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Abstract: It is critically necessary to maximize the efficiency of agricultural methods while concur-
rently reducing the cost of production. Varieties, types, and fruit classification grades are crucial to
fruit production. High expenditure, inconsistent subjectivity, and tedious labor characterize tradi-
tional and manual varieties classification. This study developed machine learning (ML) models to
classify ten apple varieties, extracting the histogram of oriented gradient (HOG) and color moments
from RGB apple images. Support vector machine (SVM), random forest classifier (RFC), multilayer
perceptron (MLP), and K-nearest neighbor (KNN) classification models were trained with 10-fold
stratified cross-validation (Skfold) by using the textural and color features, and a GridSearch was
implemented to fine-tune the hyperparameters. The trained models, SVM, RFC, MLP, and KNN were
tested with separate test data and performed well, having an accuracy of 98.17%, 96.67%, 98.62%, and
91.28%, respectively. Having the top results, the MLP and SVM models demonstrated the potential
of applying HOG and color moments to train ML models for classifying apple varieties. This study
suggests conducting further research to thoroughly examine additional image features and determine
the impact of combining features and utilizing different classifiers.

Keywords: apple; machine learning; classification; histogram of oriented gradient; color moments

1. Introduction

Apple (Malus communis L.) is a well-known fruit species in the world, belonging to the
Malus genus of the Pomoideae subfamily of the Rosaceae family [1]. It is among the most
agriculturally important species and the most produced fruit worldwide [2,3], having a
wide range of ecological adaptability across the world [4]. Unlike other fruits, the apple is a
type of fruit that is easily recognized and sought after by consumers based on its variety [5].

Therefore, its variety is important in the marketing of apples. As a result of the
developments in the fruit industry, the number of apple varieties has increased considerably
in recent years [6]. Since it is a type of fruit that is suitable for the taste and income levels
of many people worldwide, it has a significant trade proportion. It is a type of fruit that
is traded the most globally, and consumer demands change very quickly. Meeting this
demand is not difficult for countries where intensive cultivation is carried out [7]. Apple,
the most common and oldest fruit, is mainly consumed for table purposes, and it is also
used in purees, chips, vinegar, teas, jams, marmalades, medicinal plants, and fruit juices [8].
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According to the statistical database of the Food and Agricultural Organization for
the years between 1994 and2021, among the top ten apple producers, Turkey is the third
largest producer, with an average apple production of 2.7 million tons following the U.S.A.
and China as represented in Figure 1 [9].
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Figure 1. Average apple production for the year (1994-2021).

It is critically necessary to maximize the efficiency of agricultural methods while
concurrently reducing the cost of production and environmental load to address associated
problems that negatively affect the agricultural sector [10]. These two components, in
particular, have expedited the transition of farm activities to precision agriculture. The
modernization of agriculture has the potential to guarantee environmental safety, maximum
productivity, and sustainability [11].

In several scientific disciplines, including plant taxonomy, botanical gardens, and the
discovery of new species, automatic recognition of crops has drawn a lot of interest. Analysis
of plant organs, including leaves, stems, fruits, flowers, roots, and seeds, can be used to
identify and categorize different species of plants. As a subfield of artificial intelligence (AI),
machine learning is a series of algorithms that can extract relevant information from data and
utilize that information in self-learning to make accurate classifications or predictions, and
due to its precision and dependability, machine learning has become increasingly popular.

Varieties and types of fruit classification are crucial to food commercialization [12].
Traditional manual varieties classification has various real-world problems, such as high
costs, inconsistent subjectivity, and tedious labor. To overcome these deficiencies, many
researchers have focused on automated crop varieties classification systems to distinguish
different apple varieties. Image processing and machine learning are widely used to classify
apple varieties. Other researchers classified three apple varieties by training K-nearest
neighbor (KNN) and multi-layer perceptron (MLP) classifiers [13].

Similarly, another investigation showed that Naive Bayes has good potential for the
identification of apple varieties nondestructively and accurately [14]. In a study to classify
six apple varieties [15], ML algorithms were trained by extracting statistical, textural,
geometrical, discrete wavelet transform, a histogram of the oriented gradient (HOG), and
Law’s energy texture features. Huang et al. [16], in their study of the identification of
apple varieties using a multichannel hyperspectral imaging system, developed partial least
squares discriminant analysis (PLSDA) models, and demonstrated that the multichannel
hyperspectral imaging system has potential for apple variety detection. Li et al. [17] also
developed a shallow convolutional neural network (CNN) for apple species classification
and concluded that the model presented an alternative in classification-related tasks and
brings attention to reducing the complexity of deep neural networks. The study highlights
the importance of feature selection and classifier choice in image classification tasks.

De Goma et al. [18] studied the recognition of 15 different kinds of fruits using surface
and geometric features and showed that by combining all features, namely color, texture,
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size, and shape, the overall recognition rate for all classifiers increased and reported
that KNN outperformed the other classifiers. In their study on fruit classification, Patel
and Chaudhari [19] examined six types of fruit including apple, banana, orange, pear,
watermelon, and mango. They used thresholding and morphological processing to identify
the area of interest and extract features such as color, area, centroid, zone, perimeter, size,
and roundness and they employed five different machine learning algorithms: KNN, SVM,
Naive Bayes, random forest, and neural network to classify the fruits.

To identify the type of seasonal fruits and detect spoiled ones, ref. [20] trained KNN
and SVM algorithms using color and texture features and distinguished four types of fruit
and detected spoiled fruit among fresh ones. A similar study was conducted on fruit
recognition and classification using shape-based features for auto-harvesting [21]. They
classified seven fruit types based on features such as fruit area, perimeter, major and minor
axis lengths, and distance between the foci of an equivalent ellipse by employing the Naive
Bayes classifier. In their study, Macanha et al. [22] utilized two feature descriptor methods
to classify 15 different fruit types, using images with white backgrounds obtained from the
internet. The zoning and character edge descriptor features were combined with discrete
Fourier transform to extract the features. MLP and KNN classifiers were adopted. In their
work to analyze visual features and classifiers to classify fruit types, Ghazal et al. [23]
investigated the combination of hue, color-SIFT, discrete wavelet transform, and Haralick
features by comparing the results obtained from six supervised machine learning techniques
including KNN, SVM, Naive Bayes, linear discriminant analysis, decision trees, and feed
forward back propagation neural network.

Applying statistical features to classify ten fruit types, other researchers utilized color
and texture features [24]. In the feature extraction processes, they used HSV color space to
perform thresholding and extract the region of interest, extracting color features through
hue and saturation. The luminance channel was subjected to a three-level discrete wavelet
transform to obtain texture features.

Therefore, our study aims to develop an efficient and repeatable system for classifying
ten apple varieties by extracting textural and color features from RGB apple images. Devel-
oping a robust ML model depends on the application of representative features, the right
combination of extracted features whenever different types of parameters are involved,
and dimensionality reduction in the presence of numerous features. Thus, this study
investigated the effect of combining textural (HOG) and color features (color moments)
and compared the performances of widely used ML algorithms to find the best-performing
classifier for apple varieties classification. Overall, combining HOG and color moments
is what makes this study different from the aforementioned studies and its contribution
is to investigate the effect of feature fusion in enhancing the classification accuracy of ML
algorithms to classify apple varieties.

The rest of the article is organized as follows: Section 2, Materials and Methods, in-
cludes the data collection, feature extraction, training, and testing classification algorithms;
Sections 3 and 4 comprise the results and discussion of the experiment; followed by a
conclusion in Section 5.

2. Materials and Methods
2.1. Image Acquisition

Our study used ten apple varieties commonly grown in Turkey (Figure 2). The apples
were obtained from the Republic of Turkey’s Ministry of Agriculture and Fruit Research
Institute. A camera with a resolution of 20 megapixels was used to capture images. All
images were taken from a distance (20 cm) where the apples were put on a setup prepared
for image acquisition. To make the quality of images as uniform as possible all images were
taken under the same light condition. According to the availability of each variety, a total
of 5830 images, a maximum of 669 (Starkspur Golden Delicious), and a minimum of 477
(Fuji and Mondial Gala) images were captured.
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Figure 2. Sample images of the ten apple varieties.

In an attempt to increase diversified representations from a single image, image
acquisition was made in top and side views. The details of the data, total images, and
portions used in training, validation, and testing have been provided in Table 1.

Table 1. Image Dataset.

Class Data Total Images Training Validation Test
Red Braeburn 579 405 87 87
Fuji 477 335 70 72
Golden Reinders 621 435 93 93
Granny Smith 590 413 89 88
Kasel 37 525 368 78 79
Mondial Gala 477 334 71 72
Red Chief 612 429 91 92
Scarlet Spur 640 448 96 96
Starkrimson 618 433 92 93
Starkspur Golden Delicious 669 468 100 101

2.2. Image Features Extraction

Image feature extraction is the process of automatically identifying and extracting
notable and meaningful information or representations from digital images. It can also
be defined as reducing a large amount of raw data into smaller and more manageable
representations [25]. Feature extraction involves identifying and describing an image’s
key visual characteristics or features, such as edges, corners, textures, shapes, colors, and
patterns [26].

Image feature extraction aims to reduce the complexity of an image by extracting the
most important and relevant information that represents the original image [27]. Feature
extraction is beneficial for various applications, such as object recognition, image retrieval,
medical imaging, video surveillance, and other related tasks [28].

Multiple techniques and algorithms are used for image feature extraction, including
edge detection, corner detection, blob detection, and texture analysis. In feature extraction,
different techniques can be employed individually or in combination to extract a wide
range of features [29]. The extracted features can be used as inputs to machine learning
algorithms for image classification, object detection, and other problems. In our case,
extracting color and texture features have been adopted. After capturing images of ten
apple varieties, undertaking necessary preprocessing steps, color moments, and a textural
feature, a histogram of oriented gradient (HOG), was extracted.

2.2.1. Histogram of Oriented Gradient HOG

The histogram of oriented gradient (HOG) is a popular feature descriptor used for
object detection and recognition in computer vision [15]. As illustrated in Figure 3, itis a
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technique for extracting features from an image by analyzing the distribution of gradient
orientations in local image patches [30].

RGB Image Gray Image HOG Features

Figure 3. HOG features extraction.

In HOG feature extraction, the gradient magnitude and orientation for each pixel are
computed using the Sobel operator or other edge detection algorithms, and the histogram
distribution of oriented gradients of neighboring cells is normalized and concatenated into
a single feature vector. In our case, 144 HOG features were extracted using MATLAB 2023a,
“extractHOGFeatures” method with a filter cell size of 64 x 64.

2.2.2. Color Moments

Color moments are measures used to differentiate images based on the features of
their color. Once calculated, these moments measure color similarity between images and
are employed as inputs to train machine learning models [31,32]. Taking the RGB color
space, mean (M), standard deviation (SD), skewness (Sk), kurtosis (K), and entropy (E)
of each R, G, and B channels were computed by using MATLAB, image batch processor
and 15 color moments were calculated for each image. The expressions below are used to
compute color moments where Xi, N, and Pi denote input data, number of data points, and
normalized histogram of the count, respectively.

1N
M= Ni;xl 1)
1 N . 2
SD = m21:1 (Xi — M) )
o7 I (X — M)
gk — NI 2171(31 ) 3)
SD
e YN (X —M)?
k= N—-1 21_1(41 ) (4)
SD
E =) Pilog, Pi 5)

i=1

2.3. Features Used for Training

The dataset in this work is obtained from color and texture image feature extraction in
training the machine learning algorithms. The dataset consists of 159 attributes (144 HOG
Features and 15 RGB color moments), and 5830 instances of ten (10) apple labels or classes,
namely Fuji, Golden Reinders, Granny Smith, Kasel 37, Mondial Gala, Red Braeburn, Red
Chief, Scarlet Spur, Starkrimson, and Starkspur Golden Delicious.

2.4. Machine Learning Classification Models

In this study, machine learning classifiers, namely support vector machine (SVM), a
technique that involves finding the optimal separation surface between classes with the
identification of the most representative training samples of the class known as support
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vectors [33]; random forest classifier (RFC), a combination of tree predictors such that each
tree depends on the values of a random vector sampled independently and with the same
distribution for all trees in the forest [34]; K-nearest neighbor (KNN) instance-based models
based on learning by analogy, which is by comparing a given test tuple with training
tuples that are similar to it [35]; and multilayer perceptron (MLP), a series of algorithms
that simulate human brain structure and function based on interconnected nodes in which
simple processing operations take place were trained and tested using the 144 HOG features
and 15 color moments [36].

During the training, stratified cross-validation (Skfold) was applied. In applying
Skfold, data points of each class are proportionally distributed across the k-fold. In other
words, in k-fold cross-validation (CV), a dataset is not arbitrarily distributed into k-fold
but in a manner that does not disturb the sample distribution ratios in the classes. In k-fold
CV, class distribution rates are not considered, whereas, in Skfold, data are proportionally
split among each fold. Thus, Skfold gives a more reliable prediction and, eventually, better
accuracy than the normal k-fold CV method [37].

Hence, this study used Skfold because the data distribution across classes is not
proportional. Moreover, we used a GridSearch approach to fine-tune hyperparameters to
obtain the best parameters of every machine learning model trained in this study. Figure 4
shows the overall process of feature extraction and model training.

Image Acquisition

@

oo 6 6
|

Feature Extraction

<

s

Feature Vector

EEES

Training Models

Performance Evaluation
Predicted
Actual GOLDEN  GRANNY ‘

Figure 4. Process of the development of apple varieties classification.

2.5. Performance Measures

The performance of the classification algorithms was evaluated using metrics of accuracy
(Equation (6)), the proportion of correct predictions; precision (Equation (7)), the proportion of
true positive predictions out of all positive predictions; recall (Equation (8)), the proportion of
true positive predictions out of all actual positive instances; specificity measures the proportion
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of true negative predictions out of all actual negative instances (Equation (10)); and F1-score
(Equation (9)), the weighted harmonic mean of precision and recall.

To examine the trade-off between true positive rate (TPR) and false positive rate
(FPR), AUC-ROC (area under the receiver operating characteristic curve), and the trade-
off between precision and recall for different classification thresholds, AUC-PR (area
under the precision-recall curve) were used. In addition, we considered Cohen’s kappa
(Equation (11) where Po: relative observed agreement among raters, and Pe: relative
observed agreement among raters), a measure of inter-rater agreement expected by chance.
Additionally, we used MCC (Matthews correlation coefficient) (Equation (12)), which
represents the correlation between the predicted and actual classifications to assess the
overall performance of the models [38].

As provided in the equations below, the performance metrics were computed using
the following: the true positives (TP) objects, where their actual label is positive and whose
class is correctly predicted as positive; the true negatives (TN) objects, where the actual
label is negative and whose class is correctly predicted to be negative; the false positives
(FP) objects, where the actual label is negative and whose class label is incorrectly predicted
as positive; and the false negatives (FN) objects, where the true label is positive and whose
class is incorrectly predicted as negative as obtained from the confusion matrix of the
classification results of every model [38].

Accuracy = 1P + TN 6)
Y= TP + IN+FP +EN
S ¥
Precision = T & Fp 7)
TP
Recall = ———
T TP N ®

Precision * Recall
F1 — =2
Score ¥ Precison + Recall ©)

P TN
Specificity = TN £ FP (10)
PO — Pe
K= 1" Po (11)
MCC — [(TP * TN) — (FP % FN)] (12)

/(TP FP)(TP + FN)(IN + FP)(IN + FN)]

3. Results

The classification models, KNN, SVM, RFE, and MLP, were trained using Scikit-learn, an
open-source machine learning Python library. All models were trained with 10 Skfold, and
a GridSearch was implemented to fine-tune the hyperparameters. The accuracy, precision,
recall, specificity, F1-score, AUC-ROC, AUC-PR, Cohen’s Kappa, and MCC performance
metrics calculated from the confusion matrices of each model are provided in Table 2.

Table 2. Performance metrics of all classification models using the test dataset.

Performance Metrics

Model
Accuracy Precision Recall  Specificity F1-Score AUC-ROC AUC-PR  Cohen’s Kappa MCC
SVM 98.17 98.2 97.97 97.3 98.07 99.85 98.89 97.96 97.96
REC 96.67 96.62 96.35 97.14 96.46 99.94 99.42 96.29 96.3
MLP 98.62 98.59 98.41 98.67 98.48 99.99 99.9 98.47 98.47
KNN 91.28 91.42 90.4 94 90.38 99.06 95.55 90.29 90.38
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The performance metrics in the figures above and below show the evaluation of the
four ML models trained and tested on a test dataset and provide information about how
well each model performed in terms of accuracy, precision, recall, specificity, F1-score,
AUC-ROC, AUC-PR, Cohen’s kappa, and Matthews correlation coefficient (MCC).

According to Figure 5, a confusion matrix of the classification of the SVM model, out
of 872 predictions, the overall accuracy was 98.17%, in which 15 misclassifications were
found, out of which four instances were misclassified as Starkrimson.

Predicted

S O O O ©O o o o

Figure 5. SVM confusion matrix.

Examining the results of the RFC in Figure 6, having an accuracy of 96.67%, a total of
20 misclassifications occurred. Similar to SVM, the highest confusion was between the Red
Braeburn and Starkrimson varieties.

69 2 0 1 0 1 0 5 0
3 71 1 0 0 0 0 0 1
0 0 99 0 0 0 0 0 0 0
0 0 0 83 0 0 0 0 0 0
0 0 0 0 74 0 0 0 1 1
0 0 0 0 0 68 0 0 0 0
0 0 0 0 1 0 83 1 0 0
0 0 0 0 0 0 0 103 0 0
1 0 0 0 0 0 1 0 91 0
0 0 0 2 0 0 0 0 0 108

Figure 6. RFC confusion matrix.

As shown in Figure 7, the MLPs confusion matrix shows the highest accuracy of
98.62% and the least misclassifications of 11 instances. Unlike all three models, the highest
confusion was among the Red Braeburn and Fuji varieties.
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Figure 7. MLP confusion matrix.

Figure 8 also represents the confusion matrix according to KNN. The model achieved
the lowest accuracy rate of 91.2% compared to the remaining three. A total of 78 misclassifi-
cations were observed, of which 18 instances belonging to Red Braeburn were confused
with Starkrimson.

S © o ol o o Bl o

I © © © o o e

(=}

Figure 8. KNN confusion matrix.

As detailed in each table above, confusion matrices representing the classification
results of all models for 10 different apple varieties were tested using a separate test dataset.

The matrices represented actual classes in their rows, and the predicted classes are
provided in the columns with the number of instances that were classified into each class
given in each cell. In all the matrices examining cells with the highest off-diagonal values,
we can observe that in all four models, Red Braeburn and Starkrimson are the most often
confused with each other, likely due to the natural resemblance of the two varieties.

4. Discussion

In a task to recognize fruits and vegetables by blending color, shape, and texture
features, ref. [39] used classifiers such as KNN, linear discriminant analysis, Naive Bayes,
error-correcting output classifier, and decision tree classifier. A 10 cross-validation tech-
nique is used, and KNN achieved a classification accuracy of 97.5% with 2400 images from
24 categories of fruits and vegetables. Likewise, in an attempt to classify six apple varieties,
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Adige et al. [40] applied a bag of visual words (BoVW) and reported an accuracy of 96%
using polynomial SVM. In the development of an automatic apple grading model, which
classifies apples in real-time based on physical parameters of apples such as size, color, and
external defects, ref. [41], reported that the ANN sorter achieved an accuracy of 96% during
overall grading.

In a task of automatic apple sorting system using machine vision, Golden and Starking
Delicious, and Granny Smith apple cultivars were sorted into different classes by their color,
size, and weight, and the system achieved a sorting accuracy rate of 73-96% using decision
tree [42]. In their study to classify six apple varieties [15], researchers achieved the highest
accuracy of 95.27% using statistical, textural, geometrical, discrete wavelet transform, HOG,
and Laws’ energy texture features with an SVM classifier.

In related studies, ref. [21] used shape-based features to classify seven fruit types and
achieved 95% accuracy using the Naive Bayes classifier. Similarly, in another study were
utilized two feature descriptor methods to classify 15 fruit types with a maximum accuracy
of 97% using MLP and KNN classifiers [22]. Ghazal et al. [23] compared the performance of
six supervised machine-learning techniques to classify fruit types based on visual features.
They combined Hue, Color-SIFT, Discrete Wavelet Transform, and Haralick features and
reported classification accuracies between 99% and 100% using back propagation neural
network, SVM, and KNN classifiers. In their study, ref. [24] employed color and texture
features to classify ten fruit types using an SVM classifier.

Researchers in [24] utilized HSV color space for thresholding and region of interest
extraction and extracted color features through hue and saturation. Texture features were
obtained by subjecting the luminance channel to three level discrete wavelet transform.
Their results showed that the SVM classifier achieved an accuracy of 95.3%. Moreover,
ref. [19] classified six fruit types: apple, banana, orange, pear, watermelon, and mango.
Using thresholding and morphological processing, they extracted features such as color,
area, centroid, zone, perimeter, size, and roundness, and out of five algorithms SVM
achieved the highest accuracy of 91.67%.

Similarly, [20] used color and texture features to identify fruit types. They employed a
KNN classifier, which achieved an accuracy of 96% to identify seasonal fruits and detect
rotten fruit among fresh ones. For detecting rotten fruit, they used the SVM classifier, which
achieved a performance of 98%.

A comparison showing the performance results of our proposed method and previous
studies discussed in the above paragraphs has been provided in Table 3.

Table 3. Comparison of performance of the proposed method with previously reported works.

Task Models and Accuracy References
Recognize fruits and vegetables KNN, 97.5% [39]
Classify six apple varieties SVM, 96% [40]
Apple grading ANN, 96% [41]
Automatic apple sorting Decision Tree, 73-96% [42]
Classify six apple varieties SVM, 95.27% [15]
Classify seven fruit types Naive Bayes, 95% [21]
Classify 15 fruit types MLP, 97% [22]
Classify fruit types NN, 99-100% [23]
Classify ten fruit types SVM, 95.3% [24]
Classify six fruit types SVM, 91.67% [19]
Identify fruit types KNN, 96% [20]
Detect rotten fruits SVM, 98% [20]
Classify ten apple varieties MLP, 98.62% Proposed Method

In our study, within the broader context of related studies, it can be inferred that the
effectiveness of the strategy applied, and the results, are promising with the application of
combined color moment and HOG features and a 10 Skfold technique. Comparatively, our
approach outperformed related results, likely due to the incorporation of color moments
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as an additional feature, which has been shown to enhance the classification accuracy of
apple varieties with increased classes.

According to the performance metrics (Table 2) of all models, MLP performed best,
with the highest values for accuracy (98.62%), precision (98.59%), recall (98.41%), and
F1-score (98.48%). MLP also has the highest AUC-ROC (99.99%) and AUC-PR (99.9%)
values among the four models, indicating excellent discrimination power. Cohen’s kappa
and MCC values are also high, indicating strong agreement between predicted and actual
classes. SVM has also performed well with accuracy (98.17%), precision (98.2%), recall
(97.97%), and Fl-score (98.07%). It also has a high AUC-ROC (99.85%) and AUC-PR
(98.89%), indicating good discrimination power and performing well across different
classification thresholds.

Similarly, Cohen’s kappa and MCC values are also high, as in MLP, signifying strong
agreement between predicted and actual classes. Relatively, RFC and KNN have lower
accuracy, precision, recall, and F1-score values compared to SVM and MLP, especially an
accuracy of 91.28% obtained by KNN is significantly different from all models. However,
they still have good discrimination power, as indicated by their high AUC-ROC and AUC-
PR values. Cohen’s kappa and MCC values are also above 90%, indicating strong agreement
between predicted and actual classes. Based on the provided performance metrics, MLP
and SVM appear to be the best-performing models for this dataset, showing that HOG and
color moment can be successfully applied to train ML models and classify apple varieties.

5. Conclusions

Varieties and types of fruit classification are significant parts of the food industry.
Image processing and machine learning have been widely used in classifying apple vari-
eties. Our approach demonstrated the potential of ML models for accurate and efficient
classification of ten apple varieties trained by combining HOG and color moments features.
During the training, Skfold was applied because the data distribution across classes was not
proportional. Moreover, a GridSearch approach was utilized to fine-tune hyperparameters
to obtain the best parameters of every machine learning model trained.

The trained models SVM, RFC, MLP, and KNN were tested with separate test data and
performed well, having an accuracy of 98.17%, 96.67%, 98.62%, and 91.28%, respectively.
The study demonstrated the importance of ML-based models for quality control and
monitoring of apple production and could lead to improvements in the apple industry.
However, future research is required to adequality explore several other image features
and the effect of combined features and different classifiers while increasing the number of
varieties to be classified. Moreover, applying deep learning, which can potentially enhance
the accuracy and efficiency of apple varieties classification, needs to be investigated.
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