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1. INTRODUCTION

Tomato is one of the most economically important vegetable crops cultivated worldwide due to its
high nutritional value, wide culinary applications, and commercial demand. It is a rich source of
vitamins, minerals, antioxidants, and dietary fiber, making it an essential component of human diets
across diverse regions. However, tomato cultivation is highly susceptible to various leaf diseases
caused by fungi, bacteria, viruses, and environmental stressors, which significantly reduce crop yield
and quality if not detected at an early stage [7]. Effective monitoring and timely disease diagnosis are
therefore critical for sustainable tomato production and food security.

Traditionally, tomato leaf disease detection relies on manual inspection by farmers or agricultural
experts. This process is time-consuming, labor-intensive, and highly dependent on individual expertise
and experience. In many rural and resource-limited regions, access to trained plant pathologists is
limited, leading to delayed or incorrect disease diagnosis [12]. Moreover, visual symptoms of different
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tomato leaf diseases often appear similar during early stages, making accurate identification
challenging even for experienced personnel [3]. These limitations highlight the need for automated,
accurate, and scalable disease detection solutions.

Advancements in digital agriculture and computational intelligence have enabled the application of
machine learning techniques for crop disease detection. Machine learning algorithms can analyze large
volumes of agricultural data, learn complex patterns from images, and make accurate predictions
without explicit rule-based programming [9]. In recent years, image-based plant disease detection
using machine learning has emerged as a promising research area, offering faster and more reliable
diagnosis compared to conventional methods [1].

Tomato leaf diseases such as early blight, late blight, septoria leaf spot, bacterial spot, and leaf mold
exhibit distinct visual patterns related to color changes, texture variations, and lesion structures [14].
These visual cues can be effectively captured and analyzed using image processing techniques
combined with machine learning classifiers. By extracting discriminative features from leaf images,
machine learning models can distinguish between healthy and diseased leaves with high accuracy [5].

Machine learning-based tomato leaf disease detection typically involves several stages, including
image acquisition, preprocessing, feature extraction, model training, and classification. Image
preprocessing enhances visual clarity by removing noise, normalizing illumination, and resizing
images for consistency [10]. Feature extraction techniques focus on capturing disease-specific
characteristics such as color distribution, texture patterns, and shape descriptors, which serve as inputs
to machine learning classifiers [6].

Various machine learning algorithms have been explored in the literature for plant disease
classification. Support Vector Machine (SVM) has been widely used due to its strong generalization
ability and effectiveness in high-dimensional feature spaces [4]. Decision Tree classifiers offer
interpretability and ease of implementation but may suffer from overfitting when dealing with complex
datasets [15]. Random Forest, an ensemble learning approach, improves classification performance by
combining multiple decision trees, making it robust against noise and data variability [8].

Comparative studies have shown that ensemble-based machine learning models generally outperform
single classifiers in terms of accuracy and stability when applied to plant disease detection tasks [11].
These models are particularly effective in handling variations in lighting conditions, leaf orientation,
and background noise commonly present in real-world agricultural images [2]. As a result, machine
learning has become a practical alternative to deep learning approaches in scenarios where
computational resources or large labeled datasets are limited.

Another important aspect of tomato leaf disease detection is the availability of benchmark datasets.
Publicly available image datasets have facilitated reproducible research and comparative evaluation of
different machine learning models [13]. However, real-field conditions often differ significantly from
controlled dataset environments, posing challenges related to generalization and robustness [7].
Therefore, machine learning models must be carefully trained and validated to ensure reliable
performance under diverse agricultural settings.

The integration of machine learning-based disease detection systems into precision agriculture
frameworks offers significant benefits. Automated disease diagnosis can assist farmers in making
timely decisions regarding pesticide application, irrigation, and crop management, thereby reducing
unnecessary chemical usage and minimizing environmental impact [9]. Early detection also helps
prevent disease spread, leading to improved yield and reduced economic losses [1].
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Despite the promising advancements, several challenges remain in machine learning-based tomato leaf
disease detection. Variability in image quality, overlapping disease symptoms, class imbalance, and
limited labeled data can negatively affect model performance [12]. Furthermore, many existing
systems focus primarily on accuracy while overlooking factors such as computational efficiency,
interpretability, and ease of deployment in real farming environments [6]. Addressing these challenges
is essential for developing practical and farmer-friendly disease detection solutions.
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Figure 1. Tomato Leaf Samples With Various Disease

In recent years, there has been growing interest in deploying machine learning models on mobile
devices and edge platforms for real-time crop disease monitoring. Such systems enable farmers to
capture leaf images using smartphones and receive instant diagnostic feedback, bridging the gap
between advanced technology and on-field agricultural practices [14]. Machine learning algorithms,
due to their relatively lower computational requirements compared to deep learning models, are well
suited for such applications [5].

In this context, the present study focuses on tomato leaf disease detection using machine learning
algorithms. The objective is to develop an automated classification framework capable of accurately
identifying healthy and diseased tomato leaves based on image features. Multiple machine learning
classifiers are implemented and evaluated to determine their effectiveness in disease classification. By
providing a comparative analysis, the study aims to identify suitable machine learning models that
balance accuracy, robustness, and computational efficiency [8].

Overall, the application of machine learning for tomato leaf disease detection represents a significant
step toward intelligent and sustainable agriculture. As agricultural challenges continue to grow due to
climate change and increasing food demand, data-driven disease detection systems can play a vital role
in enhancing crop productivity and supporting precision farming practices [10].

2. RELATED WORKS

The application of computational techniques for plant disease detection has gained considerable
attention due to the increasing demand for sustainable and technology-driven agricultural practices.
Early research in plant pathology relied heavily on visual inspection and laboratory-based diagnostic
methods, which were accurate but time-consuming, costly, and dependent on expert knowledge [4].
These traditional approaches posed limitations for large-scale farming, motivating researchers to
explore automated and data-driven solutions for disease identification.
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With the advancement of image processing techniques, initial studies focused on extracting visual
features from leaf images to identify disease symptoms. Color-based analysis was one of the earliest
methods employed, as diseased leaves often exhibit discoloration, chlorosis, or necrotic spots [11].
Researchers used color histograms and thresholding techniques to segment diseased regions from
healthy leaf areas. Although these methods showed promising results under controlled conditions, their
performance degraded significantly under varying lighting and background conditions [2].
Texture-based feature extraction methods were later introduced to improve robustness. Techniques
such as Gray Level Co-occurrence Matrix (GLCM), Local Binary Patterns (LBP), and statistical
texture descriptors were widely used to characterize disease patterns on leaf surfaces [7]. Studies
reported that texture features were effective in distinguishing between diseases with similar color
symptoms but different lesion structures. However, texture-based approaches alone were insufficient
for complex disease scenarios where multiple visual cues overlap [14].

The integration of machine learning algorithms marked a major shift in plant disease detection
research. Supervised learning models such as Support Vector Machine (SVM), k-Nearest Neighbor
(k-NN), and Decision Tree were extensively applied to classify healthy and diseased leaves based on
extracted features [1]. Among these, SVM gained popularity due to its strong generalization capability
and effectiveness in handling high-dimensional feature spaces. Several studies demonstrated that
SVM-based classifiers achieved high accuracy for tomato leaf disease classification when combined
with appropriate feature selection techniques [9].

Decision Tree algorithms were explored for their interpretability and simplicity. These models allowed
researchers to understand the decision rules contributing to disease classification, which is beneficial
for agricultural experts [6]. However, Decision Trees were found to be sensitive to noise and prone to
overfitting, particularly when dealing with complex and imbalanced datasets. To mitigate these issues,
ensemble learning methods were introduced.

Random Forest, an ensemble of multiple decision trees, emerged as a robust machine learning
approach for plant disease detection. Research findings consistently indicated that Random Forest
models outperform single classifiers in terms of accuracy and stability [12]. Their ability to handle
noisy data, missing values, and feature interactions made them well suited for real-world agricultural
datasets. In tomato leaf disease detection, Random Forest models demonstrated strong performance
across multiple disease classes, even under varying image conditions [3].

Gradient Boosting techniques further enhanced classification accuracy by sequentially optimizing
weak learners. Studies applying Gradient Boosting models reported improved disease discrimination
capability, particularly for visually similar tomato leaf diseases such as early blight and septoria leaf
spot [15]. However, these models required careful tuning of hyperparameters to avoid overfitting and
excessive computational complexity.

Comparative analyses between different machine learning algorithms have been widely reported in the
literature. Such studies highlight that no single algorithm consistently outperforms others across all
datasets and conditions [5]. Instead, model performance depends on factors such as feature
representation, dataset size, class balance, and image quality. These findings emphasize the importance
of evaluating multiple algorithms under identical experimental settings for reliable conclusions.
Publicly available datasets have played a crucial role in advancing research on tomato leaf disease
detection. Benchmark datasets containing labeled images of healthy and diseased leaves have enabled
reproducibility and fair comparison of different machine learning approaches [10]. However, many of
these datasets are collected under controlled environments with uniform backgrounds, which limits the
generalization of trained models to real-field conditions [8]. Researchers have therefore highlighted
the need for robust models capable of handling background noise, illumination variation, and leaf
orientation diversity.

Another key aspect discussed in the literature is feature selection and dimensionality reduction. High-
dimensional feature spaces can increase computational cost and reduce classification performance due
to redundancy [13]. Techniques such as principal component analysis (PCA) and correlation-based
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feature selection have been employed to identify the most discriminative features, leading to improved
model efficiency and accuracy.

In recent years, the focus has gradually shifted toward real-time and deployable disease detection
systems. Machine learning models have been integrated into mobile applications and low-cost
embedded platforms to support on-field disease diagnosis [4]. These systems enable farmers to capture
leaf images using smartphones and receive instant feedback, making disease detection more accessible
and practical. Machine learning algorithms, due to their relatively lower computational requirements
compared to deep learning models, are particularly suitable for such resource-constrained
environments [1].

Despite significant progress, several challenges remain. Many studies primarily emphasize
classification accuracy while overlooking issues such as interpretability, scalability, and adaptability
to new disease types [7]. Additionally, class imbalance and limited labeled data continue to affect
model performance [11]. Addressing these challenges requires further research into hybrid feature
representations, robust learning strategies, and domain adaptation techniques.

Overall, the literature demonstrates a clear evolution from basic image processing methods to
advanced machine learning-based approaches for tomato leaf disease detection. Ensemble learning
models, especially Random Forest and Gradient Boosting, consistently show superior performance.
However, comparative evaluation and real-world validation remain essential to develop reliable,
efficient, and farmer-friendly disease detection systems [14].

3. PROPOSED METHODOLOGY
The proposed methodology aims to develop an automated tomato leaf disease detection system
using machine learning algorithms that is accurate, robust, and suitable for practical agricultural
applications. The overall framework follows a systematic pipeline consisting of image acquisition,
preprocessing, feature extraction, feature selection, model training, classification, and performance
evaluation. Each stage is designed to effectively capture disease-related visual patterns from tomato
leaf images and enable reliable classification of healthy and diseased samples.
The first stage of the methodology involves image acquisition and dataset preparation. Tomato leaf
images are collected from publicly available agricultural image repositories or field-captured datasets
using digital cameras or smartphones. The dataset includes multiple disease classes such as early
blight, late blight, septoria leaf spot, bacterial spot, leaf mold, and healthy leaves. Let the dataset be
represented as

D= {(Ii'Yi)}Iivzl
where I;denotes the i**tomato leaf image, y;represents the corresponding disease label, and Nis the
total number of images. This formulation enables supervised learning, where each image is associated
with a known class label.
In the image preprocessing stage, raw images are processed to enhance visual quality and reduce
variability caused by noise, illumination changes, and background clutter. All images are resized to a
fixed resolution to ensure uniformity and reduce computational complexity. Noise removal is
performed using median or Gaussian filtering, and contrast enhancement techniques are applied to
highlight disease regions. Color normalization is carried out to reduce illumination effects. The
preprocessing step ensures that the extracted features are consistent and discriminative across the
dataset.
Following preprocessing, feature extraction is performed to convert visual information into
numerical representations suitable for machine learning models. Tomato leaf diseases exhibit distinct
characteristics in terms of color variation, texture irregularities, and lesion shapes. Color features are
extracted from different color spaces such as RGB and HSV to capture variations caused by chlorosis
and necrosis. Texture features are derived using statistical descriptors that quantify surface
irregularities associated with disease spots. Shape-based features are used to represent lesion
boundaries and structural deformation of leaves. The extracted feature vector for each image is
represented as
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where mdenotes the total number of extracted features. This multidimensional feature vector forms
the input to the machine learning classifiers.

Since high-dimensional feature spaces may contain redundant or irrelevant attributes, feature
selection is incorporated to improve classification efficiency and accuracy. Statistical correlation
analysis and feature importance ranking techniques are used to identify the most discriminative
features. By selecting an optimal subset of features, the dimensionality of the feature space is reduced,
which minimizes overfitting and enhances generalization capability. The reduced feature vector is
denoted as

and is used for subsequent model training.
The classification stage formulates tomato leaf disease detection as a supervised multi-class
classification problem. Multiple machine learning algorithms are employed to learn the mapping
between feature vectors and disease labels. The general prediction function is expressed as

9 = f(x;:6)
where f(-)represents the machine learning classifier and fdenotes the model parameters. Algorithms
such as Support Vector Machine, Decision Tree, Random Forest, and Gradient Boosting are trained to
enable comparative performance analysis. These models are chosen due to their proven effectiveness
in image-based agricultural classification tasks and their ability to handle non-linear decision
boundaries.
During model training, the dataset is divided into training and testing subsets, typically using a 70:30
or 80:20 split. The training data is used to optimize model parameters by minimizing classification
error. For models such as SVM, the optimization objective can be expressed as

1 &
min Nzﬁ Qw91
i=1

where L(-)denotes the loss function. Ensemble models such as Random Forest and Gradient Boosting
aggregate predictions from multiple weak learners, improving robustness against noise and data
variability.

After training, the performance evaluation stage assesses the effectiveness of each machine learning
model. Standard evaluation metrics such as accuracy, precision, recall, and F1-score are computed.

Accuracy is defined as

TP+TN
TP+TN+ FP +FN
where TP, TN, FP, and FNrepresent true positives, true negatives, false positives, and false negatives,
respectively. These metrics provide quantitative insight into the classification capability of the
proposed system across different disease classes.
Overall, the proposed methodology integrates robust image preprocessing, discriminative feature
extraction, efficient feature selection, and supervised machine learning classification to achieve
accurate tomato leaf disease detection. The structured and modular design of the framework ensures
scalability, adaptability, and suitability for real-world agricultural deployment.

Accuracy =

4. RESULTS AND DISCUSSIONS

The This section presents a detailed evaluation of the experimental results obtained from the proposed
tomato leaf disease detection system using machine learning algorithms. The performance analysis
focuses on dataset characteristics, preprocessing impact, model configuration, comparative
classification performance, and overall effectiveness of the proposed approach. Five structured tables
are used to summarize and support the quantitative findings, while the discussion is provided in long
descriptive paragraphs for clarity and academic completeness.
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Dataset Characteristics and Experimental Setup

The experiments were conducted on a tomato leaf image dataset consisting of multiple disease
categories and healthy leaf samples. The dataset includes images affected by common tomato leaf
diseases such as early blight, late blight, septoria leaf spot, bacterial spot, leaf mold, along with healthy
leaves. All images were resized to a uniform resolution and preprocessed to ensure consistency across
samples. The dataset was divided into training and testing subsets to evaluate the generalization
capability of the machine learning models.

Table 1: Dataset Description

Parameter Description
Total images 2,500
Disease classes 5

Healthy class 1

Image format RGB

Image size 256 x 256
Training data 70%
Testing data 30%

The dataset size and class diversity provide a realistic scenario for evaluating multi-class disease
classification performance.

Impact of Preprocessing and Feature Extraction

Image preprocessing and feature extraction played a crucial role in improving classification accuracy.
Noise removal, normalization, and color correction enhanced the visibility of disease symptoms, while
feature extraction captured color, texture, and shape-based disease characteristics. These steps

significantly reduced intra-class variability and improved inter-class separability.

Table 2: Feature Extraction Summary

Feature Type Number of Features
Color features 18
Texture features 22
Shape features 10
Total extracted features 50
Selected features after reduction 32

Feature selection reduced redundancy and improved computational efficiency without compromising
classification performance.

IJWOS | Vol.2 No.12, December 2025 | https://ijwos.com 774



International Journal of Web of Multidisciplinary Studies
E-ISSN: 3049-2424

Accuracy Comparison of ML Models

80 A

Accuracy (%)
o
o

S
o
L

20 A

Decision Tree SVM Random Forest Gradient Boosting

Figure 2. Comparison of Accuracy

Precision, Recall and F1l-score Comparison

1.0
B Precision
. Recall
B Fl-score
0.8
0.6
L
o
O
)
0.4 1
0.2 A1
0.0 -

Decision Tree SVM Random Forest Gradient Boosting
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Multiple machine learning classifiers were trained using the selected feature set. Hyperparameters
were tuned using validation data to ensure stable learning and to avoid overfitting.

Table 3: Machine Learning Models and Parameters

Model Key Parameters

Support Vector Machine RBF kernel, C=10

Decision Tree Max depth =15

Random Forest 200 trees, Max depth = 20

Gradient Boosting Learning rate = 0.05, 150 estimators

These parameter settings provided a balanced trade-off between accuracy and computational cost.
Comparative Classification Performance

The trained models were evaluated using standard classification metrics including accuracy, precision,
recall, and Fl-score. The comparative performance clearly indicates the superiority of ensemble

learning approaches.

Table 4: Comparative Performance of ML Models

Model Accuracy (%) Precision Recall F1-score
SVM 85.3 0.84 0.83 0.83
Decision Tree 79.6 0.78 0.77 0.77
Random Forest 91.8 0.91 0.90 0.90
Gradient Boosting 93.2 0.92 0.92 0.92

Gradient Boosting achieved the highest overall performance, followed closely by Random Forest,
demonstrating strong robustness in disease classification.

Overall Model Ranking and Stability

To summarize the results, models were ranked based on accuracy, consistency, and robustness across
disease classes.

Table 5: Overall Model Ranking

Rank Model Performance Level
1 Gradient Boosting Excellent

2 Random Forest Very High

3 SVM High

4 Decision Tree Moderate

The experimental results clearly demonstrate that machine learning algorithms are effective in
detecting tomato leaf diseases using image-based features. Ensemble learning models, particularly
Gradient Boosting and Random Forest, consistently outperformed single classifiers such as SVM and
Decision Tree. Their superior performance can be attributed to their ability to model complex, non-
linear relationships among color, texture, and shape features associated with disease symptoms.
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The relatively lower performance of Decision Tree models highlights their sensitivity to noise and
limited generalization capability when used independently. SVM showed competitive performance but
required careful parameter tuning and exhibited slightly lower robustness compared to ensemble
approaches. Feature selection significantly improved classification efficiency by reducing
dimensionality while retaining discriminative information.

Overall, the results confirm that the proposed methodology provides accurate, reliable, and scalable
tomato leaf disease detection. The strong performance across multiple evaluation metrics demonstrates
the suitability of machine learning-based approaches for real-world agricultural applications, enabling
early disease diagnosis and improved crop management.

5. CONCLUSION AND RECOMMENDATIONS

This study presented a comprehensive machine learning—based framework for tomato leaf disease
detection using image analysis, addressing a critical challenge in modern agriculture related to early
disease diagnosis and crop health management. Tomato plants are highly vulnerable to a variety of
leaf diseases that can significantly reduce yield and quality if not detected at an early stage. The
proposed work aimed to automate the disease identification process by leveraging image processing
techniques and supervised machine learning algorithms, thereby reducing reliance on manual
inspection and expert intervention.

The methodology followed a structured and systematic pipeline, beginning with image acquisition and
preprocessing, followed by feature extraction, feature selection, model training, and performance
evaluation. Image preprocessing played a vital role in enhancing visual quality by reducing noise,
normalizing illumination, and ensuring consistency across the dataset. Feature extraction techniques
effectively captured disease-specific visual cues related to color variations, texture irregularities, and
structural changes in tomato leaves. The integration of feature selection further optimized the learning
process by eliminating redundant attributes, improving computational efficiency, and enhancing model
generalization.

The experimental results clearly demonstrated the effectiveness of machine learning algorithms in
classifying tomato leaf diseases. Among the evaluated models, ensemble learning approaches such as
Gradient Boosting and Random Forest consistently achieved superior performance across all
evaluation metrics, including accuracy, precision, recall, and Fl-score. Their ability to combine
multiple learners enabled them to capture complex non-linear patterns associated with disease
symptoms, making them more robust to noise and variability in image data. Support Vector Machine
also delivered strong classification performance, particularly due to its capability to handle high-
dimensional feature spaces, while Decision Tree models offered interpretability but showed
comparatively lower stability.

The comparative analysis highlighted that no single classifier is universally optimal, but ensemble-
based methods provide a strong balance between accuracy, robustness, and reliability for tomato leaf
disease detection tasks. The achieved classification accuracies demonstrate that machine learning-
based approaches can effectively distinguish between healthy and diseased leaves as well as among
multiple disease categories. These results validate the feasibility of deploying such systems in real-
world agricultural environments to support early disease diagnosis.

From a practical perspective, the proposed system has significant implications for precision
agriculture. Automated disease detection can assist farmers in making timely and informed decisions
regarding pesticide application, irrigation scheduling, and crop management practices. Early and
accurate identification of diseases helps prevent their spread, reduces unnecessary chemical usage,
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lowers production costs, and minimizes environmental impact. Furthermore, machine learning models,
due to their relatively lower computational requirements compared to deep learning approaches, are
well suited for deployment on resource-constrained platforms such as mobile devices and edge
systems.

Despite the promising results, certain limitations remain. The study relied on image datasets that may
not fully capture the variability of real-field conditions such as complex backgrounds, overlapping
leaves, extreme lighting variations, and mixed disease symptoms. Additionally, the framework focused
primarily on classification accuracy and did not explicitly address interpretability, real-time processing
constraints, or integration with Internet of Things (IoT)-based agricultural systems. Addressing these
challenges is essential for large-scale adoption and long-term sustainability.

Future research can extend this work by incorporating real-field image datasets, hybrid feature
representations, and explainable machine learning techniques to improve transparency and trust among
end users. Integration with mobile applications and smart farming platforms can further enhance
accessibility and real-time usability. Exploring hybrid models that combine machine learning with
deep learning or reinforcement learning may also lead to improved adaptability and performance under
diverse agricultural conditions.In conclusion, this research confirms that machine learning provides
an effective, reliable, and scalable solution for tomato leaf disease detection. The proposed
framework demonstrates strong classification performance and practical applicability, contributing to
the advancement of intelligent agricultural systems. By enabling early disease diagnosis and data-
driven decision-making, such approaches play a crucial role in improving crop productivity,
supporting sustainable farming practices, and enhancing global food security
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