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ARTICLE INFO ABSTRACT

Keywords: The current research utilized visual characteristics obtained from RGB images and qualitative
Adaptive neuro-fuzzy inference system characteristics to investigate changes in surface defects, predict physical and chemical charac-
Classification

teristics, and classify sweet cherries during storage. It was achieved with the help of ANN
(Artificial Neural Network) and ANFIS (Adaptive Neuro-Fuzzy Inference System) models. The
ANN used in this study was a Multilayer Perceptron (MLP) with SigmoidAxon and TanhAxon
threshold functions, trained with the Momentum training function. Additionally, ANFIS with a
Mamdani system and Triangle, Gauss, and Trapezoidal membership functions, was employed to
predict sweet cherries’ physical and chemical properties and their quality classification. Both
models incorporate four algorithms. Additionally, the algorithms use color statistical features and
color texture features combined with physical and chemical properties, including weight loss,
firmness, titratable acidity, and total anthocyanin content. The image color and texture charac-
teristics were used by ANN and ANFIS models to predict physical and chemical properties with
high accuracy. ANN and ANFIS models accurately estimate sweet cherry quality grades in all four
algorithms with over 90 % accuracy. According to the findings, the ANN and ANFIS models have
demonstrated satisfactory performance in the qualitative classification and prediction of sweet
cherries’ physical and chemical properties.

Artificial neural network
Computer vision system
Sweet cherry

1. Introduction

Consumers consider the quality of fruits and vegetables as a vital factor. Color, size, shape, and texture are important quality factors
that can significantly impact the product’s final quality when changes occur during storage. Many producers look for fast and non-
invasive techniques to evaluate the quality of fruits and vegetables [1,2]. Visual methods can measure the critical qualitative char-
acteristics of color and shape. Computer Vision System (CVS) is an artificial intelligence used to diagnose, separate, and classify fruits
and vegetables. It is a fast, non-destructive, and reliable method that can extract many physical and chemical characteristics. In recent
times, there have been significant improvements in imaging technologies and their analysis, which have increased the accuracy and
efficiency of Computer Vision Systems (CVS) [3,4]. CVS is a rapidly developing technology with numerous applications in the food
industry, particularly in quality control and classification of fruits and vegetables [3,5]. Various researchers have reported successful
application of CVS in fruit and vegetable quality evaluations [5-14]. CVS can be utilized to detect surface damage on fruits and grade
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them with the help of different algorithms based on fuzzy logic and artificial neural networks (ANN). Several studies have reported
detecting defects and surface damage in various agricultural products, including olive [15], banana [16], apple [17,18], citrus [19],
and mango [20]. The color features have been already used to predict fruits physicochemical properties. Kaur et al. [21] estimated the
maturity of plumps using the RGB coordinates. In this case, high correlations were found between the R/G ratio and TSS. Sharabiani
et al. [22,23] successfully estimated titratable acidity (TA) and total soluble solids (TSS) of apple. Pourdarbani et al. [24,25] suc-
cessfully identified Fuji apples’ firmness, acidity, pH, TA, and starch content.

Obtaining information on the ripening stage of fruits and vegetables after harvest enables determining shelf life and quality of
produce and identifying the exact spoilage time. This information is necessary to avoid a rise in the quality losses [1,26]. Therefore,
many efforts have been made to establish a relationship between product quality changes and spoilage (physical, chemical, and mi-
crobial) during storage. Modeling is crucial in controlling and predicting changes in physical and chemical indicators during storage
and processing [27]. Food is usually regarded as a complex nonlinear system regarding its qualitative and physicochemical charac-
teristics. ANN and Adaptive Network-based Fuzzy Inference Systems (ANFIS) are new and efficient techniques that have been used in
recent years to identify, classify, and model complex nonlinear systems [27,28]. ANN is a technique that emulates the functioning of
the human nervous system. This method’s precision, quickness, and ability to simulate complex and obscure processes that are hard to
study through traditional means have led to its widespread adoption [27]. The ANFIS model combines ANN and fuzzy inference
systems, where ANN determines fuzzy inference system parameters. The ANFIS model can be applied without requiring a clear
relationship between input and output variables [29]. Various studies have reported the usage of ANFIS, fuzzy logic method, and ANN
in the quality classification of pomegranate [30]. These methods have also been employed for predicting the drying process of onion
[31], white mulberry [32], tomato [33], and apricot [34]. Additionally, the prediction of water quality [35], tomato ripening eval-
uation [36], and apple quality grading [37] have been carried out using these techniques.

Sweet cherry (Prunus avium L.) is popular for its attractive color, nutritional benefits, and delicious taste. The fruit’s skin color is a
vital indicator of its ripeness and quality, which is influenced by the concentration of anthocyanin and the ratio of total soluble solids to
total acidity at harvest. Sweet cherries are susceptible to environmental factors, especially temperature changes, and quickly lose their
quality after harvesting and during transportation and storage. Sweet cherries can experience post-harvest quality loss, including skin
bruising, softening, loss of acidity, stem drying, browning, and fungal diseases [38,39]. Active packaging and coatings are crucial
technologies that release active ingredients to protect garden products from microbial degradation and increase their shelf life. This
research utilizes the visual features acquired from RGB images and the visual characteristics by applying the ANN and ANFIS. It is done
to study the alterations in surface defects, estimate the physical and chemical properties, and categorize the quality of sweet cherries
while they are in storage.

2. Materials and methods
2.1. Materials

Fresh and healthy sweet cherries, which were utterly ripe, undamaged, and uniform in shape, size, and color, were sourced from the
orchards of Zanjan. Gelatin was procured from Fermand Co. (Iran). 2, 6-dichloroindophenol, Glycerol and Gallic acid were procured
from Sigma (USA). Other laboratory-grade chemicals were obtained from Merck (Germany).

2.2. Preparation and storage of coating sweet cherries

Dill essential oil was extracted from dill seeds through water distillation [40,41]. A mixture was prepared using 1.5 % (v/w) so-
lutions of Balango mucilage powder (BM) and gelatin in a 1:1 ratio. The mixture was prepared by adding glycerol (45 % based on
biopolymer, w/w), DEO (35 % v/v), Tween 80, and DEO (0 %, 1 %, and 2 % v/v) along with zinc oxide nanoparticles (0.5 % and 1.5 %
based on biopolymer, v/w) [42]. The mixture was homogenized for 20 min with the help of an ultrasonic homogenizer at 1000 RPM.
The sweet cherries were dipped in the coating solution for 5 min and then stored in ventilated polyethylene terephthalate containers at
a temperature of 4 °C [2].

2.3. Physicochemical characterization

The weight loss was calculated by dividing the weight difference of the samples at different times with zero time by the initial
weight. Sweet cherry firmness was assessed using a penetration test and a texture tester (STM-5, Centam, Iran). A cylindrical probe
with a diameter of 3 mm and a penetration speed of 10 mm s~ ! was used, and the probe penetrated the sample to a depth of 10 mm.
Titratable acidity was measured using the AOAC method. For total anthocyanin content (TAC) determination, 2 g of sweet cherry and
4 mL of methanol were homogenized, stored in freezer (1 h at —18 °C), and centrifuged at 10,000xg (15 min, 4 °C). The supernatant
was loaded onto a C18 Sep-Pak cartridge, previously conditioned with 5 mL of methanol, 5 mL of pure water, and then with 5 mL of
0.01 N HCL The cartridge was washed with 5 mL of pure water and then eluted with acidified MeOH (0.01 % HCI). Absorbance of the
collected fraction was measured at 530 nm. Total anthocyanin contents were calculated using cyanidin-3-glucoside (molar absorption
coefficient of 23900 1 cm ™' .mol ! and molecular weight of 449.2 g mol 1), and results were expressed as mg 100 g~! [43].
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2.4. Computer vision system (CVS)

The methodology used in this research to monitor changes in sweet cherries during storage includes three main stages: image
acquisition, preprocessing, and feature extraction. These stages involve extracting color and texture features from the captured images
(Fig. 1). A white box, also known as an image processing chamber, was used for image acquisition purposes. The lighting system in this
chamber consisted of a LED screen (15 w) installed on the ceiling, which emitted white light. Moreover, two SMD lamps (9 w) were
positioned above and opposite each other, emitting white light. These lamps were adjustable and could be rotated to modify the
lighting angle. The angle of the lamps was adjusted to minimize noise in the captured images. The imaging was carried out at a distance
of 35 cm from the sample and in Raw mode, using a camera (Sony, model DSC-H5, Japan) with a shutter speed of 1.6 s, a focal length of
18 mm, and an aperture of f/1.5. The raw images were saved in TIFF format, with a resolution of 2304 x 3072 and a pixel resolution of
0.03 mm (Fig. 2a) [5,8].

The preprocessing for the images accomplished with using MATLAB R2019a software (Mathworks, USA). Firstly, the R, G, and B
color channels were extracted separately from each image after image segmentation, Laplace transforms, and noise removal with the
help of a Median filter (Fig. 2b). The images were then converted from RGB to Grayscale (Fig. 2c). After that, the grayscale image was
converted to a binary image with pixel values of 0 and 1 (Fig. 2d) using the histogram of the image and the threshold level obtained by
trial and error. This conversion made separating the healthy area from the defective area easy.

After removing the sweet cherry’s tail (Fig. 3b), the defective part was isolated (Fig. 3c), and the ratio of the defective surface (S4) to
the total surface (S;) was determined by measuring the uniformity of the pixels. The surface damage was calculated using Equation (1):

Surface damage (%) :% x 100 (@)
t

Fruits are classified into four quality grades based on the amount of surface damage. Grade 1 fruits have less than 5 % surface
damage, grade 2 fruits have between 5 % and 15 % surface damage, grade 3 fruits have between 15 % and 25 % surface damage, and
grade 4 fruits have more than 25 % surface damage. This grading system is based on research findings [5,8].

The RGB algorithm was utilized to categorize sweet cherries and determine their physical and chemical characteristics. The al-
gorithm involved calculating the mean value of every color channel to classify each sweet cherry into three types of statistical features
of color calculated for every channel [5]:

1 N
Average (i) = ;Pi )
1
o 1 N ) 2
Standard deviation () = (N—l ; (P — ) ) 3)

Fig. 1. Scheme of CVS set-up.
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Fig. 2. (A) RGB image, (B) Image without background, (C) Gray image, and (D) Binary image.

Fig. 3. (A) Threshold image, (B) Image after removing the sweet cherry tail, (C) Defected region image.
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Where P; is the intensity of each color channel in each pixel. Color texture features, including Contrast, Correlation, Energy, and
Homogeneity, were used to detect the appearance defects caused by blackness or whiteness caused by mold or any similar color
change. These features were obtained using the Gray level co-occurrence matrix (GLCM) of images [5]:
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2.5. Artificial neural network (ANN)

The aim of employing ANN for modeling is to discover the optimal weights and biases in the inter-neuron connections via training.
Multilayer perception (MLP) networks are widely used for classification, grading, and quality prediction among different artificial
ANN architectures images [5]. Most studies on complex patterns use MLP to classify different groups based on training patterns. The
study based on back propagation (BP) learning rule were utilized a MLP to predict sweet cherries’ physical and chemical characteristics
and quality class. During training by BP algorithm, layer weights were updated at the first epoch. The weight coefficients were updated
by learning rules and weight values. This algorithm uses the supervised training procedure where the network weights and biases are
initialized randomly at the beginning of the training phase. The process of error minimization is got by applying a gradient descent
rule. Momentum training algorithms used for network training. Different transfer functions including SigmoidAxon and TanhAxon
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thresholds were used. After using learning algorithm and proper transfer function, the effect of neuron number and training epochs
were investigated on ANN performance. The input data is repeatedly presented to the ANN and the error is computed for each pre-
sentation by comparing the output of the neural network with the desired output. The logarithmic sigmoid threshold function was used
in all cases. 60 %, 15 %, and 25 % of the data were allocated to train, test, and validate the model. The training rate and momentum for
the trial and error method were set to 0.05 and 0.15, respectively. The ANN was implemented using the MATLAB software’s ANN
toolbox (R2019a, Mathworks, USA).

ANN designed to predict physical and chemical properties (weight loss, firmness, titratable acidity, and total anthocyanin content)
has an input layer with 21 neurons, including visual characteristics (color and texture) and one neuron in the output layer (weight loss,
firmness, titratable acidity titer, and total anthocyanin content). This neural network architecture has one or two hidden layers, and its
optimal number of neurons was determined through trial and error. The physical and chemical characteristics of sweet cherries and the
color and texture obtained from the RGB image were utilized to predict the quality and determine the quality class of coated sweet
cherries during storage at room temperature. Four ANN models predicted quality class using 210 images (seven treatments, six storage
times). The surface damage percentage of all sweet cherries was determined through qualitative classification with CVS and visual
inspection. In the first model, the input includes statistical features for each color channel, such as average, standard deviation, and
skewness. In the second model, the input consists of color texture features such as Contrast, Correlation, Energy, and Homogeneity for
each channel. The third model combines both Color statistical features and color texture features. In the fourth model, the input
consists of weight loss, firmness, titratable acidity, and total anthocyanin content, which are physical and chemical properties.

2.6. Adaptive Network-based fuzzy inference system (ANFIS)

ANFIS is a hybrid system that combines ANN and fuzzy logic concepts. It employs a set of if-then fuzzy rules to predict and
determine the quality characteristics of food products. Using fuzzy logic-based methods allows for the simulation of human behavior in
non-deterministic decision-making processes. The technique mentioned in Fig. 4 is highly effective in predicting the quality of food
products. It involves changing the values of the center and the range of membership functions in various iterations until an appropriate
network is achieved based on the minimum available error (using the Back Propagation algorithm). ANFIS modeling was conducted
using if-then fuzzy rules and the ANFIS toolbox of Matlab software (R2019a, Mathworks, USA) for the input and output variables. The
Mamdani system was employed for this purpose. The optimal membership function among the Triangle, Trapezoidal, and Gauss
functions, and their appropriate membership degrees for each input combination were obtained by trial and error. The optimal number
of membership functions is usually determined through trial and error. Like the ANN model, visual properties and sweet cherry
classification were used as inputs and outputs to predict physical and chemical properties. The study utilized a link learning algorithm
that combined the error backpropagation algorithm and the least square method for training and matching with the fuzzy inference
system. 70 % of the data was used for training, while the remaining 30 % was used for validation.

2.7. Statistical analysis

The model was evaluated and compared using two metrics called the coefficient of determination (R?) and the Root Mean Square
Error (RMSE) [44,45]:

= 2
> (0-P)
RP=1-|"F—— ©
> (0-P)
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Input Output
Input membership Rule Normalization membership Output

function function

Fig. 4. ANFIS structure.
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Where, O represents the experimental data, P represents the predicted data, p represents the number of observations, and n represents
the model parameters. Excel software (V 2019, USA) was also used to plotting the graphs and calculating the error bar.

3. Results and discussion
3.1. Total anthocyanin content (TAC) and surface damage of sweet cherries

Anthocyanins are phenolic compounds and water-soluble pigments with high antioxidant potential, which makes it important to
maintain higher amounts of these compounds during fruit storage [46,47]. A sharp decrease in TAC during cold storage time was
observed in all the treatments (Fig. 5). Anthocyanins are easily degraded under the influence of pH, temperature, oxygen, light, and
enzyme activities. Such a decrease in TAC is related to the decreased activity of enzymes influencing anthocyanin synthesis, i.e.,
phenylalanine ammonia lyase and anthocyanidin synthase [47]. TAC in coated cherries was significantly (p<0.05) higher compared to
the Ctrl treatment. The barrier properties of the coating cause the change of the fruit internal atmosphere, leading to the decreased
metabolic activities for anthocyanin degradation [46]. The addition of DEO and Zno-np to the BM-Ge coating also reduces pH fluc-
tuations, which can lead to anthocyanin retention, in addition to limiting water loss and respiration [46]. The addition of essential oil
to the coating improves its antioxidant properties. This significant increase in cherry antioxidant activity during the storage period can
be attributed to the better preservation of phenolic content and TAC content. Similar results have been reported by other researchers
[46-48].

The results indicate that surface damage and defects of sweet cherries increased significantly (p<0.05) during storage time
(Table 1). During storage, physical and chemical changes and surface microbial activity result in these changes. Sweet cherry surface
changes are connected to surface decay, correlated with the fruit’s respiration rate. Sweet cherries have a high respiration rate, making
them vulnerable to various types of fungal decay [49]. Table 1 shows a decrease in surface damage rate with increased DEO or ZnO
concentration in the coating treatment. The coating treatment by formation a better physical barrier, creates of a modified atmosphere
around the fruit surface and slows its respiration rate, and ultimately delays decay. Compared to the Ctrl treatment, the BM-Ge coating
treatment reduces respiration rates due to its water vapor barrier properties. Increasing the concentration of DEO reduces water vapor
permeability. It creates antimicrobial properties in the coating, which reduces physical and chemical changes and microbial activity
and, as a result, reduces surface damage and defects. DEO creates a waterproof layer on sweet cherry surfaces, preventing pathogenic
fungi and bacteria from adhering, invading, germinating, and reproducing [49,50].

The study found that the surface damage rate in coating treatments containing Zno-np was significantly lower (p<0.05) than in
other treatments. It may be due to the antimicrobial properties of Zno-np, modifications to the internal atmosphere, and a reduction in
sweet cherry respiration rate [51]. According to the results, EO 2%-Zno 0.5 % treatment showed the most minor surface damage. It is
probably due to the creation of a relatively impermeable layer of oxygen. As a result, the oxygen levels decrease, microbial activities
are reduced, and the respiration rate of sweet cherries is also reduced.

3.2. Prediction of physical and chemical properties

A trial and error approach was employed to examine the performance of MLP in predicting the physical and chemical properties of
sweet cherries during storage time using visual properties. Different combinations of neurons in layers with varying architectures were
explored. The study aimed to identify the most appropriate network configuration by analyzing the number of distinct neurons in the
hidden layers. The accuracy of ANN was evaluated by analyzing the experimental and prediction data using MLP in three distinct
stages: training, evaluation, and testing. After training different network structures, the best ANN architecture was obtained by
evaluating the R coefficient and RMSE. A summary of the results obtained for predicting weight loss, firmness, titratable acidity, and
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Fig. 5. TAC changes of sweet cherry during cold storage.
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Table 1
Measured surface defects (%) of sweet cherry by CVS.

Storage time

0 4 7 11 18 25

ctrl 1.22 + 0.65% 6.28 + 0.35° 11.31 + 0.78 16.54 + 0.92 25.31 + 0.81% 30.13 + 0.838%F
EO 0%-Zno 0 % 1.03 + 0.29%4 4.24 +0.18%® 6.63 + 0.34°¢ 10.11 + 0.87° 18.56 + 0.93°F 23.46 + 0.78T
EO 1%-Zno 0 % 1.14 + 0.43% 3.77 + 0.29° 5.11 + 0.429€ 7.45 + 0.749° 11.53 + 0.89%F 16.89 + 0.85"
EO 2%-Zno 0 % 1.16 + 0.29% 2.97 + 0.47°8 4.26 + 0.35°¢ 6.18 + 0.68°° 9.13 + 0.93E 15.21 + 0.96%F
EO 0%-Zno 0.5 % 1.32 £ 0.31%4 2.11 + 0.25%8 3.24 +0.31°¢ 5.48 + 0.78"P 7.67 + 0.86"E 10.01 + 0.89F
EO 1%-Zno 0.5 % 1.41 + 0.25% 1.88 + 0.4234 2.76 + 0.29°® 4.13 + 0.79"¢ 6.11 + 0.84°°° 8.76 + 0.92%F
EO 2%-Zno 0.5 % 1.01 + 0.19% 1.48 + 0.39% 2.16 + 0.28%8 3.23 + 0.93% 5.14 + 0.98%<P 6.93 + 0.78%°

total anthocyanin content simultaneously is presented in Table 2. Based on the color and texture characteristics of the image, Table 2
shows that the ANN was able to predict the values of weight loss, firmness, and total anthocyanin content with a high degree of ac-
curacy. The R? coefficient was more significant than 0.928, and the RMSE was less than 0.095.

It indicates that the ANN is highly efficient in predicting these experimental physical and chemical indicators. Although ANN was
used to predict the titratable acidity value, it did not perform well. The best configuration that could predict the results had a network
structure of 1-6-14-21, with the TanhAxon threshold function. This network had 21 inputs, two hidden layers (one with 14 neurons and
the other with 6 neurons), and one output. However, even with this configuration, the predicted results had an R? value of only 0.806
and an RMSE value of 0.432, which is not considered a good performance. This performance can be attributed to the small effect of
titratable acidity changes on sweet cherry appearance.The study found that the following configurations were used to predict weight
loss, firmness, and total anthocyanin content: 1-3-13-21 with SigmoidAxon threshold function for weight loss, 1-21-2-1 with Sig-
moidAxon threshold function for firmness, and 1-2-17-21 with SigmoidAxon threshold function for total anthocyanin content. They
were chosen as the best configuration. These configurations can predict weight loss, firmness, and total anthocyanin content with R?
coefficients of 0.976, 0.928, and 0.957 and MSE of 0.044, 0.095, and 0.059, respectively.

Different studies have shown that neural networks, as non-linear systems, can be used for predicting food quality parameters. They
can also replace destructive tests and automate processes [5,52]. In addition to calculating the evaluation metrics, Fig. 6 shows the
regression plot of the measured and predicted values by ANN. The dispersion curve has been plotted for the optimal configuration.
According to the figure, the closeness of the data to the 45-degree lines with a high correlation coefficient indicates the high per-
formance of the ANN in accurately predicting the studied parameters. As a result, the predicted data agrees excellently with the
experimental data. Using the Mamdani inference system in the MATLAB software toolbox under if-then rules, a simultaneous pre-
diction of weight loss, firmness, titratable acidity, and total anthocyanin content was made. Using 21 inputs, various membership
functions, and degrees of membership, 128 If-Then rules were generally used to predict physical and chemical properties.

The prediction results with different membership functions and the best membership degree are shown in Table 3. In ANFIS, the

Table 2
Some of the best ANN topologies to predict physicochemical properties of sweet cherry.
Parameter Activation function of hidden layer Topology Training Test
R2 RMSE R2 RMSE
Weight loss SigmoidAxon 21-17-1 0.921 0.110 0.963 0.052
21-13-3-1 0.929 0.103 0.976 0.044
21-13-6-1 0.923 0.109 0.968 0.049
TanhAxon 21-19-1 0.916 0.116 0.959 0.057
21-15-5-1 0.920 0.109 0.967 0.050
21-21-6-1 0.925 0.103 0.972 0.046
Firmness SigmoidAxon 21-15-1 0.889 0.196 0.918 0.117
21-21-1 0.892 0.183 0.928 0.095
21-13-2-1 0.890 0.187 0.922 0.103
TanhAxon 21-13-1 0.892 0.185 0.926 0.101
21-16-2-1 0.870 0.199 0.919 0.115
21-19-6-1 0.891 0.185 0.927 0.099
Titratable acidity SigmoidAxon 21-8-1 0.753 0.579 0.798 0.441
21-21-1 0.747 0.588 0.791 0.452
21-8-3-1 0.743 0.593 0.789 0.459
TanhAxon 21-13-1 0.752 0.580 0.793 0.448
21-18-1 0.757 0.564 0.799 0.437
21-10-2-1 0.762 0.569 0.806 0.432
Total anthocyanin content SigmoidAxon 21-22-1 0.912 0.123 0.951 0.064
21-19-1 0.915 0.120 0.953 0.061
21-17-2-1 0.916 0.119 0.957 0.059
TanhAxon 21-16-1 0.903 0.132 0.949 0.068
21-22-1 0.904 0.129 0.950 0.067
21-16-4-1 0.909 0.125 0.955 0.060
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Fig. 6. Dispersion curve for the measured and the predicted values of (A) weight loss, (B) firmness, (C) titratable acidity and (D) total anthocyanin
content by ANN for best model.

Table 3
Some of the best ANFIS topologies to predict physicochemical properties of sweet cherry.
Parameter Membership Function Number of Membership Functions Training Test
R? MSE R? RMSE
Weight loss Gauss 3 0.947 0.078 0.986 0.029
Triangle 2 0.954 0.061 0.993 0.010
Trapezoidal 2 0.942 0.086 0.981 0.036
Firmness Gauss 3 0.920 0.077 0.959 0.058
Triangle 3 0.929 0.101 0.969 0.050
Trapezoidal 2 0.923 0.072 0.962 0.055
Titratable acidity Gauss 3 0.802 0.411 0.845 0.265
Triangle 2 0.791 0.445 0.839 0.294
Trapezoidal 2 0.783 0.487 0.832 0.310
Total anthocyanin content Gauss 3 0.939 0.090 0.977 0.050
Triangle 3 0.941 0.092 0.976 0.052
Trapezoidal 2 0.947 0.082 0.981 0.033

selection of membership functions and their degree of membership is problematic, and the model’s structure is typically determined
through trial and error. During the training of the ANFIS structure, a hybrid method combined the least squares and backpropagation
methods. An error limit of zero was set to establish a training stop criterion. For each input combination, the network was implemented
to predict the physical and chemical properties of sweet cherries by using the training and test data and selecting the input and output
membership function from among different functions and their degree of membership. The results showed that the best prediction for
weight loss, firmness, titratable acidity, and total anthocyanin content, respectively, with the ANFIS model with Triangle membership
functions (number of membership functions 2), Triangle membership (number of membership functions 3), Gauss membership
(number of membership functions) 3) and Trapezoidal (number of membership functions 2) was performed. According to the table,
using color and texture characteristics from images, ANFIS accurately predicted the weight loss, firmness, and total anthocyanin
content of sweet cherries during storage under different conditions. An RMSE of less than 0.038 is considered acceptable.

The best ANFIS configuration for predicting titratable acidity had an R? coefficient of 0.845 and an RMSE of 0.265. The model’s
complexity increased with the number of membership functions, negatively affecting its efficiency. In addition to calculating the
evaluation indices, the regression diagram between the measured and predicted values by ANFIS is shown in Fig. 7. As seen, the high
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content by ANFIS for best model.

correlation of these data indicates the high accuracy of the selected ANFIS model. So far, limited research has been conducted to use
ANTFIS to predict quality characteristics during fruit and vegetable storage [2,53]. The results showed that both ANFIS and ANN models
successfully predicted sweet cherries’ physical and chemical changes during storage. However, both models were able to model with

Table 4

Some of the best ANN topologies to predict quality grade of sweet cherry by using color statistical, color texture, color statistical and texture, and

physicochemical features.

ANN input Activation function of hidden layer Topology Training Test
R? RMSE R? RMSE
Color statistical features SigmoidAxon 9-15-1 0.870 0.191 0.901 0.130
9-19-1 0.876 0.187 0.905 0.124
9-15-4-1 0.872 0.189 0.903 0.127
TanhAxon 9-12-1 0.867 0.198 0.900 0.133
9-13-2-1 0.859 0.209 0.899 0.139
9-19-6-1 0.874 0.198 0.901 0.132
Color texture features SigmoidAxon 12-8-1 0.873 0.199 0.907 0.101
12-12-7-1 0.881 0.172 0.909 0.095
12-19-7-1 0.865 0.201 0.900 0.137
TanhAxon 12-18-1 0.877 0.183 0.908 0.099
12-15-5-1 0.873 0.192 0.903 0.129
12-20-8-1 0.872 0.203 0.901 0.134
Color statistical and texture features SigmoidAxon 21-8-1 0.898 0.149 0.926 0.095
21-16-1 0.900 0.142 0.931 0.088
21-12-3-1 0.903 0.136 0.938 0.082
TanhAxon 21-19-1 0.896 0.156 0.930 0.087
21-15-2-1 0.889 0.174 0.921 0.098
21-18-5-1 0.892 0.168 0.925 0.087
Physicochemical features SigmoidAxon 4-17-1 0.906 0.133 0.940 0.079
4-16-4-1 0.914 0.125 0.943 0.075
4-19-8-1 0.923 0.108 0.952 0.061
TanhAxon 4-21-1 0.918 0.118 0.948 0.063
4-12-6-1 0.901 0.140 0.939 0.082
4-18-9-1 0.902 0.136 0.942 0.077
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high accuracy. However, the ANFIS model had the best prediction performance, showing its higher accuracy. This relative superiority
can be seen in the fact that the ANFIS model is a combination of two fuzzy models and ANN; that is, it uses ANN to train data, and the
model is built by using a specific membership function and a series of fuzzy rules.

3.3. Quality prediction

The study utilized color and texture features from RGB images and physical and chemical properties to predict sweet cherry quality
using a post-release artificial neural network. The output of all four types of models was sweet cherry quality. In the first ANN model,
the input includes color statistical features (average, standard deviation, and skewness for each color channel) with 9 inputs. In the
second ANN model, the input includes Color texture features (including contrast, correlation, energy, and homogeneity for each
channel) with 12 inputs. The third ANN model included color statistical features and texture features with 21 inputs. In the fourth ANN
model, the input consisted of physical and chemical characteristics, including weight loss, firmness, titratable acidity, and total
anthocyanin content. These inputs were connected to the output by a transfer function. In total, according to 7 treatments, 6 storage
times and 5 repetitions, 210 images were obtained. From 210 sweet cherries images (grade 1: 95 images, grade 2: 80 images, grade 3:
25 images, and grade 4: 10 images), 126 images were used for training, 32 images for testing, and 52 images for network validation.
The results were analyzed based on the type of input (Table 4). As can be seen in Table 4, the classification performed by algorithms
based on physicochemical features and color statistical and texture features could be done with high accuracy. The reason for this is the
important role of both color and visual characteristics as well as physical and chemical characteristics on the quality classification of
sweet cherries.

Although the accuracy of algorithms based on physicochemical features and color statistical and texture features is higher than the
algorithms based on color texture features and color statistical features, however the difference is insignificant. Following the eval-
uation of various topologies, the MLP network utilizing the SigmoidAxon transfer function and the topologies 1-8-19-4, 1-3-12-21, 1-7-
19-12, and 1-19-9, correspondingly, were found to be suitable for algorithms based on physicochemical features. Color statistical and
texture features, Color texture features, and Color statistical features were selected as the best topologies. These topologies predict the
quality of sweet cherry with an accuracy of 90.2 %, which is a very high accuracy.

According to Table 5, it can be seen that the ANFIS model can predict the quality grade of sweet cherries with excellent performance
in all four algorithms with R2 greater than 0.943 and RMSE less than 0.077. As seen in Table 6, the prediction performed by algorithms
based on physicochemical features, color statistics, and texture had higher accuracy. However, the difference between all four al-
gorithms could have been better. The results of ANFIS analysis showed that the average accuracy of different algorithms in the best
ANFIS topology for algorithms based on physicochemical features, Color statistical and texture features, Color texture features, and
Color statistical features are 0.990, 0.986, 0.957, and 0.943 respectively. The results of grading apples [54], olives [55], and mangoes
[56] showed that CVS can detect defects and surface damage with high precision and accuracy and grade accordingly.

3.4. Qualitative classification

ANN and ANFIS algorithms were also able to classify sweet cherries into different quality grades with high precision and accuracy.
Previously, sweet cherries were classified into four qualitative grades based on experimental studies and the percentage of surface
damage. With the help of the confusion matrix (Table 6), the classification accuracy percentage for each class can be determined for the
ANN algorithm with the best configuration. In this matrix, the numbers on the diagonal are for the correctly classified samples, and the
numbers outside the primary diameter represent the wrongly classified samples. In this table, the numbers in each column represent
the predicted numbers, and each row represents the actual numbers. The results presented in the clutter matrix show the ability of the
models based on the features extracted from the images to classify the results with high accuracy, like the algorithm based on the
qualitative parameters. Based on the ANN classification results mentioned above, it can be concluded that the quality of sweet cherries
during storage in different conditions can be classified using color indices (non-destructive) through CVS. It implies that it is feasible to
predict the quality grade of sweet cherries by considering several color indicators. Using this method is simple, fast, non-destructive,
and cost-effective. The ANN best topologies perform the classification with an accuracy of above 90.4 %, which is a very high accuracy.

Table 7 shows the confusion matrix results and the grading accuracy of each pattern base on the ANFIS algorithms. As can be seen,
these algorithms could perform classification with high accuracy, among which Color statistical and texture features and physico-
chemical features algorithms had higher classification accuracy. The results of the present study show that the designed ANFIS has
excellent performance in sweet cherry quality classification. Besides, due to linguistic variables in ANFIS, it can be easily used in the
industry. Another critical point in the above results was that the model based on features extracted from the image (Color statistical
and texture features, Color texture features, and Color statistical features) also performed very well. Finally, the results of ANN and
ANFIS as sweet cherry classification models showed that both models could successfully separate sweet cherries based on quality grade
and, with the help of visual or physical and chemical characteristics, with high accuracy. A similar algorithm was developed by
Golzarian et al. (2017) to grade mangoes based on surface damage, which was able to grade with 90 % accuracy (based on the green
channel) [65]. This research showed that it is possible to predict the quality grade of sweet cherries with several color indicators as a
simple, fast, non-destructive, and low-cost method of Destructive tests. The method can replace human inspection by eye or other
methods in cold stores, warehouses, factories, and gardens.
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Table 5
Some of the best ANFIS topologies to predict quality grade of sweet cherry by using color statistical, color texture, color statistical and texture, and
physicochemical features.

Parameter Membership Function Number of Membership Functions Training Test
R2 MSE R2 RMSE
Color statistical features Gauss 2 0.911 0.122 0.943 0.088
Triangle 2 0.908 0.126 0.935 0.096
Trapezoidal 2 0.909 0.129 0.939 0.091
Color texture features Gauss 2 0.920 0.078 0.957 0.052
Triangle 3 0.913 0.086 0.954 0.060
Trapezoidal 3 0.911 0.085 0.952 0.059
Color statistical and texture features Gauss 2 0.943 0.087 0.986 0.029
Triangle 2 0.936 0.096 0.983 0.037
Trapezoidal 3 0.931 0.101 0.978 0.045
Physicochemical features Gauss 2 0.945 0.080 0.987 0.029
Triangle 2 0.948 0.073 0.990 0.027
Trapezoidal 2 0.942 0.085 0.982 0.035
Table 6
Confusion matrix for classification and validation of the result base on the best ANN topologies.
ANN input Grade 1 Grade 2 Grade 3 Grade 4 R? RMSE
Color statistical features Grade 1 20 3 0 0 0.9047 0.124
Grade 2 3 73 1 1
Grade 3 2 3 21 1
Grade 4 0 1 2 8
Accuracy (%) 94.73 92.00 88.00 80.00
Color texture features Grade 1 91 1 0 0 0.9095 0.095
Grade 2 2 69 0 0
Grade 3 2 4 22 1
Grade 4 0 1 3 9
Accuracy (%) 95.78 92.00 88.00 90.00
Color statistical and texture features Grade 1 93 1 0 0 0.9380 0.082
Grade 2 1 71 0 0
Grade 3 1 3 24 1
Grade 4 0 0 1 9
Accuracy (%) 97.87 94.66 96.00 90.00
Physicochemical features Grade 1 94 1 0 0 0.9523 0.061
Grade 2 1 73 0 0
Grade 3 0 1 23 0
Grade 4 0 0 2 10
Accuracy (%) 98.95 97.33 92.00 100.00
Table 7
Confusion matrix for classification and validation of results.
ANN input Grade 1 Grade 2 Grade 3 Grade 4 R? RMSE
Color statistical features Grade 1 91 0 0 0 0.9428 0.088
Grade 2 4 76 2 0
Grade 3 0 3 22 1
Grade 4 0 1 1 9
Accuracy (%) 95.79 95.00 88.00 90.00
Color texture features Grade 1 92 0 0 0 0.9571 0.052
Grade 2 2 77 0 0
Grade 3 1 2 23 1
Grade 4 0 1 2 9
Accuracy (%) 96.84 90.58 92.00 90.00
Color statistical and texture features Grade 1 94 1 0 0 0.9857 0.029
Grade 2 1 79 0 0
Grade 3 0 0 24 0
Grade 4 0 0 1 10
Accuracy (%) 98.95 98.75 96.00 100.00
Physicochemical features Grade 1 94 0 0 0 0.9905 0.027
Grade 2 1 80 0 0
Grade 3 0 0 24 0
Grade 4 0 0 1 10
Accuracy (%) 98.95 100.00 96.00 100.00
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4. Conclusion

With increasing storage time, the surface damage of sweet cherries also increased. However, coating treatment and increasing DEO
and ZnO concentration reduced the rates of these damages. The outcomes indicated that the ANFIS and ANN models demonstrated
successful predictions of the physical and chemical alterations occurring in sweet cherries during storage, leveraging image-based
color and texture characteristics while exhibiting remarkable accuracy in their modeling. It has been discovered that the physical
and chemical sweet changes of sweet cherries can be predicted using CVS, ANFIS, and ANN models. According to the study, both ANN
and ANFIS models can accurately classify sweet cherries based on their quality grade, using either their visual characteristics or
physical and chemical characteristics. The algorithms based on the sweet cherries’ physical and chemical characteristics and those
based on the color and texture of the sweet cherries can both classify them with high precision and accuracy. The algorithms achieved
an accuracy rate of 90%-99 % in grading sweet cherry quality, as per the confusion matrix results. The study demonstrates that sweet
cherries can be accurately classified and predicted using CVS, ANFIS, and ANN models. The algorithm’s high diagnostic power enables
its industrial use in greenhouses for diagnostics, control, and grading processes.
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