Applied Fruit Science (2024) 66:2123-2133
https://doi.org/10.1007/510341-024-01196-4

ORIGINAL ARTICLE

®

Check for
updates

Apple (Malus domestica) Quality Evaluation Based on Analysis of
Features Using Machine Learning Techniques

Talha Alperen Cengel' () - Bunyamin Gencturk?(® - Elham Tahsin Yasin?(® - Muslume Beyza Yildiz'
llkay Cinar'(@ - Murat Koklu'

Received: 15 March 2024 / Accepted: 27 August 2024 / Published online: 4 October 2024
© Der/die Autor(en), exklusiv lizenziert an Springer-Verlag GmbH Deutschland, ein Teil von Springer Nature 2024

Abstract

The use of artificial intelligence and machine learning algorithms for assessment of apple quality was evaluated in this
study. Apples are renowned for containing a variety of nutritional elements. By analyzing apple characteristics, the study
aimed to categorize apple quality, thus promoting apple consumption and production. The dataset used consists of 4000
data and eight features provided by an American agricultural company. There were two quality classes of apples: there
were 2004 quality apples and 1996 low-quality apples. Artificial intelligence classification algorithms such as multilayer
perceptron (MLP), support vector machine (SVM), random forest (RF), k-nearest neighbor (k-NN), and decision tree (DT)
have were to predict apple quality. The performance of the algorithms was evaluated on their ability to accurately predict
the quality level of the apples. According to the results of the study, the MLP algorithm achieved the highest classification
success with an accuracy rate of 95.63%. The accuracy values of the other algorithms were SVM with 90.75%, k-NN with
89.75%, RF with 89.63%, and DT with 81%. Apple quality is not achieved by relying on a single feature, but rather by
evaluating all the features affecting the apple together. An ideal level of acidity enriches the flavor and texture of food,
whereas excessive acidity leads to a sour taste. Due to this complexity, we classified factors affecting apple quality and
examined traits separately.
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Introduction

Apple (Malus domestica) is a popular agricultural product
with very high nutritional value. Apart from being a deli-
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content, and acidity level. Using the commonly used pen-
etrometer method in the industry, fruit firmness is measured
and its characteristics are determined. These specified meth-
ods result in significant workload, time loss, and extra costs.
Particularly in recent years, there has been an increased in-
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demands for high-quality horticultural products are also be-
coming more diversified over time. At this point, artificial
intelligence and machine learning techniques offer potential
advantages in optimizing the process of determining apple
quality (Harker et al. 1998; Hoehn et al. 2003; Li et al.
2021; Marigheto et al. 2008; Musacchi and Serra 2018).

Machine learning algorithms make the process of deter-
mining apple quality more effective by learning from large
datasets. These techniques automate business processes,
save time, and minimize human errors. Moreover, they help
agricultural producers reduce costs by assisting in the rapid
and accurate evaluation of apple quality. Artificial intel-
ligence and machine learning reduce the workload caused
by traditional methods, providing an automated and reliable
quality control process. The ability to respond to consumer
demands more quickly and accurately enables better align-
ment with market demands (Gencturk et al. 2023; Hassan
et al. 2023; Karthikeyan et al. 2024; Sun et al. 2021). In this
study, factors that are effective in determining the quality
of apples were also examined. In this context, the aim was
to develop prediction models for apple quality and provide
concrete information to growers about fruit quality.

The characteristics of apples, such as juiciness, acidity
level, size, weight, sweetness, crunchiness, and ripeness,
are determined rapidly and accurately by artificial intelli-
gence algorithms, enabling the analysis of apple character-
istics. This analysis provides significant guidance to apple
producers for producing more flavorful and higher qual-
ity products. Artificial intelligence models assist growers
in identifying factors that enhance quality, particularly con-
sidering factors such as juiciness, crunchiness, and acidity
balance in apples. This study enables the assessment of
apples as “quality” or “low-quality” based on their char-
acteristics. Apple growers can leverage this information to
gain a competitive advantage in marketing their products
during the sales process (Cetin et al. 2022; Deb et al. 2021;
Karthikeyan et al. 2024; Musacchi and Serra 2018).

Related Works

As the literature lacks comprehensive coverage of factors
affecting apple quality, researchers have also delved into

studies on determining the quality of various fruits. These
investigations reveal a trend of classifying fruits based on
their images using image processing and machine learn-
ing algorithms. A summary of these insightful studies is
presented here.

Suryanti and Rohman developed a citrus species clas-
sification system based on leaves. Using a total of 117
data, they designed a classification system to determine
low-quality and high-quality apples, achieving an accuracy
of 88.37% (Suryanti and Rohman 2024). In another study,
Bird et al. conducted research on fruit quality classification.
They created a model using 1056 lemon images in their
dataset. The best model they obtained achieved an accuracy
rate of 81.99% with a structure containing 4096 interpreta-
tion neurons. After applying data augmentation techniques,
they increased the classification accuracy from 83.77% to
88.75% (Bird et al. 2022). Jahanbakhshi et al. aimed to
use a developed convolutional neural network (CNN) al-
gorithm to detect the quality of lemons and classify them.
The dataset consisted of two classes: healthy lemons and
unhealthy lemons. As a result, they achieved 100% accu-
racy using the CNN algorithm (Jahanbakhshi et al. 2020).
In another study, Minh Trieu and Thinh used a CNN al-
gorithm to detect the quality of dragon fruit based on its
external appearance. They achieved an accuracy of 96%
using the CNN algorithm (Minh Trieu and Thinh 2021).
Pratondo and Novianty aimed to create a classifier using
machine learning to identify pear images. In their study,
they observed that a classifier created using Inception-v3
achieved the best performance with an accuracy rate of
94.00% (Pratondo and Novianty 2022).

The literature studies on apple quality and the external
factors influencing apple quality are included in this sec-
tion. Additionally, a summary of the studies conducted is
presented in Table 1.

Gong et al. examined the physical and chemical proper-
ties of 30 apple varieties grown in the same region. Within
the scope of the study, meticulous analysis was conducted
on 20 quality parameters of apple samples (weight, volume,
density, color, firmness, sugar—acid ratio, vitamin C, etc.).
In terms of density, fruit shape index, and water content,
there were no statistically significant differences among the
30 apple varieties. Principal component analysis was used

Table1 Summary of apple

. ) . No.  Dataset quantity Class number Method Accuracy (%) References
research findings in the literature
3000 3 Imp-ResNet50 96.50 (Sun et al. 2021)

2 3600 3 SVM 77.67 (Lietal. 2021)
CNN 95.33

3 3266 2 CNN 87.24 (Ibrahim et al. 2022)
GooglLeNet 100
AlexNet 99.69

4 80 2 k-NN 97.50 (Baneh et al. 2023)
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to examine the remaining 17 measurements. Principal com-
ponent analysis showed that the first six components ex-
plained 83.56% of the variance and represent a significant
portion of the variability. The 30 apple varieties were clas-
sified into five main groups using hierarchical cluster analy-
sis. Score plots from principal component analysis support
this classification (Gong et al. 2014).

Sun et al. employed CNN to classify six different ap-
ple varieties. Segmented image data were processed using
deep convolutional generative adversarial networks (DC-
GAN) for data augmentation purposes. Subsequently, an en-
hanced ResNet50 model, named “Imp-ResNet50,” was pro-
posed. The results indicate that the proposed method could
generate high-quality training examples and effectively re-
duce the processing time. By combining SVM, DCGAN,
and Imp-ResNet50, they achieved a classification accuracy
of 96.5% (Sun et al. 2021).

According to Li et al., apple exports are affected by
blemishes on apple skin. Using real images, they identi-
fied and classified apple quality. In their study, real images
of ‘Yantai Red Fuji’ apples were used, which varied in time,
angle, and light intensity. A mobile camera was used to cap-
ture 3600 original images. Researchers proposed a CNN-
based model to grade apples rapidly and accurately. Tested
on an independent dataset, the proposed model achieved

Fig. 1 Flow diagram illustrating
the procedural workflow of the
study
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95.33% accuracy. Thus, the proposed model detects and
classifies apple quality (Li et al. 2021).

An automatic fruit classification process was needed to
meet the increasing demand for high-quality fruits in the
market, according to Ibrahim et al. Training and testing
were thus conducted on 3266 image samples. By analyz-
ing apple images, the authors developed and evaluated three
different CNN models to categorize fresh and rotten apples.
The models included CNN, GooglLeNet, and AlexNet. With
100% accuracy, GoogLeNet outperformed AlexNet and tra-
ditional CNN. An evaluation of three CNN model architec-
tures is presented in their study (Ibrahim et al. 2022).

Baneh et al. employed a combination of machine learn-
ing techniques for the detection of body and calyx in a low-
cost apple sorting machine. Precise body/calyx shape ex-
traction led to more accurate feature extraction and classi-
fication. They determined that the k-NN classifier with the
highest accuracy rates used the 5-nearest neighbor classifier
and Euclidean distance with 80 training examples. Accord-
ing to the results, this method produced the best accuracy
rates of 100% for body and 97.5% for calyx (Baneh et al.
2023).

Table 1shows the results of studies on apple quality clas-
sified on the basis of apple images. In this study, classifica-
tion was carried out by focusing on various characteristics

o0qee

Best Model Selection

Transferring the data to the working
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Matrix Metrics Matrix
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Fig.2 Details regarding the
apple dataset

Apple Dataset
From Kaggle

of apples, which adopts a different approach from other
studies. The most significant difference that sets this study
apart from others is the comprehensive quality classifica-
tion by evaluating various characteristics of apples together,
rather than solely focusing on visual quality. This approach
not only considers the external appearance of the apple but
also focuses on various attributes such as maturity, acidity,
juiciness, and sweetness, providing a more detailed assess-
ment. Consequently, after determining apple quality com-
prehensively, the study investigated the combined effect of
various factors on quality.

Materials and Method

Machine learning algorithms commonly preferred in the
literature for determining apple quality were utilized. These
algorithms include SVM, RF, k-NN, DT, and MLP. For
classification processes, the Python programming language
and the scikit-learn machine learning library were preferred.
The flow diagram for this study is provided in Fig. land
shows the overarching methodology of the study. The main
objective of the study is to effectively address the process
of determining apple quality and evaluate the performance
of different machine learning algorithms.

Dataset Description

The dataset used in this study contains various attributes
of apples, providing detailed information about the quali-
ties of apples. The “Apple Quality” dataset from the Kag-
gle platform (Elgiriyewithana 2024) was used in the study.
The dataset, obtained from an American agricultural com-
pany, consists of 4000 data for eight features. Features in-
cluded the size, weight, sweetness level, crunchiness, juici-
ness level, ripeness stage, acidity level, and overall quality
of each apple. Upon examining the distribution of quality
classes in the dataset, it was found that there were 2004
high-quality apples and 1996 low-quality apples (Elgiriye-
withana 2024). This study aimed to determine apple quality
for use in quality classification processes. A visual presen-
tation in Fig. 2 provides more information about the dataset.

@ Springer
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The features of the dataset are detailed in Table 2.
Information about various characteristics such as the
size, weight, sweetness level, crunchiness, juiciness level,
ripeness stage, acidity level, and overall quality of each
fruit is provided. These attributes contain important data to
understand the general characteristics of the fruits and their
species-specific qualities.

Multilayer Perceptron

In complex datasets, MLP is one of the artificial neural
networks used for pattern recognition, classification, and
learning. An MLP consists of an input layer, one or more
hidden layers, and an output layer. External data are re-
ceived during input, while output is produced for a specific
task. Layers are designed to extract learned features and
model complex relationships. Activation functions are ap-
plied to incoming data by neurons in each hidden layer. The
network learns complex relationships through this process.
MLP is trained by using the backpropagation algorithm. In
backpropagation, weights are updated to minimize errors
between outputs and actual values. A specific task is re-
peated iteratively to make the network more efficient; MLP
can handle nonlinearly separable datasets best (Hayta et al.
2023; Koklu and Sabanci 2015).

Table 2 Description of dataset features

Features Description

Apple_ID Unique identifier for each fruit

Size Size of the fruit

Weight Weight of the fruit

Sweetness Degree of sweetness of the fruit

Crunchiness Texture indicating the crunchiness of the fruit
Juiciness Level of juiciness of the fruit

Ripeness Stage of ripeness of the fruit

Acidity Acidity level of the fruit

Quality Overall quality of the fruit
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Support Vector Machine

The primary goal of an SVM is to find a hyperplane that
best separates two classes. This hyperplane divides the data
points into two classes in a way that both classes are as ho-
mogeneous as possible and well-separated from each other.
This hyperplane is the one that provides the largest margin
between the data points, known as “the margin.” Generally,
while SVM is a powerful tool for binary classification prob-
lems, it is essential to perform proper parameter tuning and
consider the size of the dataset (Abdullah and Abdulazeez
2021).

k-Nearest Neighbor

A supervised learning algorithm used to solve classification
problems is k-NN. This algorithm plays an effective role
in determining whether features belong to a specific class
or not. Among the critical factors to consider in optimiz-
ing the algorithm are determining the number of neighbors
and the distance measurement method. The selection of the
number of neighbors plays a significant role in determin-
ing the algorithm’s performance; using too many neighbors
can increase complexity, while using too few neighbors can
risk overfitting. The Euclidean distance, commonly used as
the distance measurement method, is effective in evaluating
similarity between features. The k-NN algorithm requires
the determination of optimal parameters through trial-and-
error methods and carefully designed experiments. The cor-
rect selection of these parameters ensures that the algorithm
is used successfully and effectively (Koklu and Sabanci
2015; Taspinar et al. 2020; Wang et al. 2007). The method
for calculating the Euclidean distance is provided in Eq. 1
(Koklu and Sabanci 2015; Yong et al. 2009).

d (xi.x)) = (i (i, +x_,s)2) 0

s=1

In Eq. 1, xi and xj represent two different points and are
used to calculate the distance between them. The summa-
tion (3_) operation in the equation represents the sum of
squares performed across each feature dimension between
the points. The Euclidean distance formula is a fundamental
measure used to calculate the distance between two points
(Yong et al. 2009).

Random Forest

Random forests combine tree predictions based on a ran-
dom vector with the same distribution, each independently
sampled. Increasing the number of trees in a forest tends
to reduce the generalization error. In a forest, the gener-

alization error of tree classifiers depends on the strength
of individual trees. Multiple decision trees are aggregated
in RFs. In trees, observations are selected using a boot-
strap random sampling method and variables are selected
using a random subspace method. The remaining data are
used to evaluate the performance of trees and determine
variable importance after two-thirds of the dataset is used
to build trees. By combining decision trees and sampling
strategies, this model uses a general aggregation rule. Ran-
dom forests are known for their effectiveness in high-di-
mensional datasets, image recognition, and classification
(Breiman 2001; Rigatti 2017).

Decision Tree

Data classification representation uses decision trees (DTs).
Classifiers based on DT algorithms learn and discover pat-
terns in datasets. Using a series of decision rules, these
algorithms can classify or predict a dataset. From a root
node, a tree analyzes the dataset through nested decision
nodes. Based on the result of each internal node, the algo-
rithm directs the data point to the next node. As a result, the
data point can be assigned to a class or predicted. As part
of the learning process, DT classifiers split branches of the
DT and assign class labels to each leaf node. In addition,
these classifiers incorporate various methods for determin-
ing feature importance rankings and improving generaliza-
tion (Charbuty and Abdulazeez 2021).

Confusion Matrix

Confusion matrix is an important metric used to evaluate
the classification performance of a model. Typically used
in classification problems, it compares the actual values of
the model with the values it predicts.

The matrix contains four main components, represent-
ing whether the model correctly predicts a particular class
(Gencturk et al. 2023; Koklu and Sabanci 2016; Visa et al.
2011). The confusion matrix for a binary classification
problem is shown in Table 3.

The metrics provided in Table 3 allow for a detailed
evaluation of the model’s performance and are used in cal-
culating various performance criteria. The descriptions of
the metrics are as follows:

o TP (true positive): The number of apples correctly clas-
sified as high-quality that are indeed high-quality.

e FP (false positive): The number of apples incorrectly
classified as high-quality when they are actually low-
quality.

o TN (true negative): The number of apples correctly clas-
sified as low-quality that are indeed low-quality.
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Table 3 Two-class confusion matrix

Actual class

Positive (P) Negative (N)
Predicted True (True) TP TN
Class False (False) FP EN

e FN (false negative): The number of apples incorrectly
classified as low-quality when they are actually high-
quality.

Correlation Matrix

The correlation matrix is a fundamental tool in statistical
analysis, measuring the quantitative relationship between
variables. It helps determine the strength and direction of
the relationship between variables. Each variable is cross-
referenced with all other variables in the correlation matrix
(Zhuang et al. 2020).

Each cell in the correlation matrix represents the cor-
relation coefficient between two variables. This correlation
coefficient takes a value between —1 and 1:

o —1: Represents a perfect negative relationship. One vari-
able decreases as the other increases.

o 0: There is no relationship between the two variables.

o 1: Represents a perfect positive relationship. One vari-
able increases as the other increases.

Performance Metrics

Various performance metrics are used to evaluate classi-
fier performance. In this study, metrics such as accuracy,
F1-score, recall, and precision, calculated based on true-
positive (TP), true-negative (TN), false-positive (FP), and
false-negative (FN) values, are considered. These metrics
are used to understand and assess the classification per-
formance of the model. The details of the calculations are
presented in Table 4 (Acharya et al. 2019).

The explanations of the performance metrics are (Sator-
res Martinez et al. 2018) as follows:

® Accuracy: It is a measure indicating how much of
a model’s predictions are correct.

Table 4 Performance metric formulations

® Precision: It is a measure indicating how many of the
examples predicted as “positive” by a model are actually
“positive.”

® Recall: It is a measure indicating how many of all posi-
tive examples a model correctly predicts.

o Fl-Score: It is a measure showing the balance between
precision and recall.

Bivariate Analysis

Statistical analysis conducted to examine the relationship
between two variables is a method used to understand the
relationship between these variables and determine the na-
ture of this relationship. This analysis aims to reveal the
strength, linearity, or inverse proportionality of relationships
in the dataset by evaluating dependencies, interactions, and
correlations between variables. Thus, a deeper understand-
ing of the relationship between variables is obtained, and
whether this relationship is statistically significant is as-
sessed (Stricker et al. 2023).

Multivariate Analysis

The purpose of multivariate analysis is to examine mul-
tiple variables together and understand their relationships.
Analyzing datasets enables researchers to understand and
explain complex structures. Furthermore, it is used to de-
termine causal relationships between variables, evaluate re-
lationships between variables, and predict future events.
Analyzing datasets with this method reduces complexity
and uncovers meaningful relationships (Moghaddam et al.
2022).

Experimental Results

In this section, the results of analyses of five different mod-
els created with machine learning algorithms are presented.
Various machine learning algorithms were applied to 4000
data consisting of eight different features related to apple
quality. These algorithms are MLP, SVM, RF, k-NN, and
DT. The results are shown in Table 5.

Table 5 Performance metrics of all models

Performance Formula References MLP SVM RF k-NN DT
metrics (%) (%) (%) (%) (%)
Accuracy TPt () Accuracy  95.63 90.75 89.63  89.75 81
Precision s 3) Precision  95.62 90.75 89.64  89.77 81
Recall T ) Recall 95.62 90.75 89.63  89.75 81
F1-Score Ty (5) Fl-Score  95.63 90.75 89.62  89.75 81
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Fig.3 Correlation matrix results

These results compare the performance of different ma-
chine learning algorithms in predicting apple quality. While
the MLP algorithm provided the highest accuracy rate, the
DT algorithm had the lowest performance.

Result of Correlation Matrix

It is possible to obtain information about the relationships
between variables by looking at the correlation matrix in
Fig. 3. In the correlation matrix, 1 indicates a positive
relationship, O indicates no relationship, and —1 indicates
a negative relationship. The closer the values are to 1, the
stronger and more positive the relationship is observed to

be; the closer they are to —1, the stronger and more negative
the relationship is observed to be.

In the analysis of the correlation matrix in Fig. 3, a posi-
tive correlation (0.24) between size and quality is observed,
but this relationship can be considered weak. There is al-
most no correlation between weight and quality (0.0014),
indicating no relationship between the two variables. There
is a positive correlation (0.25) between sweetness and qual-
ity, but this relationship can be considered weak. There
is almost no correlation between crispiness and quality
(-0.012), indicating no relationship between the two vari-
ables. There is almost no correlation between acidity and
quality (-0.0077), indicating no relationship between the
two variables. There is a negative correlation (—0.26) be-
tween ripeness and quality, but this relationship can be con-
sidered weak. There is a positive correlation (0.26) between
juiciness and quality, but this relationship can be considered
weak.

It can be seen that size with a correlation of 0.24, sweet-
ness with 0.25, and juiciness with 0.26 are the three most
important variables contributing to the apple being of high
quality. It is observed that the variable with the most impact
on the apple being of low quality is ripeness with —0.26.

Confusion Matrix Result

Following the training of the dataset, the confusion ma-
trix results generated based on the learning performance of
five different machine learning algorithms (MLP, SVM, RF,
k-NN, DT) are presented in Fig. 4.

According to the confusion matrix of the MLP model
shown in Fig. 4, it contains 381 true positives and 17 false

Fig.4 Confusion matrix of all ; . ! ) c ) 4
models: a multilayer percep- Quality Low Quality Quality Low Quality Quality Low Quality
tron (MLP), b support vector . > .
machine (SVM), ¢ random for- ‘—E 384 17 - ‘—E 362 39 - § 356 45 -
est (RF), d k-nearest neighbor ¢] i l¢] i Ie] g
(k-NN), e decision tree (DT) a a8 =y
2 2 2
2 o 2 o 2 a
T o = o © o
s 18 381 =+ s 35 364 =& s 38 361 =+
g g g
Actual Class Actual Class Actual Class
k-NN DT
Quality Low Quality Quality Low Quality
2 2
£ 356 45 2324 77 .
g o (&) [
2 ]
a8 a
2 2
2 o 2 o
= o s §
s 37 362 ¢ s 75 324 =«
3 3
Actual Class Actual Class
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Fig.5 Bivariate analysis results

negatives for the quality class, and 384 true positives and
18 false negatives for the low-quality class. Examining the
confusion matrix of the SVM model reveals 364 true pos-
itives and 39 false negatives for the quality class, and 362
true positives and 35 false negatives for the low-quality
class. The confusion matrix of the RF model, it shows 361
true positives and 45 false negatives for the quality class,
and 356 true positives and 38 false negatives for the low-
quality class. Evaluating the confusion matrix of the k-NN
model yields 362 true positives and 45 false negatives for
the quality class, and 356 true positives and 37 false nega-
tives for the low-quality class. Lastly, the confusion matrix
of the DT model exhibits 324 true positives and 77 false
negatives for the quality class, and 324 true positives and
75 false negatives for the low-quality class. These results ac-
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curately reflect the classification performance of each model
and provide a more comprehensive view of the evaluation
criteria.

Upon examining the confusion matrix analyses, it can be
observed that the MLP and SVM models can successfully
predict the quality and low-quality classes, while the per-
formance of the RF, k-NN, and DT models is lower. These
findings provide valuable insights into assessing the effec-
tiveness of various machine learning algorithms in a specific
application context.

Bivariate Analysis Results

The analysis conducted based on Fig. 5 reveals weak pos-
itive or negative relationships between apple quality and
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Fig. 6 Multivariate analysis results

size, sweetness, ripeness, and juiciness. However, there is
no significant relationship between weight, crunchiness,
acidity, and apple quality. To visualize the distribution of
quality data, it is adjusted as follows: 1: quality apple, O:
low-quality apple.

An assessment of the distribution of features on quality
in Fig. 5 shows that size is equally distributed across qual-
ity. Looking at weight, it is observed that there are more
high-quality apples. For sweetness, an equal distribution is
observed. For crunchiness, there are more quality apples.
Regarding juiciness, an equal distribution is observed. For
ripeness, it is observed that there are more low-quality ap-
ples.

Crunchiness

5 B 5

Juiciness Ripeness

Multivariate Analysis Results

The results of multivariate analysis allow for a more com-
prehensive observation of the effects on quality by con-
sidering multiple variables together. This method enables
the consideration of interactions and relationships among
multiple variables rather than isolating a single variable,
thereby facilitating a better understanding of the complex-
ity of factors influencing quality. The observations in Fig. 6
are explained here.

In the analysis of Fig. 6, it is observed that apples with
low quality tend to be juicy and ripe. The variables of size,
weight, and sweetness indicate that higher-quality apples
are generally larger, heavier, and have better taste.
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Recommendations and, Discussion

This study, aimed at determining apple quality, demon-
strates the effective use of various machine learning classi-
fication algorithms on apple features. When examining the
results obtained by using different algorithms such as MLP,
SVM, REF, k-NN, and DT, the highest classification suc-
cess, with an accuracy of 95.63%, was achieved with the
MLP algorithm. The accuracy values of the algorithms are
as follows: MLP, 95.63%; SVM, 90.75%; k-NN, 89.75%;
RF, 89.63%);and DT, 81%. The recall values of the algo-
rithms are as follows: MLP, 95.62%; SVM, 90.75%; k-NN,
89.75%; RF, 89.63%; and DT, 81%. High recall values in-
dicate the ability of the classification model to correctly
identify true positives, demonstrating its capability to min-
imize undesirable outcomes and not miss targeted results.
When examining the correlation results, it is observed that
there is no feature with a high correlation. This indicates
that the features affecting apple quality are not individually
highly influential, but have an effect on quality when cor-
related with each other. The juiciness of the apple affects
its quality, while excessive juiciness can affect it negatively,
leading to lower quality. These findings indicate that apple
growers can actively use such machine learning models to
improve the quality of their products and gain a compet-
itive advantage in the marketing process. The results ob-
tained emphasize the significant role that machine learning
methods can play in quality control and product improve-
ment processes in the apple industry. These models can be
a valuable tool in determining quality by analyzing various
characteristics of apples. Therefore, apple growers can mar-
ket their products more effectively and provide consumers
with more satisfying products by using these models. New
studies focusing on automating these processes can be con-
ducted by evaluating both the characteristics and images of
apples together. These studies can be carried out by com-
bining images obtained from the external appearance of the
apple with data obtained from the characteristics affecting
the quality of the apple. Relationships can be established
between external appearance features such as color, shape,
size, and internal features such as water content, acidity
level. Artificial intelligence models that identify and ana-
lyze these relationships can help predict the quality of the

apple.

Conclusion

Apple growers or quality control experts can use these auto-
mated systems to evaluate the quality of apples quickly and
accurately. Such studies can increase efficiency in the agri-
cultural industry and improve product quality. Representa-
tives in the apple industry can utilize the findings from this

@ Springer

study to incorporate machine learning methods into qual-
ity control and product improvement processes. This could
not only increase growers’ revenues, but also enable them
to gain a competitive advantage in the industry by offering
higher-quality products to consumers. This study could lay
the groundwork for future research in the apple industry
and encourage similar studies to be conducted.

Acknowledgements The Scientific Research Coordinator of Selcuk
University provided support for this study, while no funding was ob-
tained for the study itself.

Author Contribution Talha Alperen Cengel: contributed to the con-
ceptualization, methodology, software, validation, visualization, and
writing—original draft; Bunyamin Gencturk: contributed to the con-
ceptualization, methodology, software, validation, visualization, and
writing—review & editing; Elham Tahsin Yasin: contributed to the con-
ceptualization, methodology, validation, and formal analysis, software,
as well as writing—original draft; Muslume Beyza Yildiz: contributed
to the conceptualization, methodology, validation, and writing-review
& editing; Ilkay Cinar: contributed to the conceptualization, method-
ology, formal analysis, project administration, supervision, validation
and writing—review & editing; Murat Koklu: contributed to the con-
ceptualization, methodology, formal analysis, project administration,
supervision, validation and writing—review & editing.

Data Availability This study used a dataset from Kaggle (Elgiriye-
withana 2024), and the data can be obtained through the following
link: https://www.kaggle.com/datasets/nelgiriyewithana/apple-quality/
discussion

Conflictofinterest T.A. Cengel, B. Gencturk, E.T. Yasin, M.B. Yildiz,
I. Cinar and M. Koklu declare that they have no conflicts of interests.

References

Abdullah DM, Abdulazeez AM (2021) Machine learning applica-
tions based on SVM classification a review. Qubahan Acad J
1(2):81-90. https://doi.org/10.48161/qaj.vIn2a50

Acharya UR, Fernandes SL, WeiKoh JE, Ciaccio EJ, Fabell MKM,
Tanik UJ, Rajinikanth V, Yeong CH (2019) Automated detection
of Alzheimer’s disease using brain MRI images—a study with
various feature extraction techniques. J] Med Syst 43:1-14. https://
doi.org/10.1007/s10916-019-1428-9

Baneh NM, Navid H, Kafashan J, Fouladi H, Gonzales-Barron U
(2023) Development and evaluation of a small-scale apple sorting
machine equipped with a smart vision system. Agric Engineering
5(1):473-487. https://doi.org/10.3390/agriengineering5010031

Bird JJ, Barnes CM, Manso LJ, Ekart A, Faria DR (2022) Fruit qual-
ity and defect image classification with conditional GAN data
augmentation. Sci Hortic. https://doi.org/10.1016/j.scienta.2021.
110684

Breiman L (2001) Random forests. Mach Learn 45:5-32. https://doi.
org/10.1023/A:1010933404324

Cetin N, Karaman K, Kavuncuoglu E, Yildinm B, Jahanbakhshi A
(2022) Using hyperspectral imaging technology and machine
learning algorithms for assessing internal quality parameters of
apple fruits. Chemom Intell Lab Syst 230:104650

Charbuty B, Abdulazeez A (2021) Classification based on decision
tree algorithm for machine learning. J Appl Sci Technol Trends
2(01):20-28. https://doi.org/10.38094/jastt20165

Deb K, Basu S, Palakurthy VK, Bhattacharyya N (2021) Accelerated
sorting of apples based on machine learning. Smart computing


https://www.kaggle.com/datasets/nelgiriyewithana/apple-quality/discussion
https://www.kaggle.com/datasets/nelgiriyewithana/apple-quality/discussion
https://doi.org/10.48161/qaj.v1n2a50
https://doi.org/10.1007/s10916-019-1428-9
https://doi.org/10.1007/s10916-019-1428-9
https://doi.org/10.3390/agriengineering5010031
https://doi.org/10.1016/j.scienta.2021.110684
https://doi.org/10.1016/j.scienta.2021.110684
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.38094/jastt20165

Apple ( Malus domestica ) Quality Evaluation Based on Analysis of Features Using Machine Learning Techniques 2133

techniques and applications. In: Proceedings of the fourth inter-
national conference on smart computing and Informatics, vol 1

Elgiriyewithana N (2024) Apple Quality (Version 1) https://doi.org/10.
34740/kaggle/dsv/7384155

Gencturk B, Arsoy S, Taspinar YS, Cinar I, Kursun R, Yasin ET,
Koklu M (2023) Detection of hazelnut varieties and development
of mobile application with CNN data fusion feature reduction-
based models. Eur Food Res Technol. https://doi.org/10.1007/
500217-023-04369-9

Gong L, Meng X, Liu N, Bi J (2014) Evaluation of apple quality based
on principal component and hierarchical cluster analysis. Trans
Chin Soc Agric Eng 30(13):276-285

Harker FR, Redgwell RJ, Hallett IC, Murray SH, Carter G (1998) Tex-
ture of fresh fruit

Hassan NMH, Elshoky B, Hassan N, Elshoky B, Mabrouk A (2023)
Quality of performance evaluation of ten machine learning algo-
rithms in classifying thirteen types of apple fruits. Indones J Electr
Eng Comput Sci 30:102-109

Hayta E, Gencturk B, Ergen C, Koklu M (2023) Predicting future de-
mand analysis in the logistics sector using machine learning meth-
ods. Intell Methods Eng Sci 2(4):102-114

Hoehn E, Gasser F, Guggenbiihl B, Kiinsch U (2003) Efficacy of
instrumental measurements for determination of minimum re-
quirements of firmness, soluble solids, and acidity of several
apple varieties in comparison to consumer expectations. Posthar-
vest Biol Technol 27(1):27-37. https://doi.org/10.1016/S0925-
5214(02)00190-4

Ibrahim MS, Hamid SA, Muhammad Z, Leh NAM, Abdullah S,
Bakar SJA, Osman MK, Fadhlullah SY (2022) CNN comparative
study for apple quality classification. In: 2022 IEEE 12th Interna-
tional Conference on Control System, Computing and Engineer-
ing (ICCSCE)

Jahanbakhshi A, Momeny M, Mahmoudi M, Zhang Y-D (2020)
Classification of sour lemons based on apparent defects using
stochastic pooling mechanism in deep convolutional neural net-
works. Sci Hortic 263:109133. https://doi.org/10.1016/j.scienta.
2019.109133

Karthikeyan M, Subashini T, Srinivasan R, Santhanakrishnan C, Ahi-
lan A (2024) YOLOAPPLE: Augment Yolov3 deep learning al-
gorithm for apple fruit quality detection. Signal Image Video Pro-
cess 18(1):119-128

Koklu M, Sabanci K (2015) The classification of eye state by using
kNN and MLP classification models according to the EEG sig-
nals. Int J Intell Syst Appl Eng 3(4):127-130. https://doi.org/10.
18201/ijisae. 75836

Koklu M, Sabanci K (2016) Estimation of credit card customers pay-
ment status by using kNN and MLP. Int J Intell Syst Appl Eng
4(Special Issue-1):249-251

Li Y, Feng X, Liu Y, Han X (2021) Apple quality identification and
classification by image processing based on convolutional neural
networks. Sci Rep 11(1):16618. https://doi.org/10.1038/s41598-
021-96103-2

Marigheto N, Venturi L, Hills B (2008) Two-dimensional NMR
relaxation studies of apple quality. Postharvest Biol Technol

48(3):331-340.
002

Moghaddam HN, Tamiji Z, Lakeh MA, Khoshayand MR, Mah-
moodi MH (2022) Multivariate analysis of food fraud: a re-
view of NIR based instruments in tandem with chemometrics.
J Food Compos Analysis 107:104343. https://doi.org/10.1016/j.
jfca.2021.104343

Musacchi S, Serra S (2018) Apple fruit quality: overview on pre-har-
vest factors. Sci Hortic 234:409—430

Pratondo A, Novianty A (2022) Pear classification using machine
learning. 2022 IEEE 10th Conference on Systems, Process &
Control (ICSPC).

Rigatti SJ (2017) Random forest. J Insur Med 47(1):31-39

Satorres Martinez S, Martinez GD, Beyaz A, Gémez Ortega J, Gar-
cia GJ (2018) A computer vision approach based on endocarp
features for the identification of olive cultivars. Comput Elec-
tron Agric 154:341-346. https://doi.org/10.1016/j.compag.2018.
09.017

Stricker J, Kroger L, Johann AF, Kiiskens A, Gieselmann A,
Pietrowsky R (2023) Multidimensional perfectionism and poor
sleep: a meta-analysis of bivariate associations. Sleep Health
9(2):228-235. https://doi.org/10.1016/j.s1eh.2022.09.015

Sun L, Liang K, Song Y, Wang Y (2021) An improved CNN-based ap-
ple appearance quality classification method with small samples.
IEEE Access 9:68054-68065. https://doi.org/10.1109/ACCESS.
2021.3077567

Suryanti C, Rohman MG (2024) Klasifikasi Kualitas Buah Apel
Berdasarkan Warna dan Bentuk Menggunakan Metode KNN.
Gener J 8(1):34-41. https://doi.org/10.29407/gj.v8i1.21052

Taspinar YS, Koklu M, Altin M (2020) Identification of the english
accent spoken in different countries by the k-nearest neighbor
method. Int J Intell Syst Appl Eng 8(4):191-194

Trieu MN, Thinh NT (2021) Quality classification of dragon fruits
based on external performance using a convolutional neu-
ral network. Appl Sci 11(22):10558. https://doi.org/10.3390/
app112210558

Visa S, Ramsay B, Ralescu AL, Van Der Knaap E (2011) Confusion
matrix-based feature selection. Maics 710(1):120-127

Wang J, Neskovic P, Cooper LN (2007) Improving nearest neighbor
rule with a simple adaptive distance measure. Pattern Recognit
Lett 28(2):207-213. https://doi.org/10.1016/j.patrec.2006.07.002

Yong Z, Youwen L, Shixiong X (2009) An improved KNN text classi-
fication algorithm based on clustering. JCP 4(3):230-237

Zhuang X, Yang Z, Cordes D (2020) A technical review of canoni-
cal correlation analysis for neuroscience applications. Hum Brain
Mapp 41(13):3807-3833. https://doi.org/10.1002/hbm.25090

https://doi.org/10.1016/j.postharvbio.2007.11.

Publisher’s Note Springer Nature remains neutral with regard to juris-
dictional claims in published maps and institutional affiliations.

Springer Nature or its licensor (e.g. a society or other partner) holds
exclusive rights to this article under a publishing agreement with the
author(s) or other rightsholder(s); author self-archiving of the accepted
manuscript version of this article is solely governed by the terms of
such publishing agreement and applicable law.

@ Springer


https://doi.org/10.34740/kaggle/dsv/7384155
https://doi.org/10.34740/kaggle/dsv/7384155
https://doi.org/10.1007/s00217-023-04369-9
https://doi.org/10.1007/s00217-023-04369-9
https://doi.org/10.1016/S0925-5214(02)00190-4
https://doi.org/10.1016/S0925-5214(02)00190-4
https://doi.org/10.1016/j.scienta.2019.109133
https://doi.org/10.1016/j.scienta.2019.109133
https://doi.org/10.18201/ijisae.75836
https://doi.org/10.18201/ijisae.75836
https://doi.org/10.1038/s41598-021-96103-2
https://doi.org/10.1038/s41598-021-96103-2
https://doi.org/10.1016/j.postharvbio.2007.11.002
https://doi.org/10.1016/j.postharvbio.2007.11.002
https://doi.org/10.1016/j.jfca.2021.104343
https://doi.org/10.1016/j.jfca.2021.104343
https://doi.org/10.1016/j.compag.2018.09.017
https://doi.org/10.1016/j.compag.2018.09.017
https://doi.org/10.1016/j.sleh.2022.09.015
https://doi.org/10.1109/ACCESS.2021.3077567
https://doi.org/10.1109/ACCESS.2021.3077567
https://doi.org/10.29407/gj.v8i1.21052
https://doi.org/10.3390/app112210558
https://doi.org/10.3390/app112210558
https://doi.org/10.1016/j.patrec.2006.07.002
https://doi.org/10.1002/hbm.25090

	Apple (Malus domestica) Quality Evaluation Based on Analysis of Features Using Machine Learning Techniques
	Abstract
	Introduction
	Related Works
	Materials and Method
	Dataset Description
	Multilayer Perceptron
	Support Vector Machine
	k-Nearest Neighbor
	Random Forest
	Decision Tree
	Confusion Matrix
	Correlation Matrix
	Performance Metrics
	Bivariate Analysis
	Multivariate Analysis

	Experimental Results
	Result of Correlation Matrix
	Confusion Matrix Result
	Bivariate Analysis Results
	Multivariate Analysis Results

	Recommendations and, Discussion
	Conclusion
	References


