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Abstract  

Plant diseases that can destructively harm 

agriculture are usually spotted with bare 

eyes, and this may consume a longer time 

leaving a chance of incorrect detection. 

Early detection can solve this problem and 

reduces the risk of decreasing plant 

production. Tomatoes are one of the most 

popular vegetables and can be found in 

every kitchen in various forms, no matter the 

cuisine. After potato and sweet potato, it is 

the third most widely produced crop. The 

second-largest tomato grower in the world is 

India. However, many diseases affect the 

quality and quantity of tomato crops. This 

article discusses a deeplearning-based 

strategy for crop disease detection. “Disease 

Detection for Tomato Leaf” aims to develop 

a deep learning model based on images. The 

project uses sequential model to leverage the 

customized Inception-V3 mode and 

Convolutional Neural Network. The project 

also utilizes data augmentation techniques to 

improve the model’s generalization 

capability. The model is implemented using 

TensorFlow and Kera’s libraries and trained 

on a dataset. The evaluation metric used to 

access the model’s performance including 

accuracy loss, validation accuracy and 

validation loss. The project demonstrates the 

effectiveness of deep learning in solving 

real-world problems, such as leaf disease 

classification and provides a useful tool for 

farmer’s and agricultural researchers to 

identify and control leaf infestations in their 

crops.  
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1. INTRODUCTION 

1.1 OVERVIEW  

Disease detection for tomato leaf using deep 

learning and Convolutional Neural 

Networks (CNN) with the Inception V3 

model is a modern approach to identify and 

classify diseases affecting tomato plants. 

Researchers have developed models based 

on CNNs to analyze images of tomato 

leaves, differentiating between healthy and 

diseased ones. These models are fine-tuned, 

making use of pre-trained architectures like 
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Inception V3, and trained on diverse datasets 

of tomato leaf images. By employing 

transfer learning, these models can 

accurately detect a variety of tomato leaf 

diseases. The application of deep learning in 

agriculture aids in early disease 

identification, allowing for timely 

intervention to prevent crop losses. Several 

studies and models, such as Tomato Leaf 

Disease Detection (ToLeD) , have 

contributed to the advancement of this 

technology, making it a valuable tool for 

sustainable agriculture.  

1.2 PROBLEM STATEMENT  

The agricultural industry faces a significant 

challenge in the timely and accurate 

detection of diseases in tomato plants. The 

health of tomato crops is vital for food 

production and economic stability, but 

diseases can lead to reduced yields and 

economic losses. Traditional manual 

methods of disease detection are time-

consuming and often lack precision. To 

address this issue, we aim to develop an 

automated system for the detection and 

classification of diseases in tomato leaves 

using state-of-the-art deep learning 

techniques, specifically Convolutional 

Neural Networks (CNNs) and the Inception 

V3 model. Our problem statement 

encompasses the following key aspects: 1. 

Disease Identification: The primary 

objective is to identify and classify diseases 

in tomato leaves, including a wide range of 

common diseases, to assist farmers in taking 

timely corrective measures. 2 2. 

Automation: The system should be 

automated, enabling quick and efficient 

disease detection. This automation reduces 

the reliance on manual inspections, making 

it more accessible to farmers and 

researchers. 3. Accuracy: The proposed 

system aims for a high level of accuracy in 

disease identification to ensure reliable 

results that can guide decision-making. 4. 

Generalization: The model should be 

capable of generalizing its learning from the 

dataset, making it adaptable to various 

environmental and geographical conditions. 

5. User-Friendly Interface: To ensure 

practicality, the system should have a user-

friendly interface for easy use by farmers, 

agronomists, and researchers. 6. Scalability: 

The system should be scalable, allowing for 

future improvements and the integration of 

new disease detection capabilities. In 

summary, our goal is to create an automated, 

accurate, and accessible solution for the 

detection and classification of diseases in 

tomato leaves using cutting-edge deep 

learning techniques, with a focus on CNN 

and the Inception V3 model.  
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1.3 METHODOLOGY  

1. Data Collection: Gather a diverse dataset 

of tomato leaf images, including healthy and 

diseased samples. Ensure that the dataset 

covers various diseases and environmental 

conditions. 2. Data Preprocessing: 

Preprocess the images by resizing, 

normalizing, and augmenting them to 

enhance model performance and maintain 

dataset consistency. 3. Model Selection: 

Choose the Inception V3 model, a pre-

trained deep learning architecture 

recognized for its effectiveness in image 

classification tasks. 3 4. Transfer Learning: 

Implement transfer learning by fine-tuning 

the Inception V3 model on the tomato leaf 

dataset. Transfer learning leverages the 

knowledge gained from broader image 

datasets to adapt the model to the specific 

task of disease detection in tomato leaves. 5. 

Model Training: Train the model using the 

preprocessed dataset. Optimize the model's 

parameters to accurately classify tomato leaf 

diseases. 6. Validation: Assess the model's 

performance by validating it with a separate 

dataset to ensure its generalization to new 

and unseen tomato leaf images. 7. Inference: 

Deploy the trained model for real-time or 

batch inference to identify and classify 

diseases in tomato leaves. This can be 

integrated into applications or systems for 

practical use. 8. Monitoring and 

Maintenance: Continuously monitor the 

model's performance and update it with new 

data as more images become available. 

Regular maintenance ensures the model's 

accuracy and relevance over time.  

1.4 APPLICATIONS  

1. Early Disease Detection: Deep learning 

models, including Inception V3, enable the 

early detection of diseases in tomato plants 

by analyzing leaf images. This early 

detection helps farmers take timely action to 

prevent further spread. 2. Precision 

Agriculture: Farmers and researchers can 

use deep learning-based systems to monitor 

and manage diseases with precision. This 

ensures the efficient use of resources such as 

pesticides and reduces environmental 

impact. 3. Remote Monitoring: Disease 

detection models can be integrated with 

remote sensing technologies, enabling 

remote monitoring of large agricultural 

fields. This is particularly useful for 

extensive tomato farming. 4. Crop Yield 

Enhancement: By identifying and addressing 

diseases promptly, these technologies 

contribute to higher crop yields and better-

quality tomatoes, which is vital for 4 the 

agriculture industry. 5. Educational Tools: 

These models serve as educational tools for 

farmers and agronomists, helping them 
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understand disease symptoms and detection 

methods more effectively. 6. Smart Farming: 

Disease detection systems can be integrated 

into smart farming solutions, providing real-

time alerts and recommendations to farmers 

via mobile applications. 

 

2. LITERATURE SURVEY 

 

2.1 REVIEW OF LITERATURE 

A literature survey for Disease Detection 

For Tomato Leaf involves reviewing 

relevant research papers, articles, and books 

on the topic to understand the current state 

of the field , identify key challenges, and 

explore recent advancements. Deep learning 

has emerged as a powerful tool for 

addressing challenges in the detection of 

plant diseases, particularly in the context of 

tomato leaf diseases. Various studies, such 

as the one presented in a chapter titled 

"Deep Learning Approach for Tomato Leaf 

Disease Detection" , showcase the 

effectiveness of deep learning techniques in 

this domain. Recent literature reviews 

emphasize the success of deep learning in 

identifying plant diseases, with a particular 

focus on tomato leaves . The use of open-

source algorithms, image segmentation, 

clustering , and advanced deep learning 

models contributes to the creation of 

accurate and reliable systems for detecting 

and monitoring tomato leaf diseases. 

Additionally, efforts are being made to 

address research gaps and guide further 

development in the application of tools for 

supporting the detection of tomato leaf 

diseases . Dheeb Al Bashish and team 

introduced a method combining K-means 

clustering for image segmentation and 

Artificial Neural Network (ANN) for 

recognizing and classifying leaf diseases. 

This approach exhibits high effectiveness in 

disease recognition, achieving notable 

accuracy. However, it comes with the 

drawback of requiring finer segmentation 

and feature extraction for optimal 

performance. Despite this limitation, the 

model proves to be a promising solution for 

accurate and efficient leaf disease 

identification, showcasing the potential of 

integrating clustering and neural network 

techniques in plant pathology. 

 

3 . SYSTEM DESIGN 

3. 1 SYSTEM ARCHITECTURE 
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Figure.1 System Architecture for Proposed 

System  

The system architecture for disease detection 

in tomato leaves using deep learning, CNN, 

and the Inception V3 model can be 

explained as follows: 

1. Input a Leaf Image of Tomato: 

 The process begins with capturing an image 

of a tomato leaf, which serves as the input to 

the system.  

2. Preprocess the Data: 

 Preprocessing is essential to prepare the 

input image for further analysis. This 

involves tasks such as resizing the image, 

normalizing pixel values, and removing 

noise.  

3. Feature Extraction:  

Feature extraction is a critical step where 

relevant features of the leaf image are 

identified. This may involve techniques like 

edge detection, color analysis, and texture 

extraction to capture unique characteristics 

of the leaf. 

 4. CNN Classification:  

The preprocessed image and extracted 

features are then fed into a Convolutional 

Neural Network (CNN) for classification. 

The CNN is trained to recognize patterns 

associated with different tomato leaf 

diseases.  

5. Database for Images:  

CNN may have access to a database of 

images containing examples of healthy and 

diseased tomato leaves. This database is 

used to train and fine-tune the CNN model.  

6. Training Images:  

The input image and relevant features are 

used as part of the training dataset, along 

with images from the database. CNN learns 

to distinguish between healthy and diseased 

leaves and predict the type of disease.  

7. Second CNN Classification:  

After initial classification, the system may 

use a second CNN classification to refine the 

results or identify additional characteristics 

of the disease. 14 

 8. Join at Feature Extraction:  

The feature extraction stage is common to 

both CNN classifiers, enabling them to share 

information and make more accurate 

predictions.  

9. Predict the Disease:  
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Based on the classification results from the 

CNN models, the system predicts the type of 

disease affecting the tomato leaf. 

      10. Predict Fertilizers and 

Techniques:  

Once the disease is identified, the system 

can suggest appropriate fertilizers and 

agricultural techniques to treat the specific 

disease. This recommendation is based on a 

knowledge base that links diseases to 

suitable treatments. Overall, this system 

architecture leverages deep learning, CNNs, 

and the Inception V3 model to accurately 

detect and diagnose diseases in tomato 

leaves, providing tailored solutions for 

disease management based on the diagnosis. 

CONVOLUTIONAL NEURAL 

NETWORKS(CNN)  

Convolutional Neural Networks (CNNs), 

also known as ConvNets, are a specialized 

class of deep learning neural networks 

designed primarily for processing and 

analyzing visual data, such as images and 

videos. They are highly effective in tasks 

like image classification, object detection, 

and feature extraction. Here's how CNNs 

work: 

1. Convolutional Layers:  

CNNs use convolutional layers to scan and 

filter input data. These layers consist of 

small filters (also called kernels) that slide 

across the input image. Each filter detects 

specific features like edges, corners, or 

textures. By applying multiple filters, CNNs 

can learn and represent various features 

within an image. 

2. Pooling Layers: 

 After convolutional layers, pooling layers 

are used to down sample and reduce the 

spatial dimensions of the feature maps 

produced by the convolutional layers. 

Common pooling methods include max-

pooling, which retains the maximum value 

in a 15 local region, and average-pooling, 

which calculates the average value. Pooling 

helps reduce the computational load and 

makes the network more robust to variations 

in input. 

3. Fully Connected Layers: 

 Following the convolutional and pooling 

layers, fully connected layers are used for 

making predictions or classifications. These 

layers are similar to traditional neural 

network layers and help combine the 

features learned from the previous layers to 

produce the final output. CNNs are known 

for their ability to automatically learn 

hierarchical representations of data. They 

can identify complex patterns and structures 

within images, which makes them powerful 

in various computer vision tasks. 

Additionally, CNNs can be used for both 
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supervised learning, where they are trained 

on labeled data for tasks like image 

classification, and unsupervised learning, 

such as feature extraction. CNN 

architectures can vary in complexity and 

depth, with many pre-designed architectures 

like VGG, ResNet, and Inception available 

for different tasks. CNNs have found 

applications in areas beyond computer 

vision, including natural language 

processing and speech recognition. By using 

layers of convolutions, pooling, and fully 

connected units, CNNs can efficiently 

process visual data, making them a 

fundamental technology in modern machine 

learning and artificial intelligence. 

4 . OUTPUT SCREENS 

 

Figure.2 Graph of Loss 

 It is a graphical representation of the 

training and validation loss curves, allowing 

to visually assess how well your model is 

learning from the training data and 

generalizing to unseen validation data. 

 

Figure.3 Graph of Accuracy 

 It is a graphical representation of the 

training and validation accuracy curves, 

allowing to visually assess how well your 

model is learning from the training data and 

generalizing to unseen validation data. 

 

Figure. 4 Home Page of Output Screen 

The home page offers a seamless image 

interaction and prediction experience. Users 

can effortlessly browse and select images 

from their device. Once an image is selected, 

our predictive algorithms generate top 

predictions. The chosen image and its 

predictions are prominently displayed on the 
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home page, providing users with immediate 

insights. 

 

Figure. 5  Searching a tomato Leaf Image  

This image depicts us about searching for a 

tomato leaf image for our desktop or 

capturing an image. 

 

Figure.6  Predicting Disease 

 The system outputs the predicted diseases 

along with confidence percentages, 

indicating the model's certainty about each 

prediction. The user receives valuable 

insights into the potential diseases affecting 

the tomato plant, aiding in timely and 

targeted intervention measures 

 

Figure.7  Select Disease 

 Users can select the specific disease 

affecting the tomato plant for detailed 

analysis. Users can choose from a range of 

identified diseases, each backed by robust 

algorithms that analyze leaf characteristics, 

patterns, and color variations. This user-

friendly feature enhances precision in 

disease identification and contributes to 

effective plant health management. 

 

Figure.8  Predicting Fertilizers and 

Techniques  

Using CNN (Convolutional Neural 

Networks), particularly Inception V3, 

predict the optimal fertilizers and 

agricultural techniques by analyzing crop 

images. These techniques help enhance crop 
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health, minimize fertilizer use, and improve 

overall agricultural sustainability 

4 . CONCLUSION 

Disease detection for tomato leaves has seen 

significant advancements through the use of 

highly accurate methods, such as image 

processing and deep learning algorithms, to 

identify various tomato leaf diseases, 

including early blight, bacterial spot, and 

more. These technologies enable the 

classification of diseases based on visual 

symptoms, aiding in early detection and 

precise diagnosis. While the identified 

studies primarily focus on detection 

techniques, they provide valuable insights 

into recognizing the diseases affecting 

tomato plants. To address the treatment 

aspect, specific information regarding 

fertilizers and techniques for curing these 

diseases may require further research or 

consultation with agricultural experts to 

ensure effective management of tomato leaf 

diseases. Therefore, accurate diagnosis is the 

first step in implementing targeted treatment 

strategies for tomato plants based on the 

identified diseases. The research and 

development in the field of tomato leaf 

disease detection using deep learning 

techniques, particularly Convolutional 

Neural Networks (CNN), have yielded 

significant advancements. Several studies 

have highlighted the potential of deep 

learning models in accurately identifying 

and classifying various diseases that affect 

tomato leaves. For instance, the utilization 

of state-of-the-art CNNs, transfer learning, 

and pre-trained models such as Inception V3 

has led to impressive results. These 

technologies offer the capability to diagnose 

tomato leaf diseases swiftly and effectively 

by analyzing leaf images, contributing to 

early disease detection and intervention. The 

success of these methods is a testament to 

the power of deep learning in addressing 

agricultural challenges and ensuring the 

health and yield of tomato plants. Continued 

research and innovation in this domain hold 

the potential to further enhance the accuracy 

and efficiency of disease detection systems 

for tomato leaves, benefiting the agricultural 

industry and food security. 

6 . FUTURE ENHANCEMENT 

Future enhancements for tomato leaf disease 

detection using deep learning and 

convolutional neural networks (CNN), as 

well as models like Inception V3, are 

essential for more accurate and efficient 

diagnosis. These advancements can include: 

1. Multi-Scale Detection: Developing 

models that can detect diseases at various 

stages, from early symptoms to advanced 

infections. This will allow for proactive 



Volume 14, Issue 01, Jan 2024 ISSN 2457-0362 Page 98 

 

   
 
 

measures to be taken by farmers. 2. Disease 

Severity Assessment: Enhancing the system 

to not only identify diseases but also assess 

the severity of the infection. This 

information can guide farmers in prioritizing 

treatments. 3. Localization and Mapping: 

Creating models that can not only detect 

diseases but also accurately locate affected 

areas on tomato leaves. This precise 

mapping can aid in targeted treatments and 

reduce resource wastage. 4. Crop Health 

Monitoring: Expanding the capabilities of 

the system to monitor the overall health of 

tomato plants, including factors like 

nutrition deficiencies and environmental 

stress. This holistic approach can improve 

crop management. 5. Transfer Learning with 

Diverse Datasets: Leveraging diverse 

datasets from different geographic locations 

and growing conditions to make the model 

more adaptable and globally relevant. 6. 

Mobile and IoT Integration: Creating user-

friendly mobile applications and integrating 

IoT sensors for easy data collection and 

analysis. This allows farmers to access the 

system on mobile devices and receive alerts 

when issues are detected. 
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