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A Hybrid Framework Integrating Novel Segmentation and Hybrid
Feature Engineering with M-SVM for the Detection and Classification
of Wheat Rusts and Septoria
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Abstract: This study introduces a hybrid framework for the precise detection and

classification of wheat rusts (Leaf Rust, Stem Rust, and Stripe Rust) and Wheat Leaf
Septoria, aiming to enhance diagnostic accuracy and support effective disease management.
The framework comprises key stages: lesion segmentation, Hybrid Feature Engineering and
disease classification. Advanced machine learning and image enhancement methods are
combined to effectively segment lesions using a multilevel hybrid segmentation model,
followed by feature extraction involving shape, color, texture, and edge properties refined
through PCA, entropy and skewness. To address challenges related to limited datasets and
model overfitting, robust handcrafted features are utilized instead of deep feature
dependency. Finally, a Multi-Class Support Vector Machine (M-SVM) is employed for
classification.
Evaluated on four wheat diseases—septoria, stem rust, leaf rust, and stripe rust—the
framework achieved a segmentation performance index of 98.21% on 40 images per disease
and a classification accuracy of 99.1% using 10-fold cross-validation on 1,000 images. With
an Fl-score of 0.989, AUC of 0.991, and minimal error rates, the system outperforms
existing methods, averaging 5.8 seconds per image, demonstrating its robustness and
efficiency.

Keywords: Wheat Rusts and Septoria, Adaptive K-Means Clustering, Gaussian
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1. Introduction

Wheat ranks among the most extensively cultivated and economically significant crops
worldwide, serving as a staple food for millions. However, wheat production faces
significant challenges from various diseases that reduce 15-20% annual yield losses and
also adversely affect grain quality [43]. Among these, wheat rusts (Leaf Rust, Stem Rust,
and Stripe Rust) and Wheat Leaf Septoria are particularly destructive, causing substantial
losses to farmers worldwide. Detecting these diseases promptly and accurately is essential
for their effective control and reduction [12]. Traditional disease detection methods, such as
visual inspection and manual laboratory tests, typically involve lengthy procedures and
require advanced expertise, making them impractical for large-scale agricultural
monitoring. Therefore, developing automated, dependable, and effective tools is essential
to support the timely identification of wheat diseases.

Identifying and categorizing wheat rust and septoria spots using the proposed
framework typically involves four main stages: preprocessing, segmentation, feature
extraction, and classification. In this study [53], the authors proposed FERSPNET-50, a
hybrid panoptic segmentation approach for real-time WRD (Wheat Rust Diseas) detection
using images collected in varied weather conditions. The GNet model classifies weather,
and Faster Region-Based Convolutional Network (FRCNN) detects wheat patches. A semi-
automatic annotation method and Pyramid Scene Parsing Network (PSPNet) improve rust
detection accuracy. The proposed method achieved 0.97 precision, outperforming
RetinaNet (0.82) and YOLOV4 (0.88). However, this method's dependence on high-quality
labeled data is a drawback.

Traditional approaches and machine learning (ML)-based methods for detecting wheat
diseases continue to encounter several unresolved issues. Among the most notable are the
inconsistencies in data quality, limited preprocessing efficiency, and challenges in choosing
appropriate learning models. Although numerous researchers have attempted to mitigate
these problems, the progress achieved so far remains partial and leaves room for further
improvement.

For example, [33] designed a machine-learning framework that focused on wheat
disease detection by gathering diverse field data under different environmental conditions.
Their procedure involved segmenting and resizing the images to improve the preprocessing
stage. Using this refined dataset, the model was trained and achieved an accuracy of 98.7%,
which demonstrated a notable enhancement over prior methods.

Similarly, [53] highlighted that wheat—one of the most vital cereal crops globally—
contributes nearly one by fifth of the daily caloric and protein intake for humans.
Unfortunately, rust diseases can result in yield reductions of up to 30%, severely affecting
food security. To counter this, accurate segmentation and localization of diseased regions
are essential. Recent studies have adopted advanced segmentation strategies, including
GrabCut, Watershed, and U2-Net, to analyze stripe rust. Among these, the U2-Net model,
built upon the ResNet-18 backbone, achieved a classification accuracy of 96.19%. This
result underscores how precise segmentation directly strengthens disease classification
performance and supports the selection of effective computational approaches.

Wheat diseases also heavily influence crop productivity, as observed by [55]. Current
deep learning frequently causes problems with variations in image aspects and orientations,
leading to suboptimal performance. To overcome this, a convolutional neural network
(CNN)-based method was developed, incorporating an adaptive labeling mechanism and a
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localization assessment framework. This approach outperformed conventional disease
localization methods with a mean average precision and a mean recall of 60.8% and 73.8%
respectively, when used on the WDF2023 dataset. ~ Furthermore, [13] highlighted the
importance of early disease detection for controlling disease spread. CNN-based methods
have proven particularly effective in this domain. Their research proposed the Framework
for Integrated Deep Learning, which combines ensemble models, pre-trained neural
networks, hybrid techniques, and image improvement strategies like CLAHE. This
framework achieved an accuracy of 99.01%, outperforming existing models and offering
practical, robust solutions for disease detection.

Progress in machine learning and image analysis has opened new possibilities for
automating disease recognition. However, current approaches encounter challenges such as
limited accuracy, significant computational requirements, and difficulties in managing
complex real-world datasets. These issues point to the need for more reliable, precise, and
adaptable methods. The current study aims to overcome these issues by designing a novel
hybrid framework that integrates advanced hybrid color-based segmentation methods,
refined feature extraction processes, and a multi-class SVM classifier to accurately detect
and classify over small dataset of Wheat Rusts and Septoria.

The primary intent of the proposed research is to create a hybrid approach for the
identification and classification of wheat rust and septoria diseases, precisely. This
approach leverages cutting-edge image processing techniques, enhanced feature extraction,
and sophisticated machine learning algorithms to overcome the limitations of current
detection and classification systems.

The proposed hybrid framework begins with a segmentation technique designed to
isolate disease-affected areas in wheat leaf images. By integrating machine learning and
advanced color manipulation techniques, the framework extracts key attributes such as
shape, color, texture, and edge features. These attributes are crucial for identifying subtle
variations in leaf coloration, structural characteristics, and patterns associated with various
wheat diseases.

In the feature extraction phase, the framework systematically computes shape features
(roundness, perimeter, and eccentricity), color features (Lab*, RGB, HIS, and HSV
spaces), texture features (using Gray Level Co-occurrence Matrices at multiple angles), and
edge features (density, contrast, sharpness, and entropy). This multi-modal feature
extraction ensures a comprehensive representation of the diseased areas, significantly
improving the classification process.

To improve performance, the collected features are integrated into a single feature
vector and refined by applying dimensionality reduction methods, such as Principal
Component Analysis. This step reduces redundancy, generates uncorrelated components,
and retains the most significant information, enhancing computational efficiency without
compromising accuracy. Additionally, mutual information is used to select the top 40
features with low skewness and high entropy, further ensuring that the classifier focuses on
the most informative and discriminative features.

Finally, the refined feature vectors are passed to a classifier M-SVM for accurate
categorization of the diseases. The M-SVM efficiently separates the data into distinct
disease categories by leveraging the high-quality input features. The main aim is to build a
solution that ensures strength, accuracy and computationally efficient system for detecting
and classifying wheat diseases in real-world agricultural scenarios.
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A novel modular strategy is put forth in this work to boost both precision and
effectiveness in wheat disease identification and classification. By addressing the
limitations of traditional methods, it integrates advanced segmentation, feature extraction,
and classification techniques. The framework’s scalable design allows adaptation to various
agricultural contexts and facilitates the detection of other crop diseases, broadening its
applicability in precision agriculture. Leveraging advanced computational methods, this
approach supports timely decision-making and reliable crop health monitoring,
empowering farmers to manage diseases effectively.

Within the scope of present knowledge, this study marks an early effort to integrate
these techniques into a unified framework for the effective identification and classification
of wheat diseases. The proposed approach seeks to address the shortcomings of current
methods, which frequently depend on single-modal features or involve high computational
costs. Specifically, the color-based segmentation facilitates the identification of key areas
within the images, allowing the M-SVM classifier to concentrate on crucial regions, which
significantly enhances accuracy and performance of classification.

This research makes two significant contributions. First, it introduces a novel hybrid
framework that enhances the detection and classification of wheat rusts and Septoria.
Second, the framework is thoroughly evaluated using a diverse wheat image dataset,
demonstrating superior performance compared to conventional approaches and studies
conducted over the past four years. Additionally, the framework achieves higher
classification accuracy and ensures efficient processing, making it ideal for real-time
agricultural applications.

The paper's layout is set up as follows: A review of recent studies is provided in Section
2 regarding the detection of wheat diseases and classification techniques. The creation of
the hybrid framework, which combines segmentation and classification techniques, as
described in Section 3, offering a comprehensive explanation of the segmentation
strategies, feature selection processes, and classification techniques employed. Section 4
provides a description of the experiments, highlighting the dataset used, evaluation
standards, and outcomes. Section 5 evaluates the performance of the framework by
discussing both its strengths and limitations. while Section 6 summarizes the study and
highlights possible avenues for future work.

2. Literature Review

In recent years, various techniques in machine learning and image analysis have been
designed to identify and categorize various plant diseases. These methods incorporate
digital

image processing, feature extraction approaches, and machine learning algorithms to
improve the precision of disease diagnosis.

An improved K-means algorithm for tomato leaf image segmentation is proposed by
[51] to solve the shortcomings of the traditional method's need for a pre-defined cluster
number by automatically determining the optimal clusters. The suggested algorithm,
evaluated against DBSCAN, Mean Shift, and ExG-ExR, achieved the highest F1 score
(0.982) and lowest entropy (0.118) on 20 images, while ExG-ExR outperformed the others
by scoring F1 score and entropy of 0.765 and 0.643, respectively, on diseased leaf images.



Hybrid Framework Integrating Novel Segmentation and Hybrid ... 263

[43] tackles wheat yellow rust disease in Pakistan, proposing a machine learning
framework for classifying healthy, resistant, and susceptible infection types using mobile
images. Six GLCM and four LBP texture features were extracted, and five models (DT,
RF, LightGBM, XGBoost, and CatBoost) were trained. CatBoost scored the most excellent
accuracy of 92.30% with GLCM features. The study suggests improvements through
dataset expansion and deep learning models, offering a useful instrument for the early
yellow rust detection and timely intervention to reduce yield losses. [47] presents a method
for wheat disease classification in which reducing false negatives (misclassifying infected
plants as healthy) and false positives (misclassifying healthy plants as diseased) is essential
for improving model reliability. [55] performed an in-depth analysis of digital image
processing methods for detecting leaf diseases, exploring techniques like color
segmentation and texture analysis to identify conditions such as, powdery mildew and leaf
spot. Their study highlighted the potential benefits of incorporating ML models to enhance
the effectiveness of these techniques in Crop-related applications. Building on this, [13]
highlighted the role of ML models in Crop-related disease detection, particularly their
effectiveness in pattern recognition for plant disease classification. Their research focused
on predicting strawberry fruit quality attributes, showcasing how color-based features and
machine learning could advance plant health monitoring. [51] given an innovative method
integrating transformer models with blended learning for wheat leaf disease identification.
Their study addressed challenges in distributed datasets and achieved outstanding results
with up to 99% accuracy, Showcasing the capabilities of deep learning models for
resource-limited settings. Similarly, [47] investigated the application of UAV multispectral
imagery paired with spectral and textural analysis for monitoring wheat Fusarium head
blight, further showing how advanced imaging techniques can enhance disease detection.

The author [11] utilized the WFD2020 dataset to identify five wheat fungal diseases,
achieving an accuracy of 94.2% with the EfficientNet CNN. The addition of data
augmentation and style transfer techniques, along with a real-time mobile application,
showcased the practical implementation of disease detection for early wheat disease
management. Likewise, [15] applied a combined textural and deep feature approach for
yellow rust severity assessment, achieving 92.4% accuracy with their CNN-SVM model,
underscoring the benefits of combining traditional texture analysis with deep learning.

The research conducted by [16] made significant progress in understanding wheat
diseases detection through a CNN model trained on a validated Kaggle dataset, achieving
98.43% accuracy with various performance metrics. This approach emphasized image
augmentation and CIELAB color segmentation for more robust and efficient disease
detection in wheat. In a similar vein, [60] utilized Lab* color space and SVM classification
for wheat leaf disease detection, achieving reliable results in distinguishing diseased and
healthy leaves.

[17] showcased a hybrid approach to early detection of breast cancer that integrated
advanced image segmentation with machine learning. Their findings motivate the
exploration of similar hybrid segmentation approaches for plant diseases, particularly those
involving colorful images with diverse leaf disease patterns. Further building on hybrid
methods, [54] introduced a fully convolutional neural network (FCNN) for automatic
background subtraction in leaf images, demonstrating how efficient segmentation
techniques can enhance disease detection in complex field conditions.

[33] developed a CBIR system for soybean foliage diseases by combining shape, color,
and texture features. Their approach achieved high retrieval efficiencies for various
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diseases, highlighting the importance of database size and image quality in improving
disease detection performance.

[49] explore image processing for classifying olive leaf diseases, focusing on Neofabrea
and Peacock leaf spots. They found k-means segmentation more accurate than histogram
thresholding. Texture analysis revealed correlations between disease infection and features
like energy, homogeneity, and entropy. This study aids in olive disease detection, crucial
for olive oil production amid climate change. It underscores the importance of texture-
based features, which can also be applied to wheat disease detection to differentiate
between various infections like rusts and septoria.

Table 1. Comparative Analysis of Recent Approaches in Crop Disease Detection and
Segmentation, Highlighting Goals and Future Perspectives.

Author Year Goals Future Perspective
Employs color-based image Combine segmentation approaches
V. Singh and segmentation to improve the detection ~ with machine learning models to
; 2017 - . . . . :
Misra of plant diseases and quantify their achieve more reliable disease
severity. evaluation.
Proposes an enhanced PCA-driven Explore the deployment of realtime
Tian et al. 2017  multichannel framework for PMCV for continuous plant-disease
segmenting wheat leaf lesions. surveillance.
Presents refined segmentation Advance weighted segmentation
Sharif et al. 2018  methods to isolate leaf lesions, strategies to achieve more accurate
supporting precise severity analysis. lesion delineation.
S. Zhane et Develops a  hybrid clustering Enhancing segmentation accuracy
’ al & 2019  approach for fast and accurate by integrating deep learning with
’ identification of leaf lesions. hybrid clustering techniques.
Utilizes an enhanced K-means PMCV integration to enable
K. Tian et al. 2019  algorithm to  achieve precise automated monitoring of plant
segmentation of tomato leaf lesions. diseases.
Goncalves et Utilizes deep learning techniques to  Optimize deep learning frameworks
al 2021 segment leaf lesions, contributing to  for  handling  diverse  lesion
’ improved severity estimation. categories.
Adopts dynamic programming-based Combine dynamic programming
Mukhopadhy f . .
ay et al 2021 segmentation to accurately delineate and automated phenotyping for real-
Y ' citrus disease lesions. time assessment of plant diseases.
Proposes a lightweight segmentation
Gong et al. 2022 mod.el for powdery mildew, er}abhng Extend it of field-based disease
efficient estimation of diseased management.
regions.
Promotes precision agrlcultgre Investigate multimodal data fusion
through the integration of machine . .
Balafas et al. 2023 : . for more resilient detection across
learning to  strengthen  disease varied crons
detection and classification. pS-
Monitors canker disease and develop L
an advanced computer vision Improve model reliability,
K Badri et al. 2024 . . scalability, and suitability for real-
technique to reduce agricultural

losses.

world farming conditions.

[53] includes preprocessing steps such as resizing images to 256%256 pixels and
applying histogram equalization, after which feature extraction is performed. The method
uses K-means clustering for segmentation, contour tracing, and textural analysis with
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DWT, PCA, and GLCM. Tested on a village dataset (685 samples), the model achieved
99.% accuracy, performing exceptionally well in identifying conditions such as Mosaic
virus and leaf mold. Evaluation metrics included F1 score, precision and recall validated
further with subsamples under specified system requirements.

[55] used image processing and ML to identify wheat stripe and leaf rust. Images were
preprocessed and 140 features extracted, with ReliefF, 1R, correlation-based selection, and
PCA refining features. SVM, RF and BPNN models trained on multi-variety datasets
achieved 82.05-98.87% accuracy, significantly outperforming single-variety models. Their
findings underscore the importance of multi-variety datasets for robust disease detection,
directly informing our work on wheat disease classification using color-based segmentation
and machine learning.

[58] presents a hybrid PSO-K-means algorithm for segmenting agricultural target
regions from images in the YCbCr color space, improving performance under low
illumination and shadow conditions. By combining PSO's global search with K-means'
speed, the method achieves better stability and accuracy than traditional PSO. It effectively
segments products in complex environments and addresses RGB limitations in super-green
images using gray-scale processing. This approach can enhance segmentation and improve
disease classification accuracy.

In [59] a Global-Pooling-Dilated-Convolutional-Neural-Network was proposed to
identify cucumber foliage lesion by integrating global pooling methods with dilated
convolutions. The model offers advantages such as larger receptive fields, enhanced spatial
resolution, and reduced parameters. Tested on a cucumber leaf disease dataset, GPDCNN
outperformed AlexNet and traditional methods like GLSVD and IPT, achieving higher
accuracy and faster training with minimal preprocessing. This approach can inform wheat
leaf disease detection by capturing complex patterns in rusts and septoria.

The introduced classification framework is evaluated against several well-known
methods, such as those reported by [11], [43], [16] and [51] focusing on four specific
Wheat diseases: wheat rust of leaf, stripe and stem, and wheat septoria.

The studies summarized in Table 1 highlight significant advancements in machine
learning and image processing approaches to plant lesion identification and classification.
Approaches like hybrid clustering [59], enhanced K-means clustering [51], and machine
learning models like SVMs and CNNs [53] have demonstrated effectiveness in detecting
various plant diseases, including rust and leaf mold. Advanced methods incorporating
texture analysis [15], deep learning architectures [55], and lightweight models [47] have
significantly improved segmentation performance and computational efficiency. The
importance of multi-variety datasets, optimized preprocessing, and robust feature extraction
techniques is underscored in these studies, facilitating accurate disease detection and
severity quantification.

In particular, these methods have demonstrated their potential for scalable, real-time
agricultural monitoring systems by being effectively applied to a variety of plant diseases.
Future studies should concentrate on improving machine learning models, integrating
multimodal data, and guaranteeing real-time Relevance in various agricultural
circumstances. Building on these advancements, this study proposes a novel hybrid
framework that integrates Adaptive K-Mean, Gaussian Mixture Model and advanced-color-
manipulation techniques for precise segmentation, after segmenting the lesions, key
features are extracted effectively. The process then involves feature selection and the use of
M-SVM techniques to ensure accurate detection and classification. This approach offers
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reliable results compared to deep learning methods, over a small dataset of wheat rusts and
septoria.

3. Proposed Method

The proposed methodology involves four main stages: (i) Data acquisition and image
processing, (ii) Lesion segmentation to detection of infected regions, (iii) Feature extraction
and code-book construction, and (iv) Feature selection and classification. Each of these
stages is further broken down into a series of steps, as illustrated in Fig. 1. Below, this
paper provides a detailed explanation of each stage.

In the initial stage, image datasets are collected from Wheat Leaf dataset and CIMMYT
Dataset. Subsequently, image processing techniques are employed to convert the RGB
images of the wheat leaves into the Lab* color space. This conversion is necessary for the
extraordinary result of the proposed hybrid segmentation method, which is designed to
accurately segment the lesion region. This step is crucial because the proposed
segmentation algorithm operates more effectively in the Lab* color space, ensuring that the
subsequent processes yield accurate results. In second stage involves lesion segmentation,
where the infected regions of the wheat leaves are precisely identified. This process isolates
the areas affected by diseases, allowing for focused analysis. Next, in the feature extraction
and codebook construction stage, various features from the segmented lesions are extracted.
These features include shape, color, texture, and edge characteristics in the form of a vector
matrix, which are then compiled into a codebook. The codebook provides a detailed
representation of distinctive features linked to wheat diseases, like leaf rust, stripe rust,
septoria, and stem rust. The key features are taken from the combined codebook during the
feature selection and classification stage. PCA is then applied to minimize the
dimensionality of the feature set while preserving the majority of the data's variance. This
process changes the initial features into a number of independent components.
Subsequently, classification algorithms are utilized to analyze these features, enabling
precise identification and differentiation of various wheat leaf diseases.

Each of these stages is meticulously structured to ensure a systematic and efficient
approach to wheat leaf disease classification. The following sections provide an in-depth
look at the processes involved in each stage.

3.1. Data acquisition

The proposed methodology's first step is data acquisition, which entails gathering crisp
photos of wheat leaves for further examination. This stage is crucial because the quality and
representativeness of the data gathered determine the process's overall accuracy and
dependability.

Healthy and diseased wheat leaves are collected from Wheat Leaf dataset and
CIMMYT Dataset. This ensures a diverse and comprehensive dataset. The samples
represent different stages of disease progression and various environmental conditions.
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3.2. Image Processing

Numerous color space models exist, and the optimal choice depends on the specific
problem. A thorough analysis of multiple color spaces was carried out to enhance the
efficacy of the suggested segmentation technique. The color spaces considered include
CMYK, RGB, YCbCr, XYZ, HSV/HSL, YUV, and Lab* [12]. A detailed comparison of
these color spaces is given in Table 2, ranking them from least favorable to most favorable,
thereby establishing Lab* as the most suitable choice due to its superior ability to separate
color information for the proposed approach presented in this paper.

The Lab* color model, mathematically defined by Egs. (1), (2), (3), and (4),
demonstrates its suitability through the results presented in the "Final Segmented Output"
(Fig. 1). This model comprises three components: lightness (L), representing the intensity,
the green-red chromatic axis (a), and the blue-yellow chromatic axis (b). Although Lab*
offers robust color separation capabilities, the results of its segmentation can be affected
by the inherent color variability of wheat leaves and changes in lighting conditions. These
challenges, which may lead to uneven background representation in the processed images,
are effectively addressed by Algorithm-3, specifically designed to mitigate such issues and
enhance segmentation accuracy.

To facilitate the implementation of the Lab* color model, OpenCV provides a
straightforward method for converting RGB images to the Lab* color space. This
transformation involves a sophisticated mathematical framework, including intermediate
conversions from RGB to XYZ and then from XYZ to Lab*. OpenCV simplifies this
complex process by offering pre-defined mathematical expressions for each step, ensuring
efficient and accurate transformation for image segmentation tasks.

LR EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEE % o sssssEEEEEEEEEsEEEEEEEEEEE
u g . . . " L]
. Segmentation Phase-1 (Algorithin-1) = 1 Segmentation Phase-2 (Algorithm-2 .
. .

. 1.

............................. P Color Region - .

- - - L ] - - . -

H . Iinage = Extraction: .o

. . N . .

H H H processing 1 Lab Image The background mask | = % Apply GMM to

. 2 .

. H . I is employed to extract H H analyze

E E—DE (Resu.mg and E—PE pixel values from the :'—V': Packground :

H = colorspace § % LAB  image that | % = | pixels. extract — &

H = 1 conversion) = & Apply Adaptive = correspond  to the | T w | key statistics. and <

. E o reoi L g
E H :- sasnnnnnnnnnd 2 K'mem_“ » 2 Z back.guound | Tegion. E * | guide foreground z H
H . H Clustering oS serving as input for | u H segmentation. g H
3 :

:. e ——— H & Algorithm-2. . : M H
H 1. .
TamsssssssEEEEEEsssEEEEEEEsssEEEERRRRssnnnnRnnns H

TS LTI LLLLL LI R R sssssssssssEREsEEEEEEEEEEEE

H " © Feature Selection & -ty e

. e T w a« Feature Extraction -

. H Phase . o T Final Segmented =

H - H . Phase T Output Ioasmsnsnsnsnsadusnnnnnnnnnnnnny
. Outy

: : PCA : : : :

H .

H .

Shape Features . . Segmentation Phase-3 (Algorithm-3) &

Skewness

. H .
. - . . .
. tat; thm. =
Color Features | 2q—2 - Precision Segmentation algorithm. 2
.

. . H . : :
Entropy : H Texture Features | 7 » E RN EEEEEEEEEEEEEEEEEEEEREEEEEE
i : : i :

Information | % ~
H

Classification

Figure 1. A Framework for the Detection and Classification of Wheat Rust and Septoria.

(1) Conversion from RGB to XYZ
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Normalize the RGB values: Normalize the red values, green values, and blue values of the
input RGB colour to the range [0, 1] by dividing each channel value by 255 as given [59] in

Eq. (1).

,_ R
G = 255 @)
B =2
255
X R’
Y| =M* |G )
Z B’
Where, M is a 3 X 3 matrix:
0.412453 0.357580 0.180423
M= l0.212671 0.715160 0.072169
0.019334 0.119193 0.950227
To calculate the XYZ colour space, substitute the value of M into Eq. (2).
X 0.412453 0.357580 0.180423 R’
IY =10.212671 0.715160 0.072169|* IG’
Z 0.019334 0.119193 0.950227 B’
Table 2. Comparing Color Spaces Ranked from Least to Most Favorable [12], [60].
Colour Applications Perceptual Separation of Device-
Space Uniformity Components Dependent?
CMYK Printing, Inks No Yes Yes
RGB Displays, Graphics No No Yes
YCbCr Video, Compression Yes Yes Yes
XYZ Colour Matching Yes No No
HSV/HSL Colour Selection No Yes No
YUV Video Encoding Yes Yes Yes
Lab* Colour Analysis Yes Yes No

(2) Conversion from XYZ to Lab*

The XYZ matrix values define how the Lab* color space relates to the components [57] of
lightness (L*), green_red opponent channel (a*) and blue yellow opponent channel (b*) in

Eq (3).
L'=116* f (%) - 16

w=s00° (7 () - 7 () g

o200 (£ () - 7 (2))
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Where {(t) is a nonlinear function that depends on t and is defined in the following manner
[54]:

1

Fo = {t(E) ift > 0.008856 @
16+t if t < 0.008856

3.3. Lesion segmentation

The automatic identification of lesion region in infected images depends on image
segmentation, which requires advanced techniques to ensure high precision. To address
this, a color-based hybrid segmentation approach is proposed, integrating Adaptive K-
Means Clustering optimized using the Silhouette Index, Gaussian Mixture Modeling
(GMM) for probabilistic segmentation, and a Precision Segmentation Algorithm for
enhanced pixel-level color manipulation and accuracy.

The lesion segmentation process initiates with the generation of a background mask
utilizing adaptive K-means clustering within the Lab* color space, facilitating accurate
separation of background and foreground regions. Subsequently, distinct color regions are
extracted from the Lab* color space of the input image, with background pixels being
labeled using the generated mask. The third step creates a refined foreground mask by
carefully designing and training a GMM with the background pixel data. This allows the
GMM to predict labels for every pixel in the reshaped Lab* image. In the fourth step, an
inventive method is used to isolate the lesion areas by removing the foreground pixels from
the RGB input image and giving them a white color. In order to achieve the definitive
segmented leaf lesion, the segmentation is finally refined by changing pixels where the
green component exceeds both the red and blue components to white.

3.3.1. Algorithm-1 (Adaptive K-Mean Clustring)

The optimal count of clusters is dynamically computed by Adaptive K-Means
Clustering for image segmentation, making it useful in applications like object recognition,
medical imaging and in agriculture. Unlike traditional K-Means, which requires a fixed
number of clusters, the proposed Adaptive K-Means approach uses the silhouette score to
automatically determine the optimal number of clusters based on data characteristics. This
approach helps create effective background masks in image processing [46], [51].

Clustering divides data into subsets, and while some applications allow manual
selection of the cluster number 'k,' it's often necessary to determine 'k' from the data to
avoid over- or under-clustering[46]. This study evaluates various validity indices (DB, CH,
and Silhouette) on a dataset of 50 complex background images for computing the optimal
count of clusters. The Silhouette index, despite a slightly longer runtime, provides the
highest accuracy and is used to determine the most suitable cluster count.[51]. The
Silhouette indices are commonly represented by Eq. (5) as follows:

S0) = Taxtcan, Min (53,07 )

In the Silhouette index, which ranges from -1 to +1, "a_i" denotes the average distance
of the ith instance from the remaining instances of its own cluster, while "b_(i,k)" refers to
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the separation between the ith sample and the center point of the k-th cluster.
"Min(b_(i,k))" is the shortest distance across all other clusters [51].

This study employs Silhouette indices, as depicted in Fig. 2, to ascertain the optimal
count of clusters while effectively preserving the leaf's target area. The ideal cluster count
varies across different images, a capability enabled by the proposed segmentation
technique. By integrating Adaptive K-Means into the hybrid segmentation approach, the
method achieves improved results, particularly for complex backgrounds, by accurately
determining the cluster values. The process of generating a background mask using the
Adaptive K-Means Clustering algorithm is outlined in Algorithm-1.

Centroid of
k-th cluster

b;: Distance between
thei-th data point and the
centroid of the k-th

bi k cluster
Min (b;,): The smallest

distance from the ith data
point to any member of
other clusters.

k-th cluster

a;: Average distance
between the i data
pointand the other
data points within its
own cluster

Figure 2. Representation of Silhouette Width.

ALGORITHM-1: ADAPTIVE K-MEANS CLUSTERING FOR BACKGROUND MASK
Input:
Image: Input colour image
n_clusters: Number of clusters for k-Means= 2
Output:
Background_mask: Binary mask indicating the background
region
Start:
Step-1. Convert the input image to Lab* colour space.
Step-2. Convert the Lab* image into a 2D pixel array.
Step-3. for n_clusters = 2 to max_clusters
‘ Step-3.1. Perform K-means clustering on the reshaped
pixel data
| Step-3.1.1. Create an instance of the clustering
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algorithm with 'n_clusters' as the number of
clusters.
Step-3.1.2. Fit the algorithm to the data and obtain
cluster labels.
Step-3.2. Calculate the silhouette score for the n_clusters
labels
Step-3.3. If the calculated silhouette score is higher than
'best _score’
Step-3.3.1. Update 'best_score' with the new score
Step-3.3.2. Update 'optimized n_clusters' with the
current 'n_clusters’.
End loop
Step-4. Identify the background cluster by finding the cluster
with the highest mean L value.
Step-5. Create a binary mask for the background pixels.
Return: Background_mask

End

3.3.2. Algorithm-2 (Gaussian Mixture Model)

Gaussian Mixture Models (GMMs) play a crucial role in leaf lesion segmentation, which is
a fundamental process in agricultural research and plant pathology. These models are
utilized to capture the probability distribution of pixel intensities or colors in leaf images,
particularly those affected by lesions or diseases. Mathematically, a GMM for leaf lesion
segmentation can be represented as shown in Eq. (6) [17].

P(x) =X m N(x | pj, %) (6)

These models capture the probability distribution of pixel intensities or colors in leaf
images, especially those affected by lesions or diseases. Each Gaussian component
represents a unique region within the leaf, allowing the model to probabilistically assign
pixels to these segments [17]. This capability is crucial for distinguishing between healthy
leaf regions and those affected by lesions, contributing significantly to precise leaf lesion
segmentation [54].

Algorithm-2 employs GMMs for foreground mask generation, serving as a technique
for image foreground segmentation. We have customized all steps except for step 3 in this
algorithm. This algorithm takes an input color image and a binary background mask
generated by the Adaptive K-Means Clustering algorithm. At the next level, GMMs utilize
the background pixels, resulting in the acquisition of crucial parameters such as means,
covariance, and mixing coefficients for each Gaussian component. Algorithm-2 predicts
labels for all pixels, facilitating the creation of a foreground mask based on these labels.
The final step involves identifying the maximum-mean channel among the Gaussian
components, reshaping the labels mask, and ultimately returning the foreground mask,
effectively segregating the foreground from the background within the image.
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ALGORITHM-2: GAUSSIAN MIXTURE MODELS FOR FOREGROUND MASK
Input:
Image: Input colour image

Background_Mask: Binary mask indicating the background

region

N_Components: Number of components for gaussian mixture

models (n_components < 3)

Output:

Foreground_Mask: Binary mask indicating the foreground

region (non-lesion pixel of input image).

Start:

Step-1. Convert the input image to Lab™* colour space.

Step-2. Background pixels « Extract the pixel values of the
background region from the  Lab* image using the
background mask.

Step-3. Perform Gaussian Mixture Models on the extracted
background pixels with the specified number of
components.

Step-3.1. Fit the Gaussian Mixture Models to the

background pixels.

Step-3.2. The GMM now holds learned parameters for

each Gaussian component:

- Mean: The center of each component's distribution.

- Covariance: Describes the spread and correlation of
the data.

- Mixing coefficients: Weights assigned to each
component in the mixture.

Step-4. Predict the labels of all the pixels in the Lab* image
using the trained GMM model.

Step-5. Create a mask for the foreground pixels based on the
labels predicted by GMM.

Step-6. Determine the maximum-mean channel among the GMM
components and compare its index with the label for
each pixel.

Step-7. Generate the foreground mask by reshaping the labels
mask to the dimensions of the input image.

Return: Foreground_mask

End

Algorithm-2, Gaussian Mixture Models for Foreground Mask, separates foreground
regions with precision. It transforms images to the Lab* color space, extracts background
pixels, and employs GMM to predict labels for precise foreground segmentation.

3.3.3. Algorithm-3 (Precision Segmentation Algorithm)

Algorithm-3 has been customized to achieve accurate extraction of the leaf lesion region,
playing a crucial role in enhancing image segmentation by refining the foreground and
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ensuring color consistency. This algorithm takes an RGB image and a refined foreground
mask as inputs, producing a finely-segmented image referred to as 'Output_img'.

ALGORITHM-3: PRECISION SEGMENTATION ALGORITHM
Input:
Image: Input RGB image
Foreground_Mask: Refined foreground mask
Output:
Output _img: Final output of Segmented image
Start:
Step-1. Initialize an empty image, output_img, with the same dimensions
as the input image.
Step-2. Iterate over each pixel (x, y) in the input-image:
Step-2.1. Get the colour of the pixel (x,y) from input-image.
Step-2.2. Check if the corresponding pixel (x, y) in the foreground mask
is labeled as foreground.:
Step-2.2.1. If foreground mask for pixel[x, y] is true (indicating it's
part of the foreground):
o Assign the colour white (255, 255, 255) to the pixel in output_img:
output_img[x, y] = (255, 255, 255).
Step-2.2.2. Else (if it's not part of the foreground) Check the colour
components:
o Getthe R, G & B elements of pixel colour.
Step-2.2.2.1. If G > R and G > B (green component is the
largest):
e Assign the colour white (255, 255, 255) to the pixel in
output_img. output_img[x, y] = (255, 255, 255).
Step-2.2.2.2. Else (green component not the largest):
e Assign pixel colour to the pixel in output_img: output_img[x, y]
= pixel colour.
Return: Return output_img as the final segmented output image.

End

The process starts by creating a blank image that matches the dimensions of the input
image. It then iterates through each pixel, determining its association with the foreground.
If a pixel is part of the foreground, it is assigned the color white, resulting in clear
separation. For non-foreground pixels, a meticulous check of color components is
conducted. If green is the dominant color, the pixel is turned white to maintain image
integrity. Otherwise, the original pixel color is retained. The algorithm ultimately returns

'Output_img' as the final segmented output image, representing an advanced approach to
image segmentation.
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3.3.4. Analysis and Comparison of Segmented Output

This section evaluates the proposed segmentation technique using 160 images of four
wheat diseases affected by: septoria, leaf rust, stem rust and stripe rust. The images were
sourced from the Wheat Leaf dataset and CIMMYT Dataset. The proposed approach
employs the Adaptive K-Means clustering technique, which is capable of dynamically
selecting the appropriate number of clusters for accurate segmentation. Following this, the
subsequent phases of segmentation algorithm is implemented to produce the final
segmented result, showcasing the effectiveness of the hybrid segmentation strategy.

Figure 3 illustrates how well the proposed segmentation approach works and underlines
the role of Adaptive K-Means clustering in addressing wheat diseases—including septoria,
leaf rust, stem rust, and stripe rust—that vary significantly in texture, shape, and color
characteristics. The figure highlights that an inappropriate choice of cluster count can
greatly affect the segmentation outcomes. Specifically, too few clusters may cause non-
lesion regions to overlap with diseased areas, while too many clusters might result in the
loss of critical regions. This highlights the necessity of determining the appropriate number
of clusters for ach_ieving precise se menta‘ti!f)n.

Input \ ol Output for ’ 3 \ .
Image Cluster Value KA N
( Wheat =2
Leaf %,
dataset)
b
(@) (b)
Output for Output for ,
Cluster S Cluster Value
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Output for Output for
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Figure 3. Segmentation outcomes using the proposed hybrid technique with K-Means
clustering instead of Adaptive K-Means clustering, showcasing segmented outputs
with different cluster numbers: (a) Input Image, (b) 2-Clusters, (c¢) 3-Clusters, (d) 4-
Clusters, (e) 5-Clusters, and (f) 6-Clusters.
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To address this, the proposed segmentation technique leverages Adaptive K-Means
clustering to enhance segmentation precision. Fig. 3(d), highlighted in red, demonstrate
accurate segmentations of leaf lesion target regions against complex backgrounds, achieved
using the proposed method.

This comprehensive strategy consistently outperformed existing baseline methods (i.e.,
Texture Analysis with Edge Detection, Edge Detection with GMM, Edge Detection with
FCN, and K-Means with Mask R-CNN) which were re-trained and fine-tuned using the
same dataset to evaluate the proposed segmentation approach to ensure fair and optimal
performance comparison.

Fig 4 illustrates the qualitative segmentation results for wheat stripe rust, while Table 3
provides a quantitative assessment for wheat leaf rust, stripe rust, septoria, and stem rust,
comparing the performance of these baseline methods with the proposed technique.
Notably, each baseline method integrates a foliage extraction approach with a
corresponding lesion region extraction technique, highlighting the improvements achieved
by the proposed strategy.

The proposed method, designed to accurately delineate diseased regions in wheat,
effectively segments the leaf lesion area without leaving off any lesion pixels, as shown in
Fig. 4(f). In contrast, Fig. 4(b), 4(c), and 4(d) display the inclusion of non-lesion pixels
within the lesion region, leading to less precise segmentation. The K-Means + Mask R-
CNN
method marginally truncates small lesion areas, as shown in Fig. 4(e). Nonetheless, the
lesion region is extracted precisely and completely using the suggested technique in Fig.
4(f). These outcomes demonstrate the higher accuracy and efficiency of the suggested
segmentation technique while maintaining reasonable latency, underscoring its practical
utility in precision agriculture and crop management.
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(a) Input Image (b) Texture Analysis [54] | (c) Edge Detection [41]
Stripe Rust + Edge Detection [41] + GMM [14]

3“{\ \
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(d) Edge Detection [41] + FCN
[59] (e) K-Mean [58] + Mask | (f) Proposed Technique
R-CNN [52]

Figure 4. Results of wheat stripe rust segmentation using different baseline techniques
and the proposed method for isolating the infected regions.

Fig. 5 provides a detailed evaluation of the proposed segmentation method across four
types of wheat diseases septoria, stem rust, leaf rust and stripe rust using 40 images per
disease (160 images in total) from the Wheat Leaf dataset and CIMMYT Dataset.
Quantitative statistics for these 160 images are presented in Table 4. Fig. 5 illustrates the
segmentation results for each disease alongside ground truth images, emphasizing the
method's effectiveness. The proposed method attains a maximum segmentation
performance index of 98.21% and an average segmentation performance index of 96.98%.

Additionally, similarity metrics are employed to evaluate the segmentation algorithm by
comparing its outputs with ground truth images. Performance indicators, such as the Dice
Coecfficient, F1 Score, and Jaccard Index [41], further validate the effectiveness of the
proposed method, as discussed in earlier sections.
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Table 3. Comparison of segmentation method effectiveness based on average key metrics
for 160 images.

Average Dice Average F1-  Average Jaccard

Method Coefficient Score Index (IoU)
Ve A el == Hdze 0.711 0.6837 0.6932
Detection
Edge Detection + GMM 0.7317 0.7456 0.7211
Edge Detection + FCN 0.9216 0.8962 0.8626
K-Mean + Mask R-CNN 0.9467 0.939 0.8858
Proposed Method (Adaptive
K-means + GMM + Precision 0.9814 0.9619 0.9661

Segmentation Algorithm)

Dice Accuracy:

Dice Accuracy, sometimes referred to as the Dice coefficient, quantifies how well
anticipated and ground truth segmentations in picture tasks match. It is computed as
follows:

2%|ANB|

Dice_Accuracy = 1A+ 15| (7

Where:
e A and B are the pixel sets of ground truth and predicted masks.
e |A N Bj gives the common pixels, and |A| + |B| shows the total pixels in both sets.
e Dice score varies between 0 (no overlap) and 1 (perfect match).

F1-Score:

The F1-Score serves as a balancing factor between precision and recall, where precision
quantifies correctly segmented pixels out of all segmented pixels, and recall measures

accurately segmented pixels relative to the total ground truth pixels [47], [54].
Fl = 2 * (Precision * Recall)

®)

(Precision + Recall)
Jaccard Index (IoU - Intersection over Union):

The Jaccard Index shows how closely the segmented regions match the ground truth by
comparing the intersection of the two with their union [44].
Intersection area
loU = Union area ©)

Latency:

The paper assesses runtime efficiency by measuring inference time per sample image, using
hardware including a Intel Core 15-12500H, 12th Gen processor, 16 GB RAM at 3.10 GHz,
and Nvidia GeForce RTX 2060 GPU (4GB).
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Table 4. Lesion segmentation performance assessment as compared to ground truth

values
IoU IoU

Image Dice Image Dice
Index Cocfficient F1 Score (Jaccard Index Coecfficient F1 Score (Jaccard

Index) Index)
Img.1 0.98255 0.95453 0.92453 Img.81 0.98173 0.95955 0.94955
Img.2 0.97412 0.98722 0.97531 Img.82 0.98816 0.98021 0.97021
Img.3 0.93045 0.94889 0.93310 Img.83 0.98790 0.97586 0.96586
Img.4 0.98230 0.97988 0.98230 Img.84 0.98168 0.95584 0.94584
Img.5 0.98988 0.96264 0.97988 Img.85 0.98608 0.96849 0.97608
Img.6 0.97943 0.96143 0.95143 Img.86 0.98016 0.96176 0.98016
Img.7 0.98070 0.95915 0.97070 Img.87 0.98440 0.98299 0.97299
Img.8 0.98365 0.96969 0.95969 Img.88 0.98225 0.96940 0.95940
Img.9 0.98855 0.97017 0.96017 Img.89 0.98811 0.96049 0.95049
Img.10 0.98613 0.97531 0.96531 Img.90 0.98579 0.98174 0.97174
Img.11 0.98136 0.97264 0.96264 Img.91 0.98180 0.96717 0.95717
Img.12 0.98574 0.96774 0.97574 Img.92 0.98342 0.94850 0.97342
Img.13 0.97881 0.95915 0.96881 Img.93 0.98013 0.97328 0.96328
Img.14 0.98484 0.97242 0.96242 Img.94 0.98097 0.97174 0.97097
Img.15 0.97564 0.95378 0.96564 Img.95 0.97476 0.95706 0.96476
Img.16 0.98548 0.97454 0.96454 Img.96 0.97827 0.97089 0.96827
Img.17 0.98614 0.96166 0.97614 Img.97 0.97131 0.96862 0.96131
Img.18 0.98245 0.96915 0.95915 Img.98 0.98906 0.96476 0.97906
Img.19 0.98100 0.97433 0.96433 Img.99 0.98996 0.97247 0.96247
Img.20 0.98660 0.96266 0.95266 Img.100 0.97522 0.96522 0.96522
Img.21 0.98197 0.94502 0.96506 Img.101 0.98003 0.97067 0.98003
Img.22 0.98878 0.97774 0.96774 Img.102 0.95772 0.97533 0.94772
Img.23 0.97984 0.97350 0.96984 Img.103 0.98506 0.95850 0.94850
Img.24 0.97538 0.96378 0.95378 Img.104 0.98089 0.96411 0.97089
Img.25 0.98230 0.97350 0.98230 Img.105 0.98278 0.95947 0.94947
Img.26 0.96700 0.95666 0.94666 Img.106 0.98064 0.97083 0.98064
Img.27 0.98948 0.97166 0.96166 Img.107 0.98997 0.96706 0.95706
Img.28 0.98614 0.96933 0.95933 Img.108 0.97982 0.96373 0.95373
Img.29 0.98653 0.95772 0.97653 Img.109 0.98043 0.97968 0.98043
Img.30 0.98589 0.95818 0.97589 Img.110 0.98210 0.98127 0.98300
Img.31 0.97275 0.94414 0.96275 Img.111 0.98988 0.96517 0.97988
Img.32 0.98734 0.97498 0.96498 Img.112 0.98026 0.95147 0.97026
Img.33 0.98710 0.96232 0.95232 Img.113 0.96259 0.97686 0.95259
Img.34 0.96748 0.95139 0.94139 Img.114 0.98030 0.96002 0.98030
Img.35 0.98059 0.96772 0.95772 Img.115 0.96852 0.96208 0.95852
Img.36 0.98985 0.97276 0.96276 Img.116 0.98174 0.97922 0.96922
Img.37 0.98350 0.96275 0.97350 Img.117 0.98067 0.96415 0.97067
Img.38 0.98322 0.96276 0.97322 Img.118 0.98522 0.96965 0.95965
Img.39 0.97853 0.96733 0.95733 Img.119 0.97734 0.94059 0.96734
Img.40 0.98958 0.96818 0.95818 Img.120 0.98042 0.96204 0.97042
Img.41 0.97076 0.96071 0.95071 Img.121 0.98681 0.97496 0.96496
Img.42 0.96528 0.93138 0.95129 Img.122 0.97135 0.96021 0.95021
Img.43 0.97833 0.95414 0.94414 Img.123 0.98786 0.97418 0.96418
Img.44 0.98071 0.97653 0.98071 Img.124 0.98446 0.95417 0.97446
Img.45 0.98527 0.96610 0.95610 Img.125 0.98182 0.96425 0.95425
Img.46 0.99169 0.96682 0.95682 Img.126 0.98683 0.96970 0.95970
Img.47 0.98050 0.95867 0.94867 Img.127 0.98436 0.96685 0.95685
Img.48 0.97897 0.95733 0.96897 Img.128 0.98969 0.96942 0.97969
Img.49 0.98298 0.95506 0.94506 Img.129 0.98954 0.97792 0.96792
Img.50 0.98558 0.96907 0.95907 Img.130 0.98951 0.97527 0.96527
Img.51 0.98135 0.96225 0.95225 Img.131 0.98117 0.96350 0.95350
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Img.52 0.98653 0.97507 0.96507 Img.132 0.97659 0.95433 0.96659
Img.53 0.98864 0.96609 0.95609 Img.133 0.98524 0.96446 0.95446
Img.54 0.95939 0.95939 0.94939 Img.134 0.98699 0.97152 0.96152
Img.55 0.97092 0.98386 0.96092 Img.135 0.98065 0.96484 0.95484
Img.56 0.98016 0.97548 0.96548 Img.136 0.97796 0.94134 0.96796
Img.57 0.98373 0.97187 0.96187 Img.137 0.98698 0.97697 0.96697
Img.58 0.98946 0.97422 0.96422 Img.138 0.97903 0.96912 0.95912
Img.59 0.98689 0.96486 0.95486 Img.139 0.98852 0.97516 0.96516
Img.60 0.98648 0.96757 0.95757 Img.140 0.98015 0.96027 0.95027
Img.61 0.98055 0.96448 0.95448 Img.141 0.96624 0.95629 0.94629
Img.62 0.98043 0.96760 0.95760 Img.142 0.98759 0.97559 0.96559
Img.63 0.98143 0.96307 0.95307 Img.143 0.98998 0.97287 0.96287
Img.64 0.96697 0.95394 0.94394 Img.144 0.97755 0.96559 0.96755
Img.65 0.98273 0.97297 0.96297 Img.145 0.98230 0.97436 0.98230
Img.66 0.98109 0.96718 0.95718 Img.146 0.98064 0.96796 0.97064
Img.67 0.98121 0.95490 0.94490 Img.147 0.97716 0.96207 0.95207
Img.68 0.98818 0.97583 0.96583 Img.148 0.98858 0.98237 0.97237
Img.69 0.98334 0.96213 0.95213 Img.149 0.97416 0.95804 0.94804
Img.70 0.98274 0.97172 0.96172 Img.150 0.98448 0.96658 0.95658
Img.71 0.98986 0.97849 0.96849 Img.151 0.98406 0.97052 0.96052
Img.72 0.98041 0.97249 0.96249 Img.152 0.98833 0.96659 0.97833
Img.73 0.98783 0.98259 0.97259 Img.153 0.97462 0.96375 0.95375
Img.74 0.97172 0.95885 0.94885 Img.154 0.97425 0.96294 0.95294
Img.75 0.97522 0.95213 0.96522 Img.155 0.98603 0.97022 0.96022
Img.76 0.98278 0.96435 0.95435 Img.156 0.98678 0.96457 0.95457
Img.77 0.98119 0.96249 0.95249 Img.157 0.98247 0.96697 0.97247
Img.78 0.98170 0.96541 0.95541 Img.158 0.97245 0.96040 0.95040
Img.79 0.98996 0.96808 0.95808 Img.159 0.98236 0.95973 0.94973
Img.80 0.98739 0.97176 0.96176 Img.160 0.98197 0.96789 0.95982

Table 4 summarizes key statistics for the proposed segmentation method: Average Dice
Coecfficient: 0.9814, Average F1 Score: 0.9619, Average loU (Jaccard Index): 0.9661,
Average Segmentation Performance Index: 96.98%, Maximum Dice Coefficient: 0.9916,
Maximum F1 Score: 0.9872, Maximum IoU: 0.9830, and Maximum Segmentation
Performance Index: 98.21%. These results demonstrate the high segmentation performance
index of the proposed technique, as compared to existing methods in Table 3. The
segmentation performance index for each of the 160 images shown in Fig. 5 is computed
by averaging the Dice Coefficient, F1 Score, and IoU values for each image, then scaling
the result into a percentage to yield a final accuracy measure for each image. This approach
achieves a highest segmentation performance index of approximately 98.21%, out of 160
images.

The segmentation performance index for 160 input images using the suggested method
are presented in Fig. 5 and Table 3. Comparisons with existing baseline methods—such as
Texture Analysis with Edge Detection, Edge Detection with GMM, Edge Detection with
FCN, and K-Means with Mask R-CNN—are shown in Fig. 4 and Table 2. The superior
segmentation performance achieved by the proposed segmentation method significantly
enhances the disease classification task discussed in subsequent sections, as accurately
extracting the lesion region directly improves feature extraction. This enhanced feature
extraction, in turn, bolsters the performance of the disease classification model, which
effectiveness is entirely dependent on the proposed segmentation approach.
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Showcases the segmentation performance index with respect to ground truth
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truth image, and (v) Accuracy.
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3.4. Feature Extraction

Feature extraction is essential in computer vision for effectively representing images, with
applications in farming, surveillance, and healthcare. The key challenge lies in efficient
feature extraction and selection to identify targeted regions accurately. This study develops
a codebook by extracting four types of features:

(a) Shape Features: Shape descriptors like Area, Perimeter, Eccentricity, Aspect Ratio,
Compactness, Centroid, and Moments are analyzed. For wheat leaf diseases—stripe rust,
leaf rust, septoria, and stem rust—Roundness, Perimeter, and Eccentricity are the most
effective shape features [5].

(b) Color Features: Color features are extracted from RGB, Lab*, HIS, and HSV spaces
using metrics like mean, standard deviation, skewness, and variance for each channel.
These metrics capture color distribution and asymmetry, aiding in disease classification
[52], [33].

(c) Texture Features: Texture analysis uses six Haralick features—contrast, entropy,
homogeneity, energy, dissimilarity, and correlation—derived from the Gray-Level Co-
occurrence Matrix (GLCM). The GLCM, computed at angles 0°, 45°, 90°, and 135° with
distance d=1, captures lesion texture variations. [43].

(d) Edge Features: Edge features such as Edge Density, Contrast, Sharpness, and
Entropy provide structural image information for tasks like segmentation and object
recognition. Edge density, calculated as the ratio of edge pixels to total pixels, assesses
image complexity [46], [58].

The features obtained are organized in a code-book, and the optimal ones for
classification are identified through the suggested hybrid feature selection approach. This
method employs PCA to identify principal components, computes skewness for the PCA-
transformed features to evaluate distribution and detect outliers, and calculates entropy to
analyze texture and complexity. Ultimately, mutual information is evaluated between
skewness, entropy-augmented PCA features, and target labels to determine the most
significant features. Fig. 6 presents the feature extraction process, showcasing the
schematic representation of the proposed framework.

3.4.1. Shape features

This subsection briefly describes the methodology for extracting shape features from
segmented wheat leaf lesions. The selected shape features—Roundness, Perimeter, and
Eccentricity—are vital for understanding the geometric characteristics of lesions, which can
aid in the identification and classification of various wheat diseases [54]. The effectiveness
of shape features in relation to disease symptoms for our classification problem of wheat
leaf diseases is listed in Table 5.

Each segmented lesion of a wheat leaf is quantified using the following shape features:
roundness, perimeter, and eccentricity. These features offer important insights into the
geometric properties of lesions, assisting in diagnosing and classifying wheat diseases. The
shape features are as follows:
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The Roundness (R) is also known as circularity, roundness quantifies how close the
shape of the lesion is to a perfect circle [19]. A roundness value near 1 signifies a shape that
is nearly circular, whereas a value closer to 0 suggests an elongated shape. Roundness is
computed using Eq. (10):

where:

A: lesion area.
P: lesion perimeter.

4TA
P2

Roundness (R) = —-

(10)

The perimeter measures the boundary length of the lesion [55]. It can be computed
using a contour tracing method. The perimeter is calculated using Eq. (11) as the total
length of the boundary formed by all contour pixels of the lesion.

Perimeter (P) =) Boundary Length

(11)
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Table 5. Shape Feature Analysis for Wheat Leaf Diseases

Iir('). Disease | Symptoms Effective Shape Features Ref.
Small, circular to oval, Roundness: Differentiates
Leaf orange-brown pustules circular pustules.
1 Rust encircled by a pale halo. Peri . - : [19]
erimeter: Provides size
distribution of lesions.
Tiny, orange-yellow Perimeter: Measures
) pustules in streaks along | elongated lesion boundaries.
2 IS{tége leaf veins. Roundness: Identifies [55]
elongated lesions with low
values.
Irregular, chlorotic Eccentricity: Measures lesion
lesions with black elongation.
3 Septoria | fruiting bodies Perimeter: Measures [40]
(pycnidia). boundary of irregular lesions.
Larger, reddish-brown, Roundness: Indicates circular
4 Stem circular pustules on pustules. [54]
Rust stems and leaves. Perimeter: Captures detailed
lesion borders.

The Eccentricity (E) describes the elongation of the lesion, indicating how much the
shape deviates from being circular [40]. An eccentricity of 0 reflects a perfect circle, while
an eccentricity closer to 1 reflects more elongated shapes. Eccentricity is computed using
Eq. (12):

Eccentricity (E)= |1 — z—z (12)

where:
Major and minor axes are represented by a and b, respectively.

3.4.2. Color features

First, as explained in Section 3.3, color features are taken out of the segmented images.
This part next uses these segmented images to extract color features from lesions on wheat
leaves in four different color spaces: RGB, Lab*, HIS, and HSV. In order to properly
classify and analyze wheat diseases like leaf rust, septoria, stem rust, and stripe rust, the
features mean, standard deviation (SD), skewness, and variance offer a thorough statistical
representation of color distributions within the lesions [49].

To represent images in digital imaging, the color space of RGB combines the three
primary color channels. Although luminance (L) and color components (A and B channels)
are separated in the Lab* (CIELAB) color space, ensuring perceptual uniformity [60]. The
HIS (Hue, Intensity, Saturation) color space defines colors based on hue, intensity, and
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saturation, closely aligning with human visual perception. Similarly, the HSV color space
explore colors through hue, saturation, and value, offering an intuitive approach to color
representation [13].

By combining these features, a comprehensive feature vector is formed, providing more
detailed information than any individual color space alone. Eq. (13-28) is used to determine
the standard deviation, mean, skewness, and variance for every color space of the
segmented leaf lesions, aiding in the extraction of color-related features essential for
effective disease classification.

The extracted color characteristics from the chosen color spaces are shown in Fig. 6,
which also shows how these spaces are used to extract features. These features are then
fused into a single vector through concatenation, producing a 1x48 feature vector. The
calculations for mean, standard deviation (SD), skewness, and variance across each channel
in the four color spaces are conducted using the following mathematical expressions for
each color space:

Meanggs =+ 2iL; C; (13)
1
SDggp = \/; Y1 (C — Meanggg)? (14)
1 Ci— M
Skewnesspgp = + ?’zl(ﬁf’ (15)
Variancegsp = % N (C; — Meanggp)? (16)
Where C; represents color components (R, G, B)
Mean, 45 =~ 3N, C; (17)
1
SDpap = \/; 24 (Ci — Mean; 45)* (18)
Skewness 5 = — YN (Gleanianys (19)
SDLAB
Variance, 5 = % N (C; — Mean;,5)? (20)
Where C; represents color components (L, A, B)
1
Meany,s = I XL G (21)
1
SDyis = \/; Y1 (C; — Meany;s)? (22)
Skewnessys = ~ YN (Goleannisys (23)
SDH1s
Variancey;s = % N (C; — Meany;s)? (24)

Where C; represents color components (H, I, S)
1
Meanygy, = m G (25)

SDygy = \/% Z?Izl(ci — Meanygy)? (26)
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1 Ci— Meanysy
Skewnessysy = N (F——r SDrsy )3 27
Varianceys, = % L1(C; — Meanygy,)? (28)

Where C; represents color components (H, S, V)

3.4.3. Texture features

Texture features play a crucial role in disease classification based on texture in the
agricultural sector. Many researchers commonly utilize 14 Haralick features for texture
analysis, while some have expanded this set to 18 features in an effort to improve
classification accuracy. However, not all of these additional features prove beneficial across
all types of problems, and they can often lead to overfitting, potentially degrading
classification performance [49].

Table 6. Selected Haralick and GLCM Texture Features and Their Relevance for Wheat
Leaf Disease Classification.

Sr.

No Feature Justification for Selection Ref.

Lesions and disease spots create significant local
1 Contrast variations in intensity. Higher contrast values help in [43]
identifying areas with these variations.

Disease affects the regularity of the leaf texture,
2 Entropy increasing the complexity and randomness. Higher [53]
entropy values can indicate diseased regions.

Healthy leaves generally have more uniform textures.
3 Homogeneity-1 Lower homogeneity values can indicate irregular [15]
textures associated with disease.

Uniform textures result in higher energy values.

4 Energy Diseased areas with irregular textures show lower [57]
energy.
Measures how different the pixel values are from

5 Dissimilarity each other, which is wuseful in identifying the [47]

irregularities caused by disease.

Captures the linear dependency between pixel values,
6 Correlation-1 which can change due to disease-induced texture [50]
alterations.

In this study, the focus is on effective wheat disease classification, including stem rust, leaf
rust, stripe rust, and septoria. The feature selection process reduces an initial set of 18
Haralick texture features (Energy, Contrast, Homogeneity-1, Variance, Correlation, Sum-
Average, Sum-Variance, Sum-Entropy, Entropy, Difference-Variance, Difference-Entropy,
Correlation-1, Correlation-2, Maximal Correlation Coefficient, Homogeneity-2, Cluster-
Shade, Cluster-Prominence, and Haralick Correlation) together with an additional GLCM
descriptor (Dissimilarity) to six features: Contrast, Entropy, Homogeneity-1, Energy,
Correlation-1, and Dissimilarity. Although dissimilarity is not part of the original Haralick
set, it is widely used to measure linear gray-level variations and complements contrast-
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based difference statistics. The final features were selected based on their statistical
significance, discriminative power, and effectiveness in capturing lesion texture
characteristics, as detailed in Table 6.

In the analysis of wheat leaf lesions caused by discases like septoria, leaf rust, stripe
rust and stem rust, the GLCM (Gray-Level Co-occurrence Matrix) plays a pivotal role in
detecting textural differences. Computed for each direction (8 = 0°, 45°, 90°, and 135°)
with a distance (d = 1), the GLCM captures spatial relationships between pixel pairs at
varied orientations [28]. From these GLCMs, five Haralick texture features and one
additional GLCM descriptor (dissimilarity) are extracted using Egs. (29—34) given below.

Contrast: Measures intensity contrast between pixels and their neighbors across the entire
image, highlighting local GLCM variations. Higher values denote sharper texture
transitions [28].

Contrast =3, ;(i — j)* P(i, ) (29)

Entropy: Quantifies randomness and complexity within the GLCM, reflecting image
disorder. Elevated entropy values indicate a more intricate texture pattern [53].

Entropy = - %; ; P(i, j) log P (i, /) (30)

Homogeneity: Assesses proximity of GLCM element distribution to its diagonal,
signifying smoother textures with values concentrated near it [15].
P(J)
1+|i—j|

Homogeneity = Zi, j 3D

Energy: Represents the textural uniformity measured by the sum of squared GLCM
elements. More consistent texture patterns are indicated by higher energy values [28].

Energy =¥, ; P(i,/)* (32)

Dissimilarity: Measures pixel pair differences, emphasizing texture variations. Greater
values denote increased textural diversity [28].
Dissimilarity = %, ; |{ — jIP(i,)) (33)

Correlation: Assesses pixel correlation across the image, indicating gray level linear
dependency. Higher correlation values imply a more linear texture pattern [50].

(- (—wj)PG.J)
O'iO'j

Correlation = Zi, j (34)

Where:

i: The GLCM's row index, which indicates the reference pixel's intensity

j: The column index in the GLCM, representing the intensity value of the neighboring
pixel.

P(i,j): The probability that intensity values i and j will co-occur is represented by the
normalized value in the GLCM at position (i,j).

K;: Using Equation (35) as a guide, the mean of the GLCM values for row i is:
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W= i ij(i'j) (35)

H;: Using Eq. (36) the mean of the GLCM values for column j was determined as follows:

llj:ij 2iP@)) (36)

o;: The GLCM values standard deviation for row i, who shows the dispersion of values
close to the mean pi, computed using Eq. (37):

0; = \/Zi (@ — )2 ij(i'j) (37)

g;: The GLCM values standard deviation in column j, which indicates the dispersion of
values around the mean pj, computed using Eq. (38) as:

5= % (-1)" %PED (38)

To enhance the accuracy of disease classification, these traits are crucial in capturing
various textural elements in wheat leaf lesions affected by various diseases. They are
crucial for precise disease detection and classification, as they utilize detailed texture
information encoded in GLCM orientations. The fusion of GLCM and the selected six
texture features, as illustrated in Fig. 6, results in a final texture vector with dimensions of
1x24.

3.4.4. Edge features

In image processing and computer vision, edge features are essential because they provide
important information about the spatial content and structural properties of digital images.
For tasks like object recognition, image segmentation, and edge detection, these
characteristics are crucial, where understanding the presence, orientation, and quality of
edges is crucial for accurate analysis and interpretation. Various edge features can be used
in classification problems, such as Edge Density, Edge Contrast, Edge Sharpness, and Edge
Entropy [33].

Among all edge features, Edge Density is a key feature as it effectively captures the
frequent and complex boundaries characteristic of these lesions. There are various methods
for extracting edge density features, but based on a comparative analysis of famous
techniques like Canny, Sobel, and Prewitt edge detection methods (as shown in Fig. 7), the
Canny approach was chosen for this paper because it can improve the model's classification
accuracy. Furthermore, a thorough grasp of the lesion patterns can be obtained by
combining Edge Density with other edge-related characteristics like Edge Contrast, Edge
Sharpness, and Edge Entropy. Better differentiation and classification of septoria, leaf rust,
stem rust, and stripe rust in wheat leaves are made possible by this multi-feature approach.

The frequency of edges in an image is measured by edge density. It produces a single
scalar value and is computed as the ratio of edge pixels to total number of pixels. This
metric offers a rapid evaluation of edge spatial distribution and serves as a fundamental
descriptor of image complexity [33]. It can be computed using the expression given in Eq.
(39).

Edge Density = % 39)



288 R. Singh, D. Singh

where:
e N, denotes the count of edge pixels.
_ N denotes the total count of pixels.

Inpﬁt Tmage Seigmented Sobel Edge Prewitt Edge Canny Edge
mage Detection Detection Detection
Figure 7. Comparative analysis of edge detection methods for effective Edge Density

extraction.

According to Eq. (40), edge contrast quantifies the average variation in pixel intensities
across detected edges. It provides a numerical assessment of the sharpness and clarity of the
image's edge boundaries. While low contrast values imply smoother gradients, high
contrast values show distinct transitions between neighboring pixels. Applications needing
improved image visualization and quality evaluation will benefit from this feature [27].

1
Edge Contrast = N_ Z(x,y)EE Il(x, y) - Iaug (x, }’)l (40)
e

where:
e The set of edge pixels is represented by E.
e The intensity at pixel (x,y) is denoted by I(x,y).
e The average intensity of the area surrounding pixel (x,y) is represented by
lavg(x,y).

The gradient magnitude at edge locations, which represents the rate at which pixel
intensity changes across boundaries, is measured by edge sharpness. For the purpose of
recognizing edge-related features in segmented images of leaf lesions, higher sharpness
values signify clearer edge definitions [44]. The formula for calculating it is given in Eq.

(41).

1
Edge Sharpness = N Z(x,y)EE |\/Gx(x, y)? + Gy (x, y)? | 41)
where:
e The gradients in the x- and y-directions are denoted by the symbols Gx(x,y) and
Gy(x,y), respectively.
e Eis the set of edge pixels.

Edge entropy quantifies the complexity or randomness of edge distributions in an
image, based on the entropy of the edge map. A more complicated edge distribution is
indicated by higher entropy, whereas homogeneity is suggested by lower entropy [56]. Eq.
(42) is used to estimate edge entropy.

Edge entropy (H) = - i, p; log(p;) (42)
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where:

e p; is the probability of edge orientation i occurring (obtained from the
histogram).
e  The number of orientation bins is n.

By creating an edge feature vector of size 4, each feature vector represents one of the
previously mentioned edge features, which are essential for disease classification.

3.4.5. Codebook construction

Four feature categories are extracted: shape, color, texture, and edge. These features are
then combined using a simple concatenation-based fusion method to create a codebook.
This process sequentially combines individual feature sets, enhancing correlations within
the extracted features, reducing variations between classes, and integrating diverse feature
information into a comprehensive representation. The resulting unified and cohesive
codebook facilitates more effective analysis and classification [42]. Subsequently, a feature
codebook of size 1x79 is constructed and refined using a novel hybrid feature selection
method.

3.5. Feature selection and SVM-based Classification

In machine learning and computer vision applications, high-dimensional feature sets
increase computational cost, processing time, and memory usage, while redundant features
may degrade classification performance. To address this issue, feature selection techniques
are used to identify the most informative subset of features while eliminating irrelevant or
redundant ones.

This study proposes a hybrid feature selection framework integrating Principal
Component Analysis (PCA), skewness, entropy, and mutual information (MI) to improve
wheat disease classification. From an initial set of 79 features, the method selects the 40
most relevant features, producing a compact and discriminative representation for
classification.

First, PCA reduces dimensionality by transforming correlated features into principal
components that retain maximum variance. Next, skewness analyzes feature distributions
and detects potential outliers, while entropy measures the uncertainty within the data.
Subsequently, mutual information (MI) evaluates the dependency between features and
disease labels, enabling the selection of the most informative features. By integrating PCA-
transformed features with skewness and entropy through MI analysis, the method identifies
the top 40 significant features, as illustrated in Fig. 6. This strategy helps mitigate
overfitting, enhance prediction performance, and reduce feature redundancy.

The optimized feature subset is then provided to a Multi class Support Vector Machine
(M-SVM) classifier for disease classification. By retaining only the most discriminative
features, the method forms a structured feature space where different disease classes
become more separable. This improved separability enables the M-SVM to construct
precise decision boundaries and maximize the margin between classes, leading to improved
classification performance.
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Since the framework targets multiple wheat diseases, including Leaf Rust, Stripe Rust,
Septoria, and Stem Rust, a multi-class SVM strategy is employed to learn decision
boundaries between disease categories. During training, the SVM determines optimal
separating hyperplanes within the optimized feature space. As a result, the classifier can
accurately predict the disease class of unseen wheat leaf samples, achieving improved
accuracy, reduced overfitting, and better generalization. The complete process from feature
selection to classification is explained in Steps 1-7.

Step 1: Dimensionality Reduction with PCA
Let the original feature set be:
X={X1, X2, X3, s ces v oo X707}

The i-th characteristic is denoted by X;. These features are converted into principle
components, which are linearly uncorrelated, using PCA:

Y ={Y, Y, Vs, oo oo i}, k<79

where Y; are the principal components. The number of components, k as given in Eq. (43),

is determined by retaining those components that explain at least 90% of the total variance:

k
Zl 1)"1

Variance Explained by k = ¥¥ , A; such that So5— 279 N

>0.9 (43)

Here, A; represents the eigenvalues of the covariance matrix.

Step 2: Skewness Calculation

For the PCA-transformed features, skewness is calculated to analyze data distribution and
identify outliers. Features with low skewness are preferred as they reflect more typical data
patterns. The skewness of the i-th principal component Y; is given by Eq. (44):
E[(Y;— ﬂi)s]
Skewness of Y; = ————— (44)

g i3
Where ; is mean and o; is standard deviation of Y;.
Step 3: Entropy Calculation
Entropy is computed to measure uncertainty or randomness in each PCA-transformed
feature Y;. Higher entropy indicates more informative features. The entropy of Y; is
represented by Eq. (45):
(Y) = 'Zj bj log (pj) (45)

The probability of the j-th bin in the Y; histogram is denoted by p;.

Step 4: Mutual Information Calculation
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To further refine feature selection, mutual information (MI) is calculated between the
PCA-transformed features augmented with skewness and entropy (Z) and the target labels
(C). Let the augmented feature set be:

Z= {20,707y s one e L}

The MI between a feature Z; and the target C is computed using Eq. (46) given as:

MI(Z;, €)= [ p(z;, ¢) log (p?z(;—"’;()c)) dz; dc (46)

where the joint probability distribution of Z; and C is denoted by p(z;, c).

Step 5: Feature Ranking and Selection

Each feature Z; is ranked based on a composite score that integrates skewness, entropy,
and MI computed using Eq. (47) given as:

1
Score(Z;) = Wl.m‘i' w, . H(Z;) + ws.MI(Z;,C) 47

where w,;, w,, wy are weights assigned to each metric.

Based on their scores, the top 40 features are chosen. These features exhibit low
skewness, high entropy, and high mutual information, making them essential and diverse
for accurately classifying wheat diseases such as leaf rust, septoria, stem rust, and stripe
rust.

Step 6: Final Feature Set

The final selected feature set is:
F={2,,75,Z3, . cc e ... Ly}

This hybrid feature selection method effectively reduces dimensionality, identifies
informative features, and improves classification accuracy by addressing overfitting and
redundancy challenges.

Step 7: Multi-class Support Vector Machine (M-SVM) Classifier

To perform the final disease classification, a Multi-class Support Vector Machine (M-
SVM) classifier is employed. Support Vector Machine (SVM) is a supervised learning
algorithm widely used for classification tasks due to its strong generalization capability and
effectiveness in handling high-dimensional feature spaces. The primary objective of SVM
is to determine an optimal separating hyperplane that maximizes the margin between
samples belonging to different classes [41].
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Given a training dataset (Xi,yi), where x; represents the extracted feature vector and
yi€{l,2,...,K} denotes the corresponding disease class label, the decision function of SVM
can be expressed as:

fx) =wix +b (48)

where w represents the weight vector and b denotes the bias term. The optimal hyperplane
is obtained by solving the following optimization problem:

min = [|w]|> + CIL, & (49)
w,b,§ 2
subject to:

yiwTxi +b)>1-& & >0 (50)

where C is the regularization parameter and &; are slack variables that allow soft margin
classification.

Since the proposed framework involves multiple wheat disease classes, including Leaf
Rust, Stripe Rust, Septoria, and Stem Rust, a multi-class extension of SVM is required. In
proposed work, the multi-class classification problem is handled using the One-vs-One
(OvO) strategy, where binary classifiers are constructed for every pair of disease classes.
The final class label is then determined using a majority voting scheme based on the
outputs of these pairwise classifiers.

Using the optimized feature subset obtained after feature selection, the M-SVM learns
discriminative boundaries among disease classes. This enables the classifier to accurately
categorize unseen wheat leaf samples, resulting in improved classification accuracy,
robustness, and generalization performance.

4. Experimental results

A dataset of 1000 images, compiled from publicly accessible sources such as the CIMMYT
Dataset and Wheat Leaf Dataset, is utilized to validate the proposed methodology. A 10-
fold cross-validation approach is applied to evaluate the result. The framework includes
two key processes: lesion segmentation and the classification of wheat lesions into four
categories, namely septoria, and rust of stripe, stem and leaf. Detailed results for lesion
segmentation are discussed in Section 3.3.4, while this section emphasizes the classification
outcomes derived from the framework.

4.1. Dataset Details of Wheat Rust and Septoria

The specific technical details of the selected wheat diseases, including sample images, the
number of images used for classification in the proposed framework, as well as the causes,
symptoms, and environmental factors promoting their spread, are summarized in Table 7
below.

To perform the classification, features related to shape, color, texture, and edge
properties are extracted to create a comprehensive feature representation. This feature set is
further refined using a method of hybrid selection incorporating Principal Component
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Analysis (PCA), skewness, entropy, and mutual information (MI), optimizing the
classification accuracy of segmented lesion images. The primary classification method
employed is a M-SVM, which is benchmarked against several established models like
Gradient-Boosting Machines, Random-Forest, Ensemble-Boosted-Tree, and Weighted K-
Nearest Neighbors (W-KNN).

Accuracy, Precision (PPV), Recall (TPR), False Positive Rate (FPR), F1-Score, False
Discovery Rate (FDR), False Negative Rate (FNR), and Classification Time (for one
image) are the eight evaluation metrics utilized to assess the efficacy of the suggested
approach. The combination of accuracy, PPV, TPR, and Fl-score evaluates overall and
class-wise performance, while error-based metrics (e.g., FPR, FNR, and FDR) provide
insights into
Table 7. Detailed characteristics of wheat diseases, including sample images, number of

images used in the proposed classification framework, causes, symptoms, and
environmental conditions favoring their spread.
Sr. Disease Sample Image No. of Cause of Symptoms Conditions Ref
No Type Images Disease Favoring Spread
Appearance of
tiny, orange-
Wheat Funeus brown pustules Mild
Leaf Rust 250 8u on the foliage temperatures (15—
1 N Puccinia o . [35]
(Brown Images writicing and stems. 22°C) with wet
Rust) SN " | Leaves may dry weather.
(Wheat Leaf out earlier than
dataset usual.
Wheat Fungus Brick-red
Stem 250 Puccinia pustules on Warm, humid
2 Rust Tmages graminis stems and conditions (25— [48]
(Black 4 T witici leaves. Weak 30°C).
Rust) (CIMMYT ’ stems.
Dataset
Wheat Fungus
leaf Stripe 250 | Puccinia | YCHOWPUSIES o) 10-1500),
3 Rust Images striiformi along leaf veins. moist nights [33]
(Yellow ’ Stunted growth. ’
Rust) §
Wheat 250 Fungus Brown lesions H(l >gél Slzzgn;ggy
4 Leaf Septoria with black | q [60]
Septoria / Images tritici. pycnidia. profonge
7 A wetness.
(Wheat Leaf
dataset)

misclassification patterns. The inclusion of Classification time ensures that the method is
practical for real-world applications.
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For further information on classifier performance across different thresholds,
particularly in the setting of multiclass classification issues, this publication also includes
the Area Under the Curve.

All experiments were carried out using Python on a local machine featuring a Core 15
(12th Gen) processor, 16GB of RAM, and a 4GB RTX Nvidia Graphics Card.

4.2. Dataset and Evaluation of Selected Wheat Diseases

This study utilizes a comprehensive dataset comprising images of wheat diseases,
specifically Septoria and rust disease of leaf, stem and stripe. The dataset contains 1000
high-quality images of diseased wheat plants, including leaves and stems. Each image has
dimensions of 444x387 pixels with a resolution of 96 dpi, as shown in Fig. 8(a-d).

(d) Wheét Leaf Sebtoria (Source: Wheat Leaf dataset)



Hybrid Framework Integrating Novel Segmentation and Hybrid ... 295

Figure 8. Sample images of selected diseases (a) Wheat Leaf Rust (b) Wheat Stem Rust
(c) Wheat leaf Stripe Rust (d) Wheat Leaf Septoria.

For this research, four major wheat diseases were selected: Septoria and rust disease of
leaf, stem and stripe. The selected diseases were initially evaluated against healthy wheat
images to understand their unique characteristics and visual patterns. Subsequently, these
diseases were classified using the proposed hybrid segmentation and M-SVM techniques.
The thorough examination results demonstrate how well the model detects and categorizes
the chosen diseases. The results of the detailed evaluation are then displayed.

4.2.1. Wheat Leaf Rust

Leaf Rust in wheat manifests as tiny pustules with an orange-brown hue, harboring fungal
spores that accelerate premature leaf aging and markedly impair photosynthetic
performance. For the experimental evaluation, a dataset comprising 250 images of Wheat

Leaf Rust-affected samples was employed for both training and testing.

Table 8. Performance measures on wheat leaf rust.

Method Accuracy PPV TPR  Fl-Score FPR FNR Fpr  Classifica
on Time
Proposed 98.4 0976 098 0977 0.6 0.9  0.024 5.9
Framework

RF 96.2 0958 096 0.958 0.94 038  0.042 9.7
EBT 94.3 0936 094 0.937 216 198  0.064 10.2
GBM 93.5 0939 094 0.939 296  3.56  0.061 11.4
W-KNN 92.8 0.925  0.93 0.927 539 646  0.075 7.6

Table 8 presents an analysis that compares the proposed framework against four
advanced classifiers. The experimental findings reveal that the proposed method surpasses
other approaches, achieving a peak accuracy of 98.4% with a minimum False Positive Rate
(FPR) of 0.16. Furthermore, Table 9's confusion matrix provides additional evidence of the
framework's efficacy.

.Table 9. Wheat leaf rust classification confusion matrix.

Leaf Types Image Unhealthy (%) Healthy (%)
Unhealthy wheat leaf rust 98.57% 1.42%
Healthy wheat leaf 0% 100%
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4.2.2. Wheat Stem Rust

Stem rust in wheat is characterized by elongated, reddish-brown pustules containing fungal
spores on the stems, leaves, and leaf sheaths. This causes significant physiological stress in
the plant and a notable reduction in grain yield. For experimental evaluation, a dataset of
250 images of Wheat Stem Rust-affected samples was utilized for both training and testing.

Table 10. Performance measures on wheat stem rust.

Method Accuracy PPV TPR Fl-Score FPR ~ FNR  FpRr  Classificat
on Time
Proposed 97.9 0977 098 0978 042 031  0.023 6.1
Framework

RF 95.6 0952 096  0.955 0.84 046  0.048 10.1
EBT 95.2 0.949 095  0.949 3.56 228  0.051 10.8
GBM 93.1 093 093 0932 3.94 4.76 0.07 11.9
W-KNN 91.3 0909 0091 0.909 5.68 5.96 0.091 8.3

Table 10 provides a detailed evaluation of the developed framework against four advanced
classification techniques. The method demonstrated outstanding results, achieving a peak
accuracy of 97.9% and a minimum FPR of 0.12, outperforming existing approaches. The
reliability of the framework is further confirmed using the confusion matrix presented in
Table 11.

Table 11. Confusion matrix for stem rust in wheat disease.

Image Unhealthy wheat stem rust (%) Healthy wheat leaf (%)
Unhealthy wheat stem rust 97.5% 2.5%
Healthy wheat leaf 0% 100%

4.2.3. Wheat Leaf Stripe Rust

Stripe Rust of Wheat Leaf is distinguished by the formation of yellow-orange, elongated
stripe-like pustules of fungal spores on wheat leaves, primarily along the veins, leading to
reduced photosynthetic activity and significant yield losses. For the experimental
evaluation, a dataset containing 250 images of Wheat Leaf Stripe Rust-infected samples
was employed for both training and testing.

Table 12. Performance measures on wheat leaf stripe rust.

Method Accuracy PPV TPR L 1°  pprR  FNR  FpR  Classification
Score Time
Proposed 99.1 0989 099 0989 003 001  0.011 5.8
Framework
RF 97.4 0972 097 0970 076  0.64  0.028 9.9
EBT 94.8 0.947 095 0948 296  3.15  0.053 10.5
GBM 93.7 0935 094 0937 413 394  0.065 11.3

W-KNN 92.1 0918 092 0918  6.17 5.43 0.082 8.1
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Table 12 provides a comprehensive evaluation of the designed framework against four
advanced classification models. The method achieved remarkable results, attaining a peak
accuracy of 99.1% and a minimum FPR of 0.03, surpassing current techniques. The
framework's dependability is further illustrated in Table 13 with the help of confusion
matrix.

Table 13. The confusion matrix of stripe rust in wheat disease.

Leaf Types Image Unhealthy wheat leaf rust (%) Healthy wheat leaf (%)
Unhealthy wheat leaf rust 99.09% 00.91%
Healthy wheat leaf 00.90% 99.01%

4.2.4. Wheat Leaf Septoria

Wheat Leaf Septoria is characterized by the presence of irregular, necrotic lesions on wheat
leaves, often surrounded by yellowish halos, leading to reduced photosynthetic efficiency
and premature leaf senescence. The origin of the disease is fungus Septoria tritici, can
significantly impact wheat yield under favorable conditions such as prolonged leaf wetness
and high humidity. For the experimental analysis, a dataset of 250 images of Wheat Leaf
Septoria-infected samples was utilized for model training and testing.

A thorough comparison of the suggested framework with four cutting-edge classifiers is
given in Table 14. The developed method demonstrated outstanding results, achieving a top
accuracy of 98.9% and recording a minimum FPR of 0.27, surpassing other existing
methods. The confusion matrix shown in Table 15 provides additional validation of the
framework's robustness and dependability.

Table 14. Performance measures on wheat leaf septoria.

Method  Accuracy PPV TPR 4 °  FpR  FNR  ppr  Classifica
Score on Time
Proposed = 959 0987 0989 09878 027 015  0.013 6.0
Framework
RF 97.1 0.97 0.971 0.971 1.26 2.72 0.03 10.0
EBT 94.5 0.945 0.946  0.946 3.59 2.96 0.055 10.7
GBM 93.3 0.933 0935  0.934 5.27 4.74 0.067 11.5
W-KNN 91.8 0.916 0918  0.918 8.96 6.74 0.084 8.2
Table 15. Confusion matrix of wheat leaf septoria.
Leaf Types Image Unhealthy wheat leaf septoria (%) Healthy wheat leaf (%)
Unhealthy wheat leaf septoria 98.76% 01.24%

Healthy wheat leaf 01.11% 98.89%
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Table 16. Consolidated performance metrics for wheat disease classifiers: Accuracy, F1-
Score, FPR, FNR, PPV, TPR, FDR, and Classification Time.

Method Class | Accuracy | PPV TPR Fl- FPR | FNR | Fpr | Classificati

Score on Time
Propos | Leaf rust 98.4 0.976 0981 | 0977 | 016 | 019 | 0.024 5.9
ed Stem rust 97.9 0.977 0982 | 0978 [ 012 | 031 | 0.023 6.1
Frame |Stripe rust 99.1 0.989 0.990 | 0.989 | 0.03 | 0.01 | 0.011 5.8
work | Septoria 98.9 0.987 0.989 | 0.987 [ 027 | 015 | 0.013 6
Leaf rust 96.2 0.958 0.961 | 0958 | 094 | 038 | 0.042 9.7
Random | Stem rust 95.6 0.952 0.960 | 0.955 | 0.84 | 046 | 0.048 10.1
Forest (RF)| Stripe rust 97.4 0.972 0.970 | 0970 [ 0.76 | 0.64 | 0.028 9.9
Septoria 97.1 0.97 0971 | 0971 | 126 | 272 | 0.031 10
Ensemble |_Leaf rust 94.3 0.936 0941 | 0937 | 2.16 | 1.98 | 0.064 10.2
Bocstod |-Stem rust 95.2 0.949 0.952 | 0949 [ 3.56 | 2.28 | 0.051 10.8
ree (EBT)|SLie st 94.8 0.947 0.951 | 0948 | 2.96 | 3.15 | 0.053 10.5
Septoria 94.5 0.945 0.946 | 0946 | 3.59 | 2.96 | 0.055 10.7
Gradient | Leafrust 93.5 0.939 0.940 | 0939 | 2.96 | 3.56 | 0.061 114
Boosting | Stem rust 93.1 0.930 0931 | 0932 | 394 | 476 | 0.072 11.9
Machines | Stripe rust 93.7 0.935 0940 | 0937 | 413 | 3.94 | 0.065 11.3
(GBM) | Septoria 93.3 0.933 0935 | 0934 | 527 | 474 | 0.067 115
Weighted | Leaf rust 92.8 0.925 0.931 | 0927 | 539 | 6.46 | 0.075 7.6
K-Nearest | Stem rust 91.3 0.909 0912 | 0909 | 5.68 | 596 | 0.091 8.3
Neighbor | Stripe rust 92.1 0.918 0921 | 0918 | 6.17 | 543 | 0.082 8.1
(W-KNN) | Septoria 91.8 0916 | 0918 | 0918 | 896 | 6.74 | 0.084 8.2

4.2.5. Comprehensive Performance Analysis Across Wheat Diseases

To evaluate the proposed classification framework for each disease individually, a thorough
comparison was conducted across four wheat disecases: Wheat Rust of Stem, Leaf, and
Stripe and Wheat Leaf Septoria. Accuracy, F1-Score, FPR, FNR, PPV, TPR and FDR are
among the important performance metrics that are compiled in Table 16 along with the
classification time for every classifier. The findings show that the proposed framework
consistently exceeds other methods in accuracy, precision, and efficiency, achieving a
classification accuracy of 99.1% with minimal FPR (0.03) and FNR (0.01) for Stripe Rust.
This emphasizes the framework's robustness and reliability for real-world applications. Fig.
9 and Fig. 10 compare classification accuracy and time for W-KNN, GBM, EBT, RF, and
the proposed framework across four wheat diseases. The proposed framework consistently
achieves the highest accuracy, exceeding 98%, outperforming RF (96-97%), EBT (94—
95%), and GBM and W-KNN (90-93%), making it highly effective for agricultural
monitoring.

In terms of efficiency, the proposed framework also excels, with classification times
under 6 seconds for all diseases, compared to GBM (over 11 seconds), EBT and RF (9-10
seconds), and W-KNN (7-8 seconds). This blend of superior accuracy and speed highlights
its suitability for real-time agricultural applications and its practicality for precision farming
systems.
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4.2.6

. Final Classification Results for All Four Diseases

To evaluate the proposed classification framework, a 10-fold cross-validation strategy was
applied to a dataset containing 1,000 images, with 250 images representing each of the four
wheat diseases. The dataset was partitioned into 10 equal folds using stratified sampling to

100

98

96 4

Accuracy (%)

88 1

86 -

92 4

Comparison of Disease Classification Accuracy

Diseases
mm Leaf rust
- stem rust
Wmm Stripe rust
BN Septoria

Classification Methods

Figure 9. Classification accuracy comparison showing the proposed framework surpassing
W-KNN, GBM, EBT, and RF with over 98% accuracy for four wheat diseases.
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Classification Time
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Figure 10. Classification time comparison showing the proposed framework achieving
faster results (under 6 seconds) than W-KNN, GBM, EBT, and RF for all four wheat
discases.
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Figure 11. Performance comparison in Fig. 11 (a-e) for Accuracy, F1-Score, FPR, FNR,
FDR, and Classification Time, showcasing the proposed framework's superior accuracy
(98.58%), F1-Score (0.983), and efficiency (5.95 seconds) compared to W-KNN, GBM,
EBT, and RF.
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ensure balanced representation across all disease categories. During the process, the model
underwent training and testing over 10 iterations, where nine-folds were allocated for
training and one-fold for validation. This method ensured that each fold served as the
validation set exactly once, while contributing to the training set in the other iterations.

Evaluation metrics, such as accuracy, F1-score, FPR, FNR, FDR, AUC (Area Under the
ROC Curve), and computational time, were calculated exclusively on the validation set
during each iteration. For an impartial assessment of the model's capability to generalize
over unseen data, these metrics play a vital role. Upon completing all 10 iterations, the
averaged performance metrics offered a dependable estimation of the framework's overall
classification effectiveness.

Table 17. Final classification outcomes for all four types of wheat diseases.

Class Accuracy F1- FPR FNR FDR AUC Clasm.ﬁcation
Score Time
Proposed 98.58 0983 0145 017  0.018  0.990 5.95
Framework
Rand?f{}:fore“ 96.57 0964 0950 105 0037  0.982 9.93
Ensemble Boosted
Tree (EBT) 94.70 0.945 3.068 2.59 0.056 0.954 10.55
Gradient Boosting
Machines (GBM) 93.40 0.936 4.075 4.25 0.066 0.941 11.53
Weighted K-
Nearest Neighbor 9200 0918 6550 615  0.08  0.935 8.05
(W-KNN)

The proposed framework scores a peak classification performance of 98.58% and an
AUC value of 0.99. In comparison, W-KNN attained an accuracy of 92%, with an FPR of
6.55 and an FNR of 6.15. The classification results for all four diseases, along with
comparisons to alternative approaches, are detailed in Table 17. The confusion matrix in
Table 18 is presented for additional verification of the classification outcomes

A relative assessment of performance metrics for Several classifiers, including the
Proposed Framework, RF, EBT, GBM, and W-KNN, is presented with the help of bar
graphs in Fig. 11(a-f). The Proposed Framework excels in key performance metrics,
achieving top accuracy (98.58%), F1-Score (0.983), and AUC (0.990), while also recording
minimal rates for False Positives (FPR: 0.145), False Negatives (FNR: 0.17), and False
Discoveries (FDR: 0.018).

Table 18. Confusion Matrix for All four Disease Types: R1 (Leaf.Rust), R2 (Stem.Rust),
R3 (Stripe.Rust), S (Septoria).

Leaf Types Image R1 R2 R3 S
R1 97.6 0.8% 1.2% 0.4%
R2 2.8 96.4% 0.8% -
R3 - - 100% -
S - 0.9% - 99.1%

In terms of classification time, the Proposed Framework demonstrates significant
efficiency, achieving an average time of 5.95 seconds, which is notably faster than RF
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(9.93 seconds), EBT (10.55 seconds), GBM (11.53 seconds), and W-KNN (8.05 seconds).
These outcomes emphasize the ability of the framework to balance accuracy, robustness,
and computational speed, thereby positioning it as a viable approach for real-time wheat
disease identification and classification within precision agriculture systems.

4.2.7. ROC Curve and AUC Comparison

The Receiver Operating Characteristic (ROC) curve presented in Figure 12 evaluates the
effectiveness of the proposed work in comparison with other machine learning algorithms,
including RF, EBT, GBM, and W-KNN. Plotting of the ROC curve is materialized with the
help of TPR against FPR under several threshold conditions, based on the data from Table

19.

Table 19. Threshold-based TPR, FPR, and AUC comparison for Proposed Framework, RF,
EBT, GBM, and W-KNN, highlighting superior performance of the proposed model.

Thresh
od | TPR FPR | TPR FPR| TPR FPR | TPR FPR | PR FPR
Proposed Proposed (RF) (RF) (EBT) (EBT) (GBM) (GBM) ]((IYI‘/I;I) K(I\\)IVI:I)
1.0 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
0.9 0.80 0.005 0.78 0.015 0.76 0.027 0.75 0.033 0.70 0.041
0.8 0.90 0.008 0.88 0.021 0.85 0.040 0.83 0.048 0.80 0.061
0.7 0.95 0.009 0.94 0.025 0.92 0.047 0.91 0.055 0.88 0.073
0.6 0.97 0.010 0.96 0.028 0.94 0.051 0.93 0.061 0.90 0.078
0.5 0.989 0.011 0.971 0.029 0.946 0.054 0.935 0.065 0918  0.082
0.0 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Final
AUC
using 0.99 0.98 0.94 0.93
ROC
curve
ROC Curves and AUC Comparison
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Figure 12. ROC curves and AUC comparison showing the superior performance of the
proposed framework (AUC = 0.99) over RF (0.98), EBT (0.95), GBM (0.94), and W-KNN
(0.93).

The proposed framework achieves an AUC of 0.9910, outperforming models like RF
(AUC = 0.9752) and EBT (AUC = 0.9539). This indicates the framework's strong capacity
to separate between target and non-target classes. The steep slope near the origin and the
low FPR at high TPR values further demonstrate the framework's reliability and efficiency
in managing imbalanced datasets, ensuring accurate predictions essential for practical
applications.

Furthermore, Table 20 offers a comparative evaluation of the proposed classification
framework with existing methods for all four diseases, Wheat Septoria and wheat rust of
Leaf, Stem and Stripe Rust. The results clearly highlight the superiority of the proposed
approach in delivering enhanced performance metrics.

Table 20. Comparison of the classification accuracy achieved by the proposed framework
with existing methods.

Existing Methods (References) Year Accuracy
[43] 2022 923
[11] 2021 94.2
[51] 2024 98%
[16] 2024 98.43%
Proposed Classification Framework - 98.58%

5. Discussion

The proposed framework presents a novel hybrid pipeline that integrates Adaptive K-
means, GMM and advanced color manipulation, thereby achieving superior leaf lesion
segmentation compared with the use of individual methods in isolation. Building upon this
segmentation stage, the framework incorporates hybrid feature engineering and
classification using M-SVM, resulting in a holistic approach that ensures both precise
lesion segmentation and reliable disease classification. By leveraging features derived from
segmented lesion pixels, the M-SVM performs well even on small datasets, mitigating
overfitting issues commonly observed in deep learning-based approaches (as seen in Figure
1). The adaptive K-means clustering algorithm effectively separates background pixels
from the input image during the segmentation phase by dynamically determining the ideal
cluster count. This flexibility accommodates variations in cluster distribution across diverse
input images. Subsequently, the segmentation process is further enhanced using Gaussian
Mixture Models (GMM) and advanced color manipulation techniques.

The efficiency of the proposed segmentation approach is evident in Fig. 3(d), which
showcases accurate lesion segmentation, surpassing other clustering techniques by
minimizing the loss or mixing of lesion pixels with background pixels. This robust and
adaptable methodology ensures reliable segmentation outcomes, forming a strong basis for
the classification stage.
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In order to assess the effectiveness of the proposed segmentation technique, Fig. 4
presents a comparative analysis relative to existing approaches. The quantitative metrics
outlined in Table 3 and detailed in Table 4 demonstrate an Average Dice Coefficient of
0.9814, an Average F1-Score of 0.9619, and an Average Jaccard Index of 0.9661,
emphasizing high precision and consistency in segmentation. Additionally, Fig. 5 visually
and numerically confirms alignment with ground truth images, achieving a segmentation
performance index of 98.21%.

The segmented images are analyzed using four feature types: shape, color, texture, and
edge, which are integrated to form a feature vector. A feature selection process, depicted in
Fig. 6, identifies the most influential features. The M-SVM classifier, which has benefits
like better managing small datasets, less overfitting than deep learning, quicker training and
classification, and enhanced interpretability of feature-based models, is then fed the chosen
features. Using this approach, the proposed framework achieved classification accuracies of
98.4%, 97.9%, 99.1%, and 98.9% among these, rust diseases—such as leaf, stem, and stripe
rust—along with wheat leaf septoria, respectively. Performance metrics for the proposed
framework and corresponding confusion matrices are detailed in Tables 8, 10, 12, and 14,
with supplementary data in Tables 9, 11, 13, and 15.

Based on Table 17 and confirmed by the confusion matrix in Table 18, the overall
classification accuracy for all four diseases is 98.58%. This demonstrates the framework's
robustness in identifying and categorizing wheat diseases.

A comparative performance analysis is carried out using metrics like Accuracy, F1-

Score, FPR, FNR, FDR, and Classification Time in order to guarantee the framework's
reliability. With a classification accuracy of 98.58%, an F1-Score of 0.983, and
computational efficiency of 5.95 seconds, the framework outperforms models such as RF,
GBM, EBT, and W-KNN, as shown in Fig. 11 (a—e).
The ROC and AUC curves, which analyze the trade-offs between true positive and false
positive rates, are finally shown in Fig. 12. The proposed framework achieves the highest
AUC score of 0.99, surpassing alternative methods such as RF (0.98), EBT (0.95), GBM
(0.94), and W-KNN (0.93).

Finally, Table 20 provides a detailed comparison of the proposed algorithm with other
techniques, demonstrating its reliability and effectiveness. The findings confirm the
superiority of the proposed classification framework, particularly when integrated with M-
SVM, over existing approaches, ensuring improved accuracy and efficiency for agricultural
disease management.

6. Conclusion and Future Directions

This study proposes a novel framework for identifying and classifying wheat lesions among
these rust diseases—such as leaf, stem and stripe rust—along with wheat leaf septoria. The
framework combines a strong classification model with sophisticated lesion segmentation
approaches. To precisely isolate lesions, segmentation uses Gaussian Mixture Models
(GMM), adaptive k-means clustering, and sophisticated color manipulation.

The framework extracts shape, color, texture, and edge-based features, which are further
refined using PCA, skewness, entropy, and Mutual Information to eliminate redundancy
and enhance classification performance. By deriving effective features from the segmented
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lesions, the framework addresses the challenge of small datasets and mitigates the
overfitting issues commonly observed in deep learning—based classifiers. As a result, the
proposed M-SVM classifier achieves high sensitivity, specificity, and accuracy.
Experimental validation on the Wheat Leaf and CIMMYT datasets confirms the superior
performance of the framework compared to existing methods in both segmentation and
classification.

While the proposed approach is effective, there are opportunities for enhancement.
Future research could extend the framework to accommodate additional diseases and crops,
incorporate deep learning for automated feature extraction, with large dataset and optimize
computational efficiency for real-time field applications. Expanding datasets to include
diverse environmental conditions and incorporating temporal data for disease progression
tracking could further improve the robustness and applicability of the framework.

This study provides a strong foundation for advancing wheat disease management, with
potential to evolve into a scalable, real-time solution for agricultural diagnostics.
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