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Tomato is a globally significant crop, and accurate classification of its leaf 

diseases is essential for maintaining high yield and quality in agriculture. This 

study proposes an enhanced machine learning approach to improve tomato leaf 

disease classification, comparing it with an existing method. The existing 

approach involves preprocessing with image resizing and Gaussian filtering, 

segmentation using K-means clustering, and feature extraction with Local Binary 

Patterns (LBP). Classifiers, including Support Vector Machine (SVM), Logistic 

Regression, Random Forest, and XGBoost, were applied, achieving accuracies of 

75.82%, 75.29%, 92.54%, and 92.86%, respectively. The proposed method 

enhances preprocessing by resizing images to a fixed dimension of 128×128 

pixels and applying Gaussian filtering for noise reduction. Segmentation is 

improved with a hybrid approach combining K-means clustering with Canny 

Edge Detection for refined boundary identification. Additionally, it leverages a 

comprehensive feature extraction strategy by combining Histogram of Oriented 

Gradients (HOG), LBP, and Color Histograms, capturing detailed texture, shape, 

and color information. This enriched feature set significantly improved classifier 

performance, with SVM, Logistic Regression, Random Forest, and XGBoost 

achieving accuracies of 89.63%, 89.79%, 93.02%, and 97.25%, respectively. 

These results demonstrate that the proposed method provides a substantial 

improvement over the existing approach, achieving higher accuracy across all 

classes of tomato leaf disease included in the study.  
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Segmentation, Feature Extraction, Classification Accuracy. 

 

 

1. Introduction 

Tomato (Solanum lycopersicum) is one of the world’s most economically significant crops, 

providing essential nutrition and serving as a staple in various cuisines. However, tomato 

cultivation faces a significant challenge in the form of leaf diseases, which can severely impact 

yield and quality. Early and accurate classification of tomato leaf diseases is critical for 

effective disease management, allowing timely intervention and thus reducing potential crop 

losses (Baheti et al., 2022). Over recent years, the adoption of machine learning (ML) in 

agriculture has shown promising results in disease detection, enabling more precise and 

automated approaches to crop protection (Cengil & Cinar, 2021). Traditional methods for 

disease identification, primarily visual inspection, are time-consuming and often lack 

accuracy, especially in large-scale farms. Consequently, developing efficient ML techniques 

to classify tomato leaf diseases can greatly assist farmers and agricultural stakeholders by 

providing real-time and accurate diagnostics (Ahmed et al., 2021). 

Machine learning-based image classification has proven to be effective in identifying plant 

diseases by analyzing images of infected leaves. However, tomato leaves present unique 

challenges, as various diseases exhibit overlapping symptoms, such as spots, discoloration, 

and mold, making differentiation difficult (Brahimi et al., 2017). The selection of 

preprocessing, segmentation, feature extraction, and classification methods is crucial to 

achieving high accuracy in disease detection. Traditional ML approaches, including Support 

Vector Machine (SVM), Logistic Regression, Random Forest, and XGBoost, have been 

widely used in this domain, often combined with various feature extraction techniques 

(Jayanthi & Shashikumar, 2020). Nevertheless, while these models can achieve reasonably 

high accuracy, there is still room for improvement, particularly through more refined 

preprocessing and feature extraction strategies (Tan et al., 2021). 

The present study proposes an enhanced machine learning approach that improves on existing 

methods for tomato leaf disease classification. By integrating advanced preprocessing and 

hybrid segmentation techniques, along with a comprehensive feature extraction strategy, this 

approach aims to capture detailed texture, shape, and color features, which are essential for 

accurate disease classification. This paper compares the proposed method with an existing 

method that utilizes image resizing, Gaussian filtering, K-means clustering for segmentation, 

and Local Binary Patterns (LBP) for feature extraction. Preliminary results indicate that the 

proposed method offers significant improvements in accuracy, demonstrating its potential as 

a reliable tool for tomato leaf disease detection. 

 

2. Literature Survey 

The application of machine learning in plant disease classification, particularly in tomato leaf 

disease detection, has attracted substantial research interest, with a strong focus on improving 

the accuracy of preprocessing, segmentation, feature extraction, and classification stages. 

Effective preprocessing and segmentation are foundational to achieving high classification 
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performance, as they allow for the removal of image noise and the isolation of critical features. 

Studies such as those by Archana & Sahayadhas (2018) have demonstrated that Gaussian 

filtering is effective for noise reduction, enhancing feature clarity before segmentation. 

Traditional segmentation methods, including K-means clustering, are widely used due to their 

efficiency and simplicity, yet often face challenges with less-defined boundaries, which can 

impact the accuracy of disease detection. Consequently, recent research, such as the work by 

Sowmya & Subramani (2022), has proposed hybrid segmentation techniques combining K-

means clustering with Canny Edge Detection. This hybrid approach enables more precise 

boundary identification, addressing the complexities of tomato leaf images where overlapping 

disease symptoms can complicate classification. Beyond segmentation, feature extraction 

plays a pivotal role in capturing the distinctive characteristics of tomato leaf diseases, which 

often manifest through complex combinations of texture, shape, and color variations. 

Combining multiple feature extraction techniques has been shown to significantly enhance 

classification performance. For instance, NikithaIsaac et al. (2021) explored the integration of 

Gray-Level Co-occurrence Matrices (GLCM) and Local Binary Patterns (LBP), finding that 

these methods effectively captured texture features and improved classification outcomes. 

Similarly, Karantoumanis et al. (2022) reported that combining preprocessing and multiple 

feature extraction techniques significantly enhanced classification accuracy, particularly when 

applied to plant disease detection datasets. In terms of classification techniques, a variety of 

machine learning models, including Support Vector Machine (SVM), Logistic Regression, 

Random Forest, and XGBoost, have been applied in plant disease studies. Each classifier has 

its strengths: SVM is effective in high-dimensional feature spaces and performs well with 

texture-based features like LBP, as highlighted by NikithaIsaac et al. (2021). Logistic 

Regression, although simpler, can yield strong results when combined with comprehensive 

feature extraction methods. Random Forest, an ensemble technique, has been praised for its 

high accuracy and ability to generalize well to different data sets, according to Karantoumanis 

et al. (2022). XGBoost, another ensemble classifier using gradient boosting, is known for 

capturing intricate patterns in the data, making it particularly suited for high-accuracy 

applications in disease classification, as demonstrated by Sowmya & Subramani (2022). In 

comparative studies, XGBoost consistently outperformed other classifiers, making it a 

preferred choice for applications requiring nuanced differentiation between disease classes. 

Collectively, the literature underscores the potential of hybrid segmentation techniques and 

multi-feature extraction approaches to improve plant disease classification accuracy. By 

integrating advanced preprocessing, segmentation, and feature extraction strategies, these 

methods address the unique challenges posed by tomato leaf disease classification, where 

symptoms often overlap and disease manifestations are complex. This research builds on these 

findings by combining K-means clustering with Canny Edge Detection for precise 

segmentation and using a comprehensive feature extraction set (HOG, LBP, and color 

histograms) to achieve a high level of accuracy. This approach promises to contribute a robust 

and effective tool for enhancing the detection and management of tomato leaf diseases in 

agricultural practices. 

Existing Method 

The existing method for tomato leaf disease classification utilizes a series of machine learning 

techniques, including preprocessing, segmentation, feature extraction, and classification, to 
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achieve reliable disease identification. Initially, the images are preprocessed by resizing them 

to a uniform dimension, ensuring consistency in input size, which aids in maintaining a 

standard scale for analysis. Following resizing, Gaussian filtering is applied to reduce noise, 

enhancing the image quality by smoothing pixel values. This step helps eliminate minor 

artifacts, preserving key disease features that are essential for further processing. The 

segmentation stage employs K-means clustering, a widely used unsupervised learning 

algorithm that groups pixels based on color intensity, separating areas of interest from the 

background. This clustering technique allows for basic segmentation of the diseased regions; 

however, it sometimes struggles with poorly defined boundaries, which can impact disease 

differentiation in cases where leaf symptoms overlap or vary in shape. For feature extraction, 

the existing method uses Local Binary Patterns (LBP), a texture-based descriptor that captures 

micro-patterns in the image, particularly useful for detecting texture variations caused by 

disease. LBP works by comparing each pixel with its neighboring pixels to create a binary 

pattern, which is then encoded as a texture descriptor. This technique effectively captures the 

granular changes in leaf surface textures introduced by disease symptoms. Finally, several 

classifiers, including Support Vector Machine (SVM), Logistic Regression, Random Forest, 

and XGBoost, are used to classify the extracted features and assign disease categories to the 

images. Each classifier has shown varying levels of accuracy: SVM and Logistic Regression 

achieved moderate accuracy (75.82% and 75.29%, respectively), while Random Forest and 

XGBoost performed better, achieving accuracies of 92.54% and 92.86%, respectively. Despite 

these results, limitations exist in the existing method, particularly in the segmentation and 

feature extraction stages. These limitations have led to the development of an enhanced 

method, which incorporates more sophisticated segmentation and multi-feature extraction 

strategies to improve overall classification accuracy. 

 

3. Proposed Method  

In the proposed method for tomato leaf disease classification, several advanced techniques 

were applied to enhance the performance of machine learning classifiers. This approach 

improved preprocessing, segmentation, and feature extraction methods to increase accuracy in 

detecting and classifying tomato leaf diseases. In this study, we applied a robust and 

comprehensive approach to preprocessing, segmentation, and feature extraction from tomato 

leaf images to enhance the classification accuracy of leaf disease detection. The proposed 

methodology builds upon traditional methods by integrating advanced preprocessing, hybrid 

segmentation, and multi-faceted feature extraction techniques to capture critical disease 

characteristics. 
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Fig.1: Proposed Methodology 

1. Data Acquisition 

In this study, we utilized the PlantVillage dataset, which includes 9,448 images of tomato 

leaves. These images are divided into four categories: healthy leaves and those affected by 

bacterial spot, tomato mosaic, and yellow leaf curl. To enable model evaluation, the dataset 

was split into two parts: 80% was allocated for training, and 20% for testing. 

2. Image Preprocessing 

2.1 Conversion to Grayscale and Gaussian Filtering 

Each image was resized to a resolution of 128x128 pixels to standardize input dimensions 

while retaining key disease-relevant details. After resizing, images were converted to 

grayscale to simplify the analysis and reduce computational requirements. To remove noise 

that could obscure disease patterns, Gaussian filtering was applied with a 5x5 kernel. Gaussian 

filtering smooths the image, highlighting significant edges and structures by reducing random 

pixel intensity variations (Archana & Sahayadhas, (2018); Sowmya & Subramani, (2022); 

Pujari et al. (2015)). 

https://consensus.app/papers/comparison-filters-noise-removal-paddy-leaf-images-archana/d9284ad98a115ea782d9dfd96a07e772/?utm_source=chatgpt
https://consensus.app/papers/approach-plant-disease-identification-enhanced-sowmya/fb0f7e7d2cc55761ae5bb96c92e82212/?utm_source=chatgpt


365 Murali B et al. Enhancing Tomato Plant Leaf Disease....                                           
 

Nanotechnology Perceptions Vol. 20 No.7 (2024) 

This filter is described by: 

 

3. Segmentation: To isolate disease-relevant regions, a hybrid segmentation approach was 

adopted, combining K-means Clustering and Canny Edge Detection.  

3.1 K-means Clustering 

          The segmentation process begins with K-means clustering, which groups pixels based 

on color intensity in the LAB color space. Using the LAB color space separates intensity from 

color information, making it particularly effective for clustering tasks in plant disease 

detection. Here, the K-means algorithm forms three clusters (k=3), segmenting the leaf into 

regions that may represent healthy tissue, diseased areas, and the background (Rumpf et al., 

2010), (NikithaIsaac et al., 2021). 

The clustering 

objective function is: 

                                     

 

3.2 Canny Edge 

Detection 

            To enhance the boundaries within the clusters, Canny Edge Detection is applied to the 

grayscale image. Canny Edge Detection uses gradient calculations to identify edges and refine 

the segmentation, making it possible to distinguish disease regions from healthy areas more 

accurately (Islam et al., 2017), (Karantoumanis et al., 2022). 

The edge gradient G is calculated as: 

 

4. Feature Extraction:  

The proposed method uses a multi-faceted feature extraction strategy, including Histogram of 

Oriented Gradients (HOG), Local Binary Patterns (LBP), and Color Histograms, to capture a 

broad representation of shape, texture, and color. 

4.1 Histogram of Oriented Gradients (HOG) 

             HOG captures structural details by analyzing gradients within localized regions. This 
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technique is particularly useful for detecting shapes and edges, which are often indicative of 

disease symptoms (Ahmed et al., 2021)). 

HOG is calculated as: 

 

4.2 Local Binary Patterns (LBP) 

              LBP captures texture information by encoding local intensity variations, which is 

especially useful for identifying textural characteristics associated with diseases, such as rough 

or mottled spots (Dhaka et al., 2021), (Khasawneh et al., 2022). 

The LBP value at each pixel is computed by: 

 

4.3 Color Histograms 

 Color histograms capture the distribution of colors, an important feature for identifying 

diseases that cause specific discolorations (NikithaIsaac et al., 2021), (Xie et al., 2015). A 

color histogram calculates the frequency of each color in a specified channel as: 

 

5. Classification 

The extracted features are then used to train four classifiers—Support Vector Machine (SVM), 

Logistic Regression, Random Forest, and XGBoost—each evaluated for classification 

accuracy and model performance. 

Support Vector Machine (SVM): SVM with an RBF kernel is used, which is effective for 

handling high-dimensional data and achieving accurate boundary separation between classes 

(Sowmya & Subramani, 2022). 

Logistic Regression: Applied with regularization to prevent overfitting, Logistic Regression 

provides a simpler baseline comparison with non-linear models (Barbedo, 2018). 

Random Forest: This ensemble classifier improves classification accuracy by using multiple 
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decision trees and majority voting (Khasawneh et al., 2022). 

XGBoost: Configured with a softmax objective for multi-class classification, XGBoost 

optimizes accuracy by focusing on the residual errors of previous trees (Sankaran et al., 2019). 

 

4. Results and Discussion 

The findings of this study strongly emphasize the effectiveness of the proposed machine 

learning approach for accurately classifying tomato leaf diseases. By integrating advanced 

preprocessing, a hybrid segmentation technique, and a comprehensive feature extraction 

strategy, the proposed method substantially improves upon the existing approach. Each 

methodological enhancement plays a significant role in boosting the model’s overall accuracy 

and robustness, allowing it to handle the complexity of various disease patterns more 

effectively. This discussion provides a detailed examination of the contributions and 

implications of each component, demonstrating how the proposed method outperforms the 

existing one. 

Preprocessing steps, such as resizing, grayscale conversion, and Gaussian filtering, are 

foundational to the model’s performance. Resizing images to a uniform resolution of 128x128 

ensures consistent input size, reducing the influence of scale-based variations on classification. 

Gaussian filtering further refines the image quality by smoothing out noise while preserving 

key disease patterns, allowing classifiers to focus on relevant features without interference 

(Fig.2). The benefits of these preprocessing enhancements are particularly evident in Support 

Vector Machine (SVM) and Logistic Regression models, which are sensitive to input 

variations. With the enhanced preprocessing, SVM accuracy increased from 75.82% to 

89.63%, and Logistic Regression from 75.29% to 89.79%. These results underscore the 

importance of preprocessing as a means of creating standardized, noise-free images, setting 

the stage for effective segmentation and feature extraction (Table.2, Graph.1). 

The segmentation stage also saw significant improvements through a hybrid approach 

combining K-means clustering with Canny Edge Detection. In the existing method, K-means 

clustering alone often led to poorly defined boundaries, especially when disease symptoms 

overlapped or were indistinct. The hybrid approach first segments the leaf into clusters using 

K-means clustering and then applies Canny Edge Detection to refine these boundaries. This 

step accurately delineates diseased areas from healthy tissue by highlighting edges within the 

clusters. Such enhanced segmentation is crucial for diseases like Tomato Mosaic Virus and 

Tomato Bacterial Spot, where symptoms often blend into surrounding regions. The more 

precise boundary definition achieved through the proposed hybrid segmentation positively 

impacted classification results for models like Random Forest and XGBoost, with Random 

Forest’s accuracy increased to 93.02% (from 92.54%) while XGBoost’s accuracy significantly 

improved to 97.25% (from 92.86%). These results demonstrate that clearer boundaries enable 

the models to differentiate more effectively between disease classes (Fig.2, Table.1, Graph.1). 

A major strength of the proposed method lies in its multi-faceted feature extraction strategy, 

which integrates Histogram of Oriented Gradients (HOG), Local Binary Patterns (LBP), and 

Color Histograms. Each feature extraction method captures unique, complementary 

information about the visual characteristics of tomato leaf diseases, resulting in a robust feature 
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set for classification. HOG captures structural and shape details, essential for recognizing 

distinct lesion shapes in diseases like Tomato Bacterial Spot. LBP focuses on capturing micro-

textures and surface variations, distinguishing diseased areas with rough, mottled textures 

from healthy tissue. Color Histograms provide critical insights into color distribution, valuable 

for detecting discolorations such as yellowing or browning associated with viral infections or 

nutrient deficiencies. 

The comparison between the Existing and Proposed confusion matrices for tomato leaf disease 

classification using the XGBoost classifier highlights significant improvements in the 

Proposed Method's performance. For the class "Tomato__Bacterial_spot," the Proposed 

Method achieved 390 correct predictions, improving upon the Existing Method's 370, while 

also reducing misclassifications from 52 to 32. Similarly, for 

"Tomato__Tomato_mosaic_virus," the Proposed Method correctly classified 73 samples, 

compared to 65 in the Existing Method, with a reduction in misclassifications from 7 to 4. A 

notable enhancement is observed in the "Tomato__Tomato_Yellow_Leaf_Curl_Virus" class, 

where correct classifications increased from 1,020 in the Existing Method to 1,070 in the 

Proposed Method, accompanied by a reduction in misclassifications from 50 to just 10. The 

"Tomato__healthy" class also saw a slight improvement, with correct classifications rising 

from 300 to 305 and misclassifications dropping from 3 to 1. Overall, the Proposed Method 

consistently outperformed the Existing Method by improving accuracy and reducing errors 

across all classes, demonstrating its superior capability in handling complex classifications, 

particularly in challenging categories such as bacterial spots and leaf curl virus. These results 

reflect enhancements in the classification pipeline, likely due to better feature extraction and 

model optimization in the Proposed Method (Fig.3). 

The comparison between the Existing and Proposed Methods, as outlined in Table.1, Graph.2, 

highlights significant improvements in precision, recall, F1-score, and overall classification 

accuracy for the Proposed Method using the XGBoost classifier. For 

"Tomato__Bacterial_spot," the Proposed Method achieved a precision of 0.97, recall of 0.92, 

and F1-score of 0.94, which are higher than the Existing Method's values of 0.87 for all 

metrics. The "Tomato__Tomato_mosaic_virus" class shows an even more notable 

improvement, with the Proposed Method achieving a perfect precision of 1.00, a recall of 0.92, 

and an F1-score of 0.96, compared to the Existing Method's 0.86, 0.82, and 0.84, respectively. 

For the challenging "Tomato__Tomato_Yellow_Leaf_Curl_Virus" class, the Proposed 

Method demonstrated better performance, achieving a precision of 0.97, recall of 0.99, and 

F1-score of 0.98, compared to the Existing Method's 0.94, 0.94, and 0.94. Similarly, in the 

"Tomato__healthy" class, the Proposed Method achieved near-perfect scores with a precision 

of 0.99, recall of 1.00, and F1-score of 0.99, slightly outperforming the Existing Method's 

scores of 0.98 for all metrics. Overall, the Proposed Method achieved a macro average F1-

score of 0.97 and a weighted average F1-score of 0.97, significantly higher than the Existing 

Method's 0.91 and 0.93, respectively. 

In Table 2, Graph.2, the accuracies of various classifiers for both the Existing and Proposed 

Methods are presented, demonstrating the superiority of the Proposed Method. For the Support 

Vector Machine (SVM) classifier, the accuracy increased from 0.7582 in the Existing Method 

to 0.8963 in the Proposed Method. Logistic Regression also showed a marked improvement, 

with the accuracy increasing from 0.7529 to 0.8979. The Random Forest classifier's accuracy 
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rose from 0.9254 in the Existing Method to 0.9302 in the Proposed Method. The XGBoost 

classifier, which delivered the highest performance, achieved an accuracy of 0.9725 in the 

Proposed Method, compared to 0.9286 in the Existing Method. This demonstrates the 

effectiveness of the enhancements in the Proposed Method, particularly with XGBoost, which 

yielded the best results among all classifiers. 

Overall, the Proposed Method outperformed the Existing Method across all metrics and 

classifiers. These improvements can be attributed to the refined feature extraction, better 

parameter tuning, or ensemble learning strategies employed in the Proposed Method, making 

it more robust and accurate for tomato leaf disease classification. 

This comprehensive feature extraction strategy enhances the model’s robustness by offering a 

detailed view of disease symptoms across shape, texture, and color dimensions. The 

effectiveness of this approach is especially evident in the high accuracy achieved by the 

XGBoost model, which reached 97.25% accuracy with the proposed method. The enriched 

feature set allowed the classifiers to identify intricate, disease-specific patterns, significantly 

improving the reliability of classification results across all disease types. The combination of 

advanced preprocessing, hybrid segmentation, and comprehensive feature extraction 

demonstrates a substantial advancement in tomato leaf disease classification, positioning the 

proposed method as a valuable tool for precise and automated disease detection. These 

improvements indicate that such a multi-dimensional approach could be applied to other 

agricultural crops and disease detection tasks, supporting more effective disease management 

and crop protection strategies in agriculture. 

 

5. Experimental Results  
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(c) 

Fig.2. (a) Tomato Bacterial Spot (b) Tomato Mosaic Virus (c)Tomato Yellow Leaf Curl 
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Graph.1. Accuracy comparison of Existing and Proposed classifiers for Tomato Diseases. 
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Graph.2. Comparison metrics of the Existing and Proposed methods 

 

6. Conclusion 

The proposed machine learning approach for tomato leaf disease classification demonstrates 

a significant advancement over traditional methods by integrating robust preprocessing, hybrid 

segmentation, and comprehensive feature extraction techniques. By standardizing inputs 

through resizing and grayscale conversion, reducing noise with Gaussian filtering, and 

employing a hybrid segmentation strategy that combines K-means clustering with Canny Edge 

Detection, the method effectively isolates disease-relevant regions for analysis. The multi-

faceted feature extraction approach, incorporating Histogram of Oriented Gradients (HOG), 

Local Binary Patterns (LBP), and Color Histograms, ensures the capture of diverse disease 

characteristics, including texture, shape, and color. These enhancements significantly improve 

classifier performance, with XGBoost achieving an impressive accuracy of 97.25%. The 

proposed method not only surpasses existing approaches in accuracy and reliability but also 

provides a scalable framework for application in broader agricultural disease management 

tasks, contributing to more effective crop protection and sustainable farming practices. 
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