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ABSTRACT 
Diseases affecting tomato leaves represent a significant risk to 

agricultural yield and quality, making swift and accurate 

identification essential for sustainable farming and reducing 

reliance on herbicides. Traditional manual evaluation methods 

are labor-intensive, subject to bias, and more likely to be 

erroneous. Deep learning, particularly via transfer learning 

(TL), has revolutionized plant disease detection by providing 

automated and highly precise classification. This study 

introduces a TL based customized classification model that 

classifies tomato leaf diseases into four unique categories 

namely Early Blight, Late Blight, Yellow Curl Leaf Disease, 

and Healthy leaves. The model is developed utilizing a diverse 

collection of accurately labelled images of both healthy and 

diseased tomato leaves sourced from the Plant Village dataset, a 

renowned and high-caliber dataset available on Kaggle. To 

improve performance, data augmentation techniques (such as 

rotation, flipping, brightness, and contrast modifications) are 

utilized, enhancing robustness and reducing overfitting. The 

effectiveness of the model is evaluated using metrics like 

accuracy, precision, recall, F1-score, and confusion matrix 

analysis, illustrating its superior classification performance 

compared to conventional machine learning methods. The 

results shows that the customization done in the classification 

part of the popular deep learning-based architectures namely 

VGG16, VGG19, ResNet50, InceptionV3, AlexNet and DenseNet, for 

the classification of diseases achieves comparable accuracy. 

General Terms 
Transfer learning, Deep Learning 

Keywords 
Classification, Deep learning model, transfer learning, tomato 

leaf disease, plant village dataset 

1. INTRODUCTION 
One of the most popular fruits that people eat every day is the 

tomato. The global consumption rate of tomatoes is high since 

they are used in condiments like sauce, ketchup, and puree. The 

annual consumption of tomatoes in Europe, per-person, is quite 

large. Every year, each individual eats roughly 42 kg of 

tomatoes and more [1]. 

Around the world, tomatoes are one of the most frequently 

cultivated and economically important crops. Over 180 million 

tons of tomatoes are produced worldwide each year, according to 

the Food and Agriculture Organization (FAO). As a result, 

tomatoes are essential to both home and economies of many 

nations specifically in areas where agriculture contributes 

significantly to employment and GDP. 

It's essential to identify tomato leaf diseases early and accurately. 

It helps farmers act quickly to stop the spread of illness. Higher 

yields and higher-quality crops are guaranteed. 

It is difficult to understate the significance of early disease 

detection in agriculture. To stop the development of disease and 

reduce productivity losses, farmers can use smart crop rotations or 

accurate pesticide applications thanks to early detection. 

Additionally, by maintaining maximum crop yield, prompt disease 

identification is essential to minimizing financial losses and 

maintaining food security. The main goals of the paper [2] are to 

use transformer encoder blocks to accurately identify tomato leaf 

illnesses and to capture complex geographic relationships in leaf 

images. 

Fruit color, texture, and flavor are all changed as a result of the 

complex procedure of tomato ripening, which involves 

physiological and biochemical changes. The production and 

respiration of ethylene increases during ripening, just like in other 

citrus fruits [3]. The function of ripening genes, like those of many 

tomato genes, were typically found by forward genetics through 

the selection of individuals showing a ripening phenotype and the 

subsequent mapping of the genes causing these mutations by 

chance. 

On the other side, Deep learning, inspired by the human brain, is 

making waves in various fields, including computer vision, 

medical imaging, and agriculture. Recently, the use of 

Convolutional Neural Networks (CNNs) has surged, proving 

highly effective in diagnosing plant diseases. 

Fortunately, transfer learning can enhance the performance of 

neural networks with deep learning by avoiding complex data 

analysis and data-labelling efforts [4] [5].TL based methods are 

widely adopted and implemented in other medical domains also as 

mentioned in paper [6][7]. By using the classical deep learning 

architectures namely VGG16 [8], VGG19 [9], ResNet50 [10], 

InceptionV3 [11], AlexNet [12] and DenseNet [13] with modified 

classification base, this study aims to investigate the performances 

of these models in identifying plant leaf diseases. 
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Fig 1: CNN based approach for classification of tomato leaf disease 

2. LITERATURE REVIEW 
This paper tries to summarize the work done in the intended field 

in last 4-5 years. The review is focused on the type of types of 

plant species used, source of data collection, year of publication, 

name of algo. used, pre-processing techniques used, evaluation 

parameters and brief findings. The detailed literature study is 

shown in Table 1. 

3. METHODOLOGY 
To accomplish the objective of identifying plant leaf diseases, 

the diseases are grouped into four distinct classes. 

To accomplish the objective of identifying plant leaf diseases, the 

diseases are grouped into four distinct classes. The steps consist of 

collecting leaf images, preprocessing, and applying algorithms to 

classify the diseased leaves into one of the four predefined classes. 

The implemented method makes use of pre- processing of images, 

feature extraction, classification and performance evaluation. 

3.1 Dataset used 
The dataset [13] from Kaggle is used for the study purpose which 

is composed of 

 
Fig 2: Methodology adopted 

 

 
Fig 3: Modified classification base for disease classification 

information associated with exceptional diseases of various 

plants leaves along with the tomato leaves, inclusive of tomato 

early blight, tomato past due blight, tomato yellow leaf curl 

virus, tomato healthy and others. This study only focused on 

only the mentioned four classes for the work. The data 

examined is having 9857 images; each is having size 224˟224 

pixels, representing numerous varieties of tomato leaf diseases. 

3.2 Pre-processing 
A list of parameters which are used in making data ready for 

training and testing purposes can be exhaustive. This paper 

have used width_shift_range and height_shift_range having 

value 0.2, horizontal_flip & vertical_flip is kept true, 

rotation_range is set at 30.In the first dense layer of 

classification base the number of neuron unit are chosen to 32 
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with activation function ReLu.The dropout is kept at value 

0.5.In the second dense layer number of neuron unit are chosen 

to 4 with activation function Softmax.The learning rate is set at 

0.001. 

3.3 Data split for training and testing 
Typically, a dataset is divided into two or more subsets: a 

training set and a testing set, and sometimes a validation set. In 

the training set, 70% of the data, is used to train the deep model 

and for testing the proportion is set to 30%. It's vital that the 

data split is random and representative to avoid introducing 

biases and to ensure both sets reflect the overall data 

distribution. 

3.4 Proposed TL based method 
Deep learning, particularly via transfer learning (TL), has 

revolutionized plant disease detection by providing automated 

and highly precise classification. This study introduces a TL 

based customized classification model that classifies tomato 

leaf diseases into four unique categories namely Early Blight, 

Late Blight, Yellow Curl Leaf Disease, and Healthy leaves. 

This paper explores the performance of popular pre-trained 

models with adopted classification base. The pre-trained 

models which are experimented with new classification base 

are VGG16, VGG19, ResNet50, InceptionV3, AlexNet and 

DenseNet. 

3.5 Evaluation of result 
The performances of the models are evaluated with the help of 

accuracy and loss function. Also, the other crucial and 

important parameters considered are given below. The 

comparison chart is shown in the end. 

Accuracy(A)  =
TN +  TP

TP +  FP +  FN +  TN
 

Precision(P)  =
TP

TP +  FP
 

Recall(R)  =
TP

TP +  FN
 

F1 Score =
2 ∗  P ∗  R

P +  R
 

4. EXPERIMENT SETUP 

Google Colab provides an accessible and powerful experiment 

setup for deep learning, leveraging cloud-based Jupyter 

notebooks with free access to GPUs and TPUs. The 

experiments were conducted on the free GPU tier of this 

Google Colab. (Tesla T4, 16 GB VRAM). 

5. RESULTS AND DISCUSSION 
Comparing the results from the accuracy and loss curves, given 

below, for VGG16, ResNet50, InceptionV3, AlexNet, VGG19, 

and DenseNet models the following conclusion can be 

observed: 

Best Generalization/Performance: DenseNet appears to be 

the most robust, showing consistently high accuracy and low 

loss with minimal overfitting. VGG16, VGG19, and 

InceptionV3 also demonstrate strong validation performance. 

Training Stability: DenseNet exhibits the most stable training. 

ResNet50 shows the most instability, with significant 

fluctuations in both accuracy and loss. AlexNet also shows 

notable oscillations. 

Overfitting Tendencies: AlexNet shows a clearer gap between 

training and validation performance, indicating more 

overfitting. ResNet50's erratic behavior makes it hard to 

definitively classify as just overfitting, but it's not generalizing 

well. VGG16, VGG19, InceptionV3, and DenseNet generally 

generalize well, although InceptionV3 and VGG19 have some 

spikes in training metrics that could suggest minor overfitting 

at those points. 

In conclusion DenseNet appears to be the most effective model, 

followed closely by VGG16, VGG19, and InceptionV3. 

ResNet50 and AlexNet demonstrate more challenging training 

dynamics and less optimal generalization. However, these 

interpretations are drawn on limited training of the model. In 

the realistic sense the training must be exhaustive. On the basic 

level of training these results are significant and can be 

accepted. In future, the results van be evaluated on more 

realistic ground and with more models and epochs. Also, the 

models proposed is very specific to type of crop and related 

subset of disease classes. In future a more generous model can 

be developed which will be able to classify more diseases 

related to variety of crop leaves. 

 

Fig 4: Comparison of all model performances 
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Table 1: Literature review 

 

 

Paper 

Types of 

Plant 

Species 

Used 

 

Source of Data 

Collection 

 

Publi

catio 

n 

Year 

 

Name of 

Algo. Used 

 

Pre-processing 

Techniques 

Used 

 

Evaluation 

Parameters 

 

 

Findings/Results 

 

[14]. 

Apple, 

Potato, 

Tomato, 

Pepper 

 

Plant Village 

Dataset 

 

2024 

 

CNN based 

model 

Image 

Augmentation, 

Normalization 

Accuracy, 

Precision, 

Recall, F1- 

Score 

CNN achieved high 

accuracy in disease 

classification for different 

crops. 

 

[15]. 
Tomato, 

Corn, 

Wheat 

Kaggle (Open 

Access) 

 

2024 
ResNet-50, 

VGG16 

Image 

Augmentation, 

Scaling 

Accuracy, 

Sensitivity, 

Specificity 

ResNet-50 outperformed 

VGG16 in detecting crop 

diseases with high accuracy. 

 

[16]. 

Rice, 

Cotton, 

Maize, 

Wheat 

NM-AIST and 

the Tanzania 

Agricultural 

Research Institute 
(TARI) 

 

2024 

 

CNN based 

model 

Grayscale 

Conversion, 

Noise Removal 

F1-Score, 

Accuracy, 

Precision 

SVM performed well in 

distinguishing crop diseases 

with high precision. 

 

[17]. 
Paper, 

Tomato, 

Potato 

Real-time camera 

or mobile 

 

2023 

 

ResNet50 

Data 

Augmentation, 

Normalization 

F1-Score, 

AUC, ROC 

Curve 

CNN achieved superior 

results for plant disease 

prediction, with high recall. 

[18]. 
 

Rice 

 

Kaggle 

 

2024 
CNN based 

model 

Image 

Augmentation, 
Rescaling 

Precision, 

Recall, F1- 
Score 

Model achieved high 

accuracy with reduced 
misdetection. 

 

 

[19]. 

 

 

apple 

 

Plant Village 

Apple leaf Dataset 

 

 

2024 

 

Deep 

Learning 

based model 

Noise 

Reduction, 

Color 

Normalization 

 

Accuracy, 

Precision, 

Recall 

Deep learning models 

showed high accuracy and 

robustness for disease 

Classification. 

 

[20]. 

Soybean, 

Maize, 

Rice, 

Wheat 

 

Github 

 

2024 

Deep 

Learning 

based model 

Normalization, 

Data 

Augmentation 

Accuracy, 

AUC, F1- 
Score 

DNNs performed robustly in 

predicting and Detecting leaf 

diseases. 

 

[21]. 

Maize, 

Soybean, 

Rice, 

Wheat 

crop leaf Image 

Data 

 

2024 

Deep 

Learning 

based model 

Image 

Augmentation, 

Feature Scaling 

F1-Score, 

Accuracy, 

Precision 

CNN showed better results in 

terms of classification 

compared to SVM. 

 

[22]. 
 

Rice 

Fujian Institute of 

Subtropical 
Botany, Xiamen, 

China 

 

2020 
VGGNet, 

CNN 

Grayscale 

Conversion, 
Data 

Augmentation 

Precision, 

Recall, F1- 

Score 

InceptionV3 outperformed 

CNN in identifying tomato 

diseases. 

[23]. 
 

Tomato 

 

Roboflow 

 

2024 

Deep 

Learning 

based model 

Data 

Augmentation, 

Normalization 

Accuracy, 

Precision 

Deep Neural Networks 

showed high accuracy and 

reduced false positives. 

 

[24]. 
Corn, Rice, 

Rape 

 

AgriPest Dataset 

 

2024 
CNN based 

model 

Normalization, 

Feature 

Selection 

Accuracy, 

Precision, 

Recall 

CNN gave excellent 

Detection results for tomato, 

rice, and 
potato. 

[25]. 
 

Tomato 

 

Kaggle 

 

2024 
CNN based 

model 

Grayscale 

Conversion, 

Rescaling 

Accuracy, 

F1-Score, 

Sensitivity 

CNN achieved the best 

results for crop disease 

detection. 

[26]. Tomato Kaggle 2024 
CNN based 

model 

Data 

Augmentation, 
Image Scaling 

Accuracy, 

F1-Score, 
Precision 

CNN model performed well 

with minimal training 
time for rice diseases. 

[27]. 
Vegetables, 

Fruit 
Github 2024 

Deep 

Learning 
based model 

Data 

Augmentation, 
Image Scaling 

Accuracy, 

F1-Score, 
Precision 

DNN showed better 

detection rates for fungi 
diseases. 

 

[28]. 
 

Paddy crop 

 

Kaggle 

 

2024 

Convolutional 

Neural 

Network 
(CNN) 

Grayscale 

Conversion, 

Noise 
Reduction 

Precision, 

Recall, 

Accuracy 

SVM model performed well 

in detecting maize diseases 

with good 
precision. 
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[29]. 
Paper, 

Tomato, 
Potato 

Plant Village 

Dataset 
2024 

K-Nearest 

Neighbour 
(KNN) 

Feature Scaling, 

Augmentation 

Accuracy, 

F1-Score, 
Sensitivity 

KNN showed high accuracy 

in detecting 
multiple potato diseases. 

 

[30]. 
Soybean, 

Rice, 

Wheat 

 

BSDS500 

 

2024 
CNN based 

model 

Image 

Normalization, 

Feature 
Extraction 

Accuracy, 

F1-Score, 

Precision 

Evaluated performance of 

each method or combination 

against expert identified 

contours. 

 

[31]. 
 

Tomato 

 

Plant Village 

Dataset 

 

2024 

Vision 

Transformer, 

Inception V3 

 

Data 

Augmentation 

Accuracy, 

Precision, 

Recall 

A ViT-based models 

achieved 90.99% accuracy in 

identifying 10 tomato leaf 

diseases. 

 

 

 

[32]. 

 

 

 

Tomato 

 

 

 

Kaggle 

 

 

 

2024 

 

 

CapsNet, 

CNN 

 

 

Data 

Augmentation, 

Normalization 

 

 

Accuracy, 

F1-Score, 

Sensitivity 

96.39% accuracy in 

detecting 10 tomato leaf 

diseases, outperforming 

CNNs by effectively 

capturing spatial features 

like spot shape, color, and 

location. 

 

 

[33]. 

 

 

Tomato 

 

 

Plant Village 

Dataset 

 

 

 

2023 

 

 

CapsNet,, 

SVM, 

 

 

Data 

Augmentation, 

Normalization 

 

 

Accuracy, 

F1-Score, 

The CapsNet-SVM model 

achieved 93.41% accuracy in 

classifying tomato leaf 

diseases, outperforming 

existing methods through 

effective feature extraction 
and robust classification. 

 

 

[34]. 

 

 

Tomato 

 

 

Plant Village 

Dataset 

 

 

 

2024 

 

 

CapsNet, 

ResNet 

 

Noise 

Reduction, 

Feature 

Extraction 

 

Precision, 

Recall, 

Accuracy 

The SE-SK-CapResNet 

model achieved up to 

98.58% accuracy by 

combining CapsNet and 

enhanced ResNet for 
robust plant leaf disease 

classification. 

 

[35]. 
potato, 

grape, 

apple, corn 

Plant Village 

Dataset 

 

2023 
ACO CNN, 

SGD 

picture 

acquisition, 
image 

separation 

F1-Score, 

Accuracy, 

Precision 

The ACO-CNN model 

achieved high accuracy in 
classifying plant leaf 

diseases. 

 

[36]. 
 

corn 
laboratory in 

Hyderabad 

 

2024 
MobileNetV2 

model 

Data 

Augmentation, 

Normalization 

Precision, 

Recall, 

Sensitivity 

MobileNetV2 showed good 

generalization capability in 

corn disease detection. 

 

[37]. 

Black- 

papper, 
blueberry, 

corn, etc. 

 

PlantDoc Dataset 

 

2024 
ViT and 

ResNet50 

Image-Resizing, 

Noise 

Reduction 

Accuracy, 

Precision, 

Recall 

The PMF+FA method using 

Vision Transformers 

achieved 90.12% accuracy. 

[38]. 
 

Maize 
Plant Village 

Dataset 

 

2023 

 

CNN-RB 

Image 

Augmentation, 
Feature Scaling 

Accuracy, 

F1-Score, 
Sensitivity 

It Detect seed diseases for 

quality evaluation and 
disease control 

 

 

[39]. 

 

 

Wheat, 

Rice, 

Maize 

 

 

 

Kaggle 

 

 

 

2024 

 

 

HTP data + 

AI/ML 

 

 

Data 

Augmentation, 

Image Resizing 

 

 

Accuracy, 

Precision, 

Recall 

Integration of high- 

throughput phenotyping and 

AI enables precise, efficient 

crop trait analysis, 

accelerating crop 

improvement with reduced 
time and cost. 

[40]. 
Tomato, 

Potato, 
Corn 

PlantVillage 

Dataset 
2020 

FSL, 

InceptionV3 

Feature 

Extraction 

F1-Score, 

Sensitivity, 
Precision 

Outperforming traditional 

transfer learning methods 
on small datasets. 

 

[41]. 

Black- 

papper, 

blueberry, 
corn, etc 

 

Kaggle 

 

2024 

 

CNN, KNN 

Image Scaling, 

Feature 

Extraction 

Precision, 

F1-Score, 

Accuracy 

CNN showed superior 

classification ability for 

diseases. 

 

[42]. 
Soybean, 

Tomato, 

Potato 

Plant Village 

Dataset 

 

2024 
CNN based 

model 

Noise 

Reduction, 

Feature 
Extraction 

Precision, 

Recall, 

Accuracy 

CNN provided strong 

identification results for 

soybean diseases. 
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[43]. 

 

 

 

Sugarcane 

 

 

 

Plant Village 

 

 

 

2018 

 

 

 

CNN based 

model 

 

 

Data 

Augmentation, 

Image Pre- 

processing 

 

 

 

Precision, 

Recall, F1- 

Score 

The study highlights CNNs 

as a powerful deep learning 

approach for agricultural 

image analysis, with a case 

application in sugarcane and 

broader relevance across 

crop monitoring 
tasks. 

 

 

Fig 5: VGG16 training and accuracy curve 

 

Fig 6: VGG19 training and accuracy curve 

 

Fig 7: ResNet50 training and accuracy curve 

 

Fig 8: InceptionV3 training and accuracy curve 
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Fig 9: AlexNet training and accuracy curve 

 

Fig 10: DenseNet training and accuracy curve 
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