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Abstract

An increase in olive oil content can be achievedpimizing the harvesting time of
the olives in an orchard. In order to determinerogt harvest time, prediction models
were developed to determine oil content based aalityufeatures derived from
known image processing algorithms.

Digital color photographs were taken of opposirdgsiof large samples of olives of
two varieties —Picual and Souri— on a weekly basis during the ripening season. In
addition, the fallout was collected and weighed keeduring the same period.
Quality features such as size, shape, color, arturee were derived from the
photographic images of the olives. Low resolutiatiear magnetic resonance was
used for rapid and accurate determination theaitent of each photographed olive.
The correlations between the various quality fezgtand oil content were determined.
Two prediction models based on linear regressiodsaatificial neural networks were
developed to predict the quantity of oil in indivad olives. The sensitivity of the
models to different proportions between training &sting sets, the topologies of the
networks, and various transfer functions was amalyZ he neural network models
were more accurate compared to linear regressiesylting in average linear
correlations of 0.81 and 0.87 to the oil quantity Ricual and Souri olives,
respectively.

Keywords: Olive oil, Olive harvesting date, maturity indexregdiction models,

artificial neural network, image processing
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1. Introduction

1.1 Description of the problem

The world olive oil production grew from 1,828,2ths in 1990 to 2,314,200 tons in
2000, which reflects an annual growth of 2.3% (Latth2002). Assuming a price of
5 Euro per KG, the total revenue in the olive iriduss over 10 billion Euros
annually. This fact creates a significant econodmige for more efficient production.
Over 95% of the olive oil is produced in the Mediémean basin, with Spain the
world biggest producer with a market share of 33%cketti, 2002). The health
related attributes of the olive oil together wittethealthy nutrition trend of the last
decade creates demand all over the world, eventraditional consumer countries
such as Japan and U.S.A (Morello et al., 2006). ddresumption of olive oil in the
U.S. grew in 65% from 1996 to 2003 which made & tburth biggest consumer in
the world (Mili, 2004). However, the average congtion is only 0.7 Liter/person
which is relatively low compare to 13-15 Liter/pensin Italy and Spain, the world
biggest consumers (Vossen, 2p0rhis fact can imply on the growth potential ire th
consumption in the coming years.

More efficient production of the olive oil will genate significant extra income for
producers. One of the options to improve efficieiscly increasing the amount of oil
extracted from the fruit per land unit. The amoahbil in the fruit is determined by
many characteristics like cultivar, irrigation, Isand climate (Vossen, 2004). Most of
these factors are hard to change once the tregdaarted. However, harvest time can
be easily adjusted to meet the optimal point anthByimproving the olive oil quality
and quantity significantly (Mailer et al., 2005).

Vossen(2004) reviewed the development of oil in olivdsng the ripening season.
He mentions that oil starts to accumulate in that fafter 10 weeks from the
beginning of the season. The increase is very rapithe first 12 weeks, until it
reaches a certain level which remains constant tin&ifruit rotten or drop from the
tree. He also refers to the common deception geasing in the oil percent while the
fruits become shriveled due to loss of moisture,tha total amount of oil does not
change. Moreover, there are oil quality changeslihe ripening season, and in

particular the level of polyphenols might have majdluence on the oxidation rate
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level of the oil. This component reaches its maximlevel when the fruit starts to
change its color form yellow to purple and fromrten rapidly decreases. Olive oll
rich with polyphenols has a longer shelf life andhler nutrition quality (Vossen,
2007).

Experiments have shown correlation between the aappee of the fruit to the
amount and quality of oil that can be extractednfrib (Salvador et al., 2001). The
color of the fruit can be used as an indicator tloe fruit ripeness which has
significant influence on the oil content and qualif the olive (Vossen, 2004). To
estimate the best harvest time growers use therstadn Index (M) published by the
International Olive Oil Council (IOOC) (Mailer et.a2005). This index is calculated
by classifying 100 randomly picked olives into bgps by their color, from green to
blackwith 1 corresponding to green olives and 7 to hldd¢le sum of the values of all
olives divided by 100 will generate the MI (Mailer al., 2005). The MI appeared to
be inaccurate in many cases and changed dramgtiiegiiveen cultivars and between
seasons (Mailer et al., 2005; Salvador et al., pO®dother problem of this technique
is inconsistency of humans in the classificationob¥es by color due to physical
related factors like fatigue (Diaz et al., 2000). better technique to determine the
optimal harvest time will probably lead to improvemt in the olive oilield.

Computer vision holds great potential and benefits the agriculture industry
because of its simplicity, low cost, rapid inspewctirate and broad range of
applications (Chen et al., 2002). It provides aateirconsistent information and has
been applied successfully in agriculture (Diaz ket 2000). Zheng et al. (2006)
divided the information that can be achieved by mrae vision to 4 categories: color,
size, shape and texture. Each category is usedliffarent applications but the
combination of some categories can reveal qualtitibates that cannot be identified
by any single one of them. Color is the most imgairicategory employed frequently
in quality evaluation in food industry (Cheng et, &006). Computer vision was
successfully used to classify table olives by déf¢ quality parameters, and
presented better results as compared to humanrpenices (Diaz et al., 2000;
Laykin et al., 2008).

1.2 Objectives

This study is a part of a larger research whichsaiondevelop a tool for finding the

optimal harvesting time of olive groves. Such d tbdeveloped successfully can be
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used as a decision making supporting tool for afjr@vers all over the world and can

have a major economic potential.

The purpose of this research is to develop premhiatnodels to determine accurately
and repetitively the oil content of intact olivegsed on quality features derived from

computer vision system. The specific objectivestare

(a) Develop a prediction model for the oil contbased on features extracted from

images ofSouriandPicual olives.
(b) Analyze models' compatibility to different veties.

(c) Analyze models' compatibility to different cotoins.

1.3 Thesis structure

The thesis starts with a literature review (cha@dewhich contains a description of:
(2.1) olive oil industry, (2.2) prediction models agricultures, (2.3) Machine vision
and its applications in agriculture, (2.4) LR-NMRdaits applications in agriculture
and (2.5) ANN and its applications in agricultuféae methodology of the research is
described in chapter 3 and is illustrated in FiglireThe results can be found in
chapter 4 followed by discussion and summary inptdra5 and chapter 6

respectively.

3.1 Olives picking

/\

3.1 Image acquisition 3.1 Oil evaluation

\/

3.1 Image analysis and features extraction

A 4
3.2 Data analysis

— .

3.2 Variety analysis 3.2 Different side's images analysis 3.2 Factor analysis

aVa

3.3 Initial prediction model

/\

3.3 Multiple linear regressions 3.3Artificial neural networks

— —

3.4 Models analys
14 v

3.4 Best prediction model establishmenmnt

Figure 1 — Experiment's and analyses' structure



2. Literature Review

2.1 Olive oil industry

The olive oil industry is estimated in over 10ibifi Euros per year, where about 95%
of the production produces is in the Mediterrankasin (Luchetti, 2002). Almost all
of the olive oil in the world is produced on ab@4t million acres in the countries
surrounding the Mediterranean (Morello et al., 200®e big three producers, Spain,
Italy, and Greece, produce about 75% of the worddiige oil (Mili, 2004). The other
European, North African, and Middle Eastern cowstqpproduce about 20%, and the
new world countries of Argentina, Australia, Chifouth Africa, New Zealand, and
the USA produce the remaining 5% (Mili, 2004). "Aounting interest in
Mediterranean cuisine and promotion by the contrglbody of the industry and the
international Olive Oil Council have stimulated her demand for olive oil
particularly in countries not traditionally assdeid with this oil, such as United
States and Japan" (Morello et al., 2006).
"There are six olive oil Appellations of Controll€f¥igin (ACO) in SpainBarnea,
Les Garrigues, Priego de C'ordoba, Sierra M agi&érra de Segurand Siurana”
(Rial, 2003). The predominant variety of oliveRigual, with average annual yields of
142,000 t of olives producing 30,000 t of olive (Rial, 2003). This ACO has the
highest rate of production and covers the largest an Spain (Rial, 2003).
"Virgin olive oils are oils obtained from the fruibf the olive tree solely by
mechanical or other physical means under conditipadicularly thermal, that do not
lead alternations in the oil, and furthermore, ¢hedls have not undergone any
treatment other than washing decantation, cenaifag and filtration” (Morello et
al., 2006).
The flavor of the olive oil changes dramaticallgaaling to the color at the time the
olives were harvested (Vossen, 2004). Olives haéedesarly when they are still green
or just turning yellow to red are characterized l@ving herbaceous flavor
characteristics such as fresh grass, herbal, akéhnettle, mint, tomato leaf, etc
(Vossen, 2004). Early harvested fruit is also mondre bitter and pungent, because it
is higher in polyphenols (Vossen, 2004). Later bkated fruits that when the colors
are changing from red to black yeild oils that anech less bitter and pungent
(Vossen, 2004). Fully mature olives yield oils lavbrs that are often described as
floral, buttery, nutty, apple, banana, berry, opical (Vossen, 2004).
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Table 1 - Characteristics of the primary world olive oil cultivars (Vossen, 2004)

CULTIVAR =% OIL | COLD FRUIT POLYPHENOL POLLENTZER
HARDINESS | SIZE CONTENT VARIETIES
Aglandan 23-27 | Hardy Medmm | Mednom Self companble
Arbequina 22-27 | Hardy Small Low Self companble
Arbosana 2227 | Hardy Small hledmm Self compatible
Bamea 16-26 |- Wedinm | Mediom Self - Manzanillo - Picholine
Bosana 18-28 |- Medium | High T de Caglian - Pizzé Camoga
Chemlali 26-28 |- WV Small | High Self compatible
Coratina 23-27 | Hardy Medium | Verv High Self - Ozliarola
Comucabra 23.27 | Hardy Medium | Very High Zelf companble
Empelire 18-25 | Sensiive Medmm | Mednom Self - Arbequuna
Frantoio 23-26 | Sensiive Medim | Mednom-Hish | Pendoline - Leccino
Honiblanca 18-26 | Hardy Large hledmm Self compatible
Foroneiki 24-28 | Sen=itive YV Small | Verv High Mastoldes
Lechin Sevilla 2223 |- Meadinm | Medinmm Hojiblanca - Picual
Leccmo 2227 | Hardy Mediim | Medimm Frantoio - Pendoling
Manzanillo 15-26 | Sensiive Large Hizh Sevillano - Ascolano
Moraiclo 18-28 | Sensive Small Werv High Pendoling - Maurine
Picudo 22-24 | Hardy Large Low Hopiblaneca - Picual
Picual 24-27 | Hardy Medimm | Verv High Self - Picude
Picholime 2225 | Moderate Medimm | High Self - Aglandau
P_Marocame 22-25 | Hardy Medimm | High S2lf — P. Lanmuadoc
Tagziasca 2227 | Sensitive Mediim | Low Self compatible
Verdial Huevar | 24-26 | Hardy Medium | High Manrzamlla — Gordal

The maturation of olive fruits last several monthsgd development varies according
to the growing area, olive variety, temperature enidural practices (Salvador et al.,
2001). In order to obtain a “characteristicallygirant and delicately flavored olive
oil, it is therefore imperative that it is propesdytracted from undamaged fruits at its

best degree of ripeness” (Salvador et al., 2001).

Various methods have been proposed for expressmgtage of maturity of olives.

Among them the International Olive Oil Council (IGDP has suggested a simple
technique which is based on the assessment ofrcofakins of 100 olives which are

randomly drawn from 1 Kg of the sample (Mailer ket 2005). The drawn olives are
manually classified into 7 groups by the colouthdir flesh and skin (Figure 2). Then
a Maturity Index (MI) is calculated (Mailer et aR005). The MI appeared to be
inaccurate in many cases and changed dramaticatlyelen cultivars and between
seasons (Mailer et al., 2005; Mailer et al., 20@&)other problem of this technique is
inconsistency of humans in the classification af/ed by colour due to physical

related factors like fatigue (Diaz et al., 2000). better technique to determine the
optimum harvest will probably lead to yield improvent
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Figure 2 - Classes of olives by MI (Mailler et al.2005)
Salvador et al. (2001) studied several analytiGabmeters which have significant

influence on the oil's quality such as free aciditgroxide value, stability and sensory
of 'Cornicabra’ olives. They found that the begemness stage would be when the Ml
is from 3 to 4.5. They also found out that the elail industry of Castilla-La Mancha
usually harvests 'Cornicabra’ olives when the MIgi®ater than 5, assuming
traditionally that the oil extraction yield alwayscreases with maturity (Salvador et
al, 2001).

Mailer etal (2005) andBertlan et al.(2004) studied the optimal harvesting time of
several olive varieties in relation to the MI. ThHewynd significant changes in optimal
MI between cultivars between and between seasdmssel studies emphasize the
necessity of accurate analytical tools for harties¢ determination.

"Oil synthesis and accumulation in the olive frodicurs over about 34 weeks (Figure
3), begins about 10 weeks into the growseason, increases steeply up until fruit
maturity (color change and softening) then, the dtaccumulation reduces, but still
continues" (Vossen, 2004). "It seems like thera imuch larger increase than there
really is late in the fruit-ripening season duethe loss of moisture in the fruit"
(Vossen, 2004). "When the fruit becomes very oyme;r oil synthesis stops

completely” (Vossen, 2004).
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The first stage of ripening is called the 'gretags’ corresponding to green mature
fruits that have reached their final size, aftedgarchlorophyll pigments in the olive
skin are progressively replaced by anthocyaninesgldruit ripening (Morello et al.,
2006). This process causes the fruit to changeatsr and makes it possible to
identify a 'spotted stage’, a 'purple stage' aibthak stage' according to the skin color

of the fruits (Morello et al., 2006)

o

1£0

Qil per Olive jmg)

120 4

B2 7

3 2 4 E 8 10 42 14 45 18 I 22 24 & 28 3 3T 34 I 3@ 40 42
Weeks - Growing Season

Figure 3— Olive oil percentage vs. number growing eeks (Vossen, 2004)

Polyphenol is a component that significantly desesathe oxidation rate of the olive
oil (Vossen, 2004). Olive oil rich in polyphenolave longer shelf life and higher
nutrition quality (Vossen, 2007). During the growtih the olive fruits along the
season, the content of polyphenols gradually irrgea@and reaches a maximum level
when the fruit skin begins to change its color fdrght green to yellow and purple
(Figure 4) (Vossen, 2004). When the fruit is coetglly ripened and the color spread
all the way to the pit the content of polyphenolsd anost of the other flavor
components of the fruit decline within 2-5 week$§8en, 2004). These facts can

imply on the strong connection between the coldhefolive and maturity level.
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Figure 4— Color and polyphenol level during growingseason (Vossen, 2004)

Studies have shown that olive oil quality of anyi@ty can be completely changed by
either harvesting the fruit green (unripe) or matgripe) (Slavador et al., 2001,
Mailer et al., 2005; Beltran et al., 2004)).Thegarin between those two extremes
still can have a big influence on the style of mibduced (Slavador et al., 2001).
Some producers believe that maturity can even laageeater influence on quality
than the variety itself (Slavador et al., 2001).

For any given variety there is probably no moretabout two to three weeks of ideal
harvest period to capture its maximum oil poten{@lavador et al., 2001). An
increase of 5 g of oil per 100 g of dry olive cogalsily be obtained by choosing an
appropriate maturation stage before processing#8t et al., 2001).

Romero et al(2002) studied the evolution of oil content andalgy in Arbequina
olives along the ripening period. They investigateel changes in fruit removal force
(FRF), fresh weight (FW), maturity index (MI) andlar distribution. Results
indicated that the MI was not a suitable indicafor oil quality and quantity
assessment, while color distribution was a bettdicator for the beginning of harvest
period. While FRF alone showed no relation with tiecontent, the FRF/W was
significantly correlating with it.

Undoubtedly the content of the oil in the oliveifsuis influenced by many factors

such as variety, climate, soil mineral contentlightintensity, rainfall, and irrigation
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(Mailer et al., 2005). But, among all the harvestet is probably the easiest and the
cheapest to adjust in order to maximize the oiepbal.

2.2 Prediction models in agriculture

Predicting the optimal action time is a great dradle in different agricultural fields
(Machado el al., 2004, Lotze & Bergh, 2004) dughe complexity embedded in
biological systems because of the inherent varigbihnd unknown external
conditions. There are usually several influenciragtdrs with mutual effects
(Kominakis et al., 2002; Carvajal & Nebot, 1998hi§ combined with changing
external conditions (Kominakis et al., 2002) makelsard to implement prediction
techniques used in other known industries.

Prediction models are used in several agricultp@ieations.Cavajal (1998) built a
growth model of white shrimps based on Fuzzy IngdaecReasoning (FIR) which
showed major advantaged over linear regress®alehi (1998) improved the
prediction of dairy yield by using record classifeombined with artificial neural
network.

Lotze & Bergh(2004) developed a model to predict the size ofespat harvest time.
They were able to predict the final fruits sizetdmition by linear regression based
model. They developed different model for each icalt in each area due to
differences in climates conditions.

2.2.1 Quality and vyield prediction models -The market shows an increasing
demand for accurate predictions of yield and qualNlarcelis & Gijzen, 1998).
Moreover, yield predictions can be used to estinthée labor requirement for the
harvest (Marcelis & Gijzen, 1998). The increasirgga to lower cost of production
and the growing complexity of commercial competitiocreases the value and
benefit of research and development related toigpoecagriculture and automation
(Abdullah & Guan, 2002).

Abdullah & Guan(2002) determined the degree of ripeness of dihdauits, using
machine vision. In their experiment, they used maltate discriminate analysis to
classify the fruits into 4 degrees of ripeness. Témlts showed 90% matching with
human experts' classification. Difficulty in assigm colors for samples whose
discriminate scores located near discriminationnilauies was the main source of

error.
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Machado el al (2004) investigated the optimal harvest timeashatoes. They found
out that the yield of tomatoes field in relationweight of marketable fruits is bell
shaped, when in the beginning of season the weigimripe fruits is high then more
and more fruits are becoming marketable, but adsoesfruit becoming over ripe and
cannot be sold. In their research, they developeaioalel that can predict the
maximum point of the bell shaped curve based omtéx@mum day temperature over
the growing season. The model was based on polyatoegression of each group of
fruits (i.e. unripe, ripe and over ripe). The réswlaried between different regions of
tomatoes fields, and the averag® of the regressions was 0.886.

Schmilovich et al(1999) developed a method to predict the optimaldst time of
fresh dates by using Near Infra Red spectroscopg.résults of the NIR spectroscopy
were analyzed to determine the content of sugamaater in the fruit which known to
have major influence on the ripening of the dakesch of the dates was scanned for
its NIR spectrum and then its level of sugar antewaere evaluated by conventional
means (which are destructive and time consuminigillly, a model was obtained
based on the first derivative of the spectrum tiegiresented in the best way the
correlation between the NIR spectroscopy resultstha actual results. The standard
error was less than 1%.

2.2.2 Sensors used in agriculture applications Sensors are widely used in
agricultural technologies. There are simple andAnseensors such as thermometers,
rainfall meters and humidity sensors which are usesknse the external conditions.
Hueso et al.(2006) used a thermometer to measure the dailyeaiperature and
developed a prediction model for loquat harvesetiktarcelis & Gijzen(1998) used
the temperature and the humidity values in therdreese as one of many inputs for a
yield prediction model of cucumbers.

There are also more sophisticated techniques useéresors in agriculturdaurino

et al. (2002) used a semiconductor thin film based sefmsordiscrimination of
different olive oils. They used it to discriminatmmmercial oil from the local
products. Cosio et al (2006) used an electronic nose and tongue totifgen
geographical origin of olive oils. Electronic nog@&as also used biartin et al.,

(2001) to characterize different vegetable oils.
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Schmilovich et al(1999) usedNearlinfrared (NIR) spectrometer to develop a system
for maturity determination of dateSaranwong et al(2004) used NIR sensors to
predict the ripening stage of mangos.

The digital camera is a common sensor for manycaljure applications and has
been widely applied for quality sorting of tomatdgsykin et al., 2002), classify
ripening bananas (Mendoza & Aguilera, 2004) ancectein of defects in citrus
(Blasco et al., 2007).

The development of the new sensing techniques thggeted the development of
novel prediction methods such as artificial neuretiwvorks (Kominakis et al., 2002;
Salehi et al., 1998; Grzesiak et al., 2006), fuogyc (Salehi et al., 2002; Carvajal et
al., 1997) and Mahalanobis distance (Diaz et 8042.

2.2.3 Features for classification and sorting ©ne of the common usages of sensors
in agriculture is for collecting physical informai about the agriculture product. The
collected information is analyzed and quantitafe&ures are extracted. The features
are then used to establish a mathematical modeledict or estimate the quality of
the product. Table 2 shows examples of featuresaeed by imaging sensors for

several sorting and classification applications.

Table 2 - Examples of features extracted by imagingnd NIR sensors

Purpose Extracted features Sensor Referenc

Ripened bananas L, a, b, brown area Digital Mendoza &

sorting percentage, number of camera Aguilera,
brown spots per cm 2004
homogeneity, correlation,
entropy

Orange sorting Height width ratio, Digital Kondo et al.,
roughness, R, G, Feret's camera 2000
diameter, texture

Tomatoes Color, color homogeneity, | Digital Laykin et al.,

classification defects, shape camera 2002

Watermelons quality | Weight, Height, Internal NIR Lee et al.,

determination defects, Sugar content, spectrometer 2008
soluble solid contents

Pickling cucumbers Intensity reflectance of NIR #ra et al.,
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classification wavelength in range of 950-spectrometer 2006

1650 nm

Olive classification Size , Shape, Texture, ColoBigital Laykin et al.,
Defects camera 2008

Potato classification Intensity reflectance of Digital Noordam et

wavelength in range of 4501 camera and | al., 2005

870 nm multispectral
sensor
Cherry classification Intensity reflectance of NIR Guyer &

wavelength in range of 6801 spectrometer Yang, 2000
1280 nm

2.3 Artificial Neural Networks

"Artificial Neural Networks (ANNSs) are a set of tewlogies often encompassed with
artificial intelligence that attempt to simulateettunction of the human brain.”
(Haung et al., 2007). The rapid development of dapigorithms and computer
technologies was the driving force of wide applmas of ANNs in research and
routine life (Haung et al., 2007). The common useANNs are in process control,
medical diagnosis, forensic analysis, weather fsteg, financial applications and
investments analysis (Haung et al., 2007). Theiegpbn of ANNSs in the field of
food science is still in early development stadésung et al., 2007).

The ANN technique is a powerful empirical modeliaygproach (Kaul et al., 2005).
The ANNs may able to efficiently solve some difficdata analysis that conventional
methods cannot accomplish (Haung et al., 2007% #pecially suited for nonlinear
problems. The main advantage of this method isalidity to analyze complex
problems without understanding the underline charestics (Haung et al., 2007).
Biological systems are known to be complex duenteient variability and unknown
external condition (Kominakis et al., 2002). Theme usually several influencing
factors with mutual effects (Kominakis et al., 20@2arvajal & Nebot, 1998). This
combined with changing external conditions (Komisadt al., 2002) makes it hard to
implement prediction techniques used in other knowlistries. These facts make the

ANN method suitable technique for such tasks.
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Neural networks are simple models of the way themes system operates. The basic
units are neurons, which are typically organized layers, as shown in Figure 5.
Each neuron in ANN receives a set of input infoioratx) connected to a weight
factor (w). All the values connected to neuron are summebpasses to a transfer
function to generate an output. The output inforomats then sent to another neuron
as input or used directly as the ANN result. Thegivs are referred as the connection
strength between the neurons and can imply onntiportance of each input. The
weights are adjusted during the training of thewoek according to the training
target, which is mostly minimizing the Mean Stamb&rror (MSE, Haung et al.,
2007).

nding parpaig
inding pasiasqor

nput Layer Hidden Layer Output Layer

.
-

Data Flow
Figure 5— Structure of a neural network (Kaul et al, 2005)

Neurons in one layer send output information to bzt layer and may sometimes
receive information back from the next layer. ANWNkich have neurons that send
information back are called feedback networks int@ry to feed-forward networks
which only send information forward. One of the mosmmonly used networks is a
three layer feed-forward network (Haung et al., 208s seen in Figure 5. The input
layer receives input information from an input fdad passes the information to the
next layer (the input layer usually does not prect information), and then the
information is processed by the transfer functiod aent as output. The hidden layer
is in between the input layer and the output laygenerally one hidden layer is
sufficient for a network, although more than onéden layer may be used for
complicated applications. Knight (1990) found obaétt that increasing the hidden
layer neurons increases greatly the possibilityowér fitting which leads to poor
generalization of the network.
The learning process can be either supervised supanvised. Supervised learning

requires output set as targets and it is the comi@aming process (Haung et al.,
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2007). The back-propagation algorithm is the masthmon supervised learning
process and usually used to train feed-forward oedsv(Haung et al., 2007). In back-
propagation training information from the input dayis fed forward through the
hidden layers to the output layer, and output eisdoack propagating through the
hidden layers to the input layer (Haung et al., 00 he weights are adjusted to
minimize the error function such as MSE (Haungl.e2807).

The sum weighted input is passed to a transfertiumdo generate the output
information which can be linear or non linear (Hguet al., 2007). The most
commonly used transfer function is the log sigmoighich perform:

1
L+ exp>w)

) (Vogl et al., 1988). Also used frequently as tfangunction is the

. . . 2
tangents sigmoid which perform
Jens 50 P s expeaXw)

transfer function is usually a pure line which penfis: b+ aZWi :

)—1(Vogl et al., 1988). Linear

The weight adjustment is normally conducted in & Waat always decreases the

1 _ 2
output errore :%Z(Of —Of) (Haung et al., 2007). Wher®; is the target output
and (Sf is the output prediction. The weight adjustment espressed as

AW, = k=28

=ns,x, where 57 is the learning rateg, =(5, —Oiloi(l—Oi)] (for

ab

m

output neurons) and, :Oj(l—Oj )z(a}wji) for all other neurons (Haung et al.,

1
2007). The settings of the learning rates are itaporfor computational speed
(Haung et al., 2007). The use of smaller learniages usually yields acceptable
results but needs longer training time becaus&éeidarger amount of updating steps
(Haung et al., 2007).

Initially, all weights are assigned a random valUd&e network learns through
training. Examples for which the output is knowre aepeatedly presented to the
network, and the answers it gives are comparetiddkmown outcomes. Information
from this comparison is back propagating through mietwork, gradually changing
the weights. As training progresses, the networkobes increasingly accurate in
replicating the known outcomes. In order to prevewer fitting, the network's

performance is tested on a validation set afteh e@ration. The validation set is
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randomly drawn from the data set and is not usethéntraining process. If the
accuracy of the prediction has improved, additidteriations are conducted, and if
there is no improvement training is stopped (Bishf§95). Eventually, the network
is tested on a testing set which was randomly dr&bem the data set before the
training process and is used to predict the acguwhthe prediction in future cases.

"Machine perception is one of the most promisingliaption areas of ANNs in the
field of food science with the most significant figgimachine vision and electronic
nose, which have been embraced by some as revoluatisensory analysis" (Haung

et al., 2007). The applications of ANNs in the famiknce are shown in the following

table:
Table 3- Examples of food science ANN applications
_ Prediction
Field Methods Results Reference
purpose
. Nuts Decision tree Ghazanfari et
Quality control o 94.8%, 87.1%
classification and ANN al., 1997
Orange and )
, Kanali et al.,
Quiality control Eggplants ANN 74%-94% 1998
classification
_ Detect cherry ) Guyer & Yang,
Quiality control Genetic ANN 73%
defects 2000
Sugar and acid
Component . Komdo et al.,
o content in ANN 90%, 91%
prediction 2000
Oranges
. Olive oll Angerosa et
Quality control o ANN 96%
classifications al., 1996
Physical Wheat milling Fang et al.,
_ o ANN 98%
properties criteria 1998
ANN and
_ Eggplants Minimum Saito et al.,
Quiality control o _ 71.9% - 91.5%
classification distance 2003
classifier
Yield Corn and MLR and Kaul et al.,
o . 87.7%-90%
prediction soybean vyield ANN 2005
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2.4 Dimension reduction

Dimension reduction is the process of reducing ninenber of random variables
(features) under consideration. This process isetiomes referred as features
extraction which means extracting the multidimenalospace into a space of fewer
dimensions. The main idea of this process is tmsb@ subset of input variables by
eliminating features with little or no predictivaformation (Kim et al., 2003).

The main linear technique for dimensionality redurttis principal components
analysigPCA), which performs a linear mapping of the data lower dimensional
space in such a way, that the variance of the datahe low-dimensional
representation is maximized. In practice, the datie matrix of the data is
constructed and the eigenvectors on this matrixcareputed. The eigenvectors that
correspond to the largest eigenvalues (the prihcipaponents) can now be used to
reconstruct a large fraction of the variance ofdhginal data.

Multi-collinearity is a statistical phenomenon inhieh two or more predictor
variables in a multiple regression model are higtdyrelated. In this situation the
coefficient estimates may change erratically ipoese to small changes in the model
or the data

One of the solutions for such phenomenon is PCAclwlgnsure orthogonal and
uncorrelated set of components (Guo et al., 2002).

The produced components are a linear combinatiatheoforiginal features, and the
connection between them is not obvious. Factoryaisatan be performed in order to
extract knowledge from the new component by rotatime axes. There are varies
methods for rotations such as (Harman, 1976): VaxiMQuartiMax, ProMax,
EquaMax and direct oblimin. Some of the methodsdehe axes orthogonal such as
VariMax, QuartiMax and Equamax (Harman, 1976).

The VariMax rotation maximizes the squared factadings in each factor and
simplifies the interpretation of the features cosipg the components. The
QuartiMax rotation maximizes the variance of thewagd factor loadings in each
variable and simplifies the interpretation of tremponents composing the features.
The EquaMax rotation maximizéise weighted sum of the VariMax and QuartiMax
criteria which simplifies the interpretation of tbemponents and the factors.

Factor Analysis (FA) was applied ylaser et al.,(2008) to classifyfGemlikolives

by their origin district. They measured eight plegsiand chemical features such as
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width, height, flesh/stone ratio and fatty acid @asition, and later perform PCA on
the data of each class of olives. Next they useiMé&x rotation on the first principal
component of each analysis to identify the mainuiea By the results they were able
to identify most significant feature for each clagisich explained over 99% of the
variance.

Rezzi et al(2005) used NMR to classify olive oils. The outmitthe NMR was
comprised 12,000 variables which were reduced tbyp@CA. The 50 components
captured 99% of the information.

Sato (1994) used the reflectance of NIR to classify valgke oils. He projected
wavelengths ranges between 1600 nm to 2300 nm asasured the level of
reflectance and the first and second derivativeefidéctance. He found out that the
2" PC of the raw reflectance and first two PC offttst and second derivatives could
successfully classify between the different oils.

Another common technique for dimension reductiothes stepwise method. In this
method F tests are used to determine which featuwald enter the MLR model and
which feature should be excluded (Darper & Smi8g1).

Uylaser et al.,(2008) used the stepwise regression method tosiigate the
correlation between features of olives grown infedént regions. They revealed
similarities between olives with different charadtcs and from different regions.
Yang et al.(2004) used airborne hyper spectral images of editdds to map crop
yield variability. The raw hyper spectral imagesiteoned 128 bands between 457
and 922 nm. Stepwise regression performed on thkel yind hyper spectral data
identified significant bands and band combinatiomiich were able to explain 69%
and 61% of the variability in yield in two fields.

2.5 Machine Vision

Many applications using machine vision technologgvéh been developed in
agricultural sectors, such as land-based and dm&dd remote sensing for natural
resources assessments, precision farming, posestaproduct quality and safety
detection, classification and sorting, and procag®mation (Chen et al., 2002).
Advantages of using imaging technology for sensirggthat it can be fairly accurate,
nondestructive, and yields consistent results (Cheral., 2002). It holds great
potential and benefits for the agricultural indudtecause of its simplicity, low cost,

rapid inspection rate, and broad range of otheliegipns (Chen et al., 2002).
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"The big advantage of computer vision is its apitib be objective and consistent
over long period while human’s ability of perceptis known to be limited to 400—
700 runs and dynamic range of human’s ability atception is limited to less than
100 gray levels" (Saito et al., 2003).

Image processing includes three steps (Chen ét042): (1) image enhancement, (2)
image feature extraction, and (3) image featurssdiaation. With a well-chosen
lighting system, the incident light will presenetbbjects or scenes in the optimal way
to be recognized or analyzed, thereby eliminatirghyntedious image processing
procedures that otherwise would be needed (Chah,&002). The extraction of the
image features is done usually by statistical ptaoes like mean and variance
analysis (Chen et al., 2002). The next step afttraeting the image features is
classification which can be achieved using diffeneamerical techniques (Chen et
al., 2002). Neural networks and fuzzy inferencaesys can be successfully applied
and are advantageous for the unstructured andyhigiriable agriculture domain
(Chen et al., 2002).

Machine vision is a technique that has been widsebd in agricultural to define many
characteristics of fruits, vegetables, meat antiefis(Zheng et al., 2006). The
information that can be drawn by image processiag be categorized into four
features (Zheng et al., 2006): color, size, shagktexture.

Color is one of the most important features, mostly beeait contains the basic
information correlating to human eyes (Zheng et24106). "Human visual inspection
is a highly subjective, tedious, time-consuminggd dabor intensive process, by
contrast, instrumental techniques (such as coldersge allow accurate and
reproducible measurements of the colors not infltedn by the observer or
surroundings” (Mendoza and Aguilera, 2004). Onlgirggle value is necessary to
represent each pixel of grey level pictures whileaBies (0-255) are necessary for
that in color images (Zheng et al., 2006). Ther saveral ways to represent color
pictures. RGB (red, green, blue) that originallynes from color digital cameras is
the most common one. It appears to be inadequatssathe variant applications
(Zheng et al., 2006). YIQ (llluminance, in-phaseaadarture) is another color space
representation which originated form broadcast empiation and is hardware
oriented (Zheng et al., 2006). HSI (hue, saturatiotensity), HSL (hue, saturation,

lightness), and HSV (hue, saturation, value) ar®rcepaces that describe color
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information similar to ways that are used in a homéion system, thus they are
known as human-orientated color spaces. (Zhend},2G06). CIE and L*a*b*, are
the measurements usually adopted in instruments asccolorimeter, accordingly,
they are referred to as instrumental color spd@eng et al., 2006).

Sizeis usually measured in 3 dimensions, but becawsanformation of the third
dimension is dropped in the imaging process the sizbjects is represented only in
2 dimensions (Zheng et al., 2006). Since digitehges are composed of pixels, the
two primary size features are area and perimetéchatan be acquired by counting
the number of pixels in images and by summing tistadce between every two
neighboring pixels on the boundary, respectiveliigidg et al.,, 2006). Length and
width are more difficult to measure because ofittegularity of the shape of the food
products, which caused the development of otheisoreaments (Zheng et al., 2006).
Feret’'s diameter, which is determined by the distance of two pixeith the smallest
and the largest coordinates at different orientetiajor axis, which is the longest
line that can be drawn across food products andoeacalculated by measuring the
distance between every combination of two boungargls and by taking the longest
and Minor axis, which is the longest line that can be drawn tglodhe object
perpendicular to the major axis (Zheng et al., 2006

Shapeis the geometric structure of an object. The wagdtermine the shape of a
digital image is to combine different size parametato dimensionless expression
which defines the shape (Zheng et al., 2006). Tdmneon expressions to determine
shape arecompactness which is the ratio of area over the square pdeme
elongation which is the ratio of major axis over the minarsaconvexity, which is
the ratio of convex perimeter over the perimetad @ughness which is the ratio of
area over the square major axis (Zheng et al.,)2006

Texture tries to discriminate different patterns of imagbyg extracting the
dependency of intensity between pixels and theghimring pixels or by obtaining
the variance of intensity across pix¢kheng et al., 2006). There are 4 methods to
determine texture: statistical texture; structumathod; model-based texture and
transform-based texture (Zheng et al., 2006).

Thygesen (2001) used image processing techniques to prethiet chemical
compounds of potatoed._aykin (2002) used machine vision to classify tomatoes by

their color, defects and color homogeneity.
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MendozaandAguilera (2004) developed a machine vision based techrimuokassify
bananas into 7 ripening stages, procedure thasually made by human workers.
They picked the most 5 significant features outhefnine collected on each fruit, and
used discriminate analysis, simple regression awadysis of variance to classify the
images to the correct ripening stage. They obta@8d accuracy.

Diaz et al.(2000) showed significant advantage of machinerisver human eye to
classify table olives. He claims that olive expertade huge errors in the separation
of the best qualities because, in the case of ddldy prefer to assign an olive to the
worst category. The results of the machine weritla better when separating the
first and fourth classes, but were much worse i@ tase of the intermediate
categories due to the great number of olives pagen

2.6 Low Resolution Nuclear Magnetic Resonance (LRMR)

NMR spectrometry is a widely used analytical tegiei for structural elucidation and
identification of chemical species in the analydisnany different materials including
organic chemicals, inorganic complexes and largdogical molecules (Nordon,
2001).

NMR spectrometry is very useful as it is nondesivecand does not require the
measurement probe to be inserted into the procgaser$, which avoids fouling
(Nordon, 2001).

In the past decade, small, dedicated low-field (<MHz) NMR systems, based on
permanent magnet technology, have been developgadhwn turn has led to more
reports of at-line and on-line process applicatidsrdon, 2001). Most low-field
NMR applications involve the measurement of spim-§p2) and/or spin—lattice (T1)
relaxation times, which are then related to a d$pe@hysical property such as
viscosity, surface area and moisture content (Ngr@d601).

Low-field, low-resolution NMR spectrometry has beesed extensively in several
industries including those involving the manufaetaf food, pharmaceuticals and
petrochemicals (Nordon, 2001). Example applicatimtdude the determination of
moisture content, fat content, hydrogen contentflumaine content (Nordon, 2001).
One of the most common areas of application of fieid, low-resolution NMR
spectrometry is to determine the quantity of meestin materials such as corn,

zeolites and soil (Nordon, 2001).
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The analysis of materials defer mostly in the festry of the measurement. A 4.1
MHz NMR spectrometer was used to determine the ton@scontent of samples of
rice, which were contained within 40 mm NMR tub&idon, 2001). It has been
shown that low-resolution NMR (20 MHz) can be uded the determination of
ethanol in alcoholic beverages (Nordon, 2001). lfmM, high-resolution 1H NMR
spectrometry at 60 MHz has been used to monitahals in fuels (Nordon, 2001). A
variety of dairy products, e.g., whipping cream,okehmilk and skimmed milk, has
been analyzed using 1H NMR spectrometry at 42 M¥tzrdon, 2001).

NMR spectrometry is also being used for on-linecpss measurements. The moisture
content of coal, which was fed through the samplefrom a hopper under gravity at
a rate of 100 g per hour, has been determined1HhEMR signal intensity was used
to determine the hydrogen content of the coal (Noyd2001). A small on-line
process NMR spectrometer has been used to moh@anoisture content and surface
area of reduction grade aluminum oxide as it leavestary kiln (Nordon, 2001). As
early as 1956, a process analyzer was designedmnitan the ratio of two organic
liquids flowing through the probe of a 30 MHz contous wave spectrometer
(Nordon, 2001).

NMR is an extremely powerful tool for the structurdaracterization of organic
molecules, such as components of humic substamcesantaminant transformation
products (Cardoza et al., 2004). Despite its losanmsitivity compared with other
environmental analytical techniques, NMR has nogleds proved its utility in
investigating environmental interactions betweenturagh organic matter and
contaminants, and has given investigators new agpes to exploring issues related
to the environmental transport and fate of thesstsunces (Cardoza et al., 2004).

Various application of NMR in food agriculture che found in Table 4.

Table 4 — Examples of application of NMR in food ad agriculture
Product Features Reference
Avocado and cherry Oil water ratio Kim et al. (1999
Blended coffee Chemical composition Charlton e{2002)
Optimize quality of changes in characteristic pBertram el al. (2006)
cooked meat the water in 7 temperature

levels of cooked meat

'‘Bella Della Daunia‘olives | changes in sugar water and Brescia et al. (2007)
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oil content during ripening

Geographical origin of

olive oils

Resonance spectrum of

olive oil

Rezzy et al. (2005)

Detecting adulteration of

olive oils

Resonance spectrum of
olive oil in combination

with chemometric method

Ogrinc et al., 2003
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3. Methodology

3.1 Data collection

Four hundredSouri and four hundredPicual olives were manually harvested from
Re'em plantation in the Negev which surrounds iypécal dry land area. The olives
were harvested every week along the ripening sedson the same ten trees which
were randomly selected. First, olives were randopntiked from all around the trees
and put in a bucket, and later four hundred of tivesne randomly drawn from the
bucket. Souriolives were harvested along 9 weeks during Oct-Ra@7 andPicual

olives were harvested along 8 weeks during Nov720#h 2008.

The harvested olives were inspected by a singleanuamd manually classified into
three groups of colours — green, purple or blaegichEolive was weighed and sampled
by a Canon F5 digital camera with 3 CCD colour eenisand a resolution of
4368X2912 pixels. All images were taken in a fixdamination photo cell specially
designed for this purpose (Figure 6), which enswegdal light distribution and

consistent lighting conditions.

Figure 6— Fixed illumination photo cell
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The olives were placed on a white plate and wengpted in groups of 10 olives per
image (Figure 7). The camera was set at a heigB0afm above the plate surface,
resulting in an average resolution of 412 pixels@®a. To sample both sides of the
olives, the olives were manually turned betweenseoutive images and each olive
was sampled twice.

The olives were then placed in an oven at temperatii70° C for 3 days in order to
vaporize all their water content. Each olive wasglved again for its dry weight after
they were taken out of the oven. The oil conter¢axth dried olive was measured by
Low Resolution Nuclear Magnetic Resonance (LR-NMWjch has been known to
be accurate and useful for oil content determimafidordon et al., 2001). The oil
percent received from the NMR was calculated agngrdo a calibration curve
determined using the ISO 565 protocol, multipligdtive dry weight and divided by
the fresh weight.

Y e
P9 e D
L X X

Figure 7— Picture of one sample - a group of 10 oks
Image processing procedures developed in MATABLBykin et al.,(2008) for
extracting features from the olives' images weredus analyze each picture, and 29
features were extracted for each side of each (liable 5).
In addition, for fallout (olives that dropped fratme tree to the ground) analysis, ten
Souri trees were chosen and marked and every week d8ringeks all the fallout

from the trees were collected and weighed.
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3.2 Data analysis

3.2.1 Descriptive statistics— The average oil weight, average oil percentayt a
color distribution in a single fruit of each sampmlé each variety was calculated.
Graphical analysis was used to study the trendscarrdlations between the different

features along the sampling period of both oil awglation and fallout analysis.

Table 5—Features derived by the image processinggalrithms

Feature Implementation Description
Area Number of relevant pixels
Length Length of olive bounding box
Width Width of olive bounding box
L1/L2: Ellipse (same second moment as the regien)ers
Eccentricity distance (L1) by Long Axis (L2) (~1 — Circle; ~0 re®
Line).
Equivalent . .
- Diameter of same area circle
Diameter
Compactness Shape - Perimeter/Area’2
Maximum . .
. ) . maximum distance from center to edge
Distance Black White (BW) matrix
Length vector The distance vector length
St
Fb1 (.1.FFT Average Radius
coefficient)
FD2 (2nd FFT Bendingness
coefficient) 9
FD3 Elongation
FD4
FD5
Ratio Elongation (FD(1)-2*(FD(3)))/(FD(1)+2*(FD(3)))
Average
g Red Green Blue (RGB)/Hue Color
Green/Hue . .
- Saturation Intensity (HSI)
Variance . .
matrix Color Variance
Green/Hue
Defect area Ratio between defect area and non defect area
Mean Gray matrix Texture - Average intensity (Graylmage).
Sta.nd.a rd Texture - Standard deviation — measure of averag#ast
deviation
Smoothness Texture - R=1-1/(1+ o?)
3 moment Texture - Measure of the skewness of the histogrgm
Gray/HSI matrix L1
Uniformity Texture -y =3 p?(z)
i=0
Entropy Measure of randomness
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3.2.2 Both sides features analysis #he values obtained from images of different
sides of the fruit were compared by the statisteated T test for each feature.

3.2.3 Varieties separation analysis Fo evaluate the need to develop a model for
each specific variety or a general model applicdableall varieties the following
analyses were conducted:

(a) vVariance analysis—The difference in the oil amount between varieties
calculated by ANOVA using the following hypotheses:

Ho: The average oil content of single olive in bo#rigties is equal.

Hi: The average oil content of single olive in bo#rmigties is not equal.

95% confidence intervals of the average valueshef dil amount in each
variety were calculated and graphically presented.

(b) Multiple linear regression (MLR) was used to calculate the correlation
between the features obtained by the image prowessiutines to the oil
amount values. MLR was applied first on the datdath varieties together
and then on each variety alone.

3.3.4 Preprocessing- To detect problems in the datasets such as wnable data
and multi-collinearity between features severaligtias measures are calculated for
all features of both varieties. The statistics ude minimum value, maximum value,
mean value, standard deviation, skewness and lowraelation with the oil content.
Next, the correlation between features is calcdl&be multi-collinearity detection.
3.2.5 Dimension reduction (Factor Analysis} The MLR model coefficients and
their variances were calculated and found extrenmgijn which implied on high
effect of multi-collinearity.

New sets of uncorrelated features were extracteddoh variety by PCA and rotated
in EquaMax method (Harman, 1976). The new factoerewranked by their
eigenvalues from highest to lowest and only facterth eigenvalues above the
threshold of 1 were selected.

3.3 Prediction Models

Prediction models were developed separately fdn elee variety.

3.3.1 Methods- Two prediction models were developed:

(a) Multiple Linear Regression. (b) Artificial NealrNetwork.

For both modelsthree different inputs were considered: (a) Oribdstaset of all 29

features obtained by the image processing rout(ig¢sSet of factors obtained by the
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FA. (c) Set of features selected by applying stepwvaiver the original set of features.
The enter criteria was p value <= 0.05 and remontdria was p value > 0.1.

Each model was obtained using a randomly drawnitrgiset which was composed
from 80% of the mentioned datasets, and testedthétiemaining data.

3.3.2 Output —A prediction of the oil amount in the olive.

3.3.3 Performance measuresFive models were obtained and tested using differen
sets of training and testing. The sets were rangamrawn from the original database
each time. To ensure consistency of the perfornsaméethe model, the average
values of the following performance measures ofitteemodels were considered.
The following values were used as performance mieasu

(a) Average Rof the five tested models (sum of squared errchefmodel divided
by the sum squared difference from the averageowitthe model).

(b) Average standard error of the five tested mo{MISE — mean squared error).
3.3.4 Multiple linear regressions

The training set was used for extracting the coedfits of the models and the testing
set was used for testing the models with unknowa.da

3.3.5 Atrtificial neural networks

3.3.5.1 Networks properties -The training set was randomly divided into training
and validating sets in proportion of 75:25, thedlogy of all networks was: two
layers (29:1), and log sigmoid was used as trarfigfation in all neurons.

3.3.5.2 Training parameters -Back-propagation by Levenberg-Marqurdet algorithm
(Kelly 1999), stopping criteria: 100 epochs, 5 amagives epochs of gradient smaller
than 1e-10 or MSE equal to O.

3.4 Sensitivity analyses

The sensitivity of the models to changes in theWing properties was tested for two
models of each variety: the model based on thenatdiglata set and the model based
on a reduced number of variables resulting fromféwtor analysis. The considered
properties were as follows:

3.4.1 Training/Testing proportions —Several proportions between training set and
testing set are considered: 67:33, 70:30, 80:28, 3n10. In the ANN model the
validation set was drawn from the training set ard equal to the testing set, which
created the following proportions: 34:33:33, 40380:60:20:20, 80:10:10 (training
set, validating set, testing set).
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3.4.2 Topology— For the ANN models several topologies were aereid (number
of neurons in the first layer: second layer: outjayer): 29:29:1, 29:20:1, 29:15:1,
29:10:1, 29:5:1, 29:3:1, 29:2:1 and 29:1.

3.4.3 Transfer function —Threetransfer functions were considergdeach layer in

the ANN: Log sigmoid, Tangents sigmoid and pure.lin
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4. Results

4.1 Data analysis

4.1.1 Descriptive statistics Figure 8 and Figure 10 depict the average ailtet
and the average oil percent of single olive in esample in thePicual and Souri
varieties respectively along the sampling perigdcan be seen that while the oil
percent increases along the sampling period thamdunt reaches a peak level and
stays around it from then on. Figure 9 and Figuredépict the average weight of a
single olive during the sampling period Bicual and Souri olives respectively. The
olive weight increases until a certain level andntlstarts to decline in both cases.
This phenomenon is caused by the rotting processhwdauses the olive to shrivel
due to loss of moister which can explain the stignan the oil amount while the oill
percent increases.

Figure 12 depicts the weight of the collected fatlalong the sampling period vs. the
average oil amount in the olives. It can be sean ttie fallout remains more or less
constant at the beginning and from a certain p@ipidly increases. This point occurs
before the olives reached their maximum oil amotihe fallen olives cannot be used
for oil extraction due to the poor oil they containd they are counted as a loss of oil
potential and subtracted from the total yield & ¢nove.

Figure 13 depicts the distribution of black, purpled green olives compared to the
fallout weight along the sampling period. The cd@stribution seems to be more or
less constant at the beginning and from a certaint phe proportion of black olives
increases on behalf of the purple and green olikesan be noticed that the fallout
and the proportion of black olives behave with v&ryilar trends.
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Fallout vs. Oil Quantity
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4.1.2 Both sides features analysislable 6 and Table 7 show the results of a paired
T test between features of different sides. Tabgh®ws the results of the T test of
Picual features and Table 7 shows the results of the fTot€Souri features. It can be
seen that most of the features in both varietieseweund statistically different
between sides. The meaning of the results is tieavalues of features extracted from
the image of one side of the olives are consistdatier or higher than the values of
the same feature extracted from the image of therdide. These differences require
the consideration of values of both sides in otdedefine a single value which will
represent the feature's value. These differencad te the decision to use the
maximum value of both sides of size related featgrech as length and width, and to
use the average value of both sides of all otredufes.

The notion standing behind this division is thatéees extracted from size related
attributes should not have different values betwseles, and the differences are
caused due to measurements' errors, such as diffgmsitions of the fruit in plate or
small changes in the position of the plate. Thémages can only decrease the values
of the features and the maximum value is probaldger to the real value. On the
other hand, the differences in values of otheniest can be caused by many reasons,
some embedded in the nature of the fruits, (sudfifeesence in color between sides

or defects in one side only) and others causeddnsarements' errors.
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Table 6 - Results of paired T test of the differere betweenPicual image features of opposite sides

Paired Samples Test

Paired Difference:
95% Confidence
Interval of the
Std. Error Difference
Mean Std. Deviation Mean Lower Upper t df Sig. (2-tailed)

Parr _ Area_side A - Area_sid
i grase AT A S 381449 | 6338.03318 [141.20047 | -658.558 | -104.341 -2.700 2011 007
Pair  length_side_A - length
za" Seigg 5 eA-Tengt_ 11 o671 13.88635 | 30958 | -1.61384 | -39958 -3.252 2011 001
Pai idth_side_A - width
a e A 04175 1408524 | 31401 | -57408 | 65758 133 2011 894
Pair Eccentricity_side_A -
2 Eccentricity_side_B -.00256 02923 .00065 | -.00384 | -.00128 -3.930 2011 .000
Pair EquiveD_side_A -
5 EquiveD,_side B -41319 7.21769 16001 | -72876 | -.09763 -2.568 2011 010
Pair Compctness_side_A -
5 Compotness_ side_B -.01838 55064 01228 | -.04245 .00570 -1.497 2011 135
Pair MaxDist_side_A -
Z MaxDist_side B -1.00976 7.71009 17189 | -1.34685 | -67266 5.875 2011 .000
Pair LengthVec_side_A -
8 Lengthvec_side B -3.06213 41.70635 92980 | -4.88559 | -1.23866 -3.293 2011 .001
Pair  FD1_side_A - FD1_sid
9a" B e —side_ 80257 545510 | 12162 | .56406 | 1.04107 6.599 2011 000
Pair  FD2_side_A - FD2_sid
o g e —Sie_ 1 20057 238488 | .05317 | -31384 | -.10530 -3.942 2011 000
i’f" gDs—S'de—A -FD3side_ [ 2546 443495 | 00887 | -94837 | -56056 .7.631 2011 000
Pair  FD4 side_A - FD4_sid
e _side_ 46606 185071 | 04126 | 38514 | 54697 | 11.296 2011 000
Pair  FD5_side_A - FD5_sid
13a" B e —side_ 20468 138177 | 03081 | 23426 | 35509 9.566 2011 000
Pair RatioElong_side_A -
14 RatioElong_side_B 01034 .05908 00132 00776 01292 7.850 2011 .000
Pair  AV#G_side_A - Av#G_ -17720 9.86893 22002 | -.60869 25428 -.805 2011 421
15 side_B
Pair DefectArea_side_A -
6 DefectAreaside B 51540 15.80442 35234 | -.17560 | 1.20639 1.463 2011 144
Pair Mean_Gr_side_A - Mean_
17 Gt side. B -.04728 8.81347 19649 | -.43262 33806 -241 2011 810
Pair SD_Cr_side A-SD_Gr_ | = 399, 3.66740 08176 | -.40020 | -.07960 -2.935 2011 .003
18 side_B
Pair Smooth_Gr_side_A -
19 Smooth_Gr_side_B -.00022 .00347 .00008 | -.00037 | -.00007 -2.876 2011 .004
Pair @3rd_Moment_Gr_side_
20 A - @3rd_Moment_Gr_ -.00301 24151 00538 | -.01357 .00755 -558 2011 577

side_B
Pair Uniformity_Gr_side_A -
o1 Uniformity_Gr_side B .00010 .00363 .00008 | -.00005 .00026 1.289 2011 198
Pair Entropy_Gr_side_A -
s Entropy_Gr_side_B -.00685 23388 00521 | -.01708 .00337 1315 2011 189
Pair Mean_Hue_side_A -
3 Mean_Hue_side B 20189 7.90240 17618 | -.14361 54740 1.146 2011 252
Pair SD_Hue_side_A - SD_
i Hus, sids. B 34334 8.99308 20049 | -.04985 73653 1.712 2011 087
Pair Smooth_Hue_side_A -
e Smooth_ Hue_side B .00059 01620 .00036 | -.00012 .00129 1.623 2011 105
Pair @3rd_Moment_Hue_
26 side_A - @3rd_Moment_ 01341 2.24007 04994 | -.08453 11135 268 2011 788

Hue_side_B
Pair Uniformity_Hue_side_A -
0 Uniformity_Hue side B -.00026 .00975 00022 | -.00068 .00017 1174 2011 241
Pair Entropy_Hue_side_A -
o8 Entropy_Hue_side_B .00929 26586 00593 | -.00233 02092 1.568 2011 117
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Table 7 - Results of paired T test of the differere betweenSouri image features of opposite sides

Paired Samples Test

Paired Differences
95% Confidence
Interval of the
Std. Error Difference
Mean Std. Deviation Mean Lower Upper t df Sig. (2-tailed)

Par _ Arca_side_A - Area_sid
Lo greasiae AT AeaSIEe | gg1152 | 6605.83323 |110.86984 | -1098.53 | -663.777 -7.948 3549 000
Pair  length_side A - length
oo S TIESe AT g 141 1512061 | 25378 | -2.35898 | -1.36384 7.335 3549 000
Pai idth_side_A - width
A S -74789 1158690 | .19447 | -1.12017 | -36660 -3.846 3549 000
Pair Eccentricity_side_A -
A Eccentricity_side_B -.00069 01869 00031 | -.00130 | -.00007 -2.189 3549 029
Pair EquiveD_side_A -
5 EquiveD_side_ B -1.01084 7.38272 12391 | -1.25378 | -.76790 -8.158 3549 .000
Pair Compctness_side_A -
5 Compotness_side_B 04581 69926 01174 .02280 06882 3.903 3549 .000
Pair MaxDist_side_A -
Z MaxDist_side_B -71493 7.83502 13150 | -.97275 | -.45711 -5.437 3549 .000
Pair LengthVec_side_A -
8 Lengthvec_side B -52169 46.04116 77274 | -2.03674 99336 -675 3549 500
Pair  FDL_side A - FD1_sid
o g e —Slde_ 66436 494330 | 08297 | 50169 82702 8.008 3549 .000
Pair  FD2_side_A - FD2_sid
lg" B —Siae_ —Sile_ | 121078 254517 | 04272 | -1.29454 | -1.12703 | -28.344 3549 .000
ff" EDS—S'de—A' FD3_side_ |, 33927 459062 | .07705 | -2.49033 | -2.18821 | -30.362 3549 .000
Pair  FD4_side A - FD4_sid
l;" B _siae_ SI0e_ | 1 66951 164717 | 02765 | 161531 | 1.72371 | 60.390 3549 .000
Pair  FD5_side A - FD5_sid
12” B _Side_ _Side_ 94414 132625 | .02226 |  .90050 08778 |  42.415 3549 .000
Pair RatioElong_side_A -
14 RatioElong_side B .03079 .06049 .00102 .02880 03278 30.323 3549 .000
Pair  Av#G_side_A - AV#G_ 35868 12.42050 20846 |  -.05003 76740 1.721 3549 .085
15 side_B
Pair DefectArea_side_A -
1 DefoctArea side B 21328 3.08370 05176 11180 31475 4121 3549 .000
Pair Mean_Gr_side_A - Mean_
17 Gt side. B 28787 10.67774 17921 | -.06350 63924 1.606 3549 108
Pair  SD_GI_side_A-SD_Gr_ 36003 4.31318 07239 21900 50286 4.986 3549 .000
18 side_B
Pair Smooth_Gr_side_A -
19 Smooth_Gr_side_B .00024 00328 .00005 .00013 .00035 4371 3549 .000
Pair @3rd_Moment_Gr_side_
20 A - @3rd_Moment_Gr_ 00168 21016 00353 | -.00524 .00859 476 3549 634

side_B
Pair Uniformity_Gr_side_A -
1 Uniformity_Gr_side_ B -.00069 00441 00007 | -.00083 | -.00054 -9.297 3549 .000
Pair Entropy_Gr_side_A -
2 Entropy_Gr_side_B 03911 28226 .00474 02982 .04840 8.256 3549 .000
Pair Mean_Hue_side_A -
o3 Mean_Hue_side B 1.06531 4.83346 08112 90626 | 1.22436 13.132 3549 .000
Pair SD_Hue_side_A - SD_
i Hus, side B 98783 5.97719 10032 79114 | 1.18452 9.847 3549 .000
Pair Smooth_Hue_side_A -
o Smooth_Hue_side_B .00161 01061 .00018 00126 .00196 9.044 3549 .000
Pair @3rd_Moment_Hue_
26 side_A - @3rd_Moment_ 09927 1.44218 02421 05181 14672 4.101 3549 .000

Hue_side_B
Pair Uniformity_Hue_side_A -
- Uniformity_Hue._side. B -.00080 02034 00034 | -.00147 | -.00013 -2.350 3549 019
Pair Entropy_Hue_side_A -
08 Entropy_Hue_side_ B 03136 31550 .00530 .02097 04174 5.922 3549 .000

The features that their

values are taken as maximemween both sides are: area,

length, width, eccentricity, Equivalent Diametegngactness, Maximum Distance

46




and Length vector. Features that their valuesakent as average between both sides
are: FD1, FD2, FD3, FD4, FD5, Ratio Elongation, rage Green, Variance Green,
Defect Area, Mean Gray/Hue, Standard Deviation (tag, Smoothness Gray/Hue,
3 Moment Gray/Hue, Uniformity Gray/Hue and EntropsagHue.

Table 8 depicts the R values received from a regresetween features of side A,
Side B and both sides adjusted features. It casebe that the R values of both sides'
models are higher in both varieties and the contisinaf both sides contributes to
the accuracy of the models.

Table 8 — R values of regression models

Side A Side B Both sides
Souri 0.863 0.861 0.866
Picual 0.763 0.754 0.764

4.1.3 Varieties' models separation analysis

Variance analysis- The result of the variance analysis supportsréection of the
null hypothesis which claims that the oil contanbbth varieties is equal (Table 10).
The first row presents the difference between ayeeml content of olives of different
varieties, and second row present the differen¢erdmn oil content of olive of the
same variety. The P value is smaller than 0.00fichvsuggests that the probability
that the oil amount in both varieties is in the samnge, is less than 0.1%. Therefore,
the statistical analyses should be conducted fdn gariety separately.

In Table 9 it can be seen that the aver@gariolive contains 0.668 gr. of oil with a
standard deviation of 0.16 gr., while the averBgrial olive contains only 0.621 gr.
with a standard deviation of 0.2 gr.

Table 9 — Descriptive statistic of oil amount

a7

95% Confidence Interval for
Mean
I mMean 5Std. Deviation | Std. Error | Lower Bound | Upper Bound | Minimum | Maximum
Ficual 2012 R214 20884 N046E F123 R306 15 1.30
Sauti 3550 BEB0 6025 00269 BE28 B733 20 1.21
Total 5862 Bo12 8073 00242 G464 Rilalale] 15 1.30
Table 10 — ANOVA variance analysis of oil amount tale
Sum of
Squares df Mean Sgquare F Sin.
Between Groups 2787 1 2787 86643 0o
Within Groups 178.848 5560 032
Total 181.634 54561




4.1.4 Multiple Linear Regression- MLRs were applied on three databases that qontai
the features and oil amount of: (a) both varietigg. Souri variety and (c) Picual
variety. The results of the R and MSE of the MLRs @resented in Table 11.

Table 11 - MLR results of models for each varietyeparately & together
Picual | Souri | Both varieties
R 0.764 | 0.866 0.782

MSE | 0.1356| 0.0804 0.1129

It can be seen that the model based on both \esietas worse than the model based
on theSouridata alone and slightly better than a model basethePicual alone.
However, the average result of a separate modetdoh variety is 0.815 which is
better than the results of the unified model. Thesellts support the use of different
models for each olive variety.

4.1.5 Preprocessing Fable 12 and Table 13 present an overview of thisics of
the new features received after the combinatioboth sides. The features are sorted
from high to low by the correlation with the oilrtent. The description of the fields
presented in tables can be found in Table 5.

The first two columns present the minimum andrtfeximum value of each feature
and third column presents the average value. Thethfcand the eighth columns
present the correlation and covariance of eaclufeawith the oil content, the fifth
column is the t value representing the correlatiod seventh column is the p value
derived from the t value. The ninth column presehts standard deviation of each
feature and tenth column present the skewness (mea$ the asymmetry) of the
histogram of each feature.

In both varieties the features, Area, length amdtiwhave the best correlation with
oil amount. This phenomenon is expected becauseatigtiarge olives contain more
oil. In both varieties the correlation of theseethfeatures is above 60%. However, as
seen by the correlations presented in Table 16Tade 17 all three features have
high correlation with each other and the margiraitgbution of each one is very
low. This issue will be addressed later on.

Table 16 shows several featuresHitual olives with correlations above 0.5, and

Table 17 shows several featuresSiouri olives with correlations above 0.87. These
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tables present only the couples with the highesetaiion due to the large size of the

tables. These high correlations indicate multiioekrity of the models’ variables.
Table 14 and Table 15 show the coefficients of daekure in the MLR models. It

can be seen that some coefficients have high \a@sarwhich result in wide

confidence intervals. The most right column shdwesgrobability of zero value of the

coefficient. In can be seen that probability ofazealue is high for many coefficients

and thus do not affect the oil amount in the olive.

Table 12- Descriptive statistics of image featuresPicual

Field Min Max Mean | Correlation | Correlation T | Correlation T sig. | Covariance | Std. Dev | Skewness
Oil amount 0.147 1.285 0.621 - - - - 0.2049 0.391
Area 86255 430908 | 2353821 0.691 42 886 0 9355.052 | 54801.21 0.345
fength 3958 g72 §22.602 0.656 38.948 1] 12.202 88.087 0.053
width 283 698 432.061 0693 43117 0 10.032 69.285 0.073
EquiveD 258554 | 740709 | 541.508 0674 40924 0 10.803 TB.726 -0.024
AVG_Var.Hue 0.001 0.21 0.084 -0.28 -12.062 0 -0.002 0.041 0.363
AVG_MaxDist 147 125 | 442615 | 315.196 0543 37 646 0 G.181 46.025 -0.012
AVG_LengthVec a0 2378 1657 .42 0662 30643 0 32864 237548 -0.015
AVG_Av.G 22.91 19261 G2.568 -0.376 -18.181 0 -2.087 26.213 2.049
AVG_DefectArea 0.008 88.405 9451 0.389 18.945 0 1.377 16.94 3.347
AVG_Mean_Gr 34.495 187198 | §9.954 -0.455 -22 821 0 -2 568 27.008 1.49
AVG_5D_Gr 9.51 49641 32.547 0226 10.338 0 0.23 4873 -1.022
AVG_Smooth_Gr 0.001 0.037 0.016 0.207 9.495 0 0 0.004 -0.406
AVG_3rd Moment -0.695 1.962 0.9 0427 21155 1] 0.047 0532 -0.438
AVG_Uniformity_Gr 0.007 0.038 0.017 0328 15,396 0 0 0.005 0.363
AVG_Entropy_Gr 5.011 7.299 6.456 -0.266 -12 388 0 -0.017 0.308 -0.131
AVG_S5D_Hue 8798 116.906 71.03 -0.221 -10.181 1] 0,895 19,359 -0.256
AVG_Smooth_Hue 0.001 0.174 0.076 -0.27 -12 561 0 -0.002 0.035 0.226
AVG_3rd Moment_Hue| -1.77 19.11 9253 -0.307 -14 474 0 -0.315 4909 0.203
AVG_Uniformity_Hue 0.017 0.141 0.034 0,293 -13.787 1] -0.001 0.012 2.341
AVG_Entropy_Hue 3342 6.45 5613 0.301 14 161 0 0.025 039 -1.017
AVG_FD2 0.027 10227 3026 -0.059 -2 63 0.009 -0.021 1.728 0.565
AVG_FD3 0.311 27.314 12877 0.047 2121 0.034 0.04 4067 -0.035
AVG_RartioElong 0.62 0.995 0.824 -0.045 -2.043 0.041 -0.001 0.055 0.048
Eccentricity 0.295 0.795 0.648 -0.044 -1.958 0.05 0 0.05 -0.5687
AVG_FD4 0.051 5406 1863 0.038 1.687 0.082 0.007 0.907 0622
AVG_Compciness 10.15 15.462 10.935 -0.028 -1.27 0.204 -0.003 0439 2702
AVG_Mean_Hue 27324 127748 | 55309 0.026 1.147 0.252 0.066 12,322 0.478
AVG_Av.Hue 0.107 0.501 0.217 0.025 1124 0.261 0 0.048 0478
AVG_FD1 225238 | 282.364 | 260.336 0023 1.012 0.312 0.033 6.95 -0.405
AVG_Var.G 109,041 | 2664.534 [ 1273136 -0.021 -0.948 0,343 -1.522 34478 -0.148
AVG_FD5 0.04 37583 123 0013 0.584 0.559 0.002 062 0642
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Table 13 — Descriptive statistics of image featuresSouri

Field IMin Max Mean | Correlation | Correlation T | Correlation T sig. |Covariance| Std. Dev Skewness
Qif amount 0.201 1.211 0.668 - - - - 016 0.143
Area 1258346 | 407444 | 2582011.2 0.706 59.406 0 3619.845 | 3198915 0174
length 488 883 G74.853 0.585 42.998 0 4534 48341 -0.025
width 334 527 488.536 0.662 52654 0 3.646 34353 0.076
Eccentricity 0.506 0.624 0.694 -0.082 -5.501 a -0.001 0.045 -0.503
EquivelD 399494 | 72026 | 565.306 0712 G0.458 0 4115 36.052 -0.074
AVG_Av.Hue 0.039 0.3 017 0.2585 15.701 0 0.002 0.046 -0.497
AVG_Var.Hue 0 0.175 0.045 0.479 32513 0 0.004 0.05 0.488
AVG_Compctness 10.133 27.051 11.038 -0.186 -11.2589 0 -0.014 0.485 11.86
AVG_MaxDist 243.281 | 439.548 [ 341.096 0.591 43.67 0 2.314 24428 -0.024
AVG_LengthVec 1276.5 2220 1740.799 0.644 50.099 0 11.813 114529 0.128
AVa_FD1 225325 | 274.805 | 252.556 0.095 5.665 0 0.113 7423 -0.08
AVG_Av.G 30.866 | 197 405 | 107.168 -0.556 -38.85 0 -4.505 50.556 0.091
AVG_VarG 44 868 | 2445 368 | 750.154 0471 31.763 0 33633 446.054 | -0.093
AVG_DefectArea 0.001 22.367 3181 0.371 23777 0 0187 3149 1.408
AVG_Mean_Gr 45855 | 185.842 | 108.288 -0.563 -40.549 0 -3.828 42 416 -0.021
AVG_5D_Gr 7.208 44.822 24313 0.512 35478 0 0.688 8.39 -0.199
AVG_Smooth_Gr 0.001 0.03 0.01 0.511 3541 ] i 0.008 0.084
AVG_3rd Moment -0.998 1.606 0.3749 0.518 36.038 0 0.04 0.48 0.576
AVG_Uniformity_Gr 0.008 0.043 0.013 -0.38 -24 47 0 0 0.008 0.644
AVG_Entropy_Gr 4835 7178 §.249 0.42 27.561 0 0.031 0.457 -0.502
AVG_Mean_Hue 9.921 79.258 43.469 0.2585 15.679 0 0.475 11.6389 -0.499
AVG_SD Hue 1.51 106.655 | 40765 0522 36.426 ] 2.975 35586 0.203
AVG_Smooth_Hue 0 0.149 0.041 0.487 3319 0 0.003 0.044 0.443
AVG_3rd Moment_Huel -0.008 18.631 5.755 0.485 33.042 0 0.477 §.135 0.382
AVG_Uniformity_Hue | 0021 0.2 0.071 -0.458 -31.669 0 -0.003 0.043 0.817
AVG_Entropy_Hue 2.602 5.017 4.586 0.518 36.045 ] 0.077 0.93 -0.392
AVG FD2 0.033 11.411 341 -0.057 -3.408 0.001 -0.017 1.8649 0.348
AVG_FD4 0.01 5.507 2.099 -0.0358 -2.107 0.035 -0.008 0.595 0.415
AVG_FD5 0.025 4.125 1.204 -0.026 1873 0115 -0.003 0.604 0.283
AVG_FD3 2681 30.351 15 446 0.01 0.621 0535 0.007 4.069 0.065
AVG_RatioElong 0.582 0.961 0.783 -0.001 -0.061 0.951 0 0.085 -0.049
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Table 14 — Coefficients table of MLR model oPicual variety

Unstandardized Standardized
Coefficients Coefficients

hodel B Std. Error Beta 1 5in.

1 (Constant) 2.680 2.00 1.334 8
Ares 1.80E-006 Rulily] BT 3631 .0on
length .onan Rulily] =110 -.938 344
width 0o Rulily] 326 3872 .0on
Eccentricity 284 1468 061 1.6 104
EquivelD -.0oz2 0m -8B -2.766 .00a
Caompcthess =023 011 -.0649 -2134 033
axDist 001 0m 1448 B55 A13
Lengthver .onan Rulily] A4 2278 023
AVG_FD1 ooz o0z 073 1.175 2410
AVGE_FD2 .on3 o0z D26 1.369 AT
AVG_FD3 -o1n nze -2Mm -.370 J11
AVG_FD4 -.001 004 -00a -.2497 JBT
AVG_FDS -.on3 00a =010 -.624 h33
AVG_RatioElong -.7389 2127 -194 -.248 J2a
ANVG PG .onan o0z -.0&aa -.264 Jaz
AVG_Vardsc -8.8E-004 Rulily] - 146 -1.882 060
AVG_DefectAres 001 Rulily] 044 213 033
AVG_Mean_Gr -onz onz - 206 - 868 384
AVG_SD_Gr 022 Bultz] A0a 2,433 014
AVG_Smooth_Gr -5.0449 8876 =106 -.5649 AT
AVG_3rd_Moment -.085 26 -2148 -3.227 001
AVG_Unifarmity_Gr -18.336 4887 - 437 -3.752 .0on
AVG_Entropy_Gr -.363 05 -536 -3.470 001
AVG_Mean_Hue .ong 0m A37 7.732 .0on
AVG_SD_Hue 001 o0z 0a3 225 B2z
AVG_Smooth_Hue -6.710 1.345 -1122 -4.990 .0on
AVG_3rd_Mament_Hue 3z 004 743 8.482 .0aa
AVG_Unifarmity_Hue - G830 1.044 =040 -.B51 A4
AVG_Entropy_Hue -.027 41 - 041 - 654 A10
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Table 15 — Coefficients table of MLR modeBouri variety

Unstandardized Standardized
Coefiicients Coefiicients

Maodel B Std. Errar Beta 1 Sii.

1 {Constant) -3.764 Aanz -4176 0o
Area 4 20E-007 oo na4 483 Ride]
length Rilii] 0o 121 2274 nz3
width 1.60E-006 0o 0o nna a493
Eccentricity -.384 n49s -108 -3.4930 aan
EquiveD 003 o B33 32482 am
Competness 003 004 013 Bay 4492
MaxDist Rilili] o -03r -.485 B27
Lengthvec Rilili] 0o -124 -2.278 023
AWG_FD1 -.003 oo -116 -2 GER nna
AWG_FDZ -.00z2 oo -o1a -1.461 144
AWG_FD3 034 012 854 27249 06
AWG_FD4 oz a0z 011 1.241 214
AWG_FDA -.003 03 -013 -1.302 143
AWG_RatioElong 2704 A48 A34 2.854 004
AWG A -.0oz2 o -5449 -1.283 96
AWG VardG oo oo - FiFi1 -G 986 Rilifi]
AWG_Defectirea nnz Rili] n4z 3430 Rili]
ANG_Mean_Gr 003 o Je1 2138 RIKK]
AWG_SD_Gr nzz 003 1.162 6.824 aan
AWG_Smoath_Gr -h.7497 3976 =217 -1.4458 144
AWG_3rd_Maoment Bl 016 195 4004 0o
AWG_Unifarmity_Gr 8096 2110 308 3837 0o
AWG_Entropy_Gr na7 n44 247 1948 naz
AWG_Mean_Hue nnz Rili] 114 1272 203
AWG_5D_Hue 03 oo B85 5.043 Rinili]
AWG_Smoath_Hue -2.202 a8 - B -2.623 oy
AWG_3rd_kMoment_Hue -0z 003 -086 -714 472
AWG_Unifarmity_Hue -1.006 20 -.264 -3.867 0o
AWG_Entropy_Hue -0z0 n1a =113 -1.096 273
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Table 16 — Correlation table - Picual

Feature’ Feature’ Correlation
Area Length 0.974
Area Width 0.971
Area EquiveD 0.988
Area AVG_MaxDist 0.966
Area AVG_LengthVec 0.981
length EquiveD 0.967
length AVG_MaxDist 0.982
length AVG_LengthVec 0.971
width EquiveD 0.962
width AVG_MaxDist 0.913
width AVG_LengthVec 0.949
Eccentricity AVG_FD1 -0.837
Eccentricity AVG_FD3 0.605
Eccentricity AVG_RatioElong -0.633
EquiveD AVG_MaxDist 0.978
EquiveD AVG_LengthVec 0.993
AVG_Av.Hue AVG_Var.Hue 0.632
AVG_Av.Hue AVG_3" 0.524
AVG_Av.Hue AVG_SD_Hue 0.626
AVG_Av.Hue AVG_Smooth_Hue 0.629
AVG_Var.Hue AVG_Smooth_Hue 0.999
AVG_MaxDist AVG_LengthVec 0.983
AVG_FD3 AVG_RatioElong -0.998
AVG_Var.G AVG_SD_Gr 0.861
AVG_Var.G AVG_Smooth_Gr 0.869
AVG Var.G AVG_Uniformity_Gr -0.549
AVG_Var.G AVG_Entropy_Gr 0.708
AVG_Mean_Gr AVG_3rd Moment -0.803
AVG_SD_Gr AVG_Uniformity_Hue -0.565
AVG_SD_Gr AVG_Entropy_Hue 0.642
AVG_Smooth_Gr AVG_Uniformity_Hue -0.538
AVG_Smooth_Gr AVG_Entropy_Hue 0.621
AVG_3rd Moment AVG_Mean_Hue 0.524
AVG_3rd Moment AVG_Entropy_Hue 0.547
AVG_Uniformity_Gr AVG_Entropy_Gr -0.968
AVG_Uniformity Gr | AVG_3rd Moment_Hue -0.576
AVG_Entropy_Gr AVG_31 0.551
AVG_Mean_Hue AVG_SD_Hue 0.625
AVG_Mean_Hue AVG_Smooth_Hue 0.628
AVG_Uniformity_Hue AVG_Entropy_Hue -0.944
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Table 17 — Correlation table - Souri

Feature’ Feature’ Correlation
AVG_RatioElong AVG_FD3 -0.997
AVG_Entropy Gr AVG_Uniformity Gr -0.984

AVG_Entropy Hue | AVG Uniformity Hue -0.962
AVG_SD _Gr AVG_Av.G -0.938
AVG_SD _Gr AVG_Mean_Gr -0.928

AVG_Smooth_Gr AVG_Av.G -0.925
AVG_Mean_Gr AVG_3rd Moment -0.921
AVG_Smooth_Gr AVG_Mean_Gr -0.92
AVG_3rd Moment AVG_Av.G -0.893
AVG Var.G AVG_Av.G -0.891
AVG_FD1 Eccentricity -0.882
AVG_Uniformity Hue| AVG_Entropy Gr -0.871
AVG_Entropy Hue AVG_ Var.G 0.869
AVG_MaxDist Area 0.879
AVG_MaxDist EquiveD 0.881
AVG_SD_Hue AVG_Entropy Hue 0.881
AVG_Entropy Hue AVG_SD_Hue 0.881
length Area 0.882
EquiveD length 0.883
width Area 0.896
EquiveD width 0.896
AVG_LengthVec length 0.904
AVG_Entropy_Gr AVG_SD_Gr 0.905
AVG_L engthVec AVG_MaxDist 0.91
AVG_Entropy Gr AVG Var.G 0.915
EquiveD AVG_LengthVec 0.962
AVG_LengthVec EquiveD 0.962
AVG_Smooth_Gr AVG Var.G 0.98
AVG_SD Hue AVG_3rd Moment_Hue 0.982
length AVG_MaxDist 0.982
AVG_SD Hue AVG_Var.Hue 0.982
IAVG_3rd Moment_Hue| AVG_Var.Hue 0.983
AVG Var.G AVG_SD_Gr 0.984

AVG_Smooth_ Hue |AVG_3rd Moment_Hue 0.985
AVG_SD Hue AVG_Smooth_Hue 0.986
AVG_SD _Gr AVG_Smooth_Gr 0.992

AVG_Av.G AVG_Mean_Gr 0.994
Area EquiveD 0.999
AVG_RatioElong AVG_FD3 -0.997

* Defined in appendix F

Dimension reduction (Factor Analysis)-Table 18 and Table 19 show the results of
the factor analysis. The results of fieual analysis indicate that there are six factors
with eigenvalues above 1. It can also be seenthieahew six factors capture 81.23%
of the variance of all features. The results of$lo@rianalysis indicate that there are
five factors with eigenvalues above 1, and theyuwap83.98% of the variance of all
features. Figure 14 and Figure 15 show the val@i¢iseoeigenvalues of the extracted
components, the steep decrease in the eigenvdities 8" factor icual) and the 8
(Sourj is obvious and indicates on the small marginalticoution of the rest of the

factors.
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Table 20 and Table 21 show the weight of each feaitu each factor. The most
significant features composing each factor arellggted. It can be seen in Table 20
that the first component in tH&cual variety analysis is comprised mostly of features
related to the size of the fruit (i.e., Area, ldndEquivalent Diameter), which support
the reasonable assumption that larger olives aomtaire olive oil. The significant
features in the™ and the % factors are related to the dispersing of the aslon the
skin of the fruit (i.e., uniformity hue and graynsothness hue and gray, entropy hue)
which are influenced mostly by the texture of thensThe most significant features
in the 4" factor are related to the average and the variahtiee colour of the olives
(i.e., mean hue mean green shade, variance huejigtiéicant features in thé"sand
the 8" factors are strongly connected to the shape ofrtlits (i.e., ratio elongation,
compactness).

Table 21 shows the components of each factor oStheifactor analysis. The most
significant features composing th& fhctor are related to the green shade of the olive
(i.e., variance, entropy and smoothness of grednxpalhe most significant features
composing the ? factor are strongly connected to the general Hubeolive (i.e.,
mean hue, Standard deviation of hue, smoothnegs Tine most significant features
composing the '3 factor are mostly related to the size of the f(ui., area, length,
Equivalent diameter). The most significant featucesnposing the 2 and the %
factors are related to the shape of the fruit,(@ecentricity, ratio elongation).
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Table 18 — Variance explained by extracted componér Picual

Total Variance Explained

Initial Eigenvalues

Extraction Sums of Squared Loadings

Rotation Sums of Squared Loadings

Component Total % of Variance | Cumulative % Total % of Variance | Cumulative % Total % of Variance | Cumulative %
1 8.140 27.132 27.132 8.140 27.132 27.132 5.864 19.546 19.546
2 5.708 19.026 46.158 5.708 19.026 46.158 4,522 15.074 34.621
3 3.815 12.715 58.873 3.815 12.715 58.873 4.029 13.430 48.051
4 2.663 8.877 67.750 2.663 8.877 67.750 4.022 13.408 61.459
5 2.218 7.394 75.144 2.218 7.394 75.144 3.926 13.087 74.546
6 1.828 6.094 81.238 1.828 6.094 81.238 2.008 6.692 81.238
7 .985 3.282 84.520
8 .814 2.713 87.234
9 .766 2.554 89.787
10 .738 2.460 92.247
11 .678 2.262 94.508
12 .583 1.943 96.451
13 429 1431 97.882
14 .199 .664 98.546
15 .148 494 99.041
16 .088 .295 99.335
17 .050 167 99.502
18 .038 125 99.627
19 .030 .100 99.728
20 .025 .084 99.811
21 .019 .062 99.873
22 .011 .037 99.910
23 .007 .025 99.935
24 .006 .020 99.954
25 .004 .014 99.969
26 .004 .013 99.982
27 .002 .006 99.988
28 .002 .006 99.994
29 .002 .005 99.999
30 .000 .001 100.000

Extraction Method: Principal Component Analysis.
a. Only cases for which Variety_Code = Picual are used in the analysis phase.
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Table 19 — Variance explained by extracted componér Souri

Total Variance Explained®

Initial Eigenvalu

es

Extraction Sums of Squared Loadings

Rotation Sums of Squared Loadings

Component Total % of Variance | Cumulative % Total % of Variance | Cumulative % Total % of Variance | Cumulative %
1 11.625 38.748 38.748 11.625 38.748 38.748 7.413 24.709 24.709
2 5.775 19.249 57.997 5.775 19.249 57.997 5.830 19.434 44.144
3 3.944 13.148 71.146 3.944 13.148 71.146 5.384 17.946 62.090
4 2.109 7.028 78.174 2.109 7.028 78.174 4.469 14.896 76.986
5 1.744 5.812 83.986 1.744 5.812 83.986 2.100 6.999 83.986
6 972 3.239 87.225
7 .835 2.783 90.008
8 .696 2.320 92.328
9 .569 1.898 94.226
10 475 1.585 95.811
11 416 1.387 97.198
12 .243 811 98.009
13 .194 .646 98.654
14 112 374 99.028
15 .091 .302 99.330
16 .049 164 99.494
17 .038 126 99.620
18 .035 116 99.736
19 .020 .066 99.802
20 .016 .052 99.854
21 .015 .050 99.904
22 .009 .029 99.933
23 .008 .027 99.960
24 .004 .013 99.973
25 .003 .011 99.984
26 .002 .006 99.990
27 .002 .005 99.995
28 .001 .004 99.998
29 .000 .001 99.999
30 .000 .001 100.000

Extraction Method: Principal Component Analysis.
a. Only cases for which Variety_Code = Souri are used in the analysis phase.
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Table 20 — Sig

nificance of extracted factors Ricual

Feature Component
1 2 3 4 5 6
Area 0.952 | 0.084| -0.213 0.16 0.056 -0.0[L9
length 0.934 | 0.069| -0.194 0.12] 0.212 0.048
width 0.933 | 0.097| -0.224 0.17¢ -0.096 -0.0p3
Eccentricity 0.022 | -0.109| 0.027] -0.08{ 0.827 | 0.342
EquiveD 0.959 | 0.074| -0.199 0.14] 0.062 -0.013
Compctness -0.028| 0.204| -0.171 -0.03] 0.355 | 0.305
MaxDist 0.934 | 0.058| -0.193 0.12] 0221 0.071
LengthVec 0.940 | 0.098| -0.217 0.13f 0.111  0.0%3
AVG_FD1 -0.041| 0.067 0.041 0.06] -0.810| -0.327
AVG_FD2 -0.049| -0.068] 0.075 -0.09p -0.04 0.786
AVG_FD3 0.134 | -0.020f -0.023 -0.00f 0.909 | -0.217
AVG_FD4 0.029 | 0.035| -0.074 0.06 0.10 0.596
AVG_FD5 0.034 | -0.006| -0.013 0.037 -0.04 0.691
AVG_RatioElong -0.135| 0.023| 0.022 0.004 -0.926| 0.181
AVG_AV#G -0.186| -0.108] -0.229 -0.863| 0.044| -0.002
AVG_Var#G -0.003| 0.883 | 0.329| -0.114 -0.03p -0.014
AVG_DefectArea 0.199 | 0.190| -0.384 0.29 -0.032 0.004
AVG_Mean_Gr -0.231| -0.118] 0.013 -0.895| 0.025] -0.015
AVG_SD_Gr 0.134 | 0.878 | 0.217( 0.3000 -0.058 -0.019
AVG_Smooth_Gr 0.125] 0.881 | 0.178| 0.266 -0.058 -0.014
AVG_3rd_Moment 0.230 | 0.418| -0.149 0.789 | -0.052| 0.006
AVG_Uniformity_Gr 0.165 | -0.397| -0.568 | 0.624 | -0.008| 0.019
AVG_Entropy_Gr -0.133| 0.558| 0.567 | -0.538] -0.003 -0.02p
AVG_Mean_Hue -0.177| 0.350| 0.297] 0.624 | -0.117] -0.019
AVG_SD_Hue -0.238| 0.178] 0.880 | 0.287| -0.08 -0.048
AVG_Smooth_Hue -0.272| 0.097| 0.884 | 0.266| -0.08 -0.04B
AVG_3rd_Moment_Hue | -0.204 | -0.081] 0.920 | -0.096] -0.044 -0.05p
AVG_Uniformity_Hue -0.137| -0.770| 0.322| -0.124 0.004 -0.047
AVG_Entropy_Hue 0.095| 0.787 | -0.289| 0.301 0.00} 0.04P

59



Table 21 — Significance of extracted factors Souri

: Component
Feature
1 2 3 4 5
Area 0.033 | 0.060| 0.989 | -0.009] -0.071
length 0.021 | 0.037]| 0.898 | 0.391 | 0.082
width 0.014 | 0.061| 0.887 -0.374 -0.113
Eccentricity -0.061| -0.026| 0.060 0.896 | 0.287
EquiveD 0.044 | 0.066]| 0.989 | -0.010] -0.064
Compctness -0.297| -0.068] 0.045 0.21§ 0.244
MaxDist 0.016 | 0.034] 0.903 | 0.384]| 0.093
LengthVec -0.068| 0.028| 0.963 | 0.081| 0.024
AVG_FD1 0.062 | 0.050| -0.069 -0.894 | -0.227
AVG_FD2 0.045 | 0.058]| -0.054 0.04(¢ 0.807
AVG_FD3 0.011 ( 0.011| 0.071 0.880 | -0.342
AVG_FD4 0.007 | -0.013] -0.014 0.024 0.561
AVG_FD5 0.022 | 0.008 0.008 -0.12| 0.748
AVG_RatioElong -0.005| -0.006| -0.074 -0.907 | 0.299
AVG_AV#G -0.730| -0.609] -0.109 0.08¢4 0.01p
AVG_Var#G 0.859 | 0.436 0.014 -0.11p -0.0Q3
AVG_DefectArea 0.587 | 0.413] -0.004 -0.05p 0.007
AVG_Mean_Gr -0.694| -0.633] -0.129 0.07§ 0.008
AVG_SD_Gr 0.841 | 0.498 0.035 -0.098 0.00L
AVG_Smooth_Gr 0.800 | 0.524] 0.049 -0.11p -0.0Q3
AVG_3rd_Moment 0.479 | 0.705 0.123| -0.104 -0.01p
AVG_Uniformity_Gr -0.926| -0.159| 0.004 0.03% -0.001
AVG_Entropy_Gr 0.938 [ 0.239]| -0.004 -0.04p 0.00B
AVG_Mean_Hue -0.194| 0.921 ( 0.011| 0.054 0.03
AVG_SD_Hue 0.473 | 0.856 | 0.074| -0.029 0.001
AVG_Smooth_Hue 0.390 | 0.901 | 0.065| -0.043 0.00
AVG_3rd_Moment_Hue | 0.413 | 0.856 | 0.082| -0.024 0.00
AVG_Uniformity_Hue -0.830| -0.391f 0.017] 0.03 -0.045
AVG_Entropy_Hue 0.740 | 0.579]| 0.019 -0.02f 0.007

* Defined in appendix F
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4.2 Prediction models

Multiple Linear Regressions

Picual

Original data set—

Table 22 shows the results of five MLR models basedthe original data set
comprised of the 29 features. Each model was esiaol based on an 80% randomly
drawn data set and tested on the remains 20%. Wérage linear correlation was

0.757 with an average standard error of 0.138 grams

Table 22- Original data set MLR results -Picual
Run #1 | Run #2 | Run #3 | Run #4 | Run #5 | Average

R 0.751 0.783 0.752 0.744 0.75p 0.757
Standard error | 0.139 0.133 0.14 0.137 0.14P2 0.138

Stepwise selected featuresTable 23 shows the results of five MLR modelsaoid

by the stepwise method. The average linear comwalavas 0.753 with an average
standard error of 0.138 grams, which is slightlyrseo(not statistically significant)
than the original data set based model (0.757 &8&).1 The best out of the five
models was comprised of only 9 features (
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Table 24) as compared to 29 in the original data se

Table 23- Stepwise MLR results Picual

Run #1 | Run #2 | Run #3 | Run #4 | Run #5 | Average
R 0.734 | 0.733| 0.784 0.76 0.75p 0.753
Standard error | 0.147 | 0.138| 0.136f 0.133 0.138 0.138
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Table 24 shows the selected features by the besiviste model oPicual. The best
model is comprised of 9 features which are relatedize color and texture of the
olives. Area and width are related to the sizehefdlive; Mean Hue and Mean green
are related to color of the skin, Defect area, tmifity Gr, 3° moment hue and'3

moment are related to the texture of the skin.
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Factor analysis set Table 25shows the results of five ANN models obtained by th
new set of factors which was produced by the FAe @herage linear correlation was
0.732 with an average standard error of 0.142, hiscstatistically worse (P value =
0.01) than the original data set based model (0&537.138). The models were

Table 24— Selected model by stepwis®ieual

Features Coefficient | stdv | Sig.
(Constant) -0.112 0.0740.131
width 9.56E-04 0 0
AVG_Mean_Gr -247E-03| O 0
AVG_DefectArea 5.60E-04 0 0.038
Area 7.85E-07 0 0.001
AVG_3rd_Moment -2.82E-02| 0.0140.049
AVG_Smooth_Hue -6.61 0.6670
AVG_3rd_Moment_Hue 3.25E-02 0.004 0
AVG_Mean_Hue 9.53E-03 0.0010
AVG_Uniformity_Gr -2.728 0.985 0.006

comprised of only 6 variables compared to 29 thgmal data set.

Table 25 - FA set MLR results Picual

Run #1 | Run #2 | Run #3 | Run #4 | Run #5 | Average
R 0.73 0.722| 0.724) 0.734 0.7 0.732
Standard error | 0.144 | 0.144| 0.148  0.137 0.137 0.142

Table 26 shows the coefficients of the best motiekan be seen that not all

coefficients are statistically significant antl Bctor can be excluded from the model

(P value > 0.1).

Table 26— Best FA MLR model -Picual

Features | Coefficient | stdv | Sig.

(Constant)  0.622 0.004 O
FAC1_2 0.130 0.004 O
FACS5_2 6.12E-02| 0.004 O
FAC3_2 | -3.90E-02| 0.004 O
FAC2_2 2.16E-02| 0.004 O
FAC4_2 | 6.95E-03| 0.0040.058
FAC6_2 | -1.82E-03| 0.0040.621
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Souri

Original data set — Table 27 shows the results of five MLR modelsdaaon the
original data set comprised of the 29 featureshbaodel was established based on
80% randomly drawn data set and tested on the &B&6. The average linear

correlation was 0.865 with an average standard efr@.082 grams.

Table 27 - Original data set MLR results Souri
Run #1 | Run #2 | Run #3 | Run #4 | Run #5 | Average

R 0.847 | 0.881| 0.864 0.86 0.876 0.865
Standard error | 0.085 | 0.079| 0.083 0.08% 0.078 0.082

Stepwise selected featuresTable 28 shows the results of five MLR modelsneed
by the stepwise method. The average linear coiwelavas 0.861 and the average
standard error was 0.0861, which is slightly wajrset statistically significant) than
the original data set based model (0.865 & 0.08B¢ best out of the five models was
comprised of only 11 features (
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Table 29) compared to 29 in the original data set.

Table 28- Stepwise MLR results Souri

Run #1 | Run #2| Run #3 | Run #4 | Run #5 | Average
R 0.855 | 0.873| 0.843 0.856  0.881 0.861
Standard error | 0.082 | 0.081| 0.087] 0.083 0.076 0.081
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Table 29 shows the selected features by the bestviste model oBouri The best
model is comprised of 11 features which are rel&veall categories of features. The
EquivD is related to size of the olive, Eccentyidg related to the shape of the olive,
Av_mean Gr is related to the color of the olive &nd moment, Defect area, SD hue,
Uniformity hue, Smooth hue, SD Gr, Var G and Enyr@r are derived from the
texture of the skin. The color of the skin has dihyited effect on the oil amount by
this model, which expressed by average green sbadee skin. However, the
derivatives of the color such as standard deviaimh uniformity have a wide effect

on the oil amount.
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Factor analysis set Table 30shows the results of five ANN models obtained by th
new set of factors which was produced by the FAe @herage linear correlation was
0.847 with an average standard error was 0.085chwis slightly worse (not

statistically significant) than the original datet ¥ased model (0.865 & 0.082). The

Table 29— Selected model by stepwiseSeuri

Features Coefficient | stdv | Sig.
(Constant) -0.851 0.094 0
EquiveD 2.94E-03 0 0
AVG_3rd_Moment 3.47E-02| 0.0130.006
Eccentricity -0.268 0.035 0
AVG_DefectArea 2.54E-03| 0.001 O
AVG_Smooth_Hue -1.654 0.252 0
AVG_SD_Hue 2.63E-03 0 0
AVG_Uniformity_Hue| -0.844 0.094 O
AVG_SD_Gr 2.12E-02| 0.002 O
AVG_Var#G -2.55E-04 0 0
AVG_Entropy_Gr -6.22E-02) 0.014 O
AVG_Mean_Gr 1.00E-03 0 0

models were composed of only 5 variables compar@® tthe original data set.

Table 30- FA set MLR results Souri

Run #1 | Run #2 | Run #3 | Run #4 | Run #5 | Average
R 0.871 | 0.84 0.843 | 0.836| 0.849 0.847
Standard error | 0.079 | 0.088 | 0.089 | 0.088 0.084 0.085

* - defined in appendix F
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Table 31 shows the coefficients of the best mod#lcoefficients are statistically

significant.

Table 31— Best FA MLR model -Souri
Features| Coefficient | stdv | Sig.
constant 0.669 0.002 O
FAC3 1| 1.07E-01| 0.002 O
FAC1 1| 6.03E-02| 0.002 O
FAC2_1 0.055 0.002 O
FAC5 1| -1.31E-02| 0.002 O
FAC4 1 0.0117 0.002 0O

Artificial Neural Networks

Picual

Original data set— Table 32 shows the results of five ANN modelsdabthe original
data set which comprised of the 29 features. Tleeage linear correlation was 0.722
with an average standard error of 0.143 grams. pdréormances are statistically
worse than the original data set MLR model (0.75@.&38). The P value is equal to

0.03 and 0.04 for the R T test and standard ertesfrespectively.
Table 32- Original data set ANN results Picual

Run #1 | Run #2 | Run #3 | Run #4 | Run #5 | Average
R 0.694 | 0.735 | 0.7287 0.6998 0.7532.722
Standard error | 0.141 | 0.14 0.143 | 0.1484 0.14390.143

Stepwise selected featuresTable 33 shows the results of five ANN modelsaotgd
by the 9 features selected by the stepwise meffuelaverage linear correlation was
0.734 with an average standard error of 0.139 grarhih is worse (not statistically
significant) than the original data set based ML&de1 (0.757 & 0.138).

Table 33- Results of ANN model based on stepwisdesged features Picual

Run #1 | Run #2 | Run #3 | Run #4 | Run #5 | Average
R 0.7689 | 0.6833| 0.7668 0.7517 0.7009.734
Standard error | 0.1332 | 0.1466| 0.1329 0.1311 0.152D.139
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Factor analysis set Table 34shows the results of five ANN models obtained by th
new set of factors which was produced by the FAe @terage linear correlation was
0.758 with an average standard error of 0.1366,chvhs slightly better (not

statistically significant) than the original datt ®ased MLR model (0.757 & 0.138).

The models were composed of only 6 variables coetpiar 29 the original data set.

Table 34- FA set ANN results Picual
Run #1 | Run #2 | Run #3 | Run #4 | Run #5 | Average

R 0.764 | 0.7565| 0.7537 0.752] 0.7680.758
Standard error | 0.1341 | 0.1334| 0.1341 0.1401 0.1418.1366
Souri

Original data set— Table 35 shows the results of five ANN modelsdubthe original

data set which comprised of the 29 features. Tleeage linear correlation was 0.855
with an average standard error of 0.0828 gramssd hesults are slightly worse (not
statistically significant) than the original datt ased MLR model (0.865 & 0.082).

Table 35 - Original data set ANN results Souri
Run #1 | Run #2 | Run #3 | Run #4 | Run #5 | Average

R 0.8617 | 0.8565| 0.8591 0.836] 0.8619.855
Standard error | 0.0835 | 0.0838| 0.0821 0.0873 0.0779.0828

Stepwise selected featuresTable 36 shows the results of five ANN modelseblasn

the features obtained by the stepwise method. Tleeage linear correlation was
0.857 with an average standard error of 0.0832,chvhs slightly worse (not
statistically significant) than the original datt sased MLR model (0.865 & 0.082).

Table 36- Results of ANN model based on stepwisdesded features Souri
Run #1 | Run #2 | Run #3 | Run #4 | Run #5 | Average

R 0.8681 | 0.873 | 0.8243 0.846b 0.8758.857
Standard error | 0.0785 | 0.0819| 0.0897 0.0884 0.077D.0832
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Factor analysis set Table 37shows the results of five ANN models obtained by th
new set of factors which were produced by the Hfe &verage linear correlation was
0.861 with an average standard error of 0.080, wisislightly better (not statistically

significant) than the original data set based m@d&65 & 0.082). The models were

composed of only 5 variables compared to 29 thgirai data set.

Table 37- FA set ANN results Souri

Run #1 | Run #2 | Run #3 | Run #4 | Run #5 | Average
R 0.8614| 0.8476 0.8802 0.8579 0.85P90.861
Standard error | 0.0807| 0.082| 0.0766 0.0822 0.08080.080

Results' summary -Table 38 shows a summary of the results. It casdes that in

both varieties the ANN model based on the FA facsbrowed the best performance.

Table 38 - Average standard errors

Original data set| Stepwise set FA set

MLR ANN | MLR | ANN | MLR | ANN
Picual | 0.138 0.143 | 0.138 0.139 | 0.142 0.1366
Souri | 0.082 | 0.0828| 0.0810.0832| 0.085| 0.080
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4.3 Sensitivity analysis

MLR

Picual

Training/Testing proportions — Figure 16 shows the results of MLR models based
on different proportions between training and tegtets of thé’icual variety. The
results are the average standard error of ten modhich were obtained using
different randomly drawn data sets. It can be $e®n the results that the MLR based
on the original data set which comprised from tBef@atures is better than the FA
based MLR models. Its supremacy is expressed amlthe 67:33, 70:30 and 80:20
proportions, and it is statistically significant yBlue = 1.8e-4). The best results were
obtained by the original data set based model witroportion of 80:20 between
training and testing. The model showed a standaat ef 0.1362 grams which was

not statistically better than the other models.
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Figure 16 - Results of MLR with different proportions between training and testing Picual
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Figure 17shows the results of MLR models based on diffepgoportions between
training and testing sets of ti8®uri variety. It can be seen that the original data set
based model were consistently better than FA basedels. Their supremacy is
statistically significant (P value = 0.004). Thesbeesults were obtained by the
original data set based model with a proportio@@fL0 between training and testing.
The model showed a standard error of 0.0812 granishvwvas not statistically better
than the other models.
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Figure 17- Results of MLR with different proportions between training and testing Souri
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ANN

Training/ Validating / Testing

Picual

Figure 18 shows the results obtained from ANN medehined with different
proportion of data sets. 4 ratios were conside8dd33:33, 40:30:30, 60:20:20 and
80:10:10. The results are the average standard @rten networks that were trained
each with ten different sets. It can be seen thetet proportions produce more
accurate predictions, and the full model which mrencomplex improves more than
the simple FA model. The FA model is more accuttad® the full model and the best
model was obtained with the proportion of 80:10wllfich obtained a standard error

of 0.137 grams.
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Figure 18 — Results of ANNs with different proporton between trainnig validation and testing —

Picual
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Souri

Figure 19 shows the results obtained from ANN medehined with different
proportion of data sets. 4 ratios were conside8dd33:33, 40:30:30, 60:20:20 and
80:10:10. The results are the average standard @rten networks that were trained
each with ten different sets. It can be seen thetet proportions produce more
accurate predictions, and the full model which mrencomplex improves more than
the simple FA model. The FA model was more accutea the full model when the
proportions were 34:33:33, 40:30:30 and 60:20:2@4Re < 0.01). The best model
was obtained with the proportion of 80:10:10 whuibtained a standard error of
0.0823 grams.
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Figure 19 — Results of ANNs with different proporton between trainnig validation and testing —
Souri
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Topology

Picual

ANNs with different topologies were considered: 281, 29:20:2, 29:15:1, 29:10:1,
29:5:1, 29:3:1, 29:2:1 and 29:1. Figure 20 shovesrédsults of ANN models with the
mentioned topologies. The results are the averagelard error of ten networks that
were trained each with ten different sets. It carséen that models based on FA are
consistently better than the original data set ¢thamedels (P value <0.01). The best
model was the model with topology of 29:29:1 whalbtained a standard error of

0.1386 grams which was not statistically significan
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Figure 20 - Results of ANNSs in different topologig (Input, Hidden and Output) - Picual
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Souri

Figure 21 shows the results of ANN models with thentioned topologies. The

results are the average standard error of ten mke$wbat were trained each with ten

different sets. It can be seen that models basdéfoare consistently better than the

original data set based models (P value <0.01). bEst model was the model with

topology of 29:15:1 which obtained a standard eofod.0813 grams which was not

statistically significant.
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Figure 21 - Results of ANNSs in different topologie§input, Hidden and Output) - Souri
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Transfer function

Picual

ANN models with thredransfer functions were considergdeach layer. Tangents
sigmoid, Log sigmoid and pure line. Figure &#ws the results of the results ANN
models with the mentioned transfer functions. Tésults are the average standard
error of ten networks that were trained each wethdifferent sets. It can be seen that
the transfer functions that obtained the best ptigh accuracy for FA based models
are the log sigmoid in the first layer and the plime in the second layer and a pure
line transfer function in both layers for origirddta set based models. The FA based
model with the structure of log sigmoid, log sigoh@howed the best performance
with a standard error of 0.1377 grams. The resuise not statistically significant.
The supremacy FA based models was not consistemtigh all structures and in
some structures the full features based model dholetter performance. The
structure of pure line as the transfer functiontre first layer and log sigmoid as
transfer function of the second layer showed exétgnpoor performance in both

varieties.
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Figure 22 — Results of different transfer functions- Picual
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Souri

Figure 23shows the results of the results ANN models with mhotioned transfer
functions. The results are the average standaod eften networks that were trained
each with ten different sets. It can be seen thatstructure of log sigmoid as the
transfer function of the first layer and pure le the transfer function of the second
layer has the best prediction accuracy for FA basedels, and transfer function of
log sigmoid in both layers for original data sesd&@ models. The FA based model
with the structure of log sigmoid, pure line show@ best performance with a
standard error of 0.0779 grams. The results wexrigsstally significant (P value <
0.01). The structure of pure line as the transterction of the first layer and log
sigmoid as transfer function of the second layemsdd extremely poor performance
in both varieties.
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Figure 23 — Results of different transfer functions- Souri
4.4 Best prediction model
T tests were performed in order to determine thst Ipeoportion, topology and
structure of the prediction model for each varidtige best prediction model for each
variety is proposed based on the results. For gaagbty the network structure that
had best performance was chosen and trained 10$stim each of the training
sessions with different initial weights. Based be assumption that new inputs will

have the same attributes as the current input, efttte final networks was simulated
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on 100 random sets drawn from the inputs and tiwank with the lowest average

standard error was selected.

Picual Model

The best prediction model fd?icual olives was composed of a network with a
topology of 29:1 with a log sigmoid transfer furmetiin both layers and proportion of
80/10/10 between training validating and testinig\Fe 24).

e 13 ] L2, 11

b1l b2}

Figure 24 — Structure of best model Picual

The selected network showed an average standanda$r9.1201 gr. with a standard
deviation of 4.36e-04. This performance reflechsm@ar correlation of 0.817 between
the predicted value and the actual value of theaoibunt (Figure 26) which is a
decrease of 11.4% from the standard error of tHeMiluR model. The weights and

biases of network can be found in appendix G.
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Souri Model

The best prediction model fdBouri olives was composed of a network with a
topology of 29:1 with a log sigmoid transfer furetiin the first layer and a pure line
transfer function in the second. The proportiorweetn training validating and testing
was 60/20/20 (Figure 25).

g1, 13 W LTz, 1}
a S
b1l b2}
g 20 1

Figure 25 — Structure of best model Souri

The selected network showed an average standayd adr0.0764 gr. with standard
deviation of 3.14e-04. This performance reflechsm@ar correlation of 0.876 between
the predicted value and the actual value of theaoibunt (Figure 27) which is a
decrease of 9.7% from the standard error of theMlWR model. The weights and

biases of network can be found in appendix G.
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5. Discussion

The experimental results obtained in the presemtystlearly show that the olive oil
percent increases constantly throughout the oligesving season until the oll
accumulation stops at a certain point. As claimgd/@issen(2004) andMailer (2005)
the reason for this is the decline in the olivesighit due to loss of moisture in the
rotting process. The conclusion from these findirsgthat seeking the maximum oll
percent will not necessarily lead to full explaibat of the oil potential in the olives'
grove.

The olives fallout rate is rarely considered wheoking for the optimal harvest time.
Many studies intending to find the optimal harvegtiime did not consider this issue
as a factor (Mailer et al., 2005; Romero & DiazQ20Salvador et al., 2001Beltran

et al (2004) addressed this issue and suggested that giowes should be harvested
earlier because of the increasing fallout. In therent experiment the fallout was
found constant at the beginning of the season, rdqpitlly increased before the oil
fully accumulated in the olives. Hence, in orderd&termine the point when the oil
potential is at its maximum level, it is necess@argletermine the point where the rate
of potential oil loss caused by olives fallout el to the rate of potential oil gained
by the natural process of oil accumulation in that$. To calculate this equilibrium it
is necessary to know the fruits' weight on the.tree

Fallout rate and the proportion of black olivegteen olives were found very similar
in their behavior. The small nhumbers of observatigmevent a valid statistical
analysis, however based on the similar behavimag concluded that there is a good
chance to establish a prediction model for theotdlirate based on this proportion,
and such data may provide the main information &gy to determine the optimal
harvesting time.

The features extracted from the images of bothssiolethe olives were found
statistically different. The meaning of this phereran is that although the pictures of
both sides were taken consecutively one after therpand the only action taken in
between is manual reversal of the olives on théeplere is a consistent change
between the extracted features. A possible causdhfe phenomenon could be
inaccuracies in the measurements caused by tloé emtersing the olives. This could

have been caused by the changed photographing aegldting from slight
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movements in the position of the plate relativetie camera. Even though these
differences were minor and probably did not siguaifitly affect the results, it is
important that they are eliminated in future expemts so the plate should have a
fixed position. To the best of our knowledge noartp of such phenomenon were yet
reported.

In the MLR test it was found that there is an adaga to combine values of features
received from the analysis of both sides of theeolmages. This advantage raises the
need to further investigate if a larger number mmages of each olive and more
sophisticated combination of data will increaseabeuracy of the model.

Many of the features were found extremely highlyrelated between themselves.
This high correlation is derived from natural redas that exist between some
features. An example for such a relation is thati@h between the area, length and
width. This relation is not perfect because thepshaf the olive is undefined and
there is not a specific formula that describes tiligtion, but it is probable to find that
increase in one will be followed by increase in tither and vice versa. In color
related features there is also high correlationvddrfrom the natural ripening process
of olives. When the olive changes its color fromlowe to purple it also becomes
darker, which implies that its average hue increas®yether with its average
brightness (which is represented by the averagg fgature). When the olive
changes its color from green to yellow it becomeghter which implies its average
green decreases when its average gray increasés.phbnomenon affects the
standard deviations of the coefficients in the MinBdel and in fact reduces the level
of certainty of its accuracy. The implication othua situation can cause the model to
over fit the data set and a probable reductiortsraccuracy on different sets with
different multi-collinearity (Yu, 2008), which mube considered in future research.
The problem of high multi-collinearity was treatied Principal Component Analysis
(PCA) in order to extract a new uncorrelated sdeafures (factors). Each factor is a
linear combination of the original features. Thatretep was rotation of the axes in a
way that highlights the most important featureseath factor, and enables simple
interpretation of each factor. The Factor AnalyEi&) process created a set of factors
which are rated by their effect on the oil amoumthe olive and are comprised from a
group of features related to characteristics ofotlhes.
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Based on the FA the order of importance of the adtaristics affecting the oil
amount inPicual olives is: size, texture, color and shape an8aariolives is: color,
texture, size and shape. In both varieties shapefoumd the least significant feature
and texture was rated second. The difference ointipertance of the color feature in
both varieties could be caused from different reaswhich could be natural or
experiment dependent such as late sampling periochvprevented it from covering
the whole range of color changes. The changesiwvéoklong the ripening period
were studied byeltranet al. (2004) andMailer et al. (2005). They documented the
average weight and the average MI of several vesiefThey found out that the
changes in the mentioned attributes occurs atrdiftetimes and depend on the
variety and the water abundance. These findingsrafme with the claim of late
sampling.

The aim of this research was to examine the ahiitpredict the oil amount in a
certain olive based on the features extracted fitsnmmage. The models that were
examined in this work were Artificial Neural Netvko(ANN) and Multiple Linear
Regression (MLR). Several network structures weasted with two input sets
(original data set and factors extracted by FA).

The chosen ANN best model of both varieties had @8aller standard error when
compared to actual oil amount (determined from NMRY was consistent over
different data sets (differences between perforresaion different data sets were close
to zero). One concern that should be considereardefsing these prediction models
on new data sets is changes in the characterddtibe data due to natural differences
between groves or seasons (Rial & Flaque, 2003sé Wifferences if exist should be
considered in future research.

Significant difference between the varieties wasnfb consistently. The oil amount
was found different by the ANOVA test, when diffetdactors were extracted for
each variety and eventually a different networkidtire was found as the best model
for each variety. These findings indicate on profbulifferences in the qualities and
appearances of different olive varieties. Thesdifigs are supported by the findings
of Laykin et al.(2008) which developed classification models forvatieties of table
olives. In Laykin’s model maximum accuracy was ai#d only when each variety

had a different model.
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6. Summary and Future Work

6.1 Summary

In this work, a prediction model of the oil contentan intact olive was established
based on the features extracted by processingnageas. SampleSouri and Picual
olives varieties were taken weekly during a 9 weegening season. The sampled
olives were photographed from both sides by a cdigital camera and their oil
content was measured later (after 72 hours) by INRRIN

Twenty nine features derived from the size, shégdure and color were received
from the image processing program for each imagthefolive. Since there was a
significant difference between the same featurediféérent sides a combination of
the different sides' features was included in thedigtion model. This included the
maximum value of size related features and theaavewalue of other features. The
combined features presented better fitting in areggon when the model was
compared to all single side features regressionetsod

The oil content in both varieties were analyzedANOVA and found statistically
different, which indicated two separate populatiohgh correlations between
features were found due to natural embedded effeatds between features which
were treated by factor analysis. The 29 featuresawh variety were analyzed by
factor analysis which included PCA and axes rotafiwhich was made by Equamax).
This analysis produced new sets of five and sixotnetated factors composed from
the original 29 of the&Souri and thePicual, respectively. Each factor was comprised
mostly from features derived from one characterisfi the olive where the texture
was found highly affecting the oil amount and thapge was found the least affecting
the oil amount.

The ANN prediction models of the oil amount basedtbe new factors and the
original features was found better than a multlplear regression (MLR) model for
all input sets.

The network’s structure which showed the best pmidace for each variety was
selected. The finaPicual model had a standard error of 0.1201 grams witimesat
correlation 0.81 and th8ouri model had a standard error of 0.0764 grams with a
linear correlation of 0.87.The chosen models wé8 better than the MLR models.
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6.2 Future Work

In order to validate the repeatability of the madel different seasons, it is necessary
to perform an additional experiment. The experinsduld include samples 8buri
and Picual olives from the same groves which will be photpied in the same
conditions. The images will be processed and themeted features will be used to
calculate the estimated oil amount by the propaosedel. The results of the model
will be compared to the real value which will be asered by any other accurate
technique such as NMR.

The benefit of higher resolutions images of eadweokcan be examined in an
experiment. The experiment can be conducted imé#asi methodology, but instead
taking higher resolution pictures of each oliveeTbenefit of improving resolution
can be measured by establishing models based anfrdam the new pictures and
compare them to the current models. Eventuallyofitenal resolution of pictures can
be found. In the same way, different methods fanlwiming the data from pictures of
different sides can be compared and the best metotie found.

In this research we found a correlation betweenothves' fallout and the proportion
of black olives. An additional experiment should dmnducted to establish a model
which will be able estimate the fall out rate awmgeéther with the current model
estimate the total loss of potential oil. The expent should include collecting the
fallout of certain amount of trees every week fevesal weeks and in parallel taking
samples of olives from the same trees. The prapodf black olives in each sample
will be calculated and the correlation to the fatlavill be found. The amount of
selected trees should be large enough to enahte statistical analysis, and the time
range should be long enough to capture all the ggwmm colors and in the fallout
rate. The difference between varieties should besidered. The current image
processing can be used for color classificatiothefolives in the sample in order to
save on labor in the future.

In order to estimate to the total amount of oilgmtial in the grove it is necessary to
design a sampling plan which will cover enough ediand enough trees in the grove.
The plan should consider the variance between tmadsthe variance within trees.
These variances can be analyzed by two way ANO\AA ased on the variances it
will be possible to establish a confidence interehthe average oil amount in the

olives in the grove. Although the knowledge of #werage oil amount is sufficient in
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order to make a decision on the best harvest timeetstimation of the total oil

potential can provide extra information which can useful for income estimation.
This can be obtained by estimating the amountigéslon the trees and multiplies it
by the average oil amount. This requirement issti@tightforward and will probably

be the most difficult.

The current results showed an obvious differencéhen obtained models of each
variety. This issue can be a problem for growere @lrow several varieties in their
grove which is a common practice. This issue carsdieed by designing a single
general model for all olive varieties. One opti@n $uch a model is to combine the
proposed model with an olive variety classificatrmodel which will be applied as a
preliminary stage before estimating the oil amourtie general process should
include image acquisition, image processing, feaaxtraction, variety classification

and oil content estimation by the appropriate modke significant differences that

were found between varieties will enable to eadéyelop such a model.
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8. Appendices

Appendix A. MLR results
Picual
FA Runl | Run2 | Run3 | Run4 | Run5 | Run6 | Run7 | Run8 | Run9 | Run 10
67:33 | 0.147 | 0.146 | 0.147 | 0.144 | 0.143 | 0.148 | 0.143 | 0.143 | 0.143 0.148
70:30 | 0.144 | 0.152 | 0.149 | 0.141 | 0.145 | 0.143 0.14 | 0.143 | 0.147 0.15
80:20 | 0.146 | 0.141 | 0.147 0.15 | 0.141 | 0.141 | 0.144 | 0.149 | 0.149 0.151
90:10 | 0.135 | 0.139 | 0.134 0.14 | 0.139 | 0.128 | 0.138 | 0.133 | 0.145 0.144
Full Runl | Run2 | Run3 | Run4 | Run5 | Run6 | Run7 | Run8 | Run9 | Run 10
67:33 | 0.137 | 0.133 | 0.144 | 0.134 | 0.136 | 0.135 | 0.136 | 0.138 | 0.138 0.132
70:30 | 0.132 | 0.141 | 0.141 | 0.147 | 0.131 0.14 | 0.132 | 0.142 | 0.133 0.141
80:20 | 0.129 | 0.141 | 0.133 | 0.143 | 0.136 | 0.133 | 0.134 | 0.139 0.13 0.144
90:10 | 0.139 | 0.143 0.14 | 0.138 | 0.129 0.14 | 0.127 | 0.153 | 0.141 0.13
Souri
FA Runl | Run2 | Run3 | Run4 | Run5 | Run6 | Run7 | Run8 | Run9 | Run 10
67:33 | 0.086 | 0.088 | 0.085 0.09 0.09 | 0.088 | 0.086 | 0.089 | 0.084 0.091
70:30 | 0.086 | 0.087 | 0.086 | 0.092 | 0.092 | 0.088 | 0.086 | 0.084 | 0.088 0.087
80:20 | 0.086 | 0.087 | 0.084 | 0.089 | 0.081 | 0.084 | 0.085 | 0.088 | 0.085 0.085
90:10 | 0.088 | 0.089 | 0.089 | 0.091 | 0.088 0.09 | 0.083 | 0.085 | 0.082 0.083
Full Runl | Run2 | Run3 | Run4 | Run5 | Run6 | Run7 | Run8 | Run9 | Run 10
67:33 | 0.083 | 0.082 | 0.083 | 0.085 | 0.083 0.08 | 0.081 | 0.082 | 0.083 0.081
70:30 | 0.083 | 0.081 | 0.083 | 0.083 | 0.087 | 0.082 | 0.082 | 0.086 | 0.081 0.078
80:20 | 0.079 | 0.085 | 0.085 | 0.079 | 0.086 | 0.076 | 0.083 | 0.081 | 0.081 0.087
90:10 | 0.087 | 0.085 | 0.082 | 0.083 | 0.081 | 0.074 | 0.076 | 0.077 | 0.082 0.085
Appendix B. ANN results
Original data set
Picual 0.1425 | 0.1553 0.149 | 0.1511 | 0.1579 | 0.1471 | 0.1462 | 0.1475 0.15 0.152
29:1 0.1536 0.15 | 0.1434 | 0.1518 | 0.1462 | 0.1435 0.151 | 0.1586 | 0.1519 | 0.1635
logsid,logsig | 0.1653 | 0.1526 | 0.1443 | 0.1477 | 0.1452 | 0.1403 | 0.1548 | 0.1453 0.142 | 0.1407
34:33:33 0.1429 | 0.1576 | 0.1442 | 0.1435 | 0.1507 | 0.1447 | 0.1382 | 0.1441 | 0.1857 0.15
0.150874 | 0.1519 | 0.1499 | 0.1497 | 0.1503 | 0.1502 | 0.1435 0.147 | 0.1496 | 0.1506 | 0.1558
0.013805 | 0.1461 | 0.1527 | 0.1462 | 0.1503 | 0.1533 | 0.1543 | 0.1517 | 0.1526 | 0.1511 | 0.1494
0.1504 | 0.1471 | 0.1433 | 0.1424 | 0.1543 | 0.1544 | 0.1473 | 0.1487 0.153 | 0.1461
0.1426 | 0.1592 | 0.1459 | 0.1471 | 0.1529 | 0.1493 | 0.1586 | 0.1494 | 0.1448 | 0.1586
0.1522 | 0.1419 | 0.1507 | 0.1504 | 0.1551 | 0.1505 | 0.1612 | 0.1925 | 0.1398 | 0.1504
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| 0.1388 |

0.1403 |

0.1448 ‘ 0.1494 ‘ 0.1451 ‘ 0.1327 ‘ 0.1474 ‘ 0.2624 ‘ 0.1474

| 0.1409

Picual 0.1498 | 0.1413 | 0.1376 | 0.1559 0.147 | 0.1374 | 0.1446 | 0.1388 | 0.1461 | 0.1416
29:1 0.1434 | 0.1448 | 0.1454 | 0.1452 0.139 | 0.1512 | 0.1504 | 0.1504 | 0.1852 | 0.1456
logsid,logsig | 0.1452 | 0.1501 | 0.1451 | 0.1456 | 0.1433 | 0.1537 | 0.1497 | 0.1456 | 0.1481 | 0.1721
40:30:30 0.1422 | 0.1471 | 0.1554 | 0.1556 | 0.1378 | 0.2145 | 0.1362 | 0.1423 | 0.1395 | 0.1485
0.147244 | 0.1565 | 0.1513 | 0.1398 0.143 | 0.1438 | 0.1408 | 0.1377 | 0.1452 | 0.1429 0.14
0.010865 | 0.1493 | 0.1516 | 0.1369 | 0.1408 | 0.1524 | 0.1454 | 0.1381 0.146 0.141 | 0.1441
0.1409 | 0.1544 | 0.1433 | 0.1434 | 0.1397 | 0.1455 | 0.1336 | 0.1381 | 0.1388 | 0.1391

0.1522 | 0.1377 | 0.1432 | 0.1537 | 0.1461 0.156 | 0.1413 | 0.1473 | 0.1435 | 0.1488

0.139 | 0.1405 | 0.1421 | 0.1448 | 0.1487 | 0.1468 | 0.1466 | 0.1372 | 0.1607 | 0.1515

0.1858 | 0.1442 | 0.1557 0.164 0.147 | 0.1479 | 0.1471 | 0.1409 | 0.1485 | 0.1539

Picual 0.1486 | 0.1666 | 0.1743 | 0.1414 | 0.1562 | 0.1548 | 0.1481 | 0.1477 | 0.1567 | 0.1409
29:1 0.1473 | 0.1359 | 0.1412 | 0.1436 | 0.1429 | 0.1358 | 0.1334 | 0.1348 | 0.1486 | 0.1431
logsid,logsig | 0.1433 | 0.1434 | 0.1479 | 0.1418 | 0.1435 0.146 0.139 | 0.1432 0.138 | 0.1364
60:20:20 0.1383 | 0.1412 | 0.1466 | 0.1463 | 0.1372 | 0.1365 | 0.1372 | 0.1433 | 0.1322 | 0.1478
0.143866 | 0.1282 | 0.1417 | 0.1314 | 0.1361 | 0.1291 | 0.1395 | 0.1428 | 0.1374 | 0.1455 | 0.1268
0.012038 | 0.1422 0.132 | 0.1432 | 0.1478 | 0.1997 | 0.1412 0.143 | 0.1429 | 0.1447 | 0.1366
0.143 | 0.1419 | 0.1319 0.146 | 0.1467 | 0.1503 | 0.1477 | 0.1466 | 0.1441 | 0.1454

0.1527 | 0.1422 | 0.1429 | 0.1453 | 0.1488 | 0.1405 | 0.1853 | 0.1453 | 0.1427 | 0.1407

0.1351 | 0.1396 | 0.1356 0.136 | 0.1337 | 0.1391 0.14 | 0.1347 0.135 | 0.1409

0.1362 | 0.1403 | 0.1439 | 0.1405 | 0.1398 | 0.1451 | 0.1399 0.138 | 0.1505 | 0.2099

Picual 0.1333 | 0.1373 | 0.1347 | 0.1261 | 0.1433 | 0.1393 | 0.1293 | 0.1366 | 0.1432 0.132
29:1 0.1314 | 0.1341 | 0.1342 | 0.1412 | 0.1503 | 0.1276 | 0.1244 | 0.1254 | 0.1374 | 0.2116
logsid,logsig | 0.1373 | 0.1383 0.151 | 0.1499 | 0.1387 | 0.1488 0.146 | 0.1398 0.224 | 0.1422
80:10:10 0.1341 | 0.1237 | 0.1316 | 0.1494 | 0.1273 | 0.1256 | 0.1351 | 0.1296 | 0.1248 | 0.1337
0.137896 0.139 | 0.1479 | 0.1553 | 0.1473 | 0.1384 | 0.1425 | 0.1538 0.142 | 0.1443 | 0.1374
0.014535 0.131 | 0.1287 | 0.1233 0.13 | 0.1184 | 0.1259 | 0.1262 | 0.1247 | 0.1223 | 0.1181
0.1428 | 0.1352 | 0.1237 | 0.1309 | 0.1267 | 0.1324 | 0.1322 | 0.1303 | 0.1304 | 0.1321

0.1426 | 0.1343 | 0.1371 | 0.1387 | 0.1232 | 0.1351 | 0.1305 0.13 | 0.1356 | 0.1656

0.1324 | 0.1396 | 0.1367 | 0.1334 | 0.1319 | 0.1363 | 0.1349 | 0.1297 0.132 | 0.1339

0.1456 | 0.1467 | 0.1512 | 0.1496 | 0.1523 | 0.1406 | 0.1384 | 0.1515 | 0.1373 | 0.1461

Picual 0.1562 | 0.1392 | 0.1514 | 0.1378 | 0.1446 | 0.1429 | 0.1567 | 0.1424 | 0.1431 | 0.1485
29:1 0.1469 | 0.1415 | 0.1424 | 0.1373 | 0.1453 | 0.1457 | 0.1479 | 0.1436 | 0.1489 | 0.1439
logsid,logsig | 0.1331 | 0.1661 | 0.1395 | 0.1369 | 0.1367 | 0.1418 | 0.1348 | 0.1304 | 0.1482 0.138
80:10:10 0.1375 | 0.1362 | 0.1459 0.135 0.134 | 0.1277 0.141 | 0.1319 | 0.1388 | 0.1375
0.145199 | 0.1464 | 0.1509 0.149 | 0.1345 | 0.1456 | 0.1555 | 0.1388 | 0.1519 | 0.1494 | 0.1522
0.014336 | 0.1387 | 0.1334 | 0.1359 0.132 | 0.1422 0.138 | 0.1415 | 0.1369 | 0.1309 | 0.1442
0.1558 | 0.1498 | 0.1523 | 0.1558 0.144 | 0.1446 | 0.1465 | 0.1482 | 0.1476 | 0.1458

0.1408 | 0.1437 | 0.1378 0.149 | 0.1436 | 0.2017 | 0.1428 0.138 | 0.1429 | 0.1434

0.2428 | 0.1469 | 0.1552 | 0.1353 | 0.1425 | 0.1393 | 0.1574 | 0.1826 0.143 | 0.1483

0.1429 | 0.1389 0.135 | 0.1375 | 0.1364 | 0.1352 | 0.1755 0.147 0.132 0.147
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Picual 0.1752 | 0.1361 | 0.1312 | 0.1363 | 0.1394 | 0.3182 | 0.1396 | 0.1458 | 0.1548 | 0.1358
29:1 0.1338 | 0.1445 | 0.1476 | 0.1454 0.141 | 0.1378 | 0.1507 | 0.1391 | 0.1411 0.148
logsid,tansig | 0.1282 | 0.1262 | 0.1422 | 0.2259 | 0.1322 | 0.1319 | 0.1296 0.139 | 0.1353 | 0.1377
60:20:20 0.1276 | 0.1326 | 0.1329 | 0.1259 | 0.1262 | 0.1544 | 0.1383 | 0.1407 | 0.1423 0.131
0.146242 | 0.1392 | 0.1472 0.179 | 0.1437 0.139 | 0.2225 | 0.1562 | 0.1499 | 0.1562 | 0.2674
0.026684 | 0.1341 | 0.1382 | 0.1325 | 0.1366 | 0.1352 | 0.1383 | 0.1343 | 0.1326 | 0.1271 | 0.1458
0.1456 | 0.1439 | 0.1404 | 0.1604 | 0.1451 | 0.1542 | 0.1388 | 0.1539 | 0.1363 | 0.1509
0.1431 | 0.1476 | 0.1432 | 0.1358 | 0.1359 | 0.1329 0.132 | 0.1376 | 0.1402 | 0.1546
0.1424 | 0.2021 0.142 0.13 | 0.1421 | 0.1351 | 0.1408 | 0.1529 | 0.1459 | 0.1377
0.1389 | 0.1366 | 0.1362 | 0.1503 | 0.1484 | 0.1371 | 0.1306 | 0.1506 | 0.1395 | 0.1361
Picual 0.1448 | 0.1515 | 0.1349 | 0.1468 | 0.1431 | 0.1467 | 0.1395 0.151 | 0.1365 | 0.1508
29:1 0.1419 | 0.1337 | 0.1338 | 0.1416 0.146 | 0.1313 | 0.1383 | 0.1412 0.137 | 0.1332
tansig,logsig | 0.1415 | 0.1436 | 0.1385 | 0.1514 | 0.1394 | 0.1441 | 0.1361 | 0.1352 | 0.1391 | 0.1544
60:20:20 0.1373 | 0.1408 | 0.1398 0.14 | 0.1388 0.136 | 0.1664 | 0.1363 0.138 | 0.1374
0.142165 | 0.1385 | 0.1438 | 0.1396 | 0.1355 | 0.1466 | 0.1378 | 0.1454 | 0.1491 | 0.1463 | 0.1404
0.006648 | 0.1523 | 0.1426 | 0.1413 0.14 | 0.1457 0.143 | 0.1496 | 0.1361 | 0.1415 0.154
0.1424 | 0.1456 0.137 | 0.1447 0.144 0.144 | 0.1462 | 0.1453 | 0.1439 | 0.1466
0.1423 | 0.1401 | 0.1511 | 0.1395 | 0.1438 | 0.1349 | 0.1429 | 0.1345 0.156 | 0.1381
0.1419 | 0.1451 | 0.1425 | 0.1375 | 0.1427 | 0.1505 | 0.1441 | 0.1403 | 0.1378 | 0.1412
0.1361 | 0.1371 | 0.1376 | 0.1729 0.144 | 0.1373 | 0.1375 | 0.1362 | 0.1333 | 0.1312
Picual 0.1626 | 0.1416 | 0.1405 | 0.1511 | 0.1506 | 0.1533 | 0.1532 | 0.1483 | 0.1448 | 0.1666
29:1 0.1381 | 0.1387 | 0.1485 | 0.1436 | 0.1433 0.139 | 0.1481 | 0.1378 0.137 0.139
tansig,tansig | 0.1338 | 0.3256 | 0.1548 | 0.1347 | 0.1786 | 0.3436 | 0.1408 0.138 | 0.1415 | 0.1456
60:20:20 0.1431 | 0.3378 | 0.1419 | 0.2516 | 0.1387 | 0.1418 | 0.1465 | 0.1427 | 0.1417 | 0.1883
0.164724 | 0.4904 | 0.1355 | 0.1348 | 0.1407 | 0.1497 | 0.1476 | 0.1347 | 0.1416 | 0.1363 | 0.2886
0.059058 | 0.1404 | 0.1398 | 0.1484 | 0.1462 | 0.1446 | 0.2034 0.146 | 0.1406 0.154 | 0.1404
0.1453 | 0.3098 | 0.1514 | 0.1482 | 0.1492 | 0.1472 | 0.1583 | 0.1492 | 0.1473 0.157
0.1305 0.261 | 0.3666 | 0.1435 | 0.1351 | 0.1304 | 0.2744 | 0.1416 | 0.1583 | 0.1419
0.1484 | 0.1962 | 0.1512 0.144 | 0.1407 | 0.1416 | 0.1411 | 0.1374 | 0.1428 0.147
0.1483 | 0.1452 | 0.2093 | 0.1387 | 0.1441 | 0.1365 | 0.1369 | 0.1509 | 0.1365 | 0.1489
Picual 0.1459 | 0.1428 | 0.1426 | 0.1444 | 0.1468 0.151 | 0.1448 | 0.1397 | 0.1691 | 0.1455
29:1 0.1457 | 0.1473 | 0.1539 | 0.1447 | 0.1436 | 0.1473 | 0.1462 | 0.1445 | 0.1455 | 0.1559
logsig,pure line | 0.1535 | 0.1456 | 0.1494 | 0.1464 | 0.1512 | 0.1455 | 0.1442 | 0.1414 | 0.1482 | 0.1386
60:20:20 0.1459 | 0.1433 | 0.1444 | 0.1481 | 0.1399 | 0.1389 | 0.1369 | 0.1377 | 0.1481 | 0.1414
0.14582 | 0.1433 | 0.1302 | 0.1414 | 0.1525 | 0.1442 | 0.1322 | 0.1426 | 0.1411 | 0.1391 | 0.1487
0.007366 | 0.1487 | 0.1496 | 0.1474 | 0.1604 | 0.1504 | 0.1487 | 0.1512 | 0.1559 | 0.1401 | 0.1571
0.1479 | 0.1668 | 0.1395 | 0.1467 | 0.1463 | 0.1579 | 0.1588 | 0.1437 | 0.1485 | 0.1563
0.1412 | 0.1532 | 0.1408 | 0.1703 0.156 | 0.1405 | 0.1471 | 0.1473 | 0.1385 | 0.1448
0.1442 | 0.1349 | 0.1519 | 0.1386 | 0.1415 | 0.1357 | 0.1575 | 0.1398 | 0.1312 | 0.1484
0.141 | 0.1415 | 0.1415 | 0.1405 | 0.1361 | 0.1362 | 0.1462 | 0.1395 | 0.1478 | 0.1353
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Picual

0.208

0.208

0.208

0.208 0.208

0.208

0.208

0.208

0.208

0.208

29:1

0.2089

0.2089

0.2089

0.2089 | 0.2089

0.2089

0.2089

0.2089

0.2089

0.2089

pure line,logsig

0.213

0.213

0.213

0.213 0.213

0.213

0.213

0.213

0.213

0.213

60:20:20

0.2025

0.2025

0.2025

0.2025 | 0.2025

0.2025

0.2025

0.2025

0.2025

0.2025

0.21007

0.2172

0.2172

0.2172

0.2172 | 0.2172

0.2172

0.2172

0.2172

0.2172

0.2172

0.005902

0.204

0.204

0.204

0.204 0.204

0.204

0.204

0.204

0.204

0.204

0.2114

0.2114

0.2114

0.2114 | 0.2114

0.2114

0.2114

0.2114

0.2114

0.2114

0.2087

0.2087

0.2087

0.2087 | 0.2087

0.2087

0.2087

0.2087

0.2087

0.2087

0.2046

0.2046

0.2046

0.2046 | 0.2046

0.2046

0.2046

0.2046

0.2046

0.2046

0.2224

0.2224

0.2224

0.2224 | 0.2224

0.2224

0.2224

0.2224

0.2224

0.2224

Picual

0.136

0.1368

0.1375

0.1357

0.137

0.1372

0.1369

0.1354

0.1361

0.1367

29:1

0.1351

0.2639

0.1363

0.1339

0.1347

0.1355

0.1343

0.1363

0.1355

0.1364

pure line,pure line

0.1415

0.1409

0.1413

0.1407

0.1408

0.1417

0.1413

0.1406

0.1412

0.1412

60:20:20

0.1373

0.1379

0.1377

0.1376

0.1369

0.1372

0.1374

0.1369

0.1363

0.1378

0.260095

0.1293

0.1295

0.1298

12.2568

0.1301

0.13

0.13

0.1295

0.1298

0.1302

1.211861

0.1453

0.1459

0.1497

0.1462

0.1453

0.1458

0.1464

0.1468

0.146

0.1466

0.1396

0.1399

0.1404

0.1401

0.1406

0.1402

0.1401

0.1398

0.1404

0.1395

0.1365

0.1367

0.1373

0.1367

0.1368

0.1366

0.1369

0.1365

0.1368

0.1366

0.1364

0.1365

0.1362

0.1361

0.1365

0.1361

0.1364

0.1364

0.136

0.1364

0.1358

0.1362

0.1356

0.1355

0.1358

0.1363

0.1358

0.1358

0.1358

0.1355

Picual

0.1694

0.1819

0.167

0.186 | 0.1644

0.1706

0.1765

0.16 | 0.1598

0.1691

29:1

0.1784

0.2036

0.3069

0.164 | 0.1533

0.1602

0.1742

0.1731

0.1604

0.1717

tansig, pure line

0.1646

0.2021

0.1553

0.1633 | 0.4577

0.1892

0.1658

0.1652

0.1605

0.1925

60:20:20

0.1543

0.1606

0.1605

0.1718 | 0.1846

0.1521

0.1767

0.1722

0.1739

0.1909

0.177705

0.1636

0.1687

0.1582

0.1575 | 0.1952

0.1643

0.1946

0.1561

0.1645

0.1799

0.04171

0.1887

0.1897

0.1795

0.1696 | 0.1876

0.1595

0.1842

0.1853

0.1829

0.1793

0.1526

0.1654

0.2031

0.1751 | 0.1705

0.1722

0.1817

0.165 | 0.1879

0.1673

0.1576

0.163

0.1596

0.1465 | 0.1425

0.1532

0.1685

0.1417

0.1807

0.1706

0.178

0.1644

0.1647

0.1891 0.174

0.179

0.1622

0.1662

0.1707

0.4149

0.1675

0.1805

0.1806

0.1768 | 0.1614

0.1684

0.1709

0.1854

0.1722

0.1457

Picual

0.1583

0.1404

0.2151

0.1581 | 0.1462

0.1543

0.1463

0.1556

0.1454

0.1485

29:29:1

0.1417

0.1452

0.1488

0.1591 | 0.1403

0.1421

0.1461

0.1545

0.1437

0.1432

logsid,logsig

0.1398

0.1347

0.1412

0.1459 0.146

0.138

0.1444

0.1503

0.1474

0.207

60:20:20

0.1784

0.1528

0.143

0.1448 | 0.1451

0.1402

0.1485

0.1346

0.1413

0.1364

0.148368

0.1423

0.1531

0.1502

0.1416 | 0.1284

0.1918

0.151

0.1499

0.1363

0.1429

0.016384

0.1357

0.1517

0.1524

0.1471 | 0.1498

0.1445

0.1385

0.1477

0.1484

0.1504

0.1424

0.1295

0.1321

0.1331 | 0.1373

0.1484

0.2019

0.1341

0.1385

0.141

0.1478

0.1462

0.1478

0.1424 | 0.1502

0.1534

0.1429

0.1447

0.1359

0.1413

0.1485

0.1479

0.1478

0.1447 | 0.2185

0.1473

0.1468

0.1515

0.143

0.1543

0.1421

0.1424

0.1391

0.1365 | 0.1411

0.1316

0.1472

0.1387

0.1994

0.1311
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Picual 0.1458 0.215 | 0.1458 | 0.1424 | 0.1439 | 0.1439 | 0.1489 | 0.1469 | 0.1486 | 0.1408
29:20:1 0.1423 | 0.1464 | 0.1498 | 0.1533 | 0.1459 | 0.1486 | 0.1543 | 0.1502 | 0.1529 | 0.1514
logsid,logsig 0.1321 0.137 | 0.1322 | 0.1503 | 0.1365 | 0.1327 | 0.1324 | 0.1468 | 0.1377 | 0.2062
60:20:20 0.1428 | 0.1358 | 0.1519 | 0.1491 | 0.1493 | 0.1498 | 0.1534 | 0.1544 | 0.1482 | 0.1674
0.150125 | 0.1975 | 0.1439 0.128 | 0.1405 | 0.1228 | 0.1324 | 0.1986 | 0.1354 0.13 | 0.1351
0.017889 0.143 0.15 | 0.1516 | 0.2055 0.153 | 0.1437 | 0.1484 | 0.1358 | 0.1503 | 0.1476
0.1487 0.147 0.161 | 0.1993 | 0.1545 | 0.1504 | 0.1476 0.153 | 0.1993 | 0.1533

0.1437 | 0.1446 0.145 0.139 | 0.1397 | 0.1601 | 0.1384 | 0.1478 | 0.1445 | 0.1404

0.1458 | 0.1449 | 0.1422 | 0.1377 | 0.1488 | 0.1508 | 0.1467 | 0.1566 | 0.1523 | 0.1428

0.1439 0.152 | 0.1548 | 0.1329 | 0.1433 | 0.1428 0.151 | 0.2164 | 0.1524 | 0.1409

Picual 0.1419 | 0.1664 | 0.2121 | 0.1398 | 0.1582 0.148 | 0.1398 0.15 | 0.1465 | 0.1402
29:15:1 0.1425 | 0.1473 | 0.1533 | 0.1456 | 0.1426 | 0.1486 | 0.1448 | 0.1578 | 0.1486 | 0.2099
logsid,logsig 0.1511 | 0.1379 | 0.1381 | 0.1494 | 0.1377 0.14 | 0.1401 | 0.2083 | 0.1478 0.144
60:20:20 0.1422 | 0.1377 | 0.1482 | 0.1332 0.209 | 0.1455 | 0.1541 | 0.1397 0.209 | 0.1409
0.151533 | 0.1487 | 0.1588 | 0.1465 | 0.1348 | 0.1436 | 0.1597 | 0.1458 0.152 | 0.1454 | 0.1849
0.019641 0.147 | 0.1473 0.145 | 0.1468 | 0.1413 | 0.1393 | 0.1647 | 0.1453 | 0.1472 | 0.1557
0.1429 | 0.1421 | 0.1383 | 0.1499 | 0.1396 | 0.1318 | 0.1401 | 0.1394 0.144 0.129

0.1465 | 0.1526 | 0.1489 | 0.1483 | 0.1428 | 0.1403 | 0.1433 | 0.1507 | 0.1572 | 0.1419

0.1496 | 0.2216 | 0.1619 | 0.1476 0.142 | 0.1523 | 0.1465 | 0.1471 | 0.1497 | 0.1536

0.1391 | 0.1301 | 0.2196 0.207 | 0.1442 | 0.1473 | 0.1406 | 0.1597 | 0.1456 0.141

Picual 0.14 | 0.1357 | 0.1303 | 0.1359 | 0.1461 | 0.1413 | 0.1315 | 0.1367 | 0.2086 | 0.1467
29:10:1 0.1459 | 0.1384 | 0.1496 | 0.2083 | 0.1477 | 0.1465 0.144 | 0.1496 | 0.1534 | 0.1341
logsid,logsig 0.2108 | 0.1364 | 0.1449 0.147 | 0.1477 | 0.1953 | 0.1416 | 0.1462 | 0.2108 | 0.1414
60:20:20 0.1374 | 0.1468 | 0.1439 | 0.1404 | 0.1356 | 0.1381 | 0.1391 | 0.1346 | 0.1406 | 0.1386
0.150159 | 0.1552 | 0.1531 | 0.1474 | 0.1429 | 0.1514 | 0.1529 | 0.1609 | 0.1452 | 0.1541 | 0.1516
0.020934 | 0.2187 0.142 | 0.1492 | 0.1486 | 0.1553 | 0.1521 | 0.1522 | 0.1466 | 0.1511 | 0.1548
0.2018 | 0.1417 | 0.1507 | 0.1336 | 0.2018 | 0.1509 | 0.1392 | 0.1407 | 0.1491 | 0.1443

0.1447 | 0.1372 | 0.2071 | 0.1467 | 0.1459 | 0.1435 | 0.1407 | 0.2071 | 0.1405 | 0.1323

0.1439 | 0.1361 | 0.1334 | 0.1999 | 0.1326 | 0.1392 | 0.1422 | 0.1377 | 0.1441 | 0.1363

0.1423 | 0.1278 | 0.1402 | 0.1411 | 0.1389 | 0.1386 | 0.1349 | 0.1428 | 0.1501 | 0.1415

Picual 0.1418 | 0.1336 | 0.1334 | 0.1386 | 0.1958 0.141 | 0.1391 | 0.1278 | 0.1445 | 0.1342
29:5:1 0.1355 | 0.1419 | 0.1569 | 0.1498 0.146 | 0.1434 | 0.1402 | 0.2114 0.148 | 0.1395
logsid,logsig 0.1493 | 0.1422 | 0.1357 | 0.1412 | 0.1404 | 0.1436 | 0.1428 | 0.1408 | 0.1423 | 0.1321
60:20:20 0.1492 | 0.1461 | 0.1446 | 0.2213 | 0.1449 | 0.2213 | 0.1601 | 0.1562 | 0.1514 | 0.1449
0.14959 | 0.1394 | 0.1409 | 0.1434 | 0.1392 | 0.1378 | 0.1369 | 0.1359 | 0.1269 | 0.1361 | 0.1374
0.019758 | 0.1441 0.139 | 0.1529 0.15 | 0.1491 | 0.1388 | 0.1432 | 0.1473 | 0.1463 | 0.1626
0.1423 | 0.1494 | 0.2154 | 0.1469 | 0.1471 | 0.1459 | 0.1403 | 0.1456 | 0.1474 | 0.1625

0.1527 | 0.1467 | 0.1454 | 0.1462 | 0.1397 0.15 | 0.1533 0.142 | 0.1476 | 0.2096

0.1498 | 0.1411 | 0.1514 | 0.1477 | 0.1397 | 0.1598 | 0.1521 | 0.2104 | 0.2104 | 0.1413

0.1383 0.146 | 0.1407 | 0.1379 | 0.1508 0.147 | 0.1405 | 0.1363 0.155 | 0.1468
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Picual

0.1388

0.1404

0.201

0.1429

0.1442

0.1504

0.1434

0.201

0.1454

0.136

29:3:1

0.1403

0.1454

0.1365

0.1423

0.1399

0.2129

0.138

0.1463

0.1369

0.133

logsid,logsig

0.1525

0.2123

0.1386

0.1396

0.1428

0.2123

0.1374

0.1437

0.1422

0.146

60:20:20

0.1444

0.1447

0.1337

0.1409

0.1374

0.1361

0.1565

0.1348

0.1398

0.1416

0.151479

0.1534

0.1535

0.1677

0.1486

0.1523

0.1517

0.1594

0.143

0.1485

0.1434

0.023448

0.2178

0.1511

0.15

0.1498

0.2178

0.218

0.1474

0.1472

0.1528

0.1421

0.1255

0.1217

0.1306

0.1584

0.1881

0.1338

0.1303

0.1228

0.1301

0.1321

0.1573

0.1464

0.1518

0.1466

0.149

0.148

0.1405

0.1503

0.2098

0.2098

0.1414

0.1481

0.1471

0.1519

0.1376

0.2042

0.1399

0.1431

0.1402

0.1473

0.1407

0.1447

0.1349

0.1579

0.1424

0.1345

0.1324

0.1974

0.1311

0.1404

Picua

0.1385

0.1468

0.2035

0.2035

0.1439

0.1427

0.137

0.2035

0.1523

0.1463

29:2:1

0.1322

0.1387

0.1408

0.1443

0.1368

0.1408

0.2666

0.1594

0.1453

0.1442

logsid,logsig

0.2089

0.2089

0.2089

0.144

0.1371

0.1363

0.1343

0.2089

0.1822

0.2089

60:20:20

0.1413

0.1519

0.142

0.1406

0.1389

0.1407

0.149

0.2128

0.2128

0.1432

0.157715

0.1602

0.1292

0.1323

0.1904

0.1355

0.2065

0.1228

0.1251

0.1312

0.1258

0.029724

0.1371

0.1467

0.1389

0.1454

0.1451

0.1386

0.1443

0.1297

0.1413

0.1337

0.1405

0.1468

0.1436

0.1416

0.1865

0.2107

0.1553

0.1442

0.1474

0.1488

0.1412

0.2067

0.1545

0.2067

0.1403

0.2052

0.2067

0.1398

0.1557

0.2067

0.2065

0.2065

0.1452

0.1471

0.1446

0.1501

0.144

0.1599

0.1442

0.2098

0.1327

0.1409

0.14

0.1558

0.1426

0.1344

0.1338

0.1442

0.1381

0.1437

Picual

0.1474

0.1353

0.138

0.1357

0.1355

0.1493

0.1486

0.2049

0.1358

0.1344

29:1

0.1429

0.1508

0.1509

0.1399

0.1339

0.1361

0.1411

0.1395

0.1387

0.1425

logsid,logsig

0.1457

0.1366

0.1367

0.1397

0.1409

0.139

0.1992

0.1401

0.1323

0.1308

60:20:20

0.1382

0.1541

0.1501

0.1555

0.1431

0.1473

0.148

0.152

0.1512

0.1467

0.143948

0.1412

0.1437

0.1412

0.14

0.1431

0.1471

0.148

0.1454

0.1433

0.142

0.010358

0.1431

0.1573

0.15

0.1403

0.1405

0.1473

0.1355

0.1346

0.1435

0.1468

0.146

0.14

0.1484

0.1402

0.1429

0.1357

0.1411

0.144

0.1424

0.149

0.1501

0.1342

0.1491

0.1459

0.1533

0.1416

0.1432

0.1461

0.147

0.1426

0.1386

0.1455

0.1438

0.1406

0.1507

0.1434

0.1431

0.1417

0.1486

0.1558

0.1559

0.132

0.1352

0.1455

0.1311

0.1377

0.1349

0.1411

0.1333

0.1312

Souri

0.0835

0.1608

0.0833

0.0973

0.0834

0.0835

0.0823

0.085

0.0895

0.0857

29:1

0.0827

0.084

0.0893

0.0829

0.0791

0.0832

0.083

0.0866

0.0817

0.0822

logsid,logsig

0.0898

0.0853

0.0805

0.0896

0.0867

0.0871

0.1154

0.0862

0.0833

0.0835

34:33:33

0.0846

0.085

0.0805

0.0858

0.0932

0.0877

0.087

0.1039

0.088

0.0944

0.089055

0.0894

0.0851

0.0911

0.0839

0.0902

0.0933

0.0862

0.0843

0.0966

0.0912

0.011477

0.0888

0.0905

0.1576

0.0875

0.0929

0.0881

0.0941

0.09

0.094

0.0841

0.0913

0.0827

0.0888

0.0836

0.0852

0.0854

0.0915

0.0839

0.095

0.0857

0.0842

0.0944

0.0852

0.0854

0.0861

0.1003

0.0854

0.089

0.0888

0.0828

0.0841

0.0961

0.0878

0.0872

0.0856

0.0825

0.085

0.0838

0.0812

0.0819

0.0924

0.0886

0.1033

0.0897

0.0845

0.0898

0.0855

0.086

0.0838

0.0866
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Souri

0.0841

0.0865

0.0893

0.0897

0.0844

0.0872

0.0808

0.0804

0.084

0.0854

29:1

0.0793

0.0875

0.0836

0.0854

0.083

0.0927

0.0788

0.0771

0.0857

0.0835

logsid,logsig

0.082

0.08

0.0861

0.084

0.0827

0.0845

0.082

0.0832

0.0868

0.0837

40:30:30

0.0791

0.0849

0.0876

0.0811

0.0823

0.0808

0.0864

0.0869

0.0958

0.0862

0.086089

0.0837

0.0854

0.0803

0.0821

0.0819

0.0828

0.0891

0.0823

0.0828

0.0818

0.008941

0.0865

0.0837

0.0882

0.0917

0.0888

0.0897

0.0902

0.0867

0.087

0.0876

0.0954

0.1004

0.0924

0.0889

0.0919

0.0878

0.0848

0.0885

0.0888

0.0886

0.0771

0.0845

0.082

0.0842

0.0769

0.0788

0.0817

0.0825

0.0972

0.0868

0.0841

0.0878

0.0853

0.0891

0.0845

0.0815

0.0843

0.0827

0.0894

0.0834

0.089

0.0863

0.0833

0.083

0.0861

0.0838

0.0822

0.0859

0.1643

0.0869

Souri

0.0835

0.0835

0.0861

0.0784

0.0825

0.0808

0.0819

0.0776

0.08

0.082

29:1

0.0853

0.0831

0.0869

0.0825

0.0834

0.0881

0.084

0.0897

0.0837

0.0839

logsid,logsig

0.0814

0.0799

0.0783

0.0767

0.0778

0.0787

0.0782

0.0787

0.0834

0.0793

60:20:20

0.0827

0.0772

0.0839

0.089

0.0912

0.0827

0.0826

0.0797

0.0791

0.0804

0.083483

0.0764

0.0802

0.0782

0.082

0.0744

0.0748

0.0774

0.0782

0.0747

0.0764

0.0094

0.0836

0.0834

0.0801

0.0813

0.0808

0.081

0.0809

0.0843

0.0837

0.0812

0.0779

0.0784

0.0822

0.082

0.0776

0.0777

0.0784

0.0782

0.0809

0.0765

0.0844

0.0928

0.1192

0.0837

0.0869

0.0816

0.0882

0.0834

0.0812

0.0859

0.0851

0.0834

0.0841

0.0929

0.0853

0.0799

0.0883

0.0855

0.0837

0.0874

0.0925

0.1596

0.0852

0.0863

0.0857

0.0844

0.0844

0.086

0.0848

0.0859

Souri

0.0813

0.0803

0.083

0.08

0.0796

0.0788

0.0796

0.0807

0.08

0.0821

29:1

0.0784

0.0807

0.0788

0.0787

0.0761

0.0785

0.0784

0.0785

0.0762

0.0797

logsid,logsig

0.0903

0.0812

0.0847

0.0853

0.085

0.081

0.0858

0.0816

0.0838

0.0831

80:10:10

0.081

0.0778

0.0788

0.0769

0.0774

0.0805

0.0798

0.0785

0.0767

0.0775

0.082472

0.0893

0.0949

0.0891

0.0866

0.088

0.0881

0.0891

0.0899

0.0871

0.0906

0.00875

0.08

0.08

0.0794

0.0793

0.0787

0.078

0.0774

0.08

0.0792

0.0866

0.074

0.0733

0.0737

0.071

0.0809

0.073

0.0701

0.0743

0.0747

0.0746

0.0845

0.0789

0.0798

0.0776

0.0807

0.0777

0.0822

0.0785

0.0775

0.0768

0.152

0.0903

0.0886

0.0892

0.0899

0.0909

0.0895

0.0913

0.0909

0.0885

0.0848

0.0801

0.0859

0.0854

0.0831

0.0804

0.0834

0.0857

0.0923

0.0838

Souri

0.0796

0.0829

0.0792

0.081

0.0801

0.0862

0.0784

0.0845

0.0826

0.0788

29:1

0.0777

0.0765

0.0806

0.0778

0.0828

0.0884

0.0908

0.0755

0.0773

0.0803

logsid,logsig

0.0853

0.083

0.0818

0.0855

0.0865

0.0841

0.0866

0.0891

0.0887

0.0846

60:20:20

0.0837

0.0855

0.083

0.0827

0.0846

0.0829

0.081

0.0841

0.0813

0.0828

0.082686

0.082

0.0914

0.0853

0.1572

0.0836

0.0817

0.0818

0.0851

0.0803

0.0817

0.008204

0.0767

0.08

0.0815

0.0796

0.0776

0.0764

0.0766

0.0783

0.0766

0.0801

0.0814

0.0841

0.0852

0.0831

0.0817

0.0834

0.0825

0.0789

0.0805

0.0843

0.0823

0.0823

0.0797

0.0876

0.0797

0.0801

0.082

0.0839

0.0836

0.0866

0.0815

0.0826

0.0807

0.0799

0.0851

0.0838

0.0835

0.0808

0.0807

0.0793
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‘ 0.0803 ‘ 0.0831 ‘ 0.0774 | 0.0771 | 0.0804 | 0.0833

| 0.0819

| 0.0782 | 0.0766 ‘

0.0782

Souri

0.0833

0.0809

0.0806

0.0809

0.0792

0.0832

0.0815

0.0818 | 0.0803

0.083

29:1

0.0817

0.0782

0.077

0.0767

0.0863

0.0821

0.0774

0.0791 | 0.0779

0.0795

logsid,tansig

0.078

0.0813

0.0841

0.0807

0.0777

0.0807

0.0823

0.0816 | 0.0786

0.0793

60:20:20

0.1632

0.0871

0.0845

0.0833

0.0834

0.0883

0.0843

0.0809 | 0.2154

0.0888

0.091686

0.0786

0.0799

0.0807

0.0805

0.184

0.0814

0.0805

0.0829 | 0.1601

0.0827

0.028017

0.0943

0.0832

0.1024

0.1665

0.0845

0.1062

0.0836

0.0865 | 0.0868

0.082

0.0813

0.0961

0.0827

0.082

0.164

0.2152

0.0866

0.0831 | 0.0824

0.0939

0.0802

0.0828

0.1565

0.0773

0.082

0.0811

0.0805

0.0801 | 0.1566

0.0791

0.0781

0.0778

0.0967

0.0769

0.0775

0.0768

0.0796

0.076 | 0.0735

0.0912

0.0918

0.087

0.0889

0.083

0.0972

0.09

0.0866

0.1033 | 0.0856

0.0862

Souri

0.085

0.0854

0.0847

0.0866

0.0855

0.0848

0.086

0.0859 | 0.0884

0.1552

29:1

0.0837

0.0863

0.0822

0.0824

0.0865

0.0868

0.0919

0.0861 | 0.0854

0.0851

tansig,logsig

0.0799

0.0852

0.1309

0.081

0.0802

0.0815

0.0801

0.0825 | 0.0857

0.0804

60:20:20

0.0815

0.0799

0.0844

0.0822

0.0807

0.0842

0.0865

0.0819 | 0.0848

0.0857

0.085099

0.0817

0.0822

0.0821

0.0806

0.084

0.106

0.083

0.0823 | 0.0846

0.0888

0.012711

0.0798

0.0824

0.0842

0.0759

0.0823

0.0783

0.0791

0.0811 | 0.0809

0.0789

0.0791

0.0787

0.0757

0.0784

0.0791

0.0815

0.0795

0.0785 | 0.0819

0.0775

0.0828

0.0778

0.0805

0.0809

0.0839

0.0804

0.0795

0.0792 | 0.0828

0.0793

0.0789

0.0868

0.0814

0.0791

0.0816

0.0815

0.0853

0.0827 | 0.0867

0.0818

0.0866

0.0867

0.0865

0.0881

0.0852

0.0889

0.085

0.0856 | 0.0839

0.1693

Souri

0.0834

0.0825

0.0871

0.0838

0.0838

0.0822

0.0859

0.0809 | 0.0798

0.0807

29:1

0.0814

0.08

0.0929

0.0856

0.0841

0.0803

0.1036

0.0798 | 0.0821

0.083

tansig,tansig

0.0809

0.0815

0.0801

0.0821

0.0792

0.0824

0.0817

0.0995 | 0.2334

0.0807

60:20:20

0.0805

0.0799

0.0822

0.0779

0.0822

0.0807

0.0818

0.08 | 0.0834

0.0956

0.092715

0.0763

0.0751

0.0769

0.0777

0.0773

0.0746

0.0766

0.0826 | 0.2691

0.0759

0.041258

0.1413

0.0788

0.0841

0.0828

0.1939

0.0794

0.0835

0.0832 | 0.0811

0.0794

0.0792

0.0842

0.0789

0.0776

0.076

0.077

0.0761

0.0821 | 0.1151

0.0794

0.08

0.0856

0.0848

0.0834

0.2258

0.0829

0.0871

0.0828 | 0.0849

0.0796

0.0825

0.0812

0.0806

0.3636

0.085

0.0799

0.0802

0.0893 0.083

0.0852

0.0835

0.1292

0.0843

0.1046

0.0816

0.1019

0.0837

0.0841 | 0.0843

0.0831

Souri

0.0782

0.0809

0.079

0.0804

0.0752

0.077

0.0804

0.0763 | 0.0747

0.0805

29:1

0.089

0.0947

0.0926

0.0963

0.0953

0.093

0.0933

0.0918 | 0.0889

0.0887

logsig,pure line

0.0832

0.0897

0.085

0.0855

0.0809

0.0856

0.0868

0.0801 | 0.0819

0.0879

60:20:20

0.0913

0.0801

0.0827

0.0877

0.0855

0.0857

0.0869

0.0903 | 0.0861

0.0878

0.089161

0.0897

0.088

0.0871

0.0843

0.0918

0.0835

0.0942

0.0877 | 0.0889

0.0871

0.027447

0.0965

0.0807

0.0932

0.0912

0.0827

0.0848

0.0891

0.0869 | 0.0895

0.0859

0.0897

0.0866

0.099

0.091

0.0935

0.0849

0.0862

0.0848 | 0.0882

0.0921

0.093

0.0848

0.0854

0.0987

0.0889

0.0824

0.0842

0.0914 | 0.0858

0.085
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0.0825

0.077

0.0788

0.0742

0.0763

0.0751

0.0794

0.0733

0.0781

0.0826

0.0938

0.0924

0.3546

0.0924

0.0919

0.0934

0.0945

0.088

0.0922

0.0903

Souri

0.1609

0.1609

0.1609

0.1609

0.1609

0.1609

0.1609

0.1609

0.1609

0.1609

29:1

0.1592

0.1592

0.1592

0.1592

0.1592

0.1592

0.1592

0.1592

0.1592

0.1592

pure line,logsig

0.1617

0.1617

0.4483

0.1617

0.1617

0.1617

0.1617

0.1617

0.1617

0.1617

60:20:20

0.163

0.163

0.163

0.163

0.163

0.163

0.163

0.163

0.163

0.163

0.163276

0.1634

0.1634

0.1634

0.1634

0.1634

0.1634

0.1634

0.1634

0.1634

0.1634

0.028885

0.1593

0.1593

0.1593

0.1593

0.1593

0.1593

0.1593

0.1593

0.1593

0.1593

0.1593

0.1593

0.1593

0.1593

0.1593

0.1593

0.1593

0.1593

0.1593

0.1593

0.1551

0.1551

0.1551

0.1551

0.1551

0.1551

0.1551

0.1551

0.1551

0.1551

0.1624

0.1624

0.1624

0.1624

0.1624

0.1624

0.1624

0.1624

0.1624

0.1624

0.1598

0.1598

0.1598

0.1598

0.1598

0.1598

0.1598

0.1598

0.1598

0.1598

Souri

0.0776

0.0776

0.0778

0.0779

0.0774

0.078

0.0777

0.0777

0.0779

0.0777

29:1

0.08

0.0799

0.0798

0.0799

0.08

0.08

0.0801

0.0796

0.0797

0.0802

pure line,pure line

0.0805

0.7248

0.0801

0.0811

0.08

0.0801

0.0801

0.0802

0.0803

0.0807

60:20:20

0.0876

0.0891

0.0863

0.0875

0.0861

0.0864

0.0864

0.0863

0.0867

0.0862

0.088256

0.081

0.0808

0.0809

0.0808

0.0807

0.0807

0.0808

0.0812

0.0812

0.081

0.064359

0.0802

0.0921

0.0803

0.0803

0.0802

0.0803

0.0805

0.0801

0.0802

0.0801

0.0805

0.0805

0.0804

0.0805

0.0807

0.0805

0.0804

0.0805

0.0807

0.0803

0.0819

0.0818

0.0812

0.0821

0.0821

0.0811

0.0813

0.0818

0.0818

0.0811

0.0845

0.084

0.084

0.0839

0.0842

0.0843

0.0842

0.084

0.0843

0.0852

0.0846

0.0847

0.0847

0.0847

0.0843

0.0851

0.0839

0.0847

0.0845

0.0842

Souri

0.0849

0.0978

0.0922

0.0883

0.09

0.0894

0.089

0.0899

0.0932

0.0897

29:1

0.0792

0.0904

0.1012

0.0912

0.1094

0.0862

0.0851

0.0866

0.0829

0.0969

tansig, pure line

0.0829

0.0855

0.0927

0.0988

0.0894

0.0879

0.0917

0.0836

0.0911

0.0844

60:20:20

0.0929

0.0997

0.0874

0.0913

0.0945

0.0858

0.0952

0.0929

0.0926

0.0833

0.089571

0.083

0.081

0.0792

0.0859

0.0814

0.0877

0.083

0.0758

0.0878

0.0817

0.006457

0.0886

0.0904

0.0933

0.0817

0.0967

0.0907

0.0873

0.0889

0.1132

0.0856

0.1093

0.0852

0.0883

0.0881

0.0825

0.0888

0.0889

0.0884

0.0921

0.0912

0.0971

0.1038

0.0866

0.099

0.082

0.088

0.0823

0.0922

0.0903

0.0996

0.0858

0.0869

0.0898

0.0892

0.0928

0.0942

0.0847

0.0849

0.0861

0.0903

0.0987

0.0912

0.0808

0.0833

0.0855

0.0959

0.0876

0.0855

0.0906

0.0896

Souri

0.0852

0.0903

0.0888

0.0878

0.0853

0.0835

0.0844

0.0873

0.0864

0.0888

29:29:1

0.0839

0.0834

0.1524

0.0819

0.079

0.0758

0.0845

0.0796

0.0762

0.0825

logsid,logsig

0.0835

0.0826

0.0888

0.0876

0.0856

0.0867

0.0876

0.0847

0.0838

0.0898

60:20:20

0.0834

0.0867

0.1668

0.0845

0.0884

0.0866

0.0853

0.0819

0.1668

0.0808

0.088941

0.0803

0.0873

0.0836

0.0858

0.0845

0.081

0.0852

0.0803

0.0837

0.078

0.019109

0.0909

0.1649

0.0876

0.09

0.09

0.0895

0.0816

0.0865

0.0868

0.0917

0.0703

0.0823

0.0747

0.0787

0.0821

0.0816

0.0782

0.0799

0.081

0.0818
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0.0828

0.0824

0.0848

0.0821

0.08

0.0852

0.0802

0.0797

0.0858

0.0782

0.0843

0.0801

0.0839

0.0855

0.0837

0.0928

0.0839

0.1614

0.0874

0.0765

0.0841

0.0886

0.0875

0.0908

0.1618

0.0869

0.0859

0.0889

0.0921

0.0881

Souri

0.0894

0.0849

0.096

0.0828

0.0869

0.0904

0.0879

0.0843

0.0908

0.086

29:20:1

0.0875

0.0857

0.1641

0.0764

0.0884

0.0854

0.0854

0.0834

0.0848

0.079

logsid,logsig

0.0846

0.0847

0.0851

0.0855

0.0833

0.0828

0.1626

0.0846

0.0937

0.0881

60:20:20

0.0762

0.0728

0.085

0.0848

0.0718

0.0763

0.0793

0.0825

0.0846

0.083

0.089311

0.0837

0.0885

0.0829

0.1616

0.0892

0.0883

0.083

0.1616

0.1616

0.0895

0.020189

0.0864

0.1576

0.0835

0.0818

0.0772

0.0824

0.0833

0.0806

0.0839

0.0799

0.0829

0.0855

0.0926

0.0844

0.0819

0.086

0.0875

0.0851

0.0865

0.0898

0.0874

0.0857

0.0878

0.0822

0.1577

0.0854

0.0856

0.0836

0.0843

0.0803

0.0841

0.0825

0.084

0.0804

0.0789

0.0855

0.0811

0.0767

0.0796

0.0862

0.0847

0.0786

0.0819

0.0797

0.0783

0.0789

0.0829

0.0755

0.0833

0.0888

Souri

0.0871

0.0832

0.0867

0.0846

0.0902

0.0853

0.0863

0.1023

0.0832

0.0819

29:15:1

0.1591

0.0944

0.0905

0.0837

0.0923

0.084

0.0868

0.0878

0.089

0.0897

logsid,logsig

0.0805

0.0826

0.0795

0.0943

0.0764

0.0842

0.079

0.0826

0.0848

0.0816

60:20:20

0.0808

0.0829

0.0854

0.0859

0.0835

0.0824

0.0795

0.0852

0.0831

0.0854

0.089519

0.0802

0.0844

0.081

0.0801

0.1627

0.0781

0.0807

0.0828

0.0783

0.0784

0.016645

0.0893

0.0889

0.0892

0.091

0.0941

0.0926

0.1308

0.1607

0.0898

0.0892

0.0873

0.0862

0.0877

0.0821

0.0862

0.0847

0.0916

0.0886

0.0829

0.0873

0.0842

0.0828

0.0834

0.0823

0.0857

0.0849

0.0803

0.0857

0.0822

0.0912

0.0828

0.0826

0.1398

0.0828

0.0831

0.0864

0.0819

0.0794

0.0861

0.0831

0.0942

0.0886

0.0874

0.157

0.09

0.0945

0.09

0.0896

0.0864

0.0889

Souri

0.0902

0.09

0.0894

0.0849

0.0921

0.0992

0.1495

0.0881

0.0864

0.0873

29:10:1

0.0799

0.0802

0.0762

0.1541

0.0806

0.0807

0.0816

0.2227

0.0846

0.1541

logsid,logsig

0.0846

0.0837

0.0855

0.0793

0.0851

0.0824

0.0872

0.2832

0.085

0.0894

60:20:20

0.0844

0.1612

0.083

0.0823

0.0884

0.0825

0.0791

0.0816

0.0817

0.0823

0.09319

0.0886

0.0838

0.0845

0.0866

0.0918

0.0883

0.0896

0.0892

0.0876

0.0868

0.03097

0.0885

0.0821

0.0825

0.0799

0.0822

0.0836

0.0825

0.0862

0.0812

0.0863

0.0832

0.0822

0.1596

0.0825

0.0864

0.0822

0.0812

0.0824

0.0797

0.0833

0.08

0.0801

0.0814

0.08

0.1574

0.0781

0.0838

0.0831

0.0814

0.0797

0.0838

0.1652

0.0826

0.0884

0.088

0.0844

0.0841

0.0818

0.0855

0.0822

0.0816

0.0853

0.0852

0.1572

0.0782

0.0846

0.078

0.076

0.0769

0.0868

Souri

0.0814

0.0834

0.1603

0.2656

0.0833

0.1603

0.0856

0.1603

0.0839

0.084

29:5:1

0.0862

0.0874

0.0904

0.0877

0.0874

0.0928

0.0929

0.0898

0.0858

0.086

logsid,logsig

0.0819

0.0808

0.082

0.0835

0.0826

0.0795

0.0807

0.1447

0.0834

0.0811

60:20:20

0.0837

0.0792

0.0863

0.0855

0.0791

0.1549

0.082

0.1549

0.1013

0.0873

0.093799

0.0893

0.0879

0.0876

0.0865

0.0851

0.0882

0.0823

0.0867

0.0841

0.0856

0.02824

0.0834

0.0823

0.0799

0.0854

0.0839

0.0787

0.082

0.0827

0.0798

0.1632
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0.0847

0.081

0.0815

0.0849

0.0861

0.0836

0.0834

0.0817

0.0789

0.0866

0.0864

0.0849

0.0882

0.0856

0.0838

0.0875

0.0823

0.0843

0.0863

0.0857

0.0829

0.082

0.0833

0.0813

0.1591

0.0869

0.0855

0.1591

0.1591

0.0809

0.0815

0.086

0.0912

0.085

0.0862

0.0813

0.0826

0.0888

0.091

0.0853

Souri

0.0829

0.1575

0.0798

0.0842

0.0773

0.0822

0.0815

0.0816

0.0812

0.0796

29:3:1

0.0836

0.0814

0.0793

0.0857

0.0825

0.0869

0.0791

0.0796

0.1618

0.0819

logsid,logsig

0.0873

0.0892

0.0883

0.0867

0.0886

0.1594

0.1594

0.0826

0.1594

0.1594

60:20:20

0.1603

0.0818

0.0819

0.0812

0.0789

0.082

0.081

0.0845

0.08

0.0801

0.098012

0.0787

0.085

0.0838

0.0838

0.082

0.081

0.081

0.0856

0.0859

0.1623

0.031726

0.163

0.163

0.0816

0.082

0.163

0.0742

0.0835

0.0747

0.0796

0.0768

0.0832

0.085

0.165

0.0845

0.165

0.091

0.0871

0.1634

0.082

0.165

0.0778

0.0791

0.0811

0.082

0.0814

0.1537

0.0841

0.0807

0.0812

0.0807

0.0804

0.0764

0.0764

0.0813

0.1577

0.0813

0.0887

0.0754

0.1577

0.1577

0.0856

0.0842

0.162

0.084

0.0891

0.0804

0.0836

0.0841

0.0893

0.0808

Souri

0.0842

0.1549

0.0815

0.078

0.1169

0.0776

0.1549

0.0794

0.0774

0.1549

29:2:1

0.0886

0.095

0.083

0.1568

0.0822

0.0823

0.08

0.0913

0.1568

0.1568

logsid,logsig

0.086

0.1269

0.1598

0.1598

0.1588

0.085

0.0878

0.0817

0.0852

0.1464

60:20:20

0.0839

0.0821

0.0853

0.1592

0.1591

0.0818

0.0885

0.0797

0.082

0.0872

0.102203

0.0891

0.0853

0.0886

0.1676

0.0888

0.0836

0.1676

0.0885

0.1206

0.0913

0.031892

0.0843

0.0813

0.1584

0.0788

0.0824

0.0847

0.0846

0.077

0.0826

0.1583

0.1674

0.0891

0.1674

0.0898

0.0853

0.0881

0.0898

0.0928

0.0863

0.1674

0.0824

0.0816

0.0814

0.0839

0.0865

0.0856

0.0821

0.0827

0.1006

0.0843

0.0862

0.1576

0.0828

0.1576

0.0798

0.0902

0.1352

0.0807

0.0785

0.1576

0.0795

0.0781

0.0818

0.0785

0.0833

0.0768

0.0773

0.0769

0.0821

0.0832

Souri

0.082

0.0828

0.0851

0.1559

0.0827

0.0815

0.0827

0.085

0.0864

0.0852

29:1

0.0758

0.0772

0.0761

0.0874

0.0794

0.0773

0.0741

0.0761

0.0766

0.0758

logsid,logsig

0.0841

0.0888

0.0856

0.0842

0.0823

0.0873

0.0824

0.0833

0.082

0.0829

60:20:20

0.0844

0.0848

0.086

0.0852

0.1629

0.0872

0.0866

0.0898

0.0859

0.0851

0.085473

0.0787

0.0789

0.0836

0.0828

0.0782

0.0774

0.1594

0.0778

0.0757

0.0808

0.015958

0.081

0.08

0.0778

0.0801

0.0798

0.084

0.08

0.078

0.082

0.0766

0.0785

0.0745

0.0794

0.1608

0.0776

0.0759

0.08

0.0796

0.0782

0.0791

0.0888

0.0815

0.0808

0.0816

0.0911

0.08

0.0796

0.1015

0.0808

0.0811

0.0796

0.084

0.0917

0.0999

0.0822

0.0821

0.0807

0.0823

0.0833

0.0805

0.0855

0.0887

0.0907

0.0842

0.0805

0.0815

0.0832

0.0813

0.0921

0.0844

FA set

Picua

0.1355

0.1401

0.1448

0.1439

0.1396

0.1417

0.1444

0.1425

0.1444

0.1425

29:1

0.1347

0.1356

0.1336

0.1339

0.1335

0.136

0.1386

0.1365

0.1357

0.1337

logsid,logsig

0.1419

0.1381

0.1365

0.2064

0.1355

0.1447

0.137

0.1329

0.1359

0.1358

34:33:33

0.2073

0.1393

0.1403

0.1375

0.1395

0.1417

0.1396

0.14

0.1361

0.1379
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0.14279

0.1491

0.1494

0.1496

0.1499

0.1483

0.1485

0.1442

0.1506

0.1491

0.1456

0.013125

0.1395

0.1442

0.1414

0.1427

0.1416

0.1418

0.1438

0.1434

0.1463

0.1435

0.1446

0.1443

0.1469

0.1434

0.1418

0.1413

0.1438

0.1418

0.1463

0.1446

0.1418

0.1405

0.1398

0.1387

0.1415

0.1369

0.1399

0.139

0.1405

0.2231

0.1395

0.1417

0.143

0.1388

0.1465

0.1396

0.1432

0.14

0.1437

0.1433

0.1337

0.1366

0.1312

0.1376

0.134

0.1333

0.1356

0.1393

0.1338

0.1365

Picual

0.1505

0.1434

0.137

0.1465

0.1419

0.1391

0.1497

0.1409

0.1385

0.1424

29:1

0.1362

0.1368

0.1362

0.1327

0.1456

0.1404

0.136

0.1358

0.1359

0.1342

logsid,logsig

0.1375

0.2031

0.1355

0.1341

0.1363

0.137

0.1362

0.134

0.1362

0.1335

40:30:30

0.2067

0.1351

0.1438

0.1372

0.1338

0.1362

0.1398

0.1349

0.135

0.1456

0.14251

0.1364

0.1398

0.1345

0.1387

0.1358

0.1384

0.1448

0.1393

0.135

0.1361

0.010891

0.1462

0.1394

0.1384

0.1508

0.1409

0.1404

0.1441

0.1512

0.1439

0.1477

0.1491

0.1389

0.1425

0.1403

0.1446

0.1475

0.156

0.147

0.139

0.1371

0.1432

0.142

0.1439

0.1414

0.1459

0.1791

0.1429

0.1388

0.1468

0.1387

0.1505

0.1483

0.1379

0.1427

0.1433

0.1471

0.1404

0.1388

0.1424

0.1447

0.1463

0.1413

0.1385

0.1362

0.1411

0.1384

0.1464

0.1406

0.1474

0.141

Picual

0.1258

0.1295

0.1272

0.1298

0.1316

0.13

0.1356

0.1289

0.1329

0.1257

29:1

0.1334

0.1375

0.1444

0.1354

0.1369

0.1367

0.1411

0.1365

0.1395

0.1387

logsid,logsig

0.129

0.1272

0.1326

0.1399

0.1266

0.1299

0.1367

0.1358

0.1301

0.131

60:20:20

0.1374

0.1419

0.1367

0.1356

0.147

0.1369

0.1358

0.137

0.138

0.3904

0.137747

0.1459

0.145

0.1379

0.1465

0.1506

0.1411

0.1449

0.1399

0.1439

0.1411

0.026074

0.1328

0.1265

0.1327

0.1327

0.1344

0.1342

0.1364

0.132

0.1361

0.1301

0.135

0.1347

0.1333

0.1324

0.1374

0.1344

0.1359

0.1323

0.1337

0.1371

0.1332

0.1323

0.1347

0.1336

0.1348

0.1439

0.1404

0.135

0.1468

0.1344

0.1269

0.1389

0.1298

0.1331

0.1338

0.1369

0.1267

0.1278

0.1312

0.1268

0.141

0.1312

0.1382

0.1306

0.1329

0.1323

0.1282

0.1408

0.1365

0.1385

Picual

0.1382

0.1324

0.1327

0.1354

0.1287

0.1342

0.1314

0.1315

0.1342

0.1344

29:1

0.135

0.1383

0.1376

0.1349

0.1413

0.1333

0.1351

0.2254

0.1369

0.137

logsid,logsig

0.1382

0.1348

0.1365

0.1327

0.1334

0.1386

0.1325

0.1333

0.1265

0.1293

80:10:10

0.1495

0.1416

0.1393

0.1406

0.1396

0.1462

0.1469

0.1388

0.1477

0.1429

0.137319

0.1411

0.1492

0.1464

0.1392

0.1426

0.1456

0.1454

0.1468

0.1447

0.1436

0.011212

0.1334

0.1351

0.1412

0.1299

0.1337

0.1417

0.1445

0.1399

0.1342

0.1484

0.011711

0.1432

0.1459

0.1435

0.1368

0.1511

0.1395

0.1445

0.1411

0.1434

0.1374

0.1196

0.1217

0.1277

0.1271

0.1315

0.1346

0.1254

0.1214

0.124

0.1173

0.1345

0.1289

0.1294

0.137

0.1306

0.1313

0.134

0.1371

0.1317

0.1298

0.1383

0.1355

0.1299

0.1432

0.1377

0.135

0.1324

0.1325

0.131

0.132

Picual

0.1453

0.1436

0.1481

0.1414

0.1419

0.1463

0.1484

0.1512

0.153

0.1416

29:1

0.1384

0.1387

0.1445

0.1379

0.1418

0.1418

0.1416

0.1354

0.1359

0.1372

logsid,logsig

0.1311

0.1401

0.1336

0.1363

0.1365

0.1398

0.1366

0.1429

0.1305

0.1423
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60:20:20

0.1428

0.1414

0.1408

0.1477

0.1498

0.1392

0.1426

0.1506

0.1457

0.1507

0.137631

0.1404

0.1474

0.1348

0.138

0.1341

0.1366

0.1403

0.133

0.1356

0.1343

0.006843

0.1311

0.1426

0.1294

0.1357

0.1361

0.1422

0.1298

0.1333

0.1368

0.1414

0.1301

0.129

0.1365

0.1347

0.1305

0.1311

0.134

0.1339

0.1324

0.1323

0.1309

0.1373

0.1431

0.1301

0.1375

0.1344

0.1315

0.1302

0.1331

0.1344

0.1255

0.126

0.1287

0.1272

0.1262

0.1248

0.1257

0.1261

0.1264

0.1275

0.1393

0.1417

0.1374

0.156

0.1395

0.14

0.1427

0.1429

0.1451

0.1395

Picual

0.3675

0.1387

0.1386

0.1376

0.1407

0.4063

0.1424

0.1402

0.1413

0.1347

29:1

0.1451

0.1425

0.1448

0.1396

0.1389

0.1381

0.138

0.2642

0.1408

0.1365

logsid,tansig

0.3572

0.1359

0.2408

0.1365

0.3663

0.1365

0.1399

0.137

0.14

0.1398

60:20:20

0.1373

0.2181

0.1379

0.1369

0.1382

0.1355

0.2817

0.1403

0.1396

0.1386

0.16599

0.1552

0.1504

0.1469

0.1447

0.153

0.1473

0.2666

0.1462

0.153

0.1537

0.064744

0.1322

0.1314

0.13

0.2807

0.1402

0.1297

0.136

0.1329

0.1311

0.1341

0.1292

0.2738

0.1364

0.4007

0.1339

0.1399

0.1338

0.1362

0.1358

0.133

0.1436

0.1442

0.1536

0.148

0.1377

0.3249

0.1407

0.1401

0.1431

0.1416

0.1369

0.1396

0.1361

0.1579

0.1336

0.1385

0.1356

0.1377

0.1374

0.1421

0.1442

0.2577

0.1442

0.1403

0.3133

0.1405

0.1397

0.1406

0.1427

0.2244

Picual

0.1399

0.1355

0.143

0.1381

0.1326

0.1358

0.4343

0.1388

0.1428

0.1344

29:1

0.1374

0.1366

0.1431

0.1454

0.1395

0.143

0.1422

0.1367

0.1432

0.1472

tansig,logsig

0.1302

0.1306

0.133

0.1283

0.1297

0.1296

0.1339

0.1383

0.1297

0.1258

60:20:20

0.1352

0.13

0.1332

0.1314

0.144

0.1332

0.1331

0.1368

0.1321

0.1302

0.14119

0.137

0.1358

0.136

0.1469

0.1386

0.1422

0.1365

0.1354

0.1388

0.132

0.03003

0.1409

0.1386

0.1413

0.1404

0.1521

0.1429

0.1421

0.1432

0.1432

0.1463

0.1385

0.1418

0.1388

0.1433

0.1423

0.1369

0.1406

0.1459

0.143

0.1377

0.1379

0.1424

0.1414

0.1454

0.1374

0.1433

0.1399

0.1365

0.1449

0.1442

0.1348

0.1344

0.1388

0.14

0.1341

0.1297

0.1304

0.1354

0.1367

0.1451

0.1371

0.1362

0.1395

0.1389

0.14

0.1388

0.1443

0.1353

0.1359

0.1435

Picual

0.1393

0.1372

0.1402

0.1397

0.1356

0.1385

0.5425

0.1349

0.1446

0.142

29:1

0.1443

0.3691

0.4891

0.3792

0.1414

0.1366

0.1434

0.1468

0.1394

0.4108

tansig,tansig

0.1419

0.1524

0.1417

0.1411

0.1412

0.1389

0.1461

0.1457

0.1426

0.141

60:20:20

0.1343

0.1389

0.3174

0.1429

0.1401

0.1415

0.4584

0.136

0.1321

0.9159

0.189862

0.1384

0.1338

0.1442

0.1335

0.1384

0.14

0.1413

0.1426

0.1416

0.1432

0.124924

0.1331

0.1324

0.2071

0.2085

0.4593

0.1367

0.1374

0.1406

0.2664

0.1358

0.3717

0.1405

0.1451

0.142

0.4492

0.1399

0.1421

0.1404

0.1477

0.1478

0.4759

0.141

0.1432

0.3124

0.1468

0.1396

0.1401

0.5068

0.1397

0.1465

0.1376

0.1337

0.1348

0.1426

0.1348

0.1408

0.1316

0.1385

0.1329

0.1362

0.2975

0.1337

0.1356

0.1377

0.1376

0.1352

0.1353

0.2494

0.1317

0.1316

Picual

0.1407

0.1336

0.1418

0.1435

0.1366

0.1409

0.1414

0.1362

0.1443

0.144

29:1

0.1352

0.1314

0.1306

0.132

0.1309

0.1352

0.13

0.1306

0.1405

0.1262
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logsig,pure line

0.1235

0.1246

0.1239

0.1243

0.1323

0.1275

0.1203

0.1214

0.1289

0.131

60:20:20

0.1462

0.1433

0.1492

0.1451

0.1465

0.1466

0.1425

0.1438

0.141

0.1514

0.13774

0.1387

0.1459

0.1411

0.1404

0.1425

0.1375

0.1441

0.1418

0.1447

0.1425

0.006386

0.1348

0.1318

0.1376

0.133

0.1363

0.1401

0.1381

0.1397

0.1378

0.1348

0.1346

0.1348

0.1342

0.1421

0.1354

0.1349

0.1387

0.1308

0.1321

0.1332

0.1428

0.1454

0.1347

0.1371

0.1403

0.1468

0.1405

0.1394

0.1384

0.1417

0.1429

0.1437

0.1425

0.1418

0.1416

0.1388

0.1416

0.1429

0.1474

0.1433

0.1362

0.1293

0.1427

0.1353

0.1341

0.1404

0.1398

0.1401

0.1328

0.1368

Picual

0.1533

0.1533

0.1531

0.1533

0.153

0.1529

0.1529

0.1533

0.1533

0.1533

29:1

0.1471

0.1471

0.1479

0.1471

0.1471

0.1471

0.1471

0.1471

0.1471

0.1471

pure line,logsig

0.1507

0.1507

0.1507

0.1507

0.1507

0.1507

0.1506

0.1507

0.1507

0.1507

60:20:20

0.1508

0.1508

0.1508

0.1508

0.1508

0.1508

0.1505

0.1505

0.1508

0.1508

0.147276

0.1461

0.1461

0.1461

0.1461

0.1461

0.1461

0.1461

0.146

0.1461

0.1461

0.004267

0.1398

0.1398

0.1398

0.1398

0.1399

0.1398

0.1398

0.1397

0.1397

0.1397

0.1451

0.1451

0.1451

0.1451

0.1451

0.1451

0.1451

0.1451

0.1451

0.1451

0.1508

0.1512

0.1508

0.1509

0.1517

0.1508

0.1509

0.1509

0.1509

0.1509

0.1485

0.1485

0.1485

0.1485

0.1479

0.1485

0.1484

0.1483

0.1485

0.1485

0.1406

0.1406

0.1406

0.1407

0.1406

0.1407

0.1406

0.1406

0.1406

0.1406

Picual

0.1457

0.1457

0.1457

0.1457

0.1457

0.1457

0.1457

0.1457

0.1457

0.1457

29:1

0.1527

0.1527

0.1527

0.1527

0.1527

0.1525

0.1527

0.1527

0.1527

0.1527

pure line,pure line

0.1536

0.1536

0.1537

0.1537

0.1537

0.1536

0.1536

0.1536

0.1536

0.1536

60:20:20

0.1517

0.1517

0.1517

0.1516

0.1518

0.1517

0.1518

0.1517

0.1517

0.1517

0.147076

0.1423

0.1423

0.1423

0.1423

0.1423

0.1423

0.1423

0.1423

0.1423

0.1423

0.004942

0.1394

0.1394

0.1394

0.1394

0.1394

0.1394

0.1394

0.1394

0.1394

0.1394

0.1458

0.1458

0.1458

0.1458

0.1458

0.1458

0.1458

0.1458

0.1458

0.1458

0.1399

0.1399

0.1399

0.1399

0.1399

0.1399

0.1399

0.1436

0.1399

0.1399

0.1498

0.1498

0.1498

0.1495

0.1498

0.1498

0.1498

0.1498

0.1498

0.1498

0.1495

0.1495

0.1495

0.1495

0.1495

0.1495

0.1495

0.1495

0.1495

0.1495

Picual

0.1389

0.1376

0.1349

0.1465

0.1432

0.1398

0.1426

0.1414

0.1402

0.139

29:1

0.1402

0.1433

0.1365

0.1363

0.146

0.1364

0.1365

0.1432

0.1357

0.1367

tansig, pure line

0.1424

0.1457

0.1435

0.1424

0.1423

0.1426

0.1383

0.1438

0.1448

0.1335

60:20:20

0.1385

0.1343

0.1314

0.1318

0.1358

0.1357

0.1324

0.1386

0.129

0.1373

0.140191

0.1348

0.1357

0.1443

0.1355

0.1327

0.1366

0.1553

0.1351

0.1335

0.1353

0.004415

0.1433

0.1421

0.1379

0.1388

0.1458

0.1353

0.138

0.142

0.1418

0.1412

0.1433

0.1456

0.1439

0.1437

0.1455

0.1433

0.143

0.1437

0.1417

0.1449

0.141

0.1406

0.1383

0.137

0.1361

0.1348

0.1427

0.1369

0.1409

0.14

0.1429

0.1464

0.143

0.139

0.1412

0.145

0.1385

0.1518

0.1409

0.1406

0.1484

0.1437

0.1442

0.1411

0.1417

0.1378

0.1426

0.1419

0.1386

0.1389

Picual

‘ 0.127 ‘ 0.1266 ‘ 0.1259 | 0.1262 | 0.1274 | 0.1274

| 0.1307 | 0.127 | 0.1503 ‘

0.1311
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29:29:1

0.1333

0.1361

0.1349

0.1534

0.134

0.1376

0.1362

0.1561

0.1404

0.1342

logsid,logsig

0.1388

0.1418

0.21

0.1388

0.1388

0.1392

0.1411

0.146

0.1535

0.1437

60:20:20

0.132

0.1379

0.1347

0.136

0.153

0.1341

0.1387

0.1482

0.1349

0.1402

0.1386

0.1457

0.1345

0.1572

0.1464

0.1354

0.1353

0.1449

0.1555

0.1387

0.1354

0.012492

0.1413

0.1384

0.139

0.1362

0.1359

0.1401

0.1363

0.1337

0.1444

0.1498

0.1334

0.1313

0.1284

0.1286

0.1299

0.1309

0.1265

0.1316

0.204

0.1322

0.133

0.1388

0.1236

0.1257

0.1252

0.1242

0.1292

0.1276

0.144

0.1338

0.1401

0.1464

0.1415

0.1508

0.1422

0.1446

0.1387

0.1422

0.1419

0.1408

0.1302

0.1463

0.1337

0.1284

0.1324

0.1364

0.1382

0.1398

0.1336

0.1286

Picual

0.1492

0.135

0.132

0.1348

0.1361

0.1396

0.1406

0.1326

0.1396

0.1426

29:20:1

0.1409

0.136

0.1388

0.1373

0.1416

0.1378

0.1423

0.1431

0.1382

0.1392

logsid,logsig

0.1429

0.1338

0.1396

0.1332

0.1356

0.1353

0.1379

0.1337

0.1367

0.1537

60:20:20

0.1335

0.1507

0.1448

0.139

0.1348

0.1336

0.1391

0.1357

0.1417

0.1371

0.139522

0.1389

0.1434

0.1429

0.1476

0.1377

0.1381

0.1422

0.1388

0.1364

0.1947

0.01152

0.1315

0.1567

0.1342

0.1319

0.2206

0.1504

0.1391

0.1348

0.1479

0.1353

0.1368

0.1346

0.1386

0.1466

0.1414

0.1383

0.1404

0.1534

0.1382

0.1348

0.1362

0.1277

0.1301

0.1343

0.1321

0.1307

0.1298

0.1419

0.1308

0.1352

0.1329

0.1392

0.138

0.1401

0.1476

0.1378

0.1346

0.1308

0.1335

0.1516

0.1316

0.1324

0.1314

0.1311

0.1335

0.1411

0.1443

0.1319

0.1307

0.1334

Picual

0.1401

0.1366

0.1414

0.1389

0.1354

0.1446

0.1407

0.137

0.1434

0.1374

29:15:1

0.149

0.1426

0.146

0.1441

0.1432

0.1376

0.1415

0.1388

0.1401

0.1483

logsid,logsig

0.1338

0.1322

0.1285

0.147

0.1365

0.1303

0.1288

0.1321

0.1294

0.1341

60:20:20

0.1423

0.1468

0.1407

0.1447

0.1383

0.14

0.2106

0.2106

0.1377

0.1398

0.142296

0.1371

0.128

0.1532

0.1298

0.1262

0.1377

0.1342

0.1284

0.1417

0.2042

0.01611

0.1481

0.1507

0.2087

0.1492

0.1387

0.143

0.1557

0.141

0.1422

0.1408

0.1501

0.1329

0.1394

0.1312

0.1374

0.132

0.1384

0.1323

0.1312

0.1378

0.1345

0.1353

0.1364

0.147

0.1446

0.1343

0.1386

0.1488

0.137

0.1407

0.1353

0.1349

0.2011

0.1358

0.1321

0.1372

0.1421

0.148

0.1446

0.1322

0.1385

0.1406

0.1384

0.135

0.1331

0.1358

0.1364

0.1488

0.1376

0.1327

Picual

0.1384

0.1407

0.1468

0.1468

0.1454

0.142

0.1401

0.1432

0.1403

0.1396

29:10:1

0.1337

0.1444

0.1249

0.1266

0.1364

0.1237

0.1241

0.1305

0.1239

0.1234

logsid,logsig

0.1472

0.1423

0.1378

0.1352

0.1529

0.1436

0.1457

0.1517

0.2071

0.1404

60:20:20

0.1379

0.1402

0.1497

0.1397

0.1405

0.1408

0.1386

0.1382

0.1443

0.1453

0.139055

0.1365

0.1346

0.1429

0.1422

0.1357

0.135

0.1356

0.131

0.1314

0.1414

0.009634

0.1309

0.1512

0.1305

0.1343

0.1471

0.1451

0.1445

0.1339

0.1389

0.15

0.1371

0.1421

0.1401

0.1483

0.1356

0.1474

0.1505

0.1473

0.1351

0.139

0.1301

0.1316

0.1396

0.1306

0.1342

0.1296

0.1314

0.1311

0.131

0.1323

0.1324

0.137

0.1319

0.1439

0.1293

0.1386

0.1281

0.1413

0.1327

0.1429

0.1353

0.14

0.1413

0.1452

0.1371

0.1363

0.14

0.1385

0.1424

0.1406
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Picual

0.1449

0.2099

0.1396

0.1441

0.1425

0.1538

0.1398

0.1407

0.1409

0.1436

29:5:1

0.1389

0.1437

0.1371

0.2052

0.1345

0.1351

0.1363

0.1441

0.1408

0.1602

logsid,logsig

0.1351

0.1326

0.1284

0.1346

0.1257

0.1343

0.135

0.1311

0.1351

0.128

60:20:20

0.1287

0.1368

0.139

0.1274

0.1269

0.1265

0.1958

0.1397

0.1289

0.1452

0.144342

0.1428

0.2168

0.1428

0.1385

0.138

0.1402

0.1386

0.2168

0.1449

0.1387

0.024988

0.1326

0.1331

0.141

0.1416

0.139

0.1357

0.1358

0.2128

0.1368

0.1349

0.1344

0.1525

0.1435

0.1388

0.1285

0.1311

0.1358

0.1283

0.1271

0.1366

0.139

0.1517

0.1411

0.1451

0.1485

0.1414

0.146

0.1402

0.143

0.147

0.1286

0.13

0.1343

0.1302

0.1329

0.1274

0.1289

0.2982

0.1323

0.136

0.1341

0.1408

0.1383

0.2081

0.1519

0.1363

0.134

0.1338

0.142

0.1446

Picual

0.128

0.1255

0.1345

0.1377

0.1321

0.1391

0.1689

0.129

0.1254

0.1283

29:3:1

0.1319

0.2121

0.1421

0.1385

0.1355

0.1443

0.1354

0.1334

0.1331

0.1326

logsid,logsig

0.1356

0.13

0.1375

0.1293

0.1279

0.133

0.1316

0.1289

0.1313

0.1289

60:20:20

0.1383

0.131

0.2081

0.1496

0.1349

0.1306

0.1431

0.1287

0.1276

0.2081

0.139088

0.1406

0.1409

0.1476

0.1312

0.1316

0.1428

0.1426

0.1324

0.1302

0.1318

0.017931

0.1333

0.1328

0.133

0.1339

0.1435

0.1348

0.1505

0.1309

0.1389

0.1298

0.1259

0.1237

0.2106

0.1245

0.1259

0.1256

0.1532

0.1353

0.1282

0.1278

0.1432

0.1349

0.1346

0.1361

0.1361

0.1484

0.1398

0.1345

0.1356

0.1363

0.1588

0.1471

0.1383

0.1337

0.1435

0.1395

0.2114

0.1367

0.1353

0.1358

0.128

0.1335

0.1384

0.1305

0.1384

0.1399

0.1327

0.1289

0.1352

0.1285

Picual

0.141

0.2198

0.1338

0.1378

0.1365

0.1363

0.1368

0.1398

0.1375

0.1365

29:2:1

0.1454

0.1479

0.1536

0.1502

0.1529

0.2128

0.1492

0.1647

0.1451

0.1605

logsid,logsig

0.1379

0.1489

0.1431

0.1392

0.1488

0.1486

0.1683

0.1443

0.1488

0.1409

60:20:20

0.1472

0.1689

0.1421

0.1573

0.1439

0.1411

0.1505

0.141

0.1414

0.1468

0.146523

0.134

0.1388

0.1404

0.1347

0.1453

0.1322

0.1498

0.1339

0.1319

0.1392

0.018646

0.1368

0.1406

0.1849

0.1483

0.1396

0.1434

0.1518

0.1387

0.1344

0.1489

0.1366

0.1305

0.1394

0.1286

0.1342

0.1304

0.1366

0.1988

0.1329

0.1337

0.1427

0.134

0.1621

0.2112

0.137

0.1333

0.1353

0.1424

0.1367

0.1377

0.1339

0.1376

0.1358

0.1339

0.1332

0.2029

0.1453

0.1353

0.1344

0.1312

0.1487

0.2159

0.1411

0.1414

0.1422

0.1468

0.1437

0.1404

0.1466

0.1532

Picual

0.1318

0.1339

0.1333

0.1367

0.1301

0.1336

0.132

0.1331

0.1329

0.1358

29:1

0.1358

0.1362

0.1387

0.145

0.1442

0.1395

0.1406

0.1385

0.1398

0.1401

logsid,logsig

0.1495

0.1439

0.1423

0.1414

0.1452

0.1404

0.1463

0.1427

0.141

0.1439

60:20:20

0.1403

0.1444

0.1365

0.1384

0.1387

0.1427

0.1377

0.1495

0.1382

0.1377

0.13976

0.1394

0.1379

0.1354

0.1376

0.1372

0.1327

0.1324

0.1373

0.1349

0.1372

0.018673

0.1369

0.1338

0.1333

0.1294

0.1351

0.1414

0.1312

0.1295

0.1369

0.1312

0.1373

0.1392

0.1344

0.1405

0.1398

0.1363

0.1416

0.137

0.1414

0.3188

0.1354

0.14

0.1371

0.1495

0.1401

0.1468

0.1405

0.1524

0.1389

0.1398

0.1375

0.1327

0.142

0.1445

0.1325

0.1339

0.1361

0.1337

0.1359

0.135

0.1344

0.1382

0.134

0.1361

0.1311

0.1374

0.1352

0.1334

0.1395

0.1331

110




Souri

0.0801

0.0804

0.0804

0.081

0.0799

0.0798

0.08

0.0806

0.081

0.079

29:1

0.0757

0.0764

0.0755

0.0763

0.0762

0.076

0.0762

0.0768

0.0755

0.0778

logsid,logsig

0.0827

0.0818

0.0811

0.0814

0.0813

0.081

0.0809

0.0807

0.0818

0.0808

34:33:33

0.0812

0.0813

0.0815

0.1632

0.0825

0.0803

0.0808

0.0808

0.0815

0.0814

0.084286

0.0821

0.0808

0.0821

0.0811

0.0822

0.0836

0.0833

0.0821

0.0824

0.0826

0.01741

0.0794

0.0798

0.0788

0.0794

0.0798

0.0796

0.0791

0.0797

0.0804

0.079

0.0794

0.0796

0.0795

0.0802

0.08

0.0793

0.0802

0.0794

0.1594

0.0795

0.0802

0.0793

0.0795

0.0801

0.0796

0.0792

0.0792

0.0806

0.1614

0.0794

0.0813

0.0805

0.0807

0.0805

0.0803

0.0802

0.0815

0.082

0.0809

0.0806

0.0815

0.0819

0.0815

0.0867

0.0819

0.1563

0.0826

0.0838

0.1563

0.0827

Souri

0.0779

0.0789

0.0784

0.0793

0.08

0.1545

0.0791

0.0781

0.0798

0.0785

29:1

0.0801

0.0808

0.0807

0.0804

0.0802

0.0795

0.0801

0.0844

0.0792

0.0806

logsid,logsig

0.0803

0.0815

0.08

0.1598

0.0817

0.0797

0.0806

0.0804

0.0812

0.0814

40:30:30

0.0818

0.0812

0.159

0.081

0.0832

0.0805

0.0805

0.0814

0.0822

0.0816

0.083411

0.0846

0.0851

0.0846

0.0869

0.0842

0.0855

0.0847

0.0851

0.0851

0.0843

0.01331

0.081

0.0796

0.0794

0.0799

0.0798

0.0781

0.0799

0.0799

0.0786

0.0796

0.082

0.0833

0.0826

0.0829

0.0835

0.0826

0.0832

0.083

0.083

0.0827

0.0814

0.0799

0.0813

0.0805

0.081

0.0803

0.0808

0.0805

0.0806

0.0806

0.082

0.0819

0.0818

0.0826

0.0822

0.0817

0.0861

0.0833

0.0822

0.082

0.0771

0.0781

0.08

0.0791

0.0788

0.0797

0.0779

0.0778

0.0781

0.0776

Souri

0.0783

0.0783

0.0788

0.0773

0.0787

0.078

0.0785

0.0822

0.0788

0.0783

29:1

0.0824

0.082

0.0827

0.0838

0.0825

0.0824

0.0826

0.0824

0.0815

0.0824

logsid,logsig

0.0778

0.0782

0.0788

0.0788

0.0789

0.0781

0.0777

0.0779

0.079

0.0788

60:20:20

0.0793

0.0794

0.0783

0.0794

0.0788

0.0799

0.079

0.0781

0.0798

0.0783

0.082391

0.0847

0.084

0.0846

0.0846

0.0859

0.0837

0.0841

0.0838

0.0845

0.0836

0.011299

0.0797

0.0799

0.0785

0.0801

0.0816

0.0791

0.079

0.08

0.0794

0.0798

0.0855

0.086

0.0862

0.0879

0.0865

0.0864

0.0867

0.086

0.0865

0.0855

0.0781

0.0766

0.0766

0.0776

0.0764

0.0772

0.0772

0.0784

0.0769

0.0777

0.0819

0.0818

0.0847

0.0817

0.0805

0.0809

0.081

0.0832

0.159

0.0821

0.0802

0.0806

0.0793

0.0801

0.0802

0.0807

0.0803

0.1581

0.0798

0.0803

Souri

0.0782

0.0747

0.159

0.0768

0.0779

0.0773

0.077

0.0793

0.0757

0.0754

29:1

0.0829

0.0831

0.0832

0.0837

0.0832

0.0838

0.085

0.0822

0.0848

0.0845

logsid,logsig

0.1744

0.0805

0.0805

0.0827

0.0804

0.0846

0.0819

0.0805

0.0811

0.0812

80:10:10

0.0791

0.0793

0.0796

0.079

0.0781

0.0797

0.1655

0.0803

0.0785

0.0788

0.08318

0.0774

0.0769

0.0783

0.0773

0.0765

0.0788

0.0766

0.0772

0.0783

0.0782

0.017872

0.0826

0.0824

0.0825

0.0819

0.0834

0.0824

0.0829

0.0827

0.0826

0.0823

0.0786

0.0767

0.0781

0.0775

0.0783

0.0774

0.0772

0.0779

0.078

0.0782

0.0893

0.0911

0.09

0.09

0.0888

0.1069

0.0923

0.0893

0.0911

0.0895

0.0723

0.1638

0.0734

0.0714

0.0718

0.0716

0.0716

0.072

0.0715

0.0711

0.0737

0.0745

0.072

0.074

0.0727

0.0749

0.0744

0.0748

0.0723

0.0734
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Souri

0.0769

0.0775

0.078

0.0778

0.0771

0.0769

0.0772

0.0773

0.0768

0.0773

29:1

0.0778

0.0779

0.0784

0.0779

0.0785

0.0773

0.0784

0.0784

0.0779

0.0806

logsid,logsig

0.0821

0.0838

0.0824

0.0825

0.083

0.083

0.0833

0.083

0.0829

0.0833

60:20:20

0.0828

0.0841

0.0836

0.0834

0.0828

0.0822

0.0832

0.0817

0.0841

0.0862

0.082382

0.0816

0.0824

0.0851

0.0823

0.0824

0.0818

0.0819

0.0828

0.0826

0.0835

0.011515

0.0796

0.078

0.0779

0.0783

0.079

0.0777

0.0768

0.0786

0.0782

0.1628

0.0866

0.0827

0.0832

0.0824

0.0824

0.0817

0.0822

0.0824

0.0829

0.0825

0.0773

0.0792

0.0777

0.0778

0.0789

0.078

0.0787

0.0788

0.0778

0.0786

0.079

0.0789

0.0796

0.08

0.079

0.158

0.0795

0.0793

0.0797

0.08

0.0837

0.0838

0.0862

0.0832

0.0849

0.0834

0.0844

0.0834

0.084

0.0838

Souri

0.0735

0.0716

0.071

0.0723

0.0721

0.0732

0.0731

0.0719

0.0728

0.0707

29:1

0.079

0.0799

0.0788

0.0793

0.0791

0.2252

0.0813

0.0807

0.08

0.0813

logsid,tansig

0.0798

0.0807

0.1632

0.081

0.0811

0.0797

0.1632

0.0793

0.0795

0.0797

60:20:20

0.082

0.0826

0.0836

0.0818

0.0819

0.0845

0.0823

0.0824

0.0822

0.0823

0.089704

0.0808

0.0809

0.0814

0.0808

0.0828

0.0814

0.0813

0.0874

0.0809

0.0809

0.029275

0.0798

0.0803

0.08

0.08

0.0803

0.0793

0.0808

0.1634

0.0806

0.0797

0.0781

0.0775

0.078

0.163

0.077

0.0779

0.1723

0.0787

0.0783

0.082

0.0797

0.0795

0.0784

0.1561

0.0796

0.0775

0.1561

0.0772

0.0775

0.1561

0.0761

0.0753

0.1573

0.078

0.076

0.0755

0.0753

0.0749

0.0757

0.0754

0.0833

0.0831

0.0843

0.1591

0.0841

0.0837

0.1591

0.0841

0.084

0.0832

Souri

0.0831

0.0836

0.0823

0.0824

0.0837

0.1204

0.0827

0.0833

0.0825

0.0824

29:1

0.0777

0.0764

0.0778

0.0768

0.0785

0.0771

0.0769

0.0774

0.0777

0.0783

tansig,logsig

0.0839

0.0859

0.0869

0.0855

0.0845

0.0836

0.085

0.0848

0.0847

0.0849

60:20:20

0.0768

0.0785

0.0781

0.0791

0.0793

0.0771

0.0813

0.0773

0.0768

0.0766

0.088612

0.0764

0.074

0.0756

0.0743

0.0737

0.075

0.0762

0.0743

0.075

0.1678

0.034068

0.1766

0.0808

0.0803

0.0819

0.0806

0.0813

0.0805

0.0807

0.0831

0.0805

0.190817

0.0791

0.0777

0.0788

0.0771

0.0884

0.0776

0.3427

0.0784

0.0773

0.0771

0.0827

0.0826

0.0832

0.0822

0.0824

0.0839

0.0819

0.0824

0.0814

0.0819

0.0859

0.0843

0.0859

0.0848

0.085

0.0858

0.0849

0.0848

0.1621

0.0849

0.0806

0.0813

0.0822

0.0808

0.0819

0.0809

0.1601

0.082

0.2226

0.0814

Souri

0.0776

0.0778

0.0786

0.078

0.0788

0.0779

0.0783

0.0793

0.0782

0.1564

29:1

0.1523

0.0718

0.0742

0.0729

0.0758

0.0723

0.0724

0.0722

0.0935

0.0712

tansig,tansig

0.083

0.1922

0.0795

0.0796

0.0821

0.0808

0.0815

0.0805

0.0824

0.0809

60:20:20

0.0813

0.0817

0.0797

0.27

0.0797

0.0794

0.0795

0.08

0.0799

0.0808

0.089167

0.0773

0.0793

0.0776

0.0783

0.0767

0.1583

0.0771

0.0773

0.0772

0.0771

0.032406

0.2322

0.0811

0.0821

0.0821

0.0815

0.0805

0.0813

0.082

0.0825

0.0815

0.186384

0.0805

0.0793

0.0808

0.0806

0.0799

0.0787

0.0787

0.0792

0.0792

0.0786

0.0825

0.0819

0.1604

0.0829

0.0826

0.0825

0.0815

0.0815

0.0824

0.0821

0.1731

0.0849

0.0823

0.083

0.0853

0.0829

0.0822

0.0827

0.0824

0.0824

0.1652

0.0786

0.0801

0.0782

0.0778

0.0776

0.0797

0.079

0.0785

0.078
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Souri 0.0812 | 0.0805 | 0.0812 | 0.0804 | 0.0807 | 0.0805 0.081 | 0.0797 0.081 | 0.0806
29:1 0.0762 | 0.0756 | 0.0741 | 0.0757 | 0.0745 | 0.0753 | 0.0746 | 0.0758 | 0.0756 | 0.0748
logsig,pure line 0.0749 | 0.0749 | 0.0765 | 0.0759 | 0.0755 | 0.0754 | 0.0758 | 0.0753 | 0.0762 0.075
60:20:20 0.0833 | 0.0837 | 0.0834 | 0.0849 0.085 | 0.0838 | 0.0842 | 0.0839 | 0.0833 | 0.0849
0.077948 0.071 | 0.0712 | 0.0704 | 0.0709 | 0.0711 | 0.0705 0.071 | 0.0722 | 0.0718 | 0.0755
0.004224 0.082 | 0.0822 0.083 | 0.0818 | 0.0824 | 0.0828 | 0.0813 | 0.0817 | 0.0813 | 0.0815
0.090619 | 0.0709 | 0.0728 | 0.0732 0.072 0.072 | 0.0725 | 0.0723 | 0.0701 | 0.0715 | 0.0717

0.0799 | 0.0811 | 0.0807 0.081 | 0.0805 | 0.0809 | 0.0801 | 0.0815 | 0.0805 | 0.0808

0.0806 | 0.0796 | 0.0806 | 0.0837 | 0.0815 | 0.0806 | 0.0808 0.081 | 0.0812 | 0.0817

0.0767 | 0.0757 | 0.0767 | 0.0765 | 0.0771 | 0.0765 | 0.0766 | 0.0773 | 0.0769 | 0.0771

Souri 0.0926 | 0.0928 | 0.0926 | 0.0926 | 0.0926 | 0.0926 | 0.0926 | 0.0926 | 0.0925 | 0.0926
29:1 0.0942 | 0.0942 | 0.0942 | 0.0941 | 0.0942 | 0.0942 | 0.0941 | 0.0942 | 0.0942 | 0.0942
pure line,logsig 0.0893 | 0.0893 | 0.0893 | 0.0894 | 0.0893 | 0.0893 | 0.0893 | 0.0893 | 0.0893 | 0.0893
60:20:20 0.0864 | 0.0864 | 0.0865 | 0.0865 | 0.0865 | 0.0865 | 0.0865 | 0.0865 | 0.0865 | 0.0865
0.089604 | 0.0873 | 0.0873 | 0.0873 | 0.0873 | 0.0872 | 0.0873 | 0.0873 | 0.0873 | 0.0872 | 0.0873
0.00305 | 0.0935 | 0.0935 | 0.0935 | 0.0935 | 0.0935 | 0.0935 | 0.0935 | 0.0935 | 0.0935 | 0.0935
0.098753 | 0.0885 | 0.0883 | 0.0883 | 0.0884 | 0.0884 | 0.0884 | 0.0883 | 0.0883 | 0.0884 | 0.0883

0.0894 | 0.0894 | 0.0895 | 0.0894 | 0.0895 | 0.0895 | 0.0894 | 0.0894 | 0.0895 | 0.0895

0.0842 | 0.0842 | 0.0842 | 0.0844 | 0.0842 | 0.0842 | 0.0842 | 0.0842 | 0.0842 | 0.0842

0.0905 | 0.0907 | 0.0907 | 0.0907 | 0.0907 | 0.0907 | 0.0906 | 0.0907 | 0.0907 | 0.0905

Souri 0.0923 | 0.0923 | 0.0923 | 0.0923 | 0.0923 | 0.0923 | 0.0923 | 0.0923 | 0.0924 | 0.0924
29:1 0.0937 | 0.0937 | 0.0938 | 0.0937 | 0.0936 | 0.0937 | 0.0937 | 0.0937 | 0.0937 | 0.0934
pure line,pure line | 0.0852 | 0.0852 | 0.0852 | 0.0853 | 0.0852 | 0.0852 | 0.0852 | 0.0852 | 0.0852 | 0.0855
60:20:20 0.0916 | 0.0916 | 0.0916 | 0.0916 | 0.0916 | 0.0916 | 0.0916 | 0.0916 | 0.0916 | 0.0916
0.087874 | 0.0872 | 0.0872 | 0.0872 | 0.0872 | 0.0872 | 0.0872 | 0.0872 | 0.0872 | 0.0872 | 0.0872
0.003342 | 0.0868 | 0.0867 | 0.0868 | 0.0868 | 0.0868 | 0.0868 | 0.0868 | 0.0868 | 0.0868 | 0.0868
0.097899 | 0.0855 | 0.0855 | 0.0855 | 0.0855 | 0.0854 | 0.0855 | 0.0855 | 0.0855 | 0.0855 | 0.0855

0.0847 | 0.0847 | 0.0847 | 0.0847 | 0.0847 | 0.0847 | 0.0847 | 0.0847 0.085 | 0.0847

0.0882 | 0.0882 | 0.0882 | 0.0882 | 0.0882 | 0.0882 | 0.0881 | 0.0882 | 0.0882 | 0.0882

0.0835 | 0.0836 | 0.0835 | 0.0835 | 0.0835 | 0.0835 | 0.0835 | 0.0835 | 0.0835 | 0.0835

Souri 0.0865 | 0.0872 | 0.0863 0.087 | 0.0875 | 0.0855 0.086 | 0.0869 | 0.0858 | 0.0857
29:1 0.0729 | 0.0737 | 0.0731 | 0.0747 | 0.0737 | 0.0738 | 0.0725 | 0.0738 | 0.0733 | 0.0732
tansig, pure line 0.079 | 0.0785 0.078 | 0.0782 | 0.0782 | 0.0784 | 0.0783 | 0.0787 | 0.0788 0.078
60:20:20 0.0807 | 0.0808 | 0.0807 | 0.0797 | 0.0794 | 0.0809 | 0.0802 | 0.0805 | 0.0812 0.081
0.079425 0.078 | 0.0787 | 0.0792 | 0.0794 | 0.0781 | 0.0783 0.077 | 0.0775 | 0.0789 | 0.0787
0.003366 | 0.0768 | 0.0765 | 0.0778 | 0.0774 | 0.0786 | 0.0783 | 0.0772 | 0.0766 | 0.0774 | 0.0758
0.089524 | 0.0803 | 0.0812 | 0.0823 | 0.0813 | 0.0824 | 0.0803 0.082 | 0.0812 | 0.0823 0.081

0.0778 | 0.0773 | 0.0776 | 0.0786 | 0.0772 | 0.0778 | 0.0766 | 0.0784 | 0.0775 | 0.0771

0.0791 | 0.0793 | 0.0775 | 0.0789 | 0.0781 | 0.0786 | 0.0784 | 0.0783 | 0.0792 | 0.0786
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‘ 0.0825 ‘ 0.0821 ‘ 0.082 | 0.0818 | 0.0833 | 0.0821

| 0.0828 | 0.082 | 0.0813 ‘

0.0819

Souri 0.0794 | 0.0783 | 0.0786 | 0.0784 | 0.0816 | 0.0802 | 0.0789 | 0.1613 | 0.0816 | 0.0787
29:29:1 0.0828 | 0.0823 | 0.0819 | 0.0835 | 0.0822 | 0.0807 0.081 | 0.0828 | 0.0814 | 0.0816
logsid,logsig 0.0817 | 0.0795 | 0.0795 | 0.0879 | 0.0791 | 0.0795 | 0.0793 0.08 | 0.0815 | 0.0796
60:20:20 0.0795 | 0.0783 | 0.0795 | 0.0789 | 0.0787 | 0.0815 0.078 0.081 | 0.1541 | 0.0785
0.085193 | 0.0825 0.161 | 0.0781 0.083 | 0.0782 | 0.0783 | 0.0808 | 0.0786 | 0.0786 | 0.0827
0.017659 | 0.0796 | 0.0802 | 0.0796 | 0.0878 | 0.0813 | 0.0792 | 0.0845 0.08 | 0.1629 | 0.0794
0.138171 | 0.0807 | 0.0796 0.166 | 0.0814 | 0.0816 | 0.0813 | 0.0829 | 0.0799 0.08 | 0.0818

0.0807 | 0.0819 0.083 0.085 | 0.0806 | 0.0814 | 0.0829 | 0.0831 | 0.0798 | 0.0812

0.0832 | 0.0851 0.084 | 0.0837 | 0.0843 | 0.0846 | 0.0843 | 0.0847 | 0.0828 | 0.0872

0.0809 | 0.0795 | 0.0819 | 0.0788 | 0.0813 | 0.0804 | 0.0792 0.079 0.082 | 0.0885

Souri 0.08 0.084 | 0.0796 | 0.0798 | 0.0799 | 0.0797 | 0.0792 | 0.0802 0.083 | 0.0845
29:20:1 0.0808 | 0.0821 | 0.0798 | 0.0806 | 0.0801 | 0.0801 0.08 | 0.0812 | 0.0801 | 0.0812
logsid,logsig 0.0811 | 0.1505 0.082 | 0.0793 | 0.0795 | 0.0808 | 0.0796 | 0.0784 | 0.0806 | 0.0782
60:20:20 0.0834 | 0.0828 | 0.0835 | 0.0847 | 0.0824 | 0.0858 0.083 | 0.0833 | 0.0866 | 0.0832
0.083202 | 0.0798 | 0.0808 | 0.0811 | 0.0796 | 0.0825 | 0.0805 | 0.0807 | 0.0801 | 0.0792 | 0.0787
0.010608 | 0.0787 | 0.0785 | 0.0787 | 0.0787 | 0.0876 | 0.0824 | 0.0791 | 0.0833 | 0.0781 | 0.0821
0.115027 | 0.0778 | 0.0757 | 0.0784 | 0.0777 | 0.0765 | 0.0783 | 0.0768 | 0.0786 | 0.0768 0.077

0.0843 | 0.0871 | 0.1565 | 0.0848 | 0.0823 | 0.0837 | 0.0816 | 0.0827 | 0.0832 | 0.0875

0.0895 | 0.0861 | 0.0893 | 0.0883 | 0.0865 | 0.0896 | 0.0867 | 0.0867 0.09 | 0.0883

0.0812 | 0.0797 | 0.0848 | 0.0826 0.08 0.082 | 0.0853 | 0.0796 | 0.0801 | 0.0818

Souri 0.0831 | 0.0839 | 0.0816 | 0.0812 | 0.0825 | 0.0847 | 0.0841 0.088 | 0.0817 | 0.0818
29:15:1 0.0785 0.163 | 0.0756 | 0.0799 | 0.0776 | 0.0799 | 0.0759 | 0.0776 | 0.0756 | 0.0795
logsid,logsig 0.0889 | 0.0843 | 0.0828 | 0.0849 | 0.0863 0.084 | 0.0848 | 0.0831 | 0.0858 | 0.0838
60:20:20 0.0748 | 0.0794 | 0.0785 | 0.0762 0.075 | 0.0788 0.08 | 0.0758 | 0.0777 | 0.0803
0.081381 | 0.0775 | 0.0793 | 0.0768 | 0.0766 | 0.0813 | 0.0792 | 0.0765 | 0.0772 | 0.0805 | 0.0779
0.008815 | 0.0796 | 0.0798 | 0.0796 | 0.0791 | 0.0813 | 0.0779 0.079 | 0.0809 | 0.0785 0.081
0.107825 | 0.0797 | 0.0805 | 0.0848 | 0.0787 | 0.0805 | 0.0828 | 0.0793 | 0.0804 | 0.0796 | 0.0812

0.0795 | 0.0803 | 0.0801 | 0.0835 | 0.0823 | 0.0807 | 0.0792 | 0.0806 | 0.0816 0.081

0.0842 | 0.0881 | 0.0843 | 0.0847 | 0.0854 | 0.0829 | 0.0816 | 0.0862 | 0.0815 | 0.0851

0.0788 | 0.0764 | 0.0764 | 0.0787 | 0.0763 | 0.0786 | 0.0768 | 0.0783 | 0.0794 | 0.0777

Souri 0.0769 0.077 | 0.0757 0.075 | 0.0797 | 0.0755 | 0.0761 | 0.1609 | 0.0757 | 0.0757
29:10:1 0.0807 0.082 | 0.0823 0.083 | 0.0817 | 0.0813 | 0.0801 0.081 | 0.0914 | 0.0816
logsid,logsig 0.0749 | 0.0784 | 0.1141 | 0.0765 | 0.0754 | 0.0781 | 0.0787 | 0.0752 | 0.0763 | 0.0761
60:20:20 0.076 | 0.0716 | 0.0722 | 0.0761 | 0.0739 0.075 | 0.0747 | 0.0749 | 0.0731 0.072
0.082443 | 0.0837 | 0.0855 0.084 | 0.0843 | 0.0844 | 0.0833 | 0.0822 | 0.0824 | 0.0836 | 0.0825
0.009575 | 0.0837 0.083 | 0.0851 | 0.0829 | 0.0838 | 0.0845 | 0.0833 | 0.0881 | 0.0906 | 0.0839
0.111167 0.082 | 0.0856 | 0.0811 | 0.0831 0.081 | 0.0807 | 0.0836 | 0.0806 | 0.0807 | 0.0808

0.0824 | 0.0814 | 0.0882 | 0.0832 | 0.0822 0.082 | 0.0843 | 0.0838 | 0.0827 | 0.0838
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0.0833

0.0834

0.0815

0.0829

0.0872

0.0831

0.0831

0.0826

0.0826

0.0834

0.0851

0.0845

0.0858

0.0837

0.0855

0.084

0.0831

0.087

0.0852

0.0928

Souri

0.0779

0.0785

0.0796

0.0799

0.0775

0.0801

0.0775

0.0768

0.0899

0.0767

29:5:1

0.0815

0.0825

0.0814

0.0814

0.083

0.0813

0.0808

0.0816

0.0831

0.0819

logsid,logsig

0.1589

0.0841

0.0848

0.0829

0.0869

0.084

0.0833

0.0835

0.0857

0.083

60:20:20

0.0808

0.0811

0.0815

0.0804

0.0787

0.0783

0.0811

0.1625

0.0791

0.0806

0.085517

0.0711

0.0706

0.0722

0.0723

0.1561

0.0702

0.1561

0.0697

0.0712

0.0706

0.018999

0.0753

0.0752

0.0768

0.0759

0.075

0.081

0.0753

0.0753

0.0745

0.1531

0.142515

0.0821

0.0821

0.1627

0.0817

0.0838

0.086

0.086

0.0825

0.0839

0.0841

0.0792

0.081

0.08

0.0795

0.0797

0.0792

0.0796

0.0799

0.0796

0.0788

0.0854

0.0866

0.0861

0.0866

0.0893

0.0872

0.0857

0.086

0.0863

0.0884

0.0835

0.0833

0.0838

0.083

0.0829

0.0843

0.085

0.0854

0.084

0.0859

Souri

0.077

0.0799

0.0778

0.0792

0.0813

0.0782

0.087

0.0797

0.077

0.0766

29:3:1

0.0849

0.0856

0.0846

0.0854

0.0851

0.0843

0.0871

0.0841

0.0851

0.0873

logsid,logsig

0.163

0.0785

0.0806

0.0799

0.0818

0.0789

0.0785

0.0811

0.0799

0.0791

60:20:20

0.0852

0.0869

0.1675

0.1675

0.1675

0.1675

0.1675

0.0844

0.0861

0.0881

0.090302

0.0809

0.0822

0.0823

0.0828

0.0832

0.0819

0.0833

0.1586

0.1587

0.118

0.023908

0.0796

0.0803

0.0827

0.0802

0.081

0.0808

0.08

0.0818

0.1639

0.081

0.0828

0.0825

0.0851

0.0827

0.0829

0.085

0.0849

0.0829

0.0828

0.0821

0.0837

0.0825

0.0839

0.0814

0.0829

0.0817

0.0841

0.083

0.0829

0.0818

0.0833

0.0849

0.0842

0.0867

0.085

0.088

0.083

0.0857

0.0843

0.0837

0.0831

0.0822

0.0827

0.0816

0.0803

0.0813

0.0823

0.081

0.0842

0.0812

Souri

0.0829

0.0836

0.1582

0.0843

0.0839

0.0847

0.0828

0.0839

0.0821

0.0826

29:2:1

0.0766

0.1594

0.0776

0.0789

0.0778

0.0764

0.0767

0.0767

0.0806

0.0785

logsid,logsig

0.0861

0.1576

0.0868

0.0888

0.0884

0.0877

0.0848

0.0886

0.089

0.0872

60:20:20

0.0846

0.0841

0.1592

0.087

0.0834

0.1592

0.0826

0.0825

0.0845

0.0831

0.088275

0.0803

0.078

0.0791

0.0773

0.1546

0.0797

0.0789

0.081

0.0794

0.0773

0.023679

0.0799

0.0788

0.08

0.0803

0.079

0.0801

0.0809

0.0793

0.08

0.0805

0.0837

0.0833

0.083

0.0842

0.0813

0.0825

0.0842

0.0832

0.0832

0.0842

0.0809

0.0817

0.0816

0.0836

0.0819

0.0813

0.0817

0.0828

0.0851

0.081

0.0759

0.0775

0.0762

0.0783

0.0756

0.2146

0.0782

0.0761

0.0761

0.0779

0.081

0.1607

0.0816

0.0821

0.0823

0.0826

0.0819

0.0819

0.0825

0.0823

Souri

0.0839

0.0816

0.0835

0.0816

0.0828

0.0818

0.082

0.0816

0.0813

0.0821

29:1

0.0756

0.0745

0.0748

0.0765

0.0746

0.0763

0.0749

0.0779

0.0761

0.0759

logsid,logsig

0.084

0.0843

0.085

0.0817

0.0838

0.0824

0.0828

0.0838

0.0842

0.0841

60:20:20

0.0834

0.0836

0.084

0.0874

0.0833

0.0841

0.0825

0.083

0.0848

0.0844

0.082439

0.0808

0.0762

0.0773

0.0775

0.0786

0.078

0.0779

0.0773

0.0774

0.0775

0.013331

0.0827

0.0797

0.0806

0.0813

0.0803

0.0805

0.0802

0.0853

0.0801

0.0807

0.0759

0.075

0.0768

0.0761

0.1767

0.0757

0.0758

0.0756

0.075

0.0756
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0.0839 | 0.0844 | 0.0868 | 0.0837 | 0.0837 | 0.0859 | 0.0839 0.083 | 0.0848 | 0.0851

0.0769 0.078 | 0.1673 | 0.0774 | 0.0765 | 0.0779 | 0.0775 0.077 | 0.0771 | 0.0782

0.0823 | 0.0828 | 0.0824 | 0.0833 0.084 | 0.0834 | 0.0821 | 0.0837 | 0.0846 | 0.0823

Appendix C. ANN software

Matlab code for ANN training and testing

function e=ANN(data)

p=data(:,2:30); %-------------- select input -——---------------------
t=data(;,1);  %-------------- select tagets-—------------------------
p=p’;

t=t';

for k=1:10

[trainV,val,test] = dividevec(p,t,0.20,0.20)-9%------ Divide data to traing validating and tiesf
net=newff(minmax(p),[29, 1],{logsig’,'logsigfrainim’,'learngdm’,'mse’");%-Define network sture and transfer functions
for j=1:10

net.trainParam.show = NaN; %-------- defit@pping citeria
net.trainParam.epochs = 100;

net.trainParam.goal = 0;

net.trainParam.max_fail = 5;
net.trainParam.mem_reduc = 1;

net.trainParam.min_grad = 1e-10;

[net,tr]=train(net,trainV.P trainV.T,[],[Jal); %--------- train network
a = sim(net,test.P,[],[],test.T); %------ —simulate results with testing set
e(k,j)=std(test.T-a);%------------------- aallate standard error
net=init(net);%-------------- initiate weight

end

clear tarinV val test %--------- clear sets

end

Appendix D. Statistical Analysis software

SPSS code for simple linear regression

6.
7.
8.
9.

10.
11.
12.
13.

14.

15.

REGRESSION

/SELECT= Variety Code EQ 1

IMISSING LISTWISE

ISTATISTICS COEFF OUTS R ANOVA

/ICRITERIA=PIN(.05) POUT(.10)

/INOORIGIN

/DEPENDENT Oil_amount

IMETHOD=ENTER AVG_FD1 AVG_FD2 AVG_FD3 AVG_FD4 AVG_FD5 AVG_RatioElong
AVG_Av#G AVG_Var#G AVG_DefectArea AVG_Mean_Gr

AVG_SD_Gr AVG_Smooth_Gr AVG_3rd_Moment AVG_Uniformity Gr AVG_Entropy_Gr
AVG_Mean_Hue AVG_SD_Hue AVG_Smooth_Hue

AVG_3rd_Moment_Hue AVG_Uniformity_ Hue AVG_Entropy_Hue .

SPSS code for factor analysis

FACTOR
IVARIABLES Area length width Eccentricity EquiveD Compctness MaxDist LengthVec
AVG_FD1 AVG_FD2 AVG_FD3 AVG_FD4 AVG_FD5
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AVG_RatioElong AVG_Av#G AVG_Var#G AVG_DefectArea AVG_Mean_Gr AVG_SD_Gr
AVG_Smooth_Gr AVG_3rd_Moment AVG_Uniformity_Gr
AVG_Entropy_Gr AVG_Mean_Hue AVG_SD_Hue AVG_Smooth_Hue AVG_3rd_Moment_Hue
AVG_Uniformity_ Hue AVG_Entropy_Hue /MISSING
LISTWISE /ANALYSIS Area length width Eccentricity EquiveD Compctness MaxDist LengthVec

AVG_FD1 AVG_FD2 AVG_FD3 AVG_FD4

AVG_FD5 AVG_RatioElong AVG_Av#G AVG_Var#G AVG_DefectArea AVG_Mean_Gr
AVG_SD_Gr AVG_Smooth_Gr AVG_3rd_Moment
AVG_Uniformity_Gr AVG_Entropy_Gr AVG_Mean_Hue AVG_SD_Hue AVG_Smooth_Hue

AVG_3rd_Moment_Hue AVG_Uniformity Hue

AVG_Entropy_Hue
/SELECT=Variety Code(1)

/PRINT INITIAL EXTRACTION ROTATION FSCORE

/IPLOT EIGEN
ICRITERIA MINEIGEN(1) ITERATE(25)
JEXTRACTION PC
ICRITERIA ITERATE(25)
JROTATION EQUAMAX

ISAVE REG(ALL)
IMETHOD=CORRELATION .

Appendix E. Raw data — example

Side | Variety | Picking date | Picture date| Pic No [ Olive No Wet Weight | Dry Weight | Qil% Area length | width Eccentricity
1 Picual 11/25/2007 11/26/200 pl 1 4458 1838 3030156954 516 397 0.641877
1 Picual 11/25/2007 | 11/26/2007 pl 2 6155 1952 3004 | 194168 570 440 0.632148
1 Picual 11/25/2007 11/26/200 pl 3 4141 1614 291350042 497 383 0.658908
1 Picual 11/25/2007 | 11/26/2007 pl 4 6144 2057 3481 | 193208 566 447 0.63384
1 Picual 11/25/2007 11/26/200 pl 5 6235 2340 356296590 578 430 0.659247
1 Picual 11/25/2007 | 11/26/2007 pl 6 5728 2092 3254 | 186550 537 461 0.565788
1 Picual 11/25/2007 11/26/200 pl 7 5900 2130 315283657 581 405 0.711967
1 Picual 11/25/2007 | 11/26/2007 pl 8 5218 1951 3429 | 172392 528 417 0.620221
1 Picual 11/25/2007 11/26/200 pl 9 5634 2040 332378145 537 423 0.630589
1 Picual 11/25/2007 | 11/26/2007 pl 10 5231 2052 3397 | 168725 542 405 0.651191
1 Picual 11/25/2007 11/26/200 p2 1 3560 1387 213133591 493 344 0.721486
1 Picual 11/25/2007 | 11/26/2007 p2 2 5044 1697 2970 | 163289 522 404 0.624328
1 Picual 11/25/2007 11/26/200 p2 3 5530 1964 328291440 575 426 0.670392
1 Picual 11/25/2007 | 11/26/2007 p2 4 3487 1436 3206 | 129111 430 374 0.505476
1 Picual 11/25/2007 11/26/200 p2 5 7509 2481 327224674 642 463 0.688205
1 Picual 11/25/2007 | 11/26/2007 p2 6 2954 1122 2501 | 112997 455 322 0.721791
1 Picual 11/25/2007 11/26/200 p2 7 6795 2515 344212926 609 449 0.668252
1 Picual 11/25/2007 | 11/26/2007 p2 8 2601 986 1988 | 106867 444 317 0.719175
1 Picual 11/25/2007 11/26/200 p2 9 5068 1912 3050168223 551 396 0.699014
1 Picual 11/25/2007 | 11/26/2007 p2 10 5977 2112 3120 | 192157 588 413 0.709864
1 Picual 11/25/2007 11/26/200 p3 1 2881 1343 321114004 436 341 0.60267
1 Picual 11/25/2007 | 11/26/2007 p3 2 4428 1680 3466 | 153394 485 403 0.589897
1 Picual 11/25/2007 11/26/200 p3 3 5440 1753 305378042 532 424 0.626101
1 Picual 11/25/2007 | 11/26/2007 p3 4 6309 1926 3370 | 199735 593 425 0.701194
1 Picual 11/25/2007 11/26/200 p3 5 3805 1524 266438416 478 373 0.632253
1 Picual 11/25/2007 | 11/26/2007 p3 6 5404 1895 3325 | 175119 549 424 0.656102
1 Picual 11/25/2007 11/26/200 p3 7 4779 1645 311464869 535 393 0.679028
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Appendix F. Abbreviation

Feature Description
Area Number of relevant pixels
length Length of olive bounding box
width Width of olive bounding box

Eccentricity

L1/L2: Ellipse (same second moment as the regienjers distance (L1) by Long
Axis (L2) (~1 — Circle; ~0 - Area Line).

EquiveD Diameter of same area circle
Compctness Shape - Perimeter/Area™2
MaxDist maximum distance from center to edge
LengthVec Length vector - The distance vector length
AVG_FD1 Average of first FFT coefficient - Average Radius
AVG_FD2 Average second FFT coefficient - Bendingness
AVG_FD3 Average of third FFT coefficient - Elongation
AVG_FD4 Average of forth FFT coefficient
AVG_FD5 Average of fifth FFT coefficient
AVG_RatioElong (FD(1)-2*(FD(3)))/(FD(1)+2*(FD(3)))
AVG_AV#G Average of average green value (RGB matrix)
AVG_Var#G Average of variance of green value (RGB matrix)
AVG_DefectArea Average ratio between defect area and non defeat ar
AVG_Mean_Gr Texture - Average intensity (Graylmage).
AVG_SD_Gr Texture - Standard deviation — measure of averageast

AVG_Smooth_Gr

Texture - R=1-1/(1+ o?)

AVG_3rd_Moment

Texture - Measure of the skewness of the histogram

AVG_Uniformity_Gr

L-1
Texture -y = p?(z)
Z; :

AVG_Entropy_Gr

Measure of randomness

AVG_Mean_Hue

Texture - Average Hue (HSI image).

AVG_SD_Hue

Texture - Standard deviation of Hue — measure efage contrast

AVG_Smooth_Hue

Texture - R=1-1/(1+ o?)

AVG_3rd_Moment_Hue

Texture - Measure of the skewness of the histogram

AVG_Uniformity_Hue

Texture -y — f p*(z)

i=0

AVG_Entropy_Hue

Measure of randomness

118




Appendix G. Weights and biases of best networks

Picual

b {1} IW{1,1} b{2r | w21}
-6.0932| -2.0721 -1.6912 -0.8199 -0.4488 -0.5418 8642 0.2503
4.9475 | 1.0352 1.83471 -1.7986 0.88%3 0.8539 -0.5668 1.0746
2.7631 | -1.1154] -0.2931 1.4823 -0.211 -0.6618 (@4p1 -2.8869
-0.4899| 0.0059| -0.0554 2.2734 1.8107 -0.9295 -@3B8 1.731
2.8674 | 1.7311| 0.7148 -1.285  -0.6023 1.884 0.507 811@
24101 | 1.0456| 0.453§ -2.5146 -1.5493 1.475 1.0p24 7395
-4.6786| -1.6526| 0.8024 2.0098 0.2807 0.2213 0.5B87 -1.4601
-3.0847| -1.7504f -1.3981 -0.8538 1.3867 -1.8806 IO -0.8415
2.949 -0.4463| -0.0677 0.6909 -0.7095 0.1881 -0.0y08 -2.1652
1.873 1.0389 0.2672 0.239 3.2063 1.044 -2.499 8.686
-5.1063 | 1.9423| -0.489% -0.4705 -0.8287 0.1987 A6p6 2.6349
-0.0713| -0.6322] -0.08383 -1.2979 -1.7785 0.1407 916p 1.7236
-0.6575| -2.1103 -1.2974 -0.774 0.4164 0.3891 0.6)21 1.1374
0.2422 | -2.8836| 0.0423 0.0191 0.0398 1.5668 0.5p42 .8969
-0.8349| 1.4827| 0.2197 0.305[ -0.288 -2.0683 -0.2B73.9825] 1.6436
2.8793 | 1.2141 1.3943 25086 0.6691 0.5158 -0.6208 .988%
-0.9564 | -2.9163 0.9714 0.456 0.1191 -1.7869 -0.1B09 -0.5993
0.3743 | 0.5888| -0.482% 0.1668 0.7368 1.5136 1.7p71 7426
0.4703 | -0.7941 -0.7249 -3.1453 0.7224 1.573 1.0918 -0.7979
-1.1538 | 0.1885| -0.9439 -1.8404 -0.648 -3.1058 (104 -1.4307
0.1654 | -2.7215 0.1459 2.305P 1.9116 0.1218 1.6p86 0.4776
4.3406 1.488 0.4943 -1.2172 0.3097 1.9666 0.6}36 0331
2.7626 1.2032 1.1915 3.702p 0.5724 0.1507 -0.6158 1.7004
2.0466 | -5.0663] 0.7191 3.514p 1.8974 -1.8p4 -0.5p71 -0.2235
-4.0963 -1.48 -0.6577 0.4339 -0.1461 -0.1489 0.4163 2.0612
-3.5516| -0.6423 0.5165 0.5418 -0.6763 -2.5143 8B 1.2399
4.7268 | -0.9873 1.107§ 1.2228 05375 3.2482 -1.0678 -0.2725
5.2316 | 0.5703| 0.3509 0.4966 -0.06p7 -3.2947 -0.903 1.6094
-4.7073| 0.2051| 0.3313 -1.89 0.9411 -0.4422 -0.0f55 -1.6044
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Souri

b {1} IW{1,1} b{2} | w{2,1}
0.1276 0.1276| -1.0494 -0.8239 -0.87p9 -0.37139 0.1959
-0.7385| -0.7385 -0.236% 1.11983 -0.8785 -0.4952 .34
0.4216 0.4216| -0.9539 0.3613 0.3137 -0.5405 -1.3892
-0.5861| -0.5861] 1.2921 -0.87% -0.092 0.75p5 -0.8%35
0.2424 | 0.2424| -1.7647 1.087p -0.972 -1.7464 0.1306
-0.0264 | -0.0264f -2.4694 0.732B 1.2326 -0.5417 0.2B8
-1.2128 | -1.2128 2.4935% 1.6848 1.0509 0.3g475 0.3939
-0.2491| -0.2491 1.706 -0.377 0.75322 -0.6105 -0.2279
1.3477 | 1.3477| 0.7004 0.054 0.2548  0.1238 0.4348
-0.316 -0.316 0.2553 -0.4872 -0.9892 -0.1y4 0.4427
0.6108 | 0.6108| 0.0854 0.506p 0.9637 -1.2482 -0.1p65
1.3519 | 1.3519| -1.7049 -0.4634 0.54%2 -0.0312 -@091
0.0762 | 0.0762| 0.6034 0.987p  -2.35Pp6 0.7¢5 0.0937
-2.9953| -2.9953 -0.6708 -0.9627 -0.69f6 0.6826 o1
-0.3276 | -0.3276| 2.4297 -1.0228 0.2394 -1.2p40.3742 -0.058
0.1017 0.1017 1.906 1.350y 0.2022 -0.1358 0.3Q64
0.1427 0.1427 1.4628 -0.4411 -1.14p4 0.4968 -0.1931
1.1385 1.1385| -2.1433 -1.6361 -0.19 -0.3427 0.392
1.4239 1.4239| -1.8148 0.340B -0.3982 -0.10¢77 -20p6
-2.535 -2.535| -3.3745 -0.0184 -0.2996 -0.1919 0324
-2.2005| -2.2005 -1.7132 0.624f -0.7648 0.1542 ®167
-0.5308 | -0.5308 1.1264 0.7171 1.2646 0.1264 -0.4p78
-0.0208 | -0.0208 -0.01 -0.0841 0.7683  -0.0432 1.084
-0.1241| -0.1241) 0.3944 14578 0.6946 -0.2014 0.1931
-0.1375| -0.1375 0.0754 2.186p 1.056 0.12p7 0.2462
0.6689 0.6689 0.9058 -1.8391 0.7023 0.5165 0.3427
-0.9189| -0.9189] 0.6693 0.6208 -0.5911 0.0824 0.5694
4.2034 | 4.2034| -0.6604 -0.2468 -1.0488 0.5155 0.1391
0.3869 0.3869| -0.8549 -0.1383 -1.3829 -0.3119 —0271)5
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