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Abstract

Tomato leaf diseases pose a serious threat to crop productivity and require accurate and efficient identification
methods. Traditional visual inspection is time-consuming and prone to human error, motivating the need for
automated image-based classification approaches. This study aims to evaluate the effectiveness of deep learning
models for tomato leaf disease classification by comparing a custom Convolutional Neural Network and a transfer
learning—based EfficientNet-BO model. An experimental methodology was employed using a publicly available
tomato leaf image dataset comprising nine disease classes and one healthy class. Images were preprocessed and
augmented before being used to train a custom CNN and an EfficientNet-BO model with a two-stage fine-tuning
strategy. Model performance was evaluated using accuracy, precision, recall, F1-score, confusion matrices, and
Receiver Operating Characteristic—Area Under Curve analysis. The experimental results demonstrate that the transfer
learning approach significantly outperformed the custom CNN, with EfficientNet-BO achieving the highest
classification accuracy of 95.73% and improved class separability across disease categories. This research contributes
to the field of Informatics and Computer Science by providing empirical evidence on the effectiveness of efficient
transfer learning architectures for agricultural image classification. The findings support the development of resource-
efficient artificial intelligence systems suitable for smart agriculture and edge-based deployment.
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1. INTRODUCTION

Tomato (Solanum lycopersicum) is one of the most important horticultural crops worldwide and
plays a vital role in food security, particularly in tropical and subtropical regions. However, tomato
cultivation is highly vulnerable to various leaf diseases, such as early blight, late blight, leaf mold,
septoria leaf spot, and viral infections, which can significantly reduce yield and crop quality if not
detected at an early stage [1], [2]. In practice, disease identification remains challenging, especially in
smallholder farming systems where access to plant pathology expertise is limited, often resulting in
delayed or inaccurate diagnosis[1], [3].

Traditional tomato leaf disease detection relies on manual visual inspection, which is time-
consuming, subjective, and highly dependent on expert experience [4]. These limitations have motivated
the adoption of automated disease detection approaches based on computer vision and artificial
intelligence, particularly deep learning techniques [1], [5]. Among these, Convolutional Neural
Networks (CNNs) have demonstrated strong capability in learning discriminative visual features related
to disease symptoms, including texture, color variation, and lesion patterns [[6], [ 7]. Nevertheless, CNN
models trained from scratch typically require large labeled datasets and substantial computational
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resources, making them prone to overfitting under class-imbalanced and data-limited agricultural
conditions [5], [7].

To overcome these challenges, transfer learning has become a widely adopted strategy in plant
disease classification research. By leveraging pretrained models trained on large-scale datasets such as
ImageNet, transfer learning improves feature extraction and generalization performance when applied
to domain-specific tasks with limited data [6], [7]. Recent studies consistently report that transfer
learning—based models outperform custom CNN architectures in tomato leaf disease classification,
achieving accuracies above 90% depending on the architecture and training strategy[8], [9], [10].

Lightweight architectures such as MobileNet and EfficientNet have attracted particular attention
due to their ability to balance classification accuracy and computational efficiency, making them suitable
for deployment in resource-constrained agricultural environments[9], [10]. EfficientNet, in particular,
employs a compound scaling strategy that optimizes network depth, width, and resolution
simultaneously, enabling improved performance under fixed computational budgets [11]. Despite
promising results, many existing studies focus on a single architecture or prioritize accuracy without
explicitly analyzing the trade-off between performance and efficiency, which is critical for real-world
applications [8], [12], [13].

Therefore, this study presents a systematic comparative analysis of deep learning models for
tomato leaf disease classification, including a custom CNN trained from scratch and a transfer learning—
based EfficientNet-BO model with a two-stage fine-tuning strategy. All models are evaluated using the
same dataset, preprocessing pipeline, and evaluation metrics to ensure a fair comparison. The findings
of this study aim to provide practical insights into selecting efficient deep learning architectures for
agricultural image classification and to support the development of scalable, resource-aware artificial
intelligence systems within the field of Informatics and Computer Science.

2. METHOD

2.1. Research Methodology

This study employs an experimental research methodology to evaluate and compare the
performance of deep learning models for tomato leaf disease classification. The overall research
workflow consists of dataset acquisition, data preprocessing, model development, training, evaluation,
and comparative analysis. The complete research methodology is illustrated in Figure 1.
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Figure 1. Research methodology for tomato leaf disease classification using CNN and transfer learning
models
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All experiments were conducted under identical experimental settings to ensure fairness,
reproducibility, and reliable performance comparison across models.

2.2. Dataset Description and Preparation

The dataset used in this study was obtained from the PlantVillage open-access repository [14],
which contains RGB images of tomato leaves captured under controlled imaging conditions with
uniform backgrounds. The dataset consists of ten classes, including nine disease categories and one
healthy class.All images were resized to 192 % 192 pixels. Pixel values were normalized to the range
[0,1] for the custom CNN and MobileNetV2 models, while EfficientNet-B0 applied its native ImageNet
preprocessing function to ensure compatibility with pretrained weights.

The dataset was divided into training (80%) and validation (20%) sets using stratified random
sampling to preserve class distribution. Data augmentation was applied only to the training set to
mitigate overfitting. The augmentation techniques included random rotation (£20°), horizontal flipping,
zooming (0.2), and brightness adjustment, following established practices in agricultural image
classification [15].

2.3. Model Architectures

2.3.1. Custom CNN Architecture

The custom convolutional neural network (CNN) was designed and trained from scratch as a
baseline model, following architectural principles commonly used in crop disease classification studies
[15], [16][17]. The architecture consists of stacked convolutional layers with Rectified Linear Unit
(ReLU) activation functions, max-pooling layers for spatial feature reduction, and fully connected layers
for multi-class classification.This model does not utilize pretrained weights and serves as a reference
for evaluating the effectiveness of transfer learning approaches. The architecture of the custom CNN
model is illustrated in Figure 2.

Input Image Convolutional Fully Connected Output
Tomato Leaf
(Toma ) Layers Layers Disease Classes
(Softmax)
o Healthy

o Early Blight
- o Late Blight
' Input Image Conv +ReLU + Pooling | | Dense Layers * Leaf Mold

(Tomato Leaf)
Figure 2. Architecture of the custom CNN model for tomato leaf disease classification

2.3.2. MobileNetV2 with Transfer Learning

MobileNetV2 was employed as a lightweight transfer learning model. A pretrained MobileNetV2
network trained on the ImageNet dataset was used as a feature extractor, while the original classification
head was replaced with task-specific fully connected layers. Only the top layers were fine-tuned to
maintain computational efficiency [8], [[13].The MobileNetV2 architecture is shown in Figure 3.
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Figure 3. MobileNetV2 architecture using transfer learning for tomato leaf disease classification.
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2.3.3. EfficientNet-B0 with Transfer Learning

EfficientNet-B0O was implemented as the primary transfer learning model due to its compound
scaling strategy that jointly optimizes network depth, width, and input resolution [11]. A pretrained
EfficientNet-B0 backbone was used as a feature extractor, and custom classification layers were added.
A two-stage fine-tuning strategy was applied:

1. Stage 1: All convolutional layers were frozen, and only the classification layers were trained for
20 epochs with a learning rate of 0.001.
2. Stage 2: The upper convolutional layers were unfrozen and fine-tuned for 30 epochs using a lower

learning rate of 0.0001 to adapt domain-specific features while reducing overfitting.
The EfficientNet-B0 architecture and fine-tuning strategy are illustrated in Figure 4.
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Figure 4. EfficientNet-B0 architecture using transfer learning for tomato leaf disease classification.

2.4. Training Configuration

All models were trained using categorical cross-entropy loss and optimized with the Adam
optimizer [16], which is widely adopted for multi-class image classification tasks due to its adaptive
learning capability. A batch size of 32 was consistently applied across all models to balance training
stability and computational efficiency.

The custom CNN model was trained from scratch using a fixed learning rate of 0.001 for 10
epochs. In contrast, EfficientNet-B0 employed a two-stage fine-tuning strategy. During the first stage,
the pretrained backbone was frozen and only the classification layers were trained for 10 epochs using
a learning rate of 0.001. In the second stage, the upper convolutional layers of the backbone were
unfrozen and fine-tuned for 10 epochs with a reduced learning rate of 0.0001 to enable task-specific
feature adaptation while minimizing overfitting.

To mitigate class imbalance, class weighting was applied during training, assigning higher
importance to minority classes. Early stopping based on validation loss was utilized to prevent
overfitting and ensure stable convergence of the training process

2.5. Evaluation Metrics

Model performance was evaluated using accuracy, precision, recall, and F1-score, defined as

follows:
TP+TN

A r = 1
COUTaCY = Tp IN+FP+FN (1
. . TP
Precision = 2)
TP+TN
TP
Recall = ——— 3)
TP+FN
2XPrecisionxRecall
F1l-score = — 4)
Precision+Recall

where TP, TN, FP, and FN denote true positives, true negatives, false positives, and false
negatives, respectively. Confusion matrices and ROC-AUC analysis were also used to evaluate class-
wise performance and classifier robustness [18].
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2.6. Comparative Analysis

The final stage of the study involves a comparative analysis of the evaluated models based on
classification performance and computational efficiency. This analysis aims to identify the most suitable
deep learning model for practical tomato leaf disease detection by considering both predictive accuracy
and model complexity.

3. RESULT

3.1. Dataset and Experimental Setup

The dataset used in this study consists of ten tomato leaf classes, comprising nine disease
categories and one healthy class, with a total of 16,271 images. The distribution of samples across
classes is summarized in Table 1. The dataset exhibits class imbalance, where Tomato Yellow Leaf Curl
Virus has the highest number of samples, while Tomato Mosaic Virus has the lowest.

Table 1. Dataset Distribution of Tomato Leaf Disease Images

No Class Number of Images
1 Bacterial spot 854
2 Early blight 1816
3 Late blight 951
4 Leaf Mold 1909
5 Septoria_leaf spot 1025
6 Spider mites 1083
7 Target Spot 1294
8 mosaic_virus 339
9 Yellow Leaf Curl Virus 4859
10 Healthy 1141

This class imbalance reflects realistic agricultural conditions and presents challenges for learning
minority disease patterns. All experiments were conducted under identical preprocessing and evaluation
settings to ensure fair and reproducible comparison across models.

3.2. Model Training and ROC-AUC Analysis

The Receiver Operating Characteristic-Area Under Curve (ROC-AUC) results for the custom
CNN model are presented in Figure 5. Several disease classes, such as Early blight and Septoria leaf
spot, exhibit moderate AUC values, indicating overlapping decision boundaries and limited
discriminative capability. This suggests that the CNN trained from scratch struggles to distinguish
diseases with similar visual symptoms, particularly under class-imbalanced conditions[5].
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Figure 5. ROC-AUC Curves of the Custom CNN Model
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Figure 6 illustrates the ROC-AUC curves obtained using the MobileNetV2 model. Compared to
the custom CNN, higher AUC values are observed across most disease classes, confirming improved
class separability due to transfer learning. Notably, dominant classes such as Tomato Yellow Leaf Curl
Virus demonstrate more stable ROC curves, indicating better generalization of pretrained feature
representations[9], [10].
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Figure 6. ROC—AUC Curves of the MobileNetV2 Model

The ROC-AUC curves of the EfficientNet-B0 model are shown in Figure 7. Most disease classes
exhibit near-perfect ROC curves, indicating excellent separability and robust decision boundaries. This
result demonstrates that EfficientNet-BO effectively captures multi-scale disease features through
compound scaling and task-specific fine-tuning, leading to superior classification performance.
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Figure 7. ROC-AUC Curves of the EfficientNet-B0O Model

Overall, the progressive improvement in ROC-AUC performance from the custom CNN to
MobileNetV2 and EfficientNet-B0 highlights the significant impact of transfer learning and advanced
network architectures on multi-class tomato leaf disease classification.

3.3. Confusion Matrix Analysis

The confusion matrix of the custom CNN model is presented in Figure 8. Misclassification
frequently occurs among visually similar disease categories, such as Early blight, Late blight, and
Septoria leaf spot, indicating limited high-level feature discrimination. This misclassification pattern
contributes to the lower overall accuracy of the baseline CNN model.
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Figure 8. Confusion matrix of the CNN model for tomato leaf disease classification.
Figure 9 shows the confusion matrix of the MobileNetV2 model. A clearer diagonal dominance

is observed compared to the custom CNN, confirming that transfer learning improves classification
robustness. Reduced confusion among most disease classes indicates enhanced feature representation
derived from pretrained ImageNet weights.
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Figure 9. Confusion matrix of the MobileNetV2 model for tomato leaf disease classification.

The confusion matrix of the EfficientNet-B0O model is illustrated in Figure 10. This model exhibits
the strongest diagonal dominance with minimal confusion across disease classes. Improved recall for
minority classes, such as Tomato Mosaic Virus, demonstrates the effectiveness of the two-stage fine-
tuning strategy in adapting pretrained features to domain-specific disease patterns.
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Figure 10. Confusion matrix of the EfficientNet-B0 model for tomato leaf disease classification

These confusion matrix results further validate the superiority of EfficientNet-BO in handling
class imbalance and visually similar disease categories.

3.4. Comparative Performance Analysis

3.4.1. Performance of the Custom CNN Model

Table 2 presents the detailed classification performance of the custom CNN model across ten
tomato leaf disease classes. The model achieved an overall accuracy of 85.60%, indicating moderate
performance in multi-class disease recognition. High F1-scores were obtained for Tomato Yellow Leaf
Curl Virus (0.96) and Healthy leaves (0.95), reflecting strong discriminative capability for visually
distinctive classes.

Table 2. Classification Report of the Custom CNN Model

No Class Precision Recall Fl-score Support
1 Bacterial spot 0.79 0.95 0.86 340
2 Early blight 0.58 0.61 0.59 160
3 Late blight 0.82 0.86 0.84 305
4 Leaf mold 0.78 0.69 0.73 152
5 Septoria leaf spot 0.87 0.58 0.70 283
6 Spider mites 0.63 0.98 0.77 268
7 Target spot 0.85 0.54 0.66 224
8 Tomato yellow leaf curl virus 0.95 0.98 0.96 857
9 Tomato mosaic virus 0.89 0.14 0.24 59
10 Healthy 1.00 0.90 0.95 254
Accuracy 0.83 2902
Macro Average 0.81 0.72 0.73 2902
Weighted Average 0.85 0.83 0.82 2902

However, the model exhibited notably low recall for Tomato Mosaic Virus (0.14) and Target Spot
(0.54). This limitation is primarily attributed to class imbalance and the visual similarity of these
diseases to other categories. The macro-average F1-score of 0.73 indicates uneven performance across
classes, while the weighted-average F1-score of 0.82 confirms that dominant classes strongly influence
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overall accuracy. These results suggest that the CNN trained from scratch has limited generalization
capability under imbalanced data conditions.

3.4.2. Performance of the MobileNetV2 Model

The classification report of the MobileNetV2 model is summarized in Table 3. The model
achieved an overall accuracy of 8§9.04%, representing a clear improvement over the baseline CNN. High
Fl-scores were observed for Tomato Yellow Leaf Curl Virus (0.98) and Healthy leaves (0.95),
demonstrating strong performance for dominant and visually distinct classes.

Table 3. Classification Report of the MobileNetV2 Model

No Class Precision Recall F1-score Support
1 Bacterial spot 0.88 0.90 0.89 340
2 Early blight 0.76 0.57 0.65 160
3 Late blight 0.89 0.86 0.88 305
4 Leaf mold 0.81 0.89 0.85 152
5 Septoria leaf spot 0.81 0.86 0.83 283
6 Spider mites 0.80 0.91 0.85 268
7 Target spot 0.86 0.71 0.78 224

The MobileNetV2 model showed balanced precision and recall across most disease categories, as
reflected by a macro-average Fl-score of 0.85. Nevertheless, lower recall for Early Blight (0.57)
indicates that certain disease patterns remain challenging due to visual overlap with other leaf diseases.
Overall, these results confirm that transfer learning with MobileNetV2 enhances feature representation
and generalization performance while maintaining computational efficiency.

3.4.3. Performance of the EfficientNet-B0 Model

Table 4 presents the classification performance of the EfficientNet-B0O model across all disease
classes. The model achieved the highest overall accuracy of 95.73%, outperforming both the custom
CNN and MobileNetV2 models. High precision, recall, and F1-score values were consistently observed
across nearly all disease categories, indicating robust generalization even under class-imbalanced
conditions

Table 4. Classification Report of the EfficientNet-BO Model

No Class Precision Recall Fl- Support
score

1 Bacterial spot 0.96 0.98 0.97 340
2 Early blight 0.89 0.84 0.86 160
3 Late blight 0.97 097 097 305
4 Leaf mold 0.97 0.95 0.96 152
5 Septoria leaf spot 0.97 0.94 095 283
6 Spider mites 0.92 0.96 0.94 268
7 Target spot 0.89 0.88  0.89 224
8 Tomato yellow leaf curl virus 0.99 1.00  0.99 857
9 Tomato mosaic virus 0.93 0.97 0.95 59
10 Healthy 0.98 097 098 254

EfficientNet-B0O demonstrated near-perfect classification for Tomato Yellow Leaf Curl Virus with
an Fl-score of 0.99, as well as excellent performance for Late Blight and Healthy classes, both
exceeding 0.97 Fl-score. Importantly, the model achieved substantially improved recall for minority
classes such as Tomato Mosaic Virus (0.97), highlighting the effectiveness of the two-stage fine-tuning
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strategy. The macro-average F1-score of 0.95 confirms uniform performance across classes, while the
weighted-average F1-score of 0.96 reflects strong overall classification reliability.

3.4.4. Overall Model Comparison

The overall performance comparison of all evaluated models is summarized in Table 5. The
custom CNN achieved an accuracy of 85.60%, serving as a baseline model with limited generalization
capability. MobileNetV2 improved performance to 89.04%, demonstrating the benefit of leveraging
pretrained ImageNet features.

Table 5. Comparative performance of deep learning models for tomato leaf disease classification

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%)
Custom CNN 85.60 86.91 85.60 85.50
MobileNetV2 89.04 88.99 89.04 88.98
EfficientNet-B0 (Fixed) 95.73 95.73 95.73 95.70

EfficientNet-B0O achieved the best overall performance with an accuracy of 95.73%, alongside
precision, recall, and Fl-score values exceeding 95%. This significant improvement confirms that
EfficientNet-BO0 is highly effective in capturing complex visual patterns associated with tomato leaf
diseases. The results indicate that efficient transfer learning architectures provide superior classification
performance compared to models trained from scratch, while remaining suitable for deployment in
resource-constrained agricultural environments.

4. DISCUSSIONS

The experimental results clearly demonstrate that model architecture and training strategy play a
critical role in tomato leaf disease classification performance. The custom CNN trained from scratch
achieved the lowest accuracy among the evaluated models, indicating limited generalization capability.
This limitation is primarily caused by the shallow architecture and the absence of pretrained feature
representations, which makes the model more susceptible to overfitting when trained on class-
imbalanced agricultural datasets. Similar observations have been reported in recent studies highlighting
overfitting issues in CNN-based plant disease recognition under limited data conditions [6][19].

Transfer learning—based models significantly outperformed the custom CNN, confirming
findings from recent comparative studies published between 2022 and 2024 [6], [15]. The MobileNetV2
model showed noticeable improvements in classification accuracy and confusion matrix consistency
compared to the baseline CNN. This improvement can be attributed to the use of pretrained ImageNet
features, which enable better low- and mid-level feature extraction even when training data are limited.
Previous studies have reported that MobileNet-based architectures typically achieve accuracy levels
between 88% and 93% on the PlantVillage tomato dataset, depending on preprocessing and training
configurations [8], [9]. The results obtained in this study are consistent with these findings.

EfficientNet-BO achieved the best overall performance, with an accuracy of 95.73%, which is
competitive with and in some cases superior to recent studies using the same PlantVillage tomato
dataset. Recent works published in 2023-2024 reported EfficientNet-based accuracies ranging from
approximately 93% to 95% for tomato leaf disease classification [8], [10], [20],[21]. The performance
improvement observed in this study can be attributed to the compound scaling strategy employed by
EfficientNet-B0, which jointly optimizes network depth, width, and input resolution. This design allows
the model to capture multi-scale disease features more effectively while maintaining parameter
efficiency.

In addition, the two-stage fine-tuning strategy applied in this study plays a crucial role in
enhancing classification performance. By first training only the classification layers and subsequently
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fine-tuning selected upper convolutional layers, the model is able to adapt pretrained representations to
domain-specific tomato leaf disease features. This strategy significantly improves recall for minority
classes such as Tomato mosaic virus, as observed in the confusion matrix analysis, and contributes to
improved macro-average performance under class-imbalanced conditions.

Although some studies report higher accuracy using deeper networks or ensemble-based
approaches, such methods typically involve increased computational complexity and higher inference
cost [15], [22]. In contrast, EfficientNet-BO offers a more balanced trade-off between accuracy and
efficiency. This balance is particularly important for real-world agricultural applications, where models
are often deployed on resource-constrained devices such as mobile phones or edge computing platforms.
Recent studies emphasize that lightweight and efficient deep learning models are better suited for edge-
based agricultural monitoring systems without sacrificing predictive performance [23], [24], [25], [26].

From the perspective of Informatics and Computer Science, this study provides empirical
evidence supporting the adoption of efficient transfer learning architectures for domain-specific image
classification tasks. The systematic comparison conducted under identical experimental conditions
contributes to a deeper understanding of the trade-off between model accuracy and computational
efficiency. These findings support the development of scalable, resource-aware artificial intelligence
systems and reinforce the role of efficient deep learning models in advancing smart agriculture and
precision farming applications [27],[28], [29].

5. CONCLUSION

This study conducted a comparative evaluation of a custom Convolutional Neural Network
(CNN) and several transfer learning—based models for plant disease classification. The experimental
results demonstrated that transfer learning approaches consistently outperformed the custom CNN, with
EfficientNet-BO achieving the highest accuracy of 95.73%. Further analysis using confusion matrices
and ROC-AUC curves confirmed that EfficientNet-BO provided superior class discrimination and
reduced misclassification across disease categories, indicating robust feature representation and
generalization capability. The findings discussed in this study reveal that the superior performance of
EfficientNet-BO0 is largely attributed to its efficient compound scaling strategy, which balances network
depth, width, and resolution. This design enables high classification accuracy while maintaining
relatively low computational complexity. Compared to other evaluated models, EfficientNet-BO offers
a favorable trade-off between accuracy and efficiency, making it well suited for practical deployment in
resource-constrained agricultural environments.

From the perspective of Informatics and Computer Science, this research contributes empirical
evidence on the effectiveness of efficient transfer learning architectures for image classification tasks
under limited data and computational resources. The results support the development of intelligent,
scalable, and resource-aware deep learning systems, particularly for edge-based artificial intelligence
applications in smart agriculture. This contribution is important for advancing applied Al solutions that
emphasize both performance and computational efficiency.

Future work may focus on extending this research by incorporating more advanced lightweight
architectures, such as hybrid CNN-Transformer models, and evaluating their performance on larger and
more diverse datasets. In addition, real-time deployment on edge devices and the integration of
explainable artificial intelligence (XAI) techniques could further enhance the applicability,
transparency, and trustworthiness of deep learning—based decision support systems in agriculture.
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