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ABSTRACT

Tomato (Solanum lycopersicum) is one of the most widely cultivated and economically important vegetable crops
worldwide. However, tomato production is severely affected by various diseases that reduce yield and quality. Early and
accurate disease detection is essential for effective crop management, but traditional visual inspection methods are time-
consuming, subjective, and require expert knowledge. Recent advancements in artificial intelligence, particularly deep
learning and neural network techniques, have shown significant potential for automated plant disease detection using leaf
images. This study presents a comprehensive analysis of deep learning models for automated tomato plant disease
classification. Convolutional Neural Networks (CNNs) and pre-trained deep learning architectures were evaluated in terms
of classification accuracy, precision, recall, F1-score, and computational efficiency. Experimental results demonstrate that
deep learning models achieve high accuracy in identifying tomato leaf diseases, outperforming traditional machine learning
approaches. The study highlights the effectiveness of deep learning-based systems for real-time disease diagnosis and their
potential application in smart agriculture and precision farming..

Keywords: Tomato plant disease; Deep learning;, Convolutional Neural Network; Image classification; Precision
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INTRODUCTION
Agriculture plays a vital role in ensuring global food security, and tomato is one of the most extensively grown vegetable
crops due to its nutritional value and economic importance. Tomato plants are susceptible to several diseases such as early
blight, late blight, leaf mold, septoria leaf spot, bacterial spot, and viral infections. These diseases can lead to significant
yield losses if not detected and managed at an early stage.
Traditional disease diagnosis relies on manual observation by farmers or agricultural experts. This approach is often
inefficient, error-prone, and impractical for large-scale farming. Moreover, disease symptoms may appear similar at early
stages, making accurate identification difficult. Therefore, automated and intelligent disease detection systems are highly
desirable.
In recent years, deep learning techniques have revolutionized image classification tasks. Convolutional Neural Networks
(CNNs) have demonstrated remarkable performance in object detection and pattern recognition, including applications in
agricultural image analysis. Automated tomato disease classification using deep learning can support farmers by providing
rapid, accurate, and cost-effective disease diagnosis.
This study focuses on evaluating the performance and accuracy of deep learning models for tomato plant disease
classification using leaf images.
2. Tomato Plant Diseases: An Overview
Tomato plants are affected by a wide range of fungal, bacterial, and viral diseases.
2.1 Common Tomato Leaf Diseases

o Early Blight (Alternaria solani) — Characterized by dark concentric lesions on leaves

e Late Blight (Phytophthora infestans) — Causes water-soaked lesions and rapid leaf decay
o Leaf Mold (Fulvia fulva) — Yellow spots on upper leaf surface and mold growth underneath

e Septoria Leaf Spot (Septoria lycopersici) — Small circular spots with dark margins
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Bacterial Spot (Xanthomonas spp.) — Irregular dark lesions on leaves and fruits

Accurate identification of these diseases is critical for selecting appropriate control measures.

3. Related Work

Several studies have explored machine learning and deep learning techniques for plant disease detection. Traditional
approaches using handcrafted features such as color, texture, and shape combined with classifiers like Support Vector
Machines (SVM) and K-Nearest Neighbors (KNN) achieved moderate accuracy. However, these methods require extensive
feature engineering and are sensitive to variations in lighting and background.

Deep learning-based approaches automatically learn discriminative features from raw images, eliminating the need for
manual feature extraction. CNN-based models have been widely adopted for plant disease classification due to their
robustness and high accuracy.

4. Materials and Methods
4.1 Dataset Description
The tomato leaf images used for this study were obtained from a publicly available dataset containing healthy and diseased
tomato leaf images. The dataset includes multiple disease classes and healthy samples captured under controlled conditions.
4.2 Image Preprocessing
To improve model performance, the following preprocessing steps were applied:

e Image resizing to a fixed dimension

e Normalization of pixel values

e Data augmentation (rotation, flipping, scaling) to reduce overfitting

4.3 Deep Learning Models Used
4.3.1 Convolutional Neural Network (CNN)
A custom CNN architecture consisting of convolutional layers, pooling layers, and fully connected layers was designed for
feature extraction and classification.
4.3.2 Pre-trained Deep Learning Models
Transfer learning techniques were employed using pre-trained models such as:
e VGGI6

e ResNet50
e InceptionV3

These models were fine-tuned for tomato disease classification.
4.4 Performance Evaluation Metrics
The models were evaluated using the following metrics:

e Accuracy

e  Precision

e Recall

e Fl-score

e  Confusion matrix

5. Results and Discussion
5.1 Classification Accuracy

Table 1. Classification accuracy of deep learning models

Model Accuracy (%)

Custom CNN | 92.4

VGG16 95.1

ResNet50 96.8
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InceptionV3

96.2

The results indicate that pre-trained deep learning models outperform the custom CNN due to their deeper architectures and

richer feature representations.

5.2 Precision, Recall, and F1-Score

Table 2. Performance metrics of deep learning models

Model Precision | Recall | F1-score
CNN 091 0.92 0.91
VGG16 0.94 0.95 0.94
ResNet50 0.96 0.97 0.96
InceptionV3 | 0.95 0.96 0.95
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Figure 1 should be inserted here to illustrate the comparison of accuracy among different deep learning models.

5.3 Confusion Matrix Analysis

The confusion matrix revealed that most misclassifications occurred between visually similar disease classes such as early
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Figure 2 should be included here to show the confusion matrix of the best-performing model.
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5.4 Training and Validation Performance
Training and validation accuracy and loss curves demonstrated stable convergence with minimal overfitting.
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Figure 3. Training and validation accuracy Figure 4. Training and validation loss curves
curves of the deep learning model for of the deep learning model for tomato plant dis-
tomato plant disease classification. casec classification.

Figure 3 should be placed here to show training and validation accuracy curves.
Figure 4 should be placed here to show training and validation loss curves.

5.5 Computational Efficiency

Table 3. Model efficiency comparison

Model Training Time | Model Size
CNN Low Small
VGGI16 Moderate Large
ResNet50 High Medium
InceptionV3 | High Medium

Although deeper models require more computational resources, they deliver superior accuracy, making them suitable for
cloud-based or edge-assisted agricultural applications.

6. Applications in Precision Agriculture

Deep learning-based tomato disease detection systems can be integrated with:

e  Mobile applications for farmers
e  Drone-based crop monitoring
e  Smart greenhouse management systems

Such applications enable early disease diagnosis and timely intervention.
7. Challenges and Limitations
Despite promising results, challenges remain:

e  Variability in real-field conditions

e Limited availability of labeled datasets
e High computational requirements

Future research should focus on lightweight models for real-time deployment.
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8. Future Scope
Future work may include:
e Real-time disease detection using mobile devices

e Integration with loT-based agricultural systems
e  Multi-crop and multi-disease classification
e Explainable Al for better decision support

9. Conclusion

This study demonstrates that deep learning models, particularly CNN-based architectures and transfer learning models,
provide high accuracy and robustness in automated tomato plant disease classification. The results confirm that deep
learning-based systems significantly outperform traditional approaches and offer a reliable solution for early disease
diagnosis. Adoption of such intelligent systems can enhance crop productivity, reduce economic losses, and support
sustainable agriculture.
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