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ABSTRACT

Walnut is widely utilized across various industrial sectors such as food, pharmaceuticals, and cosmetics due to its
high nutritional value and numerous health benefits. Turkey is a major walnut producer, with many species both
locally and globally. However, these species exhibit a high degree of morphological similarity in terms of leaf shape
and color, making it difficult to distinguish between them through visual inspection alone. This challenge increases
the likelihood of errors in manual classification processes. Consequently, there is an increasing demand for Al-based
systems for accurate automatic classification of walnut leaves. This study utilizes a vision transformer (ViT)
approach, which, through its attention mechanism, enables more precise extraction of visual features than
conventional techniques. To evaluate the effectiveness of a ViT-based classification model, an open-source dataset
was utilized, consisting of walnut leaf images collected from trees located in the experimental orchard of the Yalova
Atatlrk Central Horticultural Research Institute. A total of 1668 leaf images of 17 different walnut species in this
dataset were used in the training and testing process of the ViT model. The model achieved 95.51% accuracy,
demonstrating superior performance in classifying walnut leaf images compared to other image classification
methods.

Keywords: Walnut leaf, classification, vision transformer.
OZET

Ceviz, yiiksek besin degeri ve insan sagligina yonelik ¢ok yonlii faydalari sayesinde, gida, ilag ve kozmetik gibi pek
¢ok endistriyel alanda yaygin olarak kullanilmaktadir. Tirkiye, hem yerel hem de kiresel olarak bir¢ok tiriin
bulundugu 6nemli bir ceviz iireticisidir. Ancak yaprak formu ve renk gibi morfolojik 6zellikler bakimindan ceviz
tirleri yiiksek diizeyde benzerliklere sahiptir. Bu durum, ceviz yapraklarinin insan goziiyle ayirt edilmesini
giiclestirmekte ve smiflandirma siireglerinde hata paymi artirmaktadir. Sonug olarak, ceviz yapraklariin dogru
otomatik siiflandirilmasi igin yapay zeka tabanli sistemlere olan talep giderek artmaktadir. Bu ¢alisma, dikkat
mekanizmasi sayesinde geleneksel tekniklere gore gorsel 6zelliklerin daha hassas bir sekilde ¢ikarilmasini saglayan
bir gorsel dontstiiriicii yaklasimi kullanmaktadir. Gorii doniistiiriicii (ViT) tabanli bir simiflandirma modelinin
basarisini test edebilmek amaciyla Yalova Atatlirck Bahge Kiiltiirleri Merkez Arastirma Enstitlisii Uygulama
Bahgesi’ndeki ceviz agaglarindan toplanarak olusturulan acik kaynakli bir veri kiimesi kullanilmistir. S6z konusu
veri kiimesindeki 17 farkli ceviz tiirine ait toplam 1668 yaprak goruntisi ViT modelinin egitim ve test surecinde
kullanilmistir. Model %95,51 dogruluk elde ederek, diger goriintli siniflandirma yontemlerine kiyasla ceviz yapragi
goriintiilerinin siniflandirilmasinda iistiin performans sergilemistir.

Anahtar Kelimeler: Ceviz yapragi, siniflandirma, gorii donistiiriicti.
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INTRODUCTION

Walnut (Juglans regia L.), a type of hard-shelled fruit, is native to a region that includes Turkey. Due to its high
nutritional value and diverse health benefits, it is widely utilized across various industrial sectors, including food,
pharmaceuticals, cosmetics, and natural dyes. Its Latin name translates to "the fruit of the gods," a designation also
used by the Romans, reflecting the historical significance of walnut cultivation in Turkey (Giiveng and Kazankaya,
2019). Given Turkey’s geographical and climatic conditions, temperate climate fruits such as walnut, hazelnut, and
almond are predominantly cultivated throughout the country. According to the study by Kadakoglu et al. (2022),
Turkey ranks second in global walnut production. Gulveng and Purlu (2022) emphasized that Turkey accounts for
5.20% of the world’s walnut production. However, the increasing population and the corresponding rise in domestic
consumption have led to a decline in self-sufficiency in walnut supply. Consequently, policies aimed at boosting
walnut production have gained importance in recent years, resulting in a significant increase in the number of walnut
trees.

Among the 18 walnut species whose characteristics have been identified within the Juglans genus, Juglans regia L.
has been recognized as the superior species in terms of fruit quality (Bayazit et al., 2016). Turkey is considered the
center of origin and genetic diversity for Juglans regia L., making it an important region for walnut cultivation. In
Turkey, walnut production has become widespread through the use of both local and imported cultivars. Local
cultivars are particularly preferred in certain regions due to their adaptability to specific ecological conditions, while
imported cultivars are favored by growers seeking higher yield and quality. The number of walnut cultivars grown
in Turkey, including both local and imported varieties, exceeds 30. Prominent local cultivars include Bilecik, Kaman,
Sebin, Yalova, Maras, Tokat, Sen, Siityemez, and Kaplan, whereas notable imported cultivars include Chandler,
Pedro, Fernor, Franquette, and Fernett (Akca et al., 2018). Due to the genetic diversity among these cultivars, the
leaves exhibit distinct morphological features. While there are clear differences in leaf morphology, anatomy, and
chemical composition among walnut species, some similar traits are also observed. This variation complicates the
visual identification and differentiation of walnut species.

Classifying walnut leaves is essential for enhancing agricultural yields, maintaining variety standards, and
minimizing economic risks in the industry. In practice, walnut growers usually have to wait approximately 4-5 years
after planting saplings for fruiting to begin (Kayaalp and Altinalan, 2023). This means that a tree's true variety can
only be confirmed after a long and costly maintenance period involving irrigation, fertilization, pruning, and disease
control. If the planted saplings are later found to be an undesired variety or a wild type, producers face substantial
financial damage and time loss, often requiring costly replacement or replanting. Therefore, the accurate
classification of walnut varieties at an early growth stage using leaf images, without the need to wait for fruit
formation, provides a practical and cost-effective solution. Since visually similar walnut varieties are difficult to
distinguish by the human eye, automated classification systems based on leaf images provide a faster and more
reliable alternative for both producers and the walnut production sector.

The classification of walnut leaves is particularly challenging due to the high degree of morphological similarity and
the variability in leaf structure caused by environmental factors. Even among individuals of the same species,
significant differences can be observed in characteristics such as leaf shape, margin structure, venation patterns, and
size. Furthermore, the morphological changes that occur during different developmental stages of the leaves add
further complexity to the classification process. These challenges make manual classification by experts both time-
consuming and prone to errors. Consequently, with the advancement of computer vision technologies, automated
classification methods have gained increasing attention. To achieve accurate and reliable classification of walnut
leaves, it has become essential to utilize modern techniques such as image processing, machine learning, and deep
learning.

Several studies have demonstrated the effectiveness of convolutional neural networks in capturing complex leaf
characteristics such as venation, margin structure, and texture patterns (Sazak et al., 2025; Cetiner, 2021; Lee et al.,
2017). Furthermore, various deep learning algorithms have been benchmarked for their performance in leaf
recognition tasks, revealing that CNN-based architectures outperform traditional feature engineering approaches
(Dogan and Tiirkoglu, 2018). Specific to walnut leaf classification, recent research has focused on leveraging CNNs
and optimization strategies to enhance recognition accuracy. For instance, CNN models trained on Landsat-8 remote
sensing imagery have been applied to classify walnut varieties based on spectral and morphological information (Wu
et al., 2024). Similarly, hybrid frameworks integrating CNN feature extraction with metaheuristic optimization
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methods, such as the whale optimization algorithm, have achieved promising results in identifying walnut classes
(Karadeniz et al., 2024). Karadeniz et al. (2023a), Karadeniz et al. (2023b), and Karadeniz et al. (2023c) have
explored customized deep architectures, including residual block-based CNNs and Grad-CAM-assisted models, to
improve feature interpretability and variety discrimination in walnut leaves. Collectively, these studies highlight the
growing role of deep learning and transfer learning approaches in addressing the challenges of fine-grained
classification in walnut leaves.

In this study, walnut leaves from 17 different classes, obtained from an open-source dataset collected at the Yalova
Atatlrk Central Horticultural Research Institute Application Garden, were classified. In the classification process,
the Vision Transformer (ViT) method—known for its notable success in the field of computer vision in recent years—
was employed, and its performance was compared with that of traditional image classification techniques. The results
indicate that ViT-based approaches provide high accuracy and strong generalization capability in plant leaf
classification tasks. In this context, the study not only highlights the potential of modern deep learning methods in
agricultural applications but also proposes an effective model for the classification of walnut species.

MATERIALS & METHODS

This section presents the characteristics of the dataset, the preprocessing steps, the Vision Transformer (ViT) model
architecture, and the evaluation metrics used to perform and evaluate the classification of walnut leaf images.

Vision Transformer

In this study, walnut leaf images are classified using the Vision Transformer model introduced by Dosovitskiy et al.
in 2020, and its classification performance is compared with state-of-the-art Convolutional Neural Network (CNN)
models. The Vision Transformer architecture employed for classifying walnut leaves is presented in Figure 1. The
Vision Transformer model segments each input image into a sequence of fixed-size patches, which are then linearly
embedded and processed using self-attention mechanisms. This approach enables the extraction of global contextual
features, offering an effective alternative to traditional convolution-based architectures in walnut leaf classification
tasks. The Vision Transformer (ViT) architecture used in this study consists of two main components: the backbone
and the head. The backbone consists of a multi-layer transformer encoder that processes image data in a non-
convolutional manner. The input size of the ViT model is 384 x 384 x 3. Each image is first divided into 16 x 16
non-overlapping patches. Each patch is flattened into a one-dimensional vector, and then it is mapped into a lower-
dimensional embedding space through a learnable linear projection layer. A learnable token is prepended to the patch
embedding sequence so that global image features can be aggregated for classification. To compensate for the
absence of CNN-like inductive biases, ViT incorporates spatial information into patch embeddings via positional
encodings.
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Figure 1. Vision Transformer Architecture




KSU Miihendislik Bilimleri Dergisi, 29(2), 2026 611 KSU J Eng Sci, 29(2), 2026
Arastirma Makalesi Research Article
A. A. Demir, G. Dursun Demir

Each encoder block within the Vision Transformer architecture integrates a multihead self-attention (MSA)
mechanism, sequentially followed by a position-wise multilayer perceptron (MLP). To facilitate stable training,
residual connections and layer normalization are implemented around both the MSA and MLP sublayers. The MSA
module enables the modeling of global dependencies across all image patch embeddings, whereas the MLP,
consisting of two fully connected layers with a GELU activation function, introduces non-linearity for refined feature
representation. This architectural design facilitates the effective learning of both localized and global visual patterns.

The output of the backbone, particularly the final state of the class token, is forwarded to the head component. The
head consists of a linear classification layer that maps the token’s encoded representation to logits corresponding to
the target classes. A softmax activation is then applied to produce normalized class probabilities, enabling multi-class
classification of walnut leaves. This architecture leverages the global receptive field and representational richness of
transformers to effectively model fine-grained visual distinctions in leaf classification.

In this study, a Vision Transformer model pre-trained on the 1000-class ImageNet-2012 dataset was employed and
fine-tuned using transfer learning to adapt it to the walnut leaf classification task. This approach aims to achieve high
classification accuracy with a limited amount of walnut leaf data by leveraging the model's capability to extract
general image features. The small-sized variant of the Vision Transformer with a patch size of 16 was utilized, and
the input resolution of the network was set to 384 x 384 x 3. The original classification head of the ViT was
substituted with a task-specific head designed to map the extracted feature representations to the prediction scores of
the walnut leaf classes. Consequently, the fully connected layer serving as the classification head maps the extracted
features to vectors of length 17, corresponding to the number of classes the network is trained to predict.
Subsequently, a softmax layer transforms these vectors into probability vectors.

In the study, the mini-batch size was set to 8, the number of epochs to 50, and the learning rate to 0.0001. The model
parameters were updated using the Adam optimization algorithm. In this work, a 5-fold cross-validation method was
used to evaluate the generalization ability and robustness of the proposed method.

Dataset

In this study, the walnut dataset developed by Karadeniz et al. (2018) was used. This dataset was developed through
the collection of sample images from walnut trees cultivated in the application garden of the Yalova Atatlirk
Horticultural Central Research Institute. In this study, analyses were conducted using high-resolution walnut leaf
images from 17 distinct classes in the dataset, each corresponding to a specific species. In this study, a total of 1668
images from the dataset were used, with each class containing a different number of walnut leaf images. The images
were collected under natural conditions to preserve the morphological and visual diversity of the leaves, thereby
enhancing the generalizability of subsequent classification models. Sample images representing each class are
illustrated in Figure 2. The number of images for each walnut species in the dataset is given in Table 1.

Bilecik Lara Chandler Fernette Mitland Fernor
Oguzlar77 Frenquette Pedro Hardley Sebin Howard
Kamanl Serr Kaplan86 Yalova3
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Figure 2. Examples Images of Walnut Species in the Dataset
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Table 1. Number of Images of Walnut Species in the Dataset
Class No. Walnut Species Image Count  Class No. Walnut Species Image Count

#1 Bilecik 96 #10 Hardley 95
#2 Lara 63 #11 Sebin 88
#3 Chandler 82 #12 Howard 85
#4 Fernette 89 #13 Sen 157
#5 Mitland 147 #14 Kamanl 98
#6 Fernor 104 #15 Serr 119
#7 Oguzlar77 59 #16 Kaplan86 84
#8 Frenquette 126 #17 Yalova3 99
#9 Pedro 77 Total Images 1668

Data Preparing

In order to evaluate the performance of the model, the dataset was divided into training and test subsets consisting of
80% and 20% of the images, respectively. The images in the dataset were resized to 384x384x3 to match the input
dimensions of the network for both training and testing purposes. In this study, no data augmentation techniques were
employed during the training process, as the objective was to evaluate the model's performance on the original dataset
without introducing additional variability.

Performance Metrics

To evaluate the effectiveness of the proposed method for classifying walnut leaves, commonly used image
classification metrics were used. In order to quantitatively assess the classification performance of the proposed
method, a confusion matrix was generated based on the classification results. The confusion matrix is the basis for
extracting key performance indicators such as False Positive (FP), False Negative (FN), True Positive (TP), and True
Negative (TN). These values form the basis for the calculation of various evaluation metrics such as Accuracy,
Precision, Recall, and F1-score, which together provide a thorough and quantitative assessment of the overall
performance of the model.

TP+ TN

= 1
Accuracy = 4o TN ¥ FP+ FN @)
Precision — —F (2)

recision = ———o
TP
- 3
Recall TPTFN 3)
Precision X Recall 2XTP
F1 — Score = 2 X (4)

Precision + Recall - 2XTP+ FN + FP

EXPERIMENTAL RESULTS

In this study, 17 different walnut species contained in a dataset of walnut leaf images were classified using the Vision
Transformer model. To evaluate the walnut leaf classification performance of the vision transformer model, the
dataset was handled in two ways. In the first approach, the dataset was split into training and test subsets containing
80% and 20% of the images, respectively. This dataset was used for the training and testing process of both the
proposed method and CNN-based models, which show strong performance in image classification tasks. The walnut
leaf classification performance of the ViT model and CNN models on the same dataset is summarized in Table 2. In
addition, the training loss and accuracy curve for the ViT model is shown in Figure 3. In the second approach, 5-fold
cross validation was performed to test the generalization performance of the proposed model, and the cross-validation
results are presented as a confusion chart in Figure 4, as shown below.
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Table 2. Classification Performance of the Methods for Walnut Leaf Classification

Methods Accuracy Precision Recall F1-Score
AlexNet (Krizhevsky et al., 2012) 77.84 77.17 75.93 75.77
DarkNet-53 (Redmon and Farhadi, 2018) 93.41 94.05 93.13 92.72
GoogleNet (Szegedy et al., 2015) 90.12 89.73 89.44 89.42
MobileNet-v2 (Sandler et al., 2018) 85.03 85.06 83.06 83.43
ResNet-50 (He et al., 2016) 91.02 90.96 89.91 89.98
ResNet-101 (He et al., 2016) 83.53 85.32 82.33 81.93
SqueezeNet (landola et al., 2016) 81.74 84.43 79.69 80.16
VGG-16 (Simonyan and Zisserman, 2014) 85.63 84.24 83.55 83.63
VGG-19 (Simonyan and Zisserman, 2014) 64.97 68.79 62.98 61.57
ViT (This study) 95.51 96.09 94.76 95.18

Based on the classification performance results presented in Table 2, the proposed Vision Transformer (ViT) model
outperformed all the convolutional neural network (CNN) architectures that were compared in terms of walnut leaf
classification. The ViT model achieved an accuracy of 95.51%, a precision of 96.09%, a recall of 94.76%, and an
F1-score of 95.18%, demonstrating its superior ability to correctly identify and generalize across walnut leaf classes.
Among the CNN-based methods, DarkNet-53 performed most similarly to ViT, achieving an accuracy of 93.41%
and an F1-score of 92.72%. This was followed by ResNet-50 and GoogleNet, which achieved F1-scores of 89.98%
and 89.42%, respectively. By contrast, AlexNet and VGG-19 yielded the poorest classification performance, with
VGG-19 achieving the lowest F1-score of 61.57%, highlighting its limited effectiveness for this task. These results
demonstrate the effectiveness of transformer-based architectures in capturing complex patterns and semantic features
in leaf image datasets, offering a significant improvement on traditional CNN models.

Figure 3 shows the training loss and accuracy curves of the ViT model throughout the training process. The blue line
represents training accuracy (left y-axis), and the orange line represents training loss (right y-axis).
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Figure 3. Training Loss and Accuracy Curves of the ViT Model

To evaluate the generalization capability and robustness of the proposed method, a 5-fold cross-validation procedure
was employed. In the 5-fold cross-validation method used in this study, the dataset is divided into 5 subsets with an
equal number of images. In each iteration, one subset is used as the test set, while the other four subsets are used in
the training process of the model. This process was repeated five times, so that each subset was used once as a test
set. The final performance evaluation was obtained by averaging the metrics obtained after 5 iterations. As a result
of the 5-fold cross-validation, the proposed model achieved an accuracy of 93.17%, a precision of 93.26%, a recall
of 92.13%, and an F1-score of 92.39%. To analyze the class-wise performance of the model over the entire dataset,
the prediction results obtained from each fold were aggregated and presented in the confusion matrix shown in Figure
4. As shown in the confusion chart, the majority of samples are correctly classified along the diagonal, indicating
high overall accuracy.
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Figure 4. Confusion Chart Obtained by the Model After 5-Fold Cross Validation

CONCLUSION & DISCUSSION

In this study, the Vision Transformer (ViT) model was employed to classify leaf images belonging to 17 different
walnut species. The model was trained and tested using an open-source dataset composed of 1668 walnut leaf images
collected from the application garden of the Yalova Atatiirk Horticultural Research Institute. The dataset was
randomly divided into training and testing subsets, and model performance was evaluated using standard metrics,
including accuracy, precision, recall, and F1-score.

The experimental results revealed that the ViT model achieved the highest classification performance, with an
accuracy of 95.51%, precision of 96.09%, recall of 94.76%, and an F1-score of 95.18%. These outcomes demonstrate
the model’s strong capability to accurately identify and generalize across various walnut leaf classes. The superior
performance of the ViT model can be attributed to its attention mechanism, which enables the effective extraction of
complex visual patterns and semantic details from leaf structures. Overall, the findings indicate that transformer-
based architectures provide a substantial improvement over conventional CNN models in walnut leaf classification
tasks.

Furthermore, a 5-fold cross-validation procedure was conducted to assess the generalization capacity and robustness
of the proposed model. The results of this analysis showed that the ViT model maintained consistent performance
across different data partitions. At the end of the cross-validation process, the model achieved an accuracy of 93.17%,
precision of 93.26%, recall of 92.13%, and an F1-score of 92.39%, confirming its strong generalization ability and
structural stability.
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In conclusion, this study demonstrates that the Vision Transformer architecture is a powerful and effective approach
for the classification of walnut leaf images. In future work, larger and more diverse datasets will be utilized to
comprehensively evaluate the scalability and adaptability of the proposed method. Furthermore, ViT-based
approaches that demonstrate superior classification performance compared to CNN-based models will be
comparatively evaluated against other transformer-based architectures in terms of classification performance.
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