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A B S T R A C T   

Pistachio (Pistacia vera) is a dioecious tree species in the cashew family originating from Central Asia and the 
Middle East. The sex of pistachio genotypes cannot be established until inflorescence growth during the repro
ductive stage. The ability to determine sex before flowering would be extremely beneficial for pistachio growers 
and breeders. In this study, different methods of soft computing, using classifiers (i.e. KNN, SVM, SOM, ANFIS 
and RBF) were employed to determine pistachio sex based on geometric features of mature leaves. Data were 
collected from more than 900 leaves representing 45 pistachio genotypes before sexual maturation. Separate 
training data set sizes (20, 40, 60 and 80%) were used to evaluate the generalizability of each classifier. Results 
indicated the KNN classifier was the most accurate (>95%) for sex determination during training phases how
ever, accuracy during testing phases varied from 52 to 60% for the four training data set sizes. Training phase 
accuracy with the 80% data set ranged from 83 to 64% with the respective arrangement of RBF, ANFIS, SVM, and 
the SOM classifiers. In the test phase, classifier accuracy varied from 88.33% (RBF) to 60% (KNN). Our results 
indicated RBF could reliably be used to differentiate between male and female pistachio genotypes. Thus, soft 
computing models are useful tools for predicting sex in pistachio based on leaf dimensions.   

1. Introduction 

Costs of fruit tree breeding are prohibitive due to land requirements, 
long-term upkeep, and an extended juvenile phase. Additional expenses 
incurred during removal of male trees prior to fruit evaluation makes 
dioecious species more expensive to maintain than hermaphroditic tree 
species. Pistacia vera is a dioecious member of the Anacardiaceae family. 
Early sex detection in offspring of crosses among selected parents in 
pistachio breeding programs would be invaluable to the industry as 
pistachio tree sex cannot be determined until they reach sexual maturity 
and begin inflorescence growth [1]. Use of soft modeling techniques and 
basic morphological traits to verify pistachio seedling sex prior to 
maturation would greatly benefit researchers and significantly decrease 

costs for breeders. 
Previous reports describe sex-specific morphological differences 

within Pistacia spp. such as differentiation in P. atlantica leaf 
morphology [2], distinctive main branch angles, leaf indices, leaf areas 
[3], and distinguishing stoma attributes in P. chinensis [4], and leaf 
longevity and eco-physiological differences in P. lentiscus [5,6]. 
Morphological differences exist in mature pistachio trees as male trees 
are usually larger in size than female counterparts in commercial or
chards with fruit production limiting female tree size [7]. Prior to 
maturation, males and females of some species can be identified in other 
ways such as microscopic inspection of the winter bud [3,8,9]. Alter
natively, published literature reports pistachio sex determination can be 
performed at the DNA level with PCR-based DNA amplification using 

Abbreviations: ANN, Artificial neural network; ANOVA, Analysis of variance; ARB, Adaptive rule-based; AUC, area under a ROC curve; Ens, Ensemble classifier; 
FIS, fuzzy inference system; FN, Number of positive samples.; FP, Number of negative samples; KNN, K-nearest neighbor; LM, Levenberg-Marquardt; LW1, Ratio of 
length-to-width of main leaf; LW2, Ratio of length-to-width of terminal leaf; MLP, Multilayer perceptron; Poly2, Polynomial degree 2; Poly3, Polynomial degree 3; 
RBF, Radial basic function; SOFM, Self-organizing feature map; SOM, Self-organized map; SVM, Support vector machine; TDS, Training data size; TLCF, Two-layer 
classification framework; TN, Negative samples; TP, Number of positive samples; TSSE, Total sum squared error; YI, Youden’s index. 
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sex-specific primers [10–12]. 
Soft computing such as use of neural networks has hastened our 

ability to predict physiological processes within living organs [13,14]. 
Methods like K-nearest neighbor (KNN), support vector machine (SVM), 
self-organizing map (SOM), artificial neural network fuzzy inference 
system (ANFIS), and radial basis function (RBF) are being used for 
unique applications in animal behavior [15], medicine and cancer 
diagnosis [16,17], plant species hierarchical classification [18], disease 
diagnosis [19], image classification [20,21], regression studies [22], 
prediction of plant yield and performance [21,23,24], tree phenology 
[25], and predictions of superior genotype [26]. Machine learning based 
on visual assessment of biometric data has been used for sex determi
nation in humans, fish and other animals [27–29], but has yet to be used 
in plants. In this research, KNN, SOM, SVMs, ANFIS and RBF from deep 
learning models were used to sex identification in pistachio. The KNN 
decision rule is a famous classification technique used in pattern 
recognition and is one of the most useful non-parametric algorithms in 
soft computing and machine learning [30–33]. Compared to other 
neural networks, KNN is simple, stable, and demonstrates good grouping 
performance [34]. A SOM is a type of artificial neural network (ANN) 
tool used for categorizing pattern in n-dimensional observation data to 
produce a low-dimensional (typically two-dimensional) output called a 
map [35]. SVMs are supervised learning models with associated learning 
algorithms that analyze the data used for classification and regression 
analysis. Given a set of training examples, each allocated to one of two 
categories, a SVM training algorithm builds a model that assigns new 
examples a category, making it a non-probabilistic binary linear classi
fier. ANFIS is a type of ANN based on the Takagi–Sugeno fuzzy inference 
system [36] that allows for identification of two network structure parts, 
namely the premise and consequence. A RBF network is an ANN that 
typically has three layers: an input layer, a hidden layer with a non- 
linear RBF activation function, and a linear output layer. RBF uses 
radial basis functions as activation functions, realizes a globally optimal 
solution to the adjustable weights in the minimum mean square error 
sense by using the linear optimization method, and has general 
approximation and regularization capabilities [37]. 

Although DNA markers for early sex determination exist, there are 
very few sex-specific gene loci in pistachio genotypes [12]. Few DNA 
markers can distinguish between sexes with 100% accuracy. For 
example, Kamiab, Ebadi, Panahi and Tajabadi [38] reported a 15% error 
rate in the sex determination of P. vera using SCAR (sequence charac
terized amplified region) markers. DNA testing is expensive and requires 
expertise and laboratory facilities. The deep learning method described 
here is a new simple and cost-effective technique for predicting different 
biological phenomena. It could be employed as an alternative or com
plementary method for early sex determination in pistachio studies. 

A comprehensive literature search revealed no published research in 
pistachio using soft computing methods for sex-specific studies thus this 
work is the first to use machine learning classifiers in pistachio sex 
determination based on leaf characteristics. 

The remainder of this manuscript is organized into sections. Input 
data set measurements, a brief description of the various soft computing 
classifiers assigned to the data, and a classification performance 
assessment are provided in Section 2. The results and analysis of each 
classifier within the different data sets, a direct comparison of the per
formance classifiers, and the RBF sensitivity analysis are presented in 
Section 3. Section 4 consists only of the Conclusions. 

2. Materials and methods 

2.1. Data set 

Forty-five pistachio genotypes were selected for data collection and 
more than 900 leaves per genotype were measured. Leaves were 
collected from sexually immature trees during the third year of growth 
(before flowering) in 2005. Twenty male and twenty female genotypes 

were randomly selected after flowering in 2019. Calculated data from 
male (400 leaves) and female (500 leaves) genotypes were used to 
generate the data sets for modeling. Pistachio seedling trees were chosen 
from a native population at Damghan (36◦14′74′′ N, 54◦41′07′′E; alti
tude 1170 m) in the Semnan province of Iran. Genotypes within this 
population were obtained from the open-pollinated seeds from two local 
pistachio cultivars ‘Shah-Pasand’ and ‘Kalleh-Ghuchi’. These trees are 
irrigated regularly and maintained by a professional horticulturalist. 
Leaves from five female Iranian pistachio cultivars (Ahmad Aghaei, 
Kalleh-Ghuchi, Fandaghi, Shah-Pasand, and Akbari) were also sampled. 
Roughly 20 mature pinnate leaves from each genotype were randomly 
selected from early season shoots. A digital caliper with ±0.01 mm ac
curacy was used to measure length and width of the main leaf and ter
minal leaflet (Fig. 1). The length: width ratio in leaves is rarely affected 
by abiotic conditions. Thus, main leaf (LW1) and terminal leaflet (LW2) 
ratios were used as model inputs. 

Features were normalized to remove differences among the feature 
ranges. The feature normalization range was considered between − 1 
and 1. 

Fn = 1+
2(F − Fmin)

(Fmax − Fmin)
(1)  

where F = [LW1, LW2] is the original feature value, Fn is the normalized 
feature value, and Fmax and Fmin represent maximum and minimum 
feature values. 

2.2. Classifier models 

2.2.1. K-Nearest Neighbor classifier (KNN) 
KNN, the simplest machine learning classifier algorithm, was applied 

to the training and testing phases to determine the label of each pattern 
based on the most similar K-neighbor. In this study, the KNN test begins 
with selection of a K-neighbor from pistachio trees that have the closest 
Euclidean distance to the characteristics of the tree being tested. The sex 
class of K-neighbors is determined by majority “vote” thus the class with 
the largest number of votes becomes the assigned sex of the tree [16,39]. 

Fig. 1. Measurement locations. Depiction of where length and width data were 
taken for main leaf and terminal leaflets in pistachio. 
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The voting standard is the short feature distance between the testing tree 
and its K-neighboring trees. The weighted Euclidean distance best de
scribes this: 

Dt =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅(
∑N

i=1
Wi|Xi − Xim|

2

)
2

√
√
√
√ , i = 1, 2, ...,N, t = 1, 2, .., T (2)  

where Xim and Xi are, respectively, the training and testing pattern, W 
and N are the weight of the ith feature, the numbers of training patterns, 
respectively. 

For example, when K = 4 is and Xn is an unknown sex pistachio tree; 
the Euclidian distance is shortest to the three neighboring female pis
tachio trees rather than the single male tree. Therefore, the unknown sex 
tree is assigned a female designation (Fig. 2). 

2.2.2. Support vector machine (SVM) 
The SVM was firstly described as a classifier by Vapnik [40] and has 

the potential to aid in identification of sex in pistachio. We also selected 
SVM because it overcomes local minima, requires very little training 
time, and uses kernel functions to generate a variety of solutions 
[41,42]. The SVM classifier components for pistachio sex classification 
are illustrated in Fig. 3. The SVM operates by using a separating hy
perplane to simultaneously maximize the margin and minimize 
misclassification between two female and male classes from the training 
data set. For pistachio sex detection as a two-class classification prob
lem, the input system is a 2-dimentional vector x(x = [LW1, LW2]) where 
male pistachios have a value of +1, and females − 1 (y ∈ { − 1, + 1}). So 
that: 

x = {x1, x2, x3,⋯, xm} ∈ R2 (3)  

y = {y1, y2, y3,⋯, ym} ∈ {− 1,+1} (4) 

Therefore, the objective of the SVM classifier is to find a decision 
function that can correctly identify the sex (y) of each pistachio (x). If 
the hyperplane created by the SVM is assumed to be linear, then we 
have: 

f (x) = 〈w.x〉+ b (5)  

where w is the weight vector and b is a scalar quantity. Therefore, the 
hyperplane (f(x)) for the training set could be defined: 

w.xi + b ≥ 1 , if yi = +1  

w.xi + b ≤ − 1 , if yi = − 1 (6) 

The maximum distance between the two margin lines should be 
indicated by w and b with the goal of solving the minimized equation (8). 

Minimize
1
2
||w||2 +C

∑n

i=1
ξi  

Subject to yi(wT xi+b) ≥ 1− ξi , ξi ≥ 0 (7)  

where ξ is the slake variable and C is the penalty parameter. 

2.2.3. SOM classifier 
Kohonen’s self-organizing map (SOM) classifier is an unsupervised 

neural network that creates a rendering of the training sample input 
space [43]. The SOM generates a lower-dimensional output layer from 
high-dimensional feature inputs and shows each input layer neuron is 
associated with the Kohonen layer neurons. The SOM structure is shown 
in Fig. 4. During the training phase, the weight vector of the neuron in 
the Kohonen layer is corrected based on the distance from the input 
feature vector. The neuron closest to the selected feature, is identified as 
a winner neuron using equation (8). Winner neuron weights are updated 
by equation (9): 

Ni = argmin
j

‖xi − wj‖, i = 1, 2, 3,⋯j = 1, 2, 3,⋯ (8)  

wi(t + 1) = wi(t) +α(t)hci(t)‖xi(t) − wi(t)‖ (9)  

where t is the training iteration, α(t) is the learning rate, hci(t) is the 
neighborhood function, and c is the winner neuron in the Kohonen layer. 

At the beginning of the SOM, the weight of the neurons in the 
Kohonen layer is measured then the input vector is randomly selected 
and their distance to all the neurons is calculated in the Kohonen layer. 
The weight of the winning neurons is then updated based on Equation 
(9). Learning rate and neighborhood function change with each iteration 
of training. Training continues until the change is not observed in SOM 
parameters. After training, the label of each of the winning neurons is 
identified in the output layer. Fig. 2. KNN classifier. Example of KNN showing Euclidian distances between 

an unknown (Xn) and its four closest neighbors. 

Fig. 3. SVM classifier. Illustration of linear support vector classi
fier components. 
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2.2.4. ANFIS classifier 
The adaptive neuro-fuzzy inference system (ANFIS) combines an 

artificial neural network (ANN) with fuzzy inference system (FIS) 
principles to take advantage of both methods. The ANFIS structure 
(Fig. 5) was used in this study to aid pistachio sex identification efforts. 
Fuzzy rules in ANFIS are extracted during the training phase to ensure 
correct pistachio sex classification. ANFIS can create fuzzy if-then rules 
based on first-order Sugeno models (Equation (10)). 

Rule 1 : If LW1 is A1 and LW2 is B1, then f1 = p1LW1 + q1LW2 + r1
Rule 2 : If LW1 is A2 and LW2 is B2, then f2 = p2LW1 + q2LW2 + r2

(10)  

where LW1 and LW2 are the leave geometric features, Ai and Bi are the 
ANFIS fuzzy sets, fi is the output, and pi, qi, and ri are the parameters 
achieved during the training phase. 

The first layer of ANFIS is called the fuzzification layer. Fuzzification 
output is calculated using the membership function and the number of 
fuzzy rules are determined with the second layer of FIS. Second layer 
output is normalized for each rule after entering the third layer. In the 
fourth layer, the normalized values of the previous layer are multiplied 
by the 1st-order polynomial. ANFIS output (Equation (11)) is calculated 
for each sex class in the fifth layer (Ci): 

Ci =

∑
jwj
(
pjLW1 + qjLW2 + rj

)

∑
jwj

(11) 

The most efficient and accurate ANFIS design has the least number of 
FIS rules. The FIS is made using three approaches: grid partition (GP), 
subtractive clustering (SC) and fuzzy c-means (FCM). 

2.2.5. RBF neural network classifier 
The radial basis function (RBF) artificial neural network was also 

used to verify pistachio sex classifications. RBF is composed of three 
layers; input, hidden, and output (Fig. 6). The input layer contains the 
geometric features of pistachio leaves (LW1, LW2). The hidden layer is 
made up of neurons with a nonlinear function called the radial basis or 
Gaussian function. RBF produces a linear output layer and the rela
tionship between input and output is computed in Equation (12). 

Outk(x) =
∑L

i=1
wkjhj(x)+ bk0 (12)  

hj(x) = exp

(

−
‖x − μj‖

2

2σ2
j

)

(13)  

where x is the input vector of features, hj(x) is a radial basis function 

Fig. 4. SOM classifier. Schematic of a SOM two-layer neural network.  

Fig. 5. ANFIS structure. This configuration was used to establish sex (male, female) in pistachio genotypes. (circle, fixed node; square, adaptive node).  
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(activation function), bk0 is the bias, L is the number of neurons in the 
hidden layer, and μj and σj are, respectively, the center and spread of the 
activation function. 

During the training phase and based on the correct class, pistachio 
sex patterns were calculated using the Levenberg-Marquardt (LM) 
training algorithm of optimal weight values between neurons, µ and σ. 
The LM training algorithm optimizes RBF classifier parameters based on 
minimization of the total sum squared error (TSSE). 

2.3. Evaluation of classification performance 

The aim of this study was to identify the sex of pistachio trees in two 
male and female groups so that binary classification would result in a 
positive or negative output. A confusion matrix was used to estimate 
classifier performance (Table 1). The matrix consisted of four compo
nents; true sex positive (TP), false sex positive (FP), true sex negative 
(TN), and false sex negative (FN). The TP and TN were the number of sex 
patterns correctly identified and correctly rejected, respectively. The FP 
and FN were incorrectly identified and incorrectly rejected, respectively. 

Classifier performance was estimated for TP, TN, FP and FN using 
Equation (14). 

Accuracy(%) =
TP + TN

TP + TN + FP + FN
× 100 (14) 

Percent accuracy refers to the ratio of correct predictions over the 
total number of evaluated patterns. The best classifier performance is 
achieved when the accuracy is close to a hundred [44,45]. 

The functioning stages of machine learning methods in KNN, SVM, 
SOM, ANFIS, and RBF models are divided into two phases, training and 
testing. The data set in this study, which includes the geometric char
acteristics of 900 pistachio tree leaves (400 male, 500 female), was 
randomly divided into two data sets for training and testing. During the 
training phase, classifier parameters that can be changed are adjusted 
using the training data set. Then, in the testing phase, classification 
performance is evaluated using a data set other than the training data set 
to assess its generalizability in real conditions. In the larger the training 
data set, the classifier can use more patterns to adjust its parameters, and 
increases the possibility of learning. Furthermore, the larger the size of 
the testing data set, the more acceptable the model performance ergo 
generalizability of the classifier is higher [43]. To meet this goal, four 
randomly generated different sized training data sets, including 80, 60, 

40 and 20% of total patterns, were used (Table 2). Model performance 
was evaluated by accuracy estimates based on different training data set 
sizes. A flowchart was created to describe the objectives of this article 
(Fig. 7). The penultimate objective of this work is to isolate the best 
classifier with the highest accuracy in distinguishing between male and 
female pistachio trees based on geometric characteristics (LW1, LW2) of 
leaves. The study began with optimization of important parameter 
values for each classifier. Five classifier types (KNN, SVM, SOM, ANFIS, 
and RBF) were assessed using different data sets (Table 2). Ultimately, 
the classifier with the highest accuracy is selected for two classes (male, 
female) in pistachio. 

3. Results and discussion 

Optimum values are calculated based on output from the various 
data sets before comparisons are made of classifier performances. 

3.1. Adjusting parameters of the classifiers 

3.1.1. KNN classifier 
KNN can categorize pistachios with the highest probability into a K 

group based on the nearest-neighbors classification rules in the training 
phase. Results acquired from the KNN classifier with K-neighborhood 
values that differ from one to eleven for the training and testing phases 
are shown in Fig. 8. These results indicate size of the training and testing 
data sets can drastically impact performance and accuracy of the clas
sifier. Different data sets were used in two training and testing phases to 
evaluate reliability and generalization (Fig. 8). The minimum classifi
cation accuracy in the training phase with 20, 40, 60 and 80% data set 
sizes was 95%. The KNN classifier was able to learn and apply classifi
cation rules, however, testing phase results indicated KNN classifier 
accuracy varied from 52 to 60%. While the KNN classifier is able to be 
trained, it is unable to accurately classify sex in pistachio genotypes. 
Further use of KNN for generalization of pistachio sex must be carefully 
pondered. KNN’s best performance was obtained for K = 1 for the 80% 
training data set and K = 11 for other sizes of the training data set. KNN 
classifier performance is dependent upon K-neighborhood value 
[46,47]. The KNN classifier correctly identified 340 (of 400 male) and 
452 (of 500 female) pistachio genotypes within the 80% training data 
set, a classification accuracy of 88%. A reduction in training data set 
size, led to decreased classifier accuracy. For example, 185 of 400 males 
and 117 of 500 females were incorrectly identified in the 20% training 
data set. KNN classifier performance in the training phase was generally 
more accurate than the testing phase [43] however the subpart test re
sults, which are vital, can call into doubt the ability of KNN to correctly 
determine pistachio sex. Additional classifier options must be evaluated. 

3.1.2. SVM classifier 
SVM was the second classifier selected for use for pistachio sex 

classification using female and male leaf morphological traits. SVM 
classification using the 20, 40, 60 and 80% training data sets was pre
sented for the two training and testing phases (Fig. 9). Kernel function 
type is one of the most important SVM design factors. The data presented 
here highlight the inconsistencies that can result when using various 
design factors and sizes of the training data set. The RBF function 
type of SVM produced better results than other kernel function types in 
the 20, 40 and 80% data set sizes. However, a greater accuracy was 
achieved with polynomial function (Poly2) in the 60% data set size. SVM 
classification performance was similar in both the training and testing 
phases. The lowest accuracy percentages for the SVM training and 
testing phases equaled 63% and 59%, respectively. 

Comparison of KNN and SWM results indicated that, despite the poor 
performance of SVM in the training phase, it outperformed KNN during 
the testing phase. The lowest percent accuracy of classification for all 
training data set sizes during the testing phase with SVM was 61%. For 
example, 222 (of 400 male) and 75 (of 500 female) were incorrectly 

Fig. 6. RBF classifier. Structure of the RBF neural network when establishing 
pistachio sex from leaf data. 

Table 1 
A classifier confusion matrix.    

Predicted sex 

Positive (Female) Negative (Male) 

Actual sex Positive (Female) True positive (TP) False negative (FN) 
Negative (Male) False positive (FP) True negative (TN)  
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identified in the 80% training data set. 

3.1.3. SOM classifier 
The KNN and SVM classifiers had advantages and disadvantages but 

neither were reliable for pistachio sex classification. Therefore, the third 
classifier tested for suitability was SOM. The SOM classifier is an arti
ficial neural network method that can classify input features based on 
how they grouped in the input space. SOM size can substantially alter 
classification performance [48]. Therefore, several different SOM to
pology dimensions (3 × 20, 5 × 12, 6 × 10, 6 × 20, and 12 × 10) were 
chosen for assessment of accuracy in pistachio sex classification 
(Fig. 10). The 6 × 10 topology was more accurate during the testing 
phase than the other selected topologies. The generated data also 
showed that 1500 iterations was an appropriate number of epochs for 

training the SOM. Also, topology is affected by updating SOM weights in 
the output layer [49] and controls how neurons communicate. 

Three distinct topologies hexagonal, rectangular, and random were 
used in this study. Results were obtained from four distance functions 
(Link, Box, Euclidean, and Manhattan) for the four different training 
data set sizes (Fig. 11). Topology and function performance can be 
affected by training data set size. The Link distance function was supe
rior in the 20% and 80% training data set while the Box function was 
most accurate in 40% and 60% training data set sizes (Fig. 11). The type 
of topology to use is dependent upon the problem being studied [50]. 
Here, the best classification accuracy in the two training and testing 
phases among topologies was noted for random topology (Fig. 11). 
Minimum and maximum accuracy of SOM classification in the training 
phase varied from 64% to 72% across the different training data sets and 

Table 2 
Training and testing set sizes for each class.  

Category Train Test Train Test Train Test Train Test Total 

80% 20% 60% 40% 40% 60% 20% 80% 

Class I (Males) 320 80 240 160 160 240 80 320 400 
Class II (Females) 400 100 300 200 200 300 100 400 500 
Total 720 180 540 360 360 540 180 720 900  

Fig. 7. Project flowchart. Representation of action steps taken to complete this work.  
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from 52% to 66% during the testing phase. The SOM classifier correctly 
classified 196 (of 400 male) and 389 (of 500 female) pistachio genotypes 
within the 80% training data set. Despite optimization, the SOM neural 
network generated a classification accuracy of only 65%. 

3.1.4. ANFIS classifier 
The ANFIS classifier was applied to this pistachio sex classification 

study as this method can simultaneously combine artificial neural 
network (ANN) principles and a fuzzy inference system (FIS). Prepara
tion and construction of FIS can influence classifier performance. Ac
curacy of pistachio sex classification based on three FIS construction 
methods including grid partition (GP), subtractive clustering (SC) and 
fuzzy c-means (FCM) was shown in Fig. 12 for the four training data set 
sizes in the training and testing phases. Maximum accuracy in the 20, 40 
and 80% data set were obtained with the GP method (Fig. 12) while the 
FCM method displayed the highest accuracy in the 60% training data set 
size. Minimum and maximum accuracy of sex classification in the 
training phase were 63% and 68%, respectively. Accuracy within the 
testing phase ranged from 59 to 66%. These results indicated ANFIS was 
able to correctly classify 180 (of 400 male) and 424 (of 500 female) 
pistachio sex class patterns. Thus, this method was 67% accurate in the 
best conditions. 

3.1.5. RBF classifier 
The RBF neural network was the fifth and final classifier selected for 

use in identification of male and female pistachio genotypes based on 
leaf characteristics. The number of neurons in the RBF hidden layer can 
have a major impact on the accuracy of pistachio sex detection. Accu
racy changes in terms of the neuron numbers in the RBF hidden layer 

during the training and testing phases with the four training data set 
sizes are shown in Fig. 13. As neuron numbers within the hidden layer 
increased, overall accuracy increased (Fig. 13). However, accuracy for 
the two training and testing phases varied with data set size. In the 60% 
and 80% training data set sizes, an increase in hidden layer neuron 
numbers to 100 and 150 neurons, increased accuracy before leveling off. 
Selecting 100 hidden layer neurons for the 20% and 40% training data 
set sizes yielded the most promising results despite a slight reduction in 
testing phase classification accuracy. Minimum and maximum accuracy 
within the training phase was 80% and 84% and 77% and 88% within 
the testing phase, respectively. Compared to the other four classifier 
models, these results are superior. In the 80% training data set size, the 
RBF correctly classified 298 (of 400 male) and 442 (of 500 female) 
pistachio sex class patterns. This corresponded to an overall accuracy of 
82%. 

3.2. Comparison of classifier performance 

The various classifiers used in this study and the values obtained for 
optimal performance in accurately determining pistachio sex are dis
cussed in the opening results section. Therefore, based on these optimal 
values for classifier parameters, accuracy KNN, SVM, SOM, ANFIS, and 
RBF for the different data set sizes (80, 60, 40, and 20%) are shown in 
Table 3. The results show a greater accuracy for KNN and RBF in the 
training phase compared to the other classifiers. However, RBF and SVM 
have higher detection accuracy and generalizability in the testing phase. 
It should be noted that the greater accuracy of KNN for all data set sizes 
primarily stems from a highly accurate training phase. Accuracy of KNN 
classification in the testing phase is low, leading to a lower 
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generalizability than other methods. 
Comparing the performance of five classifiers in two training and 

testing phases in four different sizes of training data sets, the RBF neural 
network can be considered the best way to determine the sex of pista
chios based on leaf characteristics. RBF correctly identified 238 of 320 
males and 350 of 400 females at 80% of the training data set. Accuracy 
for RBF is similar in the training and testing phases for all data set sizes. 
A data set size reduction from 80% to 40% only decreased accuracy 4% 
(from 84% to 80%). Remarkably, the RBF neural network was able to 
distinguish pistachios sex based exclusively on leaf dimensions. In the 
same vein, should additional morphological leaf traits (leaf shape, shape 
of tip and base in leaflet, leaf margin) be added to the data, accuracy of 
this method would further improve. Heidari, Rohani and Rezaei [26] 
used the RBF neural network to correctly identify pistachio kernel color 
with 98.95% accuracy by utilizing eight pistachio leaf morphological 
feature measurements as input data. Several DNA markers were devel
oped for early sex detection in pistachio [11,12,51,52]. The first of these 
sex-linked DNA markers, developed on RAPD (OPO08945), showed error 
rates of 15 to 20% [12,38]. The error rate reported here for sex deter
mination using RBF modeling was similar with ~88% accuracy. 
Recently developed SNP and SCAR markers have reported the ability to 
detect the sex in the early stages of pistachio seedling growth 
[10,51,52]. However, false negatives in some female individuals and 
false positives in some male individuals with use of SCAR markers have 
also been reported [51]. New sex-linked DNA markers are very effective 
for determination of pistachio sex but require much higher overhead 
costs to accomplish the feat (lab facilities, equipment, and expertise 
required for DNA testing). 

Machine learning models based on shape, texture, and leaf images 
have been used for plant classification and identification [53,54], 

detecting plant diseases [55–57], cultivar and species determination 
[58] and genetic value [26] however there have been no studies on sex 
identification in synoecious plants. Several classifier types were used in 
these studies with the goal of selecting the best choice based on some 
performance criteria. Identification and classification of apple neu
trosophic leaf diseases based on leaf images was investigated with nine 
different classifiers and the Random forest (RF) classifier model, with 
98.4% accuracy, was offered as the best deep learning model [56]. The 
SVM model, with 97.92% accuracy, provided the best results with leaf 
characteristics for a study by Lu, Jiang, Ghiassi, Lee and Nitin [54] in 
Camellia (Theaceae). A study in grapevine cultivars obtained 94% ac
curacy from leaf morpho-colorimetry data [58] with ANN. Citrus clas
sification with different deep learning models and a MLP (multilayer 
perception) neural network achieved 98.14% accuracy in a multi clas
sifier study of fused leaf features [59]. Classifier performance is often 
dependent on the specific type of problem being investigated. Classifiers 
are most often evaluated by incorporating the collected data (100% data 
set size) into the training and testing phases. Few researchers consider 
the generalization capability gained by altering training data set size. 
Moreover, as demonstrated here, training and testing phase accuracy for 
the assorted classifiers varied and also showed considerable deviation 
when linked to training and testing data set size. 

3.3. Sensitivity analysis 

Accuracy results showed the RBF neural network was the best choice 
of the classifiers compared in this study of pistachio sex determination 
based on leaf characteristics. A sensitivity analysis of the RBF classifier 
was created from two very important parameters, number of neurons in 
the hidden layer (hidden sizes) and the spread parameter for the two 
phases of training and testing (Fig. 14). The RBF (L) hidden layer neuron 
numbers can substantially effect predictive function. Increased hidden 
layer neuron numbers led to improved classification accuracy, network 
size, computations required in the training phase, and training phase 
duration (Fig. 14a). Increasing neuron numbers to more than 100, had 
little positive effect on RBF function. Therefore, 100 hidden layer neu
rons were used as the optimal number for the RBF neural network. Value 
of the spread parameter (σ) also plays a critical role in determining RBF 
classification accuracy [60]. If σ increases, classification accuracy will 
have a downward trend (Fig. 14b). The same result is obtained if a very 
small σ value is used. On the other hand, the two parameters L and σ can 
interact. Therefore, this issue should be considered before selecting their 
values. In our experience, if optimal values for these two parameters are 
found, classification accuracy of the RBF neural network needs to pro
vide more information than the LW1 and LW2 properties for both male 
and female pistachio genotypes. As such, more accurate neural network 
classifications with these two features alone are not likely. Heidari, 
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Fig. 13. Percent accuracy of neuron numbers in the hidden layer of the RBF neural network with different training data set sizes during the training and testing 
phases of sex classification in pistachio genotypes. 

Table 3 
Classifier accuracy values for the training and testing phases at all data set sizes.  

Phase Data Set Size (% of data) Percent Accuracy for Individual Classifiers 

KNN SVM SOM ANFIS RBF 

Train 80 95.00 66.53 64.72 67.08 83.47 
Test 20 60.00 68.89 66.11 66.30 88.33 
All 100 88.00 67.00 65.00 67.11 84.44 
Train 60 96.11 62.78 65.74 64.63 84.07 
Test 40 57.78 65.83 61.94 64.07 82.22 
All 100 80.78 64.00 64.22 64.11 83.33 
Train 40 97.22 66.67 66.11 63.33 80.83 
Test 60 58.70 61.11 57.96 60.62 79.44 
All 100 74.11 63.33 61.22 61.67 80.00 
Train 20 97.78 70.00 71.67 68.33 79.44 
Test 80 58.61 58.89 51.67 58.80 77.78 
All 100 66.44 61.11 55.67 60.67 78.11  
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Rohani and Rezaei [26] showed that eight morphological features of 
pistachio leaves used as input data for the RBF neural network resulted 
in a 98.95% classification accuracy for pistachio kernel color detection. 

4. Conclusion 

Classification of the sex in the early stages of growth for a dioecious 
tree such as pistachio is exceedingly difficult for pistachio growers and 
breeders. Males and females are indistinguishable until maturation and 
the initiation of inflorescence growth or with the aid of costly and time- 
consuming DNA tests. This study used five different soft computing 
methods to classify pistachio sex with only leaf morphological traits 
from early developmental stages as input data. The classification 
methods included KNN, SVM, SOM, ANFIS and RBF. To obtain a more 
accurate estimation of classifier performance, the optimal values for the 
parameters affecting each classifier were computed and evaluated. To 
gage generalizability of each classifier, different training data set sizes 
(20, 40, 60 and 80%) were used. The results showed that the accuracy 
and effectiveness of each classification method can vary depending on 
the size of the training data set. The performance of each classifier is also 
significantly affected by parameter selection. The KNN classifier had the 
greatest capacity for training in pistachios sex determination. Training 
abilities of the remaining classifiers can be arranged RBF, ANFIS, SVM, 
SOM, respectively. In addition to showing a good capacity for training, 
classifiers must demonstrate accuracy in the test phase as well. Reli
ability of these methods for practical applications is directly related to 
test phase accuracy. With the 80% training data set as our baseline, our 
results showed the overall classification accuracy of the five methods as: 
RBF (88.33%), SVM (68.89%), ANFIS (66.3%) and SOM (66.11%). 
Therefore, in our experience, KNN and RBF were the best of the five 
classifiers for resolving the sex of pistachio genotypes. Although KNN 
has good training ability, RBF was the best overall choice with 84.44% 
classification accuracy in the testing and 88.33% accuracy in the 
training phase. Only two morphological leaf traits were used to obtain 
84% accuracy in pistachio sex determination. Therefore, soft computing 
models can be used to identify the sex of pistachios when provided with 
leaf morphological data. This study provides an efficient and accurate 
alternative to DNA marker testing, and can greatly increase selection 
efficiencies for pistachio growers. The ability to identify male and fe
male pistachio genotypes before maturation substantially reduces the 
costs and time commitment required of breeders. As previously 
mentioned, only two leaf characteristics were used for pistachio sex 
determination in this work. Additional traits such as leaflet shape, shape 
of tip and base in leaflet, and leaf margin be added to the collected. It is 
suggested that supplementary methods such as deep learning be 
assessed for usefulness in answering further questions regarding pista
chio sex. A more extensive collection of pistachio genotype biodiversity 
could be compiled and used to corroborate the results presented here. 
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Appendix:. A MATLAB source code for classifiers 

x;% input vector 
Fx;% output vector 
[xn,xs] = mapminmax(x,-1,1); % Normalization 
[trainInd,valInd,testInd] = dividerand(900 ,0.80 ,0 ,0.20); 
1. RBF classifier 
hiddenSizes = 100; 
spread = 0.125; 
net = newrb(xn(:,trainInd),Fxn(:,trainInd),spread,hiddenSizes); 
class_predict = sim(net,xn);%Network output 
2. ANFIS classifier 
genOpt = genfisOptions(’GridPartition’); 
genOpt.NumMembershipFunctions = [45]; 
genopt.InputMembershipFunctionType=’trapmf’; 
inFIS = genfis(xn’,Fx’,genOpt); 
opt = anfisOptions(’InitialFIS’,inFIS,’EpochNumber’,20); 
fis = anfis(TrainData,opt); 
class_predict = evalfis(xn’,fis); 
3. SVM classifier 
classes = unique(Fx); 
for j = 1 : 2 
indx = (Targets(:,trainInd)==classes(j))’; SVMModels{j} = fitcsvm 

(Features(:,trainInd)’,indx,’solver’,’SMO’, 
’KernelFunction’,’rbf’,’KernelOffset’,0.15,’KernelScale’,1,’BoxCon

straint’,50); 
end 
for j = 1 : n_class 

[ ~ , score ] = predict(SVMModels{ j } , xn’); 
Scores(: , j) = score(: , 2); 

end 
[ ~ , class_predict ] = max(Scores , [ ] , 2); 
4. SOM classifier 
net = selforgmap([610],50,5,’randtop’,’linkdist’); 
net.layers{1}.transferFcn = ’compet’; 
net = configure(net,xn(:,trainInd)); 
[ net, resultout] = train(net, xn(:,trainInd)); 
class_predict = sim(net ,xn(:,trainInd)); 
5. KNN 
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KNN = fitcknn(xn(:,trainInd)’,Fx(:,trainInd)’,’BreakTies’,’nearest’,’ 
BucketSize’, 
10,’NSMethod’,’kdtree’,’Distance’,’minkowski’,’NumNeighbors’,25); 

class_predict = predict(KNN , xn’)’; 
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