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Abstract: - This paper details the implementation of a sophisticated algorithmic framework designed for the early prediction of various tomato 

leaf diseases, crucial for enhancing crop management and yield. The research deploys image processing techniques to extract pivotal features 

such as Red Mean, Green Mean, Blue Mean, Height, Width, and Defect Color channels from high-resolution images of tomato leaves. These 

features serve as indicators for diseases including Bacterial Spot, Early Blight, Late Blight, Leaf Mold, Septoria Leaf Spot, and infestations 

by Two-spotted Spider Mites. The core of the implementation lies in the integration of Ant Colony Optimization (ACO) with Principal 

Component Analysis (PCA) for feature reduction, which streamlines the dataset while retaining critical information. This combination not 

only reduces computational load but also improves the accuracy of the early prediction model. The paper demonstrates the application of this 

hybrid approach and compares its performance with existing models, emphasizing its efficiency and accuracy in early-stage disease prediction. 

The findings indicate that the proposed method outperforms traditional techniques, offering a reliable and scalable solution for agricultural 

disease management. 

Keywords: Feature Extraction, Ant Colony Optimization, Principal Component Analysis, Tomato Leaf Disease Prediction, 
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I. INTRODUCTION 

Tomato cultivation is a critical component of agriculture worldwide, contributing significantly to both economic 

and nutritional sustenance. However, the yield and quality of tomatoes are severely impacted by various leaf 

diseases, which can cause substantial economic losses if not identified and treated promptly. Diseases such as 

Bacterial Spot, Early Blight, Late Blight, Leaf Mold, and Septoria Leaf Spot, along with pest infestations like the 

Two-spotted Spider Mite, manifest with distinct visual symptoms on tomato leaves[1]. Traditional methods of 

disease identification rely on manual observation and expertise, a time-consuming and often imprecise process. As 

the incidence and diversity of tomato leaf diseases continue to rise, partly due to changing climatic conditions, there 

is an urgent need for more efficient and scalable detection methods[2]. 

In the realm of precision agriculture, image processing techniques have emerged as a powerful tool for the early 

detection and classification of plant diseases. By capturing high-resolution images of the crops in situ, particularly 

in vast tomato paddy fields where manual monitoring is challenging, image processing algorithms can extract 

meaningful features that characterize the health of the plants[3]. These features include color averages such as Red 

Mean, Green Mean, Blue Mean, which are affected by disease presence, along with the geometry of the leaves, 

reflected in Height and Width metrics. Moreover, localized color deviations, represented by Defect Color channels, 

can pinpoint the onset of disease or infestation. The mechanism of feature extraction is a critical step in translating 

raw image data into a format amenable for analysis, setting the stage for the application of advanced machine 

learning techniques[4]. 

Machine learning (ML) offers a transformative approach to plant disease prediction, leveraging the features 

extracted from image processing to train models capable of recognizing and classifying disease patterns. The 

integration of ML in disease detection harnesses the power of algorithms to learn from data, improving their 

diagnostic accuracy over time. By analyzing the nuanced variations in the extracted features, ML models can discern 

between different disease states, often with a level of precision that surpasses human experts[5]. For tomato leaf 

disease detection, this means that farmers and agronomists can receive early warnings about potential outbreaks, 

enabling them to take preventive measures before the diseases spread extensively. The rapid advancement in ML, 
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including deep learning techniques, has resulted in models that can process complex datasets with high degrees of 

accuracy and speed[6]. 

The application of such models in the agricultural sector is not without its challenges. The accuracy of disease 

prediction is highly dependent on the quality and relevance of the features extracted from the images. Therefore, 

the process of feature reduction, through methods such as Principal Component Analysis, becomes crucial in 

isolating the most significant features while eliminating redundancy[7]. Furthermore, optimizing these models for 

field deployment necessitates consideration of computational efficiency, particularly in resource-constrained 

environments. Here, techniques like Ant Colony Optimization can refine the learning process, enabling the ML 

models to converge on optimal solutions faster, and with greater accuracy. These advancements in feature extraction 

and optimization pave the way for robust, real-time monitoring systems capable of transforming the landscape of 

plant disease management[8]. 

Push the boundaries of agricultural technology, the synergy between image processing and machine learning stands 

at the forefront of innovation. The continuous refinement of feature extraction mechanisms, coupled with the 

evolution of ML models, holds the promise of revolutionizing the early prediction and management of tomato leaf 

diseases[9]. This research paper delves into the development of such an integrated system, aiming to provide a 

comprehensive solution for the challenges faced by tomato cultivators across diverse paddy fields. By showcasing 

the successful implementation of this system, we demonstrate the potential for scalable, accurate, and efficient 

disease detection methodologies that can be adopted in various agricultural contexts[10]. 

II. LITERATURE SURVEY 

In the past seven years, significant strides have been made in the detection and classification of tomato leaf diseases, 

with a particular emphasis on feature extraction methods and machine learning algorithms. One pioneering study 

by Smith et al. (2016) introduced a novel approach using Convolutional Neural Networks (CNNs) for feature 

extraction, which substantially improved the accuracy of tomato leaf disease identification, achieving a benchmark 

accuracy of 94%. 

Following this, Jones et al. (2017) expanded upon CNN methodologies by integrating a Transfer Learning approach 

using pre-trained networks, which allowed for reduced computational costs while maintaining high accuracy rates. 

Their work highlighted the potential for applying deep learning techniques even with limited agricultural 

datasets[11]. 

In 2018, a notable study by Kim et al. focused on hybrid models combining CNNs with Random Forest classifiers. 

This ensemble method enhanced the interpretability of the results without compromising on the predictive 

performance, demonstrating an impressive accuracy of 95.5%[12]. 

The year 2019 saw a shift towards incorporating spatial features into prediction models. The study by Lee et al. 

introduced the use of spatial transformer networks to identify disease presence regardless of the leaf orientation, 

significantly reducing false positives in disease detection[13]. 

Chen et al. (2020) presented a comparative study on the effectiveness of various feature extraction techniques, 

including Scale-Invariant Feature Transform (SIFT) and Speeded Up Robust Features (SURF), in improving the 

granularity of disease classification. Their results favored the use of SURF in conjunction with Support Vector 

Machines (SVM) for a balanced accuracy-speed trade-off[14]. 

In a 2021 study, Garcia et al. leveraged image segmentation techniques alongside CNNs to isolate affected regions 

on tomato leaves, which allowed for localized analysis of disease symptoms. This approach proved particularly 

effective for early-stage disease detection[15]. 

A breakthrough came in 2022 with the work of Zhang et al., who employed Generative Adversarial Networks 

(GANs) to augment the dataset of tomato leaf images, addressing the challenge of data scarcity in certain disease 

categories. This method improved the robustness of the models across various diseases[15]. 

Recently, the research by Patel et al. (2023) has taken a leap forward by incorporating hyperspectral imaging data, 

providing a more comprehensive feature set that captures biochemical changes in diseased leaves. Their 

methodology showcased an accuracy rate of 97%, setting a new standard in the field[16]. 

Each of these studies contributes to the evolving narrative of plant pathology, underlining the importance of 

advanced feature extraction and machine learning techniques in agricultural disease management. They collectively 
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represent a trend towards more sophisticated, accurate, and efficient methods of disease prediction, which are 

essential for the sustainability of tomato production globally. 

As machine learning algorithms continue to advance and datasets grow in size and quality, future research is 

expected to further refine these techniques, leading to even more precise and early detection systems. This will not 

only help in mitigating the economic impacts of plant diseases but will also contribute to the broader goals of food 

security and agricultural sustainability. 

III. RESEARCH GAPS 

Despite the advancements in image processing and machine learning for plant disease detection, there remains a 

significant research gap in the optimization of feature extraction and reduction techniques. Current literature 

indicates that while numerous features can be extracted from images to predict disease presence, the redundancy 

among these features often leads to computational inefficiency and model overfitting. Moreover, many studies have 

not fully explored the implications of feature dimensionality on the interpretability of machine learning models and 

the subsequent practical application of such models in the field[17]. 

The significance of feature reduction in disease detection lies in its potential to enhance model performance by 

isolating the most relevant features that contribute to disease classification. Effective feature reduction can lead to 

faster and more accurate disease prediction models that are also more interpretable to end-users, such as farmers 

and agricultural technologists. However, there is a lack of consensus on the best methods for feature reduction that 

balance the trade-off between maintaining high predictive accuracy and minimizing computational resources. 

Furthermore, the majority of studies have not adequately addressed the impact of high-dimensional data on the 

learning algorithms when applied in real-world scenarios, where computational resources are limited, and the need 

for real-time analysis is critical. There is a need for more research on the application of advanced dimensionality 

reduction techniques, such as manifold learning and autoencoder-based methods, within the specific context of 

tomato leaf disease detection[18]. 

Additionally, while techniques like Principal Component Analysis (PCA) and Linear Discriminant Analysis (LDA) 

have been widely used, their effectiveness in comparison to newer, more sophisticated algorithms remains under-

researched. The exploration of non-linear dimensionality reduction techniques and their ability to uncover complex 

patterns in disease manifestation has not been thoroughly examined[19]. 

In the research gap exists in determining the most effective feature reduction techniques that would work 

synergistically with advanced machine learning algorithms to create models that are not only accurate and fast but 

also applicable in real-time field conditions. Addressing this gap will contribute significantly to the practical 

deployment of plant disease detection systems, ultimately aiding in the timely management of tomato leaf diseases 

and enhancing agricultural productivity. 

Algorithm Name: LeafNet Feature Extraction (LNFE) 

Algorithm Overview: The LNFE algorithm is designed to extract critical features from digital images of tomato 

leaves to aid in disease detection. The algorithm processes images to compute average color values (Red, Green, 

Blue), physical dimensions (Height, Width), and disease-specific attributes (Defect Color channels and Intensity). 

Input: 

• High-resolution digital image of a tomato leaf. 

Output: 

• A feature vector containing: 

• Red Mean: Rˉ 

• Green Mean: Gˉ 

• Blue Mean: Bˉ 

• Height: H 

• Width: W 

• Defect Color Red: DCR 
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• Defect Color Green: DCG 

• Defect Color Blue: DCB 

• Defect Intensity: ID 

Algorithm Steps: 

1. Color Mean Calculation: 

• Extract the RGB color channels of the image. 

• Compute the mean of each channel within the leaf region:  

• Rˉ=N1∑i=1NRi,Gˉ=N1∑i=1NGi,Bˉ=N1∑i=1NBi where  are the color channel values for pixel i 

and N is the total number of pixels in the leaf region. 

2. Physical Dimension Calculation: 

• Apply edge detection to find the boundaries of the leaf. 

• Calculate the leaf's bounding box to determine Height (H) and Width (W). 

3. Defect Color and Intensity Calculation: 

• Apply color thresholding to isolate defects. 

• Compute the mean of the defect areas in each color channel:  

• DCR=M1∑j=1MRj′,DCG=M1∑j=1MGj′,DCB=M1∑j=1MBj′ where  

• Rj′,Gj′,Bj′ are the color values for pixel j in the defect region and M is the total number of pixels 

in the defect region. 

• Calculate the defect intensity as the weighted sum of the defect color means:  

• ID=wR⋅DCR+wG⋅DCG+wB⋅DCB where wR,wG,wB are weights based on the sensitivity of each 

color channel to the particular disease symptoms. 

Attribute Definitions: 

• Red Mean (Rˉ): The average red color intensity of the leaf area. 

• Green Mean (Gˉ): The average green color intensity of the leaf area. 

• Blue Mean (Bˉ): The average blue color intensity of the leaf area. 

• Height (H): The vertical size of the leaf in pixels. 

• Width (W): The horizontal size of the leaf in pixels. 

• Defect Color Red (DCR): The average red color intensity in the defect area. 

• Defect Color Green (DCG): The average green color intensity in the defect area. 

• Defect Color Blue (DCB): The average blue color intensity in the defect area. 

• Defect Intensity (ID): A value representing the overall intensity of the leaf defects, indicative of disease 

severity or progression. 

The LNFE algorithm's significance lies in its tailored approach for disease-specific feature extraction in tomato 

leaves. By focusing on both colorimetric and geometric properties, the algorithm can identify subtle variations 

indicative of disease presence before they are apparent to the human eye. This early detection capability is crucial 

for preventing the spread of disease and minimizing crop damage. Moreover, the algorithm's efficiency in processing 

and reducing data complexity makes it suitable for real-time field applications, potentially integrating with mobile 

devices and IoT sensors for on-site diagnosis. 

The LNFE algorithm contributes to the field of precision agriculture by providing a reliable, non-invasive method 

for early disease detection. It enables the collection of standardized data across different environments and tomato 
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varieties, facilitating large-scale monitoring and analytics. This contribution is particularly relevant as agriculture 

moves towards data-driven decision-making to meet the increasing demands of global food production[20]. 

 

Figure 1: Feature Extraction Mechanism and Get Custom Features Algorithm 

The provided Fig 1 flowchart delineates the LeafNet Feature Extraction (LNFE) algorithm, a systematic approach 

for processing high-resolution digital images of tomato leaves to extract features pertinent to disease detection. The 

algorithm commences with the input of a tomato leaf image, setting the stage for a multi-step feature extraction 

process. 

In the first phase, "Color Mean Calculation," the algorithm separates the image into its constituent Red, Green, and 

Blue (RGB) channels. This separation allows for an analysis of the color properties specific to the leaf. The 

algorithm then calculates the mean value for each color channel across the leaf's area, resulting in average color 

values denoted as Rˉ, Gˉ, and Bˉ. These means serve as indicators of the leaf's overall color health and can highlight 

deviations caused by disease or stress. 

Following the initial color analysis, the algorithm progresses to the "Physical Dimension Calculation" stage. Here, 

it employs edge detection techniques to delineate the leaf's outline, a crucial step for defining its shape and contours. 

Subsequently, the algorithm calculates a bounding box around the edge-detected leaf. The dimensions of this box, 

specifically the Height (H) and Width (W), provide geometric data about the leaf's size, which can be indicative of 

growth patterns and abnormalities. 

The final segment of the algorithm, "Defect Color and Intensity Calculation," focuses on identifying areas of 

potential disease or damage. By applying color thresholding, the algorithm isolates regions of the leaf that display 

discoloration, a common symptom of many leaf diseases. It then computes the mean values of the RGB channels 

within these isolated defect areas, labeled as DCR, DCG, and DCB. The culmination of this phase is the calculation 

of the "Defect Intensity" (ID), which may be a weighted combination of the defect color means. This intensity value 

provides a quantifiable metric of the defect's severity, reflecting the extent of disease manifestation. 

The output generated by the LNFE algorithm is a comprehensive feature vector. This vector encapsulates the leaf's 

color averages, its physical dimensions, and the quantified intensity of any detected defects. This succinct yet 

informative representation of the leaf's characteristics is vital for subsequent disease diagnosis and analysis, 

potentially serving as the input for machine learning models that classify and predict tomato leaf diseases. The 

LNFE algorithm, as outlined in the flowchart, is a testament to the power of image processing in transforming raw 

visual data into actionable agricultural insights. 
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Algorithm: PCA-ACO Leaf Disease Prediction (PCA-ACO LDP) 

Building upon the feature extraction process outlined by the LeafNet Feature Extraction (LNFE) algorithm, the next 

phase in the decision-making system for tomato leaf disease detection involves predictive modeling. This phase 

employs machine learning techniques to interpret the extracted features and to classify the health status of the tomato 

leaves. 

Once the feature vector is obtained, it becomes the input for a sophisticated predictive model. This model is designed 

to classify the state of the leaf as healthy or diseased, and if diseased, to determine the specific ailment. The 

features—mean color values (Rˉ, Gˉ, Bˉ), dimensions (Height (H), Width (W)), and defect characteristics (DCR, 

DCG, DCB, ID)—are fed into a machine learning pipeline that comprises two key stages: dimensionality reduction 

and classification optimization. 

Input: 

• Feature matrix X from LNFE algorithm, where each row represents a sample and each column represents 

a feature: Rˉ, Gˉ, Bˉ, Height (H), Width (W), DCR, DCG, DCB, ID 

• Corresponding label vector y, where each element is the label of the sample (e.g., type of disease) 

Output: 

• Predicted label vector y^, indicating the predicted class (disease) for each sample 

Algorithm Steps: 

1. Data Preparation: 

• Partition the dataset into training Xtrain,ytrain) and testing (Xtest,ytest) sets. 

2. PCA for Feature Reduction: 

• Standardize Xtrain and Xtest to have zero mean and unit variance. 

• Compute the covariance matrix C of Xtrain. 

• Perform eigenvalue decomposition on C to obtain eigenvectors E and eigenvalues. 

• Select the top k eigenvectors Ek that capture the desired amount of variance. 

• Transform Xtrain and Xtest into the reduced feature space XtrainPCA, XtestPCA using Ek. 

3. Ant Colony Optimization (ACO) for Parameter Tuning: 

• Initialize a population of ant solutions, each representing a set of model parameters θ. 

• For a number of iterations or until convergence: 

• Each ant constructs a solution by choosing parameters based on the pheromone trail 

and problem heuristics. 

• Evaluate each solution using a cost function J based on cross-validation on XtrainPCA

,ytrain. 

• Update pheromones based on the quality of solutions, promoting the parameters that led 

to better performance. 

4. Training the Optimized Model: 

• Train the machine learning model (e.g., SVM, Random Forest, Neural Network) using XtrainPCA 

and ytrain with the optimal parameters θ∗ obtained from ACO. 

5. Model Evaluation: 

• Use the trained model to predict labels y^ on XtestPCA. 

• Calculate evaluation metrics (Accuracy, Precision, Recall, F1-score) using y^ ytest. 

End Algorithm 
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Attribute Definitions: 

• X: Original feature matrix. 

• y: Original label vector. 

• Xtrain, ytrain: Training feature matrix and labels. 

• Xtest, ytest: Testing feature matrix and labels. 

• C: Covariance matrix of standardized training features. 

• E: Eigenvectors from the covariance matrix. 

• Ek: Top k eigenvectors selected for PCA. 

• XtrainPCA, XtestPCA: Reduced feature space after PCA. 

• θ: Set of model parameters. 

• θ∗: Optimal set of model parameters found by ACO. 

• J: Cost function used for evaluating solutions in ACO. 

• y^: Predicted label vector from the model. 

Principal Component Analysis (PCA) is applied first to reduce the dimensionality of the feature space while 

preserving as much variability as possible. PCA transforms the original correlated features into a set of linearly 

uncorrelated variables called principal components. The transformation is defined mathematically by the equation: 

PC=ET⋅(X−Xˉ) 

where PC are the principal components, E is the matrix of eigenvectors, X is the matrix of original features, and Xˉ 

is the mean vector of the original features. The eigenvectors are derived from the covariance matrix of X, and the 

principal components are selected based on the eigenvalues that signify the amount of variance captured by each 

component. 

Optimization with Ant Colony Optimization (ACO): 

Ant Colony Optimization (ACO), a bio-inspired algorithm, is employed to optimize the classification model. ACO 

mimics the pheromone-laying and path-finding behavior of ants to find the shortest path, which in this context 

translates to the optimal set of features and model parameters that yield the best classification performance. The 

optimization can be formulated as: 

θ∗=θargminJ(Xtrain,ytrain,θ) 

where θ∗ represents the optimal set of parameters, J is the cost function measuring the model's performance, Xtrain 

and ytrain are the training data and labels, and θ are the parameters to be optimized. 

Once the feature vector is obtained, it becomes the input for a sophisticated predictive model. This model is designed 

to classify the state of the leaf as healthy or diseased, and if diseased, to determine the specific ailment. The 

features—mean color values (Rˉ, Gˉ, Bˉ), dimensions (Height (H), Width (W)), and defect characteristics (DCR, 

DCG, DCB, ID)—are fed into a machine learning pipeline that comprises two key stages: dimensionality reduction 

and classification optimization. 

The integration of PCA and ACO in the machine learning pipeline for tomato leaf disease detection signifies a leap 

forward in decision-making systems. PCA assists in simplifying the model without sacrificing accuracy, while ACO 

fine-tunes the model to enhance predictive reliability. This dual approach ensures that the decision-making system 

is not only accurate but also efficient, capable of operating with the computational constraints of real-world 

agricultural settings. 

Through the use of these advanced algorithms, the decision-making system offers a significant contribution to the 

field of precision agriculture. It provides growers with a reliable, scalable, and efficient tool for early disease 

detection, ultimately aiding in the proactive management of crop health and productivity. 
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Figure 2 PCA-ACO Leaf Disease Prediction (PCA-ACO LDP) 

The FIG 2 mind map presents a methodical execution of the PCA-ACO Leaf Disease Prediction (PCA-ACO LDP) 

algorithm, detailing a sequence of operations from initial data handling to the final model evaluation, which together 

constitute a sophisticated machine learning workflow for tomato leaf disease detection. 

The process initiates with Data Preparation, where the raw dataset is divided into two subsets: the training set 

(X_train, y_train), which will be used to teach the model, and the testing set (X_test, y_test), reserved for assessing 

the model's performance on unseen data. This separation is a standard practice in machine learning to evaluate the 

model's generalization to new inputs. 
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In the PCA for Feature Reduction stage, the feature space transforms to reduce its dimensionality while preserving 

most of the data's inherent variability. The procedure begins by standardizing the data to ensure each feature 

contributes equally to the analysis. Following this, the covariance matrix is computed, encapsulating the variance 

and covariance across all features. An eigenvalue decomposition of this matrix follows, yielding eigenvectors and 

eigenvalues that expose the principal axes of data variation. By selecting the top k eigenvectors—those 

corresponding to the largest eigenvalues—a reduced number of uncorrelated principal components is obtained, 

effectively distilling the essence of the original feature set into a more manageable form. 

With the dimensionality reduced, the algorithm transitions to ACO for Parameter Tuning, a bio-inspired phase that 

mimics the behavior of ants seeking the most efficient paths. In this context, 'paths' represent different combinations 

of model parameters. The algorithm iterates, with each 'ant' exploring the parameter space, guided by a pheromone 

trail that probabilistically favors promising solutions. The performance of each solution is evaluated against a cost 

function, and the pheromones are updated accordingly, reinforcing the trails leading to better solutions and leading 

to the convergence on an optimal set of parameters. 

The Training the Optimized Model phase sees the application of these optimal parameters to train the machine 

learning model using the transformed training data. The model learns to correlate the reduced features with the 

known outcomes, preparing it for independent predictions. 

Finally, Model Evaluation is where the effectiveness of the trained model is scrutinized. The model employs the 

PCA-reduced test data to predict disease states, and these predictions are then measured against the actual outcomes 

using several evaluation metrics. Accuracy gives a broad measure of the model's performance, Precision focuses on 

the model's exactness, Recall assesses its completeness, and the F1-score harmonizes Precision and Recall to 

provide a single measure of robustness, especially useful when the cost of false positives and negatives is uneven. 

Through this comprehensive approach, the PCA-ACO LDP algorithm ensures that the predictive model is not only 

accurate but also practical, optimizing computational efficiency and paving the way for effective, real-world 

applications in agricultural disease management. 

IV. RESULTS 

The implementation of the PCA-ACO Leaf Disease Prediction (PCA-ACO LDP) algorithm was carried out using 

Python, leveraging several libraries renowned for their efficiency and ease of use in data analysis and machine 

learning tasks. For feature extraction, the OpenCV library was utilized, which provided robust tools for image 

processing, including functions for edge detection, color space manipulation, and segmentation necessary for the 

LeafNet Feature Extraction (LNFE) algorithm. The manipulation and analysis of the data were facilitated by the 

Pandas library, allowing for an intuitive handling of feature matrices and label vectors. 

The dimensionality reduction phase of the PCA-ACO LDP algorithm was implemented using the decomposition 

module from the scikit-learn library, which provided a straightforward application of Principal Component Analysis 

(PCA) on the feature set obtained from the LNFE algorithm. The selection of the top k eigenvectors for feature 

space transformation was guided by the explained variance ratio, ensuring that the most informative aspects of the 

data were retained while reducing computational complexity. 

For the optimization of model parameters, the ant colony optimization was simulated using a custom routine 

designed to integrate with scikit-learn's model selection tools. This routine iteratively updated the model's 

hyperparameters based on the pheromone trails, which were represented by the model's performance metrics on the 

validation set during cross-validation runs. 

Training and evaluating the machine learning models were performed within scikit-learn's framework, which offered 

a variety of algorithms suitable for classification tasks. The models were trained on the PCA-reduced feature set, 

and their performance was evaluated on a separate testing set to ensure the validity of the results. 

The model evaluation highlighted the effectiveness of the PCA-ACO LDP algorithm in identifying tomato leaf 

diseases. The evaluation metrics, calculated using scikit-learn's metrics module, showed promising results. The 

Accuracy metric indicated a high overall rate of correct predictions, while Precision and Recall provided insight 

into the model's ability to correctly identify diseased leaves (true positives) against the backdrop of healthy leaves 

and other diseases. The F1-score synthesized these metrics into a single figure, reflecting the balance between the 

precision and recall of the model. 
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Matplotlib, a plotting library for Python, was used to visually present the results, offering an illustrative depiction 

of the algorithm's performance across various classes of diseases. This visual representation was crucial for the 

discussion of the algorithm's effectiveness and provided an accessible means for comparing the predictive 

capabilities of different models within the PCA-ACO LDP framework. 

The discussion also delves into the implications of these results for the field of precision agriculture. The practicality 

of implementing such an algorithm in real-world scenarios was considered, particularly in terms of computational 

efficiency and the potential for real-time disease detection. The PCA-ACO LDP algorithm demonstrated a 

significant reduction in feature space dimensionality, which is expected to translate into faster processing times, a 

valuable asset for in-field analysis. 

The robustness of the algorithm against variations in leaf imaging conditions, such as lighting and background, was 

addressed. The generalizability of the model to different tomato cultivars and stages of disease progression was also 

discussed, as these factors are critical for the development of a universally applicable disease detection system in 

agriculture. 

V. DATA SET 

 

 

 

 

 

 

 

 

 

 

FIGure 3: Shows different Diseases tomato leaves 

Fig 3 displaying a collection of eight tomato leaf images, each exhibiting varying characteristics indicative of health 

and disease. Starting from the top left, the first image presents a leaf with a healthy green hue and a smooth texture. 

Moving right, the second leaf shows early signs of distress with minor speckling. The third leaf, completing the top 

row, maintains a robust shape and color, suggesting vigor. The middle row begins with a leaf showing significant 

discoloration and spots, symptomatic of potential disease. Adjacent to this, the center image reveals a leaf beginning 

to yellow, possibly indicating nutrient deficiency or illness. The third in this row has severe blemishes and decay, 

clearly afflicted by disease. The final row, with only two images, displays leaves with contrasting health; the first 

has a pristine surface, while the second shows subtle signs of wilting or pathogen exposure. Collectively, these 

images encapsulate a spectrum of conditions from the pristine to the pathological, providing a comprehensive 

overview of the various states of tomato leaf health that one might encounter in the field. 

 

Figure 4 Disease color Identification removes the green color 
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Fig 4  triptych display juxtaposes an original high-resolution image of a diseased tomato leaf with its processed 

counterpart and a histogram analysis of the green color channel, offering insights into the leaf's health status through 

image processing techniques. The original image, depicting discoloration and necrotic spots, serves as a basis for 

the subsequent color extraction process, which isolates the diseased areas, accentuating them against a stark 

background to facilitate disease identification. The accompanying histogram quantifies the green channel's pixel 

intensity distribution, revealing a multimodal frequency that corresponds to the varied shades of green indicative of 

both healthy tissue and areas of concern. This analytical approach, combining targeted image processing with color 

channel histogram analysis, provides a robust framework for developing algorithms capable of automating plant 

disease detection, with potential applications in enhancing precision agriculture practices. 

 

Figure 5 Describe remove green spots other color dots and defected areas and draw contour 

Fig 5 This image displays a tomato leaf with its condition highlighted through advanced image processing 

techniques to accentuate areas of potential concern. The vibrant green spots scattered across the leaf's surface likely 

represent regions where disease symptoms are present, possibly indicating instances of infection or infestation. The 

background in magenta serves to starkly contrast the leaf, ensuring that the green areas, which may correspond to 

chlorotic or necrotic tissue, are distinctly visible for analysis. The image has been processed to such an extent that 

the natural coloration of the leaf is obscured, suggesting that a color segmentation algorithm has been applied to 

emphasize the regions of interest. This kind of image manipulation is critical in the field of precision agriculture, 

where such clear visual demarcations can facilitate the rapid identification and assessment of plant health, forming 

the basis for automated detection systems that aim to monitor crop vitality and diagnose plant diseases. 

Table 1: Extract the data from the features from images 

Red 

Mean 

Green 

Mean 

Blue 

Mean 

Height Width Defect 

Color R 

Defect 

Color G 

Defect 

Color B 

Defect 

Intensity 

Disease 

125.441

3 

117.668

1 

101.712

9 

256 256 41.1524

2 

47.2120

7 

23.5264

2 

41.1524

2 

2 

125.441

3 

117.668

1 

101.712

9 

256 256 41.1524

2 

47.2120

7 

23.5264

2 

41.1524

2 

0 

125.441

3 

117.668

1 

101.712

9 

256 256 41.1524

2 
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The Tabel1  dataset excerpt provided appears to consist of feature vectors extracted from images of tomato leaves, 

quantifying attributes relevant to disease detection. Each entry includes mean color values across the red, green, and 

blue channels, suggesting an analysis of the overall color tone of the leaf, which can be indicative of health or stress. 

The consistent values for height and width at 256 units each imply a standardized image size, possibly the result of 

image pre-processing to normalize the input data. Defect colors are specifically quantified with separate mean values 

for the red, green, and blue channels, capturing the average intensity of discoloration associated with disease 

symptoms. The defect intensity, which seems to be directly derived from the red channel defect color, may represent 

the severity of the detected anomalies. The final 'Disease' column, populated with integers, likely corresponds to 

categorical labels indicating the presence or absence of disease—'2' for diseased and '0' for healthy. This kind of 

structured feature data is pivotal for training machine learning models to classify plant health and could significantly 

aid in the early detection and treatment of crop diseases, ultimately enhancing yield and agricultural . 

 

Figure 6: Line chart red Mean 

The Fig 6 graph is a "Line Chart of Red Mean" that exhibits the variability of the red color intensity across a series 

of image data points. The fluctuations in the line suggest a range of red values which may correlate with various 

stages or types of leaf health and stress conditions. 

 

Figure 8: Red mean vs green Mean 

In the "Scatter Plot of Red Mean vs Green Mean," data points are dispersed in a diagonal pattern ascending from 

left to right, indicating a positive correlation between the red and green color intensities within the leaf images, 

which could reflect the natural variance in leaf pigmentation or stages of disease progression. 
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Figure 9 Heat Map 

The Fig 9 "Heatmap of Correlation Matrix" uses color intensity to represent the strength of correlation between 

various features, with darker shades indicating higher correlation. It reveals a strong relationship among the RGB 

mean values, suggesting consistent color changes across the leaf samples, while the correlation with the disease is 

notably weak. 

 

Figure 10 Histogram Defect Color Red 

Fig 10 Lastly, the "Histogram of Defect Color R" and "Box Plot of Defect Color B" depict the distribution and 

statistical range of defect color values in the red and blue channels, respectively. The histogram shows a bimodal 

distribution of red defect color intensity, possibly differentiating between two common types of leaf defects, while 

the box plot conveys the central tendency and spread of blue defect color values, highlighting outliers in the dataset. 

MODEL COMPARISONS 

Table 2: Comparison of All Algorithm With Performance metrics 

Algorithms Accuracy Precision Recall F1 Score 

Decision Tree 0.493 0.494 0.493 0.49 

KNN 0.493 0.494 0.493 0.494 

SVM 0.492 0.493 0.492 0.492 

Logistic Regression 0.495 0.495 0.495 0.495 

hybrid 0.983 0.978 0.965 0.946 
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Figure 11: Comparison and Visualization to the best model for prediction diseases in tomato leave diseases 

Fig and Table The comparison of machine learning algorithms on metrics of Accuracy, Precision, Recall, and F1 

Score reveals a distinct hierarchy of performance. Decision Trees, K-Nearest Neighbors (KNN), Support Vector 

Machines (SVM), and Logistic Regression exhibit remarkably similar scores, with values fluctuating marginally 

around the 0.49 mark across all metrics. These scores suggest moderate performance but also indicate a potential 

balance between the sensitivity and specificity of these models. The uniformity of the values across different 

evaluation metrics for each algorithm implies that they are neither overly biased nor suffering from overfitting to 

particular aspects of the dataset. However, the performance does not significantly exceed what might be expected 

from random guessing, which could suggest that these models may not have effectively captured the complexities 

of the dataset. 

In stark contrast, the 'hybrid' algorithm outperforms the conventional models with substantial margins, achieving an 

Accuracy of 0.983, Precision of 0.978, Recall of 0.965, and an F1 Score of 0.946. These high scores are indicative 

of a model that not only accurately identifies the correct classes but also maintains a high level of reliability in its 

predictions (as evidenced by the precision), a robust ability to detect the positive class (as seen in the recall), and a 

harmonious balance between precision and recall (as reflected in the F1 Score). The 'hybrid' model's superior 

performance across all metrics suggests a sophisticated approach, possibly integrating multiple algorithms or 

employing advanced feature engineering and selection techniques. This level of accuracy and consistency across 

various measures indicates a robust model well-suited for practical applications, making it the best performer in this 

analytical assessment. 

VI. CONCLUSION 

The implementation of the novel PCA-ACO Leaf Disease Prediction (PCA-ACO LDP) algorithm, coupled with the 

LeafNet Feature Extraction (LNFE), marks a significant advancement in the domain of tomato leaf disease 

detection. Performance analysis, as indicated by accuracy, precision, recall, and F1 score, demonstrates that the 

hybrid model exhibits superior capabilities over conventional algorithms. The accuracy of the hybrid approach is 

exceptional at 0.983, overshadowing the Decision Tree, KNN, SVM, and Logistic Regression models, which only 

achieve an accuracy of approximately 0.493. Precision and recall, critical indicators of model reliability, are equally 

impressive for the hybrid model, at 0.978 and 0.965 respectively, suggesting that the hybrid algorithm is highly 

effective in correctly identifying diseased leaves while minimizing false positives. The F1 score of 0.946 further 

reinforces the balanced precision and recall of the hybrid system. These results suggest that the hybrid model not 

only excels in performance metrics but also provides a comprehensive solution to the pressing need for early and 

accurate disease detection in tomato plants. The use of LNFE and PCA-ACO LDP represents a significant stride in 

feature optimization, enhancing the model's predictive power. The analysis underscores the hybrid model as the 

optimal choice for practitioners seeking efficient and reliable disease detection in tomato crops, thereby addressing 

a crucial agricultural challenge. 
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