‘»

\“‘ernatro,,/do
5 Z

2026 Volume: 02 Issue: 04  www.ijrpa.com  1SSN 2456-9995 Research Article

International Journal Research Publication Analysis

Page: 01-13

A COMPREHENSIVE COMPARATIVE ANALYSIS OF LEAF DEFECT

DETECTION TECHNIQUES USING CLASSICAL IMAGE
PROCESSING AND DEEP LEARNING

*Ms. N. Ajitha, Ajomina A., Ajay K.

! Assistant Professor, Department of Software Systems, Sri Krishna Arts and Science College,

Coimbatore, India.
23Student, Department of Software Systems, Sri Krishna Arts and Science

College,Coimbatore, India.

Article Received: 02 March 2026 *Corresponding Author: Ms. N. Ajitha
Article Revised: 20 March 2026 Assistant Professor, Department of Software Systems, Sri Krishna Arts and Science
Published on: 10 April 2026 College, Coimbatore, India.

DOI: https://doi-doi.org/101555/ijrpa.9772

ABSTRACT

Plant health deterioration is often first visible through leaf abnormalities, which signal the
onset of disease, pest infestation, or environmental damage, all of which negatively influence
crop productivity and output quality. Relying on human visual inspection to identify such
abnormalities is not only labor-intensive but also highly inconsistent and unsuitable for
deployment at an agricultural scale. Digital image processing-based automation presents a
viable, repeatable, and scalable pathway for early-stage leaf defect identification.

This work conducts a systematic comparative evaluation of leaf defect detection approaches,
contrasting classical image processing pipelines with modern deep learning architectures. The
experimental framework encompasses image acquisition, preprocessing, region segmentation,
descriptor extraction, and classification. Traditional classifiers including k-Nearest Neighbor,
Support Vector Machine, and Random Forest are benchmarked against convolutional neural
network architectures and transfer learning variants.

Findings reveal that traditional methods yield acceptable results on small, well- controlled
image collections, whereas deep learning architectures substantially outperform them in
accuracy and generalizability across diverse scenarios. The study underscores the practical

advantages of neural network-based classifiers for real-world agricultural deployment.
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I. INTRODUCTION

A. Background of Leaf Defect Detection

Visible anomalies in plant leaves—whether caused by fungal infection, pest feeding, or abiotic
stressors—often precede broader crop damage and represent the most accessible diagnostic
signal for agricultural health assessment. Without prompt intervention upon detecting such
symptoms, diseases can propagate rapidly and result in significant yield losses. Historically,
identifying these symptoms depended on trained agronomists conducting field-level visual
assessments, a process that is both time-intensive and prone to human error, making it ill-
suited for monitoring operations spanning large cultivation areas. This gap has prompted
growing interest in automated, technology- driven solutions for leaf defect identification.

B. Motivation for Automated Image- Based Classification

Rapid progress in computer vision and digital image analysis has opened new avenues for
building automated plant health diagnostic platforms. Classification frameworks grounded in
image data offer a non-invasive, consistent, and high- throughput means of evaluating leaf
conditions across variable field environments. While traditional image processing paired with
handcrafted feature descriptors and machine learning models has been broadly adopted, the
performance of such pipelines is constrained by the quality and expressiveness of the
engineered features. The rise of convolutional neural networks and allied deep learning
architectures has addressed this limitation by enabling end-to-end feature learning from raw
image data, thereby motivating a rigorous comparative study of these two paradigms.

C. Contributions of This Study

The primary contribution of this work is a structured and fair comparative investigation of
leaf defect detection techniques spanning classical image processing and deep learning-based
classification. The study systematically assesses well-established handcrafted feature-based
classifiers alongside neural network architectures and fine-tuned transfer learning models
under a consistent experimental protocol. By examining performance trade-offs, operational
advantages, and shortcomings across all evaluated approaches, this work delivers concrete

insights to guide method selection
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in real-world automated agricultural monitoring scenarios.

II. RELATED WORK

A. Classical Image Processing—Based Methods

The earliest investigations into automated leaf defect detection were rooted in classical image
analysis pipelines. Such systems generally begin with preparatory steps like illumination
normalization and color channel manipulation before applying segmentation algorithms to
delineate the leaf from surrounding regions. Disease areas are subsequently localized using
threshold-based binarization, gradient- based edge operators, or region-growing strategies,
with color and texture statistics serving as the primary discriminative descriptors. Although
these solutions are lightweight and relatively straightforward to deploy, they are notably
fragile in the presence of inconsistent lighting, cluttered backgrounds, or low image
resolution.

B. Machine Learning—Based Classification

Subsequent research sought to overcome the limitations of purely rule-driven approaches by
combining handcrafted descriptors with supervised machine learning algorithms. Classifiers
such as k- NN, Naive Bayes, SVM, and Random Forest gained widespread adoption in leaf
disease classification tasks, where they leverage color histograms, textural statistics, and
geometric shape measures to differentiate between healthy tissue and defective regions.
While this fusion of feature engineering and discriminative classification provides improved
adaptability over threshold-based systems, its overall effectiveness remains tightlyn
coupled to the quality of the chosen features and the domain knowledge invested in their
design.

C. Deep Learning—Based Approaches

Contemporary research has recorded substantial gains in leaf defect recognition accuracy by
adopting deep learning frameworks, particularly CNN-based architectures. Unlike
conventional methods, these networks derive useful representations directly from pixel data
through a hierarchical learning process, circumventing the need for manual feature design.
Domain adaptation through transfer learning—using pre-trained models such as VGG,
ResNet, and MobileNet and fine- tuning them on plant image datasets—has proven especially
beneficial in data-scarce settings. While deep learning models excel in terms of accuracy and
resilience under complex real-world conditions, they impose considerably higher demands on

computational hardware and require careful hyperparameter optimization.
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D. Limitations of Existing Studies

Notwithstanding the progress achieved, a number of persistent gaps remain in the existing
literature. A significant portion of published studies confine their evaluation to curated,
small-scale image collections that do not reflect the variability encountered in practical
farming environments. Cross-method comparisons are further complicated by the absence of
standardized datasets and inconsistent evaluation criteria across studies. Moreover, practical
deployment considerations such as inference speed and resource constraints are rarely
addressed, reinforcing the need for a holistic and balanced assessment that can serve as a

reliable reference for real-world agricultural applications.

III. METHODOLOGY OVERVIEW

Classification

rare | | [P — LA
Extraction

Deep Leaming o
Models g  Defective Leaf

Output Result

Input Leaf
Image

Figure 1. Overall methodology for leaf defect detection using classical image processing

and deep learning-based classification techniques.

A. Overall Workflow of the Proposed System

The leaf defect detection framework introduced in this work is organized as a multi-stage
processing pipeline. Leaf images are first collected from a curated dataset and passed through
a preprocessing module designed to eliminate noise and improve overall image quality. A
segmentation step then isolates the leaf area from the image background, ensuring that
subsequent analysis is confined to the region of diagnostic interest. In the classical processing
branch, handcrafted feature descriptors are extracted from the segmented region, whereas the
deep learning branch enables the models to autonomously acquire feature representations
from raw input images. Both branches converge at the classification stage, where each method
is assessed against a common set of quantitative performance indicators.

B. Dataset Description

The image collection employed in this study comprises annotated leaf photographs
encompassing both disease-free and visibly affected specimens. To emulate real-world field
variability, the dataset includes samples with diverse coloration patterns, surface
textures, and defect morphologies. Prior to training and evaluation, all images undergo spatial

normalization to a fixed resolution to ensure input consistency across the pipeline. This
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diversity within the dataset allows for a meaningful comparison of performance across both
handcrafted feature-based and neural network-based classification strategies.

C. Training and Testing Strategy

To obtain an unbiased measure of each model’s predictive capability, the image collection is
partitioned into separate training and evaluation subsets. For the classical approaches, feature
vectors derived from the segmented images serve as input to the respective classifiers during
training. Deep learning models are trained end-to-end directly on image data, while transfer
learning architectures are initialized with weights pre-trained on large-scale benchmark
datasets and subsequently fine-tuned to the leaf domain to accelerate convergence.
Classification performance on the held-out evaluation set is quantified using accuracy,

precision, recall, and F1-score, ensuring that all methods are assessed on an equal footing.

IV. IMAGE PREPROCESSING AND SEGMENTATION

Image Preprocessing and Segmentation

A. Noise Removal
and Image Enhancement

B. Color Space
Transformation
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Figure 2. Image preprocessing and leaf segmentation process.

Noise Removal and Image Enhancement

Preparatory image processing is applied at the outset to elevate the quality of raw leaf
photographs and ensure dependable downstream analysis. Unwanted noise artifacts
introduced during image capture are attenuated through spatial filtering using median or
Gaussian kernels, which smooth out stochastic pixel variation while safeguarding fine
structural detail within the leaf. Contrast stretching and intensity normalization are then
applied to amplify the visual contrast of defect regions, compensating for uneven illumination
across the image. These preprocessing steps collectively minimize the confounding influence
of acquisition conditions and strengthen the reliability of both segmentation and classification
stages that follow.

A. Color Space Transformation

For improved representation of leaf surface characteristics, the standard RGB color encoding
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of input images is converted into perceptually oriented color spaces such as HSV or Lab.
These alternative representations decouple luminance from chromatic information, yielding
descriptors that exhibit greater resilience to variations in ambient lighting. By selectively
accentuating the chromatic shifts associated with disease lesions and discoloration, color
space conversion enhances the separability between healthy and affected tissue regions,
which in turn leads to more accurate segmentation masks and richer feature extraction.

B. Leaf Segmentation Technique Used

Precise delineation of the leaf boundary is a prerequisite for ensuring that subsequent
analysis is confined to diagnostically relevant tissue. Segmentation is accomplished by
applying color-guided thresholding strategies that discriminate between the leaf foreground
and the image background based on chromatic properties. Post-segmentation, morphological
operators such as erosion and dilation are employed to clean the binary mask by eliminating
spurious micro-regions and sealing boundary discontinuities. A well- defined segmentation
output guarantees that only leaf-specific pixel information enters the feature extraction and

classification modules.

V. FEATURE EXTRACTION

Feature extraction translates the visual content of segmented leaf images into compact
numerical representations that machine learning classifiers can process. This study selects a
concise set of well- established descriptors spanning color, texture, and shape domains,
striking a balance between computational tractability and the breadth of information required

to characterize defect patterns reliably.

Feature Extraction
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Figure 3. Feature extraction techniques used for leaf defect analysis.

A. Color Features

Chromatic descriptors are computed to quantify the visible spectral changes that manifest in
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diseased leaf tissue, including yellowing, browning, and irregular pigmentation. Channel-
wise statistical summaries—such as the mean intensity, standard deviation, and frequency
distribution histograms—are derived from selected color channels. These measurements
encode the degree and spatial spread of coloration anomalies, enabling the classifier to
distinguish between visually normal and visually abnormal leaf regions.

B. Texture Features (GLCM / LBP)

Surface texture characteristics provide a complementary dimension for identifying structural
irregularities introduced by leaf diseases. Second-order statistical features derived from the
Gray Level Co-occurrence Matrix (GLCM)—including contrast, energy, homogeneity, and
correlation— encode the spatial co-occurrence relationships among pixel intensity values. In
addition, Local Binary Patterns (LBP) are applied to capture fine-grained local microstructure
variations across the leaf surface. Together, these texture representations reveal disease
signatures that are not apparent from color information alone.

C. Shape Features

Geometric descriptors capture morphological changes in the leaf outline and defect contour
that arise from physical damage, necrosis, or structural deformation. Fundamental shape
measures including enclosed area, boundary perimeter, and the width-to-height aspect ratio
are computed to characterize the spatial extent and proportions of affected regions. These
attributes complement chromatic and textural information by capturing deformation patterns
and boundary irregularities that neither color nor texture descriptors alone can fully

convey.

VI. CLASSIFICATION METHODS

The classification stage constitutes the decision-making component of the leaf defect
detection pipeline, responsible for assigning a health label to each input leaf image based on
either the extracted feature vector or the internally learned representations. This study places
both families of classifiers—traditional machine learning algorithms and modern deep
learning networks—under a unified experimental protocol to allow for a direct and

transparent comparison of their discriminative capabilities.
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A. Classical Classification Methods

Classification Methods
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Figure 4. Overview of classical machine learning classifiers for leaf defect detection.

1. K-Nearest Neighbor (k-NN)

The k-NN algorithm assigns a class label to an unseen sample by identifying its k closest
neighbors in the training feature space and selecting the label by plurality vote. Proximity is
typically measured using Euclidean distance between feature vectors. The algorithm is
straightforward to implement and achieves reasonable performance when class distributions
are compact and well-separated. Nonetheless, it is susceptible to noise in the feature space
and its accuracy can vary considerably depending on the choice of k. Furthermore, the method
incurs growing computational overhead as the training set expands, since every prediction
requires exhaustive distance computation against all stored training samples.

2. Support Vector Machine (SVM)

SVM is among the most widely adopted classifiers in plant disease detection literature owing
to its strong capacity for generalization to unseen data. The algorithm identifies a hyperplane
in the feature space that maximally separates samples belonging to different classes, with the
decision boundary positioned to maximize the inter-class margin. Non- linear decision
boundaries are realized through the kernel trick, with radial basis function and linear kernels
being the most commonly applied. SVM exhibits particularly strong performance on
moderately sized datasets and has demonstrated effectiveness when paired with combined
color and texture feature representations.

3. Random Forest

Random Forest operates as an ensemble classifier by constructing a collection of decision
trees, each trained on a randomly drawn subset of training samples and features. The final

classification decision is reached by aggregating the predictions of all individual trees through
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a majority voting mechanism, which significantly reduces overfitting risk and enhances
generalization. This approach offers consistent and robust performance across varying feature

distributions and is well- suited to multi-class leaf defect categorization tasks.

B. Deep Learning Classification Methods
1. Convolutional Neural Network (CNN)

Deep Learning Classification Methods
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Figure 5. Deep learning classification framework using CNN and transfer learning

models.

CNNs derive multi-level feature representations from input images in a fully data-driven
manner by stacking convolutional filtering operations with spatial pooling layers. This
architecture removes the reliance on domain experts to manually craft feature descriptors and
is inherently capable of encoding the complex spatial patterns that characterize leaf defects.
CNN models consistently achieve high classification accuracy and resilience to image
variability, especially when access to sufficiently large annotated training datasets is
available.

2. Transfer Learning Models (VGG / ResNet / MobileNet)

Transfer learning leverages the knowledge encoded in deep neural networks originally trained
on large general-purpose image corpora and adapts it to the target leaf classification task
through fine-tuning. Architectures such as VGG, ResNet, and MobileNet have been
successfully repurposed in this manner, yielding strong classification results even when
labeled leaf data is limited. Within this family, compact architectures like MobileNet offer an
attractive trade-off between inference efficiency and accuracy, making them viable for
deployment on resource-limited hardware, while more expressive networks such as ResNet

deliver superior recognition performance when computational resources are not a constraint.
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VILEXPERIMENTAL RESULTS AND COMPARATIVE ANALYSIS

A. Performance Metrics Used

Accuracy Comparison of Classification Methods for Leaf Defect Detection

Accuracy (%)

Classification Models

Figure 6. Accuracy comparison of classical and deep learning classification methods for

leaf defect detection.

All classification methods in this study are assessed using a uniform set of evaluation metrics
widely adopted in image-based pattern recognition. Overall classification correctness is
captured by accuracy, while precision quantifies the fraction of predicted positives that are
genuinely defective and recall measures the proportion of actual defects that the model
successfully identifies. The F1-score synthesizes precision and recall into a single balanced
indicator particularly valuable under class imbalance. Taken together, these metrics afford a
rigorous and equitable basis for comparing the relative merits of classical and deep learning-

based classifiers.

Table 1. Performance of Classical Classification Methods

Classifier Accuracy (%) Precision (%) Recall (%) F1-Score (%)

k-Nearest Neighbor 82 80 79 795

Support Vector 88 87 86 86.5
Machine

Random Forest 86 85 84 845

Table 2. Performance of Deep Learning Classification Methods

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%)
CNN 91 90 89 895
VGG 93 92 91 915
ResNet 95 94 94 940

MobileNet 92 91 90 905

B. Results of Classical Classifiers

Among the traditional classifiers, k-NN delivered moderate results whose accuracy was
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notably sensitive to the scaling of input features and the selected value of the neighborhood
parameter. SVM demonstrated stronger discriminative capability, achieving higher accuracy
through its margin-maximizing decision boundary, which proved effective in handling multi-
dimensional feature spaces. Random Forest exhibited the most consistent behavior within the
classical group, with its ensemble averaging mechanism providing better resilience to noise

and improved handling of multi- category defect scenarios compared to k- NN.

C. Results of Deep Learning Models

Neural network-based classifiers consistently surpassed their traditional counterparts across
all measured performance indicators. CNN architectures demonstrated strong capacity to
encode both spatial and textural defect signatures within the leaf images through hierarchical
feature learning. Transfer learning models—VGG, ResNet, and MobileNet—further elevated
classification performance by leveraging rich generalizable representations pre-learned from
large image repositories. ResNet delivered the highest overall accuracy owing to its deep
residual structure, while MobileNet proved to be the most computationally efficient option,
presenting a favorable trade-off between recognition performance and resource consumption.
D. Comparative Performance Analysis

Side-by-side analysis of the results reveals a clear performance stratification between the two
classifier families. Classical approaches yield satisfactory outcomes when evaluated on tightly
controlled image collections with limited intra-class variation, but their accuracy degrades
noticeably when confronted with real- world environmental variability. Deep learning
models, on the other hand, maintain high accuracy and consistency across a wider range of
image conditions, attributed to their capacity for automatic representation learning. These
observations confirm that transfer learning-based deep neural networks represent the most

reliable and scalable solution for practical leaf defect detection deployments.

VIII. CONCLUSION

Conclusion and Best Performing Method for Leaf Defect Detection

Performance Comparison

MobileNet (Lighweight & Fast)

BT,
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Figure 6. Summary of key findings and best performing classification methods for leaf

defect detection.
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A. Key Findings

This investigation conducted a rigorous comparative assessment of leaf defect detection
approaches spanning classical image analysis and deep learning-based classification. The
experimental results confirm that handcrafted feature-based classifiers such as SVM and
Random Forest can perform well when paired with carefully engineered feature sets.
However, their detection capability deteriorates under challenging imaging conditions
involving variable illumination, heterogeneous backgrounds, and diverse defect
morphologies. Deep learning architectures, in contrast, consistently deliver higher accuracy
and stronger resilience by autonomously learning discriminative representations tailored to
the leaf classification task.

B. Best Performing Classification Method

Across all evaluated architectures, transfer learning-based convolutional neural networks
emerged as the top-performing solution. Deep residual networks such as ResNet attained the
highest classification accuracy by virtue of their ability to encode complex multi-scale defect
patterns through skip-connection-enabled deep feature hierarchies. Simultaneously,
lightweight variants such as MobileNet demonstrated that competitive recognition
performance can be maintained at a fraction of the computational cost, making them attractive
for field-deployable monitoring systems. Collectively, these results affirm that deep learning
classifiers are the optimal choice for building accurate, scalable, and practically deployable

leaf defect detection systems.

FUTURE WORK

Prospective research directions include optimizing network architectures for on- device
inference to enable real-time defect screening directly in the field without reliance on cloud
infrastructure. Exploring advanced data augmentation strategies and assembling larger, more
geographically diverse annotated datasets could substantially improve model generalization
under variable environmental conditions encountered in practice. Furthermore, integrating
explainable Al mechanisms into the classification pipeline would provide farmers and
agronomists with interpretable visual explanations of the model’s decisions, fostering greater

trust and facilitating wider adoption of automated plant health monitoring technologies.
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