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Abstract

In many crops worldwide, including hazelnuts, the majority of stages in production and delivery to end-users are conducted
either manually or with machine equipment lacking the advancements brought by technology. Non-destructive, fast, and reli-
able methods, particularly deep learning algorithms, have emerged as prominent techniques for determining product quality
and classification in fruits, vegetables, and cereal products in recent years. This study aims to classify hazelnuts using deep
learning algorithms, thereby minimizing the labor, time, and cost expended during the sorting process. Hazelnut images
were obtained from Giresun, Ordu, and Van hazelnut varieties. The dataset consists of 1165 images of Giresun, 1324 images
of Ordu, and 1138 images of Van hazelnut varieties. The classification was performed using deep learning models such
as InceptionV3 and ResNet50. To combine the classification capabilities of the models, an InceptionV3 + ResNet50 data
fusion model was created using the data fusion method. In addition, feature reduction processes were conducted by adding
a convolutional layer to the data fusion model to decrease the number of features. The classification was conducted using a
total of 3627 images, resulting in a 100% classification accuracy. Furthermore, the classification times of all models were
analyzed. Based on these analyses, the 1024 reduced features data fusion model with 100% classification accuracy exhibited
the shortest classification time. This model was selected, and a mobile application was developed for easy on-field hazelnut
classification. The hazelnut classification performed using deep learning algorithms in the application will facilitate the work
of both non-experts and professionals in industrial and personal domains. Through these methods, patents for products and
devices developed for use in different industries can be obtained, thereby increasing the economic value added of our country.

Keywords Artificial intelligence - Computer vision - Convolutional neural networks - Deep learning - Hazelnut
classification
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Introduction

Hazelnut (Corylus avellana L.) is a widely popular product
worldwide. It is mentioned that the hazelnut plant, grown
along the Eastern Black Sea coasts, consists of more than
15 species [1]. In recent years, along with Turkey, which
is the leading global producer of hazelnuts, many coun-
tries have seen an increase in hazelnut production due to
advancements in agricultural techniques and the emer-
gence of new varieties [2, 3]

Since 2017, the global hazelnut production has reached
1 million tons. Turkey holds the first position in the world
hazelnut production with a share of 65.3%, followed by
Italy with 13.1%, Azerbaijan with 4.3%, and the United
States with 2.9%. When considering Turkey’s leading
position in hazelnut production, the yield obtained in Tur-
key is reported to be 154 kg/ha as of 2017. Hazelnuts have
a significant place among agricultural products in Turkey,
being the most exported and foreign currency-earning
agricultural commodity [4]. Turkey plays a significant role
in the market and pricing determinations by ensuring the
production of high-quality hazelnuts [5]. Therefore, Tur-
key continues to maintain its important role in the hazelnut
industry, preserving the significance it holds even in the
present day [6, 7].

Hazelnuts generate employment opportunities and
contribute to the effective utilization of resources. They
are utilized as raw materials, semi-finished products, and
finished products (such as hazelnut paste/spread) in vari-
ous industries. This utilization enhances the added value
of Turkey’s agricultural economy [8]. In addition to their
economic value, hazelnuts have applications as raw mate-
rials in the confectionery, chocolate, bakery, dairy [2],
cosmetic, and pharmaceutical industries [9].

In hazelnut production, it is important to cultivate high-
quality, uniform, and well-filled nuts that meet market
standards. Hazelnut size, shape, presence of defects, flavor,
as well as oil content, oil properties, and protein content
are essential factors in evaluating hazelnut varieties. Since
these characteristics are influenced by environmental and
cultural factors, the relationship between variety and qual-
ity becomes significant [2, 10]. These factors play a crucial
role in enabling producers to gain market recognition. In
Turkey, similar to many other crops, the majority of stages
in hazelnut production and reaching the end-user are car-
ried out either manually or with mechanical equipment
that lacks the innovations brought by technology [11].
Therefore, producers, consumers, and regulatory authori-
ties require new techniques and methods to determine the
geographical origin and authenticity of different products
[12]. Non-destructive, fast, and reliable methods have
become increasingly important in determining product
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quality or type. Deep learning algorithms have emerged
as a frequently used approach in recent years for fruit [13,
14], vegetable [15, 16], and cereal [17, 18] products.

Deep learning is one of the evolving research areas in
machine learning [19]. Deep learning, in general, consid-
ers two factors: the supervised or unsupervised learning of
nonlinear operations in multiple layers or stages.

Deep learning can be utilized for the automation of
quality control, production, and distribution processes in
the food industry. Food classification enables the catego-
rization of products based on their types, maturity lev-
els, quality, sizes, and other attributes. This allows for the
rapid and accurate classification of food products, facilitat-
ing early separation of unwanted or low-quality items and
enhancing the efficiency of production processes. Further-
more, food classification can improve quality control pro-
cesses in the food industry, contributing to the enhance-
ment of product quality. As a result, consumers can be
provided with higher quality and safer food products [20].
The aim of this article is to automatically and accurately
classify hazelnut varieties using their visual features. In
addition, the intention is to develop an application that
can be used in the field by utilizing the obtained classifi-
cation models. Accordingly, the procedures conducted in
this study are outlined below:

e InceptionV3 and ResNet50 models were used for image
classification.

e Data fusion was performed by combining the features
of InceptionV3 and ResNet50 models to increase clas-
sification accuracy and reduce computation time.

e The classification performance of models with different
feature numbers was compared by reducing the features
of the obtained data fusion model.

e The most efficient and successful classification model
that can perform classification in the shortest time was
used in the mobile application.

e The mobile application made the classification models
accessible to everyone.

The contributions of the study based on the conducted
procedures are as follows:

e [Increase in efficiency: Image processing techniques can
increase efficiency in hazelnut harvesting. Identifica-
tion of hazelnut varieties can accelerate and automate
the harvesting process, reducing time and labor costs.

e Quality control: The detection of hazelnut varieties
using image processing techniques can play a signifi-
cant role in quality control. Determining the quality
and homogeneity of hazelnut varieties can provide a
competitive advantage in export.
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e Disease detection: Image processing techniques can be
used to detect diseases in hazelnut trees. Early diagnosis
of hazelnut tree diseases can help prevent their spread.

e Automatic classification: Automatic classification of
hazelnut varieties using image processing techniques can
speed up the classification process and reduce human
errors.

e Data collection: Image processing techniques can pro-
vide hazelnut farmers with data collection and analysis
capabilities. This enables hazelnut farmers to make better
decisions and manage their products more efficiently.

e Precision agriculture: Image processing techniques
can enable precision agriculture practices in hazelnut
orchards. This allows for determining the needs of each
tree and intervening when necessary, increasing product
productivity and making agricultural activities more sus-
tainable.

The rest of the study is sectioned as follows. The second
section reviews other relevant studies in the literature. The
third section presents the creation of the dataset, the dataset
itself, the classification methods and architectures used in
the study, and performance evaluation methods. The experi-
mental results are presented in the fourth section, and the
discussion and conclusions are provided in the final section.

Related works

When the literature is examined, it can be observed that
hazelnut varieties have been classified in recent years using
deep learning methods, machine learning methods, and com-
puter vision. The following studies are provided below.

Sayinci et al. [21] aimed to compare the shape charac-
teristics of 17 different hazelnut varieties grown in Turkey
and differentiate them based on shape features using image
processing, particularly Elliptic Fourier analysis (EFA). The
study reported highly successful results in terms of shape
features among hazelnut varieties using EFA. Differences
between hazelnut types were extracted using principal com-
ponent analysis (PCA). They stated that the highest classifi-
cation result among the varieties was 93.9%.

Guvenc et al. [22] aimed to classify damaged, undamaged
(clean), and rotten hazelnut samples obtained through the
processing of in-shell hazelnuts using computer vision. They
captured images of the damaged, clean, and rotten in-shell
hazelnut samples and classified them using Support Vector
Machine-Radial Basis Function (SVM-RBF), Bayes, Artifi-
cial Neural Networks (ANN), Quadratic Discriminant Anal-
ysis (QDA), and Linear Discriminant Analysis (LDA). They
reported achieving the highest accuracy value of 93.57%
using Artificial Neural Networks (ANN).

Bayrakdar et al. [23] aimed to determine the type and
quality of in-shell hazelnuts using image processing tech-
niques based on the size and shape features of the hazelnut
shells. They used the area, geodesic diameter, and radius
of the largest circle inside the hazelnut from the obtained
images and classified the hazelnut quality and type with 84%
accuracy using ImageJ software.

Manfredi et al. [24] conducted a study on a portable
Fourier Transform Infrared (FTIR) spectrometer coupled
with multivariate statistical analysis for the classification of
hazelnut varieties. They used PCA followed by LDA and
Partial Least Squares Discriminant Analysis (PLS-DA) as
classification methods. They reported that the highest accu-
racy value was achieved with PLS-DA in the classification
results.

Giraudo et al. [25] utilized RGB image analysis for the
detection of defective hazelnuts. A total of 2000 images,
half of which depicted defective hazelnuts and the other half
depicted defect-free hazelnuts, were obtained. The images
were transformed into a signal matrix of size 2000 X 4900
for the development of multivariate classification models.
They employed PLS-DA as the classification model and
achieved approximately 97% accuracy in detecting defec-
tive hazelnuts.

Solak and Altinsik [26] aimed to classify hazelnut fruits
into small, medium, and large sizes using image processing
techniques and clustering methods. As a result of the study,
they mentioned that both mean-based and K-means cluster-
ing methods yielded classification results with a similarity
of 90% or higher.

Dheir et al. [27] proposed a model using a Convolutional
Neural Network (CNN) to classify 5 different types of nuts
(Peanuts, Almonds, Pecan, Hazelnut, and Chestnuts). They
reported achieving a classification accuracy of 98% in their
study.

Farhadi et al. [28] proposed a method for classifying
nuts as large/small, hollow, or damaged using audio signal
processing and artificial neural network techniques. They
designed a system that records the sound produced when
a nut collides with a steel disk using a microphone placed
beneath the disk. The extracted features from the recorded
sound signals were used as input to a neural network, achiev-
ing a classification success rate of 89.3% or higher.

Koc et al. [29] utilized DL4J (Deep Learning for Java)
and ensemble learning algorithms to classify three different
hazelnut varieties (Sivri, Kara, Tombul). The study reported
a classification accuracy of 95% for hazelnut varieties using
Gradient Boost and DL4J while achieving 100% accuracy
using the Random Forest (RF) algorithm.

Keles and Taner [30] aimed to classify 11 different
hazelnut varieties by determining physical, mechanical,
and optical properties along three main axes. They created
separate models for each axis. Through the use of ANN and
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Discriminant Analysis (DA) for classification, they achieved
success rates of 89.1% and above for different axes.

Taner et al. [31] proposed a new model using Convolu-
tional Neural Networks (CNN) to classify 17 different hazel-
nut varieties. They compared the results of the proposed
CNN model, named Lprttnrl, with four pre-trained CNN
models (VGG16, VGG19, ResNet50, and InceptionV3).
According to their findings, the proposed model achieved
an accuracy of 98.63%.

Ayvaz et al. [32] used a total of 280 hazelnut samples
belonging to seven different hazelnut varieties grown in
Turkey. These samples were collected in three physical
conditions: in-shell, shelled, and white interior of split
hazelnut kernels. They trained the collected spectra using
PLS-DA and Logistic Models. As a result, they mentioned

Table 1 Summary of studies found in the literature

that both PLS-DA and Logistic Models based on all NIR
spectra, with the preprocessing technique, were able to
correctly determine unknown hazelnut varieties with 100%
accuracy in all three physical conditions. Summary infor-
mation from relevant studies in the literature is presented
in Table 1.

Upon examining Table 1, it can be observed that the
datasets utilized in the referenced studies contain a smaller
number of data compared to the dataset employed in the
present study. Moreover, it is noteworthy that the stud-
ies did not incorporate data fusion techniques. Further-
more, the combination of data fusion and feature reduction
methods was not explored concurrently in the previous
studies. Consequently, this study distinguishes itself from
the existing literature by addressing these aforementioned
aspects.

No Class Datacount Method Accuracy (%) References
Material and methods
1 17 2040 EFA-LDA  6.7-83.2 [21]
2 3 900 YSA 93.57 [22] The implementation of deep learning methods in this
3 3 30 Image] 84 (23] research was conducted on the MATLAB platform. The
4 3 60 PLS- DA % [24] operational procedure of the study is illustrated in Fig. 1,
> 2 2000 PLS-DA =97 [25] depicting the flow model. Furthermore, comprehensive
6 3 150 Clustering 90 and above  [26] details regarding the original dataset and the theoretical
7 > 2868 CNN %8 [27] underpinnings of the employed system are provided. In
8 32400 MLP 89.3 and above [28] addition, a comprehensive exposition is given regarding
9 3 150 RF 100 (29] the methods, architectures, and other pertinent particu-
1017 310 CNN 98.63 (31] lars utilized in the classification of the original dataset, as
11 11 550 ANN and DA 89.1 and above [30] outlined below.
12 3 280 PLS-DA 100 [32]
DATA
procedes for aking o i e el s Reheess
NUTS MATERIAL FEATURE
BATASEL REDUCTION

Information about the images and
classes in the dataset is given.

CNN

Information about convolutional
neural networks and CNN
architectures used in the study are
given.

Fig. 1 Block diagram depicting the operational process of the study
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AND
METHODS

The procedures to reduce the
features of the data fusion model are
explained.

PERFORMANCE
EVALUATION

Information on performance
evaluations of classification models is
given.
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Data acquisition

In this study, images of Giresun, Ordu, and Van hazel-
nut varieties were used. The hazelnut varieties used in
the study were obtained from their respective regions in
Turkey. Due to the unripe harvest time of these hazelnut
varieties in Turkey, a limited diversity of varieties was
ensured. The hazelnut images used in the study were
obtained using the image acquisition system set up as
shown in Fig. 2. To minimize variations such as angle,
resolution, lighting adjustment, and background shadows
in the generated images, a fixed lighting and camera sys-
tem were preferred. The hazelnuts placed inside the box
in an appropriate lighting environment were transferred to
the computer system via a camera, as depicted in Fig. 2.
This method not only saved time but also provided a cost-
effective solution.

Data Acquisition Process

Camera Computer Program

Data Acquisition
System

Lighting
System

Hazelnut

Fig. 2 Data acquisition process

Table 2 Information for

HAZELNUT
hazelnut dataset

VARIETIES

GIRESUN

Hazelnut dataset

The dataset consists of images of three different hazelnut
varieties (Giresun, Ordu, and Van) obtained from regions
where hazelnuts are grown in Turkey. The dataset con-
tains a total of 3627 hazelnut images, with 1165 images
for Giresun, 1324 images for Ordu, and 1138 images for
Van. The backgrounds of the images have been converted to
black. The images in this dataset have RGB color space, with
dimensions of 2000 x 2000 pixels, and are in *“jpg” format.
As shown in Table 2, the dataset has been divided into ran-
dom 80% training data and 20% testing data for each class,
which are used as input for the models.

Convolutional neural networks

There are numerous types of CNN architectures in the lit-
erature. These architectures are developed by taking inspira-
tion from the natural visual perception mechanisms of living
organisms [33]. CNN architectures extract features through
layers formed as a result of the given data inputs and learn
and classify based on these features [34]. In a general over-
view, CNN architectures consist of five layers: the convolu-
tional layer, pooling layer, activation layer, fully connected
layer, and softmax layer [35]. When looking at the historical
context, a multilayer artificial neural network called LeNet-5
was developed for classifying handwritten digits. This archi-
tecture has served as a precursor for many studies and has
paved the way for new methods in the field [36].

ResNet50

Residual Networks (ResNet), developed by He Kaiming
and his colleagues in 2013, is a structure with the highest

EXAMPLE NUMBER OF
IMAGES IMAGES
1165
1324
1138
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number of layers and consists of 152 layers in its initial
implementation. When compared to ResNet-152, ResNet-50
has a smaller layer architecture. It has been trained on over
one million images from the ImageNet database. ResNet-50
is a CNN and has a depth of 50 layers. It transfers the values
required to reach the outcome through predictions from one
layer to another. To improve the accuracy of these predic-
tions, a block structure has been preferred, which enhances
the quality of results generated within a network [37].

InceptionV3

In 2014, Szegedy and his colleagues proposed a new archi-
tecture called Inception based on the concept of “Goog-
LeNet” using the idea of poli depth. The aim was to increase
the efficiency of computational resources. Inception consists
of four sub-paths. Each convolutional layer and path have
different operation layers. These (1 X 1 convolutions, 3 X3
convolutions, 5 X 5 convolutions, and 3 X 3 max pooling) in
InceptionV3, despite having 42 layers, are deeper and com-
putationally more expensive compared to GoogLeNet, but
they are much more efficient [38].

Data fusion

Data fusion is used to combine data from different sources
to obtain more accurate results. This method is employed
in various fields such as military, medical, environmental,
agriculture, transportation, energy, security, nuclear, avia-
tion, and many more. Data fusion can be used to achieve
more accurate and comprehensive results by combining
data from multiple diverse sources. Therefore, data fusion
has become an important topic in areas such as data analyt-
ics, artificial intelligence, and machine learning. The data
fusion approach can provide higher success rates than results
obtained from a single data source. For example, in an image
processing application, instead of using only one data source
to classify an object, merging data from multiple sources
(e.g., different sensors) can lead to more accurate results.
This can improve the accuracy of object classification. The
data fusion method can be employed especially when work-
ing with large and complex datasets to obtain more precise
results by combining data from different sources. However,
if not properly implemented, the results of data fusion can
be misleading and lead to failures [39]. The main purpose
of reclassification by reducing the features obtained from
the data fusion method to a different number of features is
to increase the classification success and to have the speed
factor at the highest level necessary for using the models in
real-world problems. In order to find the optimum model, a
different number of features were used in the classification.
The number of features at the exit of both models is 2048.
In order to perform fusion in the data fusion method, the
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number of image features taken from the architectures must
be the same. In addition, the reason why these models are
preferred is that they are used continuously in the literature
and their classification speed is fast because they are not
very large models. While deciding on these models, many
models were analyzed and the selection of these models was
carried out in this way. In this study, the InceptionV3 and
ResNet50 models were merged using the data fusion method
and utilized in classification tasks.

CNN feature reduction

In CNN:ss, feature reduction is a type of feature extraction.
This process transforms the network into a smaller-sized fea-
ture vector, enhancing efficiency and enabling better results
by filtering out unnecessary information. Some benefits of
feature reduction in CNNss include:

Reducing computational load: Feature reduction reduces
the size of the network and decreases the computational
load. This allows the network to operate faster and requires
less processing power.

Preventing overfitting: A smaller-sized feature vector
allows the network to focus on fewer details and can prevent
overfitting. This helps the network to create a more general-
ized model and achieve better results.

Robustness to noise: Feature reduction makes the data
more resilient to noise. This enables the network to perform
better and produce more accurate results.

Dimensionality reduction: Feature reduction reduces the
dimensionality of the data, resulting in a smaller storage
requirement. This facilitates faster data loading and can lead
to lower storage costs.

Feature reduction is particularly beneficial when working
with large datasets. This method enables more efficient data
processing and improves the quality of results. The filter
size depends on how the network performs feature extrac-
tion. The filter size determines the dimensions of the matrix
where the filters are applied by sliding over the feature map.
A larger filter size will be applied to a wider area and require
fewer filters, while a smaller filter size will be applied to
a narrower area and require more filters. Changing the fil-
ter size in convolutional layers can also affect the number
of extracted features [20]. In this study, filter numbers 32,
64, 128, 256, and 512 were used to reduce the network’s
features.

Performance evaluations
Confusion matrix
Confusion matrix is a tool used to evaluate the performance

of classification models [40]. Classification models can
sometimes make incorrect predictions while trying to predict
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the classes of examples. The confusion matrix is a matrix
that visualizes the relationship between the true class and
the class predicted by the model [41]. The confusion matrix
represents the relationship between the true class and the
class predicted by the model in four fundamental categories:

True positive (TP): The true class is positive, and the
model also predicted it as positive.

False positive (FP): The true class is negative, but the
model predicted it as positive incorrectly.

True negative (TN): The true class is negative, and the
model correctly predicted it as negative.

False negative (FN): The true class is positive, but the
model predicted it as negative incorrectly.

The confusion matrix is used to evaluate the performance
of a classification model and calculate various performance
metrics [42]. Performance metrics such as precision, recall,
F1 score, and accuracy are calculated based on the TP, FP,
TN, and FN values in the confusion matrix [43]. A three-
class confusion matrix with its values is shown in Fig. 3.

Performance metrics

The basic performance metrics used for evaluating classifi-
cation performance with machine learning methods are as
follows:

Accuracy: Accuracy is a performance metric used to
measure the performance of a model in classification prob-
lems using machine learning methods. This metric meas-
ures the ratio of correctly classified samples by the model.
Accuracy is one of the fundamental performance metrics in
classification problems. However, this metric can be mis-
leading in some cases. For example, if the class distribution
in the dataset to be classified is imbalanced, the accuracy
performance metric can provide misleading results. In this
case, the model can classify every sample as the negative
class, resulting in a high accuracy value, while misclassify-
ing samples from the positive class would be a significant
error. Equation 1 shows the formula for accuracy [44].

Actual Class
Giresun Ordu Van
c T liciiasaaar pesanasan Actual Class
2 Class 1 Class 2
@ TP H - E——
O | P
» w 8 TP FP
[ e—— 0000 ea— N =
& g H -
©3: : 3]
s5h : -
2 °l i S5
o . S8 FN TN
o

Van

Fig.3 Three classed confusion matrix

Accuracy = (TP + TN)/(TP + TN + FP + FN) (1)

Precision: Precision is a performance metric used to
evaluate the performance of a model in classification prob-
lems using machine learning methods. This metric measures
the proportion of the samples that the model classifies as
positive that are actually positive. Precision is particularly
important in applications where the cost of false positives
is high. When the cost of false-positive predictions is low
and the cost of false-negative predictions is high, the preci-
sion performance metric can misleadingly give high results.
Therefore, the precision performance metric should be used
in conjunction with the recall performance metric. Recall
measures how well the model can correctly predict the pro-
portion of true positive examples out of the total positive
examples. When these two metrics are used together, it is
possible to measure the model’s success in finding true posi-
tives and the number of false-positive predictions. Equa-
tion 2 shows the formula for precision [13].

Precision = TP/(TP + FP) 2)

Recall: Recall is a performance metric used to evalu-
ate the performance of a model in classification problems
using machine learning methods. It measures how well the
model can correctly predict the proportion of true positive
examples out of the total positive examples [45]. Equation 3
shows the formula for recall.

Recall = TP/(TP + FN) 3)

F1I score: The F1 score metric is used to evaluate the
performance of a model in classification problems using
machine learning methods. This metric combines the meas-
urements of precision and recall obtaining a single perfor-
mance measure. Precision measures how well the model can
correctly predict the proportion of true positive examples out
of the total positive examples, while recall measures how
well the model can correctly predict the proportion of true
positive examples out of all the actual positive examples.
The F1 score combines these two measurements to obtain a
performance measure. To achieve the best result, both preci-
sion and recall should be high. The F1 score is particularly
useful in imbalanced classification problems where there is

Table 3 Parameters used in
model training

Parameter Value

Validation frequency 5

Max epochs 8
Mini batch size 11
Initial learn rate 0.0001
Solver sgdm
L2 regularization 0.0001

Execution environment GPU

@ Springer
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Fig.4 Flow chart of the operations performed in the study

Fig.5 .Confusion matrix of InceptionV3 ResNet50 Data
InceptionV3, ResNet50, and Fusion
data fusion models Actual Class Actual Class Actual Class
Giresun Ordu Van Giresun Ordu Van Giresun Ordu Van
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Table 4 P erformance metrics InceptionV3 ResNet50 Data fusion
of InceptionV3, ResNet50, and
data fusion models by class Precision Recall F1score Precision Recall Fl score Precision Recall F1 score
Giresun  0.9931 1 0.9915 1 0.9828 0.9913 1 1 1
Ordu 1 0.9849 0.9924 0.9851 1 0.9925 1 1 1
Van 1 1 1 1 1 1 1 1 1

a noticeable difference in the number of examples between  Table5 Inception V3, ResNet50, and data fusion models general per-
classes. In such cases, accurately classifying the minority ~ formance metrics

class examples is more important, and the F1 score is a InceptionV3  ResNet50  Data fusion
more suitable measure for evaluating performance, taking

this imbalance into account. The F1 score formula is shown ~ Accuracy 0.9945 0.9945 !
in Eq. 4 Misclassification rate 0.0055 0.0055 1
Macro F1 score 0.9946 0.9946 1
Weighted F1 score 0.9945 0.9945 1
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F1Score = 2  (Precision * Recall)/(Precision + Recall)
“

These performance metrics can be used in different ways
depending on the characteristics of the classification prob-
lem. For example, in a health diagnosis problem where pre-
cision is crucial, recall may be more important. In addition,
these performance metrics can be used to compare different
classification models.

The Macro F1 score is a metric where the F1 scores for
each class are calculated separately, and they have equal
weights across the classes. The F1 score is calculated for
each class, and then the arithmetic mean of these scores is
taken. The Macro F1 score evaluates the performance of
each class independently and is a metric to consider in the
case of class imbalance. On the other hand, the Weighted
F1 score calculates a weighted F1 score considering class
imbalance. The F1 score for each class is weighted based
on the proportion of samples in that class. This ensures
that larger classes have a greater impact in the case of class
imbalance. The Weighted F1 score is commonly used to
evaluate performance on datasets with class imbalance. In
summary, while the Macro F1 score gives equal weight to
all classes, the Weighted F1 score takes into account class
imbalance and performs weighting based on the classes [46].
The misclassification rate is used to measure how correct
or incorrect the predictions of the classification model are.
It is usually expressed as a percentage and is a measure of
how well or poorly the model is performing. A low rate of
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misclassification may mean that the model performs better,
while a high rate may indicate that the model is of lower
quality [47]. The misclassification rate formula is shown
in Eq. 5.

Misclassification rate = (FP + FN)/(TP + TN + FP + FN)
Q)

Experimental results

In this section, a series of data fusion methods based on
two different CNN architectures have been analyzed for the
classification of hazelnut varieties from hazelnut images.
The aim was to determine the optimal classification accu-
racy and classification time for the classification of images
and use them in practical applications. The models used
in the study were implemented in MATLAB 2021b envi-
ronment. The specifications of the computer used were
Intel® Core i7" 12700 K 3.61 GHz, NVIDIA GeForce
RTX 3080Ti, and 64 GB RAM. The parameters used in
the training of the models are given in Table 3. The dataset
was divided into training and testing sets with a ratio of
80% for training and 20% for testing. In datasets where the
number of data in the dataset is sufficient and the number
of classes is balanced, dividing at this rate is a frequently
used ratio to measure the success of the models. The flow-
chart of the operations performed in the study is shown
in Fig. 4.

128 256
features features
Actual Class Actual Class
Giresun Ordu Van Giresun Ordu Van
E E
@ 233 0 0 § 233 0 0
o o
13 14
4 4
o 3 o 3
s 2l 0 265 0 s 2L 0 265 0
5 ° 5 °
- —_— kS —_—
e c
K (1] 0 228 g 0 0 228
e | b |
512 1024

features
Actual Class

Ordu Van Giresun Ordu Van
c
3
0 0 g 233 0 0
9]
n
=
[3) 3
265 0 2 ¥ 0 265 0
o
=] |
s
c
0 228 g 0 0 228

@ Springer



106

European Food Research and Technology (2024) 250:97-110

@ Springer

Table 6 Performance metrics of Inceptionv3, ResNet50, and data fusion models by class

128 features 256 features 512 features 1024 features

64 features

Recall F1 score Precision Recall F1 score Precision Recall F1 score Precision Recall F1 score Precision Recall F1 score

Precision

1
1

Giresun
Ordu
Van

After the data acquisition processes, as seen in Fig. 4,
images were preprocessed to create a dataset with three
classes. The dataset consists of a total of 3627 images, with
1165 images from the Giresun class, 1324 images from
the Ordu class, and 1138 images from the Van class. In
the study, eight different classification processes were per-
formed. The data were classified using the InceptionV3 and
ResNet50 models. The data fusion method was employed to
combine the ability of InceptionV3 and ResNet50 models to
extract different features, aiming to obtain a more powerful
classification model. The features of the models were con-
catenated at the layer just before the final fully connected
layer. Each model extracts 2048 features from each image.
These concatenated features, resulting from the data fusion
method, were fed into the fully connected layer as input for
the classification process. The confusion matrices obtained
from InceptionV3, ResNet50, and data fusion models are
shown in Fig. 5.

According to Fig. 5, the InceptionV3 model misclassified
4 hazelnut images from the Ordu class as Giresun. On the
other hand, the ResNet50 model misclassified 4 hazelnut
images from the Giresun class as Ordu. However, the data
fusion model obtained by concatenating these two models
correctly classified all hazelnut images. The precision, recall,
and F1 Score performance metrics calculated based on the
confusion matrix data from Fig. 5 are shown in Table 4 for
the respective classes.

According to Table 4, the data fusion model achieved a
perfect score of 1 for all metrics. This is because it did not
misclassify any of the images. Similarly, both the Incep-
tionV3 and ResNet50 models achieved a score of 1 for the
performance metrics of the Van class. This is because the
images from the Van class were correctly classified without
any confusion with images from other classes. The accu-
racy, misclassification rate, macro F1 score, and Weighted
F1 score values for the InceptionV3, ResNet50, and data
fusion models are shown in Table 5.

According to Table 5, the data fusion model has higher
values compared to the InceptionV3 and ResNet50 models.
Concatenating the features of the two models has improved
the classification performance.

In this study, the reduction of features obtained through
data fusion was performed using a convolutional layer, batch
normalization layer, and max pooling layer. By reducing the
number of filters in the convolutional layer, different num-
bers of features were obtained. With 32 filters, the 2048 fea-
tures can be reduced to 64 features. The result obtained from
this is that twice the number of features can be obtained as
the number of filters. By setting the values of 32, 64, 128,
256, and 512 as parameters, 5 different classifications were
performed with 64, 128, 256, 512, and 1024 features. The
confusion matrices obtained from all classification processes
are given in Fig. 6.
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Table 7 InceptionV3,
ResNet50, and data fusion

64 features

128 features 256 features 512 features 1024 features

models general performance

C Accuracy
metrics

1
Misclassification rate 0
Macro F1 score 1

1

Weighted F1 score

—_ = O =
—__ O =
[ e
[ e

Table 8 Classification times of all models used in the study

Model Features Accuracy (%)  Classification time
InceptionV3 2048 features  99.45 116 min 17 s
ResNet50 2048 features  99.45 102 min 23 s
Data fusion 2048 features 100 120 min 38 s
Data fusion 64 features 100 93 min 33 s

128 features 100 93 min 49 s

256 features 100 115 min4 s

512 features 100 117 min 31 s

1024 features 100 119 min 26 s

According to Fig. 6, the classification results obtained
from reducing the features of the data fusion model using
a convolutional layer with different filter sizes for the 2048
features are the same. In the classifications performed with
64, 128, 256, 512, and 1024 features, all models have the
same classification accuracy and performance metrics.
Table 6 shows the performance metrics for the reduced
features data fusion models according to the classes, and
Table 6 shows the accuracy, misclassification rate, macro
F1 score, and weighted F1 score values for these models.
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According to Table 7, the classifications performed by
reducing the 2048 features of the data fusion model have
resulted in the same outcome for all cases. At first glance,
one might question why these models were run repeatedly.
However, for a detailed analysis of the models, classification
processes were conducted using all features. The classifica-
tion times and performance of all models used in the study
are provided in Table 8.

According to Table 8, all models except InceptionV3
and ResNet50 have achieved a classification success rate
of 100%. However, the classification times vary depend-
ing on the number of features used for classification. The
data fusion model has the highest classification time, while
the 64 reduced features data fusion model has the lowest
classification time. Fast operation of classification models
is essential for their use in mobile applications. Once the
optimal model is identified, it should be embedded within
the mobile application to perform the necessary operations.
Upon careful examination of all models, the 64 reduced
features data fusion model stands out as the most optimal
model. This model was selected and used for the mobile
application developed in the study.
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Fig. 7 The mobile application developed for the classification of hazelnuts: BULANUT
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Mobile applications are software programs that run on
smartphones, tablets, or other mobile devices. The main pur-
pose of mobile applications is to provide users with a spe-
cific functionality or service through their mobile devices.
Mobile applications are designed to enhance user experience
and functionality. The primary goals of mobile applications
are functionality, user experience, and efficiency. Due to
these advantages, a mobile application has been developed
in order to make the models in the study accessible to users.
The mobile application is named BULANUT. In the applica-
tion, users can classify hazelnut varieties using the BULA-
NUT application installed on their Android smartphones.
Figure 7 displays screenshots of the mobile application.

Conclusions

Hazelnut varieties generally have similar appearances, mak-
ing manual classification a difficult and time-consuming
task. In addition, the hazelnut industry is rapidly growing,
requiring more effective and efficient classification methods.
To address these problems, this study created a dataset con-
taining images of three different hazelnut varieties. Various
image classification methods were analyzed to classify the
images in the dataset. InceptionV3 and ResNet50 architec-
tures were used as the basis for hazelnut image classifica-
tion in this study. Classification processes were performed
using these models, and a data fusion model was created by
combining them to classify the images based on their 2048
features. Feature reduction layers were added to the Data
Fusion model to decrease classification time, and classifica-
tion processes were performed using the data fusion model
at five different feature sizes. The analysis of all classifica-
tions resulted in the highest classification accuracies being
achieved by models other than InceptionV3 and ResNet50.
100% classification accuracy was obtained from these mod-
els. The data fusion model based on 64 reduced features
had the lowest classification time. Therefore, this model was
selected for use in the mobile application. The developed
mobile application allows for the classification of hazelnut
images belonging to three different classes. As a result, the
feasibility of the proposed models and mobile applications
in the field has been established.

The proposed models and mobile applications can con-
tribute to the development of more effective classification
and quality control processes in the hazelnut industry. They
can also provide more information about the characteristics
and qualities of different hazelnut varieties and help improve
production processes. The identification of hazelnut varie-
ties enables faster and more automated harvesting processes,
reducing time, and labor costs. As a result, productivity can
be increased. The identification of hazelnut varieties can
play an important role in quality control. Determining the

@ Springer

quality and homogeneity of hazelnut varieties can provide
a competitive advantage in exports. These models can be
revised to be used in the detection of diseases in hazelnut
trees. Early diagnosis of hazelnut diseases can help prevent
the spread of diseases.

These methods can also provide hazelnut farmers with the
opportunity to collect and analyze data. As a result, hazelnut
farmers can make better decisions and manage their prod-
ucts more efficiently. It enables precision agriculture appli-
cations in hazelnut orchards, allowing the determination
of each tree’s needs and intervention when necessary. This
increases product efficiency and makes agricultural activities
more sustainable.

Data availability The dataset in this link can be used by citing the
source https://www.muratkoklu.com/datasets/Hazelnut_Images_Datas
et.zip.
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