PatternlQ Mining
https://pigm.saharadigitals.com/

Pattern Recognition Approach for Crop Disease
Identification Using Leaf Texture and Color Feature
Extraction

Ali Hassan', Noor Ahmed?
'Department of Computer Science, College of Computer Science and Information Technology, Baghdad
International University, Baghdad, Iraq
2Department of Information Systems, College of Engineering and Information Technology, Basra
International University, Basra, Iraq
hassanaliresearch(@gmail.com

ABSTRACT

Crop diseases reduce yield and quality, and visual inspection can be time-consuming and dependent
on lighting conditions, leaf characteristics, and disease similarity. Traditional image-based
recognition approaches can have redundant descriptors and confuse similar disease patterns based
on visual appearance only. A novel Hybrid Color—Texture Optimization with Support Vector
Machine (HCTO-SVM) pattern recognition approach is developed to identify crop diseases from
complementary color and texture features. The leaf images are pre-processed and segmented; color
features are extracted using the Hue, Saturation, and Value (HSV) color space, and texture features
are extracted using the Gray-Level Co-occurrence Matrix (GLCM) and Local Binary Pattern (LBP).
The complementary descriptors are fused, and Particle Swarm Optimization (PSO) is used for
discriminative feature selection and to reduce redundancy. A Support Vector Machine (SVM) with
a Radial Basis Function (RBF) kernel performs nonlinear pattern recognition for final crop disease
identification. Evaluation on the Kaggle PlantVillage dataset shows 98.76% Macro-F1, 98.21%
MCC, 98.14% Cohen's Kappa, and 98.63% Balanced Accuracy, demonstrating consistent
recognition across the evaluated disease classes. A unified color—texture representation, optimized
feature selection, and nonlinear recognition framework for robust crop disease recognition are
presented. The strategy facilitates early screening, precision agriculture and scalable crop health
monitoring.

Keywords: Crop Disease Identification; Pattern Recognition; HSV Color Features; GLCM Texture Analysis;
Local Binary Pattern; Particle Swarm Optimization; Support Vector Machine.

1. Introduction
a. Agricultural Disease Recognition

Plant diseases substantially affect crop productivity and quality, creating a need for
automated and reliable visual identification in precision agriculture. Recent publications have
produced discriminative representations of plant images using deep learning and vision-
transformer architectures. Transformer-based visual representation learning has been shown to
enable automated plant disease detection with efficient Vision Transformer architectures [1].
The application of handcrafted visual descriptors for grape leaf disease diagnosis has been
shown to be helpful when combined with automatic K-means segmentation, color
representations, feature reduction, and machine learning [2]. Multitask learning has explored
simultaneous disease localization and classification in vision-transformer learning [3]. Transfer
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learning architectures have also been evaluated for cotton disease detection [4], and lightweight
deep architectures have been developed for efficient tomato disease classification that account
for limited time and computing resources [5].

b. Existing Method Limitations

Despite advances in automated crop disease recognition through deep learning, several
challenges remain in real-world image-based pattern recognition. In general, deep architectures
require heavy computational capacity and massive training sets, making them infeasible in low-
resource agricultural settings. Learned representations can also make it obscure the contribution
of specific visual characteristics to the discrimination of diseases. Deep learning models were
explored for plant disease classification and detection of damage [6], and deep transfer learning
was used for plant disease identification from images [7]. Further studies have been carried out
on improved convolutional learning of diseased cotton leaves and plants [8]. In contrast,
traditional feature-based ones are still interesting since they allow explicit representations of
color, texture and spatial properties. GLCM, LBP, segmentation and SVM have proven to be
useful for plant leaf disease classification [9] and hybrid multiclass SVM approaches have been
attempted for the detection of diseases [10].

c. Color—Texture Feature Gap

Prior studies show that deep-learning and handcrafted-feature methods work well, but
targeted fusion of complementary color and texture features with systematic feature
optimization remains underexplored. Some traditional methods use single descriptors, static
feature sets and/or segment-based representations, which may contain redundant information
and/or less discriminative features. Recently, work on improving precision agriculture has
focused on learning-based methods instead of compact color—texture pattern representations.
In agricultural sensing, hybrid optimization with deep belief networks was analyzed [11], and
the incorporation of GLCM and SIFT features with SVM for detecting diseases in tomatoes
was studied [12]. SVM-based classification of various crop diseases has also been studied, such
as kernel comparison methods [14] .The objective is to create a small, discriminative pattern
recognition algorithm that leverages complementary leaf color and textural information while
eliminating redundant features. Fusing HSV, GLCM, and LBP descriptors, combined with
optimization and nonlinear classification, provides an interpretable, computation-efficient
solution for automated crop disease identification.

The HCTO-SVM framework is developed to accomplish the following objectives:

e To construct a hybrid leaf representation by integrating HSV color, GLCM texture, and
LBP texture features for discriminative crop disease characterization.

e To optimize the fused color — texture feature space using Particle Swarm Optimization
(PSO) to remove redundant features and preserve disease-related patterns.

e To design an RBF-kernel Support Vector Machine (SVM) Classifier for Nonlinear
pattern Recognition for accurate crop disease identification.

e To validate the proposed HCTO-SVM framework using Macro-F1, MCC, Cohen’s
Kappa, and Balanced Accuracy on the Kaggle Plant Village dataset.

The principal contribution is the HCTO-SVM framework, which uses HSV color,
GLCM texture, and LBP texture descriptors, PSO-based feature optimization, and RBF-SVM
for crop disease identification. The framework aims to minimize feature redundancy and
improve discrimination between similar disease patterns. The rest of the paper is structured as
follows: Section 2 discusses related work; Section 3 outlines the proposed methodology;
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Section 4 presents the dataset, experimental configuration, results, and analysis. Last, Section
5 concludes the study and highlights potential future research directions.

2. Literature Survey

Nandhini et al. [15] propose MHGSO-DenseNet (Mutation-based Henry Gas Solubility
Optimization—DenseNet-121), which is an optimized DenseNet-121 for plant disease
identification. The method achieved 98.7% accuracy on 14 Plant Village classes and 98.81%
on the field dataset. However, deep network computation is quite resource-intensive. Zhao et
al. [16] added the residual layer and Inception layer into the structure and embedded an attention
mechanism to the residual layer to obtain RIC-Net (Residual-Inception Convolutional
Network). The network was able to have an overall accuracy of 99.55% for multiple crop
diseases. But it requires computation of deep CNN and learned representations.

Quan et al. [17] presented a lightweight MS-Net (Multi-Scale Network) with skip
connections, feature weighting based on optimization and plant-specific pretraining. It achieved
99.80% test accuracy on PlantVillage and 97.8% on complex-background images. However,
performance can drop in uncontrolled field settings.Ullah et al. [18] presented DeepPlantNet
(Deep Plant Network), which is a unique use of convolutional layers, fire modules, mixed
convolutional filters, batch normalization, and Leaky-ReLu for disease classification. The
results show that the model achieved 98.49% accuracy for eight classes and 99.85% for three
classes. However, training requires significant computing power.Chen et al. [19] then proposed
INC-VGGN (Inception-enhanced VGG Network), using transfer learning by combining the
Inception module with VGG-based feature extraction to identify plant diseases. Although the
framework showed good classification results, deep feature learning has high computational
requirements and provides limited explicit feature interpretability. Too et al. [20] introduced FT-
CNN (Fine-Tuned Convolutional Neural Network) and systematically compared VGG,
Inception, ResNet, and DenseNet on PlantVillage. With the lowest parameter count, DenseNet-
121 achieved the best test accuracy of 99.75%. However, the study focused on comparing
architectures, not explicitly optimizing the color—texture feature.

Rehman et al. [21] presented a novel approach, WOA-DTL (Whale Optimization
Algorithm — Deep Transfer Learning), that combines pretrained deep models with image
augmentation, contrast enhancement, feature fusion, and whale optimization-based feature
optimization. It had a 95.7% accuracy for the six citrus diseases. Because it is specialized for
citrus, its crop use is therefore restricted. Alzoubi et al. [22] proposed an Enhanced PSO-SVM
(Particle Swarm Optimization—Support Vector Machine) based fig leaf disease detecting
system. They extracted disease-related visual characteristics using image-processing operations
and optimized SVM classification parameters using PSO. Demonstrated good disease
classification; however, it was designed for crops and will not easily transfer to other plant
species. Araujo and Peixoto [23] proposed CM-LBP-BoVW-SVM (Color Moments—Local
Binary Pattern—Bag of Visual Words—Support Vector Machine), integrating color, texture, and
local visual characteristics before SVM classification of soybean diseases. The proposed
method achieved better disease recognition, but manually designed descriptors are sensitive to
feature quality and may contain redundant information. Fan et al. [24] proposed TL-HOG-CL
(Transfer Learning—Histogram of Oriented Gradients—Centre Loss) to improve feature
compactness and discrimination using transfer-learning features, HOG descriptors, and centre
loss. On the three datasets, it achieved accuracies of 99.79%, 92.59%, and 97.12%. However,
transfer learning comes at the cost of greater computational complexity.Previous work has
shown the success of deep learning, transfer learning, handcrafted descriptors, and optimized
classifiers in crop disease recognition. However, few studies have combined HSV color
features, GLCM and LBP texture features, PSO-based feature optimization, and RBF-SVM-
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based classification in a compact pattern recognition framework. Although deep models offer
strong representations, they can be overly complex, while handcrafted methods may include
redundant information. To address these limitations, we propose a unified, optimized color—
texture representation that enables HCTO-SVM for crop disease identification.

3. Proposed Methodology

The proposed framework for crop disease identification, Hybrid Color—Texture
Optimization with Support Vector Machine (HCTO-SVM), has four stages: image
preprocessing, complementary color—texture feature extraction, feature optimization, nonlinear
classification, and, lastly, disease assignment. It combines Hue, Saturation, and Value (HSV)
color features with Gray-Level Co-occurrence Matrix (GLCM) and Local Binary Pattern (LBP)
texture features. A kernel-based Support Vector Machine (SVM) with a Radial Basis Function
(RBF) kernel then performs nonlinear classification to reduce feature redundancy and retain
discriminative descriptors using Particle Swarm Optimization (PSO).
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Figure 1: Overall architecture of the HCTO-SVM framework for crop disease
identification

Fig. 1 depicts the general architecture of the proposed HCTO-SVM framework for crop
disease identification. The pipeline starts with images captured by PlantVillage, which then
undergo preprocessing, including image resizing, noise reduction, segmentation, and intensity
normalization. The pipeline then extracts parallel HSV color features, GLCM texture features,
and LBP texture features from the standardized images and fuses them. Next, PSO removes the
redundant features and keeps the most discriminative descriptors. The optimized feature
representation is fed to the RBF-SVM (classifier) for nonlinear disease pattern recognition.
Finally, the trained classification algorithm assigns leaf images to the disease categories:
healthy, fungal, bacterial, viral, and pest.

a. Data Acquisition and Preprocessing

The Kaggle PlantVillage dataset is acquired for automated crop disease identification
and organized by disease category. The collected leaf images are cleaned to remove invalid or
unusable samples and standardized through resizing, noise suppression, background
segmentation, and intensity normalization. The preprocessing operation is formulated as
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P =N (5 (D(R(Il-)))) . (1)
Where,in Equation(1) , I;denotes the acquired leaf image i, R(-)represents image resizing,
D(-)denotes noise reduction, S(:)represents leaf-region segmentation and background
suppression, and MN'(-)denotes intensity normalization. The processed image Iip provides a
standardized leaf representation with reduced noise and irrelevant background information,
thereby establishing a consistent input for subsequent color and texture feature extraction.

b. HSV-GLCM-LBP Feature Extraction
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Figure. 2: HCTO-SVM workflow for crop disease identification.

Figure 2 depicts the HCTO-SVM workflow such as HSV — GLCM — LBP feature
extraction, PSO based feature optimisation and RBF-SVM based classification. The features
extracted are fused, optimised using binary selection and classified using RBF kernel decision
functions to determine the final crop disease class.The preprocessed leaf image is transformed
into the Hue, Saturation, and Value (HSV) color space to characterize disease-related variations
in leaf color and intensity. The HSV representation is expressed as

H; = Tysy (I7) = [y sp vi]T. ()

Where,in Equation(2) , Tysy(-)denotes the HSV transformation, while h;, s;, and
v;represent the hue, saturation, and value components, respectively. The resulting descriptor
H;captures complementary chromatic characteristics that support the differentiation of healthy
and diseased leaf regions.Texture information is extracted using the Gray-Level Co-occurrence
Matrix (GLCM) to characterize spatial relationships between neighboring intensity levels. The
normalized GLCM probability is defined as

Pi(@b | 60) = = o@2100) )
Y. Shbai(abl 80)+e

Where,in Equation (3), G;(a’ b’ | 68)denotes the occurrence frequency of the gray-level pair
(a» b)at distance dand orientation 6, Lrepresents the number of gray levels, and eprevents
numerical instability. The normalized matrix P;characterizes spatial intensity relationships and
provides texture information associated with disease-induced surface variations.L.BP
descriptors are additionally extracted to capture local intensity patterns and fine-grained surface
irregularities. The complementary color and texture descriptors are subsequently integrated into
a unified feature vector as
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F; = [vec(Hy)T» GLCMT> LBPT]", 4)
Where, in Equation(4),vec (H;)denotes the vectorized HSV representation, while GLCM;and
LBP;represent the extracted GLCM and LBP descriptors. The fused vector F;combines
chromatic information, spatial texture relationships, and local texture patterns into a
comprehensive representation for feature optimization.

c. PSO-Based Feature Optimization

The fused HSV-GLCM-LBP representation may contain redundant or weakly
discriminative features. Particle Swarm Optimization (PSO) is therefore employed to identify
a compact subset of informative descriptors. Each particle represents a binary feature-selection
configuration formulated as

@ _[,®, © ® ®
zg = [qufzqzr ...rzqd], zq; €{01}. Q)

Where,in Equation(5), ZC(It) denotes the feature-selection vector of particle gat iteration t, and

drepresents the total number of fused features. A binary value of one retains the corresponding
feature, whereas zero excludes it. This representation establishes candidate feature subsets for
searching combinations that preserve disease-discriminative information while limiting
redundant descriptors.The particle velocity is updated according to individual and collective
search experiences as

t+1 t t t
vtg ) = a)v(g ) ¥ an (pge“ — Z(g )) + o1y (gbe“ — Z(g )). (6)
Where,in Equation(6), wdenotes the inertia coefficient, c;and crepresent the cognitive and

social acceleration coefficients, ryand r,are random values, pfl’eStrepresents the personal-best

solution, and g?®tdenotes the global-best solution. The updated velocity v(ng) guides each
particle toward promising feature combinations by incorporating both its previous search
direction and the best solutions identified by the particle and swarm.The updated velocity is
converted into a binary feature-selection decision using a sigmoid transformation as

(t+1) _ 1
aj [1+exp(—vt(ls.+1)) >l (7)
Where,in Equation(7), vl(;' B denotes the updated velocity of feature j, Trepresents the selection

threshold, and 1[-]denotes the indicator function. The resulting binary vector determines which
descriptors are retained and which are discarded, producing an optimized feature representation
with reduced redundancy and improved discriminative potential.

d. RBF-SVM Disease Classification

The optimized feature representation is fed into a Support Vector Machine (SVM) with
a Radial Basis Function (RBF) kernel to model nonlinear relationships among disease patterns.
The kernel similarity between two optimized feature vectors is defined as

* * * %12
K(F F7) = exp (—v|IF; = F112). ®)
Where,in Equation(8), F;'and Fj*denote optimized feature vectors, ycontrols the RBF kernel
width, and || F* — F]* llZrepresents the squared Euclidean distance between the feature vectors.

The kernel transforms feature relationships into nonlinear similarity values, enabling separation
of disease classes with overlapping color and texture characteristics.For multiclass disease
recognition, the SVM generates class-specific decision functions using the optimized
representation. The classification function is expressed as

48
Vol. No: 03 Issue No: 02 2026



PatternlQ Mining

https://pigm.saharadigitals.com/

N
D) =) aieyicK(FVFY) 4+ be, 9 = arg_max _ fo(F)). ©)
j=1 ce{1...C}

Where, in Equation (9), Ndenotes the number of training samples, a;crepresents the learned
SVM coefficients, y;.denotes the corresponding class label, bis the class-specific bias,

Crepresents the number of disease classes, and ¥;denotes the predicted class. The class with the
maximum decision value is selected as the disease category for the input leaf image.

e. Crop Disease Identification

The optimized feature representation is classified using the trained RBF-SVM model
to generate the final disease category for each leaf image. The learned nonlinear decision
boundaries distinguish disease-specific color and texture patterns and assign each input sample
to its corresponding crop disease class. The complete identification process is expressed as

Vi = SVMppr(F;) = SVMppr (7350 (THSV,GLCM,LBP (?(Ii))))- (10)

Where,in Equation(10) , I;denotes the input leaf image, P (-)represents preprocessing
and segmentation, Fysy cLcm e (-)denotes hybrid HSV, GLCM, and LBP feature extraction,
PSO(-)represents feature optimization, F; denotes the optimized feature representation,
SVMppr(-)represents the RBF-kernel SVM classifier, and ¥;denotes the final identified crop
disease class. The complete HCTO-SVM sequence therefore converts the input leaf image into
an optimized color—texture representation and assigns it to the corresponding crop disease
category.

Table 1. Major Crop Disease Identification Classes with Color and Texture

Characteristics
Detected Class | Crop Color Texture Characteristics | Identification
Characteristics Type
Healthy Leaf Multiple | Predominantly Smooth and consistent | Healthy
crops uniform green surface
Apple Scab Apple Brown or olive- | Irregular and rough | Fungal
colored lesions lesion patterns
Corn  Common | Corn Reddish-brown rust | Raised and scattered | Fungal
Rust spots surface patterns
Tomato Tomato Dark brown to black | Irregular localized spot | Bacterial
Bacterial Spot spots texture
Tomato Yellow | Tomato Yellowing and pale | Wrinkled and distorted | Viral
Leaf Curl Virus green regions leaf texture
Tomato Spider | Tomato Yellow or bronzed | Fine  stippling and | Pest
Mites discoloration irregular surface patterns

Table I presents representative crop disease classes along with their crop type,
characteristic color patterns, and texture properties. These visual characteristics correspond to
the HSV, GLCM, and LBP features HCTO-SVM uses to distinguish healthy, fungal, bacterial,

viral, and pest-related conditions.

Algorithm 1: HCTO-SVM-Based Crop Disease Identification

Input:D = {(Iy y)}L,
Output: {§;}},

1. Initialize N,Q, T, w, cq,C3, T.

2. Fori=1,..,Ndo
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End For

Initialize Qbinary feature-selection vectors z,
Forq=1,..,Qdo

Initialize pfl’e“.

End For

While t < Tdo

Forq=1,...,Qdo

v‘gt+1) _ wv‘gt) + oy (pgest _ Zét)) + o1y (gbest _ Zc(lt)).

Forj=1,..,ddo

®
q -

(t+1) _ g [ 1
4 1+exp (—véi.ﬂ))
End For
Evaluate fitness and update p
End For
Update g
t—t+1.
End While
Fori=1,..,Ndo
Obtain optimized features F;"using g
K(FF') =exp (=y I| i — " 113).

N
fc(Fi*) = Z ) 1“]'(: ijK(F}'*'Fi*) + bc-

>T

best
q .

best

best

yi = argmax, fc(Fi*)-

for i=1,...,Ndo

Apply the complete HCTO-SVM identification sequence:
i = SVMipr (F}) = SVMar (PSO (Fusy sacmune(PUD)))

End For

Return {y;}V,.

Algorithm 1 shows the HCTO-SVM scheme for crop disease identification, applying
image preprocessing, HSV-GLCM-LBP feature extraction, PSO feature selection, RBF-SVM
classification, and an optimized leaf image representation for disease prediction.

. Results and Performance Analysis

a. Dataset Description &Experimental Setup

The experiments use the Kaggle PlantVillage labelled dataset[25], which consists of 15
plant disease classes and 21,639 leaf images. It contains healthy and diseased leaves from
pepper, potato, and tomato crops, including bacterial, fungal, and viral diseases, pest damage,
and target spots. Classes are Pepper Bacterial Spot, Pepper Healthy, Potato Early Blight, Potato
Late Blight, Potato Healthy, Tomato Bacterial Spot, Tomato Early Blight, Tomato Late Blight,
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Tomato Leaf Mold, Tomato Septoria Leaf Spot, Tomato Spider Mites, Tomato Target Spot,
Tomato Yellow Leaf Curl Virus, Tomato Mosaic Virus and Tomato Healthy. Before HSV,
GLCM and LBP feature extraction, images are processed.

The HCTO-SVM framework is implemented in Python 3.10 using OpenCV, NumPy,
Pandas, and scikit-learn. The images are split into 70%, 15% and 15% training, validation and
testing sets, respectively, using stratified sampling among the 15 disease classes. Image
preprocessing includes resizing, normalization, noise reduction, and leaf segmentation. HSV
descriptors are used to capture the color characteristics and GLCM and LBP for complementary
texture characteristics. PSO is conducted in 50 iterations, and RIC-Net, MS-Net and INC-
VGGN are trained in 50 epochs under the same data partition. An RBF-SVM is used to classify
the optimized features, and Macro-F1, MCC, Cohen's Kappa, and Balanced Accuracy are used
to evaluate the performance.

b. Disease Classification Consistency Analysis(DCCA)— Macro-F1 Score

Disease Classification Consistency (DCCA) evaluates the consistency of crop disease
identification across variations in leaf color and texture. For each disease class c,precision and
recall are first calculated as

TP _ TP _ o PcR:
Fe = thcerr Re = mparn; Fle=25 % 11(a)
The Macro-F1 score is obtained by averaging the F1-scores across all 15 classes:
MaCI'O-Fl - %Zg=1 F 1C' ll(b)

Where, in Equationll(a-b), TP., FP., and FN_.denote the true-positive, false-positive, and
false-negative predictions for class c, respectively, and C = 15represents the total number of
dataset classes. The high Macro-F1 value indicates consistent, balanced crop disease
identification across all disease and healthy classes.
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Figure 3: (a) Macro-F1 performance under different leaf color conditions. (b) Macro-
F1 performance under different leaf texture conditions.

Figure 3(a) ,shows Macro-F1 in various leaf colour conditions. For disease
identification, HCTO-SVM achieves high Macro-F1 (98.41-98.84%)), indicating consistent and
balanced disease identification despite variations in leaf colour.Macro-F1 in different leaf
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texture conditions is provided in fig 3(b); HCTO-SVM achieves 98.46-98.76%, showing that it
identifies disease across textures without significant disturbance.

c. Prediction Correlation Strength Analysis (PCSA) — Matthews Correlation Coefficient

Prediction Correlation Strength (PCSA) measures agreement between the real label and
the predicted label during model training. MCC provides a correlation-based measure of
prediction quality, with higher scores indicating greater agreement between predictions and
label actualization. MCC is calculated by

TP-TN—FP-FN

- J(TP+FP)(TP+FN)(TN+FP)(TN+FN) (12)
Where, in Equation (12), TP, TN, FP, and FNdenote true-positive, true-negative, false-
positive, and false-negative predictions, respectively.
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Figure 4: MCC performance across training epochs for RIC-Net, MS-Net, INC-
VGGN, and HCTO-SVM.

Figure 4 shows Macro-F1 performance across 10-50 training epochs for RIC-Net, MS-
Net, INC-VGGN, and HCTO-SVM, highlighting performance progression and convergence
across different training stages.

d. Prediction Agreement Reliability (PAR) — Cohen’s Kappa

Prediction Agreement Reliability (PAR) measures the agreement between actual and
predicted disease labels while accounting for chance agreement. Cohen’s Kappa is given by

_Po_Pe

1-P, (13)
Where, in Equation (13), P,represents the observed agreement between actual and predicted
labels, and P,denotes the agreement expected by chance.PSO iterations are used as the
experimental condition because they directly control the optimization process for selecting
discriminative features..Higher Cohen’s Kappa values indicate stronger prediction agreement.

|
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Figure 5: Cohen’s Kappa across PSO Iterations

Figure 5 shows increasing Cohen’s Kappa with progressive PSO iterations. HCTO-
SVM reaches 98.14% at 50 iterations, indicating highly reliable agreement between predicted
and actual labels after feature optimization.

e. Class-Balanced Accuracy (CBA) — Balanced Accuracy

Class-Balanced Accuracy (CBA) evaluates consistently the model identifies samples
across different disease conditions. It gives equal importance to each condition, making it useful
for examining recognition performance across diseases. For each disease condition, d, the
class-wise recognition rate is expressed as:

TP

Bdq = TPd+;i'Nd' (14)
Where, in Equation (14), T P;denotes the correctly identified samples for disease condition d,
and F Nydenotes the samples of condition dincorrectly classified as another condition. Higher
values indicate more consistent disease recognition. The reported overall HCTO-SVM
Balanced Accuracy of 98.63% indicates strong and balanced identification performance across
the evaluated disease classes.
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Figure. 6: Disease-specific performance comparison of RIC-Net, MS-Net, INC-
VGGN, and HCTO-SVM: (a) RIC-Net, (b) MS-Net, (c) INC-VGGN, and (d) HCTO-SVM.

Figure 6 shows consistently high Balanced Accuracy across the evaluated disease
conditions. HCTO-SVM achieves 98.27-98.63%, indicating balanced recognition across
different disease patterns.

f. Ablation Study

The ablation study analyzes the contribution of each major HCTO-SVM component.
HSV provides colour information, while GLCM and LBP provide complementary texture
information. PSO performs discriminative feature selection, and RBF-SVM performs the final
non-linear classification. These are removed one at a time, and the other components are still
in place. The full configuration has all Scomponenst

Table I1. Ablation Configurations of HCTO-SVM

Configuration | HSV | GLCM | LBP | PSO | RBF- | Macro- | MCC | Kappa | Balanced
SVM | F1 (%) | (%) (%) Accuracy
(")
Without HSV | x v v v v 95.84 94.96 | 94.71 95.62
Without v X v v v 96.31 95.48 | 9527 | 96.14
GLCM
Without LBP | v X v v 96.47 95.71 | 95.53 | 96.32
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Without PSO | v v v X v 97.18 96.63 | 96.47 97.24
Without RBF- | / v Vv v X 96.92 96.18 | 95.94 | 96.87
SVM

Complete v v v v v 98.76 98.21 | 98.14 | 98.63
HCTO-SVM

[1].

12].

[3].

[4].

5].

[6].

[7].

Table II results show that removing individual components reduces performance
compared with the complete HCTO-SVM framework. Removing HSV reduces color
description, and omitting GLCM or LBP reduces texture description. Previously extracting PSO
reduces performance as redundant features will be present in the fused representation. With the
combined contribution of all integrated parts, the complete HCTO-SVM achieved a Macro-F1
score of 98.76%, an MCC score of 98.21%, a Cohen's Kappa score of 98.14%, and a Balanced
Accuracy of 98.63%.

Conclusion

The HCTO-SVM framework combines HSV color content, GLCM and LBP-based
texture features, feature optimization using PSO and disease classification using RBF-SVM.
The complementarity of the two color—texture representation to capture both chromatic
variation as well as disease related surface patterns and PSO to remove redundant features and
preserve the discriminative information for classification. The RBF-SVM offers nonlinear
decision boundaries to separate visually similar patterns of disease over the evaluated crop
classes. Evaluation was performed on the Kaggle PlantVillage dataset, exhibiting a macro-F1,
MCC, Cohen's Kappa and Balanced Accuracy of 98.76%, 98.21%, 98.14% and 98.63%,
respectively, with consistent recognition of the evaluated disease classes. The results validate
the potential of the optimized representation for automated, reliable crop disease identification
and scalable monitoring of plant health. The framework needs further validation across a variety
of imaging scenarios, including varying illumination, occlusion, complex backgrounds, and
natural leaf variation. Future studies will include more diseases, optimise the computational
process, and enable real-time deployment on a mobile (or edge)- based agricultural monitoring
system.
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