) 
    { 
     DS_faMulValues[i][0]=g_BlackBoard.BB_faTrueFalse[1][i]; 
     // DS_fSum1=DS_fSum1+DS_faMulValues[i][0]; 
      
     DS_faMulValues[0][i]=g_BlackBoard.BB_faTrueFalse[2][i]; 
     //DS_fSum2=DS_fSum2+DS_faMulValues[0][i]; 
    } 
    //DS_faMulValues[5][0]=1-DS_fSum1; 
     
    if(g_BlackBoard.BB_fTTValue[1][l]==1) 
    { 
     DS_faMulValues[2][0]=0; 
     DS_faMulValues[4][0]=0; 
    } 
    else 
    { 
     DS_faMulValues[1][0]=0; 
     DS_faMulValues[3][0]=0; 
    } 
     
    if(g_BlackBoard.BB_fTTValue[2][l]==1) 
    { 
     DS_faMulValues[0][2]=0; 
     DS_faMulValues[0][4]=0; 
    } 
    else 
    { 
     DS_faMulValues[0][1]=0; 
     DS_faMulValues[0][3]=0; 
    } 
     
    for (j=1;j<=4;j++) 
    { 
     DS_fSum1=DS_fSum1+DS_faMulValues[i][0]; 
     DS_fSum2=DS_fSum2+DS_faMulValues[0][j]; 
    } 
     
    DS_faMulValues[5][0]=1-DS_fSum1; 
    DS_faMulValues[0][5]=1-DS_fSum2; 
     
    for (i=1;i<=5;i++) 
    { 
     for (j=1;j<=5;j++) 
     { 
     DS_faMulValues[i][j]=DS_faMulValues[0][j]*DS_faMulValues[i][0]; 
     } 
    } 
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    //  The DS Algorithm  
     
    // The Phi Parameter 
   DS_fPhi=DS_faMulValues[1][2]+DS_faMulValues[1][3]+DS_faMulValues[2][1]+ 
    DS_faMulValues[2][4]+DS_faMulValues[3][1]+DS_faMulValues[3][4]+ 
     DS_faMulValues[4][2]+DS_faMulValues[4][3]; 
     
    // The TT Parameter 
    DS_faMulValues[1][0]=(DS_faMulValues[1][1]+DS_faMulValues[1][4]+ 
    DS_faMulValues[1][5]+DS_faMulValues[4][1]+DS_faMulValues[5][1])/ 
     (1-DS_fPhi); 
    // The FF Parameter 
    DS_faMulValues[2][0]=(DS_faMulValues[2][2]+DS_faMulValues[2][3]+ 
    DS_faMulValues[3][2]+DS_faMulValues[5][2]+DS_faMulValues[2][5])/ 
     (1-DS_fPhi); 
    // The FF,TF Parameter 
    DS_faMulValues[3][0]=(DS_faMulValues[3][3]+DS_faMulValues[3][5]+ 
     DS_faMulValues[5][3])/(1-DS_fPhi); 
    // The TT,FT Parameter 
    DS_faMulValues[4][0]=(DS_faMulValues[4][4]+DS_faMulValues[4][5]+ 
     DS_faMulValues[5][4])/(1-DS_fPhi); 
    // The Theta Parameter 
    DS_faMulValues[5][0]=DS_faMulValues[5][5]/(1-DS_fPhi); 
   } // if(k==1) 
    
   if(k>2) 
   { 
    DS_fSum1=0; 
    DS_fSum2=0; 
    // Calculating Theta 
    for (i=1;i<=4;i++) 
    { 
     DS_faMulValues[0][i]=g_BlackBoard.BB_faTrueFalse[k][i]; 
     DS_fSum1=DS_fSum1+DS_faMulValues[0][i]; 
    } 
    DS_faMulValues[0][5]=1-DS_fSum1; 
     
    // Copy the new parameters into the array  
    for (i=1;i<=4;i++) 
     DS_faMulValues[0][i]=g_BlackBoard.BB_faTrueFalse[k][i]; 
     
    if(g_BlackBoard.BB_fTTValue[k][l]==1) 
    { 
     DS_faMulValues[0][2]=0; 
     DS_faMulValues[0][4]=0; 
    } 
    else 
    { 
     DS_faMulValues[0][1]=0; 
     DS_faMulValues[0][3]=0; 
    } 
     
    for (j=1;j<=4;j++) 
     DS_fSum2=DS_fSum2+DS_faMulValues[j][0]; 
     
    DS_faMulValues[5][0]=1-DS_fSum2; 
     
    for (i=1;i<=5;i++) 
    { 
     for (j=1;j<=5;j++) 
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     { 
     DS_faMulValues[i][j]=DS_faMulValues[0][j]*DS_faMulValues[i][0]; 
     } 
    } 
     
    //  The DS Algorithm 
     
    // The Phi Parameter 
   DS_fPhi=DS_faMulValues[1][2]+DS_faMulValues[1][3]+DS_faMulValues[2][1]+ 
    DS_faMulValues[2][4]+DS_faMulValues[3][1]+DS_faMulValues[3][4]+ 
     DS_faMulValues[4][2]+DS_faMulValues[4][3]; 
     
    // The TT Parameter 
    DS_faMulValues[1][0]=(DS_faMulValues[1][1]+DS_faMulValues[1][4]+ 
    DS_faMulValues[1][5]+DS_faMulValues[4][1]+DS_faMulValues[5][1])/ 
     (1-DS_fPhi); 
    // The FF Parameter 
    DS_faMulValues[2][0]=(DS_faMulValues[2][2]+DS_faMulValues[2][3]+ 
    DS_faMulValues[3][2]+DS_faMulValues[5][2]+DS_faMulValues[2][5])/ 
     (1-DS_fPhi); 
    // The FF,TF Parameter 
    DS_faMulValues[3][0]=(DS_faMulValues[3][3]+DS_faMulValues[3][5]+ 
     DS_faMulValues[5][3])/(1-DS_fPhi); 
    // The TT,FT Parameter 
    DS_faMulValues[4][0]=(DS_faMulValues[4][4]+DS_faMulValues[4][5]+ 
     DS_faMulValues[5][4])/(1-DS_fPhi); 
    // The Theta Parameter 
    DS_faMulValues[5][0]=DS_faMulValues[5][5]/(1-DS_fPhi); 
    
   } // if((k!=1)&&(k!=g_NumberOfModules)) 
    
   if (k==g_NumberOfModules) 
   { 
    // DS_fTrueBel= TT 
    DS_fTrueBel=DS_faMulValues[1][0]; 
    // DS_fTruePls= 1-FF-(FF,TF) 
    DS_fTruePls=1-DS_faMulValues[2][0]-DS_faMulValues[3][0]; 
    // DS_fFalseBel= FF 
    DS_fFalseBel=DS_faMulValues[2][0]; 
    // DS_fFalsePls= 1-TT-(TT,FT) 
    DS_fFalsePls=1-DS_faMulValues[1][0]-DS_faMulValues[4][0]; 
     
    if ((DS_fTrueBel>DS_fFalseBel)&&(DS_fTruePls>DS_fFalsePls)) 
     g_BlackBoard.BB_fTTValue[0][l]=1; 
    else if ((DS_fTrueBel<=DS_fFalseBel)&&(DS_fTruePls<=DS_fFalsePls)) 
     g_BlackBoard.BB_fTTValue[0][l]=0; 
    else if ((DS_fTrueBel+DS_fTruePls)>(DS_fFalseBel+DS_fFalsePls)) 
     g_BlackBoard.BB_fTTValue[0][l]=1; 
    else //if((DS_fTrueBel+DS_fTruePls)<=(DS_fFalseBel+DS_fFalsePls)) 
     g_BlackBoard.BB_fTTValue[0][l]=0; 
    if (l==0) 
     g_BlackBoard.BB_fTTValue[0][l]=0; 
    else if (l==(pow(2,g_NumberOfModules)-1)) 
     g_BlackBoard.BB_fTTValue[0][l]=1; 
    else //(l>0) 
    { 
     if ((DS_fTrueBel>DS_fFalseBel)&&(DS_fTruePls>DS_fFalsePls)) 
      g_BlackBoard.BB_fTTValue[0][l]=1; 
    else if ((DS_fTrueBel<=DS_fFalseBel)&&(DS_fTruePls<=DS_fFalsePls)) 
      g_BlackBoard.BB_fTTValue[0][l]=0; 
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     else if ((DS_fTrueBel+DS_fTruePls)>(DS_fFalseBel+DS_fFalsePls)) 
      g_BlackBoard.BB_fTTValue[0][l]=1; 
     else //if((DS_fTrueBel+DS_fTruePls)<=(DS_fFalseBel+DS_fFalsePls)) 
      g_BlackBoard.BB_fTTValue[0][l]=0; 
    } 
   } 
    
 } 
} 
 
/******************************************************************************** 
* Name: void CreateMap () * 
* Description: This function generates the original map; half zeros and half ones * 
********************************************************************************/ 
void  
CreateMap () 
{ 
 int i,j; 
 //BB_iaMapOfTheRealPath[g_SensorXLength][2*g_SensorYLength] 
 for( i=0;i<g_cArraySize;i++) 
 { 
  for( j=0;j<2*g_VecSensorSize;j++) 
  { 
   if (j<g_VecSensorSize) 
    g_BlackBoard.BB_iaMapOfTheRealPath[i][j]=0; 
   else 
    g_BlackBoard.BB_iaMapOfTheRealPath[i][j]=1; 
    
  } 
 } 
  
} 
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/** 
** FuzzyLogic_Algorithm.h 
** 
** Copyright 2001 by Ofir Cohen 
** 
** E-mail: oprc@bgumail.bgu.ac.il 
** 
**/ 
 
#ifndef __FuzzyLogic_Algorithm_h__      
#define __FuzzyLogic_Algorithm_h__ 
 
#include <windows.h>  
#include "ConstantGlobalParameters.h" 
 
/*      Trapezoid       */ 
/* 
// - Membership function type 1 - Symmetric Membership functions 
const float cf_TT[]  ={-0.0001,0,0.3,0.45,  0.4,0.45,0.55,0.6,  0.55,0.7,1,1.0001}; 
const float cf_FF[]  ={-0.0001,0,0.3,0.45,  0.4,0.45,0.55,0.6,  0.55,0.7,1,1.0001}; 
const float cf_TF[]  ={-0.0001,0,0.3,0.45,  0.4,0.45,0.55,0.6,  0.55,0.7,1,1.0001}; 
const float cf_FT[]  ={-0.0001,0,0.3,0.45,  0.4,0.45,0.55,0.6,  0.55,0.7,1,1.0001}; 
const float cf_TRUE[] ={-0.0001,0,0.3,0.45,  0.4,0.45,0.55,0.6,  0.55,0.7,1,1.0001}; 
const float cf_FALSE[] ={-0.0001,0,0.3,0.45,  0.4,0.45,0.55,0.6,  0.55,0.7,1,1.0001}; 
*/ 
 
/* 
// - Membership function type 2 - All MFs of TRUE skew to the right (True is more important) 
const float cf_TT[]  ={-0.0001,0,0.3, 0.45,  0.4,0.45,0.55,0.6,   0.55,0.7, 1,   1.0001}; 
const float cf_FF[]  ={-0.0001,0,0.3, 0.45,  0.4,0.45,0.55,0.6,   0.55,0.7, 1,   1.0001}; 
const float cf_TF[]  ={-0.0001,0,0.3, 0.45,  0.4,0.45,0.55,0.6,   0.55,0.7, 1,   1.0001}; 
const float cf_FT[]  ={-0.0001,0,0.3, 0.45,  0.4,0.45,0.55,0.6,   0.55,0.7, 1,   1.0001}; 
const float cf_TRUE[] ={-0.0001,0,0.43,0.58,  0.4,0.51,0.6, 0.66,  0.65,0.75,1,   1.0001}; 
const float cf_FALSE[] ={-0.0001,0,0.23,0.35,  0.3,0.4, 0.5, 0.56,  0.45,0.57,0.9, 1.0001}; 
*/ 
 
/* 
// - Membership function type 3 - All Membership function of TF and FT skew to the left 
const float cf_TT[]  ={-0.0001,0,0.3,0.45,  0.4,0.45,0.55,0.6,  0.55,0.7,1,   1.0001}; 
const float cf_FF[]  ={-0.0001,0,0.3,0.45,  0.4,0.45,0.55,0.6,  0.55,0.7,1,   1.0001}; 
const float cf_TF[]  ={-0.0001,0.1,0.2,0.3, 0.2,0.35,0.5,0.55,  0.45,0.7,0.95,1.0001}; 
const float cf_FT[]  ={-0.0001,0.05,0.3,0.4,  0.3,0.35,0.5,0.6, 0.4, 0.6,0.8, 1.0001}; 
const float cf_TRUE[] ={-0.0001,0,0.3,0.45,  0.4,0.45,0.55,0.6,  0.55,0.7,1,   1.0001}; 
const float cf_FALSE[] ={-0.0001,0,0.3,0.45,  0.4,0.45,0.55,0.6,  0.55,0.7,1,   1.0001}; 
*/ 
/*      Trapezoid       */ 
 
 
/*      Triangle          */ 
/* 
// - Membership function type 1 - Symmetric Membership functions 
const float cf_TT[]  ={-0.0001,0.3,0.3001,0.45,  0.4,0.5,0.50001,0.6,  0.55,0.7,0.7001,1.0001}; 
const float cf_FF[]  ={-0.0001,0.3,0.3001,0.45,  0.4,0.5,0.50001,0.6,  0.55,0.7,0.7001,1.0001}; 
const float cf_TF[]  ={-0.0001,0.3,0.3001,0.45,  0.4,0.5,0.50001,0.6,  0.55,0.7,0.7001,1.0001}; 
const float cf_FT[]  ={-0.0001,0.3,0.3001,0.45,  0.4,0.5,0.50001,0.6,  0.55,0.7,0.7001,1.0001}; 
const float cf_TRUE[] ={-0.0001,0.3,0.3001,0.45,  0.4,0.5,0.50001,0.6,  0.55,0.7,0.7001,1.0001}; 
const float cf_FALSE[] ={-0.0001,0.3,0.3001,0.45,  0.4,0.5,0.50001,0.6,  0.55,0.7,0.7001,1.0001}; 
*/ 
 
// Constant parameters  
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/* 
// - Membership function type 2 - All MFs of TRUE skew to the right (True is more important) 
const float cf_TT[]  ={-0.0001,0.3,0.3001,0.45,  0.4,0.5,0.50001,0.6,  0.55,0.7,0.7001,1.0001}; 
const float cf_FF[]  ={-0.0001,0.3,0.3001,0.45,  0.4,0.5,0.50001,0.6,  0.55,0.7,0.7001,1.0001}; 
const float cf_TF[]  ={-0.0001,0.3,0.3001,0.45,  0.4,0.5,0.50001,0.6,  0.55,0.7,0.7001,1.0001}; 
const float cf_FT[]  ={-0.0001,0.3,0.3001,0.45,  0.4,0.5,0.50001,0.6,  0.55,0.7,0.7001,1.0001}; 
const float cf_TRUE[] ={-0.0001,0.4,0.4001,0.45,  0.45,0.5,0.50001,0.66,  0.65,0.8,0.8001,1.0001}; 
const float cf_FALSE[] ={-0.0001,0.23,0.23001,0.52,  0.3,0.4,0.40001,0.56,  0.4,0.57,0.57001,1.0001}; 
*/ 
 
 
// - Membership function type 3 - All Membership function of TF and FT skew to the left 
const float cf_TT[]  ={-0.0001,0.3,0.3001,0.45,  0.4,0.5,0.50001,0.6,  0.55,0.7,0.7001,1.0001}; 
const float cf_FF[]  ={-0.0001,0.3,0.3001,0.45,  0.4,0.5,0.50001,0.6,  0.55,0.7,0.7001,1.0001}; 
const float cf_TF[]  ={-0.0001,0.25,0.25001,0.35,  0.26,0.38,0.380001,0.5, 0.4,0.75,0.75001,1.0001}; 
const float cf_FT[]  ={-0.0001,0.2,0.2001,0.35,  0.3,0.4,0.40001,0.56, 0.45,0.8,0.8001,1.0001}; 
const float cf_TRUE[] ={-0.0001,0.3,0.3001,0.45,  0.4,0.5,0.50001,0.6,  0.55,0.7,0.7001,1.0001}; 
const float cf_FALSE[] ={-0.0001,0.3,0.3001,0.45,  0.4,0.5,0.50001,0.6,  0.55,0.7,0.7001,1.0001}; 
/*      Triangle          */ 
 
extern int g_SimulationDataBaseCounter; 
extern g_BB g_BlackBoard; 
extern int g_NumberOfNoiseCells[g_NumberOfModules+1]; 
 
class FuzzyLogic 
{ 
private: 
 const float *Data;  // Const Data which contain 12 parameters for each one of the three 
   // Trapezoids "Low","Avarage","High" 
 char* FuzzyName; // The name of the trapezoid we want to reafer to, can be  
   // one of :"Low","Avarage","High" 
 float CrispValue; //The crisp value we get from the program 
 float FuzzyValue; //The fuzzy value we calculate by the 'FL_Crisp2Fuzzy' function 
 float CenterOfMassCrisp; //The COM of the Crisp value which is calculated by the operator '>>' 
 float CenterOfMassFuzzy; 
 float Area; 
 
public: 
 FuzzyLogic (); 
FuzzyLogic &FLInsCrispVal(float); 
 friend FuzzyLogic operator>>(/*const*/ FuzzyLogic&, FuzzyLogic&); 
 friend FuzzyLogic operator+(const FuzzyLogic&,const FuzzyLogic&); 
 friend FuzzyLogic operator*(const FuzzyLogic&,const FuzzyLogic&); 
 FuzzyLogic FL_Crisp2Fuzzy(char*); 
 FuzzyLogic &FLInsFuzzyName(char*); 
 FuzzyLogic (const float *); 
 float FuzzyLogicGetCrispValue(); 
 float FuzzyLogicGetFuzzyValue(); 
 float FuzzyLogicGetCenterOfMassCrisp(); 
 float FuzzyLogicGetAraeValue(); 
 ~FuzzyLogic (); 
}; 
#endif 
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/** 
** FuzzyLogic_Algorithm.cpp 
** 
** Copyright 2001 by Ofir Cohen 
** 
** E-mail: oprc@bgumail.bgu.ac.il 
** 
**/ 
 
#include <windows.h>  
#include <math.h> 
#include <time.h> 
#include <iostream.h> 
#include "ConstantGlobalParameters.h" 
#include "FuzzyLogic_Algorithm.h" 
#include "Functions.h" 
 
 
/******************************************************************************** 
* Name: FuzzyLogic::FuzzyLogic () * 
* Description: Default Constructor with no data * 
********************************************************************************/ 
FuzzyLogic::FuzzyLogic ()  
{ 
 CrispValue=0;   // The Crisp Value default function value 
 Area=0;         // The Area default function value 
 FuzzyValue=0;   //The Fuzzy default function value 
 CenterOfMassCrisp=0; // The Center Of Mass default Crisp value 
 CenterOfMassFuzzy=0; // The Center Of Mass default Fuzzy value 
} 
 
/******************************************************************************** 
* Name: FuzzyLogic::FuzzyLogic (const double *Data1) * 
* Description: Default Constructor for with constant DATA (12 parameters which represent the * 
* 3 trapezoids "Low","Avarage","High", ) * 
********************************************************************************/ 
FuzzyLogic::FuzzyLogic (const double *Data1)  
{ 
 Data=Data1; 
 CrispValue=0;   // The Crisp Value default function value 
 Area=0;         // The Area default function value 
 FuzzyValue=0;   //The Fuzzy default function value 
 CenterOfMassCrisp=0; // The Center Of Mass default Crisp value 
 CenterOfMassFuzzy=0; // The Center Of Mass default Fuzzy value 
} 
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/******************************************************************************** 
* Name: FuzzyLogic FuzzyLogic::FL_Crisp2Fuzzy (char *FuzzyName) * 
* Description: This function: FL_Crisp2Fuzzy calculate the FUZZY value for each crispy value * 
********************************************************************************/ 
FuzzyLogic FuzzyLogic::FL_Crisp2Fuzzy (char *FuzzyName) 
{ 
 this->FuzzyName=FuzzyName; 
 this->FuzzyValue=0; 
 int result,i; 
 float a,b,DegreeOfMembership=0.; 
 int FlagChack=0; 
  
 result = strspn(FuzzyName,"Low"); 
   if (result==3) 
    i=0; 
 result = strspn(FuzzyName,"Avarage"); 
   if (result==7) 
    i=4; 
 result = strspn(FuzzyName,"High"); 
   if (result==4) 
    i=8; 
  if ((this->CrispValue>=this->Data[i]) && (this->CrispValue<=this->Data[i+3])) 
  { 
   if ((this->CrispValue>=this->Data[i]) && (this->CrispValue<=this->Data[i+1])) 
   { 
    a=((float)1./(this->Data[i+1]-this->Data[i])); 
    b=((float)(-1.)*a*this->Data[i]); 
    DegreeOfMembership=((float)a*this->CrispValue+b); 
    if ((this->FuzzyValue<DegreeOfMembership)) 
     this->FuzzyValue=DegreeOfMembership; 
    FlagChack=1; 
   } 
 
   if((this->CrispValue>=this->Data[i+2]) && (this->CrispValue<=this->Data[i+3]))    
   { 
    a=((float)(-1.)/(this->Data[i+3]-this->Data[i+2])); 
    b=((float)(-1.)*a*this->Data[i+3]); 
    DegreeOfMembership=((float)a*this->CrispValue+b); 
    if (this->FuzzyValue<(float)DegreeOfMembership) 
     this->FuzzyValue=(float)DegreeOfMembership; 
    FlagChack=1; 
   } 
   if (FlagChack==0) 
   { 
    DegreeOfMembership=1.;  
    if (this->FuzzyValue<(float)DegreeOfMembership) 
     this->FuzzyValue=(float)DegreeOfMembership; 
   } 
  } 
 return FuzzyLogic(*this); 
} 
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/******************************************************************************** 
* Name: FuzzyLogic operator>>(FuzzyLogic &FL_Source1, FuzzyLogic &FL_Target1) * 
* Description: This Operator: >> Means 'Then' at the IF....THEN fuzzy rules * 
********************************************************************************/ 
FuzzyLogic operator>>(/*const*/ FuzzyLogic &FL_Source1,/*const*/ FuzzyLogic &FL_Target1) 
{ 
 //Beacuse the Data parameters for each object is CONST we need to 'copy' the 
 // object and then work on the new objects 
 FuzzyLogic FL_Source;  
 FuzzyLogic FL_Target; 
 FL_Source=FL_Source1; 
 FL_Target=FL_Target1; 
    FL_Target FuzzyValue=FL_Source1.FuzzyValue; //we need to get the new fuzzy value 
      //after making OR or AND operations 
 
 int result,i; 
 float a,b ; //the parametrs of the linear equation 
 float StamArray[4]; 
 result = strspn(FL_Target FuzzyName,"Low"); 
   if (result==3) 
    i=0; 
 result = strspn(FL_Target FuzzyName,"Avarage"); 
   if (result==7) 
    i=4; 
 result = strspn(FL_Target FuzzyName,"High"); 
   if (result==4) 
    i=8; 
 
if(FL_Target FuzzyValue>0)  
  { 
   a=1/(FL_Target Data[i+1]-FL_Target Data[i]); 
   b=(-1)*a*FL_Target Data[i]; 
   StamArray[1]=(FL_Target FuzzyValue-b)/a; 
 
   a=(-1)/(FL_Target Data[i+3]-FL_Target Data[i+2]); 
   b=(-1)*a*FL_Target Data[i+3]; 
   StamArray[2]=(FL_Target FuzzyValue-b)/a; 
  
   StamArray[0]=FL_Target Data[i]; 
   StamArray[3]=FL_Target Data[i+3]; 
 
FL_Target Area=0.5*(FL_Target FuzzyValue)*(StamArray[3]+StamArray[2]-StamArray[1]-StamArray[0]); 
FL_Target CenterOfMassCrisp=(0.5*(StamArray[2]+StamArray[1])*(StamArray[2]-StamArray[1])* 
FL_Target FuzzyValue+0.5*((2./3.)*StamArray[2]+(1./3.)*StamArray[3])*(StamArray[3]-StamArray[2])* 
FL_Target FuzzyValue+0.5*((2./3.)*StamArray[1]+(1./3.)*StamArray[0])* 
(StamArray[1]-StamArray[0])*FL_Target FuzzyValue)/FL_Target Area; 
   } 
   else 
   { 
    FL_Target CenterOfMassCrisp=0; 
    FL_Target Area=0; 
   } 
 
 FL_Target1.FuzzyValue=FL_Target FuzzyValue; 
 FL_Target1.CenterOfMassCrisp=FL_Target CenterOfMassCrisp; 
 FL_Target1.Area=FL_Target Area; 
   //FL_Target1=FL_Target; 
 return FuzzyLogic(FL_Target1); 
} 
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/******************************************************************************** 
* Name: FuzzyLogic operator+(const FuzzyLogic &FL1,const FuzzyLogic &FL2) * 
* Description: This Operator: + Means 'OR' at the IF....THEN fuzzy rules * 
********************************************************************************/ 
FuzzyLogic operator+(const FuzzyLogic &FL1,const FuzzyLogic &FL2){ 
 FuzzyLogic FL_Stam; 
 if (FL1.FuzzyValue > FL2.FuzzyValue) 
 { 
  //FL_Stam.FuzzyValue=FL1.FuzzyValue; 
  FL_Stam=FL1; 
 } 
 else 
 { 
  //FL_Stam.FuzzyValue=FL2.FuzzyValue; 
  FL_Stam=FL2; 
 } 
 return FuzzyLogic(FL_Stam);} 
 
/******************************************************************************** 
* Name: FuzzyLogic operator*(const FuzzyLogic &FL1,const FuzzyLogic &FL2) * 
* Description: This Operator: * Means 'AND' at the IF....THEN fuzzy rules * 
********************************************************************************/ 
FuzzyLogic operator*(const FuzzyLogic &FL1,const FuzzyLogic &FL2){ 
 FuzzyLogic FL_Stam; 
 if (FL1.FuzzyValue < FL2.FuzzyValue) 
 { 
  FL_Stam=FL1; 
 } 
 else 
 { 
  FL_Stam=FL2; 
 } 
 return FuzzyLogic(FL_Stam);} 
 
/******************************************************************************** 
* Name: FuzzyLogic::FuzzyLogicGetCenterOfMassCrisp() * 
* Description: This function: FuzzyLogicGetCenterOfMassCrisp returns the crisp value of the  * 
* COM after running the rules * 
********************************************************************************/ 
float FuzzyLogic::FuzzyLogicGetCenterOfMassCrisp(){ 
 return (this->CenterOfMassCrisp);} 
 
/******************************************************************************** 
* Name: FuzzyLogic::FuzzyLogicGetFuzzyValue() * 
* Description: This function: FuzzyLogicGetFuzzyValue prints out the fuzzy value of the object * 
********************************************************************************/ 
float FuzzyLogic::FuzzyLogicGetFuzzyValue(){ 
 return (this->FuzzyValue);} 
 
/******************************************************************************** 
* Name: FuzzyLogic::FuzzyLogicGetAraeValue() * 
* Description: This function: FuzzyLogicGetAraeValue return the area of the object * 
********************************************************************************/ 
float FuzzyLogic::FuzzyLogicGetAraeValue(){ 
 return (this->Area);} 
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/******************************************************************************** 
* Name: FuzzyLogic::FuzzyLogicGetCrispValue() * 
* Description: This function: FuzzyLogicGetCrispValue prints out the crisp value of the object * 
********************************************************************************/ 
float FuzzyLogic::FuzzyLogicGetCrispValue(){ 
 return (this->CrispValue);} 
 
/******************************************************************************** 
* Name: &FuzzyLogic::FLInsFuzzyName(char* FuzzyName) * 
* Description: This function: FLInsFuzzyName enters new Fuzzy name for the object * 
********************************************************************************/ 
FuzzyLogic &FuzzyLogic::FLInsFuzzyName(char* FuzzyName){ 
 this->FuzzyName=FuzzyName; 
 return (*this);} 
 
/******************************************************************************** 
* Name: &FuzzyLogic::FLInsCrispVal(float CValue) * 
* Description: This function: FLInsFuzzyName enters new Crisp value for the object * 
********************************************************************************/ 
FuzzyLogic &FuzzyLogic::FLInsCrispVal(float CValue){ 
 this->CrispValue=CValue; 
 return (*this); 
} 
 
/******************************************************************************** 
* Name: FuzzyLogic::~FuzzyLogic() * 
* Description: Default Destructor with no data * 
********************************************************************************/ 
FuzzyLogic::~FuzzyLogic() { 
 PostQuitMessage(0);} 
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Appendix XI UM matrix area calculation 

The aim of this appendix is to present the area calculations of all the algorithms detailed in 
chapter  7. 
 
 

Logical algorithms – area calculation 
 

Left half Right half 
 

Noise OR MOST AND  Noise OR MOST AND 
10 % 2372.246 2356.117 16.129  70 % 2430.086 2409.048 21.039 
30 % 1648.482 1057.793 590.690  90 % 2570.421 2329.249 241.172 

Difference 2372.246 2356.117 16.129  Difference 2430.086 2409.048 21.039 
 
 

Right half: Quarters I and III 
  Quarter - I    Quarter - III  

Alg Code Area 10 % Area 30 % Difference  Area 10 % Area 30 % Difference 
1010 2572.664 2327.005 245.659  1495.894 938.258 557.636 
1011 2568.060 2329.564 238.495  1488.344 931.879 556.466 
1012 2501.513 2260.260 241.253  1435.344 675.018 760.327 
1020 2572.664 2327.005 245.659  1241.725 847.422 394.303 
1021 2568.060 2329.564 238.495  1293.889 977.460 316.429 
1022 2492.277 2250.757 241.520  1206.315 719.629 486.687 
1030 2509.902 2260.894 249.008  1274.329 857.786 416.544 
1031 2568.060 2329.564 238.495  1488.344 931.879 556.466 
1032 2450.375 2208.000 242.375  1206.315 719.629 486.687 
2010 2504.956 2258.221 246.736  1304.434 826.020 478.414 
2011 2492.846 2248.151 244.694  1265.089 884.908 380.182 
2012 2421.670 2192.798 228.872  1133.808 679.349 454.458 
2020 2496.047 2249.793 246.254  1285.311 801.679 483.632 
2021 2522.894 2287.740 235.154  1361.589 883.782 477.806 
2022 2417.538 2190.339 227.199  1126.877 672.484 454.393 
2030 2507.427 2260.230 247.197  1316.005 845.462 470.543 
2031 2519.282 2275.621 243.661  1372.511 860.627 511.884 
2032 2421.670 2192.798 228.872  1133.808 679.349 454.458 
ADS 2422.103 2180.960 241.143  1211.321 739.495 471.826 
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Left half: Quarters II and IV 
  Quarter - II    Quarter - VI  

Alg Code Area 70 % Area 90 % Difference  Area 70 % Area 90 % Difference 
1010 1628.932 1067.387 561.545  509.5774 750.6433 -241.06598 
1011 1652.046 1051.006 601.040  514.8797 747.8987 -233.01894 
1012 1348.458 952.028 396.431  581.3588 826.651 -245.29225 
1020 1628.932 1067.387 561.545  599.8926 842.6696 -242.77702 
1021 1652.046 1051.006 601.040  571.7207 808.6124 -236.89173 
1022 1337.535 879.614 457.921  646.9406 895.5472 -248.60657 
1030 1393.758 919.120 474.638  579.9523 820.1537 -240.20138 
1031 1652.046 1051.006 601.040  514.8797 747.8987 -233.01894 
1032 1287.869 772.890 514.979  646.9406 895.5472 -248.60657 
2010 1439.939 913.495 526.444  573.8983 818.5323 -244.63396 
2011 1328.876 905.071 423.806  604.5638 845.5299 -240.96607 
2012 1316.489 832.961 483.528  631.2073 864.4377 -233.2304 
2020 1421.179 900.463 520.715  581.5451 826.2737 -244.72859 
2021 1495.079 954.822 540.257  550.3315 787.4693 -237.13785 
2022 1327.200 846.423 480.777  630.0762 860.2055 -230.12935 
2030 1431.962 908.123 523.839  578.9679 822.9342 -243.96633 
2031 1458.044 921.681 536.363  577.2507 818.3792 -241.12849 
2032 1316.489 832.961 483.528  631.2073 864.4377 -233.2304 
ADS 1280.171 803.733 476.438  629.1335 871.5551 -242.4216 

 
Distance between two parallel quarters I & II and III & IV 

 
Alg code I vs II III vs IV 

1010 698.073 428.680 
1011 677.519 416.999 
1012 911.802 93.659 
1020 698.073 247.530 
1021 677.519 405.739 
1022 913.222 72.688 
1030 867.136 277.833 
1031 677.519 416.999 
1032 920.131 72.688 
2010 818.282 252.122 
2011 919.275 280.344 
2012 876.308 48.142 
2020 828.614 220.134 
2021 792.661 333.451 
2022 863.138 42.408 
2030 828.268 266.494 
2031 817.576 283.376 
2032 876.308 48.142 
ADS 900.789 110.362 
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Appendix XII UM calculation for the OR and AND algorithms 

This appendix presents the UM value of the OR and AND algorithms converging into an 
identical value after many iterations. In a single run there might be a difference. However, for 
analysis, the full range between 0 and 1 must be included and therefore there are many steps. 
Results of all steps should be summed in order to present the actual value. Therefore a single 
result is not sufficient for analysis. 
 
General  
In this appendix, two case studies are presented. For both cases: 

- Five logical sensors are fused using the OR and AND fusion method, 
- One of the sensors has 10% noise and four sensors have 20% noise (Table 
42), 
- The original map is a two dimensional matrix 4x4 where half of the cells are 
‘0’ (Empty) and half ‘1’ (Occupy) (Figure 60). 

The difference between the two case studies is that in the first case study, the UM values are 
calculated after randomly sampling one map for each sensor. In the second case study the 
united measure values are calculated and summed after sampling ten random maps for each of 
the sensors. 
 

Table 42 Noise values for five logical sensors 
 Sensor 1 Sensor 2 Sensor 3 Sensor 4 Sensor 5 

Noise % 10 20 20 20 20 
 

0 0 1 1 
0 0 1 1 
0 0 1 1 
0 0 1 1 

Figure 60 Original map 
Case study – one sample 
For this case study, the five maps that were generated are presented in Figure 61, the OR and 
AND fused maps are in Figure 62. 
 

0 0 1 1 
1 0 1 1 
0 0 1 1 
0 0 1 1  

0 0 1 1 
1 0 1 0 
0 1 1 0 
0 1 0 1  

0 0 1 1 
0 0 1 1 
0 0 0 1 
0 0 1 1  

0 1 0 1 
0 1 1 1 
0 0 1 1 
0 0 1 1  

0 0 1 1 
0 0 1 1 
0 0 1 1 
0 0 1 1  

Sensor 1 Sensor 2 Sensor 3 Sensor 4 Sensor 5 
Figure 61 Five logical sensors maps 

 
0 1 1 1 
1 1 1 1 
0 1 1 1 
0 1 1 1  

0 0 0 1 
0 0 1 0 
0 0 0 0 
0 0 0 1  

OR generated map AND generated map 
Figure 62 OR and AND generated maps 

 
The calculated united measure values for the OR and AND algorithms for this case study are:  
AND = 0.5385 
OR = 0.6923 
 
In this case study, the difference between the two measures is 22.21%. 
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Case study – ten samples 
In this case study, the five logical sensor maps are generated 10 times. In each study, the 
united measures are calculated for the OR and AND algorithms and summed.  
The summation of the calculated united measure values show that the difference between the 
two measures is 0.84% (Table 43)67. 
 
 

Table 43 Ten united summed measure values for the OR and AND algorithms 
Case OR AND 

1 0.75 0.5833 
2 0.7273 0.6667 
3 0.5833 0.75 
4 0.5333 0.5333 
5 0.5714 0.7273 
6 0.5385 0.8182 
7 0.6667 0.6154 
8 0.75 0.5385 
9 0.5385 0.6923 

10 0.75 0.5385 
Sum 6.409 6.4635 

 
 
Conclusion 
When running 100 times the two united measure values converged into one value (as detailed 
in section  7.4.2.1, Table 14). This implies there is no difference between the algorithms 
despite the fact that the individual performances are different. 
 
 

                                                           
67 100
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Appendix XIII Statistical evaluation method for evaluating six sensor fusion 
mapping algorithms 

 
 
General 
In this dissertation the AFL algorithm was selected using the transition matrix evaluation 
methodology (chapter  7). In this appendix, we wish to support this decision using statistical 
analysis procedures and to demonstrate that the evaluation and the TM methods provide 
similar assessments of the algorithms performances. 
 
In chapter  7, twenty one algorithms (3 logical and 18 AFL) were evaluated. The difference 
between some of the AFL algorithms was not always significant. Therefore, we divided the 
AFL algorithms into two groups – low performance, and high performance algorithms. In this 
appendix we present a statistical analysis of 3 AFL algorithms and 3 logical algorithms. The 3 
AFL algorithms were selected randomly as follows: 1 from the low performing group and 2 
from the high performing group. 
 
Sensor fusion algorithms 
Six sensor fusion algorithms were implemented (i.e., OR, MOST, AND, and 3 AFL 
algorithms 1010, 1022 and 2030)68. 
 
Transition matrix method 
Based on the TM method (Table 16, chapter  7), the 1010 algorithm was found to be the best. 
The 2030 algorithm also performs well, however, in some cases it is lower in performance 
than 1010. The 1022 has low performance compared to both 1010 and 2030. 
 
Statistical analysis 
The algorithms were evaluated based on the experimental data presented in section  8.3.2.  
i. The very small p-values in Table 44 imply a statistical difference between algorithms 
for all four performance measures (p-value < 0.0037).  
ii. Multiple comparisons indicate that the 1010 and 2030 methods gave the best results 
(Table 46). 
iii. Final comparison between the two best performing algorithms (1010 vs. 2030) was 
conducted using the sign test (Table 45). The 1010 algorithm was better than the 2030 
algorithm in 17 out of the 28 cases examined (seven experiments x four performance 
measures). The significance level corresponding to 17 cases out of 28 is equal to 0.12841 
[Hollander and Wolfe, 1973], implying that the 1010 algorithm is better. However, this 
result is not statistically significant. 
 
Conclusion  
The 1010 algorithm was the best AFL algorithm in both the TM and statistical analysis. 
However, the difference between this algorithm and other algorithms that performed well was 
not significant in both analysis.  
 
 

                                                           
68 AFL characteristics and codes are detailed in Table 7 - Table 10. 
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Table 44 Friedman test results – six sensor fusion algorithms 

Experiment Sensor fusion 
performance 

measures 

p-value  Experiment Sensor fusion 
performance 

measures 

p-value 

OO 0.0002 OO 0.0002 
EE 0.0034 EE 0.0003 
OE 0.0003 OE 0.0003 I. 

EO 0.0005 

V. 

EO 0.0002 
OO 0.0009 OO 0.0001 
EE 0.0002 EE 0.0001 
OE 0.0002 OE 0.0001 II. 

EO 0.0003 

VI. 

EO 0.0002 
OO 0.0023 OO 0.0010 
EE 0.0037 EE 0.0004 
OE 0.0009 OE 0.0003 III. 

EO 0.0008 

VII. 

EO 0.0016 
OO 0.0003 
EE 0.0003 
OE 0.0002 IV. 

EO 0.0003 

 

 
Table 45 Sign test results for six sensor fusion algorithms 

Performance measures 
OO EE OE EO 

Experiment 
Environmental 

conditions 1010 2030 1010 2030 1010 2030 1010 2030 
1 0 5 1 4 1 4 0 5 
2 1 4 5 0 5 0 1 4 
3 0 5 4 1 3 2 0 5 
4 0 5 5 0 5 0 0 5 
5 5 0 5 0 5 0 5 0 
6 5 0 5 0 5 0 0 5 
7 3 2 5 0 5 0 5 0 

Total 3 4 6 1 6 1 2 5 
Note: The values in the table indicate the number of times each algorithm outperforms the opponent. 
The parameters OE and EO determine how many times the algorithms made correct decisions (and 
therefore a larger value is preferable). 
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Table 46 Sign test results for six sensor fusion algorithms (α=0.047) 
Based on table A.17 [Hollander and Wolfe, 1973], for R=5 repetitions and k=6 algorithms 
and α equals to 0.047. The total difference required between two algorithms should be at least 
17. 

Multiple comparison results for mobile robot experiment – Experiment I 
(Note: for OE and EO a smaller value is preferable) 

OO measure for experiment I  EE measure for experiment I 
Algorithm Sum of 

ranks 
Sub groups  Algorithm Sum of 

ranks 
Sub groups 

2030 28 A    2030 27 A   
1022 27 A B   1010 24 A B  
1010 20 A B C  1022 18 A B C 
OR 15 A B C  MOST 18 A B C 

MOST 10  B C  AND 13 A B C 
AND 5   C  OR 5   C 

 
OE measure for experiment I  EO measure for experiment I 

Algorithm Sum of 
ranks 

Sub groups  Algorithm Sum of 
ranks 

Sub groups 

OR 30 A    AND 30 A   
1010 21 A B   MOST 25 A B  
1022 17 A B   1010 20 A B  
2030 15 A B   1022 11  B  

MOST 14 A B   OR 10  B  
AND 8  B   2030 9  B  

 
Multiple comparison results for mobile robot experiment – Experiment II 

(Note: for OE and EO a smaller value is preferable) 
OO for experiment II  EE for experiment II 

Algorithm Sum of 
ranks 

Sub 
groups 

 Algorithm Sum of 
ranks 

Sub 
groups 

2030 28 A    1010 30 A   
1022 22 A B   MOST 25 A B  
OR 22 A B   AND 20 A B C 

1010 18 A B   2030 14 A B C 
MOST 10  B   1022 11  B C 
AND 5  B   OR 5   C 

 
OE for experiment II  EO for experiment II 

Algorithm Sum of 
ranks 

Sub 
groups 

 Algorithm Sum of 
ranks 

Sub 
groups 

OR 30 A    AND 30 A   
1022 24 A B   MOST 25 A B  
2030 21 A B C  1010 18 A B C 

MOST 13 A B C  1022 15 A B C 
1010 11  B C  2030 12  B C 
AND 6   C  OR 5   C 
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Multiple comparison results for mobile robot experiment – Experiment III 
(Note: for OE and EO a smaller value is preferable) 

OO for experiment III  EE for experiment III 
Algorithm Sum of 

ranks 
Sub 

groups 
 Algorithm Sum of 

ranks 
Sub 

groups 
2030 28 A    1010 25 A   
1022 23 A    MOST 25 A   
OR 20 A B   2030 21 A B  

1010 16 A B   AND 16 A B  
MOST 13 A B   1022 13 A B  
AND 5  B   OR 5  B  

 
OE for experiment III  EO for experiment III 

Algorithm Sum of 
ranks 

Sub 
groups 

 Algorithm Sum of 
ranks 

Sub 
groups 

OR 30 A    AND 30 A   
1022 24 A B   MOST 22 A B  

MOST 18 A B C  1010 21 A B  
2030 15 A B C  1022 15 A B  
1010 12  B C  2030 11  B  
AND 6   C  OR 6  B  

 
Multiple comparison results for mobile robot experiment – Experiment IV 

(Note: for OE and EO a smaller value is preferable) 
OO for experiment IV  EE for experiment IV 

Algorithm Sum of 
ranks 

Sub 
groups 

 Algorithm Sum of 
ranks 

Sub 
groups 

1022 28 A    1010 28 A   
2030 26 A    MOST 27 A   
OR 21 A B   AND 20 A B  

1010 14 A B   2030 13 A B  
MOST 11 A B   1022 12 A B  
AND 5  B   OR 5  B  

 
OE for experiment IV  EO for experiment IV 

Algorithm Sum of 
ranks 

Sub 
groups 

 Algorithm Sum of 
ranks 

Sub 
groups 

OR 30 A    AND 30 A   
1022 23 A B   MOST 24 A B  
2030 22 A B C  1010 21 A B C 
1010 15 A B C  2030 14 A B C 

MOST 10  B C  1022 10  B C 
AND 5   C  OR 6   C 
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Multiple comparison results for mobile robot experiment – Experiment V 
(Note: for OE and EO a smaller value is preferable) 

OO for experiment V  EE for experiment V 
Algorithm Sum of 

ranks 
Sub 

groups 
 Algorithm Sum of 

ranks 
Sub 

groups 
MOST 29 A    MOST 28 A   
1010 26 A B   1010 27 A   
1022 18 A B C  AND 19 A B  
2030 17 A B C  1022 14 A B  
OR 10  B C  2030 12 A B  

AND 5   C  OR 5  B  
 

OE for experiment V  EO for experiment V 
Algorithm Sum of 

ranks 
Sub 

groups 
 Algorithm Sum of 

ranks 
Sub 

groups 
OR 30 A    AND 30 A   

2030 23 A    2030 24 A B  
1022 22 A B   1022 21 A B C 

MOST 14 A B   1010 14 A B C 
1010 8  B   MOST 10  B C 
AND 8  B   OR 6   C 

 
Multiple comparison results for mobile robot experiment – Experiment VI 

(Note: for OE and EO a smaller value is preferable) 
OO for experiment VI  EE for experiment VI 

Algorithm Sum of 
ranks 

Sub 
groups 

 Algorithm Sum of 
ranks 

Sub 
groups 

1010 30 A    MOST 30 A   
2030 25 A B   AND 25 A B  
1022 20 A B C  1010 20 A B C 
OR 15 A B C  2030 15 A B C 

MOST 10  B C  1022 10  B C 
AND 5   C  OR 5   C 

 
OE for experiment VI  EO for experiment VI 

Algorithm Sum of 
ranks 

Sub 
groups 

 Algorithm Sum of 
ranks 

Sub 
groups 

OR 30 A    AND 30 A   
1022 25 A B   MOST 25 A B  
2030 20 A B C  1010 20 A B C 
1010 15 A B C  2030 13 A B C 

MOST 10  B C  1022 11  B C 
AND 5   C  OR 6   C 
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Multiple comparison results for mobile robot experiment – Experiment VII 
(Note: for OE and EO a smaller value is preferable) 

OO for experiment VII  EE for experiment VII 
Algorithm Sum of 

ranks 
Sub 

groups 
 Algorithm Sum of 

ranks 
Sub 

groups 
MOST 26 A    1010 30 A   
1010 24 A    MOST 24 A B  
2030 23 A    2030 18 A B C 
1022 17 A B   AND 17 A B C 
OR 10 A B   1022 11  B C 

AND 5  B   OR 5   C 
 

OE for experiment VII  EO for experiment VII 
Algorithm Sum of 

ranks 
Sub 

groups 
 Algorithm Sum of 

ranks 
Sub 

groups 
OR 30 A    AND 30 A   

1022 24 A B   2030 22 A B  
2030 20 A B   1022 18 A B  

MOST 16 A B   MOST 17 A B  
AND 8  B   1010 12  B  
1010 7  B   OR 6  B  
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Appendix XIV Influence of the initial performance measures on the ADS and 
AFL algorithms performances for representative cases 

General 
The influence of the initial performance measure values and environmental conditions on the 
performance of the two adaptive sensor fusion algorithms was evaluated both qualitatively and 
quantitatively. Qualitative analysis was performed for several initial performance measures 
selected to represent different case studies. This preliminary analysis reveals the influence of 
the initial performance measures on algorithm performance. To quantify the effect, statistical 
measures were derived using convergence analysis for a wide range of randomly selected 
initial performance measure values. 
 
The different methods were used to analyze and evaluate the influence of the initial 
performance measure values and environmental conditions on the two adaptive sensor fusion 
algorithms:  
• Qualitative 

- Map representation 
- Convergence analysis 

• Quantitative 
- Statistical analysis procedure. 

The map representation method presents the limitations of the two adaptive algorithm by 
visually displaying sensory case studies. The graph convergence method plots the average 
performance measures value vs. the sampling cycle for different initial performance measure 
values. The statistical analysis procedure calculates the confidence interval on the mean of the 
two adaptive algorithms (i.e., AFL and ADS), for the inconsistency in the map generated. 
 
Map representation 
An off-line simulation generated the fused maps based on the mobile robot’s recorded data for 
the ADS and AFL algorithms for different initial performance measures. Some cases of 
different initial conditions are presented in Table 47. Table 47(a)-(e) presents cases where the 
OLGMOGBM

0(i) and ELGMEGBM
0(i) have initial performance measures less than 0.6 and Table 

47(f)-(g) present cases where all logical sensors have identical initial performance measures 
values. The behaviors of the ADS and AFL algorithms are shown in Table 47 and summarized 
below. 
i. The AFL algorithm did not diverge even in cases when 

the initial performance measures were below 0.6, e.g., 
Table 47(a)-(e), 

ii. When all logical sensors had identical performance 
measures, the AFL algorithm located the obstacles 
correctly but presented them thinner than their actual 
size (e.g., Table 47(g)). 

iii. The ADS algorithm is sensitive to the initial 
performance measure values and environmental 
conditions resulting in several wrong mappings: 

• Reverse: the algorithm presents the obstacles as reverse (there are empty 
holes instead of rounded obstacles), e.g., Table 47(a) and (b). 

• Missed: the algorithm missed the obstacles but identified the decoys, e.g., 
Table 47(d) and (e), 

• Thickness: the algorithm placed the obstacles in wrong locations, and made 
them thicker, e.g., Table 47(f), 
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• Ignorance: the algorithm did not identify the obstacles, e.g., Table 47(c) 
and (g). 

 
Table 48 and Table 49 present the algorithms’ behavior from another point of view. In Table 
48, the initial performance measures are equal and identical (i.e., 0.5 for all measures). Five 
repetitions of the third experiment are presented. The ADS algorithm generated different maps 
for each repetition, where in the AFL algorithm all generated maps were identical. 
 
Table 49 presents case studies of seven maps generated with seven different random initial 
performance measures (where the OLGMOGBM

0(i) and ELGMEGBM
0(i) values are between 0.6-1).  

The ADS algorithm generated in one case a ‘good’ map (Rand 1); in another case a ‘bad’ map 
(Rand 7); and in the other five cases, five identical ‘bad’ maps (Rand 2-6). For the AFL, all 
the seven maps were identical and similar to the original map. 
 

Table 47 Selected examples for the AFL and ADS algorithms 
with different initial performance measure 

  Initial performance measure values Generated map 
Experiment Repetition LS69 OLGMOGBM

0(i) ELGMEGBM
0(i) OLGMEGBM

0(i) ELGMOGBM
0(i) AFL algorithm ADS algorithm 

1 0.8 0.2 0.8 0.2 

2 0.7 0.2 0.8 0.3 

3 0 0.2 0.8 1 

4 0 0.3 0.7 1 

III. 1 

5 0 0.1 0.9 1   
(a) 

 
  Initial performance measure values Generated map 

Experiment Repetition LS OLGMOGBM
0(i) ELGMEGBM

0(i) OLGMEGBM
0(i) ELGMOGBM

0(i) AFL algorithm ADS algorithm 

1 0.6 0.2 0.8 0.4 

2 0.1 0.2 0.8 0.9 

3 0 0.2 0.8 1 

4 0.2 0.3 0.7 0.8 

III. 1 

5 0 0.1 0.9 1   
(b) 

 
  Initial performance measure values Generated map 

Experiment Repetition LS OLGMOGBM
0(i) ELGMEGBM

0(i) OLGMEGBM
0(i) ELGMOGBM

0(i) AFL algorithm ADS algorithm 

1 0 0.2 0.8 1 

2 0 0.2 0.8 1 

3 0 0.2 0.8 1 

4 0 0.3 0.7 1 

III. 1 

5 0 0.1 0.9 1   

                                                           
69 LS – Logical Sensor. 
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(c) 
 
 

  Initial performance measure values Generated map 
Experiment Repetition LS OLGMOGBM

0(i) ELGMEGBM
0(i) OLGMEGBM

0(i) ELGMOGBM
0(i) AFL algorithm ADS algorithm 

1 0.3 0.2 0.8 0.7 

2 0 0.2 0.8 1 

3 0 0.9 0.1 1 

4 1 0.3 0.7 0 

III. 1 

5 1 0.1 0.9 1   
(d) 

 
  Initial performance measure values Generated map 

Experiment Repetition LS OLGMOGBM
0(i) ELGMEGBM

0(i) OLGMEGBM
0(i) ELGMOGBM

0(i) AFL algorithm ADS algorithm 

1 0.3 0.2 0.8 0.7 

2 0 0.2 0.8 1 

3 0 0.9 0.1 1 

4 1 0.1 0.9 1 

III. 1 

5 1 0.3 0.7 0   
(e) 

 
  Initial performance measure values Generated map 

Experiment Repetition LS OLGMOGBM
0(i) ELGMEGBM

0(i) OLGMEGBM
0(i) ELGMOGBM

0(i) AFL algorithm ADS algorithm 

1 0.6 0.9 0.1 0.4 

2 0.6 0.9 0.1 0.4 

3 0.6 0.9 0.1 0.4 

4 0.6 0.9 0.1 0.4 

III. 1 

5 0.6 0.9 0.1 0.4   
(f) 

 
  Initial performance measure values Generated map 

Experiment Repetition LS OLGMOGBM
0(i) ELGMEGBM

0(i) OLGMEGBM
0(i) ELGMOGBM

0(i) AFL algorithm ADS algorithm 

1 1 1 0 0 

2 1 1 0 0 

3 1 1 0 0 

4 1 1 0 0 

III. 1 

5 1 1 0 0   
(g) 
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Table 48 Experiment III repetitions 1 to 5 
All initial performance measures for five logical sensors are equal to 0.5 

     
1st Repetition 2nd Repetition 3rd Repetition 4th Repetition 5th Repetition 

ADS algorithm generated maps 
 

     
1st Repetition 2nd Repetition 3rd Repetition 4th Repetition 5th Repetition 

AFL algorithm generated maps 
 

Table 49 Experiment III second repetition 
All initial performance measures for five logical sensors have random value. 

   
Rand 1 Rand 2 Rand 3 Rand 4 Rand 5 Rand 6 Rand 7 

ADS algorithm generated maps 
 

   
Rand 1 Rand 2 Rand 3 Rand 4 Rand 5 Rand 6 Rand 7 

AFL algorithm generated maps 
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Graph convergence 
The influence of the initial performance measures on the algorithm performances is presented 
using the graph convergence method. An average value70 for each performance measure 
( 2,1 −− tt

ip ) is plotted vs. the sampling cycle for different initial performance values. For each 
repetition, 30 different random initial conditions were generated (Appendix XV). The two 
sensor fusion algorithms started with identical performance measures in each repetition. A 
total number of 1050 different initial conditions were generated, where each logical sensor 
was initialized with different performance measures (7 experiments x 5 repetitions x 30 
random initial conditions). To avoid a-priori assumptions on the logical sensors performances, 
all the sensors were considered as reliable. Thus the initial performance measures values for 
the OLGMOGBM

0(i) and ELGMEGBM
0(i) measures were selected above 0.6. 

 
In Figure 63 - Figure 66 a case study of the same experiment and repetition for different initial 
performance measures values is presented. For the ADS algorithm the first logical sensor 
converged into four values (Figure 63) whereas the second logical sensor converged into one 
value (Figure 65). For the AFL algorithm, both logical sensors converged into one value 
within 5-10 cycles (Figure 64 and Figure 66).  
The aforementioned behaviors for the ADS and AFL algorithms are presented in detail in 
Appendix XVI and Appendix XVII using three types of graphs: 
i. Five different repetitions of one logical sensor in one experiment  
Evaluation of the second logical sensor under different repetitions for experiment number I is 
presented in Figure 67, Appendix XVI, for the ADS algorithm and in Figure 70, Appendix 
XVII, for the AFL algorithm. Results imply that the ADS algorithm converged into different 
values whereas the AFL is stable and converged into one value only. 
ii. Five different logical sensors of one repetition in one experiment 
Evaluation of five logical sensors under the second repetition for experiment number I is 
presented in Figure 68, Appendix XVI, for the ADS algorithm and in Figure 71, Appendix 
XVII, for the AFL algorithm. Results imply that for the ADS algorithm three logical sensors 
out of five did not converge into one constant value whereas for the AFL algorithm all logical 
sensors converged into one value. 
iii. Seven different experiments for one logical sensor one repetition 
iv. Evaluation of the second logical sensor under different environmental 

conditions (i.e., different experiments) is presented in Figure 69, Appendix XVI, 
for the ADS algorithm and in Figure 72, Appendix XVII, for the AFL algorithm. 
Results imply that the ADS algorithm converged into different values whereas 
the AFL is stable and converged into one value. 

 

                                                           
70 Average value = 0.5*(old value + new value). 
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Figure 63 ADS - Experiment number I, second repetition, first logical sensor 
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Figure 64 AFL - Experiment number I, second repetition, first logical sensor 
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Figure 65 ADS - Experiment number I, second repetition, second logical sensor 
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Figure 66 AFL - Experiment number I, second repetition, second logical sensor 
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Statistical analysis procedure 
Based on the recorded data collected during the mobile robot experiment, an off-line 
simulation generated fused maps for the two adaptive sensor fusion algorithms under different 
initial performance measure values. The following procedure was employed: 

i. For each algorithm in each repetition, the 30 generated maps were 
compared, one with each other for each pixel (i.e., 4800 pixels). 
The number of pixels that were different were counted as 
‘inconsistent cells’ (Table 51), 

ii. The average value was calculated between the 30 performance 
measures for each repetition. The percentage of inconsistent cells is 
presented in Table 51. 

 
The statistical procedure tests whether for an α level of 0.05, the mean value of the 
inconsistent cells contains the zero value. If it contains the zero value, there is no difference in 
the algorithm performances for different initial performance measure values. 
 
For each repetition (i.e., five for each experiment), 30 different random initial conditions were 
generated (Appendix XV). The two sensor fusion algorithms started with identical 
performance measures in each repetition. A total number of 1050 different initial conditions 
were generated, where each logical sensor was initialized with different performance measures 
(7 experiments x 5 repetitions x 30 random initial conditions). For the OLGMOGBM

0(i) and 
ELGMEGBM

0(i) performance measures, the initial performance measures values were set 
between 0.6 to 1. 
 
From Table 51 and Table 50 the confidence interval on the average of the AFL algorithm is 
between (–0.0103) to 0.121 where for the ADS algorithm the average value is between 14.28 
to 25.043. These results indicate that the AFL algorithm does not depend on the initial 
performance values but that the ADS algorithm does.  
 

Table 50 Confidence interval on the mean 
AFL algorithm 

Parameter Value 
x  0.055 
S 0.1915 
Α 0.05 
Sample size 35 
tα/2(,SampleSize-1) 2.03 

SampleSize
ts

x
SampleSize

ts
x SampleSizeSampleSize )1(,2/)1(,2/ −− ⋅

+≤≤
⋅

− αα µ  

121.00103.0
35

03.21915.0055.0
35

03.21915.0055.0

≤≤−

⋅
+≤≤

⋅
−

µ

µ  

  
ADS algorithm 

Parameter Value 
x  19.664 
S 15.67 
Α 0.05 
Sample size 35 
tα/2(,SampleSize-1) 2.03 

SampleSize
ts

x
SampleSize
ts

x SampleSizeSampleSize )1,(2/)1,(2/ −− ⋅
+≤≤

⋅
− αα µ  

043.2528.14
35

03.2676.15664.19
35

03.2676.15664.19

≤≤

⋅
+≤≤

⋅
−

µ

µ  
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Table 51 Number of inconsistent cells for the ADS and AFL algorithms 
  ADS AFL 

Exp Rep Number of 
inconsistent cells 

Percents [%] Number of 
inconsistent cells 

Percents [%] 

I. 1 617 12.854 50 1.042 
I. 2 380 7.917 4 0.083 
I. 3 851 17.729 0 0.000 
I. 4 638 13.292 0 0.000 
I. 5 716 14.917 0 0.000 
II. 1 985 20.521 0 0.000 
II. 2 1083 22.563 0 0.000 
II. 3 1033 21.521 0 0.000 
II. 4 757 15.771 0 0.000 
II. 5 1003 20.896 0 0.000 
III. 1 702 14.625 0 0.000 
III. 2 850 17.708 0 0.000 
III. 3 713 14.854 0 0.000 
III. 4 941 19.604 16 0.333 
III. 5 619 12.896 18 0.375 
IV. 1 1017 21.188 0 0.000 
IV. 2 960 20.000 0 0.000 
IV. 3 889 18.521 0 0.000 
IV. 4 446 9.292 0 0.000 
IV. 5 1057 22.021 0 0.000 
V. 1 3773 78.604 0 0.000 
V. 2 466 9.708 0 0.000 
V. 3 412 8.583 0 0.000 
V. 4 320 6.667 0 0.000 
V. 5 3639 75.813 0 0.000 
VI. 1 631 13.146 0 0.000 
VI. 2 683 14.229 0 0.000 
VI. 3 770 16.042 0 0.000 
VI. 4 655 13.646 0 0.000 
VI. 5 634 13.208 0 0.000 
VII. 1 627 13.063 0 0.000 
VII. 2 585 12.188 0 0.000 
VII. 3 693 14.438 0 0.000 
VII. 4 883 18.396 0 0.000 
VII. 5 534 11.125 5 0.104 

 
 
 

 



 

Appendix XV Randomize initial performance measures raw data 

Experiment I, Repetition 1 
 

 Logical sensor 1, t=0 Logical sensor 2, t=0 Logical sensor 3, t=0 Logical sensor 4, t=0 Logical sensor 5, t=0 
Rand OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM 

1 0.748 0.796 0.204 0.252 0.895 0.621 0.379 0.105 0.752 0.889 0.111 0.248 0.667 0.615 0.385 0.333 0.702 0.712 0.288 0.298 
2 0.767 0.914 0.086 0.233 0.699 0.697 0.303 0.301 0.925 0.693 0.307 0.075 0.789 0.887 0.113 0.211 0.607 0.645 0.355 0.393 
3 0.834 0.698 0.302 0.166 0.874 0.810 0.190 0.126 0.861 0.942 0.058 0.139 0.907 0.842 0.158 0.093 0.979 0.691 0.309 0.021 
4 0.813 0.995 0.005 0.187 0.983 0.715 0.285 0.017 0.616 0.834 0.166 0.384 0.689 0.906 0.094 0.311 0.649 0.650 0.350 0.351 
5 0.810 0.723 0.277 0.190 0.769 0.811 0.189 0.231 0.684 0.749 0.251 0.316 0.680 0.863 0.137 0.320 0.881 0.653 0.347 0.119 
6 0.910 0.865 0.135 0.090 0.698 0.853 0.147 0.302 0.984 0.809 0.191 0.016 0.985 0.986 0.014 0.015 0.679 0.744 0.256 0.321 
7 0.907 0.718 0.282 0.093 0.633 0.868 0.132 0.367 0.692 0.915 0.085 0.308 0.690 0.774 0.226 0.310 0.609 0.906 0.094 0.391 
8 0.791 0.728 0.272 0.209 0.702 0.694 0.306 0.298 0.642 0.925 0.075 0.358 0.731 0.678 0.322 0.269 0.811 0.796 0.204 0.189 
9 0.637 0.689 0.311 0.363 0.625 0.934 0.066 0.375 0.760 0.960 0.040 0.240 0.974 0.910 0.090 0.026 0.928 0.711 0.289 0.072 

10 0.834 0.633 0.367 0.166 0.778 0.669 0.331 0.222 0.869 0.835 0.165 0.131 0.826 0.697 0.303 0.174 0.852 0.857 0.143 0.148 
11 0.645 0.963 0.037 0.355 0.759 0.605 0.395 0.241 0.660 0.877 0.123 0.340 0.876 0.685 0.315 0.124 0.996 0.687 0.313 0.004 
12 0.799 0.656 0.344 0.201 0.920 0.945 0.055 0.080 0.824 0.810 0.190 0.176 0.879 0.911 0.089 0.121 0.667 0.893 0.107 0.333 
13 0.837 0.990 0.010 0.163 0.687 0.682 0.318 0.313 0.956 0.773 0.227 0.044 0.636 0.975 0.025 0.364 0.997 0.765 0.235 0.003 
14 0.927 0.620 0.380 0.073 0.609 0.870 0.130 0.391 0.840 0.656 0.344 0.160 0.635 0.679 0.321 0.365 0.744 0.722 0.278 0.256 
15 0.898 0.744 0.256 0.102 0.873 0.724 0.276 0.127 0.851 0.825 0.175 0.149 0.743 0.697 0.303 0.257 0.998 0.698 0.302 0.002 
16 0.848 0.649 0.351 0.152 0.772 0.716 0.284 0.228 0.954 0.608 0.392 0.046 0.791 0.784 0.216 0.209 0.664 0.692 0.308 0.336 
17 0.618 0.940 0.060 0.382 0.608 0.893 0.107 0.392 0.945 0.747 0.253 0.055 0.986 0.713 0.287 0.014 0.680 0.685 0.315 0.320 
18 0.777 0.836 0.164 0.223 0.891 0.672 0.328 0.109 0.710 0.827 0.173 0.290 0.683 0.932 0.068 0.317 0.844 0.640 0.360 0.156 
19 0.672 0.680 0.320 0.328 0.803 0.954 0.046 0.197 0.738 0.826 0.174 0.262 0.660 0.725 0.275 0.340 0.707 0.771 0.229 0.293 
20 0.687 0.774 0.226 0.313 0.734 0.960 0.040 0.266 0.799 0.770 0.230 0.201 0.679 0.995 0.005 0.321 0.848 0.791 0.209 0.152 
21 0.998 0.775 0.225 0.002 0.647 0.935 0.065 0.353 0.633 0.717 0.283 0.367 0.713 0.693 0.307 0.287 0.796 0.699 0.301 0.204 
22 0.635 0.932 0.068 0.365 0.895 0.895 0.105 0.105 0.642 0.662 0.338 0.358 0.866 0.732 0.268 0.134 0.847 0.671 0.329 0.153 
23 0.913 0.635 0.365 0.087 0.782 0.629 0.371 0.218 0.636 0.765 0.235 0.364 0.762 0.826 0.174 0.238 0.681 0.777 0.223 0.319 
24 0.930 0.682 0.318 0.070 0.811 0.730 0.270 0.189 0.778 0.852 0.148 0.222 0.916 0.888 0.112 0.084 0.896 0.997 0.003 0.104 
25 0.735 0.790 0.210 0.265 0.701 0.693 0.307 0.299 0.794 0.784 0.216 0.206 0.840 0.745 0.255 0.160 0.794 0.784 0.216 0.206 
26 0.666 0.781 0.219 0.334 0.762 0.947 0.053 0.238 0.669 0.661 0.339 0.331 0.719 0.818 0.182 0.281 0.747 0.810 0.190 0.253 
27 0.773 0.834 0.166 0.227 0.695 0.969 0.031 0.305 0.724 0.965 0.035 0.276 0.733 0.792 0.208 0.267 0.979 0.810 0.190 0.021 
28 0.869 0.885 0.115 0.131 0.763 0.898 0.102 0.237 0.802 0.986 0.014 0.198 0.875 0.620 0.380 0.125 0.785 0.809 0.191 0.215 
29 0.724 0.734 0.266 0.276 0.806 0.726 0.274 0.194 0.938 0.824 0.176 0.062 0.791 0.852 0.148 0.209 0.705 0.976 0.024 0.295 
30 0.666 0.974 0.026 0.334 0.729 0.624 0.376 0.271 0.887 0.724 0.276 0.113 0.896 0.724 0.276 0.104 0.739 0.788 0.212 0.261 



 

Experiment I, Repetition 2 
 

 Logical sensor 1, t=0 Logical sensor 2, t=0 Logical sensor 3, t=0 Logical sensor 4, t=0 Logical sensor 5, t=0 
Rand OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM 

1 0.767 0.809 0.191 0.233 0.854 0.741 0.259 0.146 0.669 0.885 0.115 0.331 0.613 0.798 0.202 0.387 0.795 0.814 0.186 0.205 
2 0.798 0.761 0.239 0.202 0.723 0.823 0.177 0.277 0.615 0.894 0.106 0.385 0.657 0.801 0.199 0.343 0.972 0.793 0.207 0.028 
3 0.648 0.767 0.233 0.352 0.705 0.961 0.039 0.295 0.691 0.605 0.395 0.309 0.674 0.797 0.203 0.326 0.912 0.955 0.045 0.088 
4 0.663 0.639 0.361 0.337 0.758 0.750 0.250 0.242 0.636 0.811 0.189 0.364 0.609 0.919 0.081 0.391 0.750 0.928 0.072 0.250 
5 0.942 0.793 0.207 0.058 0.618 0.677 0.323 0.382 0.619 0.654 0.346 0.381 0.695 0.995 0.005 0.305 0.877 0.856 0.144 0.123 
6 0.663 0.685 0.315 0.337 0.657 0.926 0.074 0.343 0.895 0.602 0.398 0.105 0.727 0.813 0.187 0.273 0.924 0.707 0.293 0.076 
7 0.988 0.653 0.347 0.012 0.723 0.983 0.017 0.277 0.977 0.991 0.009 0.023 0.607 0.780 0.220 0.393 0.633 0.658 0.342 0.367 
8 0.967 0.731 0.269 0.033 0.894 0.893 0.107 0.106 0.845 0.620 0.380 0.155 0.823 0.842 0.158 0.177 0.720 0.934 0.066 0.280 
9 0.903 0.706 0.294 0.097 0.642 0.681 0.319 0.358 0.971 0.955 0.045 0.029 0.953 0.718 0.282 0.047 0.768 0.793 0.207 0.232 

10 0.682 0.844 0.156 0.318 0.615 0.846 0.154 0.385 0.888 0.726 0.274 0.112 0.644 0.617 0.383 0.356 0.750 0.891 0.109 0.250 
11 0.882 0.834 0.166 0.118 0.773 0.878 0.122 0.227 0.962 0.901 0.099 0.038 0.821 0.826 0.174 0.179 0.907 0.747 0.253 0.093 
12 0.621 0.964 0.036 0.379 0.638 0.931 0.069 0.362 0.601 0.709 0.291 0.399 0.825 0.767 0.233 0.175 0.609 0.864 0.136 0.391 
13 0.667 0.657 0.343 0.333 0.655 0.842 0.158 0.345 0.695 0.959 0.041 0.305 0.887 0.904 0.096 0.113 0.977 0.683 0.317 0.023 
14 0.784 0.746 0.254 0.216 0.788 0.610 0.390 0.212 0.741 0.641 0.359 0.259 0.697 0.889 0.111 0.303 0.699 0.753 0.247 0.301 
15 0.813 0.782 0.218 0.187 0.668 0.665 0.335 0.332 0.703 0.720 0.280 0.297 0.629 0.773 0.227 0.371 0.701 0.785 0.215 0.299 
16 0.857 0.811 0.189 0.143 0.695 0.768 0.232 0.305 0.634 0.649 0.351 0.366 0.812 0.904 0.096 0.188 0.678 0.879 0.121 0.322 
17 0.900 0.845 0.155 0.100 0.697 0.608 0.392 0.303 0.990 0.869 0.131 0.010 0.846 0.649 0.351 0.154 0.671 0.966 0.034 0.329 
18 0.667 0.785 0.215 0.333 0.854 0.792 0.208 0.146 0.817 0.948 0.052 0.183 0.805 0.758 0.242 0.195 0.765 0.694 0.306 0.235 
19 0.876 0.809 0.191 0.124 0.754 0.913 0.087 0.246 0.852 0.718 0.282 0.148 0.781 0.700 0.300 0.219 0.708 0.621 0.379 0.292 
20 0.836 0.725 0.275 0.164 0.979 0.858 0.142 0.021 0.918 0.916 0.084 0.082 0.724 0.898 0.102 0.276 0.739 0.680 0.320 0.261 
21 0.902 0.988 0.012 0.098 0.652 0.826 0.174 0.348 0.745 0.998 0.002 0.255 0.616 0.652 0.348 0.384 0.611 0.921 0.079 0.389 
22 0.762 0.609 0.391 0.238 0.991 0.810 0.190 0.009 0.728 0.849 0.151 0.272 0.673 0.883 0.117 0.327 0.801 0.752 0.248 0.199 
23 0.721 0.921 0.079 0.279 0.669 0.669 0.331 0.331 0.855 0.972 0.028 0.145 0.669 0.601 0.399 0.331 0.913 0.617 0.383 0.087 
24 0.753 0.698 0.302 0.247 0.698 0.633 0.367 0.302 0.765 0.718 0.282 0.235 0.886 0.813 0.187 0.114 0.837 0.846 0.154 0.163 
25 0.964 0.804 0.196 0.036 0.655 0.652 0.348 0.345 0.761 0.949 0.051 0.239 0.667 0.954 0.046 0.333 0.805 0.914 0.086 0.195 
26 0.762 0.968 0.032 0.238 0.996 0.682 0.318 0.004 0.900 0.827 0.173 0.100 0.940 0.705 0.295 0.060 0.635 0.750 0.250 0.365 
27 0.616 0.629 0.371 0.384 0.650 0.757 0.243 0.350 0.624 0.867 0.133 0.376 0.955 0.891 0.109 0.045 0.726 0.898 0.102 0.274 
28 0.793 0.931 0.069 0.207 0.682 0.763 0.237 0.318 0.805 0.938 0.062 0.195 0.668 0.814 0.186 0.332 0.929 0.909 0.091 0.071 
29 0.809 0.727 0.273 0.191 0.985 0.886 0.114 0.015 0.674 0.728 0.272 0.326 0.900 0.938 0.062 0.100 0.868 0.669 0.331 0.132 
30 0.772 0.780 0.220 0.228 0.691 0.866 0.134 0.309 0.818 0.714 0.286 0.182 0.923 0.768 0.232 0.077 0.985 0.704 0.296 0.015 



 

Experiment I, Repetition 3 
 

 Logical sensor 1, t=0 Logical sensor 2, t=0 Logical sensor 3, t=0 Logical sensor 4, t=0 Logical sensor 5, t=0 
Rand OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM 

1 0.678 0.638 0.362 0.322 0.622 0.895 0.105 0.378 0.881 0.638 0.362 0.119 0.879 0.879 0.121 0.121 0.705 0.964 0.036 0.295 
2 0.724 0.978 0.022 0.276 0.832 0.684 0.316 0.168 0.705 0.871 0.129 0.295 0.857 0.854 0.146 0.143 0.641 0.775 0.225 0.359 
3 0.647 0.683 0.317 0.353 0.913 0.866 0.134 0.087 0.943 0.786 0.214 0.057 0.685 0.921 0.079 0.315 0.838 0.764 0.236 0.162 
4 0.705 0.704 0.296 0.295 0.891 0.998 0.002 0.109 0.934 0.627 0.373 0.066 0.646 0.834 0.166 0.354 0.627 0.602 0.398 0.373 
5 0.860 0.780 0.220 0.140 0.956 0.818 0.182 0.044 0.744 0.847 0.153 0.256 0.655 0.843 0.157 0.345 0.720 0.785 0.215 0.280 
6 0.891 0.962 0.038 0.109 0.685 0.644 0.356 0.315 0.969 0.791 0.209 0.031 0.917 0.973 0.027 0.083 0.885 0.740 0.260 0.115 
7 0.856 0.610 0.390 0.144 0.881 0.810 0.190 0.119 0.772 0.957 0.043 0.228 0.698 0.838 0.162 0.302 0.998 0.698 0.302 0.002 
8 0.871 0.804 0.196 0.129 0.904 0.860 0.140 0.096 0.638 0.996 0.004 0.362 0.684 0.879 0.121 0.316 0.934 0.697 0.303 0.066 
9 0.691 0.803 0.197 0.309 0.981 0.761 0.239 0.019 0.768 0.884 0.116 0.232 0.974 0.780 0.220 0.026 0.687 0.683 0.317 0.313 

10 0.624 0.738 0.262 0.376 0.729 0.882 0.118 0.271 0.906 0.750 0.250 0.094 0.659 0.921 0.079 0.341 0.816 0.616 0.384 0.184 
11 0.963 0.983 0.017 0.037 0.625 0.787 0.213 0.375 0.634 0.795 0.205 0.366 0.763 0.990 0.010 0.237 0.671 0.705 0.295 0.329 
12 0.910 0.820 0.180 0.090 0.673 0.991 0.009 0.327 0.752 0.664 0.336 0.248 0.619 0.691 0.309 0.381 0.690 0.946 0.054 0.310 
13 0.763 0.635 0.365 0.237 0.956 0.725 0.275 0.044 0.952 0.940 0.060 0.048 0.994 0.872 0.128 0.006 0.999 0.699 0.301 0.001 
14 0.720 0.948 0.052 0.280 0.634 0.801 0.199 0.366 0.917 0.983 0.017 0.083 0.622 0.646 0.354 0.378 0.960 0.832 0.168 0.040 
15 0.776 0.886 0.114 0.224 0.806 0.723 0.277 0.194 0.860 0.830 0.170 0.140 0.963 0.797 0.203 0.037 0.849 0.608 0.392 0.151 
16 0.850 0.967 0.033 0.150 0.791 0.990 0.010 0.209 0.769 0.759 0.241 0.231 0.657 0.918 0.082 0.343 0.772 0.772 0.228 0.228 
17 0.779 0.701 0.299 0.221 0.884 0.767 0.233 0.116 0.990 0.654 0.346 0.010 0.902 0.600 0.400 0.098 0.952 0.649 0.351 0.048 
18 0.799 0.915 0.085 0.201 0.685 0.787 0.213 0.315 0.906 0.736 0.264 0.094 0.669 0.751 0.249 0.331 0.653 0.883 0.117 0.347 
19 0.703 0.960 0.040 0.297 0.809 0.773 0.227 0.191 0.606 0.972 0.028 0.394 0.664 0.782 0.218 0.336 0.837 0.746 0.254 0.163 
20 0.928 0.993 0.007 0.072 0.696 0.840 0.160 0.304 0.747 0.925 0.075 0.253 0.728 0.661 0.339 0.272 0.973 0.971 0.029 0.027 
21 0.909 0.812 0.188 0.091 0.888 0.932 0.068 0.112 0.917 0.791 0.209 0.083 0.861 0.968 0.032 0.139 0.968 0.717 0.283 0.032 
22 0.723 0.726 0.274 0.277 0.607 0.771 0.229 0.393 0.753 0.856 0.144 0.247 0.909 0.635 0.365 0.091 0.622 0.788 0.212 0.378 
23 0.864 0.812 0.188 0.136 0.996 0.716 0.284 0.004 0.743 0.837 0.163 0.257 0.716 0.617 0.383 0.284 0.844 0.789 0.211 0.156 
24 0.659 0.861 0.139 0.341 0.809 0.745 0.255 0.191 0.932 0.890 0.110 0.068 0.681 0.680 0.320 0.319 0.621 0.990 0.010 0.379 
25 0.903 0.852 0.148 0.097 0.778 0.862 0.138 0.222 0.756 0.758 0.242 0.244 0.944 0.691 0.309 0.056 0.729 0.792 0.208 0.271 
26 0.684 0.848 0.152 0.316 0.769 0.773 0.227 0.231 0.945 0.788 0.212 0.055 0.693 0.628 0.372 0.307 0.784 0.641 0.359 0.216 
27 0.613 0.770 0.230 0.387 0.945 0.651 0.349 0.055 0.776 0.678 0.322 0.224 0.669 0.811 0.189 0.331 0.713 0.679 0.321 0.287 
28 0.806 0.764 0.236 0.194 0.944 0.722 0.278 0.056 0.867 0.600 0.400 0.133 0.641 0.679 0.321 0.359 0.835 0.717 0.283 0.165 
29 0.790 0.974 0.026 0.210 0.743 0.940 0.060 0.257 0.644 0.788 0.212 0.356 0.768 0.969 0.031 0.232 0.625 0.797 0.203 0.375 
30 0.719 0.914 0.086 0.281 0.731 0.697 0.303 0.269 0.916 0.930 0.070 0.084 0.755 0.790 0.210 0.245 0.735 0.934 0.066 0.265 



 

Experiment I, Repetition 4 
 

 Logical sensor 1, t=0 Logical sensor 2, t=0 Logical sensor 3, t=0 Logical sensor 4, t=0 Logical sensor 5, t=0 
Rand OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM 

1 0.700 0.764 0.236 0.300 0.714 0.712 0.288 0.286 0.680 0.668 0.332 0.320 0.649 0.660 0.340 0.351 0.813 0.661 0.339 0.187 
2 0.909 0.619 0.381 0.091 0.645 0.675 0.325 0.355 0.898 0.669 0.331 0.102 0.800 0.775 0.225 0.200 0.938 0.776 0.224 0.062 
3 0.988 0.740 0.260 0.012 0.782 0.940 0.060 0.218 0.866 0.865 0.135 0.134 0.987 0.794 0.206 0.013 0.638 0.902 0.098 0.362 
4 0.794 0.935 0.065 0.206 0.679 0.851 0.149 0.321 0.677 0.726 0.274 0.323 0.609 0.789 0.211 0.391 0.721 0.829 0.171 0.279 
5 0.965 0.621 0.379 0.035 0.630 0.635 0.365 0.370 0.787 0.749 0.251 0.213 0.994 0.782 0.218 0.006 0.869 0.642 0.358 0.131 
6 0.914 0.719 0.281 0.086 0.600 0.839 0.161 0.400 0.835 0.838 0.162 0.165 0.855 0.914 0.086 0.145 0.888 0.718 0.282 0.112 
7 0.964 0.998 0.002 0.036 0.653 0.928 0.072 0.347 0.636 0.728 0.272 0.364 0.985 0.999 0.001 0.015 0.828 0.861 0.139 0.172 
8 0.817 0.838 0.162 0.183 0.909 0.934 0.066 0.091 0.635 0.792 0.208 0.365 0.662 0.871 0.129 0.338 0.962 0.750 0.250 0.038 
9 0.657 0.754 0.246 0.343 0.731 0.602 0.398 0.269 0.746 0.840 0.160 0.254 0.953 0.925 0.075 0.047 0.967 0.643 0.357 0.033 

10 0.612 0.741 0.259 0.388 0.928 0.963 0.037 0.072 0.764 0.733 0.267 0.236 0.958 0.738 0.262 0.042 0.798 0.719 0.281 0.202 
11 0.929 0.688 0.312 0.071 0.986 0.973 0.027 0.014 0.690 0.833 0.167 0.310 0.873 0.868 0.132 0.127 0.725 0.729 0.271 0.275 
12 0.741 0.782 0.218 0.259 0.799 0.818 0.182 0.201 0.711 0.633 0.367 0.289 0.749 0.666 0.334 0.251 0.712 0.865 0.135 0.288 
13 0.730 0.822 0.178 0.270 0.880 0.896 0.104 0.120 0.766 0.925 0.075 0.234 0.931 0.972 0.028 0.069 0.987 0.660 0.340 0.013 
14 0.877 0.839 0.161 0.123 0.823 0.931 0.069 0.177 0.735 0.886 0.114 0.265 0.640 0.927 0.073 0.360 0.665 0.983 0.017 0.335 
15 0.747 0.866 0.134 0.253 0.943 0.759 0.241 0.057 0.839 0.783 0.217 0.161 0.693 0.778 0.222 0.307 0.845 0.688 0.312 0.155 
16 0.918 0.739 0.261 0.082 0.652 0.910 0.090 0.348 0.703 0.737 0.263 0.297 0.831 0.895 0.105 0.169 0.806 0.871 0.129 0.194 
17 0.914 0.907 0.093 0.086 0.694 0.715 0.285 0.306 0.799 0.701 0.299 0.201 0.948 0.893 0.107 0.052 0.660 0.804 0.196 0.340 
18 0.776 0.875 0.125 0.224 0.765 0.939 0.061 0.235 0.937 0.944 0.056 0.063 0.899 0.905 0.095 0.101 0.636 0.878 0.122 0.364 
19 0.823 0.810 0.190 0.177 0.802 0.755 0.245 0.198 0.960 0.963 0.037 0.040 0.852 0.716 0.284 0.148 0.758 0.938 0.062 0.242 
20 0.761 0.724 0.276 0.239 0.874 0.760 0.240 0.126 0.639 0.780 0.220 0.361 0.872 0.898 0.102 0.128 0.724 0.865 0.135 0.276 
21 0.863 0.670 0.330 0.137 0.675 0.819 0.181 0.325 0.742 0.729 0.271 0.258 0.708 0.734 0.266 0.292 0.897 0.836 0.164 0.103 
22 0.723 0.891 0.109 0.277 0.970 0.959 0.041 0.030 0.974 0.837 0.163 0.026 0.666 0.648 0.352 0.334 0.855 0.848 0.152 0.145 
23 0.673 0.903 0.097 0.327 0.988 0.878 0.122 0.012 0.929 0.791 0.209 0.071 0.860 0.750 0.250 0.140 0.796 0.626 0.374 0.204 
24 0.841 0.993 0.007 0.159 0.945 0.869 0.131 0.055 0.995 0.786 0.214 0.005 0.788 0.742 0.258 0.212 0.969 0.740 0.260 0.031 
25 0.867 0.836 0.164 0.133 0.861 0.731 0.269 0.139 0.732 0.897 0.103 0.268 0.916 0.974 0.026 0.084 0.646 0.700 0.300 0.354 
26 0.609 0.921 0.079 0.391 0.792 0.707 0.293 0.208 0.736 0.725 0.275 0.264 0.833 0.909 0.091 0.167 0.979 0.944 0.056 0.021 
27 0.636 0.889 0.111 0.364 0.610 0.860 0.140 0.390 0.846 0.791 0.209 0.154 0.789 0.853 0.147 0.211 0.982 0.822 0.178 0.018 
28 0.842 0.905 0.095 0.158 0.833 0.709 0.291 0.167 0.670 0.891 0.109 0.330 0.896 0.830 0.170 0.104 0.765 0.848 0.152 0.235 
29 0.934 0.846 0.154 0.066 0.884 0.978 0.022 0.116 0.887 0.799 0.201 0.113 0.907 0.739 0.261 0.093 0.710 0.642 0.358 0.290 
30 0.602 0.825 0.175 0.398 0.861 0.606 0.394 0.140 0.722 0.720 0.280 0.278 0.735 0.876 0.124 0.265 0.765 0.646 0.354 0.235 



 

Experiment I, Repetition 5 
 

 Logical sensor 1, t=0 Logical sensor 2, t=0 Logical sensor 3, t=0 Logical sensor 4, t=0 Logical sensor 5, t=0 
Rand OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM 

1 0.700 0.961 0.039 0.300 0.714 0.867 0.133 0.286 0.879 0.686 0.314 0.121 0.748 0.848 0.152 0.252 0.630 0.808 0.192 0.370 
2 0.767 0.660 0.340 0.233 0.840 0.979 0.021 0.160 0.811 0.990 0.010 0.189 0.914 0.951 0.049 0.086 0.760 0.877 0.123 0.240 
3 0.755 0.710 0.290 0.245 0.877 0.920 0.080 0.123 0.894 0.807 0.193 0.106 0.723 0.792 0.208 0.277 0.670 0.935 0.065 0.330 
4 0.931 0.857 0.143 0.069 0.842 0.737 0.263 0.158 0.856 0.998 0.002 0.144 0.713 0.624 0.376 0.287 0.646 0.748 0.252 0.354 
5 0.990 0.750 0.250 0.010 0.863 0.840 0.160 0.137 0.676 0.751 0.249 0.324 0.651 0.652 0.348 0.349 0.973 0.748 0.252 0.027 
6 0.624 0.762 0.238 0.376 0.701 0.921 0.079 0.299 0.605 0.727 0.273 0.395 0.944 0.675 0.325 0.056 0.963 0.812 0.188 0.037 
7 0.982 0.997 0.003 0.018 0.929 0.950 0.050 0.071 0.615 0.910 0.090 0.385 0.849 0.910 0.090 0.151 0.624 0.889 0.111 0.376 
8 0.784 0.967 0.033 0.216 0.832 0.824 0.176 0.168 0.764 0.994 0.006 0.236 0.810 0.799 0.201 0.190 0.851 0.997 0.003 0.149 
9 0.712 0.688 0.312 0.288 0.711 0.623 0.377 0.289 0.895 0.639 0.361 0.105 0.682 0.648 0.352 0.318 0.781 0.838 0.162 0.219 

10 0.854 0.846 0.154 0.146 0.900 0.726 0.274 0.100 0.961 0.934 0.066 0.039 0.662 0.882 0.118 0.338 0.788 0.696 0.304 0.212 
11 0.791 0.715 0.285 0.209 0.678 0.621 0.379 0.322 0.615 0.947 0.053 0.385 0.954 0.904 0.096 0.046 0.903 0.858 0.142 0.097 
12 0.829 0.966 0.034 0.171 0.633 0.646 0.354 0.367 0.617 0.952 0.048 0.383 0.799 0.971 0.029 0.201 0.611 0.753 0.247 0.389 
13 0.826 0.708 0.292 0.174 0.602 0.917 0.083 0.398 0.766 0.668 0.332 0.234 0.899 0.717 0.283 0.101 0.870 0.825 0.175 0.130 
14 0.757 0.951 0.049 0.243 0.618 0.887 0.113 0.382 0.960 0.868 0.132 0.040 0.784 0.836 0.164 0.216 0.614 0.999 0.001 0.386 
15 0.645 0.752 0.248 0.355 0.912 0.970 0.030 0.088 0.779 0.954 0.046 0.221 0.654 0.616 0.384 0.346 0.848 0.744 0.256 0.152 
16 0.924 0.733 0.267 0.076 0.992 0.738 0.262 0.008 0.923 0.726 0.274 0.077 0.683 0.860 0.140 0.317 0.809 0.904 0.096 0.191 
17 0.858 0.858 0.142 0.142 0.806 0.684 0.316 0.194 0.692 0.733 0.267 0.308 0.909 0.965 0.035 0.091 0.819 0.810 0.190 0.181 
18 0.638 0.959 0.041 0.362 0.756 0.903 0.097 0.244 0.667 0.779 0.221 0.333 0.945 0.826 0.174 0.055 0.635 0.866 0.134 0.365 
19 0.790 0.827 0.173 0.210 0.602 0.605 0.395 0.398 0.816 0.809 0.191 0.184 0.606 0.808 0.192 0.394 0.853 0.872 0.128 0.147 
20 0.832 0.986 0.014 0.168 0.671 0.625 0.375 0.329 0.756 0.815 0.185 0.244 0.880 0.707 0.293 0.120 0.883 0.739 0.261 0.117 
21 0.683 0.740 0.260 0.317 0.965 0.634 0.366 0.035 0.899 0.607 0.393 0.101 0.699 0.971 0.029 0.301 0.679 0.796 0.204 0.321 
22 0.646 0.887 0.113 0.354 0.987 0.854 0.146 0.013 0.703 0.735 0.265 0.297 0.866 0.921 0.079 0.134 0.607 0.639 0.361 0.393 
23 0.682 0.751 0.249 0.318 0.953 0.626 0.374 0.047 0.876 0.791 0.209 0.124 0.757 0.787 0.213 0.243 0.964 0.990 0.010 0.036 
24 0.817 0.794 0.206 0.183 0.609 0.955 0.045 0.391 0.636 0.624 0.376 0.364 0.746 0.989 0.011 0.254 0.888 0.688 0.312 0.112 
25 0.705 0.816 0.184 0.295 0.968 0.766 0.234 0.032 0.950 0.902 0.098 0.050 0.634 0.609 0.391 0.366 0.642 0.718 0.282 0.358 
26 0.757 0.983 0.017 0.243 0.851 0.769 0.231 0.149 0.936 0.806 0.194 0.064 0.678 0.795 0.205 0.322 0.845 0.898 0.102 0.155 
27 0.987 0.770 0.230 0.013 0.916 0.944 0.056 0.084 0.725 0.875 0.125 0.275 0.603 0.865 0.135 0.397 0.650 0.614 0.386 0.350 
28 0.695 0.796 0.204 0.305 0.799 0.985 0.015 0.201 0.747 0.991 0.009 0.253 0.663 0.713 0.287 0.337 0.664 0.713 0.287 0.336 
29 0.818 0.699 0.301 0.182 0.610 0.679 0.321 0.390 0.905 0.836 0.164 0.095 0.972 0.854 0.146 0.028 0.979 0.771 0.229 0.021 
30 0.698 0.784 0.216 0.302 0.780 0.722 0.278 0.220 0.648 0.739 0.261 0.352 0.870 0.939 0.061 0.130 0.880 0.869 0.131 0.120 



 

Experiment II, Repetition 1 
 

 Logical sensor 1, t=0 Logical sensor 2, t=0 Logical sensor 3, t=0 Logical sensor 4, t=0 Logical sensor 5, t=0 
Rand OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM 

1 0.605 0.821 0.179 0.395 0.634 0.868 0.132 0.366 0.802 0.938 0.062 0.198 0.843 0.940 0.060 0.157 0.649 0.702 0.298 0.351 
2 0.933 0.893 0.107 0.067 0.891 0.649 0.351 0.109 0.816 0.775 0.225 0.184 0.682 0.909 0.091 0.318 0.925 0.901 0.099 0.075 
3 0.848 0.825 0.175 0.152 0.819 0.724 0.276 0.181 0.949 0.674 0.326 0.051 0.766 0.628 0.372 0.234 0.803 0.867 0.133 0.197 
4 0.627 0.862 0.138 0.373 0.832 0.669 0.331 0.168 0.665 0.741 0.259 0.335 0.687 0.705 0.295 0.313 0.610 0.625 0.375 0.390 
5 0.734 0.639 0.361 0.266 0.909 0.956 0.044 0.091 0.975 0.953 0.047 0.025 0.659 0.951 0.049 0.341 0.846 0.682 0.318 0.154 
6 0.652 0.710 0.290 0.348 0.670 0.616 0.384 0.330 0.950 0.957 0.043 0.050 0.680 0.751 0.249 0.320 0.902 0.832 0.168 0.098 
7 0.693 0.852 0.148 0.307 0.705 0.878 0.122 0.295 0.750 0.692 0.308 0.250 0.706 0.732 0.268 0.294 0.882 0.772 0.228 0.118 
8 0.683 0.763 0.237 0.317 0.637 0.618 0.382 0.363 0.824 0.651 0.349 0.176 0.676 0.894 0.106 0.324 0.612 0.861 0.139 0.388 
9 0.796 0.844 0.156 0.204 0.949 0.627 0.373 0.051 0.877 0.947 0.053 0.123 0.795 0.699 0.301 0.205 0.814 0.838 0.162 0.186 

10 0.770 0.871 0.129 0.230 0.849 0.630 0.370 0.151 0.996 0.733 0.267 0.004 0.813 0.728 0.272 0.187 0.991 0.849 0.151 0.009 
11 0.787 0.720 0.280 0.213 0.902 0.608 0.392 0.098 0.806 0.937 0.063 0.194 0.941 0.969 0.031 0.059 0.779 0.630 0.370 0.221 
12 0.850 0.813 0.187 0.150 0.779 0.816 0.184 0.221 0.701 0.689 0.311 0.299 0.871 0.777 0.223 0.129 0.951 0.993 0.007 0.049 
13 0.880 0.962 0.038 0.120 0.803 0.977 0.023 0.197 0.663 0.980 0.020 0.337 0.669 0.949 0.051 0.331 0.888 0.886 0.114 0.112 
14 0.625 0.881 0.119 0.375 0.787 0.914 0.086 0.213 0.912 0.848 0.152 0.088 0.609 0.884 0.116 0.391 0.748 0.696 0.304 0.252 
15 0.891 0.632 0.368 0.109 0.814 0.883 0.117 0.186 0.613 0.777 0.223 0.387 0.764 0.863 0.137 0.236 0.967 0.904 0.096 0.033 
16 0.739 0.906 0.094 0.261 0.627 0.731 0.269 0.373 0.772 0.612 0.388 0.228 0.937 0.796 0.204 0.063 0.648 0.638 0.362 0.352 
17 0.830 0.973 0.027 0.170 0.697 0.716 0.284 0.303 0.946 0.887 0.113 0.054 0.794 0.681 0.319 0.206 0.685 0.734 0.266 0.315 
18 0.686 0.608 0.392 0.314 0.717 0.843 0.157 0.283 0.753 0.707 0.293 0.247 0.995 0.839 0.161 0.005 0.670 0.629 0.371 0.330 
19 0.820 0.899 0.101 0.180 0.703 0.913 0.087 0.297 0.810 0.868 0.132 0.190 0.866 0.625 0.375 0.134 0.951 0.652 0.348 0.049 
20 0.766 0.755 0.245 0.234 0.639 0.777 0.223 0.361 0.705 0.849 0.151 0.295 0.711 0.692 0.308 0.289 0.988 0.906 0.094 0.012 
21 0.787 0.688 0.312 0.213 0.865 0.838 0.162 0.135 0.940 0.731 0.269 0.060 0.812 0.611 0.389 0.188 0.802 0.640 0.360 0.198 
22 0.839 0.987 0.013 0.161 0.725 0.902 0.098 0.275 0.698 0.639 0.361 0.302 0.651 0.874 0.126 0.349 0.846 0.782 0.218 0.154 
23 0.707 0.960 0.040 0.293 0.818 0.988 0.012 0.182 0.977 0.822 0.178 0.023 0.905 0.914 0.086 0.095 0.691 0.838 0.162 0.309 
24 0.784 0.961 0.039 0.216 0.986 0.706 0.294 0.014 0.910 0.799 0.201 0.090 0.709 0.850 0.150 0.291 0.977 0.893 0.107 0.023 
25 0.943 0.942 0.058 0.057 0.923 0.739 0.261 0.077 0.919 0.668 0.332 0.081 0.635 0.833 0.167 0.365 0.658 0.929 0.071 0.342 
26 0.744 0.747 0.253 0.256 0.750 0.810 0.190 0.250 0.761 0.654 0.346 0.239 0.740 0.979 0.021 0.260 0.833 0.807 0.193 0.167 
27 0.668 0.932 0.068 0.332 0.808 0.770 0.230 0.192 0.696 0.770 0.230 0.304 0.699 0.734 0.266 0.301 0.743 0.703 0.297 0.257 
28 0.923 0.895 0.105 0.077 0.966 0.743 0.257 0.034 0.942 0.705 0.295 0.058 0.991 0.935 0.065 0.009 0.981 0.805 0.195 0.019 
29 0.734 0.616 0.384 0.266 0.668 0.734 0.266 0.332 0.616 0.796 0.204 0.384 0.670 0.607 0.393 0.330 0.667 0.886 0.114 0.333 
30 0.875 0.815 0.185 0.125 0.777 0.775 0.225 0.223 0.743 0.713 0.287 0.257 0.864 0.915 0.085 0.136 0.736 0.685 0.315 0.264 



 

Experiment II, Repetition 2 
 

 Logical sensor 1, t=0 Logical sensor 2, t=0 Logical sensor 3, t=0 Logical sensor 4, t=0 Logical sensor 5, t=0 
Rand OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM 

1 0.826 0.782 0.218 0.174 0.941 0.726 0.274 0.059 0.664 0.726 0.274 0.336 0.884 0.772 0.228 0.116 0.809 0.756 0.244 0.191 
2 0.728 0.714 0.286 0.272 0.846 0.804 0.196 0.154 0.712 0.617 0.383 0.288 0.769 0.986 0.014 0.231 0.657 0.796 0.204 0.343 
3 0.752 0.754 0.246 0.248 0.878 0.958 0.042 0.122 0.941 0.774 0.226 0.059 0.663 0.853 0.147 0.337 0.907 0.605 0.395 0.093 
4 0.759 0.610 0.390 0.241 0.821 0.932 0.068 0.179 0.624 0.612 0.388 0.376 0.873 0.653 0.347 0.127 0.818 0.912 0.088 0.182 
5 0.681 0.902 0.098 0.319 0.633 0.747 0.253 0.367 0.827 0.997 0.003 0.173 0.789 0.944 0.056 0.211 0.775 0.678 0.322 0.225 
6 0.609 0.754 0.246 0.391 0.673 0.714 0.286 0.327 0.652 0.744 0.256 0.348 0.668 0.831 0.169 0.332 0.800 0.974 0.026 0.200 
7 0.744 0.905 0.095 0.256 0.993 0.847 0.153 0.007 0.658 0.863 0.137 0.342 0.940 0.893 0.107 0.060 0.791 0.662 0.338 0.209 
8 0.668 0.722 0.278 0.332 0.973 0.997 0.003 0.027 0.732 0.858 0.142 0.268 0.896 0.952 0.048 0.104 0.618 0.618 0.382 0.382 
9 0.888 0.867 0.133 0.112 0.955 0.839 0.161 0.045 0.886 0.675 0.325 0.114 0.761 0.896 0.104 0.239 0.991 0.848 0.152 0.009 

10 0.781 0.807 0.193 0.219 0.774 0.749 0.251 0.226 0.703 0.626 0.374 0.297 0.892 0.604 0.396 0.108 0.907 0.694 0.306 0.093 
11 0.679 0.923 0.077 0.321 0.873 0.718 0.283 0.127 0.778 0.641 0.359 0.222 0.618 0.622 0.378 0.382 0.992 0.941 0.059 0.008 
12 0.752 0.838 0.162 0.248 0.725 0.609 0.391 0.275 0.809 0.737 0.263 0.191 0.974 0.737 0.263 0.026 0.674 0.768 0.232 0.326 
13 0.602 0.626 0.374 0.398 0.696 0.680 0.320 0.304 0.782 0.900 0.100 0.218 0.972 0.706 0.294 0.028 0.882 0.808 0.192 0.118 
14 0.700 0.766 0.234 0.300 0.687 0.782 0.218 0.313 0.693 0.721 0.279 0.307 0.653 0.746 0.254 0.347 0.823 0.960 0.040 0.177 
15 0.741 0.790 0.210 0.259 0.761 0.720 0.280 0.239 0.725 0.923 0.077 0.275 0.707 0.878 0.122 0.293 0.707 0.878 0.122 0.293 
16 0.733 0.661 0.339 0.267 0.778 0.870 0.130 0.222 0.734 0.754 0.246 0.266 0.892 0.683 0.317 0.108 0.737 0.886 0.114 0.263 
17 0.684 0.687 0.313 0.316 0.712 0.892 0.108 0.288 0.716 0.783 0.217 0.284 0.635 0.603 0.397 0.365 0.933 0.822 0.178 0.067 
18 0.796 0.603 0.397 0.204 0.628 0.865 0.135 0.372 0.607 0.697 0.303 0.393 0.750 0.646 0.354 0.250 0.947 0.850 0.150 0.053 
19 0.833 0.809 0.191 0.167 0.934 0.886 0.114 0.066 0.903 0.838 0.162 0.097 0.689 0.706 0.294 0.311 0.758 0.999 0.001 0.242 
20 0.799 0.983 0.017 0.201 0.609 0.918 0.082 0.391 0.794 0.619 0.381 0.206 0.672 0.770 0.230 0.328 0.645 0.721 0.279 0.355 
21 0.945 0.678 0.322 0.055 0.964 0.663 0.337 0.036 0.688 0.866 0.134 0.312 0.792 0.953 0.047 0.208 0.810 0.795 0.205 0.190 
22 0.762 0.729 0.271 0.238 0.687 0.890 0.110 0.313 0.795 0.976 0.024 0.205 0.731 0.711 0.289 0.269 0.794 0.745 0.255 0.206 
23 0.745 0.710 0.290 0.255 0.801 0.686 0.314 0.199 0.742 0.830 0.170 0.258 0.772 0.752 0.248 0.228 0.906 0.781 0.219 0.094 
24 0.776 0.808 0.192 0.224 0.859 0.743 0.257 0.141 0.711 0.697 0.303 0.289 0.922 0.687 0.313 0.078 0.844 0.875 0.125 0.156 
25 0.804 0.936 0.064 0.196 0.953 0.730 0.270 0.047 0.726 0.875 0.125 0.274 0.844 0.851 0.149 0.156 0.995 0.788 0.212 0.005 
26 0.709 0.614 0.386 0.291 0.947 0.736 0.264 0.053 0.902 0.951 0.049 0.098 0.922 0.857 0.143 0.078 0.991 0.717 0.283 0.009 
27 0.893 0.853 0.147 0.107 0.903 0.858 0.142 0.097 0.833 0.947 0.053 0.167 0.842 0.637 0.363 0.158 0.805 0.837 0.163 0.195 
28 0.922 0.737 0.263 0.078 0.717 0.900 0.100 0.283 0.646 0.942 0.058 0.354 0.811 0.765 0.235 0.189 0.890 0.610 0.390 0.110 
29 0.767 0.758 0.242 0.233 0.698 0.654 0.346 0.302 0.979 0.860 0.140 0.021 0.781 0.655 0.345 0.219 0.752 0.602 0.398 0.248 
30 0.880 0.642 0.358 0.120 0.982 0.782 0.218 0.018 0.863 0.660 0.340 0.137 0.807 0.865 0.135 0.193 0.687 0.816 0.184 0.313 



 

Experiment II, Repetition 3 
 

 Logical sensor 1, t=0 Logical sensor 2, t=0 Logical sensor 3, t=0 Logical sensor 4, t=0 Logical sensor 5, t=0 
Rand OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM 

1 0.954 0.766 0.234 0.046 0.612 0.700 0.300 0.388 0.846 0.959 0.041 0.154 0.678 0.685 0.315 0.322 0.704 0.745 0.255 0.296 
2 0.880 0.983 0.017 0.120 1.000 0.807 0.193 0.000 0.673 0.957 0.043 0.327 0.613 0.808 0.192 0.387 0.966 0.995 0.005 0.034 
3 0.814 0.989 0.011 0.186 0.772 0.855 0.145 0.228 0.705 0.607 0.393 0.295 0.882 0.742 0.258 0.118 0.740 0.958 0.042 0.260 
4 0.907 0.947 0.053 0.093 0.708 0.977 0.023 0.292 0.892 0.851 0.149 0.108 0.871 0.976 0.024 0.129 0.991 0.709 0.291 0.009 
5 0.914 0.734 0.266 0.086 0.983 0.692 0.308 0.017 0.764 0.643 0.357 0.236 0.994 0.813 0.187 0.006 0.838 0.995 0.005 0.162 
6 0.686 0.839 0.161 0.314 0.956 0.875 0.125 0.044 0.837 0.751 0.249 0.163 0.644 0.859 0.141 0.356 0.675 0.729 0.271 0.325 
7 0.888 0.921 0.079 0.112 0.828 0.766 0.234 0.172 0.971 0.858 0.142 0.029 0.898 0.710 0.290 0.102 0.643 0.908 0.092 0.357 
8 0.978 0.609 0.391 0.022 0.981 0.756 0.244 0.019 0.734 0.995 0.005 0.266 0.869 0.832 0.168 0.131 0.638 0.837 0.163 0.362 
9 0.994 0.917 0.083 0.006 0.836 0.893 0.107 0.164 0.606 0.880 0.120 0.394 0.897 0.862 0.138 0.103 0.783 0.663 0.337 0.217 

10 0.903 0.936 0.064 0.097 0.788 0.706 0.294 0.212 0.707 0.633 0.367 0.293 0.851 0.659 0.341 0.149 0.611 0.620 0.380 0.389 
11 0.748 0.993 0.007 0.252 0.758 0.930 0.070 0.242 1.000 0.715 0.285 0.000 0.729 0.852 0.148 0.271 0.761 0.820 0.180 0.239 
12 0.767 0.737 0.263 0.233 0.655 0.791 0.209 0.345 0.942 0.676 0.324 0.058 0.687 0.948 0.052 0.313 0.748 0.825 0.175 0.252 
13 0.681 0.628 0.372 0.319 0.793 0.688 0.312 0.207 0.824 0.941 0.059 0.176 0.722 0.794 0.206 0.278 0.688 0.819 0.181 0.312 
14 0.749 0.822 0.178 0.251 0.718 0.903 0.097 0.282 0.912 0.650 0.350 0.088 0.992 0.960 0.040 0.008 0.931 0.867 0.133 0.069 
15 0.705 0.703 0.297 0.295 0.897 0.843 0.157 0.103 0.714 0.709 0.291 0.286 0.712 0.729 0.271 0.288 0.601 0.808 0.192 0.399 
16 0.793 0.790 0.210 0.207 0.651 0.924 0.076 0.349 0.693 0.612 0.388 0.307 0.772 0.749 0.251 0.228 0.618 0.607 0.393 0.382 
17 0.804 0.719 0.281 0.196 0.842 0.610 0.390 0.158 0.876 0.992 0.008 0.124 0.866 0.884 0.116 0.134 0.893 0.788 0.212 0.107 
18 0.985 0.725 0.275 0.015 0.713 0.895 0.105 0.287 0.910 0.800 0.200 0.090 0.793 0.669 0.331 0.207 0.853 0.623 0.377 0.147 
19 0.847 0.793 0.207 0.153 0.614 0.819 0.181 0.386 0.735 0.672 0.328 0.265 0.956 0.753 0.247 0.044 0.907 0.633 0.367 0.093 
20 0.963 0.800 0.200 0.037 0.868 0.862 0.138 0.132 0.913 0.820 0.180 0.087 0.800 0.770 0.230 0.200 0.792 0.697 0.303 0.208 
21 0.835 0.729 0.271 0.165 0.801 0.620 0.380 0.199 0.647 0.825 0.175 0.353 0.767 0.853 0.147 0.233 0.718 0.749 0.251 0.282 
22 0.831 0.963 0.037 0.169 0.628 0.805 0.195 0.372 0.741 0.629 0.371 0.259 0.723 0.813 0.187 0.277 0.643 0.920 0.080 0.357 
23 0.849 0.865 0.135 0.151 0.716 0.975 0.025 0.284 0.841 0.633 0.367 0.159 0.639 0.975 0.025 0.361 0.963 0.745 0.255 0.037 
24 0.856 0.848 0.152 0.144 0.981 0.901 0.099 0.019 0.643 0.891 0.109 0.357 0.612 0.949 0.051 0.388 0.706 0.681 0.319 0.294 
25 0.950 0.815 0.185 0.050 0.613 0.949 0.051 0.387 0.929 0.840 0.160 0.071 0.726 0.936 0.064 0.274 0.957 0.610 0.390 0.043 
26 0.931 0.729 0.271 0.069 0.679 0.817 0.183 0.321 0.724 0.973 0.027 0.276 0.863 0.615 0.385 0.137 0.822 0.859 0.141 0.178 
27 0.708 0.934 0.066 0.292 0.887 0.785 0.215 0.113 0.613 0.836 0.164 0.387 0.938 0.813 0.187 0.062 0.869 0.668 0.332 0.131 
28 0.946 0.960 0.040 0.054 0.982 0.690 0.310 0.018 0.978 0.910 0.090 0.022 0.859 0.855 0.145 0.141 0.615 0.740 0.260 0.385 
29 0.943 0.639 0.361 0.057 0.968 0.712 0.288 0.032 0.615 0.901 0.099 0.385 0.732 0.640 0.360 0.268 0.970 0.614 0.386 0.030 
30 0.619 0.731 0.269 0.381 0.886 0.999 0.001 0.114 0.787 0.883 0.117 0.213 0.731 0.822 0.178 0.269 0.781 0.620 0.380 0.219 



 

Experiment II, Repetition 4 
 

 Logical sensor 1, t=0 Logical sensor 2, t=0 Logical sensor 3, t=0 Logical sensor 4, t=0 Logical sensor 5, t=0 
Rand OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM 

1 0.959 0.896 0.104 0.041 0.615 0.726 0.274 0.385 0.919 0.822 0.178 0.081 0.697 0.860 0.140 0.303 0.953 0.749 0.251 0.047 
2 0.802 0.984 0.016 0.198 0.793 0.973 0.027 0.207 0.901 0.679 0.321 0.099 0.908 0.743 0.257 0.092 0.814 0.908 0.092 0.186 
3 0.828 0.971 0.029 0.172 0.754 0.704 0.296 0.246 0.691 0.607 0.393 0.309 0.758 0.883 0.117 0.242 0.971 0.940 0.060 0.029 
4 0.937 0.888 0.112 0.063 0.618 0.919 0.081 0.382 0.725 0.744 0.256 0.275 0.717 0.877 0.123 0.283 0.763 0.812 0.188 0.237 
5 0.639 0.931 0.069 0.361 0.657 0.747 0.253 0.343 0.818 0.997 0.003 0.182 0.831 0.991 0.009 0.169 0.712 0.989 0.011 0.288 
6 0.675 0.675 0.325 0.325 0.725 0.839 0.161 0.275 0.808 0.788 0.212 0.192 0.634 0.736 0.264 0.366 0.685 0.608 0.392 0.315 
7 0.721 0.668 0.332 0.279 0.678 0.899 0.101 0.322 0.679 0.762 0.238 0.321 0.853 0.870 0.130 0.147 0.790 0.844 0.156 0.210 
8 0.886 0.612 0.388 0.114 0.609 0.944 0.056 0.391 0.695 0.740 0.260 0.305 0.978 0.819 0.181 0.022 0.622 0.661 0.339 0.378 
9 0.662 0.768 0.232 0.338 0.645 0.615 0.385 0.355 0.764 0.707 0.293 0.236 0.877 0.799 0.201 0.123 0.808 0.820 0.180 0.192 

10 0.752 0.923 0.077 0.248 0.767 0.801 0.199 0.233 0.641 0.862 0.138 0.359 0.978 0.608 0.392 0.022 0.742 0.832 0.168 0.258 
11 0.998 0.823 0.177 0.002 0.647 0.648 0.352 0.353 0.794 0.648 0.352 0.206 0.846 0.939 0.061 0.154 0.661 0.945 0.055 0.339 
12 0.713 0.895 0.105 0.287 0.642 0.777 0.223 0.358 0.949 0.833 0.167 0.051 0.930 0.612 0.388 0.070 0.663 0.988 0.012 0.337 
13 0.747 0.876 0.124 0.253 0.953 0.983 0.017 0.047 0.888 0.890 0.110 0.112 0.913 0.602 0.398 0.087 0.888 0.977 0.023 0.112 
14 0.793 0.787 0.213 0.207 0.681 0.964 0.036 0.319 0.611 0.720 0.280 0.389 0.698 0.954 0.046 0.302 0.898 0.741 0.259 0.102 
15 0.892 0.963 0.037 0.108 0.601 0.613 0.387 0.399 0.819 0.758 0.242 0.181 0.713 0.717 0.283 0.287 0.723 0.845 0.155 0.277 
16 0.743 0.860 0.140 0.257 0.654 0.845 0.155 0.346 0.815 0.721 0.279 0.185 0.809 0.997 0.003 0.191 0.988 0.613 0.387 0.012 
17 0.823 0.837 0.163 0.177 0.836 0.670 0.330 0.164 0.883 0.751 0.249 0.117 0.891 0.743 0.257 0.109 0.867 0.702 0.298 0.133 
18 0.773 0.633 0.367 0.227 0.939 0.797 0.203 0.061 0.604 0.690 0.310 0.396 0.732 0.863 0.137 0.268 0.870 0.889 0.111 0.130 
19 0.694 0.899 0.101 0.306 0.871 0.736 0.264 0.129 0.798 0.679 0.321 0.202 0.864 0.916 0.084 0.136 0.948 0.907 0.093 0.052 
20 0.862 0.907 0.093 0.138 0.809 0.777 0.223 0.191 0.691 0.637 0.363 0.309 0.890 0.634 0.366 0.110 0.605 0.891 0.109 0.395 
21 0.758 0.772 0.228 0.242 0.685 0.802 0.198 0.315 0.829 0.974 0.026 0.171 0.807 0.712 0.288 0.193 0.682 0.733 0.267 0.318 
22 0.634 0.913 0.087 0.366 0.804 0.783 0.217 0.196 0.604 0.958 0.042 0.396 0.737 0.642 0.358 0.263 0.989 0.911 0.089 0.011 
23 0.656 0.756 0.244 0.344 0.972 0.666 0.334 0.028 0.700 0.724 0.276 0.300 0.867 0.980 0.020 0.133 0.748 0.669 0.331 0.252 
24 0.754 0.774 0.226 0.246 0.755 0.791 0.209 0.245 0.830 0.937 0.063 0.170 0.842 0.843 0.157 0.158 0.648 0.992 0.008 0.352 
25 0.632 0.786 0.214 0.368 0.861 0.934 0.066 0.139 0.657 0.980 0.020 0.343 0.974 0.814 0.186 0.026 0.630 0.917 0.083 0.370 
26 0.610 0.669 0.331 0.390 0.785 0.818 0.182 0.215 0.767 0.710 0.290 0.233 0.925 0.759 0.241 0.075 0.835 0.890 0.110 0.165 
27 0.661 0.981 0.019 0.339 0.851 0.934 0.066 0.149 0.618 0.970 0.030 0.382 0.895 0.733 0.267 0.105 0.688 0.624 0.376 0.312 
28 0.899 0.636 0.364 0.101 0.891 0.656 0.344 0.109 0.641 0.832 0.168 0.359 0.874 0.818 0.182 0.126 0.945 0.916 0.084 0.055 
29 0.858 0.950 0.050 0.142 0.661 0.729 0.271 0.339 0.871 0.775 0.225 0.129 0.804 0.754 0.246 0.196 0.918 0.665 0.335 0.082 
30 0.971 0.849 0.151 0.029 0.680 0.655 0.345 0.320 0.940 0.700 0.300 0.060 0.750 0.617 0.383 0.250 0.804 0.620 0.380 0.196 



 

Experiment II, Repetition 5 
 

 Logical sensor 1, t=0 Logical sensor 2, t=0 Logical sensor 3, t=0 Logical sensor 4, t=0 Logical sensor 5, t=0 
Rand OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM 

1 0.862 0.648 0.352 0.138 0.924 0.874 0.126 0.076 0.674 0.677 0.323 0.326 0.738 0.758 0.242 0.262 0.987 0.920 0.080 0.013 
2 0.931 0.950 0.050 0.069 0.913 0.664 0.336 0.087 0.923 0.684 0.316 0.077 0.991 0.947 0.053 0.009 0.872 0.839 0.161 0.128 
3 0.722 0.853 0.147 0.278 0.965 0.630 0.370 0.035 0.836 0.810 0.190 0.164 0.630 0.827 0.173 0.370 0.810 0.615 0.385 0.190 
4 0.676 0.766 0.234 0.324 0.635 0.919 0.081 0.365 0.790 0.810 0.190 0.210 0.824 0.769 0.231 0.176 0.606 0.719 0.281 0.394 
5 0.725 0.613 0.387 0.275 0.995 0.921 0.079 0.005 0.778 0.833 0.167 0.222 0.673 0.979 0.021 0.327 0.600 0.676 0.324 0.400 
6 0.890 0.897 0.103 0.110 0.913 0.944 0.056 0.087 0.907 0.844 0.156 0.093 0.962 0.884 0.116 0.038 0.744 0.960 0.040 0.256 
7 0.746 0.725 0.275 0.254 0.800 0.645 0.355 0.200 0.919 0.990 0.010 0.081 0.861 0.991 0.009 0.139 0.766 0.657 0.343 0.234 
8 0.925 0.818 0.182 0.075 0.706 0.717 0.283 0.294 0.833 0.862 0.138 0.167 0.941 0.809 0.191 0.059 0.747 0.763 0.237 0.253 
9 0.989 0.680 0.320 0.011 0.610 0.700 0.300 0.390 0.975 0.952 0.048 0.025 0.651 0.870 0.130 0.349 0.849 0.963 0.037 0.151 

10 0.662 0.821 0.179 0.338 0.830 0.697 0.303 0.170 0.885 0.954 0.046 0.115 0.708 0.653 0.347 0.292 0.849 0.933 0.067 0.151 
11 0.787 0.717 0.283 0.213 0.823 0.740 0.260 0.177 0.798 0.933 0.067 0.202 0.971 0.692 0.308 0.029 0.910 0.935 0.065 0.090 
12 0.767 0.678 0.322 0.233 0.885 0.662 0.338 0.115 0.829 0.906 0.094 0.171 0.746 0.857 0.143 0.254 0.681 0.744 0.256 0.319 
13 0.847 0.602 0.398 0.153 0.600 0.637 0.363 0.400 0.881 0.806 0.194 0.119 0.863 0.629 0.371 0.137 0.701 0.895 0.105 0.299 
14 0.782 0.861 0.139 0.218 0.703 0.636 0.364 0.297 0.832 0.754 0.246 0.168 0.642 0.669 0.331 0.358 0.679 0.983 0.017 0.321 
15 0.960 0.812 0.188 0.040 0.704 0.923 0.077 0.296 0.605 0.832 0.168 0.395 0.755 0.918 0.082 0.245 0.874 0.945 0.055 0.126 
16 0.837 0.854 0.146 0.163 0.823 0.989 0.011 0.177 0.785 0.891 0.109 0.215 0.825 0.624 0.376 0.175 0.961 0.710 0.290 0.039 
17 0.970 0.774 0.226 0.030 0.780 0.757 0.243 0.220 0.856 0.730 0.270 0.144 0.677 0.657 0.343 0.323 0.868 0.888 0.112 0.132 
18 0.944 0.767 0.233 0.056 0.907 0.676 0.324 0.093 0.843 0.771 0.229 0.157 0.887 0.627 0.373 0.113 0.674 0.824 0.176 0.326 
19 0.913 0.611 0.389 0.087 0.942 0.719 0.281 0.058 0.666 0.715 0.285 0.334 0.703 0.969 0.031 0.297 0.817 0.995 0.005 0.183 
20 0.760 0.861 0.139 0.240 0.806 0.961 0.039 0.194 0.840 0.924 0.076 0.160 0.862 0.950 0.050 0.138 0.947 0.647 0.353 0.053 
21 0.735 0.896 0.104 0.265 0.927 0.952 0.048 0.073 0.813 0.701 0.299 0.187 0.799 0.836 0.164 0.201 0.905 0.856 0.144 0.095 
22 0.665 0.628 0.372 0.335 0.619 0.881 0.119 0.381 0.832 0.783 0.217 0.168 0.772 0.773 0.227 0.228 0.850 0.708 0.292 0.150 
23 0.645 0.735 0.265 0.355 0.694 0.711 0.289 0.306 0.876 0.621 0.379 0.124 0.698 0.833 0.167 0.302 0.648 0.928 0.072 0.352 
24 0.826 0.887 0.113 0.174 0.900 0.953 0.047 0.100 0.883 0.610 0.390 0.117 0.918 0.973 0.027 0.082 0.919 0.990 0.010 0.081 
25 0.939 0.628 0.372 0.061 0.637 0.776 0.224 0.363 0.761 0.760 0.240 0.239 0.721 0.890 0.110 0.279 0.937 0.684 0.316 0.063 
26 0.750 0.698 0.302 0.250 0.965 0.937 0.063 0.035 0.724 0.938 0.062 0.276 0.791 0.663 0.337 0.209 0.866 0.637 0.363 0.134 
27 0.714 0.753 0.247 0.286 0.979 0.871 0.129 0.021 0.731 0.915 0.085 0.269 0.667 0.946 0.054 0.333 0.939 0.737 0.263 0.061 
28 0.954 0.926 0.074 0.046 0.702 0.983 0.017 0.298 0.888 0.753 0.247 0.112 0.712 0.634 0.366 0.288 0.845 0.859 0.141 0.155 
29 0.647 0.698 0.302 0.353 0.696 0.963 0.037 0.304 0.836 0.868 0.132 0.164 0.758 0.730 0.270 0.242 0.732 0.781 0.219 0.268 
30 0.997 0.630 0.370 0.003 0.763 0.616 0.384 0.237 0.787 0.972 0.028 0.213 0.772 0.621 0.379 0.228 0.965 0.639 0.361 0.035 



 

Experiment III, Repetition 1 
 

 Logical sensor 1, t=0 Logical sensor 2, t=0 Logical sensor 3, t=0 Logical sensor 4, t=0 Logical sensor 5, t=0 
Rand OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM 

1 0.756 0.963 0.037 0.244 0.765 0.791 0.209 0.235 0.931 0.764 0.236 0.069 0.825 0.646 0.354 0.175 0.993 0.670 0.330 0.007 
2 0.664 0.797 0.203 0.336 0.929 0.720 0.280 0.071 0.933 0.820 0.180 0.067 0.748 0.964 0.036 0.252 0.678 0.709 0.291 0.322 
3 0.772 0.795 0.205 0.228 0.690 0.635 0.365 0.310 0.780 0.964 0.036 0.220 0.731 0.650 0.350 0.269 0.825 0.701 0.299 0.175 
4 0.791 0.922 0.078 0.209 0.899 0.890 0.110 0.101 0.677 0.980 0.020 0.323 0.689 0.772 0.228 0.311 0.960 0.609 0.391 0.040 
5 0.696 0.834 0.166 0.304 0.957 0.770 0.230 0.043 0.732 0.691 0.309 0.268 0.795 0.758 0.242 0.205 0.844 0.786 0.214 0.156 
6 0.907 0.778 0.222 0.093 0.621 0.675 0.325 0.379 0.870 0.907 0.093 0.130 0.822 0.992 0.008 0.178 0.971 0.930 0.070 0.029 
7 0.870 0.630 0.370 0.130 0.772 0.853 0.147 0.228 0.803 0.767 0.233 0.197 0.625 0.703 0.297 0.375 0.953 0.629 0.371 0.047 
8 0.826 0.830 0.170 0.174 0.644 0.665 0.335 0.356 0.866 0.973 0.027 0.134 0.827 0.904 0.096 0.173 0.871 0.728 0.272 0.129 
9 0.867 0.824 0.176 0.133 0.773 0.657 0.343 0.227 0.770 0.802 0.198 0.230 0.763 0.860 0.140 0.237 0.710 0.638 0.362 0.290 

10 0.602 0.702 0.298 0.398 0.729 0.612 0.388 0.271 0.836 0.611 0.389 0.164 0.651 0.634 0.366 0.349 0.968 0.644 0.356 0.032 
11 0.891 0.933 0.067 0.109 0.611 0.977 0.023 0.389 0.767 0.774 0.226 0.233 0.690 0.758 0.242 0.310 0.730 0.955 0.045 0.270 
12 0.718 0.993 0.007 0.282 0.753 0.936 0.064 0.247 0.764 0.786 0.214 0.236 0.833 0.760 0.240 0.167 0.975 0.756 0.244 0.025 
13 0.797 0.775 0.225 0.203 0.992 0.930 0.070 0.008 0.783 0.903 0.097 0.217 0.710 0.771 0.229 0.290 0.903 0.834 0.166 0.097 
14 0.764 0.641 0.359 0.236 0.674 0.869 0.131 0.326 0.629 0.765 0.235 0.371 0.995 0.923 0.077 0.005 0.825 0.606 0.394 0.175 
15 0.698 0.953 0.047 0.302 0.622 0.601 0.399 0.378 0.985 0.968 0.032 0.015 0.897 0.634 0.366 0.103 0.712 0.939 0.061 0.288 
16 0.828 0.670 0.330 0.172 0.633 0.845 0.155 0.367 0.607 0.932 0.068 0.393 0.621 0.801 0.199 0.379 0.753 0.807 0.193 0.247 
17 0.625 0.987 0.013 0.375 0.736 0.646 0.354 0.264 0.663 0.642 0.358 0.337 0.984 0.814 0.186 0.016 0.862 0.915 0.085 0.138 
18 0.970 0.906 0.094 0.030 0.916 0.950 0.050 0.084 0.754 0.967 0.033 0.246 0.639 0.738 0.262 0.361 0.754 0.827 0.173 0.246 
19 0.670 0.792 0.208 0.330 0.657 0.962 0.038 0.343 0.784 0.798 0.202 0.216 0.943 0.781 0.219 0.057 0.907 0.822 0.178 0.093 
20 0.829 0.903 0.097 0.171 0.743 0.897 0.103 0.257 0.642 0.792 0.208 0.358 0.808 0.992 0.008 0.192 0.732 0.942 0.058 0.268 
21 0.712 0.993 0.007 0.288 0.867 0.729 0.271 0.133 0.810 0.758 0.242 0.190 0.655 0.620 0.380 0.345 0.853 0.719 0.281 0.147 
22 0.827 0.808 0.192 0.173 0.922 0.784 0.216 0.078 0.817 0.904 0.096 0.183 0.619 0.824 0.176 0.381 0.729 0.772 0.228 0.271 
23 0.608 0.791 0.209 0.392 0.803 0.789 0.211 0.197 0.616 0.746 0.254 0.384 0.802 0.686 0.314 0.198 0.692 0.791 0.209 0.308 
24 0.690 0.660 0.340 0.310 0.929 0.608 0.392 0.071 0.722 0.821 0.179 0.278 0.984 0.876 0.124 0.016 0.986 0.695 0.305 0.014 
25 0.697 0.983 0.017 0.303 0.785 0.615 0.385 0.215 0.693 0.953 0.047 0.307 0.876 0.652 0.348 0.124 0.710 0.665 0.335 0.290 
26 0.853 0.771 0.229 0.147 0.755 0.867 0.133 0.245 0.960 0.624 0.376 0.040 0.663 0.891 0.109 0.337 0.645 0.835 0.165 0.355 
27 0.945 0.917 0.083 0.055 0.708 0.883 0.117 0.292 0.677 0.703 0.297 0.323 0.840 0.677 0.323 0.160 0.850 0.915 0.085 0.150 
28 0.979 0.921 0.079 0.021 0.825 0.800 0.200 0.175 0.808 0.694 0.306 0.192 0.933 0.948 0.052 0.067 0.937 0.672 0.328 0.063 
29 0.603 0.715 0.285 0.397 0.644 0.626 0.374 0.356 0.917 0.946 0.054 0.083 0.984 0.721 0.279 0.016 0.775 0.863 0.137 0.225 
30 0.676 0.886 0.114 0.324 0.778 0.890 0.110 0.222 0.825 0.606 0.394 0.175 0.734 0.717 0.283 0.266 0.603 0.658 0.342 0.397 



 

Experiment III, Repetition 2 
 

 Logical sensor 1, t=0 Logical sensor 2, t=0 Logical sensor 3, t=0 Logical sensor 4, t=0 Logical sensor 5, t=0 
Rand OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM 

1 0.913 0.802 0.198 0.087 0.923 0.873 0.127 0.077 0.734 0.632 0.368 0.266 0.849 0.637 0.363 0.151 0.643 0.939 0.061 0.357 
2 0.758 0.615 0.385 0.242 0.677 0.930 0.070 0.323 0.940 0.660 0.340 0.060 0.622 0.787 0.213 0.378 0.781 0.755 0.245 0.219 
3 0.734 0.778 0.222 0.266 0.645 0.631 0.369 0.355 0.665 0.944 0.056 0.335 0.714 0.737 0.263 0.286 0.938 0.988 0.012 0.062 
4 0.906 0.758 0.242 0.094 0.649 0.660 0.340 0.351 0.859 0.868 0.132 0.141 0.952 0.618 0.382 0.048 0.924 0.973 0.027 0.076 
5 0.970 0.822 0.178 0.030 0.905 0.734 0.266 0.095 0.733 0.854 0.146 0.267 0.620 0.784 0.216 0.380 0.944 0.648 0.352 0.056 
6 0.603 0.616 0.384 0.397 0.698 0.665 0.335 0.302 0.633 0.831 0.169 0.367 0.896 0.685 0.315 0.104 0.941 0.984 0.016 0.059 
7 0.661 0.902 0.098 0.339 0.637 0.681 0.319 0.363 0.742 0.615 0.385 0.258 0.742 0.892 0.108 0.258 0.620 0.864 0.136 0.380 
8 0.674 0.992 0.008 0.326 0.719 0.709 0.291 0.281 0.632 0.672 0.328 0.368 0.911 0.707 0.293 0.089 0.921 0.633 0.367 0.079 
9 0.764 0.907 0.093 0.236 0.939 0.814 0.186 0.061 0.849 0.725 0.275 0.151 0.710 0.895 0.105 0.290 0.747 0.793 0.207 0.253 

10 0.619 0.794 0.206 0.381 0.897 0.611 0.389 0.104 0.757 0.875 0.125 0.243 0.858 0.875 0.125 0.142 0.669 0.667 0.333 0.331 
11 0.986 0.628 0.372 0.014 0.641 0.811 0.189 0.359 0.862 0.683 0.317 0.138 0.938 0.906 0.094 0.062 0.763 0.688 0.312 0.237 
12 0.703 0.751 0.249 0.297 0.897 0.989 0.011 0.103 0.854 0.613 0.387 0.146 0.799 0.927 0.073 0.201 0.678 0.615 0.385 0.322 
13 0.632 0.784 0.216 0.368 0.892 0.704 0.296 0.108 0.893 0.689 0.311 0.107 0.741 0.657 0.343 0.259 0.977 0.839 0.161 0.023 
14 0.607 0.601 0.399 0.393 0.968 0.723 0.277 0.032 0.786 0.720 0.280 0.214 0.715 0.758 0.242 0.285 0.876 0.980 0.020 0.124 
15 0.741 0.866 0.134 0.259 0.619 0.859 0.141 0.381 0.633 0.822 0.178 0.367 0.939 0.909 0.091 0.061 0.705 0.802 0.198 0.295 
16 0.838 0.723 0.277 0.162 0.623 0.971 0.029 0.377 0.975 0.743 0.257 0.025 0.769 0.927 0.073 0.231 0.686 0.959 0.041 0.314 
17 0.658 0.759 0.241 0.342 0.855 0.990 0.010 0.145 0.822 0.797 0.203 0.178 0.821 0.863 0.137 0.179 0.725 0.862 0.138 0.275 
18 0.965 0.949 0.051 0.035 0.652 0.632 0.368 0.348 0.710 0.996 0.004 0.290 0.973 0.788 0.212 0.027 0.923 0.611 0.389 0.077 
19 0.762 0.990 0.010 0.238 0.656 0.654 0.346 0.344 0.954 0.815 0.185 0.046 0.941 0.742 0.258 0.059 0.839 0.619 0.381 0.161 
20 0.700 0.601 0.399 0.300 0.649 0.702 0.298 0.351 0.873 0.947 0.053 0.127 0.936 0.702 0.298 0.064 0.783 0.770 0.230 0.217 
21 0.709 0.939 0.061 0.291 0.874 0.849 0.151 0.126 0.928 0.795 0.205 0.072 0.761 0.652 0.348 0.239 0.634 0.694 0.306 0.366 
22 0.899 0.685 0.315 0.101 0.650 0.707 0.293 0.350 0.683 0.744 0.256 0.317 0.847 0.827 0.173 0.153 0.626 0.635 0.365 0.374 
23 0.762 0.784 0.216 0.238 0.774 0.773 0.227 0.226 0.937 0.912 0.088 0.063 0.764 0.819 0.181 0.236 0.675 0.966 0.034 0.325 
24 0.691 0.630 0.370 0.309 0.856 0.745 0.255 0.144 0.726 0.833 0.167 0.274 0.725 0.650 0.350 0.275 0.677 0.880 0.120 0.323 
25 0.820 0.935 0.065 0.180 0.841 0.736 0.264 0.159 0.798 0.794 0.206 0.202 0.812 0.612 0.388 0.188 0.969 1.000 0.000 0.031 
26 0.759 0.898 0.102 0.241 0.761 0.724 0.276 0.239 0.625 0.793 0.207 0.375 0.664 0.760 0.240 0.336 0.823 0.628 0.372 0.177 
27 0.920 0.973 0.027 0.080 0.847 0.617 0.383 0.153 0.916 0.881 0.119 0.084 0.623 0.896 0.104 0.377 0.732 0.722 0.278 0.268 
28 0.849 0.666 0.334 0.151 0.893 0.871 0.129 0.107 0.698 0.749 0.251 0.302 0.638 0.619 0.381 0.362 0.894 0.801 0.199 0.106 
29 0.819 0.914 0.086 0.181 0.603 0.875 0.125 0.397 0.767 0.913 0.087 0.233 0.737 0.953 0.047 0.263 0.930 0.641 0.359 0.070 
30 0.682 0.852 0.148 0.318 0.815 0.934 0.066 0.185 0.609 0.783 0.217 0.391 0.864 0.643 0.357 0.136 0.707 0.966 0.034 0.293 



 

Experiment III, Repetition 3 
 

 Logical sensor 1, t=0 Logical sensor 2, t=0 Logical sensor 3, t=0 Logical sensor 4, t=0 Logical sensor 5, t=0 
Rand OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM 

1 0.662 0.912 0.088 0.338 0.839 0.860 0.140 0.161 0.729 0.719 0.281 0.271 0.772 0.931 0.069 0.228 0.623 0.666 0.334 0.377 
2 0.747 0.708 0.292 0.253 0.627 0.878 0.122 0.373 0.646 0.870 0.130 0.354 0.745 0.648 0.352 0.255 0.618 0.606 0.394 0.382 
3 0.748 0.655 0.345 0.252 0.667 0.888 0.112 0.333 0.670 0.834 0.166 0.330 0.838 0.730 0.270 0.162 0.831 0.999 0.001 0.169 
4 0.639 0.941 0.059 0.361 0.725 0.838 0.162 0.275 0.849 0.950 0.050 0.151 0.855 0.753 0.247 0.145 0.668 0.616 0.384 0.332 
5 0.899 0.956 0.044 0.101 0.782 0.957 0.043 0.218 0.803 0.864 0.136 0.197 0.847 0.741 0.259 0.153 0.918 0.870 0.130 0.082 
6 0.867 0.747 0.253 0.133 0.868 0.949 0.051 0.132 0.794 0.679 0.321 0.206 0.654 0.803 0.197 0.346 0.635 0.622 0.378 0.365 
7 0.971 0.993 0.007 0.029 0.824 0.668 0.332 0.176 0.832 0.677 0.323 0.168 0.723 0.687 0.313 0.277 0.618 0.932 0.068 0.382 
8 0.783 0.654 0.346 0.217 0.623 0.780 0.220 0.377 0.718 0.839 0.161 0.282 0.924 0.942 0.058 0.076 0.809 0.626 0.374 0.191 
9 0.756 0.659 0.341 0.244 0.780 0.756 0.244 0.220 0.950 0.930 0.070 0.050 0.921 0.656 0.344 0.079 0.699 0.650 0.350 0.301 

10 0.783 0.812 0.188 0.217 0.780 0.886 0.114 0.220 0.955 0.851 0.149 0.045 0.896 0.679 0.321 0.104 0.952 0.686 0.314 0.048 
11 0.907 0.750 0.250 0.093 0.695 0.910 0.090 0.305 0.789 0.847 0.153 0.211 0.969 0.644 0.356 0.031 0.902 0.696 0.304 0.098 
12 0.993 0.936 0.064 0.007 0.747 0.979 0.021 0.253 0.833 0.975 0.025 0.167 0.990 0.925 0.075 0.010 0.721 0.786 0.214 0.279 
13 0.751 0.920 0.080 0.249 0.735 0.836 0.164 0.265 0.642 0.965 0.035 0.358 0.704 0.835 0.165 0.296 0.692 0.745 0.255 0.308 
14 0.613 0.686 0.314 0.387 0.651 0.770 0.230 0.349 0.798 0.836 0.164 0.202 0.828 0.672 0.328 0.172 0.808 0.904 0.096 0.192 
15 0.961 0.913 0.087 0.039 0.694 0.860 0.140 0.306 0.787 0.864 0.136 0.213 0.854 0.836 0.164 0.146 0.959 0.734 0.266 0.041 
16 0.900 0.960 0.040 0.100 0.964 0.763 0.237 0.036 0.980 0.931 0.069 0.020 0.977 0.882 0.118 0.023 0.809 0.864 0.136 0.191 
17 0.642 0.863 0.137 0.358 0.754 0.604 0.396 0.246 0.638 0.839 0.161 0.362 0.780 0.769 0.231 0.220 0.749 0.754 0.246 0.251 
18 0.871 0.850 0.150 0.129 0.862 0.776 0.224 0.138 0.873 0.837 0.163 0.127 0.765 0.777 0.223 0.235 0.603 0.882 0.118 0.397 
19 0.767 0.637 0.363 0.233 0.855 0.750 0.250 0.145 0.731 0.655 0.345 0.269 0.953 0.987 0.013 0.047 0.601 0.898 0.102 0.399 
20 0.862 0.847 0.153 0.138 0.690 0.735 0.265 0.310 0.662 0.744 0.256 0.338 0.610 0.619 0.381 0.390 0.658 0.662 0.338 0.342 
21 0.736 0.711 0.289 0.264 0.647 0.855 0.145 0.353 0.770 0.662 0.338 0.230 0.841 0.846 0.154 0.159 0.718 0.689 0.311 0.282 
22 0.680 0.652 0.348 0.320 0.959 0.714 0.286 0.041 0.788 0.694 0.306 0.212 0.652 0.852 0.148 0.348 0.701 0.612 0.388 0.299 
23 0.855 0.757 0.243 0.145 0.711 0.917 0.083 0.289 0.881 0.890 0.110 0.119 0.982 0.904 0.096 0.018 0.815 0.656 0.344 0.185 
24 0.639 0.701 0.299 0.361 0.797 0.863 0.137 0.203 0.871 0.845 0.155 0.129 0.838 0.840 0.160 0.162 0.888 0.901 0.099 0.112 
25 0.939 0.917 0.083 0.061 0.848 0.663 0.337 0.152 0.662 0.692 0.308 0.338 0.991 0.630 0.370 0.009 0.845 0.649 0.351 0.155 
26 0.758 0.727 0.273 0.242 0.751 0.788 0.212 0.249 0.702 0.607 0.393 0.298 0.794 0.782 0.218 0.206 0.777 0.805 0.195 0.223 
27 0.911 0.802 0.198 0.089 0.800 0.882 0.118 0.200 0.733 0.620 0.380 0.267 0.894 0.879 0.121 0.106 0.941 0.707 0.293 0.059 
28 0.848 0.806 0.194 0.152 0.668 0.618 0.382 0.332 0.762 0.835 0.165 0.238 0.735 0.880 0.120 0.265 0.617 0.872 0.128 0.383 
29 0.880 0.895 0.105 0.120 0.876 0.976 0.024 0.124 0.771 0.966 0.034 0.229 0.610 0.657 0.343 0.390 0.759 0.850 0.150 0.241 
30 0.713 0.747 0.253 0.287 0.853 0.870 0.130 0.147 0.927 0.671 0.329 0.073 0.696 0.634 0.366 0.304 0.922 0.966 0.034 0.078 



 

Experiment III, Repetition 4 
 

 Logical sensor 1, t=0 Logical sensor 2, t=0 Logical sensor 3, t=0 Logical sensor 4, t=0 Logical sensor 5, t=0 
Rand OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM 

1 0.770 0.720 0.280 0.230 0.626 0.918 0.082 0.374 0.823 0.816 0.184 0.177 0.713 0.689 0.311 0.287 0.721 0.843 0.157 0.279 
2 0.615 0.875 0.125 0.385 0.676 0.619 0.381 0.324 0.779 0.829 0.171 0.221 0.913 0.877 0.123 0.087 0.729 0.829 0.171 0.271 
3 0.813 0.828 0.172 0.187 0.704 0.817 0.183 0.296 0.990 0.693 0.307 0.010 0.669 0.740 0.260 0.331 0.719 0.732 0.268 0.281 
4 0.669 0.942 0.058 0.331 0.881 0.951 0.049 0.119 0.728 0.666 0.334 0.272 0.624 0.816 0.184 0.376 0.627 0.700 0.300 0.373 
5 0.764 0.900 0.100 0.236 0.970 0.847 0.153 0.030 0.692 0.839 0.161 0.308 0.794 0.616 0.384 0.206 0.932 0.873 0.127 0.068 
6 0.623 0.994 0.006 0.377 0.856 0.853 0.147 0.144 0.611 0.942 0.058 0.389 0.966 0.737 0.263 0.034 0.693 0.906 0.094 0.307 
7 0.685 0.960 0.040 0.315 0.698 0.810 0.190 0.302 1.000 0.784 0.216 0.000 0.789 0.797 0.203 0.211 0.632 0.880 0.120 0.368 
8 0.634 0.835 0.165 0.366 0.749 0.997 0.003 0.251 0.725 0.604 0.396 0.275 0.764 0.781 0.219 0.236 0.817 0.886 0.114 0.183 
9 0.651 0.701 0.299 0.349 0.845 0.636 0.364 0.155 0.684 0.715 0.285 0.316 0.827 0.779 0.221 0.173 0.825 0.652 0.348 0.175 

10 0.716 0.684 0.316 0.284 0.702 0.683 0.317 0.298 0.836 0.842 0.158 0.164 0.710 0.989 0.011 0.290 0.660 0.957 0.043 0.340 
11 0.873 0.748 0.252 0.127 0.639 0.693 0.307 0.361 0.794 0.748 0.252 0.206 0.744 0.704 0.296 0.256 0.887 0.870 0.130 0.113 
12 0.821 0.936 0.064 0.179 0.727 0.986 0.014 0.273 1.000 0.937 0.063 0.000 0.882 0.928 0.072 0.118 0.723 0.978 0.022 0.277 
13 0.879 0.910 0.090 0.121 0.854 0.741 0.259 0.146 0.706 0.629 0.371 0.294 0.810 0.672 0.328 0.190 0.818 0.679 0.321 0.182 
14 0.888 0.946 0.054 0.112 0.796 0.832 0.168 0.204 0.661 0.658 0.342 0.339 0.769 0.823 0.177 0.231 0.681 0.682 0.318 0.319 
15 0.873 0.647 0.353 0.127 0.880 0.704 0.296 0.120 0.769 0.884 0.116 0.231 0.829 0.791 0.209 0.171 0.764 0.646 0.354 0.236 
16 0.842 0.899 0.101 0.158 0.731 0.906 0.094 0.269 0.819 0.616 0.384 0.181 0.944 0.936 0.064 0.056 0.714 0.894 0.106 0.286 
17 0.814 0.693 0.307 0.186 0.694 0.825 0.175 0.306 0.668 0.784 0.216 0.332 0.775 0.639 0.361 0.225 0.937 0.660 0.340 0.063 
18 0.702 0.635 0.365 0.298 0.903 0.817 0.183 0.097 0.816 0.692 0.308 0.184 0.836 0.894 0.106 0.164 0.752 0.755 0.245 0.248 
19 0.866 0.796 0.204 0.134 0.780 0.711 0.289 0.220 0.707 0.637 0.363 0.293 0.698 0.801 0.199 0.302 0.937 0.798 0.202 0.063 
20 0.980 0.960 0.040 0.020 0.632 0.620 0.380 0.368 0.902 0.931 0.069 0.098 0.798 0.936 0.064 0.202 0.624 0.713 0.287 0.376 
21 0.752 0.603 0.397 0.248 0.622 0.730 0.270 0.378 0.778 0.850 0.150 0.222 0.643 0.997 0.003 0.357 0.814 0.978 0.022 0.186 
22 0.812 0.628 0.372 0.188 0.829 0.946 0.055 0.171 0.943 0.610 0.390 0.057 0.736 0.845 0.155 0.264 0.725 0.964 0.036 0.275 
23 0.831 0.966 0.034 0.169 0.807 0.685 0.315 0.193 0.851 0.764 0.236 0.149 0.733 0.829 0.171 0.267 0.751 0.977 0.023 0.249 
24 0.991 0.915 0.085 0.009 0.656 0.724 0.276 0.344 0.976 0.729 0.271 0.024 0.923 0.952 0.048 0.077 0.916 0.725 0.275 0.084 
25 0.953 0.742 0.258 0.047 0.651 0.979 0.021 0.349 0.854 0.924 0.076 0.146 0.723 0.629 0.371 0.277 0.908 0.910 0.090 0.092 
26 0.946 0.790 0.210 0.054 0.812 0.935 0.065 0.188 0.652 0.883 0.117 0.348 0.832 0.679 0.321 0.168 0.915 0.677 0.323 0.085 
27 0.986 0.878 0.122 0.014 0.708 0.781 0.219 0.292 0.699 0.730 0.270 0.301 0.959 0.773 0.227 0.041 0.703 0.625 0.375 0.297 
28 0.928 0.630 0.370 0.072 0.786 0.899 0.101 0.214 0.854 0.915 0.085 0.146 0.833 0.683 0.317 0.167 0.680 0.991 0.009 0.320 
29 0.864 0.672 0.328 0.136 0.655 0.925 0.075 0.345 0.986 0.854 0.146 0.014 0.659 0.870 0.130 0.341 0.715 0.816 0.184 0.285 
30 0.972 0.940 0.060 0.028 0.705 0.901 0.099 0.295 0.836 0.863 0.137 0.164 0.689 0.834 0.166 0.311 0.828 0.969 0.031 0.172 



 

Experiment III, Repetition 5 
 

 Logical sensor 1, t=0 Logical sensor 2, t=0 Logical sensor 3, t=0 Logical sensor 4, t=0 Logical sensor 5, t=0 
Rand OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM 

1 0.768 0.878 0.122 0.232 0.896 0.700 0.300 0.104 0.820 0.829 0.171 0.180 0.705 0.738 0.262 0.295 0.692 0.805 0.195 0.308 
2 0.674 0.886 0.114 0.326 0.882 0.706 0.294 0.118 0.712 0.630 0.370 0.288 0.691 0.729 0.271 0.309 0.705 0.884 0.116 0.295 
3 0.722 0.793 0.207 0.278 0.750 0.663 0.337 0.250 0.606 0.831 0.169 0.394 0.887 0.854 0.146 0.113 0.903 0.734 0.266 0.097 
4 0.632 0.717 0.283 0.368 0.600 0.656 0.344 0.400 0.984 0.875 0.125 0.016 0.860 0.722 0.278 0.140 0.780 0.735 0.265 0.220 
5 0.723 0.823 0.177 0.277 0.793 0.610 0.390 0.207 0.638 0.716 0.284 0.362 0.661 0.952 0.048 0.339 0.631 0.953 0.047 0.369 
6 0.925 0.813 0.187 0.075 0.757 0.658 0.342 0.243 0.696 0.824 0.176 0.304 0.747 0.961 0.039 0.253 0.754 0.813 0.187 0.246 
7 0.865 0.609 0.391 0.135 0.764 0.727 0.273 0.236 0.986 0.983 0.017 0.014 0.644 0.647 0.353 0.356 0.860 0.732 0.268 0.140 
8 0.763 0.618 0.382 0.237 0.754 0.984 0.016 0.246 0.759 0.767 0.233 0.241 0.651 0.709 0.291 0.349 0.654 0.739 0.261 0.346 
9 0.996 0.679 0.321 0.004 0.837 0.939 0.061 0.163 0.648 0.908 0.092 0.352 0.789 0.631 0.369 0.211 0.857 0.897 0.103 0.143 

10 0.850 0.945 0.055 0.150 0.747 0.725 0.275 0.253 0.615 0.972 0.028 0.385 0.628 0.703 0.297 0.372 0.810 0.787 0.213 0.190 
11 0.773 0.892 0.108 0.227 0.869 0.857 0.143 0.131 0.847 0.769 0.231 0.153 0.790 0.823 0.177 0.210 0.815 0.693 0.307 0.185 
12 0.677 0.857 0.143 0.323 0.748 0.760 0.240 0.252 0.743 0.746 0.254 0.257 0.672 0.762 0.238 0.328 0.915 0.913 0.087 0.085 
13 0.665 0.605 0.395 0.335 0.913 0.887 0.113 0.087 0.605 0.731 0.269 0.395 0.811 0.608 0.392 0.189 0.657 0.846 0.154 0.343 
14 0.611 0.910 0.090 0.389 0.644 0.908 0.092 0.356 0.601 0.656 0.344 0.399 0.644 0.870 0.130 0.356 0.736 0.712 0.288 0.264 
15 0.696 0.652 0.348 0.304 0.974 0.788 0.212 0.026 0.891 0.686 0.314 0.109 0.688 0.849 0.151 0.312 0.785 0.905 0.095 0.215 
16 0.604 0.872 0.128 0.396 0.709 0.832 0.168 0.291 0.640 0.765 0.235 0.360 0.610 0.974 0.026 0.390 0.818 0.683 0.317 0.182 
17 0.711 0.617 0.383 0.289 0.981 0.884 0.116 0.019 0.736 0.951 0.049 0.264 0.697 0.617 0.383 0.303 0.769 0.904 0.096 0.231 
18 0.881 0.921 0.079 0.119 0.822 0.952 0.048 0.178 0.957 0.910 0.090 0.043 0.915 0.861 0.139 0.085 0.668 0.815 0.185 0.332 
19 0.812 0.763 0.237 0.188 0.786 0.887 0.113 0.214 0.706 0.677 0.323 0.294 0.820 0.779 0.221 0.180 0.704 0.844 0.156 0.296 
20 0.875 0.906 0.094 0.125 0.952 0.840 0.160 0.048 0.981 0.992 0.008 0.019 0.939 0.864 0.136 0.061 0.912 0.711 0.289 0.088 
21 0.938 0.959 0.041 0.062 0.820 0.843 0.157 0.180 0.912 0.636 0.364 0.088 0.624 0.824 0.176 0.376 0.968 0.661 0.339 0.032 
22 0.811 0.998 0.002 0.189 0.965 0.660 0.340 0.035 0.827 0.800 0.200 0.173 0.911 0.836 0.164 0.089 0.806 0.618 0.382 0.194 
23 0.850 0.822 0.178 0.150 0.877 0.992 0.008 0.123 0.691 0.858 0.142 0.309 0.943 0.825 0.175 0.057 0.768 0.894 0.106 0.232 
24 0.954 0.894 0.106 0.046 0.918 0.635 0.365 0.082 0.995 0.690 0.310 0.005 0.740 0.949 0.051 0.260 0.771 0.766 0.234 0.229 
25 0.839 0.958 0.042 0.161 0.781 0.780 0.220 0.219 0.622 0.688 0.312 0.378 0.606 0.620 0.380 0.394 0.814 0.866 0.134 0.186 
26 0.741 0.711 0.289 0.259 0.869 0.720 0.280 0.131 0.854 0.801 0.199 0.146 0.901 0.867 0.133 0.099 1.000 0.664 0.336 0.000 
27 0.716 0.765 0.235 0.284 0.843 0.734 0.266 0.157 0.798 0.795 0.205 0.202 0.679 0.719 0.281 0.321 0.753 0.780 0.220 0.247 
28 0.683 0.857 0.143 0.317 0.627 0.993 0.007 0.373 0.768 0.949 0.051 0.232 0.860 0.954 0.046 0.140 0.718 0.894 0.106 0.282 
29 0.708 0.959 0.041 0.292 0.760 0.671 0.329 0.240 0.755 0.642 0.358 0.245 0.706 0.979 0.021 0.294 0.976 0.791 0.209 0.024 
30 0.688 0.759 0.241 0.312 0.802 0.646 0.354 0.198 0.790 0.968 0.032 0.210 0.646 0.715 0.285 0.354 0.881 0.839 0.161 0.119 



 

Experiment IV, Repetition 1 
 

 Logical sensor 1, t=0 Logical sensor 2, t=0 Logical sensor 3, t=0 Logical sensor 4, t=0 Logical sensor 5, t=0 
Rand OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM 

1 0.666 0.661 0.339 0.334 0.932 0.716 0.284 0.068 0.931 0.909 0.091 0.069 0.812 0.780 0.220 0.188 0.633 0.972 0.028 0.367 
2 0.818 0.922 0.078 0.182 0.646 0.727 0.273 0.354 0.664 0.627 0.373 0.336 0.606 0.781 0.219 0.394 0.956 0.814 0.186 0.044 
3 0.652 0.778 0.222 0.348 0.728 0.891 0.109 0.272 0.632 0.861 0.139 0.368 0.634 0.912 0.088 0.366 0.736 0.923 0.077 0.264 
4 0.702 0.965 0.035 0.298 0.926 0.624 0.376 0.074 0.931 0.802 0.198 0.069 0.913 0.723 0.277 0.087 0.695 0.835 0.165 0.305 
5 0.616 0.814 0.186 0.384 0.982 0.628 0.372 0.018 0.849 0.939 0.061 0.151 0.963 0.966 0.034 0.037 0.919 0.960 0.040 0.081 
6 0.949 0.990 0.010 0.051 0.895 0.961 0.039 0.105 0.637 0.656 0.344 0.363 0.708 0.792 0.208 0.292 0.768 0.630 0.370 0.232 
7 0.819 0.759 0.241 0.181 0.848 0.772 0.228 0.152 0.750 0.993 0.007 0.250 0.663 0.951 0.049 0.337 0.623 0.691 0.309 0.377 
8 0.882 0.819 0.181 0.118 0.933 0.728 0.272 0.067 0.619 0.963 0.037 0.381 0.881 0.796 0.204 0.119 0.793 0.962 0.038 0.207 
9 0.863 0.989 0.011 0.137 0.843 0.942 0.058 0.157 0.890 0.762 0.238 0.110 0.931 0.675 0.325 0.069 0.741 0.842 0.158 0.259 

10 0.689 0.857 0.143 0.311 0.902 0.664 0.336 0.098 0.839 0.781 0.219 0.161 0.798 0.635 0.365 0.202 0.836 0.813 0.187 0.164 
11 0.754 0.758 0.242 0.246 0.660 0.853 0.147 0.340 0.865 0.764 0.236 0.135 0.914 0.807 0.193 0.086 0.620 0.636 0.364 0.380 
12 0.751 0.787 0.213 0.249 0.904 0.670 0.330 0.096 0.827 0.644 0.356 0.173 0.999 0.680 0.320 0.001 0.722 0.768 0.232 0.278 
13 0.894 0.733 0.267 0.106 0.742 0.759 0.241 0.258 0.860 0.641 0.359 0.140 0.858 0.923 0.077 0.142 0.714 0.935 0.065 0.286 
14 0.703 0.734 0.266 0.297 0.923 0.702 0.298 0.077 0.922 0.862 0.138 0.078 0.706 0.894 0.106 0.294 0.889 0.602 0.398 0.111 
15 0.780 0.615 0.385 0.220 0.678 0.928 0.072 0.322 0.767 0.641 0.359 0.233 0.633 0.875 0.125 0.367 0.678 0.677 0.323 0.322 
16 0.901 0.614 0.386 0.099 0.607 0.924 0.076 0.393 0.684 0.986 0.014 0.316 0.927 0.830 0.170 0.073 0.610 0.726 0.274 0.390 
17 0.955 0.628 0.372 0.045 0.809 0.748 0.252 0.191 0.974 0.705 0.295 0.026 0.659 0.961 0.039 0.341 0.836 0.602 0.398 0.164 
18 0.948 0.667 0.333 0.052 0.784 0.828 0.172 0.216 0.707 0.727 0.273 0.293 0.714 0.807 0.193 0.286 0.709 0.881 0.119 0.291 
19 0.721 0.972 0.028 0.279 0.658 0.702 0.298 0.342 0.967 0.983 0.017 0.033 0.970 0.651 0.349 0.030 0.773 0.801 0.199 0.227 
20 0.741 0.713 0.287 0.259 0.866 0.868 0.132 0.134 0.916 0.692 0.308 0.084 0.738 0.899 0.101 0.262 0.667 0.680 0.320 0.333 
21 0.624 0.913 0.087 0.376 0.906 0.959 0.041 0.094 0.831 0.927 0.073 0.169 0.944 0.816 0.184 0.056 0.810 0.659 0.341 0.190 
22 0.690 0.873 0.127 0.310 0.848 0.651 0.349 0.152 0.821 0.835 0.165 0.179 0.828 0.803 0.197 0.172 0.685 0.819 0.181 0.315 
23 0.965 0.974 0.026 0.035 0.704 0.693 0.307 0.296 0.954 0.701 0.299 0.046 0.904 0.964 0.036 0.096 0.787 0.766 0.234 0.213 
24 0.707 0.926 0.074 0.293 0.621 0.850 0.150 0.379 0.983 0.824 0.176 0.017 0.970 0.732 0.268 0.030 0.778 0.610 0.390 0.222 
25 0.683 0.628 0.372 0.317 0.779 0.659 0.341 0.221 0.895 0.874 0.126 0.105 0.918 0.790 0.210 0.082 0.647 0.673 0.327 0.353 
26 0.760 0.984 0.016 0.240 0.805 0.928 0.072 0.195 0.956 0.679 0.321 0.044 0.662 0.734 0.266 0.338 0.675 0.809 0.191 0.325 
27 0.627 0.981 0.019 0.373 0.878 0.846 0.154 0.122 0.718 0.743 0.257 0.282 0.849 0.914 0.086 0.151 0.935 0.639 0.361 0.065 
28 0.773 0.942 0.058 0.227 0.927 0.734 0.266 0.073 0.701 0.935 0.065 0.299 0.856 0.709 0.291 0.144 0.932 0.907 0.093 0.068 
29 0.786 0.882 0.118 0.214 0.689 0.801 0.199 0.311 0.673 0.732 0.268 0.327 0.618 0.960 0.040 0.382 0.868 0.685 0.315 0.132 
30 0.839 0.811 0.189 0.161 0.708 0.635 0.365 0.292 0.856 0.978 0.022 0.144 0.934 0.898 0.102 0.066 0.860 0.679 0.321 0.140 



 

Experiment IV, Repetition 2 
 

 Logical sensor 1, t=0 Logical sensor 2, t=0 Logical sensor 3, t=0 Logical sensor 4, t=0 Logical sensor 5, t=0 
Rand OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM 

1 0.907 0.815 0.185 0.093 0.643 0.762 0.238 0.357 0.623 0.895 0.105 0.377 0.866 0.858 0.142 0.134 0.876 0.612 0.388 0.124 
2 0.994 0.977 0.023 0.006 0.642 0.932 0.068 0.358 0.634 0.625 0.375 0.366 0.853 0.828 0.172 0.147 0.753 0.650 0.350 0.247 
3 0.995 0.803 0.197 0.005 0.606 0.810 0.190 0.394 0.938 0.906 0.094 0.062 0.832 0.877 0.123 0.168 0.779 0.645 0.355 0.221 
4 0.962 0.606 0.394 0.038 0.667 0.794 0.206 0.333 0.725 0.864 0.136 0.275 0.736 0.893 0.107 0.264 0.974 0.829 0.171 0.026 
5 0.917 0.989 0.011 0.083 0.975 0.972 0.028 0.025 0.837 0.680 0.320 0.163 0.740 0.839 0.161 0.260 0.617 0.860 0.140 0.383 
6 0.862 0.840 0.160 0.138 0.901 0.807 0.193 0.099 0.941 0.800 0.200 0.059 0.994 0.678 0.322 0.006 0.675 0.901 0.099 0.325 
7 0.983 0.700 0.300 0.017 0.722 0.716 0.284 0.278 0.953 0.773 0.227 0.047 0.851 0.669 0.331 0.149 0.866 0.833 0.167 0.134 
8 0.681 0.981 0.019 0.319 0.781 0.675 0.325 0.219 0.806 0.721 0.279 0.194 0.783 0.729 0.271 0.217 0.668 0.771 0.229 0.332 
9 0.657 0.924 0.076 0.343 0.726 0.780 0.220 0.274 0.974 0.840 0.160 0.026 0.960 0.892 0.108 0.040 0.650 0.738 0.262 0.350 

10 0.715 0.818 0.182 0.285 0.765 0.743 0.257 0.235 0.915 0.655 0.345 0.085 0.793 0.613 0.387 0.207 0.704 0.682 0.318 0.296 
11 0.672 0.746 0.254 0.328 0.709 0.657 0.343 0.291 0.620 0.707 0.293 0.380 0.716 0.718 0.282 0.284 0.732 0.887 0.113 0.268 
12 0.787 0.855 0.145 0.213 0.754 0.656 0.344 0.246 0.928 0.802 0.198 0.072 0.926 0.923 0.077 0.074 0.732 0.948 0.052 0.268 
13 0.834 0.835 0.165 0.166 0.616 0.852 0.148 0.384 0.887 0.945 0.055 0.113 0.841 0.825 0.175 0.159 0.744 0.692 0.308 0.256 
14 0.772 0.613 0.387 0.228 0.789 0.709 0.291 0.211 0.891 0.914 0.086 0.109 0.953 0.991 0.009 0.047 0.704 0.661 0.339 0.296 
15 0.999 0.947 0.053 0.001 0.759 0.675 0.325 0.241 0.737 0.667 0.333 0.263 0.679 0.687 0.313 0.321 0.893 0.827 0.173 0.107 
16 0.661 0.674 0.326 0.339 0.670 0.628 0.372 0.330 0.865 0.698 0.302 0.135 0.881 0.928 0.072 0.119 0.651 0.932 0.068 0.349 
17 0.848 0.839 0.161 0.152 0.615 0.921 0.079 0.385 0.931 0.703 0.297 0.069 0.817 0.906 0.094 0.183 0.881 0.787 0.213 0.119 
18 0.638 0.830 0.170 0.362 0.701 0.781 0.219 0.299 0.876 0.657 0.343 0.124 0.956 0.971 0.029 0.044 0.601 0.808 0.192 0.399 
19 0.615 0.699 0.301 0.385 0.820 0.898 0.102 0.180 0.871 0.706 0.294 0.129 0.796 0.651 0.349 0.204 0.858 0.696 0.304 0.142 
20 0.762 0.886 0.114 0.238 0.938 0.793 0.207 0.062 0.635 0.763 0.237 0.365 0.858 0.660 0.340 0.142 0.950 0.865 0.135 0.050 
21 0.753 0.834 0.166 0.247 0.917 0.817 0.183 0.083 0.665 0.757 0.243 0.335 0.878 0.603 0.397 0.122 0.704 0.645 0.355 0.296 
22 0.617 0.800 0.200 0.383 0.904 0.961 0.039 0.096 0.678 0.678 0.322 0.322 0.756 0.854 0.146 0.244 0.930 0.791 0.209 0.070 
23 0.867 0.843 0.157 0.133 0.741 0.762 0.238 0.259 0.897 0.783 0.217 0.103 0.998 0.902 0.098 0.002 0.735 0.899 0.101 0.265 
24 0.906 0.742 0.258 0.094 0.914 0.686 0.314 0.086 0.724 0.790 0.210 0.276 0.733 0.699 0.301 0.267 0.838 0.675 0.325 0.162 
25 0.775 0.656 0.344 0.225 0.909 0.768 0.232 0.091 0.703 0.699 0.301 0.297 0.875 0.648 0.352 0.125 0.645 0.606 0.394 0.355 
26 0.830 0.951 0.049 0.170 0.681 0.907 0.093 0.319 0.782 0.667 0.333 0.218 0.989 0.939 0.061 0.011 0.837 0.684 0.316 0.163 
27 0.832 0.868 0.132 0.168 0.763 0.756 0.244 0.237 0.690 0.751 0.249 0.310 0.808 0.945 0.055 0.192 0.815 0.864 0.136 0.185 
28 0.878 0.734 0.266 0.122 0.697 0.607 0.393 0.303 0.921 0.852 0.148 0.079 0.746 0.906 0.094 0.254 0.843 0.870 0.130 0.157 
29 0.789 0.898 0.102 0.211 0.675 0.728 0.272 0.325 0.975 0.619 0.381 0.025 0.807 0.648 0.352 0.193 0.802 0.965 0.035 0.198 
30 0.891 0.956 0.044 0.109 0.601 0.808 0.192 0.399 0.686 0.678 0.322 0.314 0.836 0.797 0.203 0.164 0.978 0.910 0.090 0.022 



 

Experiment IV, Repetition 3 
 

 Logical sensor 1, t=0 Logical sensor 2, t=0 Logical sensor 3, t=0 Logical sensor 4, t=0 Logical sensor 5, t=0 
Rand OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM 

1 0.764 0.709 0.291 0.236 0.753 0.938 0.062 0.247 0.647 0.716 0.284 0.353 0.806 0.879 0.121 0.194 0.615 0.879 0.121 0.385 
2 0.880 0.774 0.226 0.120 0.698 0.848 0.152 0.302 0.824 0.920 0.080 0.176 0.604 0.683 0.317 0.396 0.901 0.856 0.144 0.099 
3 0.917 0.758 0.242 0.083 0.739 0.762 0.238 0.261 0.842 0.832 0.168 0.158 0.847 0.943 0.057 0.153 0.698 0.940 0.060 0.302 
4 0.655 0.854 0.146 0.345 0.838 0.717 0.283 0.162 0.997 0.795 0.205 0.003 0.857 0.898 0.102 0.143 0.869 0.789 0.211 0.131 
5 0.993 0.675 0.325 0.007 0.740 0.894 0.106 0.260 0.947 0.705 0.295 0.053 0.962 0.749 0.251 0.038 0.616 0.665 0.335 0.384 
6 0.605 0.829 0.171 0.395 0.985 0.824 0.176 0.015 0.868 0.882 0.118 0.132 0.827 0.647 0.353 0.173 0.763 0.886 0.114 0.237 
7 0.886 0.734 0.266 0.114 0.814 0.654 0.346 0.186 0.669 0.846 0.154 0.331 0.630 0.731 0.269 0.370 0.634 0.716 0.284 0.366 
8 0.940 0.863 0.137 0.060 0.914 0.679 0.321 0.086 0.969 0.946 0.054 0.031 0.946 0.874 0.126 0.054 0.732 0.818 0.182 0.268 
9 0.877 0.888 0.112 0.123 0.681 0.650 0.350 0.319 0.714 0.877 0.123 0.286 0.765 0.940 0.060 0.235 0.936 0.722 0.278 0.064 

10 0.823 0.808 0.192 0.177 0.644 0.707 0.293 0.356 0.853 0.732 0.268 0.147 0.929 0.696 0.304 0.071 0.729 0.790 0.210 0.271 
11 0.952 0.881 0.119 0.048 0.790 0.699 0.301 0.210 0.941 0.913 0.087 0.059 0.632 0.856 0.144 0.368 0.712 0.886 0.114 0.288 
12 0.817 0.644 0.356 0.183 0.806 0.849 0.151 0.194 0.679 0.804 0.196 0.321 0.889 0.858 0.142 0.111 0.622 0.814 0.186 0.378 
13 0.774 0.764 0.236 0.226 0.710 0.715 0.285 0.290 0.872 0.601 0.399 0.128 0.766 0.694 0.306 0.234 0.825 0.969 0.031 0.175 
14 0.870 0.786 0.214 0.130 0.865 0.828 0.172 0.135 0.988 0.936 0.064 0.012 0.901 0.695 0.305 0.099 0.608 0.998 0.002 0.392 
15 0.941 0.992 0.008 0.059 0.631 0.688 0.312 0.369 0.696 0.977 0.023 0.304 0.847 0.716 0.284 0.153 0.721 0.691 0.309 0.279 
16 0.623 0.941 0.059 0.377 0.868 0.818 0.182 0.132 0.752 0.857 0.143 0.248 0.809 0.644 0.356 0.191 0.851 0.630 0.370 0.149 
17 0.815 0.757 0.243 0.185 0.797 0.736 0.264 0.203 0.832 0.668 0.332 0.168 0.740 0.898 0.102 0.260 0.661 0.861 0.139 0.339 
18 0.627 0.621 0.379 0.373 0.785 0.774 0.226 0.215 0.954 0.794 0.206 0.046 0.806 0.939 0.061 0.194 0.936 0.936 0.064 0.064 
19 0.615 0.714 0.286 0.385 0.706 0.730 0.270 0.294 0.937 0.776 0.224 0.063 0.783 0.628 0.372 0.217 0.658 0.644 0.356 0.342 
20 0.608 0.953 0.047 0.392 0.629 0.708 0.292 0.371 0.600 0.982 0.018 0.400 0.623 0.891 0.109 0.377 0.882 0.825 0.175 0.118 
21 0.685 0.912 0.088 0.315 0.741 0.611 0.389 0.259 0.642 0.913 0.087 0.358 0.797 0.920 0.080 0.203 0.626 0.609 0.391 0.374 
22 0.964 0.775 0.225 0.036 0.739 0.972 0.028 0.261 0.864 0.673 0.327 0.136 0.704 0.840 0.160 0.296 0.922 0.924 0.076 0.078 
23 0.752 0.861 0.139 0.248 0.775 0.805 0.195 0.225 0.826 0.691 0.309 0.174 0.823 0.864 0.136 0.177 0.976 0.656 0.344 0.024 
24 0.917 0.865 0.135 0.083 0.600 0.633 0.367 0.400 0.742 0.938 0.062 0.258 0.673 0.602 0.398 0.327 0.721 0.752 0.248 0.279 
25 0.735 0.629 0.371 0.265 0.943 0.658 0.342 0.057 0.678 0.686 0.314 0.322 0.630 0.796 0.204 0.370 0.682 0.804 0.196 0.318 
26 0.942 0.765 0.235 0.058 0.914 0.643 0.357 0.086 0.940 0.731 0.269 0.060 0.831 0.803 0.197 0.169 0.831 0.814 0.186 0.169 
27 0.704 0.615 0.385 0.296 0.636 0.968 0.032 0.364 0.605 0.685 0.315 0.395 0.925 0.642 0.358 0.075 0.689 0.778 0.222 0.311 
28 0.956 0.841 0.159 0.044 0.722 0.881 0.119 0.278 0.738 0.655 0.345 0.262 0.833 0.828 0.172 0.167 0.750 0.802 0.198 0.250 
29 0.879 0.994 0.006 0.121 0.795 0.742 0.258 0.205 0.683 0.807 0.193 0.317 0.736 0.681 0.319 0.264 0.833 0.821 0.179 0.167 
30 0.763 0.712 0.288 0.237 0.825 0.987 0.013 0.175 0.944 0.898 0.102 0.056 0.847 0.761 0.239 0.153 0.769 0.941 0.059 0.231 



 

Experiment IV, Repetition 4 
 

 Logical sensor 1, t=0 Logical sensor 2, t=0 Logical sensor 3, t=0 Logical sensor 4, t=0 Logical sensor 5, t=0 
Rand OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM 

1 0.651 0.666 0.334 0.349 0.796 0.874 0.126 0.204 0.997 0.617 0.383 0.003 0.631 0.988 0.012 0.369 0.767 0.677 0.323 0.233 
2 0.891 0.996 0.004 0.109 0.902 0.818 0.182 0.098 0.911 0.784 0.216 0.089 0.607 0.616 0.384 0.393 0.777 0.726 0.274 0.223 
3 0.865 0.677 0.323 0.135 0.680 0.949 0.051 0.320 0.830 0.740 0.260 0.170 0.936 0.739 0.261 0.064 0.855 0.708 0.292 0.145 
4 0.603 0.779 0.221 0.397 0.999 0.651 0.349 0.001 0.625 0.872 0.128 0.375 0.856 0.813 0.187 0.144 0.832 0.961 0.039 0.168 
5 0.820 0.893 0.107 0.180 0.891 0.908 0.092 0.109 0.851 0.924 0.076 0.149 0.911 0.845 0.155 0.089 0.821 0.908 0.092 0.179 
6 0.632 0.619 0.381 0.368 0.661 0.964 0.036 0.339 0.638 0.671 0.329 0.362 0.662 0.602 0.398 0.338 0.648 0.808 0.192 0.352 
7 0.652 0.889 0.111 0.348 0.600 0.807 0.193 0.400 0.824 0.699 0.301 0.176 0.601 0.714 0.286 0.399 0.948 0.760 0.240 0.052 
8 0.623 0.728 0.272 0.377 0.827 0.869 0.131 0.173 0.937 0.725 0.275 0.063 0.631 0.672 0.328 0.369 0.829 0.844 0.156 0.171 
9 0.897 0.683 0.317 0.103 0.635 0.997 0.003 0.365 0.774 0.779 0.221 0.226 0.841 0.952 0.048 0.159 0.811 0.842 0.158 0.189 

10 0.731 0.667 0.333 0.269 0.631 0.895 0.105 0.369 0.643 0.873 0.127 0.357 0.742 0.879 0.121 0.258 0.819 0.825 0.175 0.181 
11 0.836 0.714 0.286 0.164 0.796 0.833 0.167 0.204 0.885 0.944 0.056 0.115 0.798 0.789 0.211 0.202 0.961 0.732 0.268 0.039 
12 0.607 0.652 0.348 0.393 0.771 0.783 0.217 0.229 0.756 0.933 0.067 0.244 0.897 0.880 0.120 0.103 0.712 0.608 0.392 0.288 
13 0.911 0.656 0.344 0.089 0.943 0.778 0.222 0.057 0.720 0.813 0.187 0.280 0.856 0.715 0.285 0.144 0.874 0.809 0.191 0.126 
14 0.863 0.750 0.250 0.137 0.745 0.816 0.184 0.255 0.650 0.980 0.020 0.350 0.723 0.739 0.261 0.277 0.962 0.961 0.039 0.038 
15 0.729 0.964 0.036 0.271 0.607 0.688 0.312 0.393 0.698 0.859 0.141 0.302 0.901 0.812 0.188 0.099 0.965 0.720 0.280 0.035 
16 0.851 0.838 0.162 0.149 0.672 0.626 0.374 0.328 0.606 0.884 0.116 0.394 0.866 0.899 0.101 0.134 0.610 0.775 0.225 0.390 
17 0.931 0.939 0.061 0.069 0.959 0.832 0.168 0.041 0.723 0.892 0.108 0.277 0.777 0.769 0.231 0.223 0.731 0.995 0.005 0.269 
18 0.940 0.824 0.176 0.060 0.890 0.984 0.016 0.110 0.641 0.820 0.180 0.359 0.606 0.707 0.293 0.394 0.676 0.837 0.163 0.324 
19 0.731 0.826 0.174 0.269 0.754 0.861 0.139 0.246 0.820 0.750 0.250 0.180 0.815 0.856 0.144 0.185 0.897 0.962 0.038 0.103 
20 0.774 0.601 0.399 0.226 0.743 0.934 0.066 0.257 0.606 0.640 0.360 0.394 0.708 0.886 0.114 0.292 0.827 0.871 0.129 0.173 
21 0.855 0.872 0.128 0.145 0.665 0.642 0.358 0.335 0.610 0.651 0.349 0.390 0.639 0.706 0.294 0.361 0.793 0.719 0.281 0.207 
22 0.946 0.926 0.074 0.054 0.680 0.786 0.214 0.320 0.925 0.969 0.031 0.075 0.668 0.700 0.300 0.332 0.734 0.946 0.054 0.266 
23 0.762 0.775 0.225 0.238 0.791 0.749 0.251 0.209 0.614 0.659 0.341 0.386 0.812 0.650 0.350 0.188 0.751 0.724 0.276 0.249 
24 0.635 0.995 0.005 0.365 0.743 0.681 0.319 0.257 0.861 0.769 0.231 0.139 0.602 0.980 0.020 0.398 0.943 0.674 0.326 0.057 
25 0.879 0.880 0.120 0.121 0.696 0.693 0.307 0.304 0.975 0.700 0.300 0.025 0.942 0.718 0.282 0.058 0.738 0.929 0.071 0.262 
26 0.973 0.628 0.372 0.027 0.796 0.891 0.109 0.204 0.646 0.643 0.357 0.354 0.696 0.679 0.321 0.304 0.659 0.622 0.378 0.341 
27 0.793 0.718 0.282 0.207 0.911 0.794 0.206 0.089 0.798 0.720 0.280 0.202 0.953 0.807 0.193 0.047 0.961 0.815 0.185 0.039 
28 0.839 0.835 0.165 0.161 0.877 0.875 0.125 0.123 0.845 0.738 0.262 0.155 0.954 0.778 0.222 0.046 0.622 0.721 0.279 0.378 
29 0.846 0.804 0.196 0.154 0.952 0.750 0.250 0.048 0.813 0.716 0.284 0.187 0.635 0.926 0.074 0.365 0.943 0.788 0.212 0.057 
30 0.686 0.785 0.215 0.314 0.799 0.970 0.030 0.201 0.967 0.634 0.366 0.033 0.667 0.873 0.127 0.333 0.608 0.906 0.094 0.392 



 

Experiment IV, Repetition 5 
 

 Logical sensor 1, t=0 Logical sensor 2, t=0 Logical sensor 3, t=0 Logical sensor 4, t=0 Logical sensor 5, t=0 
Rand OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM 

1 0.790 0.710 0.290 0.210 0.694 0.901 0.099 0.306 0.758 0.640 0.360 0.242 0.856 0.633 0.367 0.144 0.601 1.000 0.000 0.399 
2 0.901 0.706 0.294 0.099 0.873 0.885 0.115 0.127 0.946 0.615 0.385 0.054 0.970 0.733 0.267 0.030 0.825 0.840 0.160 0.175 
3 0.696 0.611 0.389 0.304 0.857 0.695 0.305 0.143 0.706 0.850 0.150 0.294 0.647 0.726 0.274 0.353 0.851 0.876 0.124 0.149 
4 0.894 0.974 0.026 0.106 0.824 0.785 0.215 0.176 0.777 0.617 0.383 0.223 0.924 0.984 0.016 0.076 0.671 0.738 0.262 0.329 
5 0.643 0.631 0.369 0.357 0.807 0.890 0.110 0.193 0.606 0.622 0.378 0.394 0.945 0.901 0.099 0.055 0.832 0.857 0.143 0.168 
6 0.718 0.862 0.138 0.282 0.666 0.769 0.231 0.334 0.608 0.632 0.368 0.392 0.967 0.809 0.191 0.033 0.841 0.772 0.228 0.159 
7 0.712 0.697 0.303 0.288 0.807 0.808 0.192 0.193 0.718 0.955 0.045 0.282 0.644 0.747 0.253 0.356 0.904 0.852 0.148 0.096 
8 0.670 0.899 0.101 0.330 0.616 0.687 0.313 0.384 0.714 0.919 0.081 0.286 0.758 0.830 0.170 0.242 0.693 0.653 0.347 0.307 
9 0.788 0.611 0.389 0.212 0.864 0.714 0.286 0.136 0.656 0.894 0.106 0.344 0.967 0.926 0.074 0.033 0.936 0.935 0.065 0.064 

10 0.829 0.853 0.147 0.171 0.634 0.633 0.367 0.366 0.729 0.904 0.096 0.271 0.844 0.980 0.020 0.156 0.607 0.909 0.091 0.393 
11 0.750 0.726 0.274 0.250 0.804 0.723 0.277 0.196 0.915 0.730 0.270 0.085 0.729 0.798 0.202 0.271 0.623 0.867 0.133 0.377 
12 0.628 0.732 0.268 0.372 0.980 0.922 0.078 0.020 0.694 0.611 0.389 0.306 0.873 0.830 0.170 0.127 0.662 0.883 0.117 0.338 
13 0.651 0.934 0.066 0.349 0.654 0.705 0.295 0.346 0.850 0.811 0.189 0.150 0.956 0.863 0.137 0.044 0.706 0.712 0.288 0.294 
14 0.917 0.834 0.166 0.083 0.687 0.984 0.016 0.313 0.758 0.849 0.151 0.242 0.747 0.611 0.389 0.253 0.742 0.928 0.072 0.258 
15 0.802 0.629 0.371 0.198 0.622 0.923 0.077 0.378 0.930 0.808 0.192 0.070 0.776 0.882 0.118 0.224 0.923 0.860 0.140 0.077 
16 0.769 0.625 0.375 0.231 0.803 0.961 0.039 0.197 0.610 0.790 0.210 0.390 0.888 0.610 0.390 0.112 0.692 0.747 0.253 0.308 
17 0.661 0.818 0.182 0.339 0.839 0.988 0.012 0.161 0.826 0.821 0.179 0.174 0.819 0.715 0.285 0.181 0.726 0.955 0.045 0.274 
18 0.703 0.704 0.296 0.297 0.795 0.910 0.090 0.205 0.732 0.790 0.210 0.268 0.703 0.866 0.134 0.297 0.917 0.994 0.006 0.083 
19 0.933 0.908 0.092 0.067 0.658 0.832 0.168 0.342 0.867 0.761 0.239 0.133 0.739 0.687 0.313 0.261 0.785 0.831 0.169 0.215 
20 0.694 0.887 0.113 0.306 0.829 0.741 0.259 0.171 0.876 0.865 0.135 0.124 0.879 0.748 0.252 0.121 0.691 0.790 0.210 0.309 
21 0.886 0.879 0.121 0.114 0.614 0.659 0.341 0.386 0.722 0.942 0.058 0.278 0.606 0.749 0.251 0.394 0.870 0.955 0.045 0.130 
22 0.828 0.798 0.202 0.172 0.996 0.608 0.392 0.004 0.721 0.629 0.371 0.279 0.600 0.603 0.397 0.400 0.728 0.700 0.300 0.272 
23 0.794 0.644 0.356 0.206 0.930 0.737 0.263 0.070 0.804 0.887 0.113 0.196 0.899 0.682 0.318 0.101 0.701 0.965 0.035 0.299 
24 0.648 0.758 0.242 0.352 0.607 0.816 0.184 0.393 0.942 0.640 0.360 0.058 0.675 0.716 0.284 0.325 0.672 0.694 0.306 0.328 
25 0.756 0.818 0.182 0.244 0.809 0.779 0.221 0.191 0.675 0.761 0.239 0.325 0.736 0.807 0.193 0.264 0.927 0.831 0.169 0.073 
26 0.655 0.889 0.111 0.345 0.677 0.971 0.029 0.323 0.730 0.618 0.382 0.270 0.612 0.721 0.279 0.388 0.761 0.781 0.219 0.239 
27 0.837 0.670 0.330 0.163 0.717 0.899 0.101 0.283 0.869 0.786 0.214 0.131 0.867 0.620 0.380 0.133 0.846 0.730 0.270 0.154 
28 0.706 0.673 0.327 0.294 0.938 0.672 0.328 0.062 0.784 0.942 0.058 0.216 0.608 0.885 0.115 0.392 0.739 0.811 0.189 0.261 
29 0.648 0.824 0.176 0.352 0.617 0.994 0.006 0.383 0.841 0.929 0.071 0.159 0.646 0.709 0.291 0.354 0.910 0.824 0.176 0.090 
30 0.602 0.778 0.222 0.398 0.905 0.929 0.071 0.095 0.833 0.692 0.308 0.167 0.997 0.836 0.164 0.003 0.776 0.709 0.291 0.224 



 

Experiment V, Repetition 1 
 

 Logical sensor 1, t=0 Logical sensor 2, t=0 Logical sensor 3, t=0 Logical sensor 4, t=0 Logical sensor 5, t=0 
Rand OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM 

1 0.727 0.759 0.241 0.273 0.886 0.609 0.391 0.114 0.674 0.983 0.017 0.326 0.722 0.755 0.245 0.278 0.929 0.771 0.229 0.071 
2 0.732 0.714 0.286 0.268 0.929 0.602 0.398 0.071 0.870 0.719 0.281 0.130 0.864 0.613 0.387 0.136 0.730 0.768 0.232 0.270 
3 0.905 0.645 0.355 0.095 0.773 0.928 0.072 0.227 0.634 0.755 0.245 0.366 0.925 0.773 0.227 0.075 0.746 0.641 0.359 0.254 
4 0.852 0.699 0.301 0.148 0.919 0.789 0.211 0.081 0.843 0.879 0.121 0.157 0.780 0.933 0.067 0.220 0.813 0.970 0.030 0.187 
5 0.659 0.999 0.001 0.341 0.715 0.703 0.297 0.285 0.821 0.650 0.350 0.179 0.601 0.679 0.321 0.399 0.919 0.816 0.184 0.081 
6 0.832 0.616 0.384 0.168 0.885 0.878 0.122 0.115 0.775 0.843 0.157 0.225 0.717 0.720 0.280 0.283 0.952 0.863 0.137 0.048 
7 0.806 0.908 0.092 0.194 0.945 0.733 0.267 0.055 0.861 0.936 0.064 0.139 0.876 0.639 0.361 0.124 0.807 0.924 0.076 0.193 
8 0.820 0.674 0.326 0.180 0.741 0.952 0.048 0.259 0.995 0.631 0.369 0.005 0.762 0.885 0.115 0.238 0.670 0.866 0.134 0.330 
9 0.823 0.979 0.021 0.177 0.765 0.624 0.376 0.235 0.834 0.768 0.232 0.166 0.632 0.750 0.250 0.368 0.818 0.620 0.380 0.182 

10 0.905 0.658 0.342 0.095 0.627 0.671 0.329 0.373 0.681 0.779 0.221 0.319 0.816 0.822 0.178 0.184 0.900 0.726 0.274 0.100 
11 0.850 0.624 0.376 0.150 0.831 0.995 0.005 0.169 0.695 0.852 0.148 0.305 0.700 0.722 0.278 0.300 0.696 0.827 0.173 0.304 
12 0.758 0.880 0.120 0.242 0.685 0.627 0.373 0.315 0.963 0.862 0.138 0.037 0.622 0.837 0.163 0.378 0.994 0.665 0.335 0.006 
13 0.935 0.897 0.103 0.065 0.778 0.942 0.058 0.222 0.956 0.788 0.212 0.044 0.728 0.784 0.216 0.272 0.679 0.760 0.240 0.321 
14 0.771 0.857 0.143 0.229 0.955 0.648 0.352 0.045 0.992 0.652 0.348 0.008 0.764 0.937 0.063 0.236 0.856 0.697 0.303 0.144 
15 0.967 0.736 0.264 0.033 0.951 0.979 0.021 0.049 1.000 0.812 0.188 0.000 0.868 0.995 0.005 0.132 0.949 0.724 0.276 0.051 
16 0.890 0.799 0.201 0.110 0.983 0.883 0.117 0.017 0.711 0.814 0.186 0.289 0.834 0.951 0.049 0.166 0.868 0.698 0.302 0.132 
17 0.690 0.981 0.019 0.310 0.939 0.974 0.026 0.061 0.703 0.734 0.266 0.297 0.684 0.970 0.030 0.316 0.647 0.934 0.066 0.353 
18 0.641 0.734 0.266 0.359 0.835 0.648 0.352 0.165 0.953 0.653 0.347 0.047 0.893 0.865 0.135 0.107 0.845 0.815 0.185 0.155 
19 0.827 0.813 0.187 0.173 0.615 0.861 0.139 0.385 0.662 0.747 0.253 0.338 0.856 0.962 0.038 0.144 0.878 0.910 0.090 0.122 
20 0.688 0.927 0.073 0.312 0.969 0.841 0.159 0.031 0.890 0.802 0.198 0.110 0.884 0.703 0.297 0.116 0.704 0.790 0.210 0.296 
21 0.705 0.716 0.284 0.295 0.972 0.923 0.077 0.028 0.858 0.904 0.096 0.142 0.661 0.988 0.012 0.339 0.607 0.943 0.057 0.393 
22 0.798 0.787 0.213 0.202 0.747 0.891 0.109 0.253 0.678 0.972 0.028 0.322 0.959 0.972 0.028 0.041 0.612 0.844 0.156 0.388 
23 0.922 0.625 0.375 0.078 0.819 0.770 0.230 0.181 0.773 0.811 0.189 0.227 0.731 0.747 0.253 0.269 0.894 0.623 0.377 0.106 
24 0.821 0.735 0.265 0.179 0.989 0.786 0.214 0.011 0.759 0.946 0.054 0.241 0.973 0.683 0.317 0.027 0.859 0.626 0.374 0.141 
25 0.755 0.724 0.276 0.245 0.919 0.977 0.023 0.081 0.923 0.894 0.106 0.077 0.607 0.891 0.109 0.393 0.758 0.726 0.274 0.242 
26 0.704 0.765 0.235 0.296 0.860 0.822 0.178 0.140 0.710 0.912 0.088 0.290 0.647 0.997 0.003 0.353 0.686 0.888 0.112 0.314 
27 0.641 0.901 0.099 0.359 0.860 0.693 0.307 0.140 0.616 0.958 0.042 0.384 0.803 0.985 0.015 0.197 0.722 0.879 0.121 0.278 
28 0.747 0.792 0.208 0.253 0.937 0.912 0.088 0.063 0.848 0.736 0.264 0.152 0.955 0.811 0.189 0.045 0.860 0.705 0.295 0.140 
29 0.879 0.937 0.063 0.121 0.756 0.621 0.379 0.244 0.942 0.613 0.387 0.058 0.624 0.648 0.352 0.376 0.773 0.746 0.254 0.227 
30 0.798 0.729 0.271 0.202 0.919 0.607 0.393 0.081 0.839 0.773 0.227 0.161 0.834 0.815 0.185 0.166 0.811 0.737 0.263 0.189 



 

Experiment V, Repetition 2 
 

 Logical sensor 1, t=0 Logical sensor 2, t=0 Logical sensor 3, t=0 Logical sensor 4, t=0 Logical sensor 5, t=0 
Rand OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM 

1 0.887 0.889 0.111 0.113 0.757 0.651 0.349 0.243 0.925 0.619 0.381 0.075 0.779 0.637 0.363 0.221 0.628 0.832 0.168 0.372 
2 0.674 0.641 0.359 0.326 0.951 0.686 0.314 0.049 0.896 0.950 0.050 0.104 0.659 0.999 0.001 0.341 0.611 0.709 0.291 0.389 
3 0.757 0.690 0.310 0.243 0.725 0.743 0.257 0.275 0.639 0.756 0.244 0.361 0.940 0.765 0.235 0.060 0.893 0.876 0.124 0.107 
4 0.776 0.971 0.029 0.224 0.927 0.669 0.331 0.073 0.816 0.640 0.360 0.184 0.749 0.791 0.209 0.251 0.732 0.644 0.356 0.268 
5 0.808 0.953 0.047 0.192 0.746 0.720 0.280 0.254 0.865 0.981 0.019 0.135 0.788 0.788 0.212 0.212 0.622 0.629 0.371 0.378 
6 0.875 0.901 0.099 0.125 0.953 0.919 0.081 0.047 0.778 0.734 0.266 0.222 0.913 0.644 0.356 0.087 0.901 0.626 0.374 0.099 
7 0.739 0.613 0.387 0.261 0.867 0.806 0.194 0.133 0.646 0.652 0.348 0.354 0.695 0.985 0.015 0.305 0.870 0.786 0.214 0.130 
8 0.920 0.976 0.024 0.080 0.862 0.737 0.263 0.138 0.703 0.718 0.282 0.297 0.883 0.739 0.261 0.117 0.841 0.768 0.232 0.159 
9 0.900 0.815 0.185 0.100 0.878 0.711 0.289 0.122 0.613 0.784 0.216 0.387 0.652 0.959 0.041 0.348 0.956 0.968 0.032 0.044 

10 0.677 0.870 0.130 0.323 0.785 0.730 0.270 0.215 0.673 0.756 0.244 0.327 0.721 0.647 0.353 0.279 0.662 0.921 0.079 0.338 
11 0.741 0.827 0.173 0.259 0.837 0.626 0.374 0.163 0.644 0.822 0.178 0.356 0.656 0.896 0.104 0.344 0.855 0.808 0.192 0.145 
12 0.900 0.775 0.225 0.100 0.825 0.959 0.041 0.175 0.826 0.929 0.071 0.174 0.755 0.997 0.003 0.245 0.947 0.789 0.211 0.053 
13 0.627 0.770 0.230 0.373 0.761 0.921 0.079 0.239 0.748 0.708 0.292 0.252 0.949 0.778 0.222 0.051 0.682 0.904 0.096 0.318 
14 0.968 0.795 0.205 0.032 0.742 0.912 0.088 0.258 0.795 0.855 0.145 0.205 0.929 0.794 0.206 0.071 0.629 0.605 0.395 0.371 
15 0.857 0.841 0.159 0.143 0.875 0.612 0.388 0.125 0.679 0.829 0.171 0.321 0.857 0.719 0.281 0.143 0.919 0.759 0.241 0.081 
16 0.895 0.728 0.272 0.105 0.739 0.726 0.274 0.261 0.778 0.787 0.213 0.222 0.815 0.836 0.164 0.185 0.863 0.832 0.168 0.137 
17 0.742 0.841 0.159 0.258 0.696 0.631 0.369 0.304 0.856 0.777 0.223 0.144 0.725 0.691 0.309 0.275 0.664 0.821 0.179 0.336 
18 0.935 0.883 0.117 0.065 0.925 0.812 0.188 0.075 0.924 0.727 0.273 0.076 0.851 0.727 0.273 0.149 0.995 0.861 0.139 0.005 
19 0.992 0.616 0.384 0.008 0.977 0.877 0.123 0.023 0.689 0.740 0.260 0.311 0.697 0.683 0.317 0.303 0.964 0.974 0.026 0.036 
20 0.705 0.711 0.289 0.295 0.636 0.936 0.064 0.364 0.674 0.992 0.008 0.326 0.916 0.660 0.340 0.084 0.875 0.653 0.347 0.125 
21 0.714 0.882 0.118 0.286 0.643 0.654 0.346 0.357 0.979 0.706 0.294 0.021 0.942 0.880 0.120 0.058 0.932 0.775 0.225 0.068 
22 0.653 0.678 0.322 0.347 0.975 0.686 0.314 0.025 0.751 0.686 0.314 0.249 0.932 0.818 0.182 0.068 0.663 0.619 0.381 0.337 
23 0.856 0.962 0.038 0.144 0.967 0.644 0.356 0.033 0.612 0.644 0.356 0.388 0.885 0.630 0.370 0.115 0.715 0.907 0.093 0.285 
24 0.610 0.793 0.207 0.390 0.727 0.825 0.175 0.273 0.934 0.904 0.096 0.066 0.619 0.668 0.332 0.381 0.621 0.664 0.336 0.379 
25 0.998 0.771 0.229 0.002 0.801 0.755 0.245 0.199 0.868 0.961 0.039 0.132 0.883 0.803 0.197 0.117 0.858 0.781 0.219 0.142 
26 0.694 0.716 0.284 0.306 0.968 0.730 0.270 0.032 0.627 0.678 0.322 0.373 0.999 0.782 0.218 0.001 0.969 0.994 0.006 0.031 
27 0.766 0.913 0.087 0.234 0.707 0.813 0.187 0.293 0.738 0.843 0.157 0.262 0.915 0.700 0.300 0.085 0.802 0.685 0.315 0.198 
28 0.820 0.646 0.354 0.180 0.670 0.926 0.074 0.330 0.933 0.603 0.397 0.067 0.949 0.887 0.113 0.051 0.704 0.745 0.255 0.296 
29 0.644 0.827 0.173 0.356 0.602 0.799 0.201 0.398 0.901 0.622 0.378 0.099 0.678 0.770 0.230 0.322 0.861 0.620 0.380 0.139 
30 0.878 0.821 0.179 0.122 0.887 0.953 0.047 0.113 0.905 0.707 0.293 0.095 0.662 0.979 0.021 0.338 0.731 0.957 0.043 0.269 



 

Experiment V, Repetition 3 
 

 Logical sensor 1, t=0 Logical sensor 2, t=0 Logical sensor 3, t=0 Logical sensor 4, t=0 Logical sensor 5, t=0 
Rand OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM 

1 0.868 0.955 0.045 0.132 0.935 0.808 0.192 0.065 0.706 0.917 0.083 0.294 0.947 0.732 0.268 0.053 0.619 0.857 0.143 0.381 
2 0.953 0.834 0.166 0.047 0.933 0.891 0.109 0.067 0.804 0.939 0.061 0.196 0.955 0.991 0.009 0.045 0.649 0.872 0.128 0.351 
3 0.771 0.879 0.121 0.229 0.853 0.800 0.200 0.147 0.785 0.856 0.144 0.215 0.683 0.789 0.211 0.317 0.816 0.868 0.132 0.184 
4 0.948 0.648 0.352 0.052 0.625 0.762 0.238 0.375 0.959 0.831 0.169 0.041 0.745 0.631 0.369 0.255 0.718 0.861 0.139 0.282 
5 0.632 0.815 0.185 0.368 0.622 0.730 0.270 0.378 0.669 0.684 0.316 0.331 0.609 0.917 0.083 0.391 0.633 0.825 0.175 0.367 
6 0.652 0.607 0.393 0.348 0.621 0.618 0.382 0.379 0.941 0.714 0.286 0.059 0.771 0.677 0.323 0.229 0.879 0.827 0.173 0.121 
7 0.875 0.784 0.216 0.125 0.855 0.835 0.165 0.145 0.823 0.865 0.135 0.177 0.838 0.910 0.090 0.162 0.655 0.920 0.080 0.345 
8 0.639 0.625 0.375 0.361 0.655 0.883 0.117 0.345 0.644 0.932 0.068 0.356 0.979 0.885 0.115 0.021 0.706 0.969 0.031 0.294 
9 0.743 0.952 0.048 0.257 0.960 0.959 0.041 0.040 0.867 0.603 0.397 0.133 0.646 0.606 0.394 0.354 0.961 0.931 0.069 0.039 

10 0.831 0.755 0.245 0.169 0.896 0.617 0.383 0.104 0.820 0.839 0.161 0.180 0.949 0.749 0.251 0.051 0.911 0.901 0.099 0.089 
11 0.635 0.737 0.263 0.365 0.658 0.734 0.266 0.342 0.919 0.983 0.017 0.081 0.611 0.712 0.288 0.389 0.629 0.786 0.214 0.371 
12 0.728 0.782 0.218 0.272 0.677 0.717 0.283 0.323 0.929 0.600 0.400 0.071 0.751 0.742 0.258 0.249 0.738 0.831 0.169 0.262 
13 0.867 0.982 0.018 0.133 0.933 0.791 0.209 0.067 0.758 0.938 0.062 0.242 0.686 0.749 0.251 0.314 0.653 0.736 0.264 0.347 
14 0.821 0.711 0.289 0.179 0.789 0.674 0.326 0.211 0.742 0.869 0.131 0.258 0.852 0.706 0.294 0.148 0.960 0.702 0.298 0.040 
15 0.979 0.753 0.247 0.021 0.978 0.943 0.057 0.022 0.700 0.616 0.384 0.300 0.926 0.655 0.345 0.074 0.652 0.673 0.327 0.348 
16 0.644 0.714 0.286 0.356 0.604 0.656 0.344 0.396 0.800 0.770 0.230 0.200 0.706 0.775 0.225 0.294 0.692 0.723 0.277 0.308 
17 0.701 0.705 0.295 0.299 0.888 0.777 0.223 0.112 0.602 0.819 0.181 0.398 0.841 0.743 0.257 0.159 0.664 0.869 0.131 0.336 
18 0.807 0.674 0.326 0.193 0.898 0.717 0.283 0.102 0.635 0.977 0.023 0.365 0.656 0.615 0.385 0.344 0.626 0.943 0.057 0.374 
19 0.980 0.986 0.014 0.020 0.997 0.968 0.032 0.003 0.879 0.987 0.013 0.121 0.771 0.723 0.277 0.229 0.640 0.821 0.179 0.360 
20 0.918 0.885 0.115 0.082 0.601 0.667 0.333 0.399 0.705 0.829 0.171 0.295 0.720 0.633 0.367 0.280 0.926 0.819 0.181 0.074 
21 0.723 0.816 0.184 0.277 0.971 0.990 0.010 0.029 0.617 0.895 0.105 0.383 0.923 0.905 0.095 0.077 0.887 0.876 0.124 0.113 
22 0.778 0.610 0.390 0.222 0.687 0.672 0.328 0.313 0.722 0.624 0.376 0.278 0.718 0.824 0.176 0.282 0.956 0.892 0.108 0.044 
23 0.737 0.911 0.089 0.263 0.888 0.678 0.322 0.112 0.631 0.692 0.308 0.369 0.645 0.601 0.399 0.355 0.699 0.968 0.032 0.301 
24 0.811 0.612 0.388 0.189 0.745 0.974 0.026 0.255 0.674 0.817 0.183 0.326 0.836 0.903 0.097 0.164 0.642 0.965 0.035 0.358 
25 0.779 0.853 0.147 0.221 0.720 0.724 0.276 0.280 0.819 0.989 0.011 0.181 0.857 0.923 0.077 0.143 0.978 0.745 0.255 0.022 
26 0.939 0.685 0.315 0.061 0.738 0.804 0.196 0.262 0.650 0.661 0.339 0.350 0.899 0.881 0.119 0.101 0.779 0.920 0.080 0.221 
27 0.754 0.682 0.318 0.246 0.728 0.840 0.160 0.272 0.696 0.710 0.290 0.304 0.883 0.812 0.188 0.117 0.791 0.817 0.183 0.209 
28 0.939 0.841 0.159 0.061 0.664 0.832 0.168 0.336 0.980 0.610 0.390 0.020 0.894 0.631 0.369 0.106 0.907 0.700 0.300 0.093 
29 0.981 0.984 0.016 0.019 0.623 0.937 0.063 0.377 0.634 0.907 0.093 0.366 0.986 0.653 0.347 0.014 0.651 0.678 0.322 0.349 
30 0.833 0.806 0.194 0.167 0.724 0.790 0.210 0.276 0.795 0.729 0.271 0.205 0.899 0.631 0.369 0.101 0.817 0.946 0.054 0.183 



 

Experiment V, Repetition 4 
 

 Logical sensor 1, t=0 Logical sensor 2, t=0 Logical sensor 3, t=0 Logical sensor 4, t=0 Logical sensor 5, t=0 
Rand OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM 

1 0.800 0.895 0.105 0.200 0.671 0.952 0.048 0.329 0.805 0.738 0.262 0.195 0.646 0.677 0.323 0.354 0.830 0.794 0.206 0.170 
2 0.917 0.797 0.203 0.083 0.636 0.672 0.328 0.364 0.771 0.685 0.315 0.229 0.921 0.787 0.213 0.079 0.847 0.749 0.251 0.153 
3 0.802 0.871 0.129 0.198 0.808 0.664 0.336 0.192 0.612 0.839 0.161 0.388 0.697 0.710 0.290 0.303 0.686 0.685 0.315 0.314 
4 0.956 0.630 0.370 0.044 0.910 0.651 0.349 0.090 0.747 0.849 0.151 0.253 0.867 0.960 0.040 0.133 0.647 0.894 0.106 0.353 
5 0.996 0.813 0.187 0.004 0.784 0.893 0.107 0.216 0.898 0.804 0.196 0.102 0.757 0.753 0.247 0.243 0.866 0.845 0.155 0.134 
6 0.751 0.975 0.025 0.249 0.686 0.793 0.207 0.314 0.609 0.991 0.009 0.391 0.836 0.669 0.331 0.164 0.864 0.930 0.070 0.136 
7 0.973 0.762 0.238 0.027 0.797 0.787 0.213 0.203 0.945 0.727 0.273 0.055 0.649 0.627 0.373 0.351 0.859 0.652 0.348 0.141 
8 0.871 0.715 0.285 0.129 0.854 0.908 0.092 0.146 0.708 0.823 0.177 0.292 0.929 0.632 0.368 0.071 0.958 0.831 0.169 0.042 
9 0.626 0.744 0.256 0.374 0.633 0.637 0.363 0.367 0.699 0.903 0.097 0.301 0.796 0.719 0.281 0.204 0.765 0.776 0.224 0.235 

10 0.874 0.626 0.374 0.126 0.720 0.660 0.340 0.280 0.824 0.615 0.385 0.176 0.879 0.696 0.304 0.121 0.925 0.696 0.304 0.075 
11 0.746 0.860 0.140 0.254 0.919 0.911 0.089 0.081 0.882 0.772 0.228 0.118 0.864 0.759 0.241 0.136 0.742 0.697 0.303 0.258 
12 0.948 0.878 0.122 0.052 0.870 0.962 0.038 0.130 0.764 0.864 0.136 0.236 0.916 0.680 0.320 0.084 0.661 0.793 0.207 0.339 
13 0.617 0.844 0.156 0.383 0.958 0.644 0.356 0.042 0.783 0.950 0.050 0.217 0.607 0.950 0.050 0.393 0.997 0.727 0.273 0.003 
14 0.746 0.838 0.162 0.254 0.940 0.602 0.398 0.060 0.630 0.614 0.386 0.370 0.883 0.914 0.086 0.117 0.714 0.929 0.071 0.286 
15 0.823 0.714 0.286 0.177 0.984 0.744 0.256 0.016 0.802 0.768 0.232 0.198 0.952 0.931 0.069 0.048 0.607 0.883 0.117 0.393 
16 0.663 0.953 0.047 0.337 0.712 0.772 0.228 0.288 0.899 0.721 0.279 0.101 0.738 0.731 0.269 0.262 0.789 0.705 0.295 0.211 
17 0.714 0.707 0.293 0.286 0.752 0.618 0.382 0.248 0.865 0.857 0.143 0.135 0.666 0.784 0.216 0.334 0.987 0.661 0.339 0.013 
18 0.603 0.808 0.192 0.397 0.646 0.912 0.088 0.354 0.681 0.815 0.185 0.319 0.947 0.720 0.280 0.053 0.817 0.624 0.376 0.183 
19 0.689 0.923 0.077 0.311 0.889 0.620 0.380 0.111 0.787 0.809 0.191 0.213 0.832 0.652 0.348 0.168 0.716 0.708 0.292 0.284 
20 0.652 0.772 0.228 0.348 0.731 0.786 0.214 0.269 0.761 0.665 0.335 0.239 0.735 0.839 0.161 0.265 0.721 0.877 0.123 0.279 
21 0.630 0.827 0.173 0.370 0.783 0.606 0.394 0.217 0.956 0.889 0.111 0.044 0.652 0.877 0.123 0.348 0.879 0.936 0.064 0.121 
22 0.637 0.661 0.339 0.363 0.823 0.897 0.103 0.177 0.809 0.964 0.036 0.191 0.833 0.879 0.121 0.167 0.866 0.814 0.186 0.134 
23 0.789 0.880 0.120 0.211 0.713 0.807 0.193 0.287 0.922 0.685 0.315 0.078 0.737 0.629 0.371 0.263 0.832 0.604 0.396 0.168 
24 0.706 0.776 0.224 0.294 0.795 0.742 0.258 0.205 0.767 0.852 0.148 0.233 0.841 0.647 0.353 0.159 0.700 0.977 0.023 0.300 
25 0.802 0.735 0.265 0.198 0.762 0.784 0.216 0.238 0.883 0.866 0.134 0.117 0.891 0.632 0.368 0.109 0.731 0.757 0.243 0.269 
26 0.649 0.764 0.236 0.351 0.975 0.826 0.174 0.025 0.672 0.895 0.105 0.328 0.716 0.742 0.258 0.284 0.654 0.660 0.340 0.346 
27 0.766 0.943 0.057 0.234 0.824 0.695 0.305 0.176 0.899 0.950 0.050 0.101 0.649 0.726 0.274 0.351 0.724 0.681 0.319 0.276 
28 0.877 0.669 0.331 0.123 0.628 0.852 0.148 0.372 0.975 0.624 0.376 0.025 0.634 0.649 0.351 0.366 0.692 0.658 0.342 0.308 
29 0.759 0.693 0.307 0.241 0.812 0.844 0.156 0.188 0.779 0.847 0.153 0.221 0.854 0.686 0.314 0.146 0.634 0.757 0.243 0.366 
30 0.703 0.876 0.124 0.297 0.834 0.980 0.020 0.166 0.796 0.659 0.341 0.204 0.693 0.660 0.340 0.307 0.989 0.776 0.224 0.011 



 

Experiment V, Repetition 5 
 

 Logical sensor 1, t=0 Logical sensor 2, t=0 Logical sensor 3, t=0 Logical sensor 4, t=0 Logical sensor 5, t=0 
Rand OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM 

1 0.726 0.663 0.337 0.274 0.804 0.822 0.178 0.196 0.783 0.821 0.179 0.217 0.969 0.913 0.087 0.031 0.883 0.983 0.017 0.117 
2 0.794 0.817 0.183 0.206 0.894 0.843 0.157 0.106 0.614 0.821 0.179 0.386 0.974 0.805 0.195 0.026 0.975 0.803 0.197 0.025 
3 0.640 0.603 0.397 0.360 0.772 0.791 0.209 0.228 0.901 0.824 0.176 0.099 0.783 0.741 0.259 0.217 0.672 0.761 0.239 0.328 
4 0.981 0.668 0.332 0.019 0.956 0.690 0.310 0.044 0.693 0.698 0.302 0.307 0.813 0.684 0.316 0.187 0.968 0.694 0.306 0.032 
5 0.666 0.821 0.179 0.334 0.973 0.675 0.325 0.027 0.917 0.724 0.276 0.083 0.677 0.864 0.136 0.323 0.731 0.909 0.091 0.269 
6 0.848 0.794 0.206 0.152 0.608 0.852 0.148 0.392 0.972 0.719 0.281 0.028 0.752 0.989 0.011 0.248 0.822 0.728 0.272 0.178 
7 0.770 0.752 0.248 0.230 0.885 0.829 0.171 0.115 0.998 0.910 0.090 0.002 0.708 0.737 0.263 0.292 0.973 0.779 0.221 0.027 
8 0.754 0.758 0.242 0.246 0.760 0.823 0.177 0.240 0.905 0.636 0.364 0.095 0.626 0.848 0.152 0.374 0.658 0.943 0.057 0.342 
9 0.906 0.703 0.297 0.094 0.678 0.759 0.241 0.322 0.995 0.618 0.382 0.005 0.920 0.904 0.096 0.080 0.649 0.820 0.180 0.351 

10 0.983 0.645 0.355 0.017 0.627 0.645 0.355 0.373 0.616 0.679 0.321 0.384 0.947 0.645 0.355 0.053 0.806 0.717 0.283 0.194 
11 0.910 0.816 0.184 0.090 0.889 0.882 0.118 0.111 0.891 0.686 0.314 0.109 0.939 0.887 0.113 0.061 0.777 0.875 0.125 0.223 
12 0.854 0.835 0.165 0.146 0.802 0.879 0.121 0.198 0.602 0.695 0.305 0.398 0.853 0.795 0.205 0.147 0.771 0.860 0.140 0.229 
13 0.738 0.666 0.334 0.262 0.880 0.932 0.068 0.120 0.666 0.871 0.129 0.334 0.853 0.764 0.236 0.147 0.813 0.603 0.397 0.187 
14 0.802 0.858 0.142 0.198 0.720 0.637 0.363 0.280 0.903 0.812 0.188 0.097 0.939 0.603 0.397 0.061 0.707 0.975 0.025 0.293 
15 0.872 0.796 0.204 0.128 0.961 0.930 0.070 0.039 0.877 0.884 0.116 0.123 0.978 0.878 0.122 0.022 0.654 0.848 0.152 0.346 
16 0.664 0.841 0.159 0.336 0.773 0.743 0.257 0.227 0.932 0.669 0.331 0.068 0.606 0.964 0.036 0.394 0.824 0.692 0.308 0.176 
17 0.851 0.952 0.048 0.149 0.601 0.833 0.167 0.399 0.756 0.694 0.306 0.244 0.786 0.992 0.008 0.214 0.772 0.762 0.238 0.228 
18 0.814 0.748 0.252 0.186 0.783 0.656 0.344 0.217 0.919 0.696 0.304 0.081 0.640 0.704 0.296 0.360 0.874 0.690 0.310 0.126 
19 0.827 0.832 0.168 0.173 0.795 0.651 0.349 0.205 0.886 0.763 0.237 0.114 0.612 0.694 0.306 0.388 0.665 0.633 0.367 0.335 
20 0.707 0.994 0.006 0.293 0.623 0.706 0.294 0.377 0.623 0.852 0.148 0.377 0.882 0.601 0.399 0.118 0.727 0.971 0.029 0.273 
21 0.966 0.603 0.397 0.034 0.643 0.630 0.370 0.357 0.954 0.815 0.185 0.046 0.873 0.845 0.155 0.127 0.686 0.828 0.172 0.314 
22 0.900 0.890 0.110 0.100 0.752 0.884 0.116 0.248 0.880 0.778 0.222 0.120 0.846 0.886 0.114 0.154 0.739 0.771 0.229 0.261 
23 0.834 0.622 0.378 0.166 0.825 0.630 0.370 0.175 0.920 0.674 0.326 0.080 0.755 0.897 0.103 0.245 0.873 0.708 0.292 0.127 
24 0.976 0.602 0.398 0.024 0.627 0.688 0.312 0.373 0.936 0.751 0.249 0.064 0.712 0.611 0.389 0.288 0.612 0.642 0.358 0.388 
25 0.987 0.722 0.278 0.013 0.840 0.804 0.196 0.160 0.901 0.871 0.129 0.099 0.749 0.798 0.202 0.251 0.621 0.998 0.002 0.379 
26 0.829 0.777 0.223 0.171 0.937 0.871 0.129 0.063 0.752 0.600 0.400 0.248 0.787 0.946 0.054 0.213 0.917 0.844 0.156 0.083 
27 0.857 0.658 0.342 0.143 0.673 0.740 0.260 0.327 0.700 0.740 0.260 0.300 0.828 0.983 0.017 0.172 0.718 0.861 0.139 0.282 
28 0.807 0.641 0.359 0.193 0.826 0.902 0.098 0.174 0.729 0.677 0.323 0.271 0.892 0.921 0.079 0.108 0.752 0.635 0.365 0.248 
29 0.866 0.685 0.315 0.134 0.637 0.804 0.196 0.363 0.619 0.708 0.292 0.381 0.958 0.874 0.126 0.042 0.910 0.600 0.400 0.090 
30 0.775 0.747 0.253 0.225 0.994 0.870 0.130 0.006 0.848 0.998 0.002 0.152 0.610 0.610 0.390 0.390 0.723 0.962 0.038 0.277 



 

Experiment VI, Repetition 1 
 

 Logical sensor 1, t=0 Logical sensor 2, t=0 Logical sensor 3, t=0 Logical sensor 4, t=0 Logical sensor 5, t=0 
Rand OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM 

1 0.664 0.961 0.039 0.336 0.635 0.832 0.168 0.365 0.863 0.767 0.233 0.137 0.603 0.741 0.259 0.397 0.665 0.761 0.239 0.335 
2 0.896 0.671 0.329 0.104 0.907 0.812 0.188 0.093 0.863 0.821 0.179 0.137 0.717 0.816 0.184 0.283 0.790 0.671 0.329 0.210 
3 0.879 0.708 0.292 0.121 0.886 0.881 0.119 0.114 0.636 0.644 0.356 0.364 0.670 0.949 0.051 0.330 0.893 0.711 0.289 0.107 
4 0.740 0.999 0.001 0.260 0.979 0.795 0.205 0.021 0.662 0.675 0.325 0.338 0.713 0.813 0.187 0.287 0.908 0.928 0.072 0.092 
5 0.622 0.891 0.109 0.378 0.792 0.693 0.307 0.208 0.650 0.615 0.385 0.350 0.797 0.705 0.295 0.203 0.670 0.698 0.302 0.330 
6 0.645 0.971 0.029 0.355 0.881 0.876 0.124 0.119 0.759 0.945 0.055 0.241 0.790 0.785 0.215 0.210 0.664 0.902 0.098 0.336 
7 0.770 0.621 0.379 0.230 0.602 0.800 0.200 0.398 0.671 0.961 0.039 0.329 0.608 0.911 0.089 0.392 0.933 0.634 0.366 0.067 
8 0.849 0.615 0.385 0.151 0.625 0.641 0.359 0.375 0.757 0.734 0.266 0.243 0.698 0.955 0.045 0.302 0.609 0.794 0.206 0.391 
9 0.862 0.756 0.244 0.138 0.836 0.943 0.057 0.164 0.905 0.924 0.076 0.095 0.639 0.924 0.076 0.361 0.831 0.651 0.349 0.169 

10 0.700 0.963 0.037 0.300 0.640 0.822 0.178 0.360 0.726 0.749 0.251 0.274 0.899 0.630 0.370 0.101 0.777 0.970 0.030 0.223 
11 0.754 0.906 0.094 0.246 0.989 0.744 0.256 0.011 0.976 0.693 0.307 0.024 0.858 0.683 0.317 0.142 0.844 0.789 0.211 0.156 
12 0.852 0.836 0.164 0.148 0.998 0.735 0.265 0.002 0.677 0.867 0.133 0.323 0.861 0.872 0.128 0.139 0.766 0.878 0.122 0.234 
13 0.931 0.848 0.152 0.069 0.985 0.857 0.143 0.015 0.675 0.651 0.349 0.325 0.617 0.813 0.187 0.383 0.670 0.876 0.124 0.330 
14 0.898 0.782 0.218 0.102 0.642 0.623 0.377 0.358 0.940 0.979 0.021 0.060 0.720 0.771 0.229 0.280 0.886 0.711 0.289 0.114 
15 0.912 0.901 0.099 0.088 0.850 0.934 0.066 0.150 0.786 0.760 0.240 0.214 0.614 0.867 0.133 0.386 0.631 0.650 0.350 0.369 
16 0.873 0.662 0.338 0.127 0.665 0.650 0.350 0.335 0.711 0.962 0.038 0.289 0.974 0.649 0.351 0.026 0.811 0.712 0.288 0.189 
17 0.872 0.910 0.090 0.128 0.784 0.883 0.117 0.216 0.896 0.973 0.027 0.104 0.717 0.990 0.010 0.283 0.734 0.803 0.197 0.266 
18 0.709 0.784 0.216 0.291 0.738 0.726 0.274 0.262 0.640 0.759 0.241 0.360 0.612 0.876 0.124 0.388 0.605 0.641 0.359 0.395 
19 0.890 0.849 0.151 0.110 0.825 0.731 0.269 0.175 0.629 0.725 0.275 0.371 0.923 0.980 0.020 0.077 0.789 0.798 0.202 0.211 
20 0.681 0.744 0.256 0.319 0.829 0.989 0.011 0.171 0.830 0.819 0.181 0.170 0.675 0.961 0.039 0.325 0.936 0.857 0.143 0.064 
21 0.741 0.737 0.263 0.259 0.902 0.678 0.322 0.098 0.988 0.894 0.106 0.012 0.786 0.978 0.022 0.214 0.842 0.627 0.373 0.158 
22 0.756 0.891 0.109 0.244 0.763 0.968 0.032 0.237 0.848 0.693 0.307 0.152 0.970 0.838 0.162 0.030 0.744 0.919 0.081 0.256 
23 0.810 0.823 0.177 0.190 0.869 0.803 0.197 0.131 0.871 0.736 0.264 0.129 0.688 0.795 0.205 0.312 0.968 0.878 0.122 0.032 
24 0.711 0.864 0.136 0.289 0.845 0.610 0.390 0.155 0.798 0.858 0.142 0.202 0.883 0.976 0.024 0.117 0.764 0.739 0.261 0.236 
25 0.890 0.925 0.075 0.110 0.622 0.843 0.157 0.378 0.733 0.782 0.218 0.267 0.846 0.604 0.396 0.154 0.783 0.960 0.040 0.217 
26 0.905 0.658 0.342 0.095 0.740 0.873 0.127 0.260 0.972 0.859 0.141 0.028 0.856 0.865 0.135 0.144 0.700 0.950 0.050 0.300 
27 0.779 0.809 0.191 0.221 0.669 0.894 0.106 0.331 0.957 0.805 0.195 0.043 0.616 0.732 0.268 0.384 0.964 0.831 0.169 0.036 
28 0.888 0.828 0.172 0.112 0.637 0.854 0.146 0.363 0.978 0.700 0.300 0.022 0.775 0.788 0.212 0.225 0.673 0.602 0.398 0.327 
29 0.635 0.868 0.132 0.365 0.830 0.639 0.361 0.170 0.895 0.972 0.028 0.105 0.768 0.857 0.143 0.232 0.859 0.785 0.215 0.141 
30 0.727 0.796 0.204 0.273 0.779 0.826 0.174 0.221 0.682 0.612 0.388 0.318 0.868 0.776 0.224 0.132 0.668 0.662 0.338 0.332 



 

Experiment VI, Repetition 2 
 

 Logical sensor 1, t=0 Logical sensor 2, t=0 Logical sensor 3, t=0 Logical sensor 4, t=0 Logical sensor 5, t=0 
Rand OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM 

1 0.676 0.932 0.068 0.324 0.765 0.665 0.335 0.235 0.864 0.672 0.328 0.136 0.810 0.796 0.204 0.190 0.969 0.821 0.179 0.031 
2 0.742 0.625 0.375 0.258 0.702 0.725 0.275 0.298 0.693 0.884 0.116 0.307 0.718 0.817 0.183 0.282 0.838 0.835 0.165 0.162 
3 0.823 0.943 0.057 0.177 0.964 0.671 0.329 0.036 0.731 0.610 0.390 0.269 0.880 0.733 0.267 0.120 0.833 0.919 0.081 0.167 
4 0.782 0.690 0.310 0.218 0.820 0.785 0.215 0.180 0.825 0.942 0.058 0.175 0.632 0.991 0.009 0.368 0.857 0.970 0.030 0.143 
5 0.830 0.743 0.257 0.170 0.996 0.929 0.071 0.004 0.847 0.669 0.331 0.153 0.871 0.926 0.074 0.129 0.640 0.890 0.110 0.360 
6 0.824 0.875 0.125 0.176 0.759 0.862 0.138 0.241 0.730 0.721 0.279 0.270 0.783 0.834 0.166 0.217 0.729 0.850 0.150 0.271 
7 0.922 0.929 0.071 0.078 0.951 0.617 0.383 0.049 0.731 0.688 0.312 0.269 0.978 0.955 0.045 0.022 0.774 0.921 0.079 0.226 
8 0.778 0.777 0.223 0.222 0.616 0.933 0.067 0.384 0.627 0.741 0.259 0.373 0.846 0.603 0.397 0.154 0.857 0.983 0.017 0.143 
9 0.828 0.852 0.148 0.172 0.785 0.875 0.125 0.215 0.748 0.842 0.158 0.252 0.609 0.994 0.006 0.391 0.986 0.783 0.217 0.014 

10 0.735 0.900 0.100 0.265 0.985 0.987 0.013 0.015 0.681 0.983 0.017 0.319 0.739 0.715 0.285 0.261 0.923 0.941 0.059 0.077 
11 0.885 0.832 0.168 0.115 0.612 0.863 0.137 0.388 0.811 0.705 0.295 0.189 0.842 0.711 0.289 0.158 0.685 0.651 0.349 0.315 
12 0.731 0.755 0.245 0.269 0.652 0.749 0.251 0.348 0.935 0.932 0.068 0.065 0.802 0.633 0.367 0.198 0.859 0.613 0.387 0.141 
13 0.743 0.776 0.224 0.258 0.757 0.771 0.229 0.243 0.821 0.965 0.035 0.179 0.896 0.656 0.344 0.104 0.924 0.715 0.285 0.076 
14 0.840 0.921 0.079 0.160 0.713 0.711 0.289 0.287 0.725 0.971 0.029 0.275 0.682 0.757 0.243 0.318 0.810 0.631 0.369 0.190 
15 0.868 0.867 0.133 0.132 0.809 0.788 0.212 0.191 0.850 0.833 0.167 0.150 0.686 0.784 0.216 0.314 0.707 0.932 0.068 0.293 
16 0.953 0.737 0.263 0.047 0.636 0.958 0.042 0.364 0.682 0.679 0.321 0.318 0.993 0.705 0.295 0.007 0.972 0.703 0.297 0.028 
17 0.681 0.608 0.392 0.319 0.930 0.961 0.039 0.070 0.837 0.631 0.369 0.163 0.839 0.848 0.152 0.161 0.889 0.977 0.023 0.111 
18 0.672 0.649 0.351 0.328 0.779 0.988 0.012 0.221 0.849 0.810 0.190 0.151 0.600 0.840 0.160 0.400 0.905 0.824 0.176 0.095 
19 0.956 0.706 0.294 0.044 0.971 0.758 0.242 0.029 0.991 0.604 0.396 0.009 0.903 0.920 0.080 0.097 0.706 0.809 0.191 0.294 
20 0.717 0.800 0.200 0.283 0.983 0.812 0.188 0.017 0.806 0.846 0.154 0.194 0.974 0.810 0.190 0.026 0.996 0.651 0.349 0.004 
21 0.734 0.609 0.391 0.266 0.893 0.753 0.247 0.107 0.978 0.918 0.082 0.022 0.623 0.762 0.238 0.377 0.795 0.860 0.140 0.205 
22 0.965 0.769 0.231 0.035 0.791 0.757 0.243 0.209 0.728 0.786 0.214 0.272 0.889 0.807 0.193 0.111 0.610 0.856 0.144 0.390 
23 0.976 0.979 0.021 0.024 0.886 0.681 0.319 0.114 0.692 0.678 0.322 0.308 0.654 0.912 0.088 0.346 0.902 0.694 0.306 0.098 
24 0.889 0.958 0.042 0.111 0.601 0.783 0.217 0.399 0.724 0.750 0.250 0.276 0.951 0.675 0.325 0.049 0.694 0.634 0.366 0.306 
25 0.960 0.844 0.156 0.040 0.733 0.797 0.203 0.267 0.644 0.859 0.141 0.356 0.701 0.886 0.114 0.299 0.833 0.718 0.282 0.167 
26 0.666 0.750 0.250 0.334 0.942 0.773 0.227 0.058 0.634 0.758 0.242 0.366 0.660 0.740 0.260 0.340 0.836 0.680 0.320 0.164 
27 0.602 0.875 0.125 0.398 0.955 0.610 0.390 0.045 0.999 0.771 0.229 0.001 0.926 0.848 0.152 0.074 0.661 0.655 0.345 0.339 
28 0.849 0.635 0.365 0.151 0.739 0.896 0.104 0.261 0.779 0.991 0.009 0.221 0.895 0.740 0.260 0.105 0.641 0.732 0.268 0.359 
29 0.691 0.794 0.206 0.309 0.777 0.901 0.099 0.223 0.693 0.671 0.329 0.307 0.891 0.863 0.137 0.109 0.862 0.872 0.128 0.138 
30 0.694 0.754 0.246 0.306 0.678 0.716 0.284 0.322 0.676 0.746 0.254 0.324 0.932 0.929 0.071 0.068 0.779 0.989 0.011 0.221 



 

Experiment VI, Repetition 3 
 

 Logical sensor 1, t=0 Logical sensor 2, t=0 Logical sensor 3, t=0 Logical sensor 4, t=0 Logical sensor 5, t=0 
Rand OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM 

1 0.757 0.616 0.384 0.243 0.874 0.937 0.063 0.126 0.686 0.910 0.090 0.314 0.602 0.795 0.205 0.398 0.709 0.758 0.242 0.291 
2 0.644 0.695 0.305 0.356 0.810 0.606 0.394 0.190 0.701 0.897 0.103 0.299 0.809 0.775 0.225 0.191 0.726 0.667 0.333 0.274 
3 0.858 0.873 0.127 0.142 0.939 0.805 0.195 0.061 0.646 0.634 0.366 0.354 0.869 0.962 0.038 0.131 0.611 0.904 0.096 0.389 
4 0.799 0.835 0.165 0.201 0.770 0.974 0.026 0.230 0.953 0.739 0.261 0.047 0.806 0.611 0.389 0.194 0.849 0.997 0.003 0.151 
5 0.811 0.862 0.138 0.189 0.965 0.828 0.172 0.035 0.825 0.714 0.286 0.175 0.930 0.900 0.100 0.070 0.770 0.874 0.126 0.230 
6 0.872 0.925 0.075 0.128 0.625 0.934 0.066 0.375 0.960 0.872 0.128 0.040 0.755 0.841 0.159 0.245 0.718 0.608 0.392 0.282 
7 0.861 0.683 0.317 0.139 0.971 0.738 0.262 0.029 0.745 0.853 0.147 0.255 0.751 0.790 0.210 0.249 0.666 0.713 0.287 0.334 
8 0.742 0.918 0.082 0.258 0.641 0.935 0.065 0.359 0.721 0.732 0.268 0.279 0.643 0.889 0.111 0.357 0.797 0.679 0.321 0.203 
9 0.903 0.940 0.060 0.097 0.806 0.929 0.071 0.194 0.983 0.691 0.309 0.017 0.885 0.619 0.381 0.115 0.660 0.708 0.292 0.340 

10 0.784 0.956 0.044 0.216 0.810 0.901 0.099 0.190 0.647 0.683 0.317 0.353 0.738 0.657 0.343 0.262 0.792 0.784 0.216 0.208 
11 0.675 0.665 0.335 0.325 0.848 0.709 0.291 0.152 0.618 0.942 0.058 0.382 0.943 0.792 0.208 0.057 0.900 0.957 0.043 0.100 
12 0.729 0.713 0.287 0.271 0.988 0.790 0.210 0.012 0.756 0.925 0.075 0.244 0.859 0.747 0.253 0.141 0.843 0.955 0.045 0.157 
13 0.862 0.927 0.073 0.138 0.665 0.655 0.345 0.335 0.748 0.959 0.041 0.252 0.751 0.639 0.361 0.249 0.747 0.986 0.014 0.253 
14 0.746 0.949 0.051 0.254 0.953 0.684 0.316 0.047 0.732 0.975 0.025 0.268 0.607 0.757 0.243 0.393 0.891 0.634 0.366 0.109 
15 0.682 0.710 0.290 0.318 0.954 0.716 0.284 0.046 0.902 0.642 0.358 0.098 0.659 0.673 0.327 0.341 0.975 0.822 0.178 0.025 
16 0.940 0.776 0.224 0.060 0.606 0.913 0.087 0.394 0.743 0.605 0.395 0.257 0.893 0.655 0.345 0.107 0.868 0.744 0.256 0.132 
17 0.948 0.839 0.161 0.052 0.893 0.737 0.263 0.107 0.700 0.602 0.398 0.300 0.636 0.842 0.158 0.364 0.856 0.865 0.135 0.144 
18 0.626 0.745 0.255 0.374 0.779 0.965 0.035 0.222 0.688 0.705 0.295 0.312 0.941 0.712 0.288 0.059 0.846 0.839 0.161 0.154 
19 0.743 0.842 0.158 0.257 0.813 0.601 0.399 0.187 0.932 0.715 0.285 0.068 0.642 0.998 0.002 0.358 0.787 0.813 0.187 0.213 
20 0.926 0.885 0.115 0.074 0.733 0.856 0.144 0.267 0.984 0.895 0.105 0.016 0.891 0.740 0.260 0.109 0.819 0.809 0.191 0.181 
21 0.845 0.943 0.057 0.155 0.715 0.693 0.307 0.285 0.889 0.769 0.231 0.111 0.943 0.677 0.323 0.057 0.765 0.704 0.296 0.235 
22 0.852 0.960 0.040 0.148 0.711 0.752 0.248 0.289 0.614 0.872 0.128 0.386 0.661 0.931 0.069 0.339 0.789 0.961 0.039 0.211 
23 0.788 0.603 0.397 0.212 0.678 0.749 0.251 0.322 0.618 0.687 0.313 0.382 0.600 0.749 0.251 0.400 0.868 0.785 0.215 0.132 
24 0.763 0.766 0.234 0.237 0.850 0.959 0.041 0.150 0.854 0.991 0.009 0.146 0.612 0.941 0.059 0.388 0.635 0.960 0.040 0.365 
25 0.800 0.726 0.274 0.200 0.907 0.989 0.011 0.093 0.680 0.771 0.229 0.320 0.738 0.840 0.160 0.262 0.738 0.987 0.013 0.262 
26 0.727 0.872 0.128 0.273 0.789 0.987 0.013 0.211 0.907 0.705 0.295 0.093 0.940 0.625 0.375 0.060 0.749 0.927 0.073 0.251 
27 0.657 0.737 0.263 0.343 0.739 0.775 0.225 0.261 0.829 0.603 0.397 0.171 0.705 0.902 0.098 0.295 0.887 0.770 0.230 0.113 
28 0.643 0.884 0.116 0.357 0.861 0.600 0.400 0.139 0.866 0.991 0.009 0.134 0.730 0.677 0.323 0.270 0.807 0.946 0.054 0.193 
29 0.808 0.849 0.151 0.192 0.621 0.704 0.296 0.379 0.757 0.864 0.136 0.243 0.991 0.636 0.364 0.009 0.997 0.966 0.034 0.003 
30 0.866 0.625 0.375 0.134 0.864 0.790 0.210 0.136 0.854 0.865 0.135 0.146 0.903 0.994 0.006 0.097 0.962 0.614 0.386 0.038 



 

Experiment VI, Repetition 4 
 

 Logical sensor 1, t=0 Logical sensor 2, t=0 Logical sensor 3, t=0 Logical sensor 4, t=0 Logical sensor 5, t=0 
Rand OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM 

1 0.634 0.631 0.369 0.366 0.925 0.847 0.153 0.075 0.970 0.643 0.357 0.030 0.770 0.694 0.306 0.230 0.699 0.635 0.365 0.301 
2 0.918 0.950 0.050 0.082 0.718 0.752 0.248 0.282 0.724 0.771 0.229 0.276 0.830 0.917 0.083 0.170 0.974 0.859 0.141 0.026 
3 0.774 0.738 0.262 0.226 0.966 0.662 0.338 0.034 0.658 0.790 0.210 0.342 0.797 0.750 0.250 0.203 0.711 0.773 0.227 0.289 
4 0.999 0.841 0.159 0.001 0.731 0.785 0.215 0.269 0.954 0.793 0.207 0.046 0.903 0.835 0.165 0.097 0.950 0.936 0.064 0.050 
5 0.915 0.759 0.241 0.085 0.811 0.781 0.219 0.189 0.603 0.951 0.049 0.397 0.962 0.877 0.123 0.038 0.866 0.955 0.045 0.134 
6 0.704 0.755 0.245 0.296 0.743 0.671 0.329 0.257 0.638 0.669 0.331 0.362 0.684 0.973 0.027 0.316 0.825 0.903 0.097 0.175 
7 0.981 0.696 0.304 0.019 0.655 0.656 0.344 0.345 0.613 0.776 0.224 0.387 0.927 0.759 0.241 0.073 0.820 0.698 0.302 0.180 
8 0.678 0.813 0.187 0.322 0.720 0.674 0.326 0.280 0.628 0.824 0.176 0.372 0.859 0.673 0.327 0.141 0.827 0.658 0.342 0.173 
9 0.946 0.832 0.168 0.054 0.733 0.657 0.343 0.267 0.780 0.964 0.036 0.220 0.875 0.753 0.247 0.125 0.616 0.802 0.198 0.384 

10 0.737 0.711 0.289 0.263 0.949 0.954 0.046 0.051 0.702 0.629 0.371 0.298 0.609 0.997 0.003 0.391 0.882 0.720 0.280 0.118 
11 0.808 0.659 0.341 0.192 0.732 0.752 0.248 0.268 0.990 0.769 0.231 0.010 0.645 0.772 0.228 0.355 0.792 0.953 0.047 0.208 
12 0.929 0.693 0.307 0.071 0.896 0.971 0.029 0.104 0.676 0.700 0.300 0.324 0.842 0.950 0.050 0.158 0.751 0.834 0.166 0.249 
13 0.821 0.608 0.392 0.179 0.716 0.815 0.185 0.284 0.987 0.858 0.142 0.013 0.850 0.859 0.141 0.150 0.855 0.812 0.188 0.145 
14 0.730 0.952 0.048 0.270 0.719 0.621 0.379 0.281 0.880 0.651 0.349 0.120 0.771 0.679 0.321 0.229 0.805 0.685 0.315 0.195 
15 0.612 0.811 0.189 0.388 0.690 0.835 0.165 0.310 0.744 0.995 0.005 0.256 0.941 0.740 0.260 0.059 0.687 0.774 0.226 0.313 
16 0.716 0.865 0.135 0.284 0.688 0.992 0.008 0.312 0.661 0.947 0.053 0.339 0.675 0.953 0.047 0.325 0.711 0.712 0.288 0.289 
17 0.970 0.831 0.169 0.030 0.613 0.873 0.127 0.387 0.968 0.821 0.179 0.032 0.728 0.664 0.336 0.272 0.946 0.817 0.183 0.054 
18 0.770 0.684 0.316 0.230 0.903 0.663 0.337 0.097 0.635 0.648 0.352 0.365 0.818 0.740 0.260 0.182 0.651 0.713 0.287 0.349 
19 0.990 0.802 0.198 0.010 0.971 0.802 0.198 0.029 0.933 0.698 0.302 0.067 0.660 0.617 0.383 0.340 0.797 0.909 0.091 0.203 
20 0.655 0.745 0.255 0.345 0.820 0.717 0.283 0.180 0.949 0.793 0.207 0.051 0.627 0.951 0.049 0.373 0.935 0.968 0.032 0.065 
21 0.732 0.822 0.178 0.268 0.675 0.851 0.149 0.325 0.820 0.653 0.347 0.180 0.678 0.609 0.391 0.322 0.722 0.786 0.214 0.278 
22 0.888 0.949 0.051 0.112 0.783 0.924 0.076 0.217 0.975 0.947 0.053 0.025 0.702 0.650 0.350 0.298 0.968 0.751 0.249 0.032 
23 0.774 0.807 0.193 0.226 0.929 0.980 0.020 0.071 0.659 0.762 0.238 0.341 0.787 0.960 0.040 0.213 0.683 0.891 0.109 0.317 
24 0.679 0.762 0.238 0.321 0.868 0.790 0.210 0.132 0.978 0.906 0.094 0.022 0.893 0.829 0.171 0.107 0.906 0.882 0.118 0.094 
25 0.607 0.871 0.129 0.393 0.970 0.998 0.002 0.030 0.613 0.805 0.195 0.387 0.818 0.790 0.210 0.182 0.953 0.846 0.154 0.047 
26 0.777 0.650 0.350 0.223 0.650 0.634 0.366 0.350 0.948 0.854 0.146 0.052 0.966 0.829 0.171 0.034 0.787 0.709 0.291 0.213 
27 0.875 0.704 0.296 0.125 0.936 0.699 0.301 0.064 0.606 0.770 0.230 0.394 0.941 0.717 0.283 0.059 0.783 0.994 0.006 0.217 
28 0.806 0.770 0.230 0.194 0.641 0.647 0.353 0.359 0.819 0.751 0.249 0.181 0.705 0.759 0.241 0.295 0.846 0.832 0.168 0.154 
29 0.963 0.707 0.293 0.037 0.785 0.790 0.210 0.215 0.757 0.810 0.190 0.243 0.765 0.999 0.001 0.235 0.846 0.785 0.215 0.154 
30 0.983 0.841 0.159 0.017 0.674 0.801 0.199 0.326 0.935 0.983 0.017 0.065 0.974 0.871 0.129 0.026 0.960 0.744 0.256 0.040 



 

Experiment VI, Repetition 5 
 

 Logical sensor 1, t=0 Logical sensor 2, t=0 Logical sensor 3, t=0 Logical sensor 4, t=0 Logical sensor 5, t=0 
Rand OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM 

1 0.729 0.802 0.198 0.271 0.658 0.964 0.036 0.342 0.778 0.610 0.390 0.222 0.688 0.947 0.053 0.312 0.664 0.738 0.262 0.336 
2 0.660 0.713 0.287 0.340 0.793 0.691 0.309 0.207 0.726 0.923 0.077 0.274 0.912 0.717 0.283 0.088 0.676 0.775 0.225 0.324 
3 0.683 0.837 0.163 0.317 0.966 0.842 0.158 0.034 0.829 0.893 0.107 0.171 0.660 0.971 0.029 0.340 0.870 0.895 0.105 0.130 
4 0.789 0.740 0.260 0.211 0.739 0.643 0.357 0.261 0.911 0.950 0.050 0.089 0.812 0.699 0.301 0.188 0.737 0.727 0.273 0.263 
5 0.875 0.827 0.173 0.125 0.916 0.752 0.248 0.084 0.674 0.917 0.083 0.326 0.829 0.739 0.261 0.171 0.688 0.666 0.334 0.312 
6 0.744 0.826 0.174 0.256 0.690 0.939 0.061 0.310 0.601 0.859 0.141 0.399 0.733 0.909 0.091 0.267 0.925 0.786 0.214 0.075 
7 0.774 0.824 0.176 0.226 0.837 0.642 0.358 0.163 0.690 0.872 0.128 0.310 0.783 0.909 0.091 0.217 0.639 0.709 0.291 0.361 
8 0.790 0.729 0.271 0.210 0.764 0.976 0.024 0.236 0.999 0.795 0.205 0.001 0.675 0.753 0.247 0.325 0.604 0.655 0.345 0.396 
9 0.999 0.623 0.377 0.001 0.946 0.903 0.097 0.054 0.866 0.965 0.035 0.134 0.836 0.734 0.266 0.164 0.716 0.720 0.280 0.284 

10 0.755 0.754 0.246 0.245 0.690 0.890 0.110 0.310 0.934 0.690 0.310 0.066 0.932 0.885 0.115 0.068 0.759 0.698 0.302 0.241 
11 0.762 0.645 0.355 0.238 0.964 0.632 0.368 0.036 0.749 0.637 0.363 0.251 0.721 0.769 0.231 0.279 0.923 0.882 0.118 0.077 
12 0.945 0.716 0.284 0.055 0.884 0.879 0.121 0.116 0.912 0.643 0.357 0.088 0.756 0.851 0.149 0.244 0.677 0.741 0.259 0.323 
13 0.944 0.898 0.102 0.056 0.716 0.887 0.113 0.284 0.854 0.884 0.116 0.146 0.694 0.639 0.361 0.306 0.706 0.837 0.163 0.294 
14 0.804 0.879 0.121 0.196 0.713 0.984 0.016 0.287 0.820 0.670 0.330 0.180 0.765 0.977 0.023 0.235 0.839 0.955 0.045 0.161 
15 0.806 0.731 0.269 0.194 0.733 0.851 0.149 0.267 0.884 0.610 0.390 0.116 0.683 0.900 0.100 0.317 0.982 0.722 0.278 0.018 
16 0.746 0.746 0.254 0.254 0.742 0.738 0.262 0.258 0.787 0.822 0.178 0.213 0.793 0.803 0.197 0.207 0.714 0.787 0.213 0.286 
17 0.761 0.793 0.207 0.239 0.706 0.706 0.294 0.294 0.869 0.716 0.284 0.131 0.967 0.926 0.074 0.033 0.848 0.665 0.335 0.152 
18 0.687 0.838 0.162 0.313 0.609 0.770 0.230 0.391 0.868 0.682 0.318 0.132 0.834 0.770 0.230 0.166 0.771 0.872 0.128 0.229 
19 0.859 0.826 0.174 0.141 0.659 0.803 0.197 0.341 0.823 0.958 0.042 0.177 0.608 0.955 0.045 0.392 0.876 0.886 0.114 0.124 
20 0.850 0.719 0.281 0.150 0.972 0.719 0.281 0.028 0.610 0.833 0.167 0.390 0.939 0.986 0.014 0.061 0.826 0.748 0.252 0.174 
21 0.950 0.735 0.265 0.050 0.815 0.776 0.224 0.185 0.863 0.992 0.008 0.137 0.705 0.976 0.024 0.295 0.799 0.637 0.363 0.201 
22 0.991 0.729 0.271 0.009 0.605 0.953 0.047 0.395 0.628 0.832 0.168 0.372 0.688 0.959 0.041 0.312 0.893 0.861 0.139 0.107 
23 0.778 0.613 0.387 0.222 0.681 0.946 0.054 0.319 0.616 0.655 0.345 0.384 0.712 0.972 0.028 0.288 0.945 0.951 0.049 0.055 
24 0.848 0.965 0.035 0.152 0.641 0.970 0.030 0.359 0.703 0.783 0.217 0.297 0.959 0.805 0.195 0.041 0.924 0.740 0.260 0.076 
25 0.973 0.862 0.138 0.027 0.658 0.735 0.265 0.342 0.874 0.995 0.005 0.126 0.886 0.938 0.062 0.114 0.726 0.980 0.020 0.274 
26 0.886 0.837 0.163 0.114 0.973 0.773 0.227 0.027 0.816 0.687 0.313 0.184 0.816 0.863 0.137 0.184 0.658 0.715 0.285 0.342 
27 0.759 0.627 0.373 0.241 0.646 0.649 0.351 0.354 0.871 0.797 0.203 0.129 0.687 0.636 0.364 0.313 0.701 0.936 0.064 0.299 
28 0.740 0.686 0.314 0.260 0.887 0.612 0.388 0.113 0.907 0.730 0.270 0.093 0.670 0.833 0.167 0.330 0.974 0.927 0.073 0.026 
29 0.723 0.731 0.269 0.277 0.622 0.681 0.319 0.378 0.774 0.872 0.128 0.226 0.844 0.948 0.052 0.156 0.712 0.755 0.245 0.288 
30 0.788 0.720 0.280 0.212 0.752 0.892 0.108 0.248 0.685 0.810 0.190 0.315 0.886 0.778 0.222 0.114 0.799 0.900 0.100 0.201 



 

Experiment VII, Repetition 1 
 

 Logical sensor 1, t=0 Logical sensor 2, t=0 Logical sensor 3, t=0 Logical sensor 4, t=0 Logical sensor 5, t=0 
Rand OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM 

1 0.778 0.622 0.378 0.222 0.679 0.651 0.349 0.321 0.812 0.723 0.277 0.188 0.649 0.764 0.236 0.351 0.639 0.763 0.237 0.361 
2 0.862 0.774 0.226 0.138 0.830 0.998 0.002 0.170 0.777 0.659 0.341 0.223 0.985 0.941 0.059 0.015 0.758 0.897 0.103 0.242 
3 0.899 0.691 0.309 0.101 0.813 0.723 0.277 0.187 0.858 0.763 0.237 0.142 0.641 0.982 0.018 0.359 0.640 0.855 0.145 0.360 
4 0.706 0.902 0.098 0.294 0.737 0.906 0.094 0.263 0.611 0.893 0.107 0.389 0.668 0.961 0.039 0.332 0.951 0.910 0.090 0.049 
5 0.785 0.622 0.378 0.215 0.786 0.604 0.396 0.214 0.733 0.650 0.350 0.267 0.824 0.633 0.367 0.176 0.651 0.922 0.078 0.349 
6 0.870 0.933 0.067 0.130 0.832 0.876 0.124 0.168 0.610 0.682 0.318 0.390 0.874 0.679 0.321 0.126 0.657 0.628 0.372 0.343 
7 0.639 0.636 0.364 0.361 0.670 0.789 0.211 0.330 0.882 0.774 0.226 0.118 0.914 0.928 0.072 0.086 0.972 0.811 0.189 0.028 
8 0.708 0.908 0.092 0.292 0.820 0.798 0.202 0.180 0.767 0.713 0.287 0.233 0.948 0.869 0.131 0.052 0.960 0.854 0.146 0.040 
9 0.689 0.962 0.038 0.311 0.946 0.600 0.400 0.054 0.932 0.890 0.110 0.068 0.675 0.670 0.330 0.325 0.828 0.931 0.069 0.172 

10 0.762 0.736 0.264 0.238 0.770 0.929 0.071 0.230 0.720 0.836 0.164 0.280 0.626 0.836 0.164 0.374 0.741 0.966 0.034 0.259 
11 0.727 0.727 0.273 0.273 0.803 0.692 0.308 0.197 0.846 0.807 0.193 0.154 0.636 0.864 0.136 0.364 0.790 0.875 0.125 0.210 
12 0.700 0.677 0.323 0.300 0.976 0.882 0.118 0.024 0.704 0.807 0.193 0.296 0.973 0.706 0.294 0.027 0.650 0.812 0.188 0.350 
13 0.796 0.613 0.387 0.204 0.723 0.893 0.107 0.277 0.686 0.649 0.351 0.314 0.804 0.841 0.159 0.196 0.754 0.609 0.391 0.246 
14 0.654 0.791 0.209 0.346 0.817 0.663 0.337 0.183 0.710 0.698 0.302 0.290 0.880 0.880 0.120 0.120 0.771 0.899 0.101 0.229 
15 0.880 0.819 0.181 0.120 0.740 0.649 0.351 0.260 0.847 0.925 0.075 0.153 0.698 0.736 0.264 0.302 0.665 0.784 0.216 0.335 
16 0.620 0.871 0.129 0.380 0.786 0.779 0.221 0.214 0.710 0.830 0.170 0.290 0.606 0.871 0.129 0.394 0.948 0.898 0.102 0.052 
17 0.685 0.612 0.388 0.315 0.808 0.835 0.165 0.192 0.982 0.794 0.206 0.018 0.848 0.661 0.339 0.152 0.728 0.993 0.007 0.272 
18 0.788 0.904 0.096 0.212 0.617 0.710 0.290 0.383 0.772 0.934 0.066 0.228 0.665 0.917 0.083 0.335 0.836 0.979 0.021 0.164 
19 0.795 0.636 0.364 0.205 0.895 0.627 0.373 0.105 0.891 0.603 0.397 0.109 0.998 0.800 0.200 0.002 0.771 0.671 0.329 0.229 
20 0.770 0.814 0.186 0.230 0.720 0.787 0.213 0.280 0.689 0.805 0.195 0.311 0.691 0.701 0.299 0.309 0.748 0.939 0.061 0.252 
21 0.642 0.835 0.165 0.358 0.798 0.803 0.197 0.202 0.748 0.639 0.361 0.252 0.865 0.776 0.224 0.135 0.899 0.756 0.244 0.101 
22 0.628 0.658 0.342 0.372 0.814 0.959 0.041 0.186 0.764 0.879 0.121 0.236 0.673 0.747 0.253 0.327 0.613 0.923 0.077 0.387 
23 0.606 0.958 0.042 0.394 0.768 0.908 0.092 0.232 0.881 0.966 0.034 0.119 0.904 0.973 0.027 0.096 0.845 0.782 0.218 0.155 
24 0.687 0.896 0.104 0.313 0.744 0.805 0.195 0.256 0.797 0.948 0.052 0.203 0.708 0.730 0.270 0.292 0.677 0.709 0.291 0.323 
25 0.797 0.869 0.131 0.203 0.828 0.794 0.206 0.172 0.695 0.766 0.234 0.305 0.991 0.688 0.312 0.009 0.906 0.976 0.024 0.094 
26 0.941 0.879 0.121 0.059 0.638 0.744 0.256 0.362 0.718 0.622 0.378 0.282 0.802 0.617 0.383 0.198 0.792 0.806 0.194 0.208 
27 0.886 0.958 0.042 0.114 0.728 0.815 0.185 0.272 0.918 0.795 0.205 0.082 0.624 0.716 0.284 0.376 0.931 0.656 0.344 0.069 
28 0.822 0.836 0.164 0.178 0.925 0.797 0.203 0.075 0.601 0.942 0.058 0.399 0.910 0.944 0.056 0.090 0.630 0.852 0.148 0.370 
29 0.762 0.783 0.217 0.238 0.793 0.666 0.334 0.207 0.908 0.834 0.166 0.092 0.613 0.612 0.388 0.387 0.946 0.710 0.290 0.054 
30 0.705 0.907 0.093 0.295 0.703 0.656 0.344 0.297 0.666 0.883 0.117 0.334 0.739 0.835 0.165 0.261 0.934 0.747 0.253 0.066 



 

Experiment VII, Repetition 2 
 

 Logical sensor 1, t=0 Logical sensor 2, t=0 Logical sensor 3, t=0 Logical sensor 4, t=0 Logical sensor 5, t=0 
Rand OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM 

1 0.836 0.720 0.280 0.164 0.813 0.973 0.027 0.187 0.742 0.623 0.377 0.258 0.940 0.648 0.352 0.060 0.981 0.639 0.361 0.019 
2 0.929 0.927 0.073 0.071 0.845 0.735 0.265 0.155 0.822 0.630 0.370 0.178 0.793 0.785 0.215 0.207 0.999 0.673 0.327 0.001 
3 0.730 0.910 0.090 0.270 0.854 0.668 0.332 0.146 0.764 0.968 0.032 0.236 0.824 0.818 0.182 0.176 0.807 0.991 0.009 0.193 
4 0.763 0.958 0.042 0.237 0.632 0.860 0.140 0.368 0.930 0.686 0.314 0.070 0.892 0.900 0.100 0.108 0.725 0.787 0.213 0.275 
5 0.904 0.866 0.134 0.096 0.792 0.689 0.311 0.208 0.947 0.962 0.038 0.053 0.632 0.684 0.316 0.368 0.675 0.961 0.039 0.325 
6 0.837 0.647 0.353 0.163 0.692 0.611 0.389 0.308 0.741 0.698 0.302 0.259 0.637 0.907 0.093 0.363 0.695 0.889 0.111 0.305 
7 0.751 0.658 0.342 0.249 0.772 0.601 0.399 0.228 0.807 0.686 0.314 0.193 0.789 0.721 0.279 0.211 0.757 0.905 0.095 0.243 
8 0.672 0.804 0.196 0.328 0.714 0.924 0.076 0.286 0.629 0.618 0.382 0.371 0.872 0.824 0.176 0.128 0.778 0.934 0.066 0.222 
9 0.802 0.758 0.242 0.198 0.924 0.702 0.298 0.076 0.981 0.795 0.205 0.019 0.895 0.815 0.185 0.105 0.881 0.824 0.176 0.119 

10 0.719 0.806 0.194 0.281 0.655 0.747 0.253 0.345 0.749 0.690 0.310 0.251 0.619 0.961 0.039 0.381 0.714 0.789 0.211 0.286 
11 0.985 0.816 0.184 0.015 0.766 0.689 0.311 0.234 0.705 0.735 0.265 0.295 0.955 0.840 0.160 0.045 0.755 0.956 0.044 0.245 
12 0.656 0.951 0.049 0.344 0.884 0.882 0.118 0.116 0.877 0.858 0.142 0.123 0.892 0.918 0.082 0.108 0.795 0.612 0.388 0.205 
13 0.774 0.986 0.014 0.226 0.801 0.697 0.303 0.199 0.761 0.980 0.020 0.239 0.702 0.647 0.353 0.298 0.859 0.932 0.068 0.141 
14 0.813 0.774 0.226 0.187 0.955 0.959 0.041 0.045 0.790 0.760 0.240 0.210 0.817 0.975 0.025 0.183 0.958 0.609 0.391 0.042 
15 0.603 0.972 0.028 0.397 0.856 0.716 0.284 0.144 0.854 0.765 0.235 0.146 0.709 0.833 0.167 0.291 0.983 0.679 0.321 0.017 
16 0.738 0.764 0.236 0.262 0.608 0.953 0.047 0.392 0.943 0.699 0.301 0.057 0.622 0.604 0.396 0.378 0.973 0.921 0.079 0.027 
17 0.882 0.694 0.306 0.118 0.677 0.903 0.097 0.323 0.842 0.633 0.367 0.158 0.759 0.874 0.126 0.241 0.657 0.632 0.368 0.343 
18 0.718 0.767 0.233 0.282 0.908 0.968 0.032 0.092 0.972 0.837 0.163 0.028 0.740 0.994 0.006 0.260 0.931 0.849 0.151 0.069 
19 0.900 0.964 0.036 0.100 0.629 0.751 0.249 0.371 0.856 0.758 0.242 0.144 0.607 0.723 0.277 0.393 0.665 0.754 0.246 0.335 
20 0.854 0.777 0.223 0.146 0.617 0.638 0.362 0.383 0.931 0.734 0.266 0.069 0.935 0.629 0.371 0.065 0.875 0.848 0.152 0.125 
21 0.905 0.632 0.368 0.095 0.698 0.949 0.051 0.302 0.802 0.890 0.110 0.198 0.853 0.775 0.225 0.147 0.727 0.744 0.256 0.273 
22 0.670 0.677 0.323 0.330 0.933 0.680 0.320 0.067 0.895 0.972 0.028 0.105 0.873 0.875 0.125 0.127 0.661 0.872 0.128 0.339 
23 0.715 0.880 0.120 0.285 0.773 0.814 0.186 0.227 0.817 0.967 0.033 0.183 0.851 0.609 0.391 0.149 0.844 0.631 0.369 0.156 
24 0.848 0.928 0.072 0.152 0.662 0.690 0.310 0.338 0.748 0.660 0.340 0.252 0.735 0.836 0.164 0.265 0.837 0.745 0.255 0.163 
25 0.641 0.624 0.376 0.359 0.846 0.920 0.080 0.154 0.919 0.705 0.295 0.081 0.843 0.640 0.360 0.157 0.705 0.765 0.235 0.295 
26 0.982 0.718 0.282 0.018 0.790 0.915 0.085 0.210 0.755 0.979 0.021 0.245 0.719 0.705 0.295 0.281 0.973 0.980 0.020 0.027 
27 0.901 0.983 0.017 0.099 0.763 0.983 0.017 0.237 0.813 0.860 0.140 0.187 0.840 0.837 0.163 0.160 0.908 0.888 0.112 0.092 
28 0.767 0.967 0.033 0.233 0.894 0.956 0.044 0.106 0.864 0.721 0.279 0.136 0.709 0.832 0.168 0.291 0.760 0.888 0.112 0.240 
29 0.767 0.988 0.012 0.233 0.610 0.938 0.062 0.390 0.850 0.707 0.293 0.150 0.625 0.675 0.325 0.375 0.837 0.841 0.159 0.163 
30 0.853 0.937 0.063 0.147 0.909 0.824 0.176 0.091 0.683 0.926 0.074 0.317 0.793 0.942 0.058 0.207 0.613 0.759 0.241 0.387 



 

Experiment VII, Repetition 3 
 

 Logical sensor 1, t=0 Logical sensor 2, t=0 Logical sensor 3, t=0 Logical sensor 4, t=0 Logical sensor 5, t=0 
Rand OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM 

1 0.721 0.786 0.214 0.279 0.783 0.739 0.261 0.217 0.696 0.759 0.241 0.304 0.707 0.957 0.043 0.293 0.692 0.766 0.234 0.308 
2 0.947 0.967 0.033 0.053 0.704 0.651 0.349 0.296 0.617 0.697 0.303 0.383 0.926 0.809 0.192 0.074 0.751 0.904 0.096 0.249 
3 0.956 0.949 0.051 0.044 0.934 0.606 0.394 0.066 0.691 0.928 0.072 0.309 0.830 0.838 0.162 0.170 0.735 0.747 0.253 0.265 
4 0.627 0.749 0.251 0.373 0.685 0.780 0.220 0.315 0.839 0.655 0.345 0.161 0.878 0.954 0.046 0.122 0.766 0.787 0.213 0.234 
5 0.983 0.963 0.037 0.017 0.827 0.693 0.307 0.173 0.927 0.924 0.076 0.073 0.888 0.991 0.009 0.112 0.778 0.940 0.060 0.222 
6 0.876 0.756 0.244 0.124 0.755 0.864 0.136 0.245 0.694 0.700 0.300 0.306 0.955 0.606 0.394 0.045 0.657 0.643 0.357 0.343 
7 0.987 0.744 0.256 0.013 0.877 0.969 0.031 0.123 0.949 0.921 0.079 0.051 0.819 0.890 0.110 0.181 0.778 0.966 0.034 0.222 
8 0.770 0.617 0.383 0.230 0.689 0.981 0.019 0.311 0.601 0.996 0.004 0.399 0.760 0.973 0.027 0.240 0.886 0.813 0.187 0.114 
9 0.714 0.814 0.186 0.286 0.705 0.915 0.085 0.295 0.894 0.755 0.245 0.106 0.952 0.935 0.065 0.048 0.918 0.754 0.246 0.082 

10 0.829 0.847 0.153 0.171 0.834 0.876 0.124 0.166 0.853 0.953 0.047 0.147 0.653 0.948 0.052 0.347 0.755 0.672 0.328 0.245 
11 0.662 0.876 0.124 0.338 0.828 0.620 0.380 0.172 0.824 0.770 0.230 0.176 0.694 0.748 0.252 0.306 0.941 0.927 0.073 0.059 
12 0.879 0.611 0.389 0.121 0.715 0.984 0.016 0.285 0.985 0.795 0.205 0.015 0.668 0.866 0.134 0.332 0.834 0.881 0.119 0.166 
13 0.689 0.715 0.285 0.311 0.947 0.817 0.183 0.053 0.642 0.663 0.337 0.358 0.823 0.639 0.361 0.177 0.834 0.903 0.097 0.166 
14 0.809 0.948 0.052 0.191 0.753 0.644 0.356 0.247 0.949 0.791 0.209 0.051 0.791 0.923 0.077 0.209 0.908 0.918 0.082 0.092 
15 0.884 0.738 0.262 0.116 0.825 0.794 0.206 0.175 0.657 0.749 0.251 0.343 0.693 0.744 0.256 0.307 0.924 0.791 0.209 0.076 
16 0.860 0.880 0.120 0.140 0.999 0.938 0.062 0.001 0.915 0.840 0.160 0.085 0.709 0.882 0.118 0.291 0.867 0.701 0.299 0.133 
17 0.764 0.899 0.101 0.236 0.668 0.894 0.106 0.332 0.877 0.748 0.252 0.123 0.695 0.632 0.368 0.305 0.851 0.913 0.087 0.149 
18 0.616 0.661 0.339 0.384 0.801 0.716 0.284 0.199 0.734 0.934 0.066 0.266 0.732 0.990 0.010 0.268 0.651 0.930 0.070 0.349 
19 0.664 0.623 0.377 0.336 0.965 0.737 0.263 0.035 0.835 0.730 0.270 0.165 0.778 0.803 0.197 0.222 0.946 0.988 0.012 0.054 
20 0.649 0.677 0.323 0.351 0.626 0.846 0.154 0.374 0.678 0.665 0.335 0.322 0.696 0.659 0.341 0.304 0.699 0.840 0.160 0.301 
21 0.926 0.836 0.164 0.074 0.810 0.734 0.266 0.190 0.989 0.717 0.283 0.011 0.674 0.772 0.228 0.326 0.786 0.957 0.043 0.214 
22 0.888 0.730 0.270 0.112 0.824 0.839 0.161 0.176 0.605 0.788 0.212 0.395 0.924 0.907 0.093 0.076 0.649 0.667 0.333 0.351 
23 0.940 0.605 0.395 0.060 0.615 0.865 0.135 0.385 0.836 0.817 0.183 0.164 0.646 0.710 0.290 0.354 0.961 0.867 0.133 0.039 
24 0.638 0.635 0.365 0.362 0.942 0.605 0.395 0.058 0.928 0.895 0.105 0.072 0.616 0.801 0.199 0.384 0.649 0.913 0.087 0.351 
25 0.829 0.784 0.216 0.171 0.835 0.892 0.108 0.165 0.615 0.953 0.047 0.385 0.642 0.753 0.247 0.358 0.737 0.910 0.090 0.263 
26 0.921 0.738 0.262 0.079 0.762 0.857 0.143 0.238 0.869 0.728 0.272 0.131 0.858 0.891 0.109 0.142 0.662 0.698 0.302 0.338 
27 0.851 0.933 0.067 0.149 0.633 0.605 0.395 0.367 0.811 0.909 0.091 0.189 0.658 0.956 0.044 0.342 0.927 0.973 0.027 0.073 
28 0.808 0.669 0.331 0.192 0.670 0.917 0.083 0.330 0.706 0.765 0.235 0.294 0.812 0.784 0.216 0.188 0.869 0.824 0.176 0.131 
29 0.894 0.837 0.163 0.106 0.681 0.960 0.040 0.319 0.869 0.734 0.266 0.131 0.726 0.892 0.108 0.274 0.742 0.867 0.133 0.258 
30 0.773 0.859 0.141 0.227 0.648 0.756 0.244 0.352 0.735 0.696 0.304 0.265 0.724 0.833 0.167 0.276 0.620 0.710 0.290 0.380 



 

Experiment VII, Repetition 4 
 

 Logical sensor 1, t=0 Logical sensor 2, t=0 Logical sensor 3, t=0 Logical sensor 4, t=0 Logical sensor 5, t=0 
Rand OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM 

1 0.702 0.806 0.194 0.298 0.779 0.713 0.287 0.221 0.841 0.845 0.155 0.159 0.844 0.744 0.256 0.156 0.952 0.692 0.308 0.048 
2 0.860 0.996 0.004 0.140 0.615 0.814 0.186 0.385 0.945 0.670 0.330 0.055 0.929 0.620 0.380 0.071 0.828 0.732 0.268 0.172 
3 0.614 0.732 0.268 0.386 0.629 0.618 0.382 0.371 0.652 0.927 0.073 0.348 0.747 0.799 0.201 0.253 0.694 0.726 0.274 0.306 
4 0.944 0.646 0.354 0.056 0.609 0.893 0.107 0.391 0.996 0.730 0.270 0.004 0.983 0.742 0.258 0.017 0.853 0.761 0.239 0.147 
5 0.659 0.728 0.272 0.341 0.662 0.768 0.232 0.338 0.813 0.673 0.327 0.187 0.927 0.671 0.329 0.073 0.782 0.771 0.229 0.218 
6 0.818 0.900 0.100 0.182 0.909 0.954 0.046 0.091 0.948 0.970 0.030 0.052 0.652 0.955 0.045 0.348 0.686 0.723 0.277 0.314 
7 0.623 0.778 0.222 0.377 0.634 0.918 0.082 0.366 0.659 0.638 0.362 0.341 0.979 0.783 0.217 0.021 0.755 0.672 0.329 0.245 
8 0.628 0.977 0.023 0.372 0.849 0.776 0.224 0.151 0.670 0.652 0.348 0.330 0.799 0.632 0.368 0.201 0.765 0.787 0.213 0.235 
9 0.925 0.735 0.265 0.075 0.762 0.658 0.342 0.238 0.844 0.926 0.074 0.156 0.989 0.636 0.364 0.011 0.884 0.850 0.150 0.116 

10 0.630 0.932 0.068 0.370 0.669 0.870 0.130 0.331 0.944 0.713 0.287 0.056 0.784 0.815 0.185 0.216 0.915 0.812 0.188 0.085 
11 0.655 0.836 0.164 0.345 0.736 0.896 0.104 0.264 0.910 0.735 0.265 0.090 0.702 0.842 0.158 0.298 0.832 0.755 0.245 0.168 
12 0.969 0.656 0.344 0.031 0.858 0.613 0.387 0.142 0.840 0.701 0.299 0.160 0.918 0.930 0.070 0.082 0.963 0.730 0.270 0.037 
13 0.767 0.653 0.347 0.233 0.643 0.736 0.264 0.357 0.606 0.626 0.374 0.394 0.695 0.603 0.397 0.305 0.759 0.778 0.222 0.241 
14 0.638 0.986 0.014 0.362 0.848 0.613 0.387 0.152 0.880 0.833 0.167 0.120 0.755 0.693 0.307 0.245 0.692 0.950 0.050 0.308 
15 0.838 0.910 0.090 0.162 0.781 0.638 0.362 0.219 0.821 0.781 0.219 0.179 0.954 0.744 0.256 0.046 0.664 0.690 0.310 0.336 
16 0.718 0.688 0.312 0.282 0.719 0.972 0.028 0.281 0.976 0.705 0.295 0.024 0.990 0.605 0.395 0.010 0.818 0.843 0.157 0.182 
17 0.872 0.754 0.246 0.128 0.617 0.909 0.091 0.383 0.760 0.977 0.023 0.240 0.878 0.838 0.162 0.122 0.898 0.701 0.299 0.102 
18 0.952 0.748 0.252 0.048 0.623 0.877 0.123 0.377 0.965 0.901 0.099 0.035 0.867 0.962 0.038 0.133 0.902 0.730 0.270 0.098 
19 0.641 0.658 0.342 0.359 0.920 0.956 0.044 0.080 0.700 0.761 0.239 0.300 0.672 0.955 0.045 0.328 0.944 0.673 0.327 0.056 
20 0.700 0.745 0.255 0.300 0.951 0.866 0.134 0.049 0.944 0.862 0.138 0.056 0.740 0.751 0.249 0.260 0.753 0.982 0.018 0.247 
21 0.690 0.855 0.145 0.310 0.840 0.750 0.250 0.160 0.968 0.669 0.331 0.032 0.721 0.757 0.243 0.279 0.658 0.848 0.152 0.342 
22 0.893 0.623 0.377 0.107 0.943 0.986 0.014 0.057 0.620 0.699 0.301 0.380 0.708 0.879 0.121 0.292 0.756 0.812 0.188 0.244 
23 0.949 0.632 0.368 0.051 0.817 0.800 0.200 0.183 0.982 0.909 0.091 0.018 0.832 0.849 0.151 0.168 0.958 0.950 0.050 0.042 
24 0.831 0.610 0.390 0.169 0.707 0.723 0.277 0.293 0.910 0.777 0.223 0.090 0.627 0.873 0.127 0.373 0.681 0.936 0.064 0.319 
25 0.813 0.999 0.001 0.187 0.827 0.777 0.223 0.173 0.998 0.629 0.371 0.002 0.785 0.872 0.128 0.215 0.974 0.635 0.365 0.026 
26 0.755 0.695 0.305 0.245 0.862 0.857 0.143 0.138 0.613 0.711 0.289 0.387 0.742 0.668 0.332 0.258 0.620 0.726 0.274 0.380 
27 0.845 0.690 0.310 0.155 0.703 0.884 0.116 0.297 0.945 0.842 0.158 0.055 0.700 0.976 0.024 0.300 0.618 0.778 0.222 0.382 
28 0.606 0.612 0.388 0.394 0.919 0.758 0.242 0.081 0.875 0.953 0.047 0.125 0.713 0.993 0.007 0.287 0.708 0.730 0.270 0.292 
29 0.813 0.897 0.103 0.187 0.950 0.765 0.235 0.050 0.712 0.666 0.334 0.288 0.620 0.922 0.078 0.380 0.736 0.760 0.240 0.264 
30 0.788 0.857 0.143 0.212 0.700 0.666 0.334 0.300 0.848 0.843 0.157 0.152 0.746 0.649 0.351 0.254 0.891 0.606 0.394 0.109 



 

Experiment VII, Repetition 5 
 

 Logical sensor 1, t=0 Logical sensor 2, t=0 Logical sensor 3, t=0 Logical sensor 4, t=0 Logical sensor 5, t=0 
Rand OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM OLGMOGBM ELGMEGBM OLGMEGBM ELGMOGBM 

1 0.698 0.966 0.034 0.302 0.868 0.870 0.130 0.132 0.665 0.922 0.078 0.335 0.619 0.920 0.080 0.381 0.960 0.728 0.272 0.040 
2 0.973 0.706 0.294 0.027 0.628 0.629 0.371 0.372 0.730 0.708 0.292 0.270 0.843 0.707 0.293 0.157 0.802 0.755 0.245 0.198 
3 0.900 0.989 0.011 0.100 0.953 0.969 0.031 0.047 0.992 0.804 0.196 0.008 0.839 0.855 0.145 0.161 0.816 0.818 0.182 0.184 
4 0.772 0.907 0.093 0.228 0.684 0.743 0.257 0.316 0.976 0.618 0.382 0.024 0.961 0.722 0.278 0.039 0.642 0.901 0.099 0.358 
5 0.971 0.755 0.245 0.029 0.799 0.694 0.306 0.201 0.922 0.796 0.204 0.078 0.686 0.826 0.174 0.314 0.673 0.741 0.259 0.327 
6 0.658 0.700 0.300 0.342 0.763 0.682 0.318 0.237 0.694 0.841 0.159 0.306 0.854 0.882 0.118 0.146 0.963 0.815 0.185 0.037 
7 0.640 0.611 0.389 0.360 0.809 0.964 0.036 0.191 0.658 0.975 0.025 0.342 0.750 0.748 0.252 0.250 0.723 0.653 0.347 0.277 
8 0.630 0.859 0.141 0.370 0.823 0.725 0.275 0.177 0.872 0.838 0.162 0.128 0.621 0.772 0.228 0.379 0.749 0.698 0.302 0.251 
9 0.741 0.664 0.336 0.259 0.941 0.665 0.335 0.059 0.776 0.702 0.298 0.224 0.917 0.765 0.235 0.083 0.724 0.663 0.337 0.276 

10 0.666 0.803 0.197 0.334 0.877 0.848 0.152 0.123 0.695 0.896 0.104 0.305 0.767 0.689 0.311 0.233 0.846 0.977 0.023 0.154 
11 0.954 0.871 0.129 0.046 0.693 0.922 0.078 0.307 0.622 0.740 0.260 0.378 0.883 0.770 0.230 0.117 0.752 0.605 0.395 0.248 
12 0.739 0.959 0.041 0.261 0.800 0.770 0.230 0.200 0.655 0.749 0.251 0.345 0.964 0.641 0.359 0.036 0.732 0.712 0.288 0.268 
13 0.987 0.741 0.259 0.013 0.965 0.944 0.056 0.035 0.676 0.687 0.313 0.324 0.933 0.770 0.230 0.067 0.941 0.625 0.375 0.059 
14 0.813 0.624 0.376 0.187 0.674 0.853 0.147 0.326 0.610 0.621 0.379 0.390 0.780 0.914 0.086 0.220 0.737 0.998 0.002 0.263 
15 0.615 0.616 0.384 0.385 0.737 0.882 0.118 0.263 0.703 0.958 0.042 0.297 0.633 0.915 0.085 0.367 0.876 0.802 0.198 0.124 
16 0.954 0.944 0.056 0.046 0.627 0.910 0.090 0.373 0.658 0.727 0.273 0.342 0.653 0.826 0.174 0.347 0.628 0.795 0.205 0.372 
17 0.874 0.659 0.341 0.126 0.625 0.707 0.293 0.375 0.820 0.770 0.230 0.180 0.697 0.771 0.229 0.303 0.630 0.603 0.397 0.370 
18 0.974 0.891 0.109 0.026 0.876 0.692 0.308 0.124 0.880 0.674 0.326 0.120 0.900 0.746 0.254 0.100 0.703 0.609 0.391 0.297 
19 0.715 0.635 0.365 0.285 0.662 0.669 0.331 0.338 0.778 0.855 0.145 0.222 0.630 0.971 0.029 0.370 0.931 0.871 0.129 0.069 
20 0.791 0.777 0.223 0.209 0.623 0.796 0.204 0.377 0.931 0.802 0.198 0.069 0.991 0.727 0.273 0.009 0.811 0.675 0.325 0.189 
21 0.899 0.872 0.128 0.101 0.970 0.957 0.043 0.030 0.636 0.836 0.164 0.364 0.706 0.757 0.243 0.294 0.876 0.782 0.218 0.124 
22 0.604 0.956 0.044 0.396 0.859 0.993 0.007 0.141 0.878 0.705 0.295 0.122 0.932 0.787 0.213 0.068 0.979 0.964 0.036 0.021 
23 0.685 0.664 0.336 0.315 0.626 0.727 0.273 0.374 0.680 0.748 0.252 0.320 0.684 0.866 0.134 0.316 0.764 0.649 0.351 0.236 
24 0.822 0.911 0.089 0.178 0.721 0.975 0.025 0.279 0.802 0.758 0.242 0.198 0.602 0.904 0.096 0.398 0.960 0.775 0.225 0.040 
25 0.968 0.711 0.289 0.032 0.946 0.927 0.073 0.054 0.823 0.807 0.193 0.177 0.798 0.840 0.160 0.202 0.899 0.786 0.214 0.101 
26 0.822 0.844 0.156 0.178 0.974 0.997 0.003 0.026 0.806 0.884 0.116 0.194 0.941 0.901 0.099 0.059 0.732 0.852 0.148 0.268 
27 0.678 0.777 0.223 0.322 0.982 0.841 0.159 0.018 0.821 0.849 0.151 0.179 0.720 0.989 0.011 0.280 0.927 0.934 0.066 0.073 
28 0.892 0.760 0.240 0.108 0.631 0.664 0.336 0.369 0.946 0.957 0.043 0.054 0.825 0.615 0.385 0.175 0.743 0.945 0.055 0.257 
29 0.690 0.823 0.177 0.310 0.796 0.881 0.119 0.204 0.770 0.858 0.142 0.230 0.837 0.901 0.099 0.163 0.691 0.635 0.365 0.309 
30 0.748 0.838 0.162 0.252 0.919 0.691 0.309 0.081 0.665 0.846 0.154 0.335 0.655 0.620 0.380 0.345 0.747 0.720 0.280 0.253 
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Appendix XVI ADS algorithm behavior for different initial performance 
measures – detailed evaluation 

Figure 67 ADS - Experiment number I, different repetitions, second logical sensor 
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(a) First repetition 
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(b) Second repetition 
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(c) Third repetition 

 

0 5 10 15 20 25
0

0.2

0.4

0.6

0.8

1

 t  (Cycle)

O
LG

M
O

G
B

M
 0

(2
)

OLGMOGBM t ,t-1(2)

0 5 10 15 20 25
0.6

0.65

0.7

0.75

0.8

0.85

0.9

0.95

1

 t  (Cycle)

E
LG

M
E

G
B

M
 0

(2
)

ELGMEGBM t, t-1(2)

0 5 10 15 20 25
0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0.4

 t  (Cycle)

O
LG

M
E

G
B

M
 0 (2

)

OLGMEGBM t ,t-1(2)

0 5 10 15 20 25
0

0.2

0.4

0.6

0.8

1

 t  (Cycle)

E
LG

M
O

G
B

M
 0 (2

)

ELGMOGBM t, t-1(2)

 
(d) Fourth repetition 
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(e) Fifth repetition 
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Figure 68 ADS - Experiment number I, second repetition, different logical sensors 
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(a) First logical sensor 
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(b) Second logical sensor 
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(c) Third logical sensor 

 

0 5 10 15 20 25
0

0.2

0.4

0.6

0.8

1

 t  (Cycle)

O
LG

M
O

G
B

M
 0

(4
)

OLGMOGBM t ,t-1(4)

0 5 10 15 20 25
0.6

0.65

0.7

0.75

0.8

0.85

0.9

0.95

1

 t  (Cycle)

E
LG

M
E

G
B

M
 0

(4
)

ELGMEGBM t, t-1(4)

0 5 10 15 20 25
0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0.4

 t  (Cycle)

O
LG

M
E

G
B

M
 0 (4

)

OLGMEGBM  t ,t-1(4)

0 5 10 15 20 25
0

0.2

0.4

0.6

0.8

1

 t  (Cycle)

E
LG

M
O

G
B

M
 0 (4

)

ELGMOGBM t, t-1(4)

 
(d) Fourth logical sensor 
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(e) Fifth logical sensor 
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Figure 69 ADS - Different experiments, second repetition, second logical sensor 
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(a) Experiment number I. 
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(b) Experiment number II. 
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(c) Experiment number III. 
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(d) Experiment number IV. 
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(e) Experiment number V. 
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(f) Experiment number VI. 
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(g) Experiment number VII. 
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Appendix XVII AFL algorithm behavior for different initial performance 
measures - detailed evaluation 

Figure 70 AFL - Experiment number I, different repetitions, second logical sensor  
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(a) First repetition 
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(b) Second repetition 
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(c) Third repetition 
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(d) Fourth repetition 
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(e) Fifth repetition 
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Figure 71 AFL - Experiment number I, second repetition, different logical sensors 
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(a) First logical sensor 
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(b) Second logical sensor 
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(c) Third logical sensor 
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(d) Fourth logical sensor 
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(e) Fifth logical sensor 
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Figure 72 AFL - Different experiments, second repetition, second logical sensor  

0 5 10 15 20 25
0.6

0.65

0.7

0.75

0.8

0.85

0.9

0.95

1

 t  (Cycle)

O
LG

M
O

G
B

M
 0

(2
)

OLGMOGBM t ,t-1(2)

0 5 10 15 20 25
0.6

0.65

0.7

0.75

0.8

0.85

0.9

0.95

1

 t  (Cycle)

E
LG

M
E

G
B

M
 0

(2
)

ELGMEGBM t, t-1(2)

0 5 10 15 20 25
0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0.4

 t  (Cycle)

O
LG

M
E

G
B

M
 0 (2

)

OLGMEGBM t ,t-1(2)

0 5 10 15 20 25
0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0.4

 t  (Cycle)

E
LG

M
O

G
B

M
 0 (2

)

ELGMOGBM t, t-1(2)

 
(a) Experiment number I. 
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(b) Experiment number II. 
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(c) Experiment number III. 
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(d) Experiment number IV. 
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(e) Experiment number V. 
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(f) Experiment number VI. 
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(g) Experiment number VII. 
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Appendix XVIII Statistical analysis formal definitions 

Formal definitions adapted from [Hollander and Wolfe, 1973] 
1. Friedman rank sums 
Data 
The data consist of RA ⋅  observations with one observation from each A algorithm in each of 
R repetitions blocks. 
 

Table 52 Statistical test and the parameters influenced on it 
 Algorithms (A) 
Repetitions 

(R) 
1 2 … A 

1 X11 X12  X1A 
2 X21 X22  X2A 

…
     

R XR1 XR2  XRA
 
Assumptions 
We assume the model to be ijjiij eX +++= τβµ ; i=1…R; j=1…A. where µ  is the unknown 

overall mean, iβ  is the repetition i effect, jτ  is the unknown treatment j effect, 0
1

=∑
=

R

i
iβ  and 

0
1

=∑
=

A

j
jτ . 

 
Procedure 
To test 
 

AH τττ === L210 :  [45]
 
against the alternative that the τ ’s are not all equal.  
1. Within each repetition, rank the A algorithms from the least to greatest. Let qij 

denote the rank of Xij in the joint ranking of Xi1, … XiA. 
2. Set  

∑
=

=
R

i
ijj qQ

1

 [46]

3. Compute 

( ) ( )13
1

12
1

2 +⋅⋅−⎥
⎦

⎤
⎢
⎣

⎡
+⋅⋅

= ∑
=

ARQ
AAR

S
A

j
j  [47]

 
4. At the α level of significance reject H0 if ( )RAsS ,,α≥  and accept H0 if 

( )RAsS ,,α< , where the constant ( )RAs ,,α  is obtained from Table A.15 
[Hollander and Wolfe, 1973]. 
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2. Multiple comparison test based on Friedman rank sums 
Procedure 
1. Calculate the ( )

2
1−⋅ AA  absolute difference |Qu-Qv|, u<v, where Q1, Q2, …, QA are 

given by [46]. 
2. At an experimental error rate of α decide vu ττ ≠ , if 

( )RArQQ vu ,,α≥−  [48]
 
where ( )RAr ,,α  value is taken from Table A.17 [Hollander and Wolfe, 1973]. 
The ( )

2
1−⋅ AA  inequalities ( )RArQQ vu ,,α<− , corresponding to all pairs (u, v) of treatments 

with u<v, hold simultaneously with probability 1-α when H0 [45] is true. 
 
3. Sign test (Fisher) 
Data 
We obtained 2n observations, two observations on each of n subjects (i.e., performance 
measures). 
 

Subject 
i 

A1 A2 

1 A11 A21
2 A12 A22

…
 

…
 

…
 

n A1n A2n
 
Assumptions 
- Let Zi=A1i – X2i , and take as our model 

Zi= θ + ei  i=1, …, n [49]
 
Where the e’s are unobservable random variables and θ, the parameter of interest, is the 
unknown treatment effect. 

- The e’s are mutually independent. 
- Each e comes from a continuous population (not necessarily the same one) 

that has median 0, so that  
( ) ( ) ( ) niePeP ii ,...,1,00 2

1 ==>=<  [50]
 
Procedure 
To test  

0:0 =θH  [51]
1. Define indicator variables  

⎩
⎨
⎧

<
>

=
00
01

i

i
i Zif

Zif
ψ  [52]

2. Set  

∑
=

=
R

i
iB

1

ψ  [53]
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The statistic B is the number of positive Z’s.  
3. For a one-sided test of H0 [51] versus the alternative θ > 0, at the α level of 

significance, 
reject ( )2

1
0 ,, RbBifH α≥  

accept ( )2
1

0 ,, RbBifH α<  [54]

Where the ( )2
1,, Rb α  value is taken from Table A.2 [Hollander and Wolfe, 1973]. 
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Appendix XIX Statistical evaluation method - raw data and data analysis 

 
Exp Rep Algorithm OccupyORG OccupyGGM OGGMOORG EGGMEORG OGGMEORG EGGMOORG OccupyCoefficient EmptyCoefficient OO EE OE EO 

I. 1 ADS 273 1476 269 3320 1207 4 0.185 0.734 0.182 0.538 0.071 0.012 
I. 1 AFL 273 186 125 4466 61 148 0.681 0.981 0.312 0.968 0.000 0.173 
I. 1 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
I. 1 MOST 273 41 34 4520 7 239 0.150 0.951 0.019 0.950 0.000 0.744 
I. 1 OR 273 1476 270 3321 1206 3 0.185 0.734 0.183 0.539 0.071 0.009 
I. 2 ADS 273 1347 225 3405 1122 48 0.203 0.763 0.167 0.574 0.059 0.140 
I. 2 AFL 273 158 103 4472 55 170 0.579 0.975 0.218 0.963 0.000 0.262 
I. 2 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
I. 2 MOST 273 40 31 4518 9 242 0.147 0.951 0.017 0.949 0.000 0.757 
I. 2 OR 273 1347 219 3399 1128 54 0.203 0.763 0.163 0.573 0.059 0.158 
I. 3 ADS 273 1333 227 3421 1106 46 0.205 0.766 0.170 0.579 0.057 0.134 
I. 3 AFL 273 164 104 4467 60 169 0.601 0.976 0.229 0.964 0.000 0.247 
I. 3 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
I. 3 MOST 273 41 34 4520 7 239 0.150 0.951 0.019 0.950 0.000 0.744 
I. 3 OR 273 1333 218 3412 1115 55 0.205 0.766 0.164 0.577 0.058 0.160 
I. 4 ADS 273 1443 272 3356 1171 1 0.189 0.742 0.188 0.550 0.067 0.003 
I. 4 AFL 273 168 118 4477 50 155 0.615 0.977 0.266 0.967 0.000 0.218 
I. 4 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
I. 4 MOST 273 42 39 4524 3 234 0.154 0.951 0.022 0.951 0.000 0.725 
I. 4 OR 273 1443 272 3356 1171 1 0.189 0.742 0.188 0.550 0.067 0.003 
I. 5 ADS 273 1434 260 3353 1174 13 0.190 0.744 0.181 0.551 0.067 0.039 
I. 5 AFL 273 175 122 4474 53 151 0.641 0.979 0.286 0.967 0.000 0.199 
I. 5 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
I. 5 MOST 273 34 31 4524 3 242 0.125 0.950 0.014 0.949 0.000 0.776 
I. 5 OR 273 1434 259 3352 1175 14 0.190 0.744 0.181 0.551 0.067 0.042 
II. 1 ADS 273 1662 261 3126 1401 12 0.164 0.693 0.157 0.479 0.095 0.037 
II. 1 AFL 273 61 52 4518 9 221 0.223 0.955 0.043 0.953 0.000 0.629 
II. 1 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
II. 1 MOST 273 61 52 4518 9 221 0.223 0.955 0.043 0.953 0.000 0.629 
II. 1 OR 273 1662 259 3124 1403 14 0.164 0.693 0.156 0.478 0.095 0.043 
II. 2 ADS 273 1778 272 3021 1506 1 0.154 0.668 0.153 0.445 0.111 0.003 
II. 2 AFL 273 56 48 4519 8 225 0.205 0.954 0.036 0.953 0.000 0.655 
II. 2 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
II. 2 MOST 273 56 48 4519 8 225 0.205 0.954 0.036 0.953 0.000 0.655 
II. 2 OR 273 1778 271 3020 1507 2 0.154 0.668 0.152 0.445 0.111 0.006 
II. 3 ADS 273 1670 259 3116 1411 14 0.163 0.691 0.155 0.476 0.096 0.043 
II. 3 AFL 273 58 46 4515 12 227 0.212 0.955 0.036 0.952 0.000 0.655 
II. 3 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
II. 3 MOST 273 58 46 4515 12 227 0.212 0.955 0.036 0.952 0.000 0.655 
II. 3 OR 273 1670 258 3115 1412 15 0.163 0.691 0.154 0.476 0.096 0.046 
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Exp Rep Algorithm OccupyORG OccupyGGM OGGMOORG EGGMEORG OGGMEORG EGGMOORG OccupyCoefficient EmptyCoefficient OO EE OE EO 
II. 4 ADS 273 1688 270 3109 1418 3 0.162 0.687 0.160 0.472 0.098 0.009 
II. 4 AFL 273 55 46 4518 9 227 0.201 0.954 0.034 0.952 0.000 0.664 
II. 4 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
II. 4 MOST 273 54 46 4519 8 227 0.198 0.954 0.033 0.952 0.000 0.667 
II. 4 OR 273 1688 270 3109 1418 3 0.162 0.687 0.160 0.472 0.098 0.009 
III. 1 ADS 273 1746 270 3051 1476 3 0.156 0.675 0.155 0.455 0.106 0.009 
III. 1 AFL 273 86 47 4488 39 226 0.315 0.960 0.054 0.952 0.000 0.567 
III. 1 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
III. 1 MOST 273 86 47 4488 39 226 0.315 0.960 0.054 0.952 0.000 0.567 
III. 1 OR 273 1746 267 3048 1479 6 0.156 0.675 0.153 0.454 0.106 0.019 
III. 2 ADS 273 1713 261 3075 1452 12 0.159 0.682 0.152 0.463 0.102 0.037 
III. 2 AFL 273 100 62 4489 38 211 0.366 0.963 0.083 0.955 0.000 0.490 
III. 2 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
III. 2 MOST 273 100 62 4489 38 211 0.366 0.963 0.083 0.955 0.000 0.490 
III. 2 OR 273 1713 260 3074 1453 13 0.159 0.682 0.152 0.463 0.102 0.040 
III. 3 ADS 273 1746 270 3051 1476 3 0.156 0.675 0.155 0.455 0.106 0.009 
III. 3 AFL 273 65 37 4499 28 236 0.238 0.956 0.032 0.950 0.000 0.659 
III. 3 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
III. 3 MOST 273 65 37 4499 28 236 0.238 0.956 0.032 0.950 0.000 0.659 
III. 3 OR 273 1746 271 3052 1475 2 0.156 0.675 0.155 0.455 0.106 0.006 
III. 4 ADS 273 1807 271 2991 1536 2 0.151 0.661 0.150 0.437 0.115 0.006 
III. 4 AFL 273 71 37 4493 34 236 0.260 0.957 0.035 0.950 0.000 0.640 
III. 4 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
III. 4 MOST 273 71 37 4493 34 236 0.260 0.957 0.035 0.950 0.000 0.640 
III. 4 OR 273 1807 271 2991 1536 2 0.151 0.661 0.150 0.437 0.115 0.006 
III. 5 ADS 273 1802 271 2996 1531 2 0.151 0.662 0.150 0.438 0.114 0.006 
III. 5 AFL 273 70 47 4504 23 226 0.256 0.957 0.044 0.952 0.000 0.616 
III. 5 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
III. 5 MOST 273 70 47 4504 23 226 0.256 0.957 0.044 0.952 0.000 0.616 
III. 5 OR 273 1802 270 2995 1532 3 0.151 0.662 0.150 0.438 0.114 0.009 
IV. 1 ADS 273 1721 270 3076 1451 3 0.159 0.680 0.157 0.462 0.103 0.009 
IV. 1 AFL 273 153 108 4482 45 165 0.560 0.974 0.222 0.964 0.000 0.266 
IV. 1 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
IV. 1 MOST 273 50 39 4516 11 234 0.183 0.953 0.026 0.951 0.000 0.700 
IV. 1 OR 273 1721 267 3073 1454 6 0.159 0.680 0.155 0.462 0.103 0.018 
IV. 2 ADS 273 1694 259 3092 1435 14 0.161 0.686 0.153 0.469 0.100 0.043 
IV. 2 AFL 273 154 106 4479 48 167 0.564 0.974 0.219 0.964 0.000 0.267 
IV. 2 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
IV. 2 MOST 273 47 37 4517 10 236 0.172 0.952 0.023 0.950 0.000 0.716 
IV. 2 OR 273 1694 256 3089 1438 17 0.161 0.686 0.151 0.468 0.100 0.052 
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Exp Rep Algorithm OccupyORG OccupyGGM OGGMOORG EGGMEORG OGGMEORG EGGMOORG OccupyCoefficient EmptyCoefficient OO EE OE EO 
IV. 3 ADS 273 1729 232 3030 1497 41 0.158 0.678 0.134 0.454 0.106 0.126 
IV. 3 AFL 273 164 104 4467 60 169 0.601 0.976 0.229 0.964 0.000 0.247 
IV. 3 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
IV. 3 MOST 273 60 50 4517 10 223 0.220 0.955 0.040 0.953 0.000 0.637 
IV. 3 OR 273 1729 226 3024 1503 47 0.158 0.678 0.131 0.453 0.107 0.145 
IV. 4 ADS 273 1802 271 2996 1531 2 0.151 0.662 0.150 0.438 0.114 0.006 
IV. 4 AFL 273 187 127 4467 60 146 0.685 0.981 0.319 0.968 0.000 0.168 
IV. 4 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
IV. 4 MOST 273 60 46 4513 14 227 0.220 0.955 0.037 0.952 0.000 0.649 
IV. 4 OR 273 1803 270 2994 1533 3 0.151 0.662 0.150 0.438 0.114 0.009 
IV. 5 ADS 273 1699 270 3098 1429 3 0.161 0.685 0.159 0.469 0.099 0.009 
IV. 5 AFL 273 157 116 4486 41 157 0.575 0.975 0.244 0.966 0.000 0.244 
IV. 5 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
IV. 5 MOST 273 47 40 4520 7 233 0.172 0.952 0.025 0.951 0.000 0.707 
IV. 5 OR 273 1700 271 3098 1429 2 0.161 0.685 0.159 0.469 0.100 0.006 
V. 1 ADS 273 4511 273 289 4238 0 0.061 0.064 0.061 0.004 0.876 0.000 
V. 1 AFL 273 265 154 4416 111 119 0.971 0.998 0.548 0.974 0.000 0.013 
V. 1 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
V. 1 MOST 273 265 154 4416 111 119 0.971 0.998 0.548 0.974 0.000 0.013 
V. 1 OR 273 4512 273 288 4239 0 0.061 0.064 0.061 0.004 0.877 0.000 
V. 2 ADS 273 4463 272 336 4191 1 0.061 0.074 0.061 0.006 0.857 0.003 
V. 2 AFL 273 251 147 4423 104 126 0.919 0.995 0.495 0.972 0.000 0.037 
V. 2 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
V. 2 MOST 273 251 147 4423 104 126 0.919 0.995 0.495 0.972 0.000 0.037 
V. 2 OR 273 4464 272 335 4192 1 0.061 0.074 0.061 0.005 0.857 0.003 
V. 3 ADS 273 4559 273 241 4286 0 0.060 0.053 0.060 0.003 0.896 0.000 
V. 3 AFL 273 273 152 4406 121 121 1.000 1.000 0.557 0.973 0.000 0.000 
V. 3 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
V. 3 MOST 273 273 152 4406 121 121 1.000 1.000 0.557 0.973 0.000 0.000 
V. 3 OR 273 4560 273 240 4287 0 0.060 0.053 0.060 0.003 0.897 0.000 
V. 4 ADS 273 4511 273 289 4238 0 0.061 0.064 0.061 0.004 0.876 0.000 
V. 4 AFL 273 266 151 4412 115 122 0.974 0.998 0.539 0.973 0.000 0.011 
V. 4 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
V. 4 MOST 273 266 151 4412 115 122 0.974 0.998 0.539 0.973 0.000 0.011 
V. 4 OR 273 4512 273 288 4239 0 0.061 0.064 0.061 0.004 0.877 0.000 
V. 5 ADS 273 4463 272 336 4191 1 0.061 0.074 0.061 0.006 0.857 0.003 
V. 5 AFL 273 284 147 4390 137 126 0.961 0.998 0.518 0.967 0.000 0.018 
V. 5 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
V. 5 MOST 273 284 147 4390 137 126 0.961 0.998 0.518 0.967 0.000 0.018 
V. 5 OR 273 4464 272 335 4192 1 0.061 0.074 0.061 0.005 0.857 0.003 
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Exp Rep Algorithm OccupyORG OccupyGGM OGGMOORG EGGMEORG OGGMEORG EGGMOORG OccupyCoefficient EmptyCoefficient OO EE OE EO 
VI. 1 ADS 273 1521 272 3278 1249 1 0.179 0.724 0.179 0.524 0.076 0.003 
VI. 1 AFL 273 491 229 4265 262 44 0.556 0.952 0.466 0.897 0.003 0.072 
VI. 1 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
VI. 1 MOST 273 105 57 4479 48 216 0.385 0.964 0.080 0.954 0.000 0.487 
VI. 1 OR 273 1521 272 3278 1249 1 0.179 0.724 0.179 0.524 0.076 0.003 
VI. 2 ADS 273 1593 271 3205 1322 2 0.171 0.708 0.170 0.502 0.085 0.006 
VI. 2 AFL 273 559 233 4201 326 40 0.488 0.937 0.417 0.869 0.005 0.075 
VI. 2 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
VI. 2 MOST 273 111 62 4478 49 211 0.407 0.965 0.092 0.955 0.000 0.459 
VI. 2 OR 273 1593 273 3207 1320 0 0.171 0.708 0.171 0.502 0.085 0.000 
VI. 3 ADS 273 1530 272 3269 1258 1 0.178 0.722 0.178 0.522 0.077 0.003 
VI. 3 AFL 273 518 229 4238 289 44 0.527 0.946 0.442 0.885 0.003 0.076 
VI. 3 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
VI. 3 MOST 273 101 57 4483 44 216 0.370 0.963 0.077 0.954 0.000 0.498 
VI. 3 OR 273 1530 272 3269 1258 1 0.178 0.722 0.178 0.522 0.077 0.003 
VI. 4 ADS 273 1453 259 3333 1194 14 0.188 0.739 0.178 0.544 0.069 0.042 
VI. 4 AFL 273 498 224 4253 274 49 0.548 0.950 0.450 0.893 0.003 0.081 
VI. 4 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
VI. 4 MOST 273 98 63 4492 35 210 0.359 0.963 0.083 0.955 0.000 0.493 
VI. 4 OR 273 1453 261 3335 1192 12 0.188 0.739 0.180 0.545 0.069 0.036 
VI. 5 ADS 273 1544 272 3255 1272 1 0.177 0.719 0.176 0.517 0.079 0.003 
VI. 5 AFL 273 507 227 4247 280 46 0.538 0.948 0.448 0.890 0.003 0.078 
VI. 5 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
VI. 5 MOST 273 87 55 4495 32 218 0.319 0.961 0.064 0.954 0.000 0.544 
VI. 5 OR 273 1544 272 3255 1272 1 0.177 0.719 0.176 0.517 0.079 0.003 
VII 1 ADS 273 4463 272 336 4191 1 0.061 0.074 0.061 0.006 0.857 0.003 
VII 1 AFL 273 287 158 4398 129 115 0.951 0.997 0.551 0.968 0.000 0.021 
VII 1 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
VII 1 MOST 273 334 158 4351 176 115 0.817 0.987 0.473 0.948 0.001 0.077 
VII 1 OR 273 4464 272 335 4192 1 0.061 0.074 0.061 0.005 0.857 0.003 
VII 2 ADS 273 4463 272 336 4191 1 0.061 0.074 0.061 0.006 0.857 0.003 
VII 2 AFL 273 284 156 4399 128 117 0.961 0.998 0.549 0.969 0.000 0.017 
VII 2 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
VII 2 MOST 273 284 156 4399 128 117 0.961 0.998 0.549 0.969 0.000 0.017 
VII 2 OR 273 4464 272 335 4192 1 0.061 0.074 0.061 0.005 0.857 0.003 
VII 3 ADS 273 4463 272 336 4191 1 0.061 0.074 0.061 0.006 0.857 0.003 
VII 3 AFL 273 318 156 4365 162 117 0.858 0.990 0.491 0.955 0.000 0.061 
VII 3 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
VII 3 MOST 273 318 156 4365 162 117 0.858 0.990 0.491 0.955 0.000 0.061 
VII 3 OR 273 4464 272 335 4192 1 0.061 0.074 0.061 0.005 0.857 0.003 
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Exp Rep Algorithm OccupyORG OccupyGGM OGGMOORG EGGMEORG OGGMEORG EGGMOORG OccupyCoefficient EmptyCoefficient OO EE OE EO 
VII 4 ADS 273 4463 272 336 4191 1 0.061 0.074 0.061 0.006 0.857 0.003 
VII 4 AFL 273 292 158 4393 134 115 0.935 0.996 0.541 0.966 0.000 0.027 
VII 4 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
VII 4 MOST 273 292 158 4393 134 115 0.935 0.996 0.541 0.966 0.000 0.027 
VII 4 OR 273 4464 272 335 4192 1 0.061 0.074 0.061 0.005 0.857 0.003 
VII 5 ADS 273 4463 272 336 4191 1 0.061 0.074 0.061 0.006 0.857 0.003 
VII 5 AFL 273 293 160 4394 133 113 0.932 0.996 0.546 0.966 0.000 0.028 
VII 5 AND 273 1 1 4527 0 272 0.004 0.943 0.000 0.943 0.000 0.993 
VII 5 MOST 273 293 160 4394 133 113 0.932 0.996 0.546 0.966 0.000 0.028 
VII 5 OR 273 4464 272 335 4192 1 0.061 0.074 0.061 0.005 0.857 0.003 
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Appendix XX Statistical evaluation method - number of signed cells between 
repetitions 

 
Experiment 

number 
First 

repetition 
Second 

repetition 
Worst case logical 

sensor number 
Number of 
signed cells 

I. 1 2 4 115 
I. 1 3 4 152 
I. 1 4 5 326 
I. 1 5 5 361 
I. 2 3 5 44 
I. 2 4 5 228 
I. 2 5 5 263 
I. 3 4 5 184 
I. 3 5 5 219 
I. 4 5 2 68 
II. 1 2 5 196 
II. 1 3 5 313 
II. 1 4 5 399 
II. 1 5 5 527 
II. 2 3 5 117 
II. 2 4 5 203 
II. 2 5 5 331 
II. 3 4 2 98 
II. 3 5 5 214 
II. 4 5 5 128 
III. 1 2 5 144 
III. 1 3 5 240 
III. 1 4 5 326 
III. 1 5 5 366 
III. 2 3 5 96 
III. 2 4 5 182 
III. 2 5 5 222 
III. 3 4 5 86 
III. 3 5 5 126 
III. 4 5 5 40 
IV. 1 2 5 184 
IV. 1 3 5 284 
IV. 1 4 5 331 
IV. 1 5 5 514 
IV. 2 3 3 122 
IV. 2 4 5 147 
IV. 2 5 5 330 
IV. 3 4 5 47 
IV. 3 5 5 230 
IV. 4 5 5 183 
V. 1 2 4 99 
V. 1 3 4 153 
V. 1 4 4 166 
V. 1 5 4 231 
V. 2 3 2 66 
V. 2 4 4 67 
V. 2 5 4 132 
V. 3 4 4 13 
V. 3 5 3 94 
V. 4 5 3 87 
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Experiment 

number 
First 

repetition 
Second 

repetition 
Worst case logical 

sensor number 
Number of 
signed cells 

VI. 1 2 1 194 
VI. 1 3 5 255 
VI. 1 4 5 288 
VI. 1 5 5 401 
VI. 2 3 5 97 
VI. 2 4 5 130 
VI. 2 5 5 243 
VI. 3 4 5 33 
VI. 3 5 5 146 
VI. 4 5 5 113 
VII. 1 2 5 232 
VII. 1 3 4 405 
VII. 1 4 5 553 
VII. 1 5 5 590 
VII. 2 3 4 196 
VII. 2 4 5 321 
VII. 2 5 5 358 
VII. 3 4 5 159 
VII. 3 5 5 196 
VII. 4 5 5 37 
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Appendix XXI Statistical evaluation method - number of signed cells for all 
experiments and repetitions 

 

First 
experiment 

First experiment: 
number of 
repetitions 

Second 
experiment 

Second experiment: 
number of repetitions 

Worst case 
logical sensor 

number 

Number of 
signed cells 

I. 1 II. 1 5 1502 
I. 1 II. 2 5 1600 
I. 1 II. 3 5 1665 
I. 1 II. 4 5 1745 
I. 1 II. 5 5 1871 
I. 2 II. 1 5 1554 
I. 2 II. 2 5 1642 
I. 2 II. 3 5 1695 
I. 2 II. 4 5 1773 
I. 2 II. 5 5 1897 
I. 3 II. 1 5 1566 
I. 3 II. 2 5 1654 
I. 3 II. 3 5 1705 
I. 3 II. 4 5 1783 
I. 3 II. 5 5 1907 
I. 4 II. 1 5 1600 
I. 4 II. 2 5 1674 
I. 4 II. 3 5 1679 
I. 4 II. 4 5 1757 
I. 4 II. 5 5 1869 
I. 5 II. 1 5 1619 
I. 5 II. 2 5 1693 
I. 5 II. 3 5 1698 
I. 5 II. 4 5 1774 
I. 5 II. 5 5 1884 
I. 1 III. 1 5 1022 
I. 1 III. 2 5 1122 
I. 1 III. 3 5 1200 
I. 1 III. 4 5 1284 
I. 1 III. 5 5 1308 
I. 2 III. 1 5 1058 
I. 2 III. 2 5 1150 
I. 2 III. 3 5 1220 
I. 2 III. 4 5 1300 
I. 2 III. 5 5 1324 
I. 3 III. 1 5 1088 
I. 3 III. 2 5 1176 
I. 3 III. 3 5 1244 
I. 3 III. 4 5 1324 
I. 3 III. 5 5 1348 
I. 4 III. 1 5 1160 
I. 4 III. 2 5 1220 
I. 4 III. 3 5 1274 
I. 4 III. 4 5 1346 
I. 4 III. 5 5 1366 
I. 5 III. 1 5 1163 
I. 5 III. 2 5 1219 
I. 5 III. 3 5 1269 
I. 5 III. 4 5 1341 
I. 5 III. 5 5 1361 
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First 
experiment 

First experiment: 
number of 
repetitions 

Second 
experiment 

Second experiment: 
number of repetitions 

Worst case 
logical sensor 

number 

Number 
of signed 

cells 
I. 1 IV. 1 5 1526 
I. 1 IV. 2 5 1656 
I. 1 IV. 3 5 1740 
I. 1 IV. 4 5 1763 
I. 1 IV. 5 5 1888 
I. 2 IV. 1 5 1590 
I. 2 IV. 2 5 1712 
I. 2 IV. 3 5 1794 
I. 2 IV. 4 5 1817 
I. 2 IV. 5 5 1938 
I. 3 IV. 1 5 1586 
I. 3 IV. 2 5 1706 
I. 3 IV. 3 5 1788 
I. 3 IV. 4 5 1811 
I. 3 IV. 5 5 1932 
I. 4 IV. 1 5 1656 
I. 4 IV. 2 5 1762 
I. 4 IV. 3 5 1836 
I. 4 IV. 4 5 1853 
I. 4 IV. 5 5 1970 
I. 5 IV. 1 5 1663 
I. 5 IV. 2 5 1767 
I. 5 IV. 3 5 1833 
I. 5 IV. 4 5 1850 
I. 5 IV. 5 5 1965 
I. 1 V. 1 1 4848 
I. 1 V. 2 1 4848 
I. 1 V. 3 1 4896 
I. 1 V. 4 1 4896 
I. 1 V. 5 1 4896 
I. 2 V. 1 1 4848 
I. 2 V. 2 1 4848 
I. 2 V. 3 1 4896 
I. 2 V. 4 1 4896 
I. 2 V. 5 1 4896 
I. 3 V. 1 1 4848 
I. 3 V. 2 1 4848 
I. 3 V. 3 1 4896 
I. 3 V. 4 1 4896 
I. 3 V. 5 1 4896 
I. 4 V. 1 1 4848 
I. 4 V. 2 1 4848 
I. 4 V. 3 1 4896 
I. 4 V. 4 1 4896 
I. 4 V. 5 1 4896 
I. 5 V. 1 1 4848 
I. 5 V. 2 1 4848 
I. 5 V. 3 1 4896 
I. 5 V. 4 1 4896 
I. 5 V. 5 1 4896 
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First 

experiment 

First experiment: 
number of 
repetitions 

Second 
experiment 

Second experiment: 
number of repetitions 

Worst case 
logical sensor 

number 

Number 
of signed 

cells 
I. 1 VI. 1 5 1900 
I. 1 VI. 2 5 1937 
I. 1 VI. 3 5 1950 
I. 1 VI. 4 5 1955 
I. 1 VI. 5 5 1967 
I. 2 VI. 1 5 1962 
I. 2 VI. 2 5 1999 
I. 2 VI. 3 5 2010 
I. 2 VI. 4 5 2015 
I. 2 VI. 5 5 2027 
I. 3 VI. 1 5 1992 
I. 3 VI. 2 5 2027 
I. 3 VI. 3 5 2038 
I. 3 VI. 4 5 2041 
I. 3 VI. 5 5 2053 
I. 4 VI. 1 5 2044 
I. 4 VI. 2 5 2077 
I. 4 VI. 3 5 2088 
I. 4 VI. 4 5 2091 
I. 4 VI. 5 5 2103 
I. 5 VI. 1 5 2045 
I. 5 VI. 2 5 2078 
I. 5 VI. 3 5 2089 
I. 5 VI. 4 5 2092 
I. 5 VI. 5 5 2104 
I. 1 VII. 1 1 4848 
I. 1 VII. 2 1 4848 
I. 1 VII. 3 1 4848 
I. 1 VII. 4 1 4848 
I. 1 VII. 5 1 4848 
I. 2 VII. 1 1 4848 
I. 2 VII. 2 1 4848 
I. 2 VII. 3 1 4848 
I. 2 VII. 4 1 4848 
I. 2 VII. 5 1 4848 
I. 3 VII. 1 1 4848 
I. 3 VII. 2 1 4848 
I. 3 VII. 3 1 4848 
I. 3 VII. 4 1 4848 
I. 3 VII. 5 1 4848 
I. 4 VII. 1 1 4848 
I. 4 VII. 2 1 4848 
I. 4 VII. 3 1 4848 
I. 4 VII. 4 1 4848 
I. 4 VII. 5 1 4848 
I. 5 VII. 1 1 4848 
I. 5 VII. 2 1 4848 
I. 5 VII. 3 1 4848 
I. 5 VII. 4 1 4848 
I. 5 VII. 5 1 4848 
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First 
experiment 

First experiment: 
number of 
repetitions 

Second 
experiment 

Second experiment: 
number of repetitions 

Worst case 
logical sensor 

number 

Number 
of signed 

cells 
II. 1 III. 1 5 1538 
II. 1 III. 2 5 1568 
II. 1 III. 3 5 1590 
II. 1 III. 4 5 1604 
II. 1 III. 5 5 1608 
II. 2 III. 1 5 1698 
II. 2 III. 2 5 1724 
II. 2 III. 3 5 1730 
II. 2 III. 4 5 1738 
II. 2 III. 5 5 1740 
II. 3 III. 1 5 1765 
II. 3 III. 2 5 1787 
II. 3 III. 3 5 1775 
II. 3 III. 4 5 1779 
II. 3 III. 5 5 1771 
II. 4 III. 1 5 1829 
II. 4 III. 2 5 1841 
II. 4 III. 3 5 1829 
II. 4 III. 4 5 1813 
II. 4 III. 5 5 1803 
II. 5 III. 1 5 1923 
II. 5 III. 2 5 1933 
II. 5 III. 3 5 1921 
II. 5 III. 4 5 1903 
II. 5 III. 5 5 1893 
II. 1 IV. 1 5 1546 
II. 1 IV. 2 5 1600 
II. 1 IV. 3 5 1636 
II. 1 IV. 4 5 1645 
II. 1 IV. 5 5 1696 
II. 2 IV. 1 5 1656 
II. 2 IV. 2 5 1672 
II. 2 IV. 3 5 1688 
II. 2 IV. 4 5 1689 
II. 2 IV. 5 5 1710 
II. 3 IV. 1 5 1687 
II. 3 IV. 2 5 1695 
II. 3 IV. 3 5 1707 
II. 3 IV. 4 5 1708 
II. 3 IV. 5 5 1723 
II. 4 IV. 1 5 1739 
II. 4 IV. 2 5 1741 
II. 4 IV. 3 5 1749 
II. 4 IV. 4 5 1750 
II. 4 IV. 5 5 1761 
II. 5 IV. 1 5 1847 
II. 5 IV. 2 5 1835 
II. 5 IV. 3 5 1841 
II. 5 IV. 4 5 1842 
II. 5 IV. 5 5 1843 
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First 
experiment 

First experiment: 
number of 
repetitions 

Second 
experiment 

Second experiment: 
number of repetitions 

Worst case 
logical sensor 

number 

Number 
of signed 

cells 
II. 1 V. 1 1 4848 
II. 1 V. 2 1 4848 
II. 1 V. 3 1 4896 
II. 1 V. 4 1 4896 
II. 1 V. 5 1 4896 
II. 2 V. 1 1 4848 
II. 2 V. 2 1 4848 
II. 2 V. 3 1 4896 
II. 2 V. 4 1 4896 
II. 2 V. 5 1 4896 
II. 3 V. 1 1 4848 
II. 3 V. 2 1 4848 
II. 3 V. 3 1 4896 
II. 3 V. 4 1 4896 
II. 3 V. 5 1 4896 
II. 4 V. 1 1 4848 
II. 4 V. 2 1 4848 
II. 4 V. 3 1 4896 
II. 4 V. 4 1 4896 
II. 4 V. 5 1 4896 
II. 5 V. 1 1 4848 
II. 5 V. 2 1 4848 
II. 5 V. 3 1 4896 
II. 5 V. 4 1 4896 
II. 5 V. 5 1 4896 
II. 1 VI. 1 5 2122 
II. 1 VI. 2 5 2149 
II. 1 VI. 3 5 2160 
II. 1 VI. 4 5 2167 
II. 1 VI. 5 5 2179 
II. 2 VI. 1 5 2246 
II. 2 VI. 2 5 2273 
II. 2 VI. 3 5 2284 
II. 2 VI. 4 5 2289 
II. 2 VI. 5 5 2301 
II. 3 VI. 1 5 2319 
II. 3 VI. 2 5 2344 
II. 3 VI. 3 5 2355 
II. 3 VI. 4 5 2360 
II. 3 VI. 5 5 2372 
II. 4 VI. 1 5 2373 
II. 4 VI. 2 5 2398 
II. 4 VI. 3 5 2409 
II. 4 VI. 4 5 2414 
II. 4 VI. 5 5 2426 
II. 5 VI. 1 5 2429 
II. 5 VI. 2 5 2454 
II. 5 VI. 3 5 2465 
II. 1 VII. 1 1 4848 
II. 1 VII. 2 1 4848 
II. 1 VII. 3 1 4848 
II. 1 VII. 4 1 4848 
II. 1 VII. 5 1 4848 
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First 
experiment 

First experiment: 
number of 
repetitions 

Second 
experiment 

Second experiment: 
number of repetitions 

Worst case 
logical 
sensor 

number 

Number 
of signed 

cells 

II. 2 VII. 1 1 4848 
II. 2 VII. 2 1 4848 
II. 2 VII. 3 1 4848 
II. 2 VII. 4 1 4848 
II. 2 VII. 5 1 4848 
II. 3 VII. 1 1 4848 
II. 3 VII. 2 1 4848 
II. 3 VII. 3 1 4848 
II. 3 VII. 4 1 4848 
II. 3 VII. 5 1 4848 
II. 4 VII. 1 1 4848 
II. 4 VII. 2 1 4848 
II. 4 VII. 3 1 4848 
II. 4 VII. 4 1 4848 
II. 4 VII. 5 1 4848 
II. 5 VII. 1 1 4848 
II. 5 VII. 2 1 4848 
II. 5 VII. 3 1 4848 
II. 5 VII. 4 1 4848 
II. 5 VII. 5 1 4848 
III. 1 IV. 1 5 1800 
III. 1 IV. 2 5 1926 
III. 1 IV. 3 5 1986 
III. 1 IV. 4 5 2011 
III. 1 IV. 5 5 2152 
III. 2 IV. 1 5 1872 
III. 2 IV. 2 5 1988 
III. 2 IV. 3 5 2044 
III. 2 IV. 4 5 2067 
III. 2 IV. 5 5 2194 
III. 3 IV. 1 5 1860 
III. 3 IV. 2 5 1972 
III. 3 IV. 3 5 2026 
III. 3 IV. 4 5 2047 
III. 3 IV. 5 5 2168 
III. 4 IV. 1 5 1934 
III. 4 IV. 2 5 2042 
III. 4 IV. 3 5 2092 
III. 4 IV. 4 5 2109 
III. 4 IV. 5 5 2222 
III. 5 IV. 1 5 1952 
III. 5 IV. 2 5 2058 
III. 5 IV. 3 5 2108 
III. 5 IV. 4 5 2125 
III. 5 IV. 5 5 2224 
III. 1 V. 1 1 4848 
III. 1 V. 2 1 4848 
III. 1 V. 3 1 4896 
III. 1 V. 4 1 4896 
III. 1 V. 5 1 4896 
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First 
experiment 

First experiment: 
number of 
repetitions 

Second 
experiment 

Second experiment: 
number of repetitions 

Worst case 
logical 
sensor 

number 

Number 
of signed 

cells 

III. 2 V. 1 1 4848 
III. 2 V. 2 1 4848 
III. 2 V. 3 1 4896 
III. 2 V. 4 1 4896 
III. 2 V. 5 1 4896 
III. 3 V. 1 1 4848 
III. 3 V. 2 1 4848 
III. 3 V. 3 1 4896 
III. 3 V. 4 1 4896 
III. 3 V. 5 1 4896 
III. 4 V. 1 1 4848 
III. 4 V. 2 1 4848 
III. 4 V. 3 1 4896 
III. 4 V. 4 1 4896 
III. 4 V. 5 1 4896 
III. 5 V. 1 1 4848 
III. 5 V. 2 1 4848 
III. 5 V. 3 1 4896 
III. 5 V. 4 1 4896 
III. 5 V. 5 1 4896 
III. 1 VI. 1 5 1752 
III. 1 VI. 2 5 1787 
III. 1 VI. 3 5 1792 
III. 1 VI. 4 5 1793 
III. 1 VI. 5 5 1803 
III. 2 VI. 1 5 1726 
III. 2 VI. 2 5 1761 
III. 2 VI. 3 5 1766 
III. 2 VI. 4 5 1767 
III. 2 VI. 5 5 1777 
III. 3 VI. 1 5 1712 
III. 3 VI. 2 5 1747 
III. 3 VI. 3 5 1750 
III. 3 VI. 4 5 1751 
III. 3 VI. 5 5 1761 
III. 4 VI. 1 5 1760 
III. 4 VI. 2 5 1793 
III. 4 VI. 3 5 1796 
III. 4 VI. 4 5 1797 
III. 4 VI. 5 5 1807 
III. 5 VI. 1 5 1748 
III. 5 VI. 2 5 1779 
III. 5 VI. 3 5 1782 
III. 5 VI. 4 5 1783 
III. 5 VI. 5 5 1793 
III. 1 VII. 1 1 4848 
III. 1 VII. 2 1 4848 
III. 1 VII. 3 1 4848 
III. 1 VII. 4 1 4848 
III. 1 VII. 5 1 4848 
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First 
experiment 

First experiment: 
number of 
repetitions 

Second 
experiment 

Second experiment: 
number of repetitions 

Worst case 
logical 
sensor 

number 

Number 
of signed 

cells 

III. 2 VII. 1 1 4848 
III. 2 VII. 2 1 4848 
III. 2 VII. 3 1 4848 
III. 2 VII. 4 1 4848 
III. 2 VII. 5 1 4848 
III. 3 VII. 1 1 4848 
III. 3 VII. 2 1 4848 
III. 3 VII. 3 1 4848 
III. 3 VII. 4 1 4848 
III. 3 VII. 5 1 4848 
III. 4 VII. 1 1 4848 
III. 4 VII. 2 1 4848 
III. 4 VII. 3 1 4848 
III. 4 VII. 4 1 4848 
III. 4 VII. 5 1 4848 
III. 5 VII. 1 1 4848 
III. 5 VII. 2 1 4848 
III. 5 VII. 3 1 4848 
III. 5 VII. 4 1 4848 
III. 5 VII. 5 1 4848 
IV. 1 V. 1 1 4848 
IV. 1 V. 2 1 4848 
IV. 1 V. 3 1 4896 
IV. 1 V. 4 1 4896 
IV. 1 V. 5 1 4896 
IV. 2 V. 1 1 4848 
IV. 2 V. 2 1 4848 
IV. 2 V. 3 1 4896 
IV. 2 V. 4 1 4896 
IV. 2 V. 5 1 4896 
IV. 3 V. 1 1 4848 
IV. 3 V. 2 1 4848 
IV. 3 V. 3 1 4896 
IV. 3 V. 4 1 4896 
IV. 3 V. 5 1 4896 
IV. 4 V. 1 1 4848 
IV. 4 V. 2 1 4848 
IV. 4 V. 3 1 4896 
IV. 4 V. 4 1 4896 
IV. 4 V. 5 1 4896 
IV. 5 V. 1 1 4848 
IV. 5 V. 2 1 4848 
IV. 5 V. 3 1 4896 
IV. 5 V. 4 1 4896 
IV. 5 V. 5 1 4896 
IV. 1 VI. 1 5 1752 
IV. 1 VI. 2 5 1791 
IV. 1 VI. 3 5 1800 
IV. 1 VI. 4 5 1815 
IV. 1 VI. 5 5 1827 
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First 
experiment 

First experiment: 
number of 
repetitions 

Second 
experiment 

Second experiment: 
number of repetitions 

Worst case 
logical 
sensor 

number 

Number 
of signed 

cells 

IV. 2 VI. 1 5 1784 
IV. 2 VI. 2 5 1819 
IV. 2 VI. 3 5 1828 
IV. 2 VI. 4 5 1843 
IV. 2 VI. 5 5 1855 
IV. 3 VI. 1 5 1802 
IV. 3 VI. 2 5 1835 
IV. 3 VI. 3 5 1842 
IV. 3 VI. 4 5 1857 
IV. 3 VI. 5 5 1869 
IV. 4 VI. 1 5 1825 
IV. 4 VI. 2 5 1858 
IV. 4 VI. 3 5 1865 
IV. 4 VI. 4 5 1880 
IV. 4 VI. 5 5 1892 
IV. 5 VI. 1 5 1852 
IV. 5 VI. 2 5 1881 
IV. 5 VI. 3 5 1886 
IV. 5 VI. 4 5 1901 
IV. 5 VI. 5 5 1913 
IV. 1 VII. 1 1 4848 
IV. 1 VII. 2 1 4848 
IV. 1 VII. 3 1 4848 
IV. 1 VII. 4 1 4848 
IV. 1 VII. 5 1 4848 
IV. 2 VII. 1 1 4848 
IV. 2 VII. 2 1 4848 
IV. 2 VII. 3 1 4848 
IV. 2 VII. 4 1 4848 
IV. 2 VII. 5 1 4848 
IV. 3 VII. 1 1 4848 
IV. 3 VII. 2 1 4848 
IV. 3 VII. 3 1 4848 
IV. 3 VII. 4 1 4848 
IV. 3 VII. 5 1 4848 
IV. 4 VII. 1 1 4848 
IV. 4 VII. 2 1 4848 
IV. 4 VII. 3 1 4848 
IV. 4 VII. 4 1 4848 
IV. 4 VII. 5 1 4848 
IV. 5 VII. 1 1 4848 
IV. 5 VII. 2 1 4848 
IV. 5 VII. 3 1 4848 
IV. 5 VII. 4 1 4848 
IV. 5 VII. 5 1 4848 
V. 1 VI. 1 1 3364 
V. 1 VI. 2 1 3354 
V. 1 VI. 3 1 3354 
V. 1 VI. 4 1 3350 
V. 1 VI. 5 1 3350 
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First 
experiment 

First experiment: 
number of 
repetitions 

Second 
experiment 

Second experiment: 
number of repetitions 

Worst case 
logical 
sensor 

number 

Number 
of signed 

cells 

V. 2 VI. 1 1 3364 
V. 2 VI. 2 1 3354 
V. 2 VI. 3 1 3354 
V. 2 VI. 4 1 3350 
V. 2 VI. 5 1 3350 
V. 3 VI. 1 1 3388 
V. 3 VI. 2 1 3374 
V. 3 VI. 3 1 3374 
V. 3 VI. 4 1 3370 
V. 3 VI. 5 1 3370 
V. 4 VI. 1 1 3388 
V. 4 VI. 2 1 3374 
V. 4 VI. 3 1 3374 
V. 4 VI. 4 1 3370 
V. 4 VI. 5 1 3370 
V. 5 VI. 1 1 3388 
V. 5 VI. 2 1 3374 
V. 5 VI. 3 1 3374 
V. 5 VI. 4 1 3370 
V. 5 VI. 5 1 3370 
V. 1 VII. 1 4 1105 
V. 1 VII. 2 4 1286 
V. 1 VII. 3 4 1442 
V. 1 VII. 4 4 1533 
V. 1 VII. 5 4 1551 
V. 2 VII. 1 4 1198 
V. 2 VII. 2 4 1375 
V. 2 VII. 3 4 1527 
V. 2 VII. 4 4 1618 
V. 2 VII. 5 4 1636 
V. 3 VII. 1 4 1234 
V. 3 VII. 2 4 1403 
V. 3 VII. 3 4 1543 
V. 3 VII. 4 4 1624 
V. 3 VII. 5 4 1642 
V. 4 VII. 1 4 1245 
V. 4 VII. 2 4 1414 
V. 4 VII. 3 4 1548 
V. 4 VII. 4 4 1629 
V. 4 VII. 5 4 1647 
V. 5 VII. 1 4 1310 
V. 5 VII. 2 4 1479 
V. 5 VII. 3 4 1603 
V. 5 VII. 4 4 1684 
V. 5 VII. 5 4 1702 
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First 
experiment 

First experiment: 
number of 
repetitions 

Second 
experiment 

Second experiment: 
number of repetitions 

Worst case 
logical 
sensor 

number 

Number 
of signed 

cells 

VI. 1 VII. 1 1 3364 
VI. 1 VII. 2 1 3364 
VI. 1 VII. 3 1 3364 
VI. 1 VII. 4 1 3364 
VI. 1 VII. 5 1 3364 
VI. 2 VII. 1 1 3354 
VI. 2 VII. 2 1 3354 
VI. 2 VII. 3 1 3354 
VI. 2 VII. 4 1 3354 
VI. 2 VII. 5 1 3354 
VI. 3 VII. 1 1 3354 
VI. 3 VII. 2 1 3354 
VI. 3 VII. 3 1 3354 
VI. 3 VII. 4 1 3354 
VI. 3 VII. 5 1 3354 
VI. 4 VII. 1 1 3350 
VI. 4 VII. 2 1 3350 
VI. 4 VII. 3 1 3350 
VI. 4 VII. 4 1 3350 
VI. 4 VII. 5 1 3350 
VI. 5 VII. 1 1 3350 
VI. 5 VII. 2 1 3350 
VI. 5 VII. 3 1 3350 
VI. 5 VII. 4 1 3350 
VI. 5 VII. 5 1 3350 
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Appendix XXII Statistical evaluation method - multiple comparison test  

Based on table A.17 [Hollander and Wolfe, 1973], for R=5 repetitions and k=5 algorithms and 
α equals to 0.04. The total difference required between two algorithms should be at least 14. 
 

Table 53 Experiment I - Multiple comparison results (α=0.04) 
(Note: for OE and EO a smaller value is preferable) 

OO measure for experiment I  EE measure for experiment I 
Algo. Sum of 

ranks 
Sub groups  Algo. Sum of 

ranks 
Sub groups 

AFL 25 A    AFL 25 A   
OR 18 A B   MOST 20 A B  

ADS 17 A B   AND 15 A B  
MOST 10  B   ADS 8  B  
AND 5  B   OR 7  B  

 
OE measure for experiment I  EO measure for experiment I 

Algo. Sum of 
ranks 

Sub groups  Algo. Sum of 
ranks 

Sub groups 

OR 25 A    AND 25 A   
ADS 20 A B   MOST 20 A B  

MOST 15 A B C  AFL 15 A B  
AND 10  B C  OR 9  B  
AFL 5   C  ADS 6  B  

 
Multiple comparison results for mobile robot experiment – Experiment II 

(Note: for OE and EO a smaller value is preferable) 
OO for experiment II  EE for experiment II 

Algo. Sum of 
ranks 

Sub 
groups 

 Algo. Sum of 
ranks 

Sub 
groups 

ADS 23 A    MOST 25 A   
OR 22 A    AFL 20 A B  

MOST 14 A B   AND 15 A B  
AFL 11 A B   OR 9  B  
AND 5  B   ADS 6  B  

 
OE for experiment II  EO for experiment II 

Algo. Sum of 
ranks 

Sub 
groups 

 Algo. Sum of 
ranks 

Sub 
groups 

OR 25 A    AND 25 A   
ADS 20 A B   MOST 20 A B  

MOST 15 A B C  AFL 15 A B C 
AND 10  B C  OR 10  B C 
AFL 5   C  ADS 5   C 
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Multiple comparison results for mobile robot experiment – Experiment III 

(Note: for OE and EO a smaller value is preferable) 
OO for experiment III  EE for experiment III 

Algo. Sum of 
ranks 

Sub 
groups 

 Algo. Sum of 
ranks 

Sub 
groups 

OR 24 A    MOST 25 A   
ADS 21 A    AFL 20 A B  

MOST 15 A B   AND 15 A B  
AFL 10 A B   OR 9  B  
AND 5  B   ADS 6  B  

 
OE for experiment III  EO for experiment III 

Algo. Sum of 
ranks 

Sub 
groups 

 Algo. Sum of 
ranks 

Sub 
groups 

OR 25 A    AND 25 A   
ADS 20 A B   MOST 20 A B  

MOST 15 A B C  AFL 15 A B  
AND 10  B C  OR 9  B  
AFL 5   C  ADS 6  B  

 
 
 

Multiple comparison results for mobile robot experiment – Experiment IV 
 (Note: for OE and EO a smaller value is preferable) 

OO for experiment IV  EE for experiment IV 
Algo. Sum of 

ranks 
Sub 

groups 
 Algo. Sum of 

ranks 
Sub 

groups 
AFL 25 A    AFL 25 A   
ADS 18 A B   MOST 20 A B  
OR 17 A B   AND 15 A B  

MOST 10  B   OR 8  B  
AND 5  B   ADS 7  B  

 
OE for experiment IV  EO for experiment IV 

Algo. Sum of 
ranks 

Sub 
groups 

 Algo. Sum of 
ranks 

Sub 
groups 

OR 25 A    AND 25 A   
ADS 20 A    MOST 20 A B  

MOST 15 A B   AFL 15 A B  
AND 10  B   OR 9  B  
AFL 5  B   ADS 6  B  
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Multiple comparison results for mobile robot experiment – Experiment V 

 (Note: for OE and EO a smaller value is preferable) 
OO for experiment V  EE for experiment V 

Algo. Sum of 
ranks 

Sub 
groups 

 Algo. Sum of 
ranks 

Sub 
groups 

MOST 25 A    MOST 23 A   
AFL 20 A B   AFL 20 A B  
OR 15 A B C  AND 15 A B  

ADS 10  B C  OR 8  B  
AND 5   C  ADS 7  B  

 
OE for experiment V  EO for experiment V 

Algo. Sum of 
ranks 

Sub 
groups 

 Algo. Sum of 
ranks 

Sub 
groups 

OR 25 A    AND 25 A   
ADS 20 A B   MOST 19 A B  

MOST 15 A B C  AFL 14 A B  
AND 10  B C  OR 12 A B  
AFL 5   C  ADS 5  B  

 
 
 

Multiple comparison results for mobile robot experiment – Experiment VI 
 (Note: for OE and EO a smaller value is preferable) 

OO for experiment VI  EE for experiment VI 
Algo. Sum of 

ranks 
Sub 

groups 
 Algo. Sum of 

ranks 
Sub 

groups 
AFL 25 A    MOST 25 A   
OR 20 A B   AND 20 A B  

ADS 15 A B C  AFL 15 A B C 
MOST 10  B C  OR 10  B C 
AND 5   C  ADS 5   C 

 
OE for experiment VI  EO for experiment VI 

Algo. Sum of 
ranks 

Sub 
groups 

 Algo. Sum of 
ranks 

Sub 
groups 

OR 25 A    AND 25 A   
ADS 20 A B   MOST 20 A B  
AFL 15 A B C  AFL 15 A B  

MOST 10  B C  OR 8  B  
AND 5   C  ADS 7  B  
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Multiple comparison results for mobile robot experiment – Experiment VII 

 (Note: for OE and EO a smaller value is preferable) 
OO for experiment VII  EE for experiment VII 

Algo. Sum of 
ranks 

Sub 
groups 

 Algo. Sum of 
ranks 

Sub 
groups 

MOST 24 A    MOST 24 A   
AFL 21 A    AFL 21 A   
OR 15 A B   AND 15 A B  

ADS 10 A B   ADS 10 A B  
AND 5  B   OR 5  B  

 
OE for experiment VII  EO for experiment VII 

Algo. Sum of 
ranks 

Sub 
groups 

 Algo. Sum of 
ranks 

Sub 
groups 

OR 25 A    AND 25 A   
ADS 20 A B   MOST 20 A B  

MOST 15 A B C  AFL 15 A B C 
AND 10  B C  OR 10  B C 
AFL 5   C  ADS 5   C 
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Appendix XXIII Statistical evaluation method - sign tests results (AFL vs. 
MOST) 

 
 

Sign test data for AFL vs. MOST algorithms – Experiment I. 
Exp Repetition Algorithm OO EE OE EO OO EE OE EO 

I. 1 MOST 0.019 0.950 0.000075 0.744     
I. 1 AFL 0.312 0.968 0.000254 0.173 AFL AFL MOST AFL 
I. 2 MOST 0.017 0.949 0.000097 0.757     
I. 2 AFL 0.218 0.963 0.000301 0.262 AFL AFL MOST AFL 
I. 3 MOST 0.019 0.950 0.000075 0.744     
I. 3 AFL 0.229 0.964 0.000312 0.247 AFL AFL MOST AFL 
I. 4 MOST 0.022 0.951 0.000032 0.725     
I. 4 AFL 0.266 0.967 0.000250 0.218 AFL AFL MOST AFL 
I. 5 MOST 0.014 0.949 0.000033 0.776     
I. 5 AFL 0.286 0.967 0.000248 0.199 AFL AFL MOST AFL 
       AFL AFL MOST AFL 

 
Sign test data for AFL vs. MOST algorithms – Experiment II. 

Exp Repetition Algorithm OO EE OE EO OO EE OE EO 
II. 1 MOST 0.043 0.953 0.000089 0.629     
II. 1 AFL 0.043 0.953 0.000089 0.629 Ties Ties Ties Ties 
II. 2 MOST 0.036 0.953 0.000081 0.655     
II. 2 AFL 0.036 0.953 0.000081 0.655 Ties Ties Ties Ties 
II. 3 MOST 0.036 0.952 0.000120 0.655     
II. 3 AFL 0.036 0.952 0.000120 0.655 Ties Ties Ties Ties 
II. 4 MOST 0.033 0.952 0.000082 0.667     
II. 4 AFL 0.034 0.952 0.000091 0.664 AFL Ties MOST AFL 
II. 5 MOST 0.023 0.950 0.000095 0.719     
II. 5 AFL 0.023 0.950 0.000095 0.719 Ties Ties Ties Ties 
       AFL Ties MOST AFL 
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Sign test data for AFL vs. MOST algorithms – Experiment III. 

Exp Repetition Algorithm OO EE OE EO OO EE OE EO 
III. 1 MOST 0.054 0.952 0.000342 0.567     
III. 1 AFL 0.054 0.952 0.000342 0.567 Ties Ties Ties Ties 
III. 2 MOST 0.083 0.955 0.000309 0.490     
III. 2 AFL 0.083 0.955 0.000309 0.490 Ties Ties Ties Ties 
III. 3 MOST 0.032 0.950 0.000272 0.659     
III. 3 AFL 0.032 0.950 0.000272 0.659 Ties Ties Ties Ties 
III. 4 MOST 0.035 0.950 0.000321 0.640     
III. 4 AFL 0.035 0.950 0.000321 0.640 Ties Ties Ties Ties 
III. 5 MOST 0.044 0.952 0.000218 0.616     
III. 5 AFL 0.044 0.952 0.000218 0.616 Ties Ties Ties Ties 

       Ties Ties Ties Ties 
 

Sign test data for AFL vs. MOST algorithms – Experiment IV. 
Exp Repetition Algorithm OO EE OE EO OO EE OE EO 
IV. 1 MOST 0.026 0.951 0.000114 0.700     
IV. 1 AFL 0.222 0.964 0.000257 0.266 AFL AFL MOST AFL 
IV. 2 MOST 0.023 0.950 0.000105 0.716     
IV. 2 AFL 0.219 0.964 0.000272 0.267 AFL AFL MOST AFL 
IV. 3 MOST 0.040 0.953 0.000099 0.637     
IV. 3 AFL 0.229 0.964 0.000312 0.247 AFL AFL MOST AFL 
IV. 4 MOST 0.037 0.952 0.000139 0.649     
IV. 4 AFL 0.319 0.968 0.000247 0.168 AFL AFL MOST AFL 
IV. 5 MOST 0.025 0.951 0.000074 0.707     
IV. 5 AFL 0.244 0.966 0.000226 0.244 AFL AFL MOST AFL 

       AFL AFL MOST AFL 
 

Sign test data for AFL vs. MOST algorithms – Experiment V. 
Exp Repetition Algorithm OO EE OE EO OO EE OE EO 
V. 1 MOST 0.548 0.974 0.000043 0.013     
V. 1 AFL 0.548 0.974 0.000043 0.013 Ties Ties Ties Ties 
V. 2 MOST 0.495 0.972 0.000111 0.037     
V. 2 AFL 0.495 0.972 0.000111 0.037 Ties Ties Ties Ties 
V. 3 MOST 0.557 0.973 0.000000 0.000     
V. 3 AFL 0.557 0.973 0.000000 0.000 Ties Ties Ties Ties 
V. 4 MOST 0.539 0.973 0.000039 0.011     
V. 4 AFL 0.539 0.973 0.000039 0.011 Ties Ties Ties Ties 
V. 5 MOST 0.518 0.967 0.000074 0.018     
V. 5 AFL 0.518 0.967 0.000074 0.018 Ties Ties Ties Ties 
       Ties Ties Ties Ties 
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Sign test data for AFL vs. MOST algorithms – Experiment VI. 

Exp Repetition Algorithm OO EE OE EO OO EE OE EO 
IV. 1 MOST 0.080 0.954 0.000379 0.487     
IV. 1 AFL 0.466 0.897 0.002787 0.072 AFL MOST MOST AFL 
IV. 2 MOST 0.092 0.955 0.000374 0.459     
IV. 2 AFL 0.417 0.869 0.004549 0.075 AFL MOST MOST AFL 
IV. 3 MOST 0.077 0.954 0.000356 0.498     
IV. 3 AFL 0.442 0.885 0.003455 0.076 AFL MOST MOST AFL 
IV. 4 MOST 0.083 0.955 0.000288 0.493     
IV. 4 AFL 0.450 0.893 0.003008 0.081 AFL MOST MOST AFL 
IV. 5 MOST 0.064 0.954 0.000279 0.544     
IV. 5 AFL 0.448 0.890 0.003197 0.078 AFL MOST MOST AFL 

       AFL MOST MOST AFL 
 

Sign test data for AFL vs. MOST algorithms – Experiment VII. 
Exp Repetition Algorithm OO EE OE EO OO EE OE EO 
V. 1 MOST 0.473 0.948 0.000524 0.077     
V. 1 AFL 0.551 0.968 0.000088 0.021 AFL AFL AFL AFL 
V. 2 MOST 0.549 0.969 0.000069 0.017     
V. 2 AFL 0.549 0.969 0.000069 0.017 Ties Ties Ties Ties 
V. 3 MOST 0.491 0.955 0.000356 0.061     
V. 3 AFL 0.491 0.955 0.000356 0.061 Ties Ties Ties Ties 
V. 4 MOST 0.541 0.966 0.000124 0.027     
V. 4 AFL 0.541 0.966 0.000124 0.027 Ties Ties Ties Ties 
V. 5 MOST 0.546 0.966 0.000130 0.028     
V. 5 AFL 0.546 0.966 0.000130 0.028 Ties Ties Ties Ties 
       AFL AFL AFL AFL 
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Appendix XXIV Statistical evaluation method - performance measures for the 
MOST algorithm 

Table 54 MOST algorithm - five logical sensors performance measure values during experiment 
number VI 

 
  US1  

Cycle Light  OLGMOGBM
t(1) ELGMEGBM

t(1) OLGMEGBM
t(1) ELGMOGBM

t(1) UMt(1) 
1 1 0 0.907738 0.092262 0 0.407738 
2 1 1 0.918675 0.081325 0 0.918675 
3 1 1 0.868381 0.131619 0 0.868381 
4 1 1 0.873004 0.126996 0 0.873004 
5 1 1 0.797517 0.202483 0 0.797517 
6 1 1 0.786092 0.213908 0 0.786092 
7 1 1 0.846738 0.153263 0 0.846738 
8 1 1 0.881459 0.118541 0 0.881459 
9 1 0.842105 0.817764 0.182236 0 0.817764 

10 1 0.888889 0.865604 0.134396 0 0.865604 
11 0 1 0.867324 0.132676 0 0.867324 
12 0 0 0.883929 0.116071 0 0.383929 
13 0 0 0.847761 0.152239 0 0.847761 
14 0 0 0.845238 0.154762 0 0.345238 
15 0 0 0.8125 0.1875 0 0.3125 
16 0 0 0.8125 0.1875 0 0.3125 
17 0 0 0.794643 0.205357 0 0.294643 
18 0 0 0.824405 0.175595 0 0.324405 
19 0 0 0.828102 0.171898 0 0.828102 
20 0 0 0.872673 0.127327 0 0.872673 
21 0 0 0.907738 0.092262 0 0.407738 
22 0 0 0.918675 0.081325 0 0.918675 
23 0 0 0.868381 0.131619 0 0.868381 
24 0 0 0.873004 0.126996 0 0.873004 
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  US2  

Cycle Light  OLGMOGBM
t(2) ELGMEGBM

t(2) OLGMEGBM
t(2) ELGMOGBM

t(2) UMt(2) 
1 1 0 0.970238 0.029762 0 0.470238 
2 1 1 0.981928 0.018072 0 0.981928 
3 1 1 0.96823 0.03177 0 0.96823 
4 1 1 0.973384 0.026616 0 0.973384 
5 1 1 0.912335 0.087665 0 0.912335 
6 1 1 0.897959 0.102041 0 0.897959 
7 1 1 0.955994 0.044006 0 0.955994 
8 1 1 0.984802 0.015198 0 0.984802 
9 1 1 0.891271 0.108729 0 0.891271 

10 1 0.962963 0.928626 0.071374 0.037037 0.891589 
11 0 1 0.952237 0.047763 0 0.952237 
12 0 0 0.96131 0.03869 0 0.46131 
13 0 1 0.949254 0.050746 0 0.949254 
14 0 0 0.946429 0.053571 0 0.446429 
15 0 0 0.946429 0.053571 0 0.446429 
16 0 0 0.946429 0.053571 0 0.446429 
17 0 0 0.895833 0.104167 0 0.395833 
18 0 0 0.922619 0.077381 0 0.422619 
19 0 1 0.887892 0.112108 0 0.887892 
20 0 1 0.917349 0.082651 0 0.917349 
21 0 0 0.964286 0.035714 0 0.464286 
22 0 0 0.988095 0.011905 0 0.488095 
23 0 0 0.89881 0.10119 0 0.39881 
24 0 0 0.89881 0.10119 0 0.39881 

 
  CAM1  

Cycle Light  OLGMOGBM
t(3) ELGMEGBM

t(3) OLGMEGBM
t(3) ELGMOGBM

t(3) UMt(3) 
1 1 0 1 0 0 0.5 
2 1 1 0.990964 0.009036 0 0.990964 
3 1 1 0.995461 0.004539 0 0.995461 
4 1 1 0.971103 0.028897 0 0.971103 
5 1 1 0.99069 0.00931 0 0.99069 
6 1 1 0.987906 0.012094 0 0.987906 
7 1 1 0.991654 0.008346 0 0.991654 
8 1 1 0.984802 0.015198 0 0.984802 
9 1 0.842105 0.996172 0.003828 0.157895 0.838277 

10 1 0.888889 0.995444 0.004556 0.111111 0.884333 
11 0 1 0.998484 0.001516 0 0.998484 
12 0 0 1 0 0 0.5 
13 0 0 1 0 1 0 
14 0 0 1 0 0 0.5 
15 0 0 1 0 0 0.5 
16 0 0 1 0 0 0.5 
17 0 0 1 0 0 0.5 
18 0 0 1 0 0 0.5 
19 0 0 1 0 1 0 
20 0 0 1 0 1 0 
21 0 0 1 0 0 0.5 
22 0 0 1 0 0 0.5 
23 0 0 1 0 0 0.5 
24 0 0 1 0 0 0.5 
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  CAM2  

Cycle Light  OLGMOGBM
t(4) ELGMEGBM

t(4) OLGMEGBM
t(4) ELGMOGBM

t(4) UMt(4) 
1 1 0 1 0 0 0.5 
2 1 0 1 0 1 0 
3 1 0 1 0 1 0 
4 1 0 0.942966 0.057034 1 -0.05703 
5 1 0 0.951901 0.048099 1 -0.0481 
6 1 0 0.965231 0.034769 1 -0.03477 
7 1 0 0.974962 0.025038 1 -0.02504 
8 1 0 0.963526 0.036474 1 -0.03647 
9 1 0 0.973201 0.026799 1 -0.0268 

10 1 0.037037 0.977221 0.022779 0.962963 0.014258 
11 0 0 0.976497 0.023503 1 -0.0235 
12 0 0 1 0 0 0.5 
13 0 0 1 0 1 0 
14 0 0 1 0 0 0.5 
15 0 0 1 0 0 0.5 
16 0 0 1 0 0 0.5 
17 0 0 1 0 0 0.5 
18 0 0 1 0 0 0.5 
19 0 0 1 0 1 0 
20 0 0 1 0 1 0 
21 0 0 1 0 0 0.5 
22 0 0 1 0 0 0.5 
23 0 0 1 0 0 0.5 
24 0 0 1 0 0 0.5 

 
  CAM3  

Cycle Light  OLGMOGBM
t(5) ELGMEGBM

t(5) OLGMEGBM
t(5) ELGMOGBM

t(5) UMt,(5) 
1 1 0 1 0 0 0.5 
2 1 0 0.934488 0.065512 1 -0.06551 
3 1 0 0.950076 0.049924 1 -0.04992 
4 1 0 0.911027 0.088973 1 -0.08897 
5 1 0 0.919317 0.080683 1 -0.08068 
6 1 0 0.922902 0.077098 1 -0.0771 
7 1 0 0.935508 0.064492 1 -0.06449 
8 1 0 0.932371 0.067629 1 -0.06763 
9 1 0.157895 0.945636 0.054364 0.842105 0.103531 

10 1 0.111111 0.941534 0.058466 0.888889 0.052645 
11 0 0 0.939348 0.060652 1 -0.06065 
12 0 0 0.958333 0.041667 0 0.458333 
13 0 1 0.970149 0.029851 0 0.970149 
14 0 0 0.991071 0.008929 0 0.491071 
15 0 0 0.991071 0.008929 0 0.491071 
16 0 0 0.991071 0.008929 0 0.491071 
17 0 0 0.991071 0.008929 0 0.491071 
18 0 0 0.991071 0.008929 0 0.491071 
19 0 1 0.995516 0.004484 0 0.995516 
20 0 1 0.991809 0.008191 0 0.991809 
21 0 0 0.991071 0.008929 0 0.491071 
22 0 0 0.991071 0.008929 0 0.491071 
23 0 0 0.991071 0.008929 0 0.491071 
24 0 0 0.991071 0.008929 0 0.491071 
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Appendix XXV Statistical evaluation method - performance measures for the 
AFL algorithm 

Table 55 AFL algorithm - five logical sensors performance measure values during experiment 
number VI 

 
  US1  

Cycle Light  OLGMOGBM
t(1) ELGMEGBM

t(1) OLGMEGBM
t(1) ELGMOGBM

t(1) UMt(1) 
1 1 0 0.907738 0.092262 0 0.407738 
2 1 1 0.918675 0.081325 0 0.918675 
3 1 1 0.868381 0.131619 0 0.868381 
4 1 1 0.873004 0.126996 0 0.873004 
5 1 1 0.797517 0.202483 0 0.797517 
6 1 1 0.786092 0.213908 0 0.786092 
7 1 1 0.846738 0.153263 0 0.8467375 
8 1 1 0.881459 0.118541 0 0.881459 
9 1 1 0.817764 0.182236 0 0.817764 

10 1 1 0.865604 0.134396 0 0.865604 
11 0 1 0.867324 0.132676 0 0.867324 
12 0 0 0.883929 0.116071 0 0.383929 
13 0 1 0.847761 0.152239 0 0.847761 
14 0 1 0.893082 0.106918 0 0.893082 
15 0 1 0.858491 0.141509 0 0.858491 
16 0 1 0.858491 0.141509 0 0.858491 
17 0 1 0.887043 0.112957 0 0.887043 
18 0 1 0.893548 0.106452 0 0.893548 
19 0 1 0.93266 0.06734 0 0.93266 
20 0 1 0.951299 0.048701 0 0.951299 
21 0 1 0.938272 0.061728 0 0.938272 
22 0 1 0.945783 0.054217 0 0.945783 
23 0 1 0.903974 0.096026 0 0.903974 
24 0 1 0.903974 0.096026 0 0.903974 
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  US2  

Cycle Light  OLGMOGBM
t(2) ELGMEGBM

t(2) OLGMEGBM
t(2) ELGMOGBM

t(2) UMt(2) 
1 1 0 0.970238 0.029762 0 0.470238 
2 1 1 0.981928 0.018072 0 0.981928 
3 1 1 0.96823 0.03177 0 0.96823 
4 1 1 0.973384 0.026616 0 0.973384 
5 1 1 0.912335 0.087665 0 0.912335 
6 1 1 0.897959 0.102041 0 0.897959 
7 1 1 0.955994 0.044006 0 0.955994 
8 1 1 0.984802 0.015198 0 0.984802 
9 1 1 0.891271 0.108729 0 0.891271 

10 1 0.962963 0.928626 0.071374 0.037037 0.891589 
11 0 1 0.952237 0.047763 0 0.952237 
12 0 0 0.96131 0.03869 0 0.46131 
13 0 1 0.949254 0.050746 0 0.949254 
14 0 1 1 0 0 1 
15 0 1 1 0 0 1 
16 0 1 1 0 0 1 
17 0 1 1 0 0 1 
18 0 1 1 0 0 1 
19 0 1 1 0 0 1 
20 0 1 1 0 0 1 
21 0 1 1 0 0 1 
22 0 1 1 0 0 1 
23 0 1 1 0 0 1 
24 0 1 1 0 0 1 

 
  CAM1  

Cycle Light  OLGMOGBM
t(3) ELGMEGBM

t(3) OLGMEGBM
t(3) ELGMOGBM

t(3) UMt(3) 
1 1 0 1 0 0 0.5 
2 1 1 0.990964 0.009036 0 0.990964 
3 1 1 0.995461 0.004539 0 0.995461 
4 1 1 0.971103 0.028897 0 0.971103 
5 1 1 0.99069 0.00931 0 0.99069 
6 1 1 0.987906 0.012094 0 0.987906 
7 1 1 0.991654 0.008346 0 0.991654 
8 1 1 0.984802 0.015198 0 0.984802 
9 1 0.842105 0.996172 0.003828 0.157895 0.838277 

10 1 0.888889 0.995444 0.004556 0.111111 0.884333 
11 0 1 0.998484 0.001516 0 0.998484 
12 0 0 1 0 0 0.5 
13 0 0 1 0 1 0 
14 0 0 1 0 1 0 
15 0 0 1 0 1 0 
16 0 0 1 0 1 0 
17 0 0 1 0 1 0 
18 0 0 1 0 1 0 
19 0 0 1 0 1 0 
20 0 0 1 0 1 0 
21 0 0 1 0 1 0 
22 0 0 1 0 1 0 
23 0 0 1 0 1 0 
24 0 0 1 0 1 0 
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  CAM2  

Cycle Light  OLGMOGBM
t(4) ELGMEGBM

t(4) OLGMEGBM
t(4) ELGMOGBM

t(4) UMt(4) 
1 1 0 1 0 0 0.5 
2 1 0 1 0 1 0 
3 1 0 1 0 1 0 
4 1 0 0.942966 0.057034 1 -0.057034 
5 1 0 0.951901 0.048099 1 -0.048099 
6 1 0 0.965231 0.034769 1 -0.034769 
7 1 0 0.974962 0.025038 1 -0.025038 
8 1 0 0.963526 0.036474 1 -0.036474 
9 1 0 0.973201 0.026799 1 -0.026799 

10 1 0.037037 0.977221 0.022779 0.962963 0.014258 
11 0 0 0.976497 0.023503 1 -0.023503 
12 0 0 1 0 0 0.5 
13 0 0 1 0 1 0 
14 0 0 1 0 1 0 
15 0 0 1 0 1 0 
16 0 0 1 0 1 0 
17 0 0 1 0 1 0 
18 0 0 1 0 1 0 
19 0 0 1 0 1 0 
20 0 0 1 0 1 0 
21 0 0 1 0 1 0 
22 0 0 1 0 1 0 
23 0 0 1 0 1 0 
24 0 0 1 0 1 0 

 
  CAM3  

Cycle Light  OLGMOGBM
t(5) ELGMEGBM

t(5) OLGMEGBM
t(5) ELGMOGBM

t(5) UMt(5) 
1 1 0 1 0 0 0.5 
2 1 0 0.934488 0.065512 1 -0.065512 
3 1 0 0.950076 0.049924 1 -0.049924 
4 1 0 0.911027 0.088973 1 -0.088973 
5 1 0 0.919317 0.080683 1 -0.080683 
6 1 0 0.922902 0.077098 1 -0.077098 
7 1 0 0.935508 0.064492 1 -0.064492 
8 1 0 0.932371 0.067629 1 -0.067629 
9 1 0.157895 0.945636 0.054364 0.842105 0.103531 

10 1 0.111111 0.941534 0.058466 0.888889 0.052645 
11 0 0 0.939348 0.060652 1 -0.060652 
12 0 0 0.958333 0.041667 0 0.458333 
13 0 1 0.970149 0.029851 0 0.970149 
14 0 0 0.990566 0.009434 1 -0.009434 
15 0 0 0.990566 0.009434 1 -0.009434 
16 0 0 0.990566 0.009434 1 -0.009434 
17 0 0 0.990033 0.009967 1 -0.009967 
18 0 0 0.990323 0.009677 1 -0.009677 
19 0 0.038462 0.99495 0.005051 0.961538 0.0334115 
20 0 0.008929 0.991071 0.008929 0.991071 0 
21 0 0 0.990741 0.009259 1 -0.009259 
22 0 0 0.990964 0.009036 1 -0.009036 
23 0 0 0.990066 0.009934 1 -0.009934 
24 0 0 0.990066 0.009934 1 -0.009934 
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Appendix XXVI OLSAS framework - raw data and data analysis 

 
Exp Rep Algorithm OccupyORG OccupyGGM OGGMOORG EGGMEORG OGGMEORG EGGMOORG OccupyCoefficient EmptyCoefficient OO EE OE EO 
1 1 AFL 273 40 36 4523 4 237 0.147 0.951 0.019 0.950 0.000 0.741 
1 1 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
1 1 MOST 273 40 36 4523 4 237 0.147 0.951 0.019 0.950 0.000 0.741 
1 1 OLSAS 273 166 111 4472 55 162 0.608 0.977 0.247 0.965 0.000 0.233 
1 1 OR 273 1475 246 3298 1229 27 0.185 0.734 0.167 0.535 0.072 0.081 
1 2 AFL 273 50 43 4520 7 230 0.183 0.953 0.029 0.952 0.000 0.688 
1 2 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
1 2 MOST 273 50 43 4520 7 230 0.183 0.953 0.029 0.952 0.000 0.688 
1 2 OLSAS 273 187 114 4454 73 159 0.685 0.981 0.286 0.966 0.000 0.183 
1 2 OR 273 1653 246 3120 1407 27 0.165 0.695 0.149 0.479 0.095 0.083 
1 3 AFL 273 57 49 4519 8 224 0.209 0.954 0.037 0.953 0.000 0.649 
1 3 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
1 3 MOST 273 57 49 4519 8 224 0.209 0.954 0.037 0.953 0.000 0.649 
1 3 OLSAS 273 205 128 4450 77 145 0.751 0.985 0.352 0.968 0.000 0.132 
1 3 OR 273 1682 247 3092 1435 26 0.162 0.689 0.147 0.470 0.099 0.080 
1 4 AFL 273 61 53 4519 8 220 0.223 0.955 0.043 0.954 0.000 0.626 
1 4 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
1 4 MOST 273 61 53 4519 8 220 0.223 0.955 0.043 0.954 0.000 0.626 
1 4 OLSAS 273 223 137 4441 86 136 0.817 0.989 0.410 0.970 0.000 0.091 
1 4 OR 273 1795 249 2981 1546 24 0.152 0.664 0.139 0.437 0.115 0.075 
1 5 AFL 273 49 45 4523 4 228 0.179 0.953 0.030 0.952 0.000 0.685 
1 5 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
1 5 MOST 273 69 57 4515 12 216 0.253 0.957 0.053 0.954 0.000 0.591 
1 5 OLSAS 273 238 137 4426 101 136 0.872 0.992 0.437 0.970 0.000 0.064 
1 5 OR 273 1949 249 2827 1700 24 0.140 0.630 0.128 0.393 0.139 0.076 
2 1 AFL 273 61 52 4518 9 221 0.223 0.955 0.043 0.953 0.000 0.629 
2 1 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
2 1 MOST 273 61 52 4518 9 221 0.223 0.955 0.043 0.953 0.000 0.629 
2 1 OLSAS 273 252 141 4416 111 132 0.923 0.995 0.477 0.971 0.000 0.037 
2 1 OR 273 1569 259 3217 1310 14 0.174 0.714 0.165 0.507 0.083 0.042 
2 2 AFL 273 71 61 4517 10 212 0.260 0.957 0.058 0.955 0.000 0.575 
2 2 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
2 2 MOST 273 71 61 4517 10 212 0.260 0.957 0.058 0.955 0.000 0.575 
2 2 OLSAS 273 281 154 4400 127 119 0.972 0.998 0.548 0.970 0.000 0.012 
2 2 OR 273 1756 260 3031 1496 13 0.155 0.672 0.148 0.450 0.108 0.040 
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Exp Rep Algorithm OccupyORG OccupyGGM OGGMOORG EGGMEORG OGGMEORG EGGMOORG OccupyCoefficient EmptyCoefficient OO EE OE EO 
2 3 AFL 273 83 68 4512 15 205 0.304 0.960 0.076 0.957 0.000 0.523 
2 3 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
2 3 MOST 273 83 68 4512 15 205 0.304 0.960 0.076 0.957 0.000 0.523 
2 3 OLSAS 273 306 158 4379 148 115 0.892 0.993 0.516 0.960 0.000 0.045 
2 3 OR 273 1827 260 2960 1567 13 0.149 0.657 0.142 0.429 0.119 0.041 
2 4 AFL 273 91 74 4510 17 199 0.333 0.961 0.090 0.958 0.000 0.486 
2 4 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
2 4 MOST 273 90 74 4511 16 199 0.330 0.961 0.089 0.958 0.000 0.489 
2 4 OLSAS 273 314 161 4374 153 112 0.869 0.991 0.513 0.957 0.000 0.054 
2 4 OR 273 1979 272 2820 1707 1 0.138 0.623 0.137 0.388 0.142 0.003 
2 5 AFL 273 95 78 4510 17 195 0.348 0.962 0.099 0.959 0.000 0.466 
2 5 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
2 5 MOST 273 94 78 4511 16 195 0.344 0.962 0.098 0.959 0.000 0.468 
2 5 OLSAS 273 318 160 4369 158 113 0.858 0.990 0.503 0.956 0.000 0.059 
2 5 OR 273 2101 272 2698 1829 1 0.130 0.596 0.129 0.355 0.163 0.003 
3 1 AFL 273 55 35 4507 20 238 0.201 0.954 0.026 0.950 0.000 0.696 
3 1 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
3 1 MOST 273 55 35 4507 20 238 0.201 0.954 0.026 0.950 0.000 0.696 
3 1 OLSAS 273 156 86 4457 70 187 0.571 0.975 0.180 0.960 0.000 0.294 
3 1 OR 273 2092 259 2694 1833 14 0.130 0.598 0.124 0.356 0.163 0.045 
3 2 AFL 273 83 56 4500 27 217 0.304 0.960 0.062 0.954 0.000 0.553 
3 2 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
3 2 MOST 273 83 56 4500 27 217 0.304 0.960 0.062 0.954 0.000 0.553 
3 2 OLSAS 273 185 87 4429 98 186 0.678 0.981 0.216 0.960 0.000 0.220 
3 2 OR 273 2167 260 2620 1907 13 0.126 0.582 0.120 0.337 0.176 0.042 
3 3 AFL 273 91 61 4497 30 212 0.333 0.961 0.074 0.955 0.000 0.518 
3 3 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
3 3 MOST 273 91 61 4497 30 212 0.333 0.961 0.074 0.955 0.000 0.518 
3 3 OLSAS 273 201 96 4422 105 177 0.736 0.984 0.259 0.962 0.000 0.171 
3 3 OR 273 2316 260 2471 2056 13 0.118 0.549 0.112 0.300 0.205 0.042 
2 4 AFL 273 91 74 4510 17 199 0.333 0.961 0.090 0.958 0.000 0.486 
2 4 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
2 4 MOST 273 90 74 4511 16 199 0.330 0.961 0.089 0.958 0.000 0.489 
2 4 OLSAS 273 314 161 4374 153 112 0.869 0.991 0.513 0.957 0.000 0.054 
2 4 OR 273 1979 272 2820 1707 1 0.138 0.623 0.137 0.388 0.142 0.003 

 



354 Appendix XXVI OLSAS framework - raw data and data analysis 

 
Exp Rep Algorithm OccupyORG OccupyGGM OGGMOORG EGGMEORG OGGMEORG EGGMOORG OccupyCoefficient EmptyCoefficient OO EE OE EO 
3 4 AFL 273 91 61 4497 30 212 0.333 0.961 0.074 0.955 0.000 0.518 
3 4 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
3 4 MOST 273 91 61 4497 30 212 0.333 0.961 0.074 0.955 0.000 0.518 
3 4 OLSAS 273 200 98 4425 102 175 0.733 0.984 0.263 0.962 0.000 0.171 
3 4 OR 273 2387 260 2400 2127 13 0.114 0.533 0.109 0.283 0.219 0.042 
3 5 AFL 273 98 65 4494 33 208 0.359 0.963 0.085 0.956 0.000 0.488 
3 5 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
3 5 MOST 273 98 65 4494 33 208 0.359 0.963 0.085 0.956 0.000 0.488 
3 5 OLSAS 273 198 98 4427 100 175 0.725 0.984 0.260 0.962 0.000 0.176 
3 5 OR 273 2413 260 2374 2153 13 0.113 0.527 0.108 0.277 0.225 0.042 
4 1 AFL 273 25 19 4521 6 254 0.092 0.948 0.006 0.947 0.000 0.845 
4 1 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
4 1 MOST 273 14 9 4522 5 264 0.051 0.946 0.002 0.945 0.000 0.917 
4 1 OLSAS 273 128 56 4455 72 217 0.469 0.969 0.096 0.954 0.000 0.422 
4 1 OR 273 1605 243 3165 1362 30 0.170 0.706 0.151 0.493 0.089 0.091 
4 2 AFL 273 30 23 4520 7 250 0.110 0.949 0.009 0.948 0.000 0.815 
4 2 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
4 2 MOST 273 18 12 4521 6 261 0.066 0.947 0.003 0.945 0.000 0.893 
4 2 OLSAS 273 133 61 4455 72 212 0.487 0.970 0.109 0.955 0.000 0.398 
4 2 OR 273 1786 245 2986 1541 28 0.153 0.666 0.137 0.439 0.114 0.087 
4 3 AFL 273 47 36 4516 11 237 0.172 0.952 0.023 0.950 0.000 0.719 
4 3 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
4 3 MOST 273 36 26 4517 10 247 0.132 0.950 0.013 0.948 0.000 0.785 
4 3 OLSAS 273 161 72 4438 89 201 0.590 0.976 0.156 0.957 0.000 0.302 
4 3 OR 273 1940 250 2837 1690 23 0.141 0.632 0.129 0.396 0.137 0.072 
4 4 AFL 273 58 43 4512 15 230 0.212 0.955 0.033 0.951 0.000 0.664 
4 4 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
4 4 MOST 273 47 33 4513 14 240 0.172 0.952 0.021 0.950 0.000 0.728 
4 4 OLSAS 273 197 99 4429 98 174 0.722 0.983 0.262 0.962 0.000 0.177 
4 4 OR 273 2013 250 2764 1763 23 0.136 0.616 0.124 0.376 0.150 0.073 
4 5 AFL 273 60 45 4512 15 228 0.220 0.955 0.036 0.952 0.000 0.652 
4 5 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
4 5 MOST 273 49 35 4513 14 238 0.179 0.953 0.023 0.950 0.000 0.715 
4 5 OLSAS 273 197 103 4433 94 170 0.722 0.983 0.272 0.963 0.000 0.173 
4 5 OR 273 2097 261 2691 1836 12 0.130 0.597 0.124 0.355 0.163 0.038 
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Exp Rep Algorithm OccupyORG OccupyGGM OGGMOORG EGGMEORG OGGMEORG EGGMOORG OccupyCoefficient EmptyCoefficient OO EE OE EO 
5 1 AFL 273 20 13 4520 7 260 0.073 0.947 0.003 0.946 0.000 0.883 
5 1 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
5 1 MOST 273 20 13 4520 7 260 0.073 0.947 0.003 0.946 0.000 0.883 
5 1 OLSAS 273 192 115 4450 77 158 0.703 0.982 0.296 0.966 0.000 0.172 
5 1 OR 273 1046 267 3748 779 6 0.261 0.829 0.255 0.687 0.029 0.016 
5 2 AFL 273 22 15 4520 7 258 0.081 0.947 0.004 0.946 0.000 0.869 
5 2 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
5 2 MOST 273 22 15 4520 7 258 0.081 0.947 0.004 0.946 0.000 0.869 
5 2 OLSAS 273 199 118 4446 81 155 0.729 0.984 0.315 0.966 0.000 0.154 
5 2 OR 273 1147 270 3650 877 3 0.238 0.807 0.235 0.651 0.037 0.008 
5 3 AFL 273 25 17 4519 8 256 0.092 0.948 0.006 0.946 0.000 0.852 
5 3 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
5 3 MOST 273 25 17 4519 8 256 0.092 0.948 0.006 0.946 0.000 0.852 
5 3 OLSAS 273 218 130 4439 88 143 0.799 0.988 0.380 0.969 0.000 0.106 
5 3 OR 273 1245 271 3553 974 2 0.219 0.785 0.218 0.616 0.046 0.006 
5 4 AFL 273 26 17 4518 9 256 0.095 0.948 0.006 0.946 0.000 0.848 
5 4 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
5 4 MOST 273 26 17 4518 9 256 0.095 0.948 0.006 0.946 0.000 0.848 
5 4 OLSAS 273 221 125 4431 96 148 0.810 0.989 0.371 0.968 0.000 0.103 
5 4 OR 273 1262 271 3536 991 2 0.216 0.782 0.215 0.610 0.048 0.006 
5 5 AFL 273 28 19 4518 9 254 0.103 0.949 0.007 0.947 0.000 0.835 
5 5 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
5 5 MOST 273 28 19 4518 9 254 0.103 0.949 0.007 0.947 0.000 0.835 
5 5 OLSAS 273 243 131 4415 112 142 0.890 0.993 0.427 0.969 0.000 0.057 
5 5 OR 273 1359 271 3439 1088 2 0.201 0.760 0.199 0.577 0.058 0.006 
6 1 AFL 273 23 0 4504 23 273 0.084 0.948 0.000 0.943 0.000 0.916 
6 1 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
6 1 MOST 273 23 0 4504 23 273 0.084 0.948 0.000 0.943 0.000 0.916 
6 1 OLSAS 273 569 218 4176 351 55 0.480 0.935 0.383 0.862 0.005 0.105 
6 1 OR 273 1497 272 3302 1225 1 0.182 0.730 0.182 0.532 0.073 0.003 
5 1 AFL 273 20 13 4520 7 260 0.073 0.947 0.003 0.946 0.000 0.883 
5 1 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
5 1 MOST 273 20 13 4520 7 260 0.073 0.947 0.003 0.946 0.000 0.883 
5 1 OLSAS 273 192 115 4450 77 158 0.703 0.982 0.296 0.966 0.000 0.172 
5 1 OR 273 1046 267 3748 779 6 0.261 0.829 0.255 0.687 0.029 0.016 
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Exp Rep Algorithm OccupyORG OccupyGGM OGGMOORG EGGMEORG OGGMEORG EGGMOORG OccupyCoefficient EmptyCoefficient OO EE OE EO 
6 2 AFL 273 37 2 4492 35 271 0.136 0.950 0.001 0.943 0.000 0.858 
6 2 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
6 2 MOST 273 37 2 4492 35 271 0.136 0.950 0.001 0.943 0.000 0.858 
6 2 OLSAS 273 590 237 4174 353 36 0.463 0.930 0.402 0.857 0.005 0.071 
6 2 OR 273 1678 273 3122 1405 0 0.163 0.690 0.163 0.476 0.096 0.000 
6 3 AFL 273 40 2 4489 38 271 0.147 0.951 0.001 0.943 0.000 0.847 
6 3 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
6 3 MOST 273 40 2 4489 38 271 0.147 0.951 0.001 0.943 0.000 0.847 
6 3 OLSAS 273 641 243 4129 398 30 0.426 0.919 0.379 0.838 0.007 0.063 
6 3 OR 273 1728 273 3072 1455 0 0.158 0.679 0.158 0.460 0.103 0.000 
6 4 AFL 273 46 2 4483 44 271 0.168 0.952 0.001 0.943 0.000 0.825 
6 4 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
6 4 MOST 273 46 2 4483 44 271 0.168 0.952 0.001 0.943 0.000 0.825 
6 4 OLSAS 273 652 245 4120 407 28 0.419 0.916 0.376 0.834 0.008 0.060 
6 4 OR 273 1775 273 3025 1502 0 0.154 0.668 0.154 0.447 0.110 0.000 
6 5 AFL 273 46 2 4483 44 271 0.168 0.952 0.001 0.943 0.000 0.825 
6 5 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
6 5 MOST 273 46 2 4483 44 271 0.168 0.952 0.001 0.943 0.000 0.825 
6 5 OLSAS 273 668 245 4104 423 28 0.409 0.913 0.367 0.827 0.008 0.061 
6 5 OR 273 1785 273 3015 1512 0 0.153 0.666 0.153 0.444 0.112 0.000 
7 1 AFL 273 47 36 4516 11 237 0.172 0.952 0.023 0.950 0.000 0.719 
7 1 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
7 1 MOST 273 47 36 4516 11 237 0.172 0.952 0.023 0.950 0.000 0.719 
7 1 OLSAS 273 347 162 4342 185 111 0.787 0.984 0.467 0.943 0.001 0.087 
7 1 OR 273 1271 273 3529 998 0 0.215 0.780 0.215 0.608 0.049 0.000 
7 2 AFL 273 68 48 4507 20 225 0.249 0.957 0.044 0.952 0.000 0.619 
7 2 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
7 2 MOST 273 68 48 4507 20 225 0.249 0.957 0.044 0.952 0.000 0.619 
7 2 OLSAS 273 358 168 4337 190 105 0.763 0.981 0.469 0.940 0.001 0.091 
7 2 OR 273 1303 273 3497 1030 0 0.210 0.772 0.210 0.597 0.052 0.000 
7 3 AFL 273 76 51 4502 25 222 0.278 0.958 0.052 0.953 0.000 0.587 
7 3 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
7 3 MOST 273 76 51 4502 25 222 0.278 0.958 0.052 0.953 0.000 0.587 
7 3 OLSAS 273 368 160 4319 208 113 0.742 0.979 0.435 0.934 0.001 0.107 
7 3 OR 273 1371 273 3429 1098 0 0.199 0.757 0.199 0.574 0.059 0.000 
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Exp Rep Algorithm OccupyORG OccupyGGM OGGMOORG EGGMEORG OGGMEORG EGGMOORG OccupyCoefficient EmptyCoefficient OO EE OE EO 
7 4 AFL 273 77 52 4502 25 221 0.282 0.959 0.054 0.953 0.000 0.581 
7 4 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
7 4 MOST 273 77 52 4502 25 221 0.282 0.959 0.054 0.953 0.000 0.581 
7 4 OLSAS 273 378 165 4314 213 108 0.722 0.977 0.437 0.931 0.001 0.110 
7 4 OR 273 1425 273 3375 1152 0 0.192 0.746 0.192 0.556 0.065 0.000 
7 5 AFL 273 77 52 4502 25 221 0.282 0.959 0.054 0.953 0.000 0.581 
7 5 AND 273 0 0 4527 0 273 0.000 0.943 0.000 0.943 0.000 1.000 
7 5 MOST 273 77 52 4502 25 221 0.282 0.959 0.054 0.953 0.000 0.581 
7 5 OLSAS 273 368 161 4320 207 112 0.742 0.979 0.438 0.934 0.001 0.106 
7 5 OR 273 1428 273 3372 1155 0 0.191 0.745 0.191 0.555 0.065 0.000 
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Appendix XXVII OLSAS framework - number of signed cells between 
repetitions 

 
Experiment 

number 
First 

repetition 
Second 

repetition 
Worst case logical 

sensor number 
Number of 
signed cells 

1 1 2 4 135 
1 1 3 4 163 
1 1 4 5 229 
1 1 5 4 296 
1 2 3 5 45 
1 2 4 5 121 
1 2 5 5 172 
1 3 4 5 76 
1 3 5 4 133 
1 4 5 4 92 
2 1 2 5 132 
2 1 3 5 186 
2 1 4 5 224 
2 1 5 5 235 
2 2 3 5 54 
2 2 4 5 133 
2 2 5 5 212 
2 3 4 5 79 
2 3 5 5 198 
2 4 5 5 119 
3 1 2 5 67 
3 1 3 5 100 
3 1 4 5 115 
3 1 5 5 189 
3 2 3 3 59 
3 2 4 3 78 
3 2 5 5 122 
3 3 4 3 19 
3 3 5 5 89 
3 4 5 5 74 
4 1 2 5 27 
4 1 3 5 40 
4 1 4 3 59 
4 1 5 5 69 
4 2 3 2 16 
4 2 4 3 45 
4 2 5 3 50 
4 3 4 3 30 
4 3 5 3 35 
4 4 5 5 10 
5 1 2 4 85 
5 1 3 4 111 
5 1 4 4 113 
5 1 5 4 164 
5 2 3 4 26 
5 2 4 2 34 
5 2 5 3 99 
5 3 4 2 20 
5 3 5 3 90 
5 4 5 3 75 
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Experiment 

number 
First 

repetition 
Second 

repetition 
Worst case logical 

sensor number 
Number of 
signed cells 

6 1 2 1 64 
6 1 3 1 84 
6 1 4 1 102 
6 1 5 1 102 
6 2 3 2 22 
6 2 4 1 38 
6 2 5 2 52 
6 3 4 4 21 
6 3 5 2 30 
6 4 5 2 14 
7 1 2 1 14 
7 1 3 2 28 
7 1 4 1 46 
7 1 5 1 46 
7 2 3 2 14 
7 2 4 1 32 
7 2 5 1 32 
7 3 4 1 26 
7 3 5 1 26 
7 4 5 2 6 
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Appendix XXVIII OLSAS framework - number of signed cells for all 
experiments and repetitions 

First 
experiment 

First experiment: 
number of 
repetitions 

Second 
experiment 

Second 
experiment: 
number of 
repetitions 

Worst case 
logical sensor 

number 

Number 
of signed 

cells 

1 2 1 1 5 1496 
1 2 1 2 5 1628 
1 2 1 3 5 1682 
1 2 1 4 5 1761 
1 2 1 5 5 1880 
1 2 2 1 5 1388 
1 2 2 2 5 1520 
1 2 2 3 5 1574 
1 2 2 4 5 1653 
1 2 2 5 5 1772 
1 2 3 1 5 1343 
1 2 3 2 5 1475 
1 2 3 3 5 1529 
1 2 3 4 5 1608 
1 2 3 5 5 1727 
1 2 4 1 5 1267 
1 2 4 2 5 1399 
1 2 4 3 5 1453 
1 2 4 4 5 1532 
1 2 4 5 5 1651 
1 2 5 1 5 1216 
1 2 5 2 5 1348 
1 2 5 3 5 1402 
1 2 5 4 5 1481 
1 2 5 5 5 1600 
1 3 1 1 5 2458 
1 3 1 2 5 2525 
1 3 1 3 5 2558 
1 3 1 4 5 2573 
1 3 1 5 5 2647 
1 3 2 1 5 2350 
1 3 2 2 5 2417 
1 3 2 3 5 2450 
1 3 2 4 5 2465 
1 3 2 5 5 2539 
1 3 3 1 5 2305 
1 3 3 2 5 2372 
1 3 3 3 5 2405 
1 3 3 4 5 2420 
1 3 3 5 5 2494 
1 3 4 1 5 2229 
1 3 4 2 5 2296 
1 3 4 3 5 2329 
1 3 4 4 5 2344 
1 3 4 5 5 2418 
1 3 5 1 5 2178 
1 3 5 2 5 2245 
1 3 5 3 5 2278 
1 3 5 4 5 2293 



 361 

 

First 
experiment 

First experiment: 
number of 
repetitions 

Second 
experiment 

Second 
experiment: 
number of 
repetitions 

Worst case 
logical sensor 

number 

Number 
of signed 

cells 

1 4 1 1 5 2876 
1 4 1 2 5 2903 
1 4 1 3 5 2916 
1 4 1 4 5 2935 
1 4 1 5 5 2945 
1 4 2 1 5 2768 
1 4 2 2 5 2795 
1 4 2 3 5 2808 
1 4 2 4 5 2827 
1 4 2 5 5 2837 
1 4 3 1 5 2723 
1 4 3 2 5 2750 
1 4 3 3 5 2763 
1 4 3 4 5 2782 
1 4 3 5 5 2792 
1 4 4 1 5 2647 
1 4 4 2 5 2674 
1 4 4 3 5 2687 
1 4 4 4 5 2706 
1 4 4 5 5 2716 
1 4 5 1 5 2596 
1 4 5 2 5 2623 
1 4 5 3 5 2636 
1 4 5 4 5 2655 
1 4 5 5 5 2665 
1 5 1 1 5 2984 
1 5 1 2 5 2984 
1 5 1 3 5 2984 
1 5 1 4 5 2984 
1 5 1 5 5 2984 
1 5 2 1 5 2876 
1 5 2 2 5 2876 
1 5 2 3 5 2876 
1 5 2 4 5 2876 
1 5 2 5 5 2876 
1 5 3 1 5 2831 
1 5 3 2 5 2831 
1 5 3 3 5 2831 
1 5 3 4 5 2831 
1 5 3 5 5 2831 
1 5 4 1 5 2755 
1 5 4 2 5 2755 
1 5 4 3 5 2755 
1 5 4 4 5 2755 
1 5 4 5 5 2755 
1 5 5 1 5 2704 
1 5 5 2 5 2704 
1 5 5 3 5 2704 
1 5 5 4 5 2704 
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First 
experiment 

First experiment: 
number of 
repetitions 

Second 
experiment 

Second 
experiment: 
number of 
repetitions 

Worst case 
logical sensor 

number 

Number 
of signed 

cells 

1 6 1 1 5 3101 
1 6 1 2 5 3155 
1 6 1 3 5 3165 
1 6 1 4 5 3175 
1 6 1 5 5 3186 
1 6 2 1 5 2993 
1 6 2 2 5 3047 
1 6 2 3 5 3057 
1 6 2 4 5 3067 
1 6 2 5 5 3078 
1 6 3 1 5 2948 
1 6 3 2 5 3002 
1 6 3 3 5 3012 
1 6 3 4 5 3022 
1 6 3 5 5 3033 
1 6 4 1 5 2872 
1 6 4 2 5 2926 
1 6 4 3 5 2936 
1 6 4 4 5 2946 
1 6 4 5 5 2957 
1 6 5 1 5 2821 
1 6 5 2 5 2875 
1 6 5 3 5 2885 
1 6 5 4 5 2895 
1 6 5 5 5 2906 
1 7 1 1 5 3191 
1 7 1 2 5 3191 
1 7 1 3 5 3192 
1 7 1 4 5 3193 
1 7 1 5 5 3193 
1 7 2 1 5 3083 
1 7 2 2 5 3083 
1 7 2 3 5 3084 
1 7 2 4 5 3085 
1 7 2 5 5 3085 
1 7 3 1 5 3038 
1 7 3 2 5 3038 
1 7 3 3 5 3039 
1 7 3 4 5 3040 
1 7 3 5 5 3040 
1 7 4 1 5 2962 
1 7 4 2 5 2962 
1 7 4 3 5 2963 
1 7 4 4 5 2964 
1 7 4 5 5 2964 
1 7 5 1 5 2911 
1 7 5 2 5 2911 
1 7 5 3 5 2912 
1 7 5 4 5 2913 
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First 
experiment 

First experiment: 
number of 
repetitions 

Second 
experiment 

Second 
experiment: 
number of 
repetitions 

Worst case 
logical sensor 

number 

Number 
of signed 

cells 

2 3 1 1 5 962 
2 3 1 2 5 1029 
2 3 1 3 5 1062 
2 3 1 4 5 1077 
2 3 1 5 5 1151 
2 3 2 1 5 830 
2 3 2 2 5 897 
2 3 2 3 5 930 
2 3 2 4 5 945 
2 3 2 5 5 1019 
2 3 3 1 5 776 
2 3 3 2 5 843 
2 3 3 3 5 876 
2 3 3 4 5 891 
2 3 3 5 5 965 
2 3 4 1 5 697 
2 3 4 2 5 764 
2 3 4 3 5 797 
2 3 4 4 5 812 
2 3 4 5 5 886 
2 3 5 1 5 578 
2 3 5 2 5 645 
2 3 5 3 5 678 
2 3 5 4 5 693 
2 3 5 5 5 767 
2 4 1 1 5 1380 
2 4 1 2 5 1407 
2 4 1 3 5 1420 
2 4 1 4 5 1439 
2 4 1 5 5 1449 
2 4 2 1 5 1248 
2 4 2 2 5 1275 
2 4 2 3 5 1288 
2 4 2 4 5 1307 
2 4 2 5 5 1317 
2 4 3 1 5 1194 
2 4 3 2 5 1221 
2 4 3 3 5 1234 
2 4 3 4 5 1253 
2 4 3 5 5 1263 
2 4 4 1 5 1115 
2 4 4 2 5 1142 
2 4 4 3 5 1155 
2 4 4 4 5 1174 
2 4 4 5 5 1184 
2 4 5 1 5 996 
2 4 5 2 5 1023 
2 4 5 3 5 1036 
2 4 5 4 5 1055 



364 Appendix XXVIII OLSAS framework - number of signed cells for all experiments and repetitions 

 

First 
experiment 

First experiment: 
number of 
repetitions 

Second 
experiment 

Second 
experiment: 
number of 
repetitions 

Worst case 
logical sensor 

number 

Number 
of signed 

cells 

2 5 1 1 5 1488 
2 5 1 2 5 1488 
2 5 1 3 5 1488 
2 5 1 4 5 1488 
2 5 1 5 5 1488 
2 5 2 1 5 1356 
2 5 2 2 5 1356 
2 5 2 3 5 1356 
2 5 2 4 5 1356 
2 5 2 5 5 1356 
2 5 3 1 5 1302 
2 5 3 2 5 1302 
2 5 3 3 5 1302 
2 5 3 4 5 1302 
2 5 3 5 5 1302 
2 5 4 1 5 1223 
2 5 4 2 5 1223 
2 5 4 3 5 1223 
2 5 4 4 5 1223 
2 5 4 5 5 1223 
2 5 5 1 5 1104 
2 5 5 2 5 1104 
2 5 5 3 5 1104 
2 5 5 4 5 1104 
2 5 5 5 5 1104 
2 6 1 1 5 1605 
2 6 1 2 5 1659 
2 6 1 3 5 1669 
2 6 1 4 5 1679 
2 6 1 5 5 1690 
2 6 2 1 5 1473 
2 6 2 2 5 1527 
2 6 2 3 5 1537 
2 6 2 4 5 1547 
2 6 2 5 5 1558 
2 6 3 1 5 1419 
2 6 3 2 5 1473 
2 6 3 3 5 1483 
2 6 3 4 5 1493 
2 6 3 5 5 1504 
2 6 4 1 1 1350 
2 6 4 2 1 1414 
2 6 4 3 1 1434 
2 6 4 4 1 1452 
2 6 4 5 1 1452 
2 6 5 1 1 1350 
2 6 5 2 1 1414 
2 6 5 3 1 1434 
2 6 5 4 1 1452 
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First 
experiment 

First experiment: 
number of 
repetitions 

Second 
experiment 

Second 
experiment: 
number of 
repetitions 

Worst case 
logical sensor 

number 

Number 
of signed 

cells 

2 7 1 1 5 1695 
2 7 1 2 5 1695 
2 7 1 3 5 1696 
2 7 1 4 1 1712 
2 7 1 5 1 1712 
2 7 2 1 1 1666 
2 7 2 2 1 1680 
2 7 2 3 1 1686 
2 7 2 4 1 1712 
2 7 2 5 1 1712 
2 7 3 1 1 1666 
2 7 3 2 1 1680 
2 7 3 3 1 1686 
2 7 3 4 1 1712 
2 7 3 5 1 1712 
2 7 4 1 1 1666 
2 7 4 2 1 1680 
2 7 4 3 1 1686 
2 7 4 4 1 1712 
2 7 4 5 1 1712 
2 7 5 1 1 1666 
2 7 5 2 1 1680 
2 7 5 3 1 1686 
2 7 5 4 1 1712 
2 7 5 5 1 1712 
3 4 1 1 5 418 
3 4 1 2 5 445 
3 4 1 3 5 458 
3 4 1 4 5 477 
3 4 1 5 5 487 
3 4 2 1 5 351 
3 4 2 2 5 378 
3 4 2 3 5 391 
3 4 2 4 5 410 
3 4 2 5 5 420 
3 4 3 1 5 558 
3 4 3 2 5 345 
3 4 3 3 5 358 
3 4 3 4 5 377 
3 4 3 5 5 387 
3 4 4 1 5 532 
3 4 4 2 5 330 
3 4 4 3 5 343 
3 4 4 4 5 362 
3 4 4 5 5 372 
3 4 5 1 5 385 
3 4 5 2 5 398 
3 4 5 3 5 428 
3 4 5 4 5 480 



366 Appendix XXVIII OLSAS framework - number of signed cells for all experiments and repetitions 

 

First 
experiment 

First experiment: 
number of 
repetitions 

Second 
experiment 

Second 
experiment: 
number of 
repetitions 

Worst case 
logical sensor 

number 

Number 
of signed 

cells 

3 5 1 1 5 526 
3 5 1 2 4 527 
3 5 1 3 4 553 
3 5 1 4 4 555 
3 5 1 5 4 606 
3 5 2 1 5 459 
3 5 2 2 4 517 
3 5 2 3 4 543 
3 5 2 4 4 545 
3 5 2 5 4 596 
3 5 3 1 4 427 
3 5 3 2 4 512 
3 5 3 3 4 538 
3 5 3 4 4 540 
3 5 3 5 4 591 
3 5 4 1 4 420 
3 5 4 2 4 505 
3 5 4 3 4 531 
3 5 4 4 4 533 
3 5 4 5 4 584 
3 5 5 1 4 417 
3 5 5 2 4 502 
3 5 5 3 4 528 
3 5 5 4 4 530 
3 5 5 5 4 581 
3 6 1 1 1 1350 
3 6 1 2 1 1414 
3 6 1 3 1 1434 
3 6 1 4 1 1452 
3 6 1 5 1 1452 
3 6 2 1 1 1350 
3 6 2 2 1 1414 
3 6 2 3 1 1434 
3 6 2 4 1 1452 
3 6 2 5 1 1452 
3 6 3 1 1 1350 
3 6 3 2 1 1414 
3 6 3 3 1 1434 
3 6 3 4 1 1452 
3 6 3 5 1 1452 
3 6 4 1 1 1350 
3 6 4 2 1 1414 
3 6 4 3 1 1434 
3 6 4 4 1 1452 
3 6 4 5 1 1452 
3 6 5 1 1 1350 
3 6 5 2 1 1414 
3 6 5 3 1 1434 
3 6 5 4 1 1452 



 367 

 

First 
experiment 

First experiment: 
number of 
repetitions 

Second 
experiment 

Second 
experiment: 
number of 
repetitions 

Worst case 
logical sensor 

number 

Number 
of signed 

cells 

3 7 1 1 1 1666 
3 7 1 2 1 1680 
3 7 1 3 1 1686 
3 7 1 4 1 1712 
3 7 1 5 1 1712 
3 7 2 1 1 1666 
3 7 2 2 1 1680 
3 7 2 3 1 1686 
3 7 2 4 1 1712 
3 7 2 5 1 1712 
3 7 3 1 1 1666 
3 7 3 2 1 1680 
3 7 3 3 1 1686 
3 7 3 4 1 1712 
3 7 3 5 1 1712 
3 7 4 1 1 1666 
3 7 4 2 1 1680 
3 7 4 3 1 1686 
3 7 4 4 1 1712 
3 7 4 5 1 1712 
3 7 5 1 1 1666 
3 7 5 2 1 1680 
3 7 5 3 1 1686 
3 7 5 4 1 1712 
3 7 5 5 1 1712 
4 5 1 1 4 366 
4 5 1 2 4 451 
4 5 1 3 4 477 
4 5 1 4 4 479 
4 5 1 5 4 530 
4 5 2 1 4 354 
4 5 2 2 4 439 
4 5 2 3 4 465 
4 5 2 4 4 467 
4 5 2 5 4 518 
4 5 3 1 4 349 
4 5 3 2 4 434 
4 5 3 3 4 460 
4 5 3 4 4 462 
4 5 3 5 4 513 
4 5 4 1 4 343 
4 5 4 2 4 428 
4 5 4 3 4 454 
4 5 4 4 4 456 
4 5 4 5 4 507 
4 5 5 1 4 339 
4 5 5 2 4 424 
4 5 5 3 4 450 
4 5 5 4 4 452 
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First 
experiment 

First experiment: 
number of 
repetitions 

Second 
experiment 

Second 
experiment: 
number of 
repetitions 

Worst case 
logical sensor 

number 

Number 
of signed 

cells 

4 6 1 1 1 1350 
4 6 1 2 1 1414 
4 6 1 3 1 1434 
4 6 1 4 1 1452 
4 6 1 5 1 1452 
4 6 2 1 1 1350 
4 6 2 2 1 1414 
4 6 2 3 1 1434 
4 6 2 4 1 1452 
4 6 2 5 1 1452 
4 6 3 1 1 1350 
4 6 3 2 1 1414 
4 6 3 3 1 1434 
4 6 3 4 1 1452 
4 6 3 5 1 1452 
4 6 4 1 1 1350 
4 6 4 2 1 1414 
4 6 4 3 1 1434 
4 6 4 4 1 1452 
4 6 4 5 1 1452 
4 6 5 1 1 1350 
4 6 5 2 1 1414 
4 6 5 3 1 1434 
4 6 5 4 1 1452 
4 6 5 5 1 1452 
4 7 1 1 1 1666 
4 7 1 2 1 1680 
4 7 1 3 1 1686 
4 7 1 4 1 1712 
4 7 1 5 1 1712 
4 7 2 1 1 1666 
4 7 2 2 1 1680 
4 7 2 3 1 1686 
4 7 2 4 1 1712 
4 7 2 5 1 1712 
4 7 3 1 1 1666 
4 7 3 2 1 1680 
4 7 3 3 1 1686 
4 7 3 4 1 1712 
4 7 3 5 1 1712 
4 7 4 1 1 1666 
4 7 4 2 1 1680 
4 7 4 3 1 1686 
4 7 4 4 1 1712 
4 7 4 5 1 1712 
4 7 5 1 1 1666 
4 7 5 2 1 1680 
4 7 5 3 1 1686 
4 7 5 4 1 1712 
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First 
experiment 

First experiment: 
number of 
repetitions 

Second 
experiment 

Second 
experiment: 
number of 
repetitions 

Worst case 
logical sensor 

number 

Number 
of signed 

cells 

5 6 1 1 1 1350 
5 6 1 2 1 1414 
5 6 1 3 1 1434 
5 6 1 4 1 1452 
5 6 1 5 1 1452 
5 6 2 1 1 1350 
5 6 2 2 1 1414 
5 6 2 3 1 1434 
5 6 2 4 1 1452 
5 6 2 5 1 1452 
5 6 3 1 1 1350 
5 6 3 2 1 1414 
5 6 3 3 1 1434 
5 6 3 4 1 1452 
5 6 3 5 1 1452 
5 6 4 1 1 1350 
5 6 4 2 1 1414 
5 6 4 3 1 1434 
5 6 4 4 1 1452 
5 6 4 5 1 1452 
5 6 5 1 1 1350 
5 6 5 2 1 1414 
5 6 5 3 1 1434 
5 6 5 4 1 1452 
5 6 5 5 1 1452 
5 7 1 1 1 1666 
5 7 1 2 1 1680 
5 7 1 3 1 1686 
5 7 1 4 1 1712 
5 7 1 5 1 1712 
5 7 2 1 1 1666 
5 7 2 2 1 1680 
5 7 2 3 1 1686 
5 7 2 4 1 1712 
5 7 2 5 1 1712 
5 7 3 1 1 1666 
5 7 3 2 1 1680 
5 7 3 3 1 1686 
5 7 3 4 1 1712 
5 7 3 5 1 1712 
5 7 4 1 1 1666 
5 7 4 2 1 1680 
5 7 4 3 1 1686 
5 7 4 4 1 1712 
5 7 4 5 1 1712 
5 7 5 1 1 1666 
5 7 5 2 1 1680 
5 7 5 3 1 1686 
5 7 5 4 1 1712 
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First 
experiment 

First experiment: 
number of 
repetitions 

Second 
experiment 

Second 
experiment: 
number of 
repetitions 

Worst case 
logical sensor 

number 

Number 
of signed 

cells 

6 7 1 1 1 545 
6 7 1 2 1 330 
6 7 1 3 1 336 
6 7 1 4 1 362 
6 7 1 5 1 362 
6 7 2 1 1 387 
6 7 2 2 1 415 
6 7 2 3 1 441 
6 7 2 4 1 506 
6 7 2 5 1 519 
6 7 3 1 1 398 
6 7 3 2 1 361 
6 7 3 3 1 376 
6 7 3 4 1 454 
6 7 3 5 1 467 
6 7 4 1 1 350 
6 7 4 2 1 376 
6 7 4 3 1 389 
6 7 4 4 1 387 
6 7 4 5 1 376 
6 7 5 1 1 375 
6 7 5 2 1 387 
6 7 5 3 1 365 
6 7 5 4 1 389 
6 7 5 5 1 402 
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Appendix XXIX OLSAS framework - multiple comparison test 

 
(Based on table A.17 [Hollander and Wolfe, 1973], for R=5 repetitions and k=5 algorithms 
and α equals to 0.04.) 
 
The total difference required between two algorithms should be at least 14. 
 

Multiple comparison results for OLSAS – Experiment 1 
(Note: for OE and EO a smaller value is preferable) 

OO for experiment 1  EE for experiment 1 
Algo. Sum of 

ranks 
Sub 

groups 
 Algo. Sum of 

ranks 
Sub 

groups 
OLSAS 25 A    OLSAS 23 A   

OR 20 A B   MOST 19 A B  
MOST 15 A B C  AFL 18 A B  
AFL 10  B C  AND 10 A B  
AND 5   C  OR 5  B  

 
OE for experiment 1  EO for experiment 1 

Algo. Sum of 
ranks 

Sub 
groups 

 Algo. Sum of 
ranks 

Sub 
groups 

OR 25 A    AND 25 A   
OLSAS 20 A B   MOST 19 A B  
MOST 15 A B C  AFL 16 A B  
AND 10  B C  OLSAS 9  B  
AFL 5   C  OR 6  B  

 
Multiple comparison results for OLSAS – Experiment 2 

(Note: for OE and EO a smaller value is preferable) 
OO for experiment 2  EE for experiment 2 

Algo. Sum of 
ranks 

Sub 
groups 

 Algo. Sum of 
ranks 

Sub 
groups 

OLSAS 25 A    MOST 22 A   
OR 20 A B   OLSAS 21 A B  

MOST 13 A B   AFL 17 A B  
AFL 12 A B   AND 10 A B  
AND 5     OR 5  B  

 
OE for experiment 2  EO for experiment 2 

Algo. Sum of 
ranks 

Sub 
groups 

 Algo. Sum of 
ranks 

Sub 
groups 

OR 25 A    AND 25 A   
OLSAS 20 A B   MOST 20 A B  
MOST 15 A B C  AFL 15 A B C 
AND 10  B C  OLSAS 8  B C 
AFL 5   C  OR 7   C 
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Multiple comparison results for OLSAS – Experiment 3 

(Note: for OE and EO a smaller value is preferable) 
OO for experiment 3  EE for experiment 3 

Algo. Sum of 
ranks 

Sub 
groups 

 Algo. Sum of 
ranks 

Sub 
groups 

OLSAS 25 A    OLSAS 25 A   
OR 20 A B   MOST 20 A B  

MOST 15 A B C  AFL 15 A B C 
AFL 10  B C  AND 10  B C 
AND 5   C  OR 5   C 

 
OE for experiment 3  EO for experiment 3 

Algo. Sum of 
ranks 

Sub 
groups 

 Algo. Sum of 
ranks 

Sub 
groups 

OR 25 A    AND 25 A   
OLSAS 20 A B   MOST 20 A B  
MOST 15 A B C  AFL 15 A B C 
AND 10  B C  OLSAS 10  B C 
AFL 5   C  OR 5   C 

 
Multiple comparison results for OLSAS – Experiment 4 

(Note: for OE and EO a smaller value is preferable) 
OO for experiment 4  EE for experiment 4 

Algo. Sum of 
ranks 

Sub 
groups 

 Algo. Sum of 
ranks 

Sub 
groups 

OLSAS 23 A    OLSAS 25 A   
OR 22 A    AFL 20 A B  

AFL 15 A B   MOST 15 A B C 
MOST 10 A B   AND 10  B C 
AND 5  B   OR 5   C 

 
OE for experiment 4  EO for experiment 4 

Algo. Sum of 
ranks 

Sub 
groups 

 Algo. Sum of 
ranks 

Sub 
groups 

OR 25 A    AND 25 A   
OLSAS 20 A B   MOST 20 A B  
MOST 15 A B C  AFL 15 A B C 
AND 10  B C  OLSAS 10  B C 
AFL 5   C  OR 5   C 
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Multiple comparison results for OLSAS – Experiment 5 

(Note: for OE and EO a smaller value is preferable) 
OO for experiment 5  EE for experiment 5 

Algo. Sum of 
ranks 

Sub 
groups 

 Algo. Sum of 
ranks 

Sub 
groups 

OLSAS 25 A    OLSAS 25 A   
OR 20 A B   MOST 20 A B  

MOST 15 A B C  AFL 15 A B C 
AFL 10  B C  AND 10  B C 
AND 5   C  OR 5   C 

 
OE for experiment 5  EO for experiment 5 

Algo. Sum of 
ranks 

Sub 
groups 

 Algo. Sum of 
ranks 

Sub 
groups 

OR 25 A    AND 25 A   
OLSAS 20 A B   MOST 20 A B  
MOST 15 A B C  AFL 15 A B C 
AND 10  B C  OLSAS 10  B C 
AFL 5   C  OR 5   C 

 
Multiple comparison results for OLSAS – Experiment 6 

(Note: for OE and EO a smaller value is preferable) 
OO for experiment 6  EE for experiment 6 

Algo. Sum of 
ranks 

Sub 
groups 

 Algo. Sum of 
ranks 

Sub 
groups 

OLSAS 25 A    MOST 25 A   
OR 20 A B   AND 20 A B  

MOST 15 A B   AFL 15 A B C 
AFL 9  B   OLSAS 10  B C 
AND 6  B   OR 5   C 

 
OE for experiment 6  EO for experiment 6 

Algo. Sum of 
ranks 

Sub 
groups 

 Algo. Sum of 
ranks 

Sub 
groups 

OR 25 A    AND 25 A   
OLSAS 20 A B   MOST 20 A B  
MOST 15 A B C  AFL 15 A B C 
AFL 10  B C  OLSAS 10  B C 
AND 5   C  OR 5   C 
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Multiple comparison results for OLSAS – Experiment 7 

(Note: for OE and EO a smaller value is preferable) 
OO for experiment 7  EE for experiment 7 

Algo. Sum of 
ranks 

Sub 
groups 

 Algo. Sum of 
ranks 

Sub 
groups 

OLSAS 25 A    MOST 25 A   
OR 20 A B   AFL 20 A   

MOST 15 A B C  AND 14 A B  
AFL 10  B C  OLSAS 11 A B  
AND 5   C  OR 5  B  

 
OE for experiment 7  EO for experiment 7 

Algo. Sum of 
ranks 

Sub 
groups 

 Algo. Sum of 
ranks 

Sub 
groups 

OR 25 A    AND 25 A   
OLSAS 20 A B   MOST 20 A B  
MOST 15 A B C  AFL 15 A B C 
AND 10  B C  OLSAS 10  B C 
AFL 5   C  OR 5   C 
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Appendix XXX OLSAS framework - sign tests results (OLSAS vs. AFL) 

 
Sign test data for AFL vs. OLSAS algorithms – Experiment 1 

Exp Data Algorithm OO EE OE EO OO EE OE EO 
1 1 AFL 0.019 0.950 0.000043 0.741     
1 1 OLSAS 0.247 0.965 0.000281 0.233 OLSAS OLSAS AFL OLSAS 
1 2 AFL 0.029 0.952 0.000073 0.688     
1 2 OLSAS 0.286 0.966 0.000301 0.183 OLSAS OLSAS AFL OLSAS 
1 3 AFL 0.037 0.953 0.000080 0.649     
1 3 OLSAS 0.352 0.968 0.000252 0.132 OLSAS OLSAS AFL OLSAS 
1 4 AFL 0.043 0.954 0.000079 0.626     
1 4 OLSAS 0.410 0.970 0.000208 0.091 OLSAS OLSAS AFL OLSAS 
1 5 AFL 0.030 0.952 0.000042 0.685     
1 5 OLSAS 0.437 0.970 0.000171 0.064 OLSAS OLSAS AFL OLSAS 
       OLSAS OLSAS AFL OLSAS

 
Sign test data for AFL vs. OLSAS algorithms – Experiment 2 

Exp Data Algorithm OO EE OE EO OO EE OE EO 
2 1 AFL 0.043 0.953 0.000089 0.629     
2 1 OLSAS 0.477 0.971 0.000113 0.037 OLSAS OLSAS AFL OLSAS 
2 2 AFL 0.058 0.955 0.000094 0.575     
2 2 OLSAS 0.548 0.970 0.000050 0.012 OLSAS OLSAS OLSAS OLSAS 
2 3 AFL 0.076 0.957 0.000133 0.523     
2 3 OLSAS 0.516 0.960 0.000238 0.045 OLSAS OLSAS AFL OLSAS 
2 4 AFL 0.090 0.958 0.000145 0.486     
2 4 OLSAS 0.513 0.957 0.000306 0.054 OLSAS AFL AFL OLSAS 
2 5 AFL 0.099 0.959 0.000142 0.466     
2 5 OLSAS 0.503 0.956 0.000347 0.059 OLSAS AFL AFL OLSAS 
       OLSAS OLSAS AFL OLSAS 
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Sign test data for AFL vs. OLSAS algorithms – Experiment 3 

Exp Data Algorithm OO EE OE EO OO EE OE EO 
3 1 AFL 0.026 0.950 0.000203 0.696     
3 1 OLSAS 0.180 0.960 0.000390 0.294 OLSAS OLSAS AFL OLSAS 
3 2 AFL 0.062 0.954 0.000240 0.553     
3 2 OLSAS 0.216 0.960 0.000413 0.220 OLSAS OLSAS AFL OLSAS 
3 3 AFL 0.074 0.955 0.000256 0.518     
3 3 OLSAS 0.259 0.962 0.000363 0.171 OLSAS OLSAS AFL OLSAS 
3 4 AFL 0.074 0.955 0.000256 0.518     
3 4 OLSAS 0.263 0.962 0.000358 0.171 OLSAS OLSAS AFL OLSAS 
3 5 AFL 0.085 0.956 0.000271 0.488     
3 5 OLSAS 0.260 0.962 0.000360 0.176 OLSAS OLSAS AFL OLSAS 
       OLSAS OLSAS AFL OLSAS

 
Sign test data for AFL vs. OLSAS algorithms – Experiment 4 

Exp Data Algorithm OO EE OE EO OO EE OE EO 
4 1 AFL 0.006 0.947 0.000069 0.845     
4 1 OLSAS 0.096 0.954 0.000494 0.422 OLSAS OLSAS AFL OLSAS 
4 2 AFL 0.009 0.948 0.000079 0.815     
4 2 OLSAS 0.109 0.955 0.000477 0.398 OLSAS OLSAS AFL OLSAS 
4 3 AFL 0.023 0.950 0.000116 0.719     
4 3 OLSAS 0.156 0.957 0.000475 0.302 OLSAS OLSAS AFL OLSAS 
4 4 AFL 0.033 0.951 0.000150 0.664     
4 4 OLSAS 0.262 0.962 0.000357 0.177 OLSAS OLSAS AFL OLSAS 
4 5 AFL 0.036 0.952 0.000149 0.652     
4 5 OLSAS 0.272 0.963 0.000343 0.173 OLSAS OLSAS AFL OLSAS 
       OLSAS OLSAS AFL OLSAS

 
Sign test data for AFL vs. OLSAS algorithms – Experiment 5 

Exp Data Algorithm OO EE OE EO OO EE OE EO 
5 1 AFL 0.003 0.946 0.000082 0.883     
5 1 OLSAS 0.296 0.966 0.000299 0.172 OLSAS OLSAS AFL OLSAS 
5 2 AFL 0.004 0.946 0.000081 0.869     
5 2 OLSAS 0.315 0.966 0.000288 0.154 OLSAS OLSAS AFL OLSAS 
5 3 AFL 0.006 0.946 0.000092 0.852     
5 3 OLSAS 0.380 0.969 0.000233 0.106 OLSAS OLSAS AFL OLSAS 
5 4 AFL 0.006 0.946 0.000103 0.848     
5 4 OLSAS 0.371 0.968 0.000241 0.103 OLSAS OLSAS AFL OLSAS 
5 5 AFL 0.007 0.947 0.000102 0.835     
5 5 OLSAS 0.427 0.969 0.000163 0.057 OLSAS OLSAS AFL OLSAS 
       OLSAS OLSAS AFL OLSAS
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Sign test data for AFL vs. OLSAS algorithms – Experiment 6 

Exp Data Algorithm OO EE OE EO OO EE OE EO 
6 1 AFL 0.000 0.943 0.000266 0.916     
6 1 OLSAS 0.383 0.862 0.005070 0.105 OLSAS AFL AFL OLSAS 
6 2 AFL 0.001 0.943 0.000383 0.858     
6 2 OLSAS 0.402 0.857 0.005460 0.071 OLSAS AFL AFL OLSAS 
6 3 AFL 0.001 0.943 0.000411 0.847     
6 3 OLSAS 0.379 0.838 0.007147 0.063 OLSAS AFL AFL OLSAS 
6 4 AFL 0.001 0.943 0.000464 0.825     
6 4 OLSAS 0.376 0.834 0.007527 0.060 OLSAS AFL AFL OLSAS 
6 5 AFL 0.001 0.943 0.000464 0.825     
6 5 OLSAS 0.367 0.827 0.008153 0.061 OLSAS AFL AFL OLSAS 
       OLSAS AFL AFL OLSAS

 
Sign test data for AFL vs. OLSAS algorithms – Experiment 7 

Exp Data Algorithm OO EE OE EO OO EE OE EO 
7 1 AFL 0.023 0.950 0.000116 0.719     
7 1 OLSAS 0.467 0.943 0.000668 0.087 OLSAS AFL AFL OLSAS 
7 2 AFL 0.044 0.952 0.000191 0.619     
7 2 OLSAS 0.469 0.940 0.000788 0.091 OLSAS AFL AFL OLSAS 
7 3 AFL 0.052 0.953 0.000230 0.587     
7 3 OLSAS 0.435 0.934 0.000964 0.107 OLSAS AFL AFL OLSAS 
7 4 AFL 0.054 0.953 0.000229 0.581     
7 4 OLSAS 0.437 0.931 0.001091 0.110 OLSAS AFL AFL OLSAS 
7 5 AFL 0.054 0.953 0.000229 0.581     
7 5 OLSAS 0.438 0.934 0.000960 0.106 OLSAS AFL AFL OLSAS 
       OLSAS AFL AFL OLSAS
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Time series - Experiment 1, Repetition 1 

 

                                                           
71 Commentary: LS – Logical sensor; Alg – Algorithm. 



 379 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 16 17 18 19 20 21 22 23150 Cycle

US1

US2

CAM1

CAM2

CAM3

Change (LS)

Algorithm

Change (Alg)

On

Off

On

Off

On

Off

On

Off

On

Off

Yes

No

Yes

No

MOST

AFL

Light
On

Off
A

I

B

I

II
D

C

II

Number of LS
5
4
3
2

 
Time series - Experiment 2, Repetition 1 

 
1 2 3 4 5 6 7 8 9 10 11 12 13 14 16 17 18 19 20 21 22 23150 Cycle

US1

US2

CAM1

CAM2

CAM3

Change (LS)

Algorithm

Change (Alg)

On

Off

On

Off

On

Off

On

Off

On

Off

Yes

No

Yes

No

MOST

AFL

Light
On

Off
A

B

I

II
D

I
C

II

Number of LS
5
4
3
2

 
Time series - Experiment 3, Repetition 1 

 



380 Appendix XXXI OLSAS framework - time series analysis 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 16 17 18 19 20 21 22 23150 Cycle

US1

US2

CAM1

CAM2

CAM3

Change (LS)

Algorithm

Change (Alg)

On

Off

On

Off

On

Off

On

Off

On

Off

Yes

No

Yes

No

MOST

AFL

Light
On

Off
A

I

B

I

II
D

II
C

Number of LS
5
4
3
2

 
Time series - Experiment 4, Repetition 1 

 
1 2 3 4 5 6 7 8 9 10 11 12 13 14 16 17 18 19 20 21 22 23150 Cycle

US1

US2

CAM1

CAM2

CAM3

Change (LS)

Algorithm

Change (Alg)

On

Off

On

Off

On

Off

On

Off

On

Off

Yes

No

Yes

No

MOST

AFL

Light
On

Off
A

I

B

I

II
D

II

C
Number of LS

5
4
3
2

 
Time series - Experiment 5, Repetition 1 

 



 381 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 16 17 18 19 20 21 22 23150 Cycle

US1

US2

CAM1

CAM2

CAM3

Change (LS)

Algorithm

Change (Alg)

On

Off

On

Off

On

Off

On

Off

On

Off

Yes

No

Yes

No

MOST

AFL

Light
On

Off
A

B

I

II
D

I
C

II

Number of LS
5
4
3
2

 
Time series - Experiment 6, Repetition 1 

 
1 2 3 4 5 6 7 8 9 10 11 12 13 14 16 17 18 19 20 21 22 23150 Cycle

US1

US2

CAM1

CAM2

CAM3

Change (LS)

Algorithm

Change (Alg)

On

Off

On

Off

On

Off

On

Off

On

Off

Yes

No

Yes

No

MOST

AFL

Light
On

Off
A

B

I

II
D

I
C

II

Number of LS
5
4
3
2

 
Time series - Experiment 7, Repetition 1 

 



 

 

 

 תקציר
 
 

צריך להיות מצוייד בחיישנים מסוגים שונים , הנדרש לאסוף מידע על הסביבה בה הוא פועל, רכב אוטונומי
 של כל חיישן ועקב אופיין הסביבה הלא ת בכדי להתגבר על המגבלות הייחודיומגוון סוגי החיישנים הכרחי. ומגוונים

וקצב , דיוק, הבעיה המרכזית נוצרת לאור העובדה כי למידע המגיע מהחיישנים אופיינים שונים של רזולוציה. ידוע
יק את פעולתו  החיישן יפס- עקב תקלה –לכל חיישן יש מגבלות רעש מהסביבה ובתנאים מסוימים , בנוסף. סריקה

וצריך להתמודד עם זמני , ידי החיישן יש לעבד-את המידע הגולמי אשר נאסף על. או שיעביר מידע לא מדויק
 ).כמותי, כגון מבוסס חוקים(העיבוד וסוגים שונים  של עיבוד מידע 

 
תרונות לכל אלגוריתם י. במהלך השנים פותחו מספר רב של אלגוריתמים למיפוי סביבתו של הרובוט הנייד

הערכת ביצועיהם של אלגוריתמים לאיחוד מידע מבוססת על אחת . ובשל כך מאוד קשה להשוות ביניהם, וחסרונות
בגישה הראשונה ישנה בעיה במיפוי סביבה דינמית משום . או ניתוח תיאורטי" עולם האמיתי"ניסוי ב: משתי הגישות

ניה קיימת בעיה אחרת והיא הדרישה להגדרות בגישה הש. שאין אפשרות לחזור על הניסויים בתנאים זהים
הקשה ליישום משום חוסר היכולת לתאר באופן מדויק ומלא את ביצועי החיישנים , מפורשות של תכונות החיישנים

חשוב למצוא שיטה שתאפשר לחוקר , לאור הקשיים אשר נמצאו בשתי הגישות לעיל. בסביבה שאינה מוגדרת
מהשפעות העולם האמיתי וכל זאת מבלי לספק תיאור מדויק של ' לאיחוד מידעהערכת האלגוריתמים 'לבודד את 

 .החיישנים או הסביבה
 המידע ןחוסר תלות באופיי, יכולת כימות תוך מניעת אפשרות להטיית תוצאות: התכונות הנדרשות משיטה זו

 . יגותיכולת מתן מדד כמותי על ביצועי האלגוריתם ויכולת התמודדות עם תוצאות חר, שנאסף
 

שתי השיטות מאפשרות ניתוח . בעבודה זו פותחו שתי שיטות להשוואה והערכת ביצועי אלגוריתמים לאיחוד מידע
השיטה הראשונה מאפשרת להעריך את ביצועי . אלגוריתמים ללא מידע מוקדם על החיישנים או הסביבה

 על ניתוח סטטיסטי של מערך ניסויים השיטה השניה מבוססת. מטריצת מעברהאלגוריתם בסימולציה על ידי ניתוח 
שיטות אלו מספקות נקודות מבט . מוגדר ויתרונה המרכזי הוא בחוסר התלות שלה באופייני הסביבה המסוימים

 .נוספות לביצועי המערכת ותורמות ליכולת הניתוח האנליטי של אלגוריתמים לאיחוד מידע
 

ללא , רובם המכריע מאחד את המידע מכל החיישנים,  מידעלמרות שקיימים פיתוחים רבים של אלגוריתמים לאיחוד
 .זיהוי וסינון של חיישנים כושלים

היכולת לברור . רובם מאחדים את המידע מכל החיישנים, למרות שמספר רב של אלגוריתמים לאיחוד מידע פותחו
בכדי לאפשר . א ידועהאת המידע בין החיישנים השונים הנה צעד חשוב לתכנון רובוט שיפעל בסביבה מורכבת ול

זאת יש חשיבות רבה לכימות איכות המידע אותו מספקים החיישנים ובכך לזהות חיישנים כושלים ולסנן את המידע 
 .אותו הם מספקים

 
בכדי לאפשר פעילות . בדרישה נוספת ממערכות אוטונומיות הנה שימוש יעיל ואמין במשאבים העומדים לרשותן

דבר הדורש פיתוח , נדרשת המערכת לפעול במגוון רחב של אפשרויות פעולה, בסביבה לא ידועה ודינמית
זכרון , CPU(אמת יש חשיבות רבה לניצול יעיל של משאבי המערכת -בהפעלת מערכת בזמן. אלגוריתמים מורכבים
 .ניצול יעיל יכול להיות מושג על ידי שימוש באלגוריתמים מורכבים רק על פי הצורך). מערכת והעברת מידע
) צל ומרקם המשטחים, תנאי תאורה(אמת בין האלגוריתמים השונים בתלות בתנאי הסביבה -היכולת לבחור בזמן

 .משפרת הן את יעילות המערכת והן את אמינותה, )חוסר דיוק, כשלים(ובתלות בביצועי החיישנים 
 

חיישנים והאלגוריתמים אמת של ה-המאפשרת בחירה בזמן, במחקר זה פותחה תפיסה לאיחוד מידע בין חיישנים
השימוש בחיישנים אמינים משפר את ביצועי המערכת ומאפשר ככלל שימוש באלגוריתמים פשוטים . לאיחוד מידע
 .יחד עם זאת במקרים מורכבים המערכת בוחרת להשתמש באלגוריתמים המורכבים, לאיחוד המידע

 
 



 

 שיטה
 הנחות יסוד לפיתוח

 . מדדי ביצוע ומפת רשת, חיישנים לוגיים: ת על בסיסה פותחה המערכתשלוש תפיסות מרכזיות היוו את התשתי
ולכן מאפשרת לבודד את כימות ביצועי ,  הנה גישה המאפשרת להפריד בין חומרה לתוכנה– חיישנים לוגיים

מביאה לכך , היכולת להוסיף ולשדרג חיישנים מבלי לשנות את המבנה הכולל של המערכת. אלגוריתמים מהסביבה
 . ן בקלות לאחד בשיטה זו מידע ממספר חיישניםשנית

פנוי :  שיטת מיפוי זו מחלקת את הסביבה לתאים בדידים כאשר כל תא מכיל ערך המייצג את מצבו– מפת רשת
 .חוסנה והתאמתה לסביבה דינמית, שיטה זו נבחרה משום פשטותה). '1'ערך (או תפוס ) '0'ערך (

. המפה המקורית והמפה שנוצרה במהלך האיחוד, ההבדלים בין שתי מפות מדדים אלו מכמתים את – מדדי הביצוע
 .'תפוס'-'פנוי' ו'פנוי'-'תפוס, ''פנוי'-'ויפנ, ''תפוס'-'תפוס': מדדי הביצוע מוגדרים כסכימת התאים לפי ארבעה מצבים

 
 אלגוריתמים לאיחוד ידע

, OR(ראשון מכיל אלגוריתמים לוגיים הסוג ה. במסגרת עבודה זו נבחנו שני סוגי אלגוריתמים לאיחוד מידע
MOST ו AND .( מתחשב בביצועי החיישנים במהלך איחוד המידע– אלגוריתמים אדפטיביים –הסוג השני  .

יכולתם לדרג את החיישנים בהתאם לביצועיהם ללא , למרות רמת הסיבוכיות הגבוהה של האלגוריתמים האדפטיבים
 מהספרות ת שני אלגוריתמים אדפטיבים פותחו בהתבסס על תיאוריו.הנחות יסוד מספקת יתרון חשוב למערכת

 ).לוגיקה עמומה ודמפסטר שייפר(
 

 שיטת ניתוח
 Pioneer 2-ATהמערכת כוללת רובוט מסוג . ניתוח ובחינת השיטות השונות בוצעו בניסויים עם רובוט נייד

ר סרקו את האזור הנמצא בקדמת אש, )SONY CCD( בחזית ומצלמה םסוניי-המצויד בשישה חיישנים אולטרא
שלושה חיישנים לוגיים יוצרו בהתבסס על המצלמה ושני חיישנים לוגיים יוצרו בהתבסס על ששת . הרובוט

בו נסע ישר , הרובוט מיפה את השטח שלפניו בניסויים אשר נערכו בסביבה מוגדרת. החיישנים האולטרא סונים
 .בלבד במהירות קבועה

 
 מים לאיחוד מידע מבוססת מטריצת מעברשיטה להערכת אלגורית

הערכת ביצועי אלגוריתמים לאיחוד מידע מבוצעת על ידי ניתוח מטריצת מעבר שבה כל תא מגדיר עבור כל ערך 
בכדי להעריך את ביצועי האלגוריתמים עבור תנאי חיישנים ותנאי סביבה . כניסה את ההסתברות לערך יציאה מסוים

 .רעש הוסף למערכת באופן אקראי. גיים על יד מספר רב של רעשיםשונים סומלצו החיישנים הלו
 

 .מטריצת המעבר מבטאת את היחס שבין הרעש של החיישנים והמדד המאוחד
 

רמת הסיבוכיות ,  חיישנים לוגיים יש לבחון את כל האפשרויות של רעשים ומדדי ביצועNכאשר מאחדים 
)(היא NNCΘ .רק ביצועיו של חיישן לוגי אחד מנותחים, לשם פשטות, סופי-רויות הוא איןמשום שמספר האפש .

משום . נבדק טווח קבוע של מדדי ביצוע, בכדי לבחון מספר רב של מצבים. כל יתר מדדי הביצוע נחשבים כקבועים
 רק על מבוצע ניתוח המטריצה, שסדר האיחוד במידע של החיישנים אינו משפיע על התוצאה הסופית של האיחוד

 . החיישן המשתנה
 

נגזר הליך המאפשר לנתח את ביצועי , בהתבסס על הגדרות אלו ועל חוקים שהוגדרו במסגרת עבודה זו
 .האלגוריתמים

 
 שיטה להערכת אלגוריתמים לאיחוד מידע מבוססת ניתוח סטטיסטי

לקבלת תוצאות . הסטטיסטיבמהלך העבודה פותחה שיטת ניתוח והערכה אשר מגדירה את תכנון הניסוי ואת ההליך 
 Rכל ניסוי מבוצע . אמינות חייב ההליך לכלול מספר ניסויים השונים אחד מהשני בתנאי הסביבה ומצב החיישנים

סטית תקן (מספר הניסויים והחזרות נגזרים ממדדים סטטיסטים . באותם תנאים)  מוגדר כמספר החזרות– R(פעמים 
של ' הטיות'י להבטיח שהניסויים אכן מבוצעים בתנאים שונים ובכך למנוע ההליך הינו מוגדר בכד). ורמת מובהקות

 .התוצאות ותלות בתנאי הסביבה המסוימים
 

 בשלב הראשון . הניתוח הסטטיסטי כולל שלושה שלבים העוזרים לכמת את ביצועי האלגוריתמים
)Friedman test (באם ישנה שונות מחלקים . ניםבוחנים האם ישנה שונות סטטיסטית בביצועי האלגוריתמים השו



 

 בשלב השני את האלגוריתמים השונים לקבוצות הומוגניות בעזרת מבחן השוואות המרובות
)multiple comparisons procedure .( בשלב השלישי משווים את ביצועי שני האלגוריתמים הטובים ביותר

 .וממנו בוחרים את הטוב ביותר, )Sign test(בעזרת מבחן הסימן 
 
 )LSASO(אמת -ערכת לבחירת חיישנים ואלגוריתמים בזמןמ

אמת את החיישנים האמינים ביותר ואת האלגוריתמים הפשוטים ביותר -המערכת החדשה מאפשרת לבחור בזמן
שימוש באלגוריתם הפשוט "המיישמת את התפיסה של ) Rule base(המערכת הנה מבוססת חוקים . לאיחוד מידע

בשלב הראשון האלגוריתם הפשוט . מערכת החוקים כוללת שלושה שלבים" ים ביותרביותר עם החיישנים האמינ
בשלב זה חיישנים כושלים לא מחושבים באיחוד . מיושם עם החיישנים האמינים ביותר) MOSTבמקרה זה (ביותר 

) עמומהמבוסס לוגיקה (המידע וחיישנים עם מדדי ביצוע נמוכים גורמים להפעלת האלגוריתם האדפטיבי המורכב 
בשלב השני האלגוריתם האדפטיבי מבצע בדיקה שגרתית של כל החיישנים .  במערכתהחיישניםלשם בדיקת כל 

כאשר מספר החיישנים התקינים הוא שנים , בשלב השלישי והאחרון. בכדי לזהות חיישנים עם רמת ביצועים נמוכה
ידי - יותר משני חיישנים יבוצע האיחוד עלידי האלגוריתים האדפטיבי ובאם ישנם-בלבד יבוצע איחוד המידע על

 .האלגוריתים הפשוט
 

 ניתוח ותוצאות
 שיטה להערכת אלגוריתמים לאיחוד מידע מבוססת מטריצת מעבר

השונים בחוקים ) AFL( אלגוריתמים מבוססי לוגיקה עמומה 18:  אלגוריתמים לאיחוד מידע פותחו ונבחנו22
ושלושה אלגוריתמים לוגיים ) ADS(חד מבוסס תיאורית דמספטר שייפר אלגוריתים א, ובפונקציות השייכות שלהם

)OR MOST ו AND .( פותחה מערכת סימולציה בVC++להשוואת אלגוריתמים  
ביצועי האלגוריתמים מבוססי הלוגיקה העמומה היו תלויים .  היו נמוכיםADSו  OR, AND האלגוריתמיםביצועי 

 .AFL היה טוב יותר ולעיתים ה MOSTלעיתים אלגוריתם ה , יקר, בחוקים ובפונקציות השייכות שלהם
 

 שיטה להערכת אלגוריתמים לאיחוד מידע מבוססת ניתוח סטטיסטי
נבחנו במערך ניסויים הכולל תנאי סביבה ) OR, MOST, AND, AFL and ADS( אלגוריתמים לאיחוד מידע 5

 .וחיישנים שונים
טה להערכת ביצועי אלגוריתמים מבוסס מטריצת מעבר נבחן בשיטה  המיטבי שנתקבל על פי השיAFLאלגוריתם ה 

מבחן השואות , הראה כי קיימת שונות סטטיסטית בביצועי האלגוריתמים) Friedman test(מבחן פרידמן . זו
.  הנם הטובים ביותרMOST ו AFLהראה כי האלגוריתמים ) multiple comparisons procedure(המרובות 

 . הינו האלגוריתם הטוב ביותרAFLהראה כי ) Sign test(מבחן הסימן 
 

 )SOLSA(אמת -מערכת לבחירת חיישנים ואלגוריתמים בזמן
הושוו ביצועיה במערך ניסויים עם רובוט נייד לעומת ארבעה ) OLSAS(בכדי להעריך את ביצועי המערכת החדשה 

מו בכדי להציג את ביצועי המערכת מספר שיטות ניתוח יוש). ALF ו OR, AND, MOST(אלגוריתמים נוספים 
 :החדשה

 , ניתוח סטטיסטי •
 ,פי מספר הפעמים בהם בכל ניסוי השתתף כל חיישן בהליך איחוד המידע-בחירת אלגוריתם וחיישנים נבחנו על •
, השימוש באלגוריתמים השונים לאיחוד המידע ומה היתה הסיבה לשינוי בבחירת האלגוריתמים לאיחוד המידע •

 ,ות המערכת במרחב הזמן בכדי להבין ולהציג את הליך בחירת האלגוריתמים והחיישניםוניתוח התנהג
 .הצגה גרפית איכותית של התוצאות •
 

כי קיימת שונות סטטיסטית בביצועי ) Friedman test(הניתוח הסטטיסטי הראה על פי מבחן פרידמן 
הראה כי ביצועי האלגוריתם ) multiple comparisons procedure(מבחן השואות המרובות , האלגוריתמים

AFL וביצועי המערכת החדשה )OLSAS (מבחן הסימן . הנם הטובים ביותר)Sign test ( הראה כביצועי המערכת
 .הנם הטובים ביותר) OLSAS(החדשה 

 
, קרי. ניתוח בחירת החיישנים ואלגוריתמים הראה כי לא כל החיישנים השתתפו בהליך איחוד המידע כל הזמן

בהרבה מיקרים השתתפו בהליך , נים נבחרו על פי ביצועיהם ולמרות הביצועים הטובים של כל חיישן בנפרדחייש
למרות תנאי הסביבה הקשים המערכת הצליחה ברוב המקרים להשתמש , בנוסף.  חיישנים4 או 3האיחוד רק 

 . ותו ותרומתו למערכתמראה את חשיב,  לעיתיםAFLאך השימוש ב , לאיחוד המידע) MOST(באלגוריתם הפשוט 



 

וכי המערכת בחרה את , לתנאי הסביבה' נתפרו'ניתוח המערכת במרחב הזמן מראה כי האלגוריתמים השונים לא 
 . החיישנים בהתאם לביצועיהם

 
כאשר . AND ו ORהצגה הגרפית איכותית של התוצאות הדגישה את ביצועיהם החלשים של שני האלגוריתמים 

לשני .  לא זיהה מכשולים כללAND זהה את כל מהמסלול כמכשול והאלגוריתם OR בכל המקרים אלגוריתם ה
הצליחה לזהות נכון את ) OLSAS( היו ביצועים מוגבלים ואילו המערכת החדשה MOST ו AFLהאלגוריתמית 

 .המכשולים ברוב המקרים
 

 סיכום
 :תרומת המחקר העיקריות הן

השיטה מבוססת על ניתוח . יתמים ללא צורך במידע ראשוניפיתוח שיטה סימולטיבית לניתוח ביצועי אלגור •
של מטריצת מעבר הנוצרת בסימולציה ומאפשרת לנתח אלגוריתמים במגוון רחב של תנאי חיישנים וללא 

 .הצורך בניסויים
ההליך . ניתוח סטטיסטי להערכת וכימות ביצועי אלגוריתמים על ידי הגדרות ניסויים והליך סטטיסטי •

ההשוואה מבטיחה כי ביצועי האלגוריתמים אינם ,  ביצועי אלגוריתמים שונים לאיחוד מידעמאפשר השוואת
 .או במקרים הנבחנים\או בתנאי הסביבה ו\תלויים בביצועי החיישנים ו

 :פיתוח של מערכת חדשה לאיחוד מידע אשר מאפשרת •
 . החיישנים נבחרים על פי רמת האמינות שלהם-אמת -בחירת חיישנים בזמן -
כאשר , קרי,  אפשרות לבחור ולהתאים את האלגוריתים לתנאי הסביבה–אמת -ת אלגוריתמים בזמןבחיר -

תנאי הסביבה מאפשרים אז שימוש באלגוריתם פשוט לאיחוד מידע וכשיש צורך אז שימוש באלגוריתם 
 .מסובך לאיחוד מידע

 
. אה של ביצועי האלגוריתמים השוניםניתוח והשוו, מדדי הביצוע ושיטת דירוג האלגוריתמים מהווים בסיס למידול

אמת את החיישנים המיטיבים והאלגוריתם המיטבי ביותר -היכולת להשוות מספר אלגוריתמים מאפשרת לבחור בזמן
 .הדרוש לאיחוד המידע

 
חוסר הצורך :  אמת באה לידי ביטוי במספר צורות-תרומת המערכת החדשה לבחירת חיישנים ואלגוריתם בזמן

-היכולת למדוד בזמן. סינכרוני-על החיישנים ופעילות המערכת באופן א, ומידע ראשוני על הסביבהבהנחות יסוד 
המערכת שפותחה הנה צעד נוסף לפיתוח . אמת את ביצועי החיישנים מגבירה את אמינותה וחוסנה של המערכת

 .דינמיים ולא ידועים בעתיד, רובוט אוטונומי אשר יוכל לפעול באזורים קשים
 

רובוטים , מדדי ביצוע, בחירת חיישנים, בחירת אלגוריתמים, אלגוריתם אדפטיבי, איחוד מידע:  מפתחמילות
 .שיטות הערכה, ניידים

 
 



 

 

 

 

 

 

 

 

 יעל אידן' העבודה נעשתה בהדרכתה של פרופ

 

 

 

 

 המחלקה להנדסת תעשיה וניהול

 

 

 הפקולטה למדעי ההנדסה



 

 

 

 

 איחוד מידע בין חיישנים לרכב אוטונומי
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