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Abstract-- Plant diseases cause significant losses in
agricultural productivity and directly affect food security.
Early and accurate identification of plant diseases is essential
to minimize crop damage and improve yield. Conventional
disease detection methods rely on manual inspection by
experts, which is time-consuming, costly, and prone to human
error. This paper presents an Al-based plant disease
identification system using image processing techniques. Leaf
images are acquired and pre-processed to enhance quality and
suppress noise. Image segmentation techniques are applied to
extract diseased regions, followed by feature extraction using
color, texture, and shape descriptors. Artificial Intelligence
models, including machine learning and deep learning
techniques, are used to classify plant diseases accurately.
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I. INTRODUCTION

Agriculture plays a crucial role in the global economy,
especially in developing countries. Plant diseases
significantly reduce crop yield and quality, leading to
economic losses and food insecurity. Early disease
detection is essential for effective disease management and
prevention.

Traditional methods of plant disease detection involve
visual inspection by agricultural experts. These methods
are labour-intensive, time-consuming, and subjective.
Recent advances in image processing and artificial
intelligence have enabled automated plant disease detection
systems that offer higher accuracy and faster diagnosis. Al-
based techniques can analyse plant leaf images and identify
diseases at an early stage, supporting farmers in decision-
making.

Il. LITERATURE REVIEW

Earlier research in plant disease detection employed
traditional image processing methods combined with
machine learning classifiers. Color and texture features
were extracted from leaf images and classified using
Support Vector Machines (SVM), K-Nearest Neighbors
(KNN), and Decision Trees. Although these methods
achieved reasonable accuracy, their performance was
affected by variations in lighting, background, and leaf
orientation.
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With the advent of deep learning, Convolutional Neural
Networks (CNNs) have become widely used for plant
disease identification. CNN-based models automatically
learn discriminative features from raw images, eliminating
the need for manual feature extraction. Several studies
reported improved classification accuracy and robustness
using deep learning architectures. Recent research also
focuses on mobile and cloud-based deployment of Al
models for real-time disease detection in agricultural fields.

I1l. PROPOSED METHODOLOGY

The proposed system follows a structured workflow
consisting of five major stages.
Image Acquisition

Plant leaf images are acquired using digital cameras or
smartphone devices under either controlled laboratory
conditions or natural field environments. Care is taken to
ensure adequate lighting, proper focus, and uniform
background wherever possible to minimize noise and
enhance image quality. The captured images constitute the
primary input dataset for the proposed plant disease
identification system.

Image Pre-processing

Image pre-processing is a crucial step aimed at
enhancing the quality of plant leaf images and reducing
unwanted distortions introduced during image acquisition.
Since raw images may contain noise due to varying lighting
conditions, shadows, camera limitations, or background
interference, pre-processing ensures that the images are
suitable for accurate feature extraction and classification.

Initially, all images are resized to a uniform resolution to
maintain consistency across the dataset and to reduce
computational complexity. Noise present in the images is
minimized using filtering techniques such as median
filtering, which is effective in removing salt-and-pepper
noise while preserving edges, and Gaussian filtering, which
smooths images by reducing high-frequency components.

Subsequently, color space conversion is performed to
transform images from the RGB color model to other
representations such as HSV or grayscale. This conversion
helps in better separation of color information from
intensity values, facilitating improved detection of disease-
related patterns.
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Finally, contrast enhancement techniques such as
histogram equalization or adaptive contrast stretching is
applied to improve the visibility of affected regions on the
leaf surface, thereby aiding in accurate segmentation and
feature extraction.

Algorithm: Image Pre-processing for Plant Leaf Disease
Identification

Input: Raw plant leaf image

Output: Pre-processed image suitable for segmentation
and feature extraction

Step 1: Acquire the plant leaf image using a digital camera
or smartphone.
Step 2: Resize the image to a fixed resolution to ensure
uniformity and reduce computational cost.
Step 3: Apply noise removal techniques:

e Use median filtering to eliminate salt-and-pepper
noise.

e Use Gaussian filtering to smooth the image and
reduce high-frequency noise.

Step 4: Perform color space conversion from RGB to

grayscale or HSV to separate color and intensity
information.
Step 5: Enhance image contrast using histogram

equalization or contrast stretching to highlight disease-
affected regions.

Step 6: Store the pre-processed image for further stages
such as segmentation and feature extraction.

Feature Extraction

Feature extraction is a critical stage in plant leaf disease
identification, as it transforms segmented image regions
into a compact and discriminative set of numerical
descriptors. These features capture the visual characteristics
of diseased leaf areas and enable effective classification by
machine learning or artificial intelligence models.

After segmentation, only the region of interest (ROI)
corresponding to the diseased portion of the leaf is
considered for feature computation. The extracted features
are broadly categorized into color, texture, and shape
features.

Color Features

Color features represent variations in pigmentation
caused by disease symptoms such as yellowing, browning,
or chlorosis. Statistical color descriptors including mean
and variance are calculated for each color channel to
capture average intensity and dispersion of pixel values.
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In addition, color histograms are generated to model the
distribution of color intensities across the segmented
region. These features are particularly useful for
distinguishing diseases that exhibit similar shapes but
different color patterns.

Texture Features

Texture features characterize the surface properties of
the diseased regions, such as roughness, granularity, and
regularity. The Gray Level Co-occurrence Matrix
(GLCM) is used to analyze spatial relationships between
pixel intensities at different orientations and distances.
From the GLCM, statistical texture features including
contrast, correlation, energy, and homogeneity are
extracted. These features effectively capture variations
caused by lesions, spots, and fungal growth patterns on the
leaf surface.

Shape Features

Shape features describe the geometric structure of the
segmented diseased region. Metrics such as area quantify
the size of the infected region, while perimeter measures
the boundary length of the affected area. These features
assist in assessing disease severity and differentiating
diseases that produce distinct lesion shapes.

The combined color, texture, and shape features are
concatenated to form a feature vector, which serves as
input to the classification stage for accurate plant disease
identification.

Algorithm: Feature Extraction Process

Input: Segmented diseased leaf image
Output: Feature vector
1. Select the segmented region of interest (ROI).

2. Compute color features (mean, variance,
histogram).
3. Generate GLCM matrices at multiple orientations.

4, Extract texture features (contrast, correlation,
energy, homogeneity).

5. Calculate shape features (area, perimeter).

6. Combine all extracted features into a single
feature vector

Classification

The classification stage is responsible for identifying the
type of plant disease present in a leaf image by analysing
the extracted feature set or raw image data. Artificial
Intelligence (Al)-based models are employed to achieve
accurate, automated, and efficient disease recognition.
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Both traditional machine learning approaches and deep
learning techniques are explored to compare performance
and suitability.

Machine Learning-Based Classification

In machine learning-based classification, the feature
vectors obtained from the feature extraction stage (color,
texture, and shape features) are used as inputs to the
classifier. Algorithms such as Support Vector Machine
(SVM) and K-Nearest Neighbor (KNN) are commonly
adopted due to their simplicity and effectiveness.

e Support Vector Machine (SVM):

SVM aims to identify an optimal hyperplane that
maximizes the margin between different disease classes in
the feature space. Kernel functions such as linear,
polynomial, or radial basis function (RBF) are employed to
handle non-linear separability. SVM is particularly
effective for high-dimensional data and small to medium-
sized datasets.

o K-Nearest Neighbor (KNN):

KNN is a distance-based classifier that assigns a class
label to an unknown sample based on the majority vote of
its k nearest neighbors. Distance measures such as
Euclidean or Manhattan distance are used to compute
similarity. Although computationally simple, KNN
performs well when feature distributions are well
separated.

Deep Learning-Based Classification

Deep learning models, especially Convolutional Neural
Networks (CNNs), are employed for end-to-end plant
disease classification. Unlike traditional machine learning
methods, CNNs automatically learn discriminative features
from raw or pre-processed images, eliminating the need for
manual feature extraction.

A typical CNN architecture consists of convolutional
layers for feature extraction, pooling layers for
dimensionality reduction, and fully connected layers for
classification. Activation functions such as ReLU and
softmax are used to introduce non-linearity and generate
class probabilities. CNN-based models demonstrate
superior performance when trained on large datasets and
are capable of capturing complex disease patterns and
variations.

Training and Evaluation

The dataset is divided into training and testing sets to
evaluate model performance. During training, classifiers
learn patterns associated with different disease categories.
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The trained models are evaluated using standard
performance metrics including accuracy, precision, recall,
and F1-score. Comparative analysis is performed to assess
the effectiveness of machine learning and deep learning
approaches.

The final output of the classification stage is the
predicted disease label corresponding to the input plant leaf
image, enabling early detection and effective disease
management.

Algorithm: Classification Process
Input: Feature vector / Pre-processed leaf image
Output: Disease class label

1. Load the training dataset.

2. Train SVM and KNN classifiers using extracted
features.

3. Train CNN model using pre-processed images.

4.  Validate trained models using test data.

5. Predict disease class for the given input image.

IV. EXPERIMENTAL ANALYSIS AND RESULTS

The proposed plant disease identification system was
evaluated on a dataset consisting of healthy and diseased
leaf images. The dataset was divided into training and
testing sets, and identical pre-processing and feature
extraction procedures were applied across all experiments
to ensure fair comparison.

The system performance was evaluated using accuracy,
precision, and recall metrics. Comparative experiments
were conducted using traditional machine learning
classifiers such as Support Vector Machine (SVM) and
K-Nearest Neighbor (KNN), along with a Convolutional
Neural Network (CNN)-based deep learning model.

A. Performance Comparison

Table | presents a comparative analysis of different
classifiers used for plant disease classification.

Table |
Performance Comparison of Classification Models

[Classifier||Accuracy (%)||Precision (%)||Recall (%)|

IKNN 864 |84.9 183.7 |
Isvm  |l89.8 88.5 187.9 |
IcCNN 956 94.8 |95.2 |

The results indicate that traditional machine learning
classifiers perform reasonably well when trained on
handcrafted features.
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However, the CNN-based model achieves the highest
accuracy, precision, and recall, demonstrating its superior
capability in learning complex and discriminative features
directly from image data.

B. Confusion Matrix Analysis

To further analyse classification performance, a
confusion matrix was generated for the CNN-based
model. The confusion matrix illustrates the number of
correctly and incorrectly classified samples for each class,
providing insights into class-wise prediction behaviour.

Table 11
Sample Confusion Matrix for CNN Classifier

Actual \ Predicted||Healthy||Disease A||Disease B

Healthy % 2 0
Disease A 3 94 3
Disease B 1 4 95

From the confusion matrix, it can be observed that most
leaf images are correctly classified, with minimal
misclassification between similar disease categories. The
high true positive rates across all classes indicate strong
generalization ability and robustness of the CNN model.
Minor misclassifications are primarily attributed to visual
similarities between certain disease symptoms.

Overall, the experimental results confirm that deep
learning-based classification significantly outperforms
traditional machine learning approaches, making it a
reliable solution for automated plant disease detection in
real-world agricultural environments.

V. DiIscUsSION

The experimental results demonstrate that the integration
of image processing techniques with Artificial Intelligence
(Al) models provides an effective and reliable solution for
automated plant disease identification. The combination of
pre-processing, segmentation, feature extraction, and
classification enables accurate recognition of disease
patterns under varying image conditions.

Traditional machine learning approaches, such as SVM
and KNN, depend heavily on manually extracted features,
including color, texture, and shape descriptors.
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While these methods achieve satisfactory performance,
their accuracy is constrained by the quality and
completeness of handcrafted features. In contrast, deep
learning approaches, particularly Convolutional Neural
Networks (CNNs), automatically learn hierarchical and
discriminative features directly from image data. This
capability results in improved scalability and superior
classification performance, especially when handling
complex disease patterns and large datasets.

Despite the promising results, the effectiveness of the
proposed system is influenced by the quality and diversity
of the dataset. Variations in illumination, background
clutter, and image resolution can impact classification
accuracy if not adequately represented during training.
Additionally, deep learning models require significant
computational resources and large labelled datasets for
optimal performance, which may limit their deployment in
resource-constrained environments. Overall, the discussion
highlights the trade-offs between traditional machine
learning and deep learning approaches, emphasizing the
importance of dataset quality, model selection, and
computational considerations in designing robust plant
disease identification systems.

VI. CONCLUSION

This paper presented an Al-based plant disease
identification system that integrates image processing
technigques with machine learning and deep learning models
for accurate disease detection. The proposed approach
enables automated and early identification of plant
diseases, thereby reducing dependency on manual
inspection and expert knowledge.

Experimental results demonstrate that the system
achieves high diagnostic accuracy, particularly when deep
learning models are employed, owing to their ability to
automatically learn discriminative features from leaf
images. By improving detection reliability and minimizing
human intervention, the proposed system contributes to the
advancement of smart and sustainable agricultural
practices.

Future work will focus on the real-time deployment of
the system on mobile and embedded platforms to support
field-level disease monitoring. Additionally, expanding the
dataset to include a wider variety of crops and disease
types, as well as incorporating real-time environmental
data, can further enhance the robustness and applicability
of the proposed solution
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