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ABSTRACT

Cotton diseases reduce crop yield and fiber quality, leading to significant agricultural losses. Early
detection plays a key role in effective disease control and crop management. The presence of visible
infection patterns on cotton leaves makes it possible to identify these diseases at an early stage. This study
proposes an effective model for cotton leaf disease classification using a hybrid EfficientNet—Shepard
Convolutional Neural Network (EffNet_ShCNN). The input images are first processed using a Kalman
filter for noise reduction and enhancement. Subsequently, leaf segmentation is performed using Fuzzy
Local Information C-Means (FLICM) clustering. Multiple features, including shape, color, texture, CNN
features, Local Gabor Binary Pattern (LGBP), Spider Local Image Feature (SLIF), and Weber Local
Descriptor (WLD), are then extracted. These features are used for disease detection to classify leaves into
healthy and unhealthy categories. The proposed model integrates EfficientNet and ShCNN with fuzzy-
enhanced layers to improve classification robustness. Finally, the model performs multi-class classification
into three disease categories: aphids, bacterial blight, and target spot. Experimental results demonstrate
that the proposed method achieves a maximum accuracy of 91.70 %, sensitivity of 90.40%, and specificity
of 92.90 %, indicating its effectiveness under complex environmental conditions.

Keywords-EfficientNet; Shepard Convolutional Neural Network (ShCNN); Convolutional Neural Network
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I.  INTRODUCTION

Agriculture is one of the primary sectors of the economy in
South Asia, with nearly two-thirds of the population engaged in
agricultural and allied activities. It has long been considered the
backbone of India, with its origins tracing back to the Indus
Valley civilization. Agriculture plays a vital role in developing
countries by generating employment and contributing
significantly to the Gross Domestic Product (GDP) [1].

Cotton is an important agricultural crop with substantial
economic value. However, plant diseases significantly affect
crop yield and fiber quality, leading to major agricultural
losses. Cotton cultivation, particularly in countries such as
Pakistan and India, plays a crucial role in the economy.
Disease-related damage to crops adversely impacts both yield
and quality, and if not detected in time, can lead to serious food
security concerns. In addition, staple crops such as wheat, rice,
and maize are essential for ensuring food supply, making early

disease detection critical for sustainable agriculture [2]. Early
diagnosis and timely intervention are essential to improve
agricultural productivity and economic efficiency for farmers.

Traditional methods for detecting cotton diseases rely
heavily on visual inspection by experienced farmers or
agricultural experts [3]. However, this approach is labor-
intensive, subjective, and often impractical for large-scale
farming. In recent years, Deep Learning (DL) techniques have
demonstrated significant success in plant disease classification
tasks. Their ability to learn complex patterns and generalize
effectively makes them well-suited for large-scale plant leaf
classification problems [4].

Although recent DL approaches have shown promising
results in plant disease classification, most existing methods
rely primarily on end-to-end Convolutional Neural Network
(CNN) architectures without explicitly addressing challenges
present in real-field conditions. There is a need for a hybrid
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framework that combines traditional image processing
techniques with DL models to enhance classification
performance under complex environmental conditions. The
contributions of this paper are as follows:

1. A hybrid EfficientNet—Shepard Convolutional Neural
Network (EffNet_ShCNN) model is proposed for cotton
leaf disease classification.

2. A Kalman filter-based preprocessing technique is used
to improve image quality.

3. Fuzzy Local Information C-Means (FLICM)
segmentation is employed to accurately isolate the leaf
region.

4. A combination of handcrafted and deep features is used
for improved representation.

II. LITERATURE REVIEW

The literature on cotton leaf disease classification has
reported several machine learning and DL-based approaches.

Authors in [5] introduced S-DenseNet for cotton leaf
disease spot classification. It reduced irrelevant information in
images and mitigated information loss. However, it failed to
preserve sufficient discriminative features for robust
classification. Authors in [6] developed a Bilinear Coordinate
Attention Enhancement Module (BCAEM) for cotton leaf
disease identification. This improved localization and attention
to diseased regions. However, it was not effective in optimizing
the overall model performance.

Authors in [7] designed a Super-Resolution Convolutional
Neural Network (SRCNN) for plant disease detection to
improve crop productivity. It enabled end-to-end mapping from
low-resolution to high-resolution images. Nevertheless, the
computational cost of this approach was high. Authors in [8]
introduced a Deep Convolutional Neural Network (DCNN) for
disease severity level identification in cotton plants. It was
capable of capturing both local and global features for disease
detection. Nonetheless, it was not efficient when processing
large-scale image datasets. Authors in [9] developed a DCNN
for automatic classification of real-time diseased cotton leaves
and plants. This method achieved accurate disease recognition.

Authors in [10] investigated DL and transfer learning
approaches for cotton disease classification, evaluating
multiple CNN architectures and identifying InceptionV3 as the
most effective model due to its strong feature extraction
capability. Their system achieved a validation accuracy of
96.95% across seven cotton disease classes, demonstrating the
potential of transfer learning—based frameworks for data-driven
decision-making and improved crop health monitoring in
modern cotton farming.

Authors in [11] introduced a cotton leaf disease recognition
framework that combines deep feature extraction with a
Genetic Algorithm (GA) for feature selection, followed by a
classical classifier for final prediction.

Authors in [12] presented an EfficientNet-centric cotton
leaf disease classifier designed for both accuracy and
interpretability under real farming constraints. Their hybrid
architecture combining EfficientNet-B3 and
InceptionResNetV2 achieved 98.0% accuracy, with 98.1%
precision, 97.9% recall, F1-score of 98.0%, and Area Under the
Receiver Operating Characteristic Curve (AUC-ROC) of
approximately 0.9992.

III. METHODOLOGY

The proposed framework integrates preprocessing,
segmentation, feature extraction, and classification to address
the limitations of existing DL methods, as shown in Figure 1.

A. Image Acquisition and Preprocessing

The dataset used in this study is obtained from a publicly
available Kaggle cotton leaf disease dataset, which contains
labeled images of cotton leaves affected by different diseases
[13]. The dataset includes three classes: aphids, bacterial blight,
and target spot. A total of approximately 1,500 images were
used, with nearly 500 images per class. The dataset was divided
into training and testing sets using an 80:20 split ratio. All
images were resized to a fixed resolution of 224 x 224 pixels
before further processing.

Let the cotton leaf image dataset be represented as:
J= {11,12,...,11\/} (1)

where N denotes the total number of images.
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Fig. 1.

Architecture of the proposed EffNet_ShCNN for multi-level cotton leaf disease classification.
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Each image I; is enhanced using an adaptive Kalman filter Z?’: LUl
to suppress acquisition noise and improve feature visibility, Vk = &N 0

following recent image denoising formulations that integrate
recursive state estimation with spatial smoothing [14].

The Kalman state and observation models are defined in (2)
and (3), respectively:

xk = Axk_l + Buk + Wk (2)
Zy = ka + Vg (3)

where w;, and v, represent system and observation noise,
respectively. The filtered output image is denoted as [®.

Figure 2 illustrates the flowchart of the proposed image
preprocessing algorithm.
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Image preprocessing and segmentation pipeline.

Fig. 2.

B. Leaf Segmentation Using Fuzzy Local Information C-
Means

The pre-processed image I®) is segmented using FLICM to
isolate the leaf region [15]. The fuzzy factor is computed as
shown in (4):

1
Gyi = Zje]\fim 1 —u)™ “4)
The FLICM objective function is given by (5):

J =2 T il — vl P+ 2 X G (5)
Membership updates and cluster center updates are
performed using (6) and (7):

Uy = ————— 6)

¢ (lxi=val \™1
X
j=1

(B2l

m
Up s
Zi:l ki

Defuzzification assigns each pixel to the cluster with the
highest membership value, as shown in (8):

Class(x;) = arg max uy; ®)

C. Feature Extraction

From the segmented leaf image [ multiple
complementary features are extracted to capture texture, shape,
and color information for robust classification.

1) Texture Descriptors

Texture features are extracted to capture local spatial

patterns and structural variations in the leaf surface:

e Local Gabor Binary Pattern (LGBP) using Gabor filtering
followed by Local Binary Pattern (LBP) encoding.

e Spider Local Image Feature (SLIF), defined by spatial node
positions:

(X Yn) ©))

e Weber Local Descriptor (WLD), based on differential
excitation:

p _
& = arctan (M) (10)
and orientation:

11
6 = arctan (:T) (11)

2) Shape Features

Shape features are extracted to describe the geometric
properties of infected and healthy leaf regions:

e Aread

e Major axis length:

L= \/(x1 = x3)% + (1 — ¥2)? (12)
e Perimeter:
P =3, d®yDis1) (13)

3) Color and Statistical Features

Color and statistical features are extracted to represent
chromatic variations and intensity distributions. RGB, HSV,
and LAB color space statistics are computed using mean,
median, and standard deviation, where the mean is defined in
(14):

1
p=-3lx (14)
D. Disease Detection Using EfficientNet—Shepard

Convolutional Neural Network

The feature vector F is passed to a hybrid EfficientNet-B3
with Attention (EffNet-B3_Attn2). Global average pooling [16]
is defined as shown in (15):
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1
y =5 ZL1 (15)
Attention-weighted feature aggregation is performed as

shown in (16):

a = softmax (W, x) (16)

The resulting features are fused with handcrafted features
and then forwarded to the Efficient fuzzy ShCNN layer [17].

E. Efficient Fuzzy Shepard Convolutional Neural Network
Layer

Let the feature pattern be x € R?. Using fuzzy partitioning,
the Taylor-expanded activation is expressed as shown in (17):

FOO) = f(xo) + 20 2L (3 — xo0) (17)

0x;

Fuzzy membership functions are defined as shown in (18):

Ha,;(x) = max <0,1 - lx;—c’l) (18)

Fuzzy rules are generated as shown in (19):
Ifx; € A4, Ax, € A, = Class €, (19)

Classification of new samples is achieved using (20):

¢ = argmax ¥ ep, hr(X) (20)

F. Final Classification Using Shepard Convolutional Neural
Network

The final classification is performed using ShCNN, defined

as:
Ziw(dx;
==t 21
Y Xiw(dy) b
The trainable interpolation layer is formulated as:
D4 (x1-1) -1
o —  (KE"YomY) g
y —a< Do (=D +b (22)

The final model classifies cotton leaves into aphids,
bacterial blight, or target spot.

IV. RESULTS

Figure 3 illustrates the image processing pipeline and
intermediate outputs of the proposed EffNet—-ShCNN method
for cotton leaf disease classification, including the original
input images, pre-processed images, segmented leaf regions,
and extracted feature representations. These results
demonstrate the effectiveness of the proposed preprocessing,
segmentation, and feature extraction stages.

(b)

(d

Fig. 3. Experimental outcomes: (a) input images, (b) pre-processed
images, (c) segmented images, (d) LGBP features, and (e) WLD features.

A. Performance Evaluation

The results shown in Figures 4 and 5 indicate that the
proposed  EffNet ShCNN model achieves consistent
performance improvements over baseline methods. For
example, at 90% training data, the proposed model achieves an
accuracy of 91.70%, compared to 88.20% for CNN and
86.90% for SRCNN, corresponding to an improvement of
approximately 3.5%—-5%.

This improvement is attributed to (i) Kalman filtering,
which enhances image quality by effectively reducing noise
and preserving important leaf structures, (ii) FLICM
segmentation, which improves disease region localization, and
(iii) feature fusion with fuzzy-enhanced ShCNN, which
improves class separability under complex environmental
conditions. The proposed model achieved sensitivity values of
0.865 (50% training data) and 0.904 (90% training data),
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compared to 0.808-0.836 and 0.843-0.873 for the baseline
methods. This corresponds to an improvement of
approximately 3%—6%.
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Fig. 4. Performance evaluation based on training data.
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Fig. 5. Comparative performance evaluation based on training data.

1) K-Fold Cross-Validation Analysis

K-fold cross-validation is employed to evaluate the
generalization capability of the proposed model, ensuring
robustness across different data splits. For K = 5, the proposed
approach achieved an accuracy of 0.865, outperforming
conventional methods (0.806-0.839). For K = 9, the proposed
model attained a higher accuracy of 0.917 compared to
traditional approaches (0.855-0.886).

In terms of sensitivity, the proposed method achieved 0.870
(K =5) and 0.902 (K = 9), surpassing existing models (0.800-
0.839 and 0.846-0.877). Similarly, specificity improved
significantly, reaching 0.862 (K = 5) and 0.929 (K = 9),
compared to conventional approaches (0.799-0.836 and 0.866-
0.891), as summarized in Table 1.

2) Ablation Study

The ablation study results in Table II demonstrate the
contribution of each module in the proposed framework.
Starting from the EfficientNet baseline (84.50%), the inclusion
of Kalman preprocessing improves accuracy to 86.20%

(+1.7%), indicating the importance of noise reduction. The
addition of FLICM segmentation further increases accuracy to
88.40% (+2.2%), highlighting improved region localization.
Feature fusion enhances performance to 90.10% (+1.7%),
whereas the complete model with fuzzy-enhanced ShCNN
achieves 91.70%, confirming its effectiveness in handling
uncertainty and improving classification robustness.

PERFORMANCE COMPARISON OF EXISTING
METHODS AND PROPOSED MODEL

TABLE L.

Metric /

Variation

Method

S-
DenseNet
(%)

BCAEM
(%)

SRCNN
(%)

CNN
(%)

EffNet_ShCNN
(proposed)
(%)

Training
data =
90%

Accuracy

84.40

85.80

86.90

88.20

91.70

Sensitivity

85.80

84.30

86.40

87.30

90.40

Specificity

86.30

88.70

87.50

89.50

92.90

Accuracy

85.50

86.90

87.70

88.60

91.70

K-fold = 9| Sensitivity | 86.20 86.00 87.70 |84.60

90.20

Specificity | 87.20 86.60 88.00 |89.10

92.90

TABLE II.
EFFNET_SHCNN FRAMEWORK

ABLATION STUDY OF THE PROPOSED

Model variant

Accuracy

(%)

EfficientNet (baseline)

84.50

EfficientNet + Kalman preprocessing

86.20

EfficientNet + Kalman + FLICM segmentation

88.40

EfficientNet + Kalman + FLICM + feature fusion

90.10

Proposed full model (EffNet_ShCNN)

91.70

3) Comparison with State-of-the-Art Methods

The comparative methods listed in Table III were selected
based on their relevance to cotton leaf disease classification

and their use of DL architectures.

TABLE IIL COMPARISON WITH STATE-OF-THE-ART
METHODS
Accuracy Sensitivity Specificity
Method Model type (%) (%) (%)
Dense
S-DenseNet [5] CNN 84.40 83.50 85.20
Attention-
BCAEM [6] based CNN 85.80 84.30 88.70
Super-
SRCNN [7] resolution 86.90 86.40 87.50
CNN
DCNN [9] Deep CNN 88.20 87.30 89.50
[11] CNN + GA 89.50 88.60 90.10
Hybrid DL
Eﬂ(l\ffgfgfg)w + Fuzzy 91.70 90.40 92.90
prop ShCNN
V. CONCLUSION

Cotton leaf diseases

significantly impact agricultural

productivity and crop quality, necessitating accurate and robust
automated detection systems. In this study, a hybrid
EfficientNet—Shepard ~ Convolutional = Neural = Network
(EffNet_ShCNN) framework has been proposed for multi-level
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cotton leaf disease classification under complex environmental
conditions. The proposed approach integrates Kalman filter-
based preprocessing for noise reduction, Fuzzy Local
Information C-Means (FLICM)-based segmentation for precise
leaf region extraction, and a comprehensive feature extraction
strategy combining texture, shape, color, and deep
Convolutional Neural Network (CNN) features.

Experimental results demonstrate that the proposed model
outperforms  conventional  approaches, achieving a
classification accuracy of 91.70%, sensitivity of 90.40%, and
specificity of 92.90%. The performance improvements are
attributed to the synergistic integration of preprocessing,
segmentation, feature fusion, and fuzzy-enhanced
classification, which collectively enhance feature quality and
class separability. The proposed framework shows strong
potential for real-world agricultural applications by providing
reliable disease detection under varying environmental
conditions. However, the study is limited to a relatively small
dataset with three disease categories, and further validation on
larger and more diverse real-field datasets is required.

VI. FUTURE WORK

In future work, the proposed EffNet_ShCNN model can be
evaluated on larger and more diverse real-field datasets under
varying environmental conditions. Additional disease classes
and severity levels can be incorporated to enable more detailed
diagnosis.
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