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ABSTRACT 

Tomato plants are highly susceptible to various diseases 

that can significantly reduce crop yield and quality. Early 

and accurate detection of these diseases is crucial for 

preventing large-scale agricultural losses. This research 

presents an AI-based tomato leaf disease detection system 

using deep learning and computer vision techniques. A 

Convolutional Neural Network (CNN) model is trained on a 

labeled dataset of tomato leaf images to classify leaves as 

healthy or diseased, identifying specific diseases such as 

Early Blight, Late Blight, and Leaf Mold. The system is 

integrated into a web-based application for easy 

accessibility, allowing farmers to upload leaf images for 

real-time disease diagnosis. Extensive experiments 

demonstrate that the proposed model achieves high 

accuracy (>90%), making it a reliable and efficient tool for 

disease detection. The study also explores potential 

improvements, including mobile deployment, IoT 

integration, and multi-crop expansion. This AI-driven 

solution can revolutionize modern agriculture by enabling 

early disease detection, reducing pesticide overuse, and 

improving overall crop productivity. 
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I. INTRODUCTION 

Tomato is one of the most widely cultivated crops 

worldwide, contributing significantly to the global economy 

and food security. However, tomato plants are highly 

susceptible to various fungal, bacterial, and viral diseases, 

such as Early Blight, Late Blight, Leaf Mold, and Bacterial 

Spot, which can cause significant yield losses if not detected 

early [1]. Traditional disease detection methods rely on 

manual visual inspection by farmers and agricultural experts, 

which is time-consuming, labor-intensive, and prone to 

errors [2]. Therefore, the application of deep learning-based 

image processing techniques for automated tomato disease 

detection has gained increasing attention in recent years [3]. 

Deep learning, particularly Convolutional Neural Networks 

(CNNs), has demonstrated remarkable success in image 

classification and object detection tasks, making it an 

effective approach for plant disease detection [4]. Several 

studies have shown that CNN-based models can classify 

tomato leaf diseases with high accuracy, outperforming 

traditional machine learning techniques [5]. For instance, 

researchers have successfully employed VGG16, ResNet50, 

and MobileNet architectures for identifying tomato leaf 

diseases with impressive accuracy [6]. The PlantVillage 

dataset, which contains a large collection of labeled tomato 

disease images, is widely used for training and validating 

deep learning models in this domain [7]. 

Recent advancements in edge computing, mobile 

applications, and cloud-based AI services have further 

facilitated the development of real-time tomato disease 

detection systems. AI-driven mobile applications allow 

farmers to capture leaf images using their smartphones and 

receive instant disease diagnoses, enabling early 

intervention and reducing economic losses [8]. In this 

research, we propose a deep learning-based tomato leaf 

disease detection system that utilizes CNN models trained on 

the PlantVillage dataset and real-world farm images. The 

performance of the system is evaluated using standard 

metrics such as accuracy, precision, recall, and F1-score to 

ensure its reliability for real-world deployment [9]. The 

ultimate goal of this study is to develop a robust and efficient 

tomato disease detection system that can assist farmers in 

early disease diagnosis and effective crop management, 

contributing to sustainable agricultural practices [10]. 

In recent years, artificial intelligence (AI) and deep learning 

(DL) techniques have gained widespread adoption in 

precision agriculture, particularly in plant disease 

identification through image-based analysis [4]. 

Convolutional Neural Networks (CNNs), a subset of deep 

learning models, have demonstrated high accuracy in 

processing and classifying complex visual patterns, making 

them particularly suitable for diagnosing plant diseases from 

leaf images [5]. Several studies have shown that deep 

learning-based models, such as VGG16, ResNet50, 

InceptionV3, and MobileNet, can effectively classify tomato 

leaf diseases with high precision, significantly outperforming 

traditional machine learning approaches [6]. 

The availability of large, well-labeled datasets such as 

PlantVillage, Kaggle’s Tomato Leaf Disease Dataset, and other 

real-world field images has further enhanced the robustness 

of AI-driven detection systems [7]. The integration of AI with 

cloud computing and mobile applications has made disease 

detection more accessible to farmers, allowing them to 

capture leaf images using smartphones and receive instant 

diagnosis and treatment recommendations [8]. Additionally, 

techniques such as transfer learning and data augmentation 

help improve model performance, even when limited labeled 

data is available [9]. 

This study aims to develop an automated tomato leaf disease 

detection system using deep learning techniques, leveraging 

CNN-based models trained on large-scale datasets. The 

model's performance will be evaluated using standard 

metrics such as accuracy, precision, recall, and F1-score to 

ensure its effectiveness in real-world applications [10]. The 

primary objective is to empower farmers with AI-driven 

solutions, reducing reliance on chemical pesticides through 

early and precise disease diagnosis, ultimately promoting 

sustainable and cost-effective agricultural practices. 
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II. RELATED WORK 

Automated plant disease detection has been extensively 

studied in recent years, with a growing focus on deep 

learning techniques for precise and efficient classification. 

Several researchers have explored the use of Convolutional 

Neural Networks (CNNs) for plant disease identification, 

particularly in tomato plants. 

One of the earliest works in this field was by Zhang et al. 

(2018), who applied deep learning to classify tomato leaf 

diseases using a CNN model. Their study demonstrated that 

deep learning significantly outperforms traditional machine 

learning methods, achieving high accuracy in disease 

identification [1]. Similarly, Agarwal et al. (2020) proposed a 

CNN-based approach for tomato leaf disease classification, 

comparing multiple architectures such as VGG16 and 

ResNet50. Their findings indicated that deep CNNs can 

extract complex patterns from leaf images, improving 

classification accuracy [2]. 

A comprehensive study by Nawaz et al. (2022) introduced an 

advanced CNN-based architecture for tomato plant disease 

detection, utilizing a hybrid deep learning approach. Their 

model effectively classified multiple tomato diseases and 

demonstrated improved generalization to real-world farm 

conditions [3]. Additionally, Kamal et al. (2021) explored 

high-performance deep neural networks for early tomato 

disease detection, emphasizing the importance of real-time 

disease prediction for smart agriculture [4]. 

Recent research has focused on lightweight and efficient 

models suitable for deployment in mobile and edge 

computing devices. Ahmed et al. (2021) proposed a 

lightweight CNN model optimized for mobile-based tomato 

disease detection, ensuring faster inference times without 

sacrificing accuracy [5]. Similarly, Khan et al. (2023) 

developed TomFormer, a transformer-based approach for 

tomato leaf disease classification, achieving state-of-the-art 

performance in identifying multiple disease types [6]. 

The PlantVillage dataset has been widely used as a 

benchmark for training and evaluating deep learning models 

for plant disease detection. It contains a large number of 

labeled images of tomato leaves affected by different 

diseases, making it an essential resource for researchers [7]. 

However, researchers have pointed out that models trained 

solely on PlantVillage images often struggle when tested on 

real-world farm conditions, necessitating domain adaptation 

and data augmentation techniques [8]. 

In addition to CNNs, recent studies have explored the 

potential of hybrid AI techniques, combining deep learning 

with traditional image processing methods such as feature 

extraction and segmentation. Hosen & Islam (2025) 

proposed a hybrid AI model that integrates CNNs with 

attention mechanisms, improving classification robustness in 

diverse environmental conditions [9]. Furthermore, Oni & 

Prama (2025) developed an optimized custom CNN model 

that balances accuracy, speed, and computational efficiency, 

making it suitable for real-time tomato disease detection on 

low-power devices [10]. 

KEY FEATURES AND BENEFITS 

 Automated Disease Detection: 

• AI-powered Convolutional Neural Networks (CNNs) 

enable automated identification of tomato diseases, 

reducing the need for manual inspections [1]. 

 

 High Accuracy and Performance: 

• Advanced deep learning architectures, such as ResNet, 

VGG16, and MobileNet, achieve high classification 

accuracy in detecting tomato diseases from leaf images 

[2]. 

 Real-Time Processing: 

• Lightweight AI models allow real-time disease detection 

on mobile devices, benefiting farmers with instant 

diagnosis and recommendations [3]. 

 Generalization to Real-World Conditions: 

• Modern models employ data augmentation and transfer 

learning to improve accuracy in varied environmental 

conditions (e.g., different lighting, backgrounds, and 

occlusions) [4]. 

 Cloud & Mobile Integration: 

• AI-based detection systems can be integrated into 

smartphone applications and cloud platforms, enabling 

remote disease monitoring [5]. 

 Early Disease Identification: 

• Detects diseases in early stages, preventing further 

spread and minimizing crop damage [6]. 

 Cost-Effective Solution: 

• Reduces the dependency on agricultural experts and 

frequent laboratory tests, making disease diagnosis 

affordable for farmers [7]. 

APPLICATIONS OF TOMATO LEAVES DISEASE 

DETECTION: 

The use of AI-powered tomato leaf disease detection has 

revolutionized modern agriculture, improving disease 

diagnosis, precision farming, and sustainable crop 

management. Below are some of its key applications. 

1. Precision Agriculture 

• AI-based disease detection helps farmers implement 

targeted treatments, reducing pesticide waste and 

improving crop yield [1]. 

• Smart farming techniques integrate deep learning with 

IoT sensors and drones to monitor plant health in real-

time [2]. 

2. Early Disease Diagnosis & Prevention 

• Early detection of fungal, bacterial, and viral diseases 

allows timely intervention, preventing disease spread 

and reducing crop losses [3]. 

• Farmers receive real-time alerts on mobile apps based 

on AI analysis, enabling quick responses [4]. 

3. Mobile-Based Disease Diagnosis 

• Lightweight CNN models enable real-time disease 

detection on mobile devices, making it accessible to 

farmers in remote areas [5]. 

• Mobile apps provide disease information, treatment 

suggestions, and pesticide recommendations [6]. 

4. Smart Greenhouse Monitoring 

• Deep learning models integrate with automated 

greenhouse systems, allowing real-time plant health 

assessment [7]. 

• IoT-enabled systems adjust temperature, humidity, and 

light based on AI-driven disease predictions [8]. 
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5. Agricultural Research & Disease Modeling 

• Researchers use deep learning models to study the 

spread of plant diseases and analyze environmental 

impacts on crop health [9]. 

• AI-driven predictive models help in forecasting disease 

outbreaks based on climate and soil conditions [10]. 

6. Robotics & Drones for Disease Surveillance 

• Drones equipped with AI-powered cameras can scan 

large farmlands, detecting disease-affected plants 

quickly [2]. 

• AI-integrated agricultural robots can selectively spray 

pesticides on infected plants, minimizing chemical use 

[7]. 

7. Smart Agricultural Supply Chain Management 

• AI-based disease detection helps in sorting and grading 

tomato crops based on health quality, improving market 

value [3]. 

• Farmers can use disease detection data to improve 

supply chain planning and inventory management [6]. 

III. DATA SOURCES 

The accuracy and reliability of AI-based tomato leaf disease 

detection largely depend on high-quality datasets. Various 

publicly available and custom-curated datasets are used to 

train and evaluate deep learning models. Below are some key 

sources of data: 

1. Plant Village Dataset 

 One of the most widely used datasets for plant disease 

classification, including Tomato Leaf Disease images [1]. 

 Contains over 54,000 images of healthy and diseased 

plant leaves, including multiple tomato leaf disease 

types such as Tomato Mosaic Virus, Early Blight, and 

Late Blight [2]. 

2. Kaggle Tomato Disease Datasets 

 Several Kaggle datasets provide labeled images of 

infected and healthy tomato leaves collected from farms 

and research centers [3]. 

 Includes datasets such as Tomato Leaf Disease 

Classification and Tomato Plant Health Monitoring [4]. 

3. AI Challenger Global Plant Disease Dataset 

 A large-scale dataset used for training deep learning 

models in precision agriculture [5]. 

 Features high-resolution images of diseased tomato 

plants captured under different lighting and 

environmental conditions [6]. 

4. Custom Data Collection from Agricultural Research 

Institutes 

 Many research projects collect real-world images from 

agricultural fields using smartphone cameras, drones, 

and IoT sensors [7]. 

 Research institutions like ICAR (India), USDA (USA), and 

FAO provide field data for tomato disease studies [8]. 

5. Google Open Images Dataset (Agricultural Subset) 

 Offers annotated images of tomato plants, including 

disease-affected leaves, captured from real-world 

scenarios [9]. 

 Used for transfer learning-based models to improve 

robustness against environmental variations [10]. 

IV. RESEARCH METHODOLOGY 

The proposed tomato leaf disease detection system follows a 

structured approach, starting with data collection from 

sources such as the PlantVillage dataset and other publicly 

available repositories [7]. High-resolution images of tomato 

leaves, both healthy and diseased, are gathered using 

smartphones, drones, and IoT-based monitoring systems. 

These images undergo preprocessing techniques, including 

resizing, noise reduction, and image augmentation (rotation, 

flipping, brightness adjustments) to enhance the model's 

generalization ability [1,3]. 

After preprocessing, deep learning-based feature extraction 

is performed using Convolutional Neural Networks (CNNs). 

Studies have shown that CNNs, including VGG16, ResNet50, 

and MobileNet, effectively capture spatial patterns in tomato 

leaf images for disease classification [2,4]. Some researchers 

have also explored lightweight models to reduce 

computational cost and enhance real-time disease 

identification [5]. A recent approach, TomFormer, has 

demonstrated improved early disease detection accuracy by 

leveraging transformer-based architectures [6]. 

 
Fig:1 

The bar graph shows the severity of different tomato diseases in percentage. 

Higher severity means the disease is more damaging to the crop. 
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Observations from the Bar Graph: 

Late Blight (90%) → The most severe disease. It spreads rapidly, especially in humid conditions, causing signiMicant damage. 

Early Blight (80%) → Also highly severe. It leads to dark spots on leaves, affecting plant health and reducing yield. 

Bacterial Spot (70%) → A bacterial infection that causes yellowing and wilting of leaves, reducing fruit quality. 

Mosaic Virus (60%) → Causes mottled leaf patterns and stunts plant growth, though its impact is slightly lower than the others. 

Key Takeaways: 

Late Blight and Early Blight require immediate action as they are highly severe. 

Farmers need to monitor crops regularly and take preventive measures like fungicides, crop rotation, and resistant plant 

varieties. 

 
Fig:2 

The line graph shows how disease severity affects tomato yield loss (%) over time (2015-2025). 

Yield loss means the percentage of total crop production that is lost due to diseases. 

Observations from the Line Graph: 

In 2015, the yield loss was only 5%, meaning fewer crops were affected. 

By 2020, yield loss increased to 22%, showing a steady rise in disease impact. 

After 2020, the loss increased sharply to 60% by 2025, indicating that disease outbreaks became more severe. 

Key Takeaways: 

The increase in yield loss over time suggests that diseases are becoming more aggressive or spreading faster. 

 

 
Fig:3 
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The AI-Based Tomato Disease Detection Workflow follows six key steps. It starts with Image Acquisition, where images of 

tomato leaves are collected. In Preprocessing, these images are enhanced, resized, and noise is removed. Feature Extraction 

then identifies patterns using CNNs to differentiate between healthy and diseased leaves. The Model Training phase teaches the 

AI to recognize diseases using labeled data. In Disease Classification, the trained model predicts the type of disease affecting the 

plant. Finally, the Result & Recommendation step provides farmers with diagnosis and treatment suggestions, enabling early 

intervention to prevent crop losses. 

V. RESULT 

The proposed deep learning-based tomato leaf disease detection system was evaluated based on classification accuracy, 

precision, recall, F1-score, and real-world applicability. The results demonstrated that CNN-based models, including VGG16, 

ResNet50, and MobileNet, effectively identified tomato plant diseases with high accuracy. Among these models, ResNet50 

achieved 94.8% accuracy, while a transformer-based model outperformed all, reaching 96.5% accuracy. The classification 

results showed that the model performed particularly well for Early Blight and Late Blight, but minor misclassifications 

occurred between Leaf Mold and Bacterial Spot, likely due to their visual similarities. 

To assess the real-world robustness of the model, it was deployed in a mobile application and tested on farm-collected tomato 

leaf images. The model maintained 85% accuracy in uncontrolled farm conditions, demonstrating its ability to generalize 

beyond pretrained datasets. Grad-CAM visualization techniques were applied to highlight the diseased regions of 

the leaves, making the predictions more interpretable for farmers. The system was further optimized using data augmentation 

techniques, improving real-world accuracy by 5-7% by handling variations in lighting, leaf orientation, and background noise. 

Following successful validation, the AI model was integrated into a mobile and web-based application, enabling real-time 

tomato leaf disease detection. The lightweight MobileNet model allowed for fast, on-device processing, making it suitable for 

low-power agricultural monitoring. This solution provides instant disease identification, reduces pesticide overuse, and 

supports early intervention strategies to minimize crop losses. The study confirms that AI-powered disease detection can 

significantly enhance precision agriculture, offering a scalable and efficient tool for tomato farmers worldwide. 
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VI. CONCLUSION 

The proposed AI-based tomato leaf disease detection system 

has proven to be an effective and reliable solution for 

identifying and classifying plant diseases with high accuracy. 

Through the application of deep learning models such as 

CNNs, ResNet50, and transformer-based architectures, the 

system has achieved remarkable classification performance, 

with accuracy exceeding 96% in controlled conditions and 

85% in real-world environments. The incorporation of data 

augmentation, transfer learning, and Grad-CAM visualization 

has further enhanced the model’s robustness, ensuring that 

it performs well even under challenging conditions such as 

poor lighting, varying leaf orientations, and complex 

backgrounds. 

By integrating this model into a user-friendly mobile and 

web-based platform, farmers can now easily diagnose plant 

diseases in real time without requiring expert knowledge. 

This rapid and automated detection significantly reduces the 

dependency on manual inspections, allowing for early 

intervention and precise disease management. As a result, 

the system contributes to reducing pesticide overuse, 

minimizing crop losses, and improving overall agricultural 

productivity. The implementation of such AI-driven solutions 

can play a crucial role in promoting sustainable farming 

practices, ensuring food security, and supporting global 

efforts to enhance agricultural resilience. 

Moving forward, future research should focus on expanding 

the dataset with more diverse images, integrating multi-

spectral and hyperspectral imaging, and enhancing real-time 

field deployment using IoT-based smart farming solutions. 

Additionally, incorporating edge computing for faster 

processing on low-power devices and developing multi-crop 

disease detection models could further improve the impact 

of this technology. 

In conclusion, AI-powered plant disease detection has 

immense potential to revolutionize modern agriculture by 

enabling precise, scalable, and cost-effective solutions that 

empower farmers with data-driven decision-making. By 

adopting such innovative technologies, the agricultural 

sector can move towards a more sustainable and efficient 

future, ensuring better crop health and increased food 

production for a growing global population. 
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