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Abstract: Tomato plants are highly susceptible to various leaf diseases that can significantly reduce crop yield and quality. 

Early and accurate detection of these diseases is crucial for timely intervention and effective disease management. In this 

research, we propose a Transfer Learning approach for multi-classification and detection of tomato plant leaf diseases using 

deep learning techniques. We leverage a pre-trained convolutional neural network (CNN) model, such as VGG or ResNet, 

and fine-tune it with a dataset of tomato plant leaf images. The dataset comprises diverse images of healthy tomato leaves 

and leaves affected by various common diseases. We demonstrate the effectiveness of the proposed approach in accurately 

classifying and detecting multiple types of tomato leaf diseases, including bacterial spot, early blight, late blight, and leaf 

mold. Through extensive experimentation and evaluation, we show that our Transfer Learning model achieves high accuracy 

and robust performance in identifying and distinguishing between different disease classes. We also discuss the model's 

transferability across different tomato plant varieties and its potential for real-time disease monitoring in agricultural 

settings. 

The results of this research indicate that the Transfer Learning approach can significantly enhance the efficiency and 

accuracy of tomato plant disease detection systems, offering a practical solution for farmers and agronomists to effectively 

manage and control plant diseases, thereby improving crop yield and ensuring food security. 

 

Keywords: Artificial Intelligence, Machine Learning, Leaf Disease, Deep Learning, Transfer Learning. Plant 
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1. Introduction  

 

Tomato plants are one of the most widely cultivated crops globally, playing a crucial role in the agricultural industry 

and food supply chain. However, they are vulnerable to various leaf diseases caused by pathogens such as fungi, 

bacteria, and viruses. These diseases can lead to substantial yield losses and significant economic impacts for 

farmers and the agricultural sector. Early and accurate detection of these diseases is imperative for implementing 

timely preventive measures and minimizing crop damage. Traditional methods of disease detection often rely on 

manual inspection by agricultural experts, which can be time-consuming and prone to human error. 
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In recent years, the application of deep learning techniques, especially Transfer Learning, has gained considerable 

attention in the field of agricultural science. Transfer Learning enables the utilization of knowledge gained from 

pre-trained models on large datasets to solve new, related tasks more efficiently. By leveraging Transfer Learning, 

researchers have developed robust and accurate models for the detection and classification of various plant 

diseases, including those affecting tomato plants. 

In this research paper, we present a comprehensive study on the application of a Transfer Learning approach for 

the multi-classification and detection of tomato plant leaf diseases. We investigate the feasibility and efficacy of 

using pre-trained convolutional neural network (CNN) models in combination with a dataset of tomato leaf images 

to accurately classify and identify common leaf diseases. The paper highlights the significance of Transfer 

Learning in addressing the challenges associated with early disease detection and the potential benefits it offers 

for sustainable agriculture and food production.Through detailed experimentation and analysis, we demonstrate 

the capability of our proposed model to distinguish between healthy tomato leaves and leaves affected by various 

diseases. We discuss the implications of our findings for the agricultural community, emphasizing the practical 

applications of our Transfer Learning approach in facilitating timely disease management and enhancing crop 

productivity. The results of our research contribute to the advancement of automated plant disease detection 

systems, offering a promising solution for sustainable farming practices and global food security. 

 

2. Literature Review  

 

In recent years, there has been a notable surge of interest in the application of deep learning techniques for autom

ated plant disease detection, particularly in the context of Transfer Learning. Previous research has demonstrated 

the efficacy of Transfer Learning in various domains, prompting its adoption in the field of agriculture. Notably, 

Cruz et al. (2017) demonstrated the successful utilization of Transfer Learning in the classification of crop diseas

es, paving the way for subsequent studies in plant pathology.  

The works of Mohanty et al. (2016) have been instrumental in showcasing the potential of pre-trained convolutio

nal neural network models, such as VGG and ResNet, in accurately identifying plant diseases from leaf images. T

heir findings highlighted the transferability of knowledge from large-scale datasets, leading to significant improv

ements in disease classification accuracy. Building on this foundation, Ferentinos (2018) emphasized the importa

nce of curated datasets in training deep learning models, underscoring the need for comprehensive and well-anno

tated image repositories to facilitate effective model generalization.   

Furthermore, the research conducted by Haussmann et al. (2019) shed light on the practical applications of Trans

fer Learning in agriculture, emphasizing its role in empowering farmers with timely and reliable disease diagnosi

s tools. Their work demonstrated the potential for integrating Transfer Learning models with mobile applications, 

enabling real-time disease monitoring and providing actionable insights for crop protection. Similarly, the studies 

by Islam et al. (2020) highlighted the benefits of combining remote sensing technologies with Transfer Learning 

algorithms, enabling the remote detection and tracking of crop diseases, including those affecting tomato plants.  

Overall, the existing literature underscores the significant strides made in leveraging Transfer Learning for the de

tection and management of tomato plant leaf diseases. By building upon these foundational studies, the current re

search aims to contribute to the ongoing advancements in agricultural technology, fostering sustainable farming p

ractices, and ensuring global food security.  
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3. Data Exploration and Pre-Processing 

In the following sub sections, we have given the detailed description of the dataset used in this study and the 

steps taken for pre-processing the data for training the network models.  

3.1. Dataset Description 

The plant village dataset used for this study is accessible to the general public. There are 16011 photos of tomato 

plant leaves in the dataset. Ten classes have been created from these 16011 photos. There are 1591 photos in 

category or class one, whereas the other nine classes are unhealthy. There are a total of 14420 photos for the 

following conditions: tomato mosaic virus, tomato leaf mold, tomato Septoria leaf spot, two-spotted spider mite, 

tomato target spot, tomato late blight, tomato bacterial spot, and tomato early blight.  Table 1 provides a description 

of the picture dataset along with the number of images in each class.  

Table 1: Plant Village Tomato Leaf Dataset Description 

Class Subclass Images Total Images 

Healthy Tomato healthy 1591 

Healthy Leaf= 1591 

Un-Healthy= 14420 

 

Total Leaf Images= 

16011 

Un-Healthy 

Tomato Target Spot 1404 

Tomato mosaic virus 372 

Tomato Yellow Leaf Curl Virus 3209 

Tomato Bacterial spot 2127 

Tomato Early blight 1000 

Tomato Late blight 1909 

Tomato Leaf Mold 952 

Tomato Septoria leaf spot 1771 

Two spotted spider mite 1676 
 

Figure 1 displays five randomly selected photos from four different classes.  There are five healthy tomato leaves 

in the top row, five leaves with bacterial spot disease in the second row, five early blight disease leaves in the third 

row, and five late disease leaves in the last row.  
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Figure 1: Randomly selected five images from four classes from Plant Village Tomato Leaf Dataset 

 

3.2. Dataset Standardization 

In order to standardize the input photos, an image generator is constructed. It will be applied to the photos to 

modify them so that the standard deviation becomes one and the mean pixel intensity becomes zero. An image's 

previous pixel values will be changed with new ones determined by applying the formula below. Each value in 

this formula will have its mean subtracted, and the result will be divided by the standard deviation. 

 

The following equation contains the formula.. 

 

𝑥𝑖 =
𝑥𝑖 − 𝜇

𝜎
 

A pixel intensity histogram of the findings before and after using this normalization formula is displayed below. 

Figure 2(a) illustrates how the pixel intensity ranges from 0.0 to 1.0. The mean and standard deviation in this 

instance will never be 0 and one, respectively. The aforementioned standardization formulation is performed to 

each pixel value in order to solve this issue, and the resulting values are then plotted on an intensity histogram 

(figure 2(b)). The computed intensity levels are represented by the pink color bars. The intensity mean and standard 

deviation are now 0 and one, respectively, as the second histogram illustrates. 

 

  
(a)                                                                             (b) 

Figure 2: Pixel Intensity distribution of leaf image (a) Before Standardization  

(b) After  Standardization 
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4. Experiment 

Five pre-trained models that have previously been trained on the ImageNet database for a thousand classes have 

been examined. These five models—binary, four, eight, and ten class—are utilized for classification. Five pre-

trained models were used, and four distinct classifications were carried out. The images utilized in various 

categorization studies are described in full in Figures 3(a), 3(b) and 4. 

            

(a)                                                                                          (b) 

Figure 3 (a) & (b): Two-Class and Four-Class classification experiment dataset description  

 

Figure 4: Eight-Class classification experiment dataset description  
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5. Result Analysis 

As previously noted, we employed five pre-trained models (VGG16, VGG 19, ResNet50, GoogLeNet, and 

AlexNet). The performance of each model is shown in the following table. In this study, tomato leaves were used 

in four separate experiments. Table 2 compares the effectiveness of five CNN models and four categorization 

strategies. The performance table indicates that while all models perform well, one or two produce results that are 

more accurate than the rest for various classification schemes. 

Table 2: Summery of tomato leaf classification model performance  

Classification Level Pre-Trained Model Accuracy 

Two-Class Classification 

(Binary Classification) 

VGG16 96.4 

VGG19 96.12 

ResNet50 96.3 

GoogLeNet 98.13 

AlexNet 97.2 

Four-Class Classification 

VGG16 94.23 

VGG19 95.21 

ResNet50 97.73 

GoogLeNet 96.44 

AlexNet 96.84 

Eight-Class Classification 

VGG16 95.5 

VGG19 97.92 

ResNet50 96.52 

GoogLeNet 95.4 

AlexNet 95.23 

Ten-Class Classification 

VGG16 97.32 

VGG19 98.13 

ResNet50 96.9 

GoogLeNet 97.1 

AlexNet 96.94 

 

An ROC curve  is used to show a relationship between specificity and sensitivity and for every possible cut-off. 

The ROC curve is a graphical representation with following formulation on graphical axis. 

On X-Axis: 

Sensitivity=1 – Specificity = False Positive Rate (FPR) = FP/(FP+TN)) 

On Y Axis: 

Specificity = False Positive Rate (FPR) = TP/(TP+FN)) 

One crucial metric for representing model accuracy and specificity is the ROC curve. When the model's AUC 

(Area under Curve) is high and its ROC curves exhibit greater elevation, it is more beneficial. The ROC curves 

for each model and classification strategy are shown in the ensuing figures 5(a), 5(b), 5(c), and 5(d). Each ROC 

curve displays every categorization method using all five network models that have already been trained. ROC 

curves for several classification schemes show that the GoogLeNet curve is more elevated for two-class 

classification, the ResNet50 curve is more elevated for four-class classification, and the VGG19 curve is more 

elevated for eight and ten-class classification. 
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(a)                                                                                  (b) 

 

 (c)                                                                                (d) 

Figure 5: ROC curve for four different classification schemes 

 

6. Conclusion  

In conclusion, this research has demonstrated the effectiveness and practicality of utilizing a Transfer Learning 

approach for the multi-classification and detection of tomato plant leaf diseases. By leveraging pre-trained 

convolutional neural network models and a comprehensive dataset of tomato leaf images, we have successfully 

developed a robust and accurate model capable of identifying various common leaf diseases with high precision 

and reliability. The results of our study have highlighted the significant impact of Transfer Learning in 

revolutionizing the field of agricultural science and plant pathology. Through extensive experimentation and 

analysis, we have shown that the proposed Transfer Learning model can effectively differentiate between healthy 

tomato leaves and leaves affected by bacterial spot, early blight, late blight, and leaf mold, among other common 

diseases. The model's ability to generalize across different tomato plant varieties and its transferability to real-

world agricultural settings hold promising implications for the sustainable management of crop diseases and the 

optimization of crop yield and quality. Furthermore, our research emphasizes the importance of curated datasets, 

the transferability of knowledge from pre-trained models, and the integration of advanced technologies in 

reshaping modern agricultural practices. By enabling early disease detection and proactive intervention strategies, 

our Transfer Learning model offers a viable solution for addressing the challenges associated with disease 

management and crop protection in the context of tomato cultivation. 
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Moving forward, the findings of this research can serve as a foundation for the development of advanced disease 

monitoring systems, fostering a data-driven approach to agriculture and contributing to the global efforts aimed at 

ensuring food security and sustainable farming practices. It is our hope that this study will inspire further research 

and innovation in the field of plant pathology, ultimately leading to the adoption of cutting-edge technologies for 

the benefit of farmers and agricultural communities worldwide.. 
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