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Abstract
Size, mass, and shape attributes play a significant role in the quality assessment and post-harvest technologies of agricul-
tural products. Pistachio is widely consumed worldwide, and Turkey has 3rd place in world pistachio production. In this 
study, physical attributes of 6 different pistachio cultivars (Beyaz Ben, Keten gömleği, Kirmizi, Siirt, Tekin, Uzun) were 
determined and machine learning algorithms (Multilayer Perceptron (MLP), k-Nearest Neighbor (kNN), Random Forest 
(RF), Gaussian processes (GP)) were used for mass prediction of these pistachio cultivars. Siirt and Tekin cultivars had the 
greatest gravitational and dimensional attributes. Among the pistachio cultivars, Kirmizi and Uzun had the greatest shape 
index and elongation values. Keten gömleği and Beyaz cultivars had the lowest averages of mass and area attributes both for 
nuts and kernels. Kernel and nut mass of pistachio had significant correlations with volume, geometric mean diameter, and 
projected and surface area (p < 0.01). Present findings revealed that Gaussian processes had the greatest correlation coef-
ficients (0.976 for nut mass and 0.948 for kernel mass prediction) and the lowest RMSE values (0.038 for nut and 0.029 for 
kernel mass prediction). This algorithm was respectively followed by Multilayer Perceptron and Random Forest algorithms. 
Present findings revealed that Gaussian processes, Multilayer Perceptron, and Random Forest algorithms could potentially 
be used for mass prediction of pistachio cultivars.
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Introduction

Pistachio (Pistacia vera L.) is a member of the Anacardi-
aceae family, and it is among the most widely consumed 
tree nuts worldwide. Pistachio (Pistacia vera L.) is grown 
in dry regions of central and west Asia and Mediterranean 
basin (Tomaino et al. 2010). Iran (574,987 tons) is the lead-
ing producer in the world, and it was respectively followed 
by the USA (272,291 tons), China (95,294 tons), and Turkey 
(78,000 tons) in 2017 (FAO 2019).

Appearance, shape, and size significantly influence con-
sumer preference of agricultural products. Identification of 
such attributes will also aid in classification, drying, storage, 
packaging, and transportation processes. Shell thickness, 
and nut and kernel size and shape are significant attributes 

for classification and quality assessment of nut fruits (War-
mund 2008; Mahawar et al. 2017; Çetin et al. 2020).

The most important procedures conducted when pista-
chios arrive at the processing plant are as follows: (a) dehull-
ing, to separate the soft hull from nuts; (b) trash and blank 
separation, to remove blank pistachios and trashes such as 
small branches, remaining shells, and leaves; (c) unpeeled 
pistachio separation, to remove unpeeled and unripe nuts; 
(d) washing, which involves spraying water at high pressure 
on the pistachios to clean the nuts; (e) drying, to decrease 
moisture content of pistachios from 37 to 40% to appropri-
ate level; (f) split nut separation, to separate split nuts from 
unsplit ones; (h) roasting; and (i) packaging (Kashaninejad 
et al. 2003).

Consumers generally prefer fruits with similar size and 
shape (Rashidi and Keshavarzpour 2012). Therefore, agri-
cultural commodities are usually classified in size, and 
then processes and packed accordingly (Ashtiani et al. 
2014). Mechanical or electronic mechanisms are used in 
such sizing or classification operations. Electronic siz-
ing mechanisms are quite costly operations. Mechanical 
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sizing mechanisms are highly time-consuming opera-
tions. Therefore, previous studies indicated that some 
easily determined geometrical parameters could be used 
to predict fruit mass (Tabatabaeefar and Rajabipour 2005; 
Khoshnam et al. 2007; Hassan-Beygi et al. 2010; Demir 
et al. 2020).

Physical dimensions, volume, mass, and projected and 
surface areas are generally used in fruit sizing operations 
(Ashtiani et al. 2014). Fruit physical attributes and rela-
tionships among these attributes should be investigated 
for design and optimization of post-harvest operations 
like transportation, sorting, packaging, and classifica-
tion (Ercişli et al. 2012; Ashtiani et al. 2014). Such rela-
tions are used in design of mass-based sorting and in food 
processing operations. Fruit’s main physical attributes 
and projected area could be used to predict fruit mass 
(Stroshine and Hamann 1994; Naderi-Boldaji et al. 2008; 
Ghabel et al. 2010).

Mass and volume predictions from easily determined 
physical attributes may facilitate design and operation of 
post-harvest sorting machines and processes (Gonzalez et al. 
2017). Several researchers indicated that machine learning 
algorithms yielded better outcomes for prediction of fruit 
characteristics than the conventional methods (Moosavi and 
Sepaskha 2012; Demir et al. 2017; Kus et al. 2017; Shabani 
et al. 2017; Çetin et al. 2021).

There are some problems experienced in pistachio cul-
tivation and processing and product catalogs about quality 
standards and product characteristics have not been created 
yet (Abidi 2016). Recently, some machine learning technolo-
gies have been developed and used to overcome these prob-
lems. These techniques offer solution-oriented approaches 
through rapid and simple simulations (Soares et al. 2013). 
Such powerful approaches are needed for accurate depiction 
and identification of descriptive characteristics used in qual-
ity assessment of foodstuffs and agricultural products (Omid 
et al. 2010). Machine learning offers non-linear models able 
to predict past and future values within an input-output link-
age (Zhang et al. 2012).

Different studies were conducted to determine the shape, 
mass, and dimensional attributes of pistachios (Kashanine-
jad et al. 2006; Razavi et al. 2007; Abidi 2016; Mohammadi 
Moghaddam and Razavi 2019). There are a limited number 
of studies about the prediction of product mass from physi-
cal attributes (Soares et al. 2013; Rad et al. 2015, 2017; Gur-
buz et al. 2018; Demir et al. 2020). However, there are not 
any studies on mass prediction of pistachio with machine 
learning algorithms. In this study, the size, mass, and shape 
attributes of 6 different pistachio cultivars were determined 
for the purpose of classification and discrimination. Besides, 
four different machine learning algorithms (MLP, kNN, RF, 
and GP) were used for mass prediction from physical attrib-
utes, and performances of these algorithms were compared.

Material and Methods

Sample Preparation

In this study, 6 different pistachio cultivars (Keten Gömleği, 
Beyaz Ben, Kirmizi, Tekin, Uzun, Siirt) were used as the 
material. Pistachio samples were collected from the orchards 
of Gaziantep province of Turkey in the 2019 harvest sea-
son. Foreign materials, and damaged and unripe nuts with 
irregular shapes were separated manually. Pistachios were 
kept in a fridge at 5 ± 0.5 °C for 2 weeks until a constant 
moisture level. A sufficient quantity of samples was taken 
for analyses and placed out for warm up for 2 h. To obtain 
the mass, each fruit was weighed on a precision electronic 
balance with ± 0.001 accuracy.

Shape and Dimensions

Three principal dimensions: length (L, mm) width (W, mm), 
and thickness (T, mm) of each cultivar were measured with a 
digital caliper with an accuracy of ± 0.01 mm on 100 fruits. 
The equations used for calculation of the volume (mm3), 
geometric mean diameter (Dg, mm), projected area (PA, 
mm2), surface area (S, mm2), sphericity (φ, %) shape index 
(SI), roundness (R), aspect ratio (AR), and elongation (E) 
are given in Table 1.

Statistical Analysis and Cultivar Classification

Correlations between the physical attributes of kernels and 
nuts were determined using Pearson correlations. One-factor 
variance analysis was applied to the assessed parameters and 
the differences among the means were tested with Tukey’s 
multiple comparison test at 95% significance level. Differ-
ences in pistachio cultivars were assessed using linear discri-
minant analysis. A scatter plot with canonical discrimination 
functions presented group centroids of pistachio cultivars 
provided from discriminant analysis (Fig. 1). Statistical anal-
yses of the samples were performed by using SPSS v20.0 
software (IBM SPSS® 2010) and PAST® v3.20 software 
(Hammer et al. 2001).

Machine Learning Algorithms and Validation 
Methodology

A prediction of machine learning was applied in the present 
study by using the machine learning software Weka® v3.8 
(Hall et al. 2009). Machine learning algorithm is imple-
mented in a laptop having a core i5 central processing unit 
(CPU) with 2.5 GHz, and 8 GB memory. In this study, 100 
kernel and 100 nut samples were measured for each cultivar. 
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All measurements were carried out in 3 replications. In the 
mass prediction, 7800 values were used for both kernels and 
nuts.

Model performance was assessed through cross-valida-
tion method with the use of data not used in training and 
testing data sets. Cross-validation is largely used to assess 
classification and prediction performance of the models 
(Stegmayer et al. 2013). The k-fold cross-validation method 
was used in the present study to validate the prediction 
model. In this method, usually k values of 5 or 10 are used 
(Ataş et al. 2012) and 10 was selected in the present study 
since the present data set had 10 sub-sets. Training and test-
ing procedures were carried out in 10 iterations. In each 
iteration, one sub-set was used for testing and the other sub-
sets (9 sub-sets) were used for training. Each k sub-samples 
were used once for testing, respectively. Then, average of 
errors was taken for each iteration and expressed as error 
predict of the predictor. An evaluation matrix was generated 
for each algorithm. Performance of prediction algorithms 
was then compared by using specified evaluation matrices 
(Witten and Frank 2005; Stegmayer et al. 2013). For this 

purpose, 7020 data were used for calibration, and 780 data 
were used for validation.

Artificial Neural Networks (ANNs)

ANNs are machine learning models simulating the behav-
iors of the human brain. Models are composed of intercon-
nected processing elements similar to biological neurons 
and weighted connections corresponding to brain snaps 
(Karray and Silva 2004). Multilayer Perceptron (MLP) is 
a commonly used ANN for classification purposes (Omid 
et al. 2010). MLPs are composed of input layers, hidden 
layers, and output layers. MLP is a feed-forward neural net-
work (FFNN); in other words, data flow through input layers 
toward output layers in a single direction. In classification, 
MLP model is trained with the use of a backpropagation 
algorithm calculating the weights of activation function for 
each neuron (Karray and Silva 2004). Error minimization 
can be achieved by using a number of procedures such as 
gradient descent, gradient descent with a momentum, Leven-
berg–Marquardt, and conjugate gradient (Omid et al. 2010). 

Table 1   Equations used to 
calculate the size and shape 
attributes of the pistachio 
cultivars

L, length (mm); W, width (mm); T, thickness (mm); Dg, geometric mean diameter (mm); Ap, projected area 
(mm2); Ac, the biggest circular area (mm2)

Variables Equations Literature

Shape index (SI) SI = (2 ⋅ L)∕(W + T) Ozkan and Koyuncu (2005)
Volume (V, mm3) V = (�∕6) ⋅ D3

g
Volume of ellipse

Surface area (S, mm2) S = �D2
g

Sayinci et al. (2015)
Sphericity (φ) � = (Dg∕L) ⋅ 100 Mohsenin (1986)
Geometric mean diameter (Dg, mm) Dg = (L ⋅W ⋅ T)(1∕3) Mohsenin (1986)
Roundness (R) R = Ap∕Ac Sayinci et al. (2015)
Elongation (E) E = L∕W Firatligil-Durmuş et al. (2010)
Aspect ratio (Ra) Ra =

W

L
Omobuwajo et al. (1999)

Projected area (A) Ap =
�

4
Dg

2 Afonso Junior et al. (2007)

Fig. 1   Scatter plots of the pis-
tachio cultivars in terms of the 
discriminant scores and group 
centroid functions 1 and 2

Beyaz ben   Keten Gömleği   Kırmızı   Siirt   Tekin   Uzun   Group Centroids
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ANN is among the popular machine learning applications 
used in modeling, regression analysis, and classification of 
agricultural products (Marini et al. 2004; Mollazade et al. 
2012). In the present study, learning rate: 0.3, momentum: 
0.2, number of epochs: 500, 18–9-1 MLP structure model 
was taken into consideration. Applied MLP structure model 
is illustrated in Fig. 2.

The k‑Nearest Neighbor (kNN)

The k-Nearest Neighbor (kNN) algorithm, so-called IBK, is 
a highly practical discriminant and classification algorithm 
for agricultural products. In this algorithm, at first, entire 
observation values were considered a cluster and these clus-
ters are gradually compounded to form new clusters. Euclid-
ean distance method is used to calculate distances (Nettle-
ton et al. 2010; Romero et al. 2013). A low k may form a 
highly complex decision boundary; a higher k may end up 
with excessive generalization. Since a trained model was 
not generated, kNN classification requires more resources 
as the number of training samples is increasing. Therefore, 
selection of an accurate value is an important issue in clas-
sification (Maxwell et al. 2018).

Random Forest (RF)

In regression and classification, RF algorithm generates more 
than one decision tree (DT) with the use of bootstrap samples 
from the original training data to train each tree. Then, a set 
of trees is used for the classification of a sample based on 
the most frequent classification. Since each tree is a separate 
classifier in RF, this algorithm is used for group classification 
(Breiman 2001). Contrary to DT, a decision is made with the 
majority of an ensemble of trees constructed by RF in assigned 
class of data sets (Berhane et al. 2018). Since bootstrap and 
ensemble schemes could overcome overfitting problems 

inherited from DT, there is no pruning step in RF (Ali et al. 
2012). Additionally, RF has high predictive accuracy and is 
robust against noise (Breiman 2001; Rodriguez-Galiano et al. 
2012).

Gaussian Processes (GP)

GP is a probability distribution over the functions in Bayes-
ian inference in which random variables are related to every 
single point within a range of values (Rasmussen and Williams 
2006). In this technique, Bayesian Gaussian technique is used 
for non-linear regression. It is also required to specify a ker-
nel function with a “noise” arrangement parameter or through 
check of closeness of fit. Moreover, the technique allows the 
selection of training data to be normalized or standardized 
before learning the regression (MacKay 1998). Gaussian pro-
cesses are of great significance in statistical modeling since 
all parameters inherited from a normal distribution (normal 
distribution of error, variance, and covariance) could clearly 
be obtained (Rasmussen and Williams 2006).

Model Performance Evaluation

The performance of the MLR, kNN, RF, and GP models is 
assessed based on the following statistical indices: correlation 
coefficient (r), root mean square error (RMSE), mean absolute 
error (MAE), relative absolute error (RAE), and root relative 
squared error (RRSE):

r =
1

n − 1

n
∑

i=1

(Mi−
.

M) (Ei−
.

E)

SMSE

MAE =

n
∑

i=1

∣ Ei −Mi ∣

n

Fig. 2   Structure of the MLP 
model for prediction of the 
pistachio mass
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where n is the number of data instances, Mi is the meas-
ured target value, Ei is the predicted target value, Ṁ is the 
mean of measured target values, Ė is the mean of predicted 
target values, SM is the sum of measured target values, and 
SE is the sum of estimated target values. The correlation 
coefficient (R) was analyzed for evaluating the goodness of 
the prediction according to rules given by Colton (1974). 
In the present study, taking into consideration correlation 
coefficients, from 0 to 0.25 means there was a little or no 
relationship; from 0.25 to 0.50, fair degrees of relationship; 
from 0.50 to 0.75, moderate to a good relationship; and from 
0.75 to 1, very good to the excellent relationship.

Results and Discussion

Size and Shape Attributes of Pistachio Cultivars

Mass, volume, and dimensional attributes of 6 different 
pistachio cultivars are given in Table 2. The greatest nut 
and kernel mass values were obtained from Tekin (1.31 and 
0.68 g) and Siirt (1.27 and 0.66 g) cultivars. Altuntas and 
Mutlu (2007) reported the average nut mass as 0.917 g and 
kernel mass as 0.452 g. The greatest nut and kernel vol-
ume values were obtained from Siirt and Tekin cultivars. 
Nut lengths varied between 15.76 and 23.60 and kernel 
lengths varied between 12.50 and 20.34 mm. The great-
est nut and kernel widths were obtained from Tekin (12.21 
and 9.41 mm) and Siirt (12.03 and 9.33 mm) cultivars. The 
greatest nut and kernel thickness were also obtained from 
Siirt and Tekin cultivars and the lowest values were obtained 
from the Kirmizi cultivar. Seferoglu et al. (2006) reported 
the nut length, width, and thickness of the Uzun pistachio 
cultivar in 7 different locations respectively as between 17.7 
and 19.2 mm, between 10.3 and 11.4 mm, and between 9.1 
and 10.8 mm. Similar values were also reported by Abidi 

RMSE =

�

�

�

�

�

n
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�
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n
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∣ Ei −Mi ∣

n
∑

i=1

∣
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(2016) for the Mateur pistachio cultivar, by Kashaninejad 
et al. (2006) for the Ohadi pistachio cultivar, by Kola et al. 
(2018) for Kerman and Siirt pistachio cultivars, and by 
Saglam and Kup (2013) for Organik, Bozova, and Akziyaret 
pistachio cultivars.

The geometric mean diameter values could be used as 
valuable data especially in designing the grading process. 
Kashaninejad et al. (2006) stated that the average geomet-
ric mean diameter values of the Ohadi pistachio cultivar 
increased from 12.97 to13.90 for nuts and from 10.65 to 
11.81 mm for kernels with increasing moisture contents. 
Kernel projected areas varied between 55.10 and 129.58 
mm2 and nut projected areas varied between 80.02 and 
196.86 mm2 (Table 3). Complying with the present find-
ings, Polat et al. (2007) reported the average projected area 
of the Kirmizi pistachio cultivar as 132.6 mm2 for nuts. The 
average surface area was calculated as 320.06 mm2 for nuts 
and 220.39 mm2 for kernels (Table 3). Similar values were 
also reported by Galedar et al. (2008) for wild pistachio nuts.

The shape attributes are given in Table 4. The aver-
age sphericity value of nuts and kernels was 66.43% and 
63.80%, respectively. Razavi et al. (2007) indicated that 
sphericity of the Akbari pistachio cultivar increased from 
0.682 to 0.683 for nuts with increasing moisture contents. 
The greatest nut and kernel shape index values were 
obtained from Kirmizi (1.99 and 2.05) and Uzun (1.97 
and 2.04) cultivars. Similar values were also reported by 
Unver et al. (2016) and Eski et al. (2018) for walnut and 
almond cultivars, respectively. A value of roundness close 
to 1 indicates that cultivar was similar to circle. However, 
in this study, average roundness values were calculated as 
0.44 for nuts and 0.41 for kernels. The average roundness 
value of 17 different hazelnut cultivars was reported as 
0.813 (Sayinci et al. 2015), which was greater than the 

present values since present cultivars were mostly ellip-
tical. Also, value of aspect ratios closes to 1 indicates 
increasing circularity of the product. As in roundness, 
values were not close to 1 in the aspect ratio. The average 
values of roundness and sphericity linearly decreased with 
increasing shape index values. The average of elongation 
had a relative trend related to the average of shape index. 
The highest elongation values of kernels were obtained 
from the Siirt cultivar (1.94). Similar to the present find-
ings, Demir et al. (2019) reported elongation of almond 
cultivars as between 1.317 and 1.946 for kernels.

Relationships Between Groups of Physical 
Attributes

The correlation matrix for size, shape, and area attributes 
of pistachio cultivars is given in Table 5. The correlations 
greater than 0.70 were marked in bold. Kernel and nut 
mass of pistachio had significant correlations with volume, 
geometric mean diameter, and projected and surface area. 
Similarly, nut and kernel volume had a positive correla-
tion with geometric mean diameter, projected area, surface 
area, and thickness. Çetin et al. (2020) reported significant 
positive correlations between mass and volume of nine 
different hazelnut cultivars. Additionally, some signifi-
cant correlations were also observed in descriptive shape 
attributes of the pistachio cultivars: between sphericity and 
roundness, while a negative correlation was determined 
between shape index and sphericity values. Similar results 
were also reported by Demir et al. (2018) for walnut cul-
tivars. At the same time, there were highly negative cor-
relations between aspect ratio and elongation values as 
R =  − 0.993 for nuts and R =  − 0.990 for kernels.

Table 3   Area attributes of pistachio cultivars

Means indicated with different letters in the same column are significantly different (p < 0.05)
** Significant at p < 0.01

Cultivars Geometric mean diam (Dg, mm) Projected area (PA, mm2) Surface area (SA, cm2)

Nut Kernel Nut Kernel Nut Kernel

Keten Gömleği 12.55 ± 0.45b 9.89 ± 0.52c 123.94 ± 8.90bc 76.98 ± 7.99c 495.75 ± 35.61bc 307.91 ± 31.95c

Beyaz Ben 12.32 ± 0.47c 9.75 ± 0.52c 119.37 ± 9.02c 74.92 ± 7.89c 477.48 ± 36.07c 299.68 ± 31.55c

Kirmizi 12.63 ± 0.63b 10.26 ± 0.50b 125.57 ± 12.45b 82.91 ± 7.87b 502.29 ± 49.80b 331.64 ± 31.50b

Tekin 14.27 ± 0.57a 11.50 ± 0.51a 160.26 ± 12.83a 104.01 ± 9.17a 641.04 ± 51.31a 416.04 ± 36.67a

Uzun 12.76 ± 0.55b 10.33 ± 0.47b 128.01 ± 11.07b 83.94 ± 7.53b 512.06 ± 44.29b 335.75 ± 30.14b

Siirt 14.36 ± 0.59a 11.47 ± 0.59a 162.28 ± 13.48a 103.68 ± 10.71a 649.11 ± 53.93a 414.71 ± 42.83a

Mean 13.15 ± 1.00 10.53 ± 0.87 136.57 ± 21.03 87.74 ± 14.59 546.29 ± 84.11 350.95 ± 58.38
Min–max 10.09–15.83 8.38–12.84 80.02–196.86 55.10–129.58 320.06–787.43 220.39–518.34
F values 279.19** 220.71** 286.29** 226.40** 286.28** 226.40**
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Discrimination and Classification of Cultivars

The results of canonical discriminant functions are provided 
in Table 6. The higher the Eigenvalues, the greater the func-
tion explains dependent variable. Square of the canonical 
correlation values gives the effect size of functions. Func-
tion 1 and function 2 explained respectively 72.6 and 18.2% 
of variance between the cultivars and these functions 
explained 90.7% of total variation for nuts. Additionally, 
the first two functions explained 94.4% of total variation 
for kernels. Wilks’ lambda gives the best prediction model. 
Wilks’ lambda is significant for each predictor variable that 
is ideal; in this case, for 4 results for nuts, 3 results for ker-
nels were significant. According to Wilks’ lambda statis-
tics, unexplained part of the differences between the groups 
was 6.6% for nuts and 16.4% for kernels. The standardized 
canonical discriminant function coefficients show the rela-
tive importance of 10 predictors.

For function 1, sphericity and length were the strongest 
predictors for both nuts and kernels. According to the load-
ings, function 2 had the highest loading of the shape index 
for nuts and volume for kernels. For function 3, sphericity 
for nuts and thickness for kernels had the greatest function 
coefficients.

Figure 1 shows the centroids of the 6 pistachio cultivars 
based on their canonical discriminant functions. Regarding 
the shape differences between principal components, sphe-
ricity was considered a significant distinguishing feature. 
The features of sphericity and roundness for Siirt and Tekin 
cultivars confirmed the location of canonical function 1. 
Canonical function 2 had the highest load for shape index 
for nuts, and for volume with the negative correlation for 
kernels. Keten Gömleği and Beyaz Ben cultivars together 
constituted a separate group in shape attributes. Kirmizi and 
Uzun were the cultivars comparatively located on the left 
of the canonical function 1 axis. Additionally, Tekin and 
Siirt cultivars on the right of the canonical function 2 axeis 
exhibited dissimilarity with its length and thickness features.

Results of the confusion matrix in LDA methods are pre-
sented in Table 7. LDA was able to classify pistachio culti-
vars with 73.17%. The greatest classification was obtained 
from Siirt and Tekin cultivars. However, among all cultivars, 
Kirmizi and Uzun had the worst correct classification. All 
cultivars had a prediction accuracy higher than 60% of cor-
rect classification.

Prediction Results of Machine Learning Algorithms

Models were built based on data from 6 pistachio cultivars. 
The results were discussed over the correlation coefficient of 
the predictions of mass. Results of mass prediction by MLP, 
kNN, Random Forest, and Gaussian Processes are shown 
in Table 8. The criteria for best prediction were higher Ta
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correlation coefficient (R) and lower root mean square error 
(RMSE), mean absolute error (MAE), relative absolute error 
(RAE), and root relative squared error (RRSE). As seen in 
Table 8, the correlation coefficient for nut mass prediction 
was 0.973, 0.950, 0.963, 0.967, 0.972, and 0.976 for MLP, 
1-NN, 3-NN, 5-NN, RF, and GP, respectively. These val-
ues for kernel mass prediction were 0.931, 0.890, 0.919, 
0.927, 0.939, and 0.948 for MLP, 1-NN, 3-NN, 5-NN, RF, 
and GP, respectively. Similar with the present findings, Gur-
buz et al. (2018) reported a correlation coefficient of 0.8603 
for almond mass prediction. Additionally, Rad et al. (2017) 
reported correlation coefficients for eggplant mass predic-
tion of 4 different ANN structures as between 0.67 and 0.93. 
Soares et al. (2013) investigated the prediction of the bunch 
weight of banana plants and was founded the R2 values as 
between 0.69 and 0.91 for 6 different ANN structures. Rad 
et al. (2015) determined predicted mass of melon with MLP 
models and coefficient of determination was lower than the 
present value.

According to the results, Gaussian processes had the 
highest correlation coefficient as 0.976 and 0.948 for nut 
and kernel mass prediction, respectively. Generally, machine 
learning algorithms use RMSE because it is easy to perform 

mathematical operations. The lowest RMSE was also 
observed in Gaussian processes as compared to the other 
algorithms. Demir et al. (2020) reported similar RMSE val-
ues for walnut. Among the models developed, the second 
greatest correlation coefficients were observed in MLP with 
a 18–9-1 structure as 0.973 for nuts and 0.931 for kernels. 
RF yielded similar correlation coefficients with MLP for 
mass prediction. Network topology is the main parameter in 
designing MLPs because the topology type has an important 
effect on prediction. The number of hidden layers, neurons, 
and epochs are significant parameters for MLP design. It is 
preferable that the number of neurons in the hidden layer 
was low since it leads to a decrease in the networks size and 
an increase in the network learning speed. The MAE values 
of selected learning algorithms for kernel and nut were as 
follows: MLP (0.041; 0.034), 1-NN (0.056; 0.043), 3-NN 
(0.047; 0.037), 5-NN (0.045; 0.035), RF (0.041; 0.032), 
and GP (0.038; 0.029). In all algorithms, kernel MAE val-
ues were found to be lower than nuts. Among the kNN’s 
predictors, the best performance was achieved by 5-NN. In 
this case, correlation coefficients increased with increasing 
“k” values. Overall, each base learner carried out all evalu-
ation parameters very well with all achieving an R value 
of > 0.90. These results point out that all machine learning 
methods had sufficient success in mass prediction of pista-
chio cultivars.

Conclusion

In the present study, classification and discrimination were 
carried out for 6 different pistachio cultivars and machine 
learning algorithms were tested for mass prediction of pista-
chio nuts and kernels from the physical attributes. Multilayer 
Perception (MLP), kNN, Random Forest (RF), and Gaussian 
process (GP) algorithms were implemented. The Gaussian 
processes (GP) had yielded better outcomes as compared 
to the other machine learning algorithms. GP, MLP, and 
RF also yielded quite well predictions for nut and kernel 
mass. In the structure of the MLP, the optimized number of 
layers was used to improve the correlation coefficient of the 

Table 7   Classification results 
(% correctly classified: 73.17)

Cultivars Keten 
Gömleği

Beyaz Ben Kirmizi Tekin Uzun Siirt Total

Keten Gömleği 67 25 5 1 2 0 100
Beyaz Ben 16 69 7 0 8 0 100
Kirmizi 6 6 60 3 25 0 100
Tekin 0 0 3 87 2 8 100
Uzun 2 7 28 1 62 0 100
Siirt 1 0 0 5 0 94 100
Total 92 107 103 97 99 102 600

Table 8   Comparison of the performance of all machine learning 
algorithms (nut values in upper, kernel values in lower)

Algorithms R MAE RMSE RAE RRSE

MLP 0.973 0.041 0.054 21.04% 23.34%
1-NN 0.950 0.056 0.078 29.08% 31.28%
3-NN 0.963 0.047 0.062 24.37% 26.88%
5-NN 0.966 0.045 0.060 23.29% 25.80%
RF 0.972 0.041 0.054 21.07% 23.29%
GP 0.976 0.038 0.050 19.39% 21.68%
MLP 0.931 0.034 0.047 33.84% 36.98%
1-NN 0.890 0.043 0.058 42.62% 46.44%
3-NN 0.919 0.038 0.050 36.09% 39.43%
5-NN 0.927 0.035 0.047 34.18% 37.66%
RF 0.939 0.032 0.043 31.45% 34.35%
GP 0.948 0.029 0.040 28.48% 31.72%
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prediction model. Classifying correct pistachio is crucial in 
the food process industries. By providing a correctly clas-
sified final product, the proposed algorithms could help for 
mass-based separator or sorter design (Çetin et al. 2021). 
The present finding should also be taken into consideration 
in post-harvest technologies for these pistachio cultivars.
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