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Abstract—Cotton is one of the most important
commercial crops in India and many other countries,
contributing significantly to the textile industry and
agricultural economy. However, cotton production is
severely affected by leaf diseases and pest infestations,
leading to reduced yield and financial losses for farmers.
Traditional disease detection methods rely heavily on
expert knowledge and manual inspection, which are
time-consuming, subjective, and not scalable. Existing
deep learning approaches largely depend on supervised
learning techniques that require extensive labeled
datasets, which are expensive and difficult to obtain in
real agricultural environments.

This paper presents a self-supervised learning
(SSL)-based framework for cotton plant disease and
pest detection using unlabeled leaf images. The proposed
approach learns robust visual representations from raw
cotton leaf images without manual annotation and later
fine-tunes the model using a small labeled dataset.
Feature embeddings extracted from the SSL model are
analyzed using clustering techniques to understand
disease separability. Experimental results demonstrate
improved generalization, reduced annotation
dependency, and robustness to real-field conditions
compared to conventional supervised models. The
proposed system is suitable for scalable agricultural
deployment and precision farming applications.

Keywords — Self-supervised learning, cotton leaf disease,
agricultural image classification, plant disease detection.

I. INTRODUCTION

Agriculture plays a vital role in global food security and
economic sustainability. Cotton is a major cash crop widely
cultivated for fiber production. However, cotton plants are
highly susceptible to various leaf diseases and pest attacks
that can significantly reduce yield quality and quantity.
Early and accurate detection of these diseases is critical for
effective crop management and yield protection [1], [2].
Recent advancements in computer vision and deep learning
have enabled automated plant disease detection using leaf
images [3]. Convolutional Neural Networks (CNNs) have
shown promising performance in controlled environments;
however, their dependency on large labeled datasets limits
real-world applicability [4]. Field-acquired images often
suffer from noise, illumination variation, background
clutter, and class imbalance [5].
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To overcome these challenges, self-supervised learning
(SSL) has emerged as a powerful alternative that enables
models to learn meaningful representations from unlabeled
data [6]. SSL is particularly suitable for agriculture, where
collecting images is easy but labeling requires expert
knowledge. This work focuses on applying SSL to cotton
leaf disease and pest detection to reduce annotation effort
while maintaining high performance.

Il. RELATED THEORY

Cotton plants are susceptible to multiple biotic stresses
that directly affect leaf structure, physiological processes,
and overall crop yield. Since this study focuses on image-
based disease classification, understanding the visual and
biological characteristics of major cotton leaf conditions is
essential.

A. Bacterial Blight

Bacterial blight in cotton is caused by Xanthomonas citri
pv. malvacearum. It primarily affects leaves, stems, and
bolls. In the early stages, small water-soaked lesions appear
on the leaf surface. As the infection progresses, these lesions
enlarge and turn dark brown or black, often forming angular
patterns limited by leaf veins.

Visually, bacterial blight introduces irregular dark spots,
edge necrosis, and in severe cases, leaf tearing. These
texture and color variations significantly alter the visual
structure of the leaf, making it distinguishable in image-
based analysis. If untreated, the disease can lead to
defoliation and substantial yield reduction.
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Fig. 1. Bacterial Blight

B. Cotton Leaf Curl Virus (CLCuV)

Cotton Leaf Curl Virus is a major viral disease
transmitted primarily by whiteflies. The infection results in
upward or downward curling of leaves, vein thickening, and
stunted plant growth.

From an image analysis perspective, leaf curl virus causes
structural deformation rather than only surface
discoloration. The leaf margins become twisted, and the
lamina may show uneven growth patterns. In advanced
stages, yellowing may also be observed. These
morphological distortions create distinguishable geometric
patterns that can be captured by deep feature extraction
methods.

Fig. 2. Curl Virus

C. Healthy Cotton Leaf

A healthy cotton leaf typically exhibits a uniform green
coloration with well-defined venation and smooth edges.
The surface texture remains consistent, and there are no
visible lesions, discoloration, or deformation. From a
computational perspective, healthy leaves provide baseline
structural and color patterns against which diseased samples
can be distinguished. Variations from this normal

morphology often indicate early-stage infection or pest
damage.

Fig. 3. Healthy Leaf

To address this issue, various assistive technologies have
been developed for visually challenged individuals, such as
automatic speech recognizers, screen readers, text-to-speech
and speech-to-text systems, braille consoles, etc. However,
these advancements are not always effective in providing
the desired level of assistance, and visually challenged
individuals face several challenges when using these
systems.

Speech recognition (SR), also known as automatic speech
recognition (ASR) or computer speech recognition, is the
subfield of computational linguistics that deals with
techniques and advancements for recognizing and
transcribing spoken language into text by computers. It
involves the integration of knowledge from the fields of
linguistics, electrical engineering, and software engineering.
Some SR systems require training, where a speaker trains
the system to recognize their speech for increased accuracy,
while others are speaker-independent and do not require
training.

SR applications include voice user interfaces, voice
dialing, call routing, home appliance control, search (e.g.,
finding a podcast where specific words were spoken), data
entry (e.g., credit card numbers), preparation of structured
reports (e.g., radiology reports), speech-to-text processing
(e.g., word processors or emails), and aviation (often
referred to as Direct Voice Input). Voice recognition or
speaker identification refers to identifying the speaker,
rather than what they are saying. Recognizing the speaker
can improve speech interpretation in systems that have been
trained on a particular individual's voice, or it can be used to
verify or authenticate the speaker as part of a security
procedure.
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Recent advancements in big data and deep learning have
revolutionized the field of SR and have led to significant
improvements in the performance and accuracy of SR
systems. The technology is constantly evolving and is now
easily accessible, with speech recognition software
frequently integrated into computers and smartphones.
However, speech recognition technology still has some
limitations, such as difficulties in capturing words due to
variations in pronunciation, limited support for languages
outside of English, and difficulties in filtering background
noise. These factors can result in errors and affect the
performance of SR systems, which are typically evaluated
based on accuracy and speed, measured by word error rate
(WER) and real-time factor, respectively.

It is important to note that the terms speech recognition
and voice recognition are sometimes used interchangeably,
but they refer to different concepts. Speech recognition is
used to identify words in spoken language, while voice
recognition is a biometric technology used for recognizing a
specific person's voice or for speaker identification.

I1l. LITERATURE SURVEY

A detailed literature survey is presented in Table 1,
covering supervised, semi-supervised, and self-supervised
approaches for plant disease detection. The survey
highlights existing limitations such as heavy annotation
requirements, poor generalization, and lack of cotton-
specific SSL implementations.

Table 1 Literature Survey
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Fig. 5. Existing System

V.PROPOSED SYSTEM

To address the limitations of purely supervised
approaches, this study proposes a self-supervised learning—
based framework for cotton leaf disease and pest
classification. Self-supervised learning has emerged as an
effective strategy for representation learning without
requiring manual annotations [7], [8].

The proposed system consists of two major stages:
representation learning using unlabeled images and
supervised fine-tuning using a smaller labeled dataset.
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Fig. 6. Proposed System

5.1 Self-Supervised Learning

In the first stage, unlabeled cotton leaf images are used
to train a deep neural network backbone. Instead of using
class labels, the model learns through a contrastive learning
mechanism similar to the approaches introduced in SImMCLR
and MoCo [7], [9].

For each image, two augmented views are generated
using transformations such as cropping, rotation, and color
jittering. The model is trained to maximize similarity
between embeddings of the same image while minimizing
similarity between different images. This contrastive
objective enables the network to learn intrinsic structural
features such as:

e Texture variations caused by fungal or bacterial
infections

e Leaf curling patterns
e Spot distribution and lesion boundaries
e Color discoloration caused by pest damage

Because this stage does not rely on manual labeling, the
system can utilize large volumes of raw field images.

5.2 Feature Embedding Extraction and Analysis

After self-supervised training, feature embeddings are
extracted from the backbone network. Each cotton leaf
image is represented as a high-dimensional feature vector.

To evaluate the quality of the learned representations,
dimensionality reduction techniques such as t-distributed
Stochastic Neighbor Embedding (t-SNE) are applied for
visualization [10]. If the learned features are meaningful,
images belonging to similar disease categories naturally
form clusters in the embedding space.

Additionally, clustering algorithms such as K-Means are
used to analyze feature grouping behavior. The clustering
performance provides insight into how well the model has
captured disease-specific patterns without using labels.

5.3 Supervised Fine-Tuning

In the second stage, the pretrained backbone is fine-
tuned using a smaller labeled dataset. A fully connected
classification layer is added to map the learned embeddings
to disease and pest categories.

Because the model has already learned generalized
visual features during the self-supervised stage, it requires
fewer labeled samples to achieve stable performance. This
significantly reduces annotation dependency compared to
fully supervised training from scratch.

Cross-entropy loss is used during the classification
stage, and evaluation metrics such as accuracy, precision,
recall, and F1-score are calculated to assess performance.

VI. METHODOLOGY

The proposed methodology consists of four main stages:
data preprocessing, self-supervised representation learning,
embedding analysis, and supervised fine-tuning.

Initially, cotton leaf images collected from field
environments are resized and normalized to ensure uniform
input dimensions. Data augmentation techniques such as
rotation, flipping, and random cropping are applied to
improve robustness against real-field variations [1]. These
steps enhance generalization and reduce overfitting.

In the self-supervised stage, a contrastive learning
strategy is employed to learn visual representations without
using labels [2], [3]. For each image, two augmented views
are generated and passed through a shared backbone
network. The model is trained to maximize similarity
between embeddings of the same image while minimizing
similarity between different images. This enables the
network to capture structural patterns such as lesion texture,
color distortion, and leaf deformation caused by diseases
and pests.

After pretraining, feature embeddings are extracted from
the backbone network. To evaluate representation quality,
dimensionality reduction using t-SNE is applied for
visualization [4]. Additionally, K-Means clustering is
performed to analyze grouping behavior in the embedding
space.
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Finally, the pretrained model is fine-tuned using a
labeled cotton leaf dataset. A classification layer is added,
and cross-entropy loss is used for optimization. Model
performance is evaluated using accuracy, precision, recall,
and F1-score.
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VII. CONCLUSION

This paper presented a self-supervised learning
framework for cotton leaf disease and pest classification.
Unlike conventional supervised approaches that require
extensive labeled datasets, the proposed method leverages
unlabeled cotton leaf images to learn discriminative feature
representations.

Experimental findings demonstrate that self-supervised
pretraining improves embedding quality, enhances
clustering behavior, and reduces annotation dependency
while maintaining reliable classification performance. The
framework shows strong potential for scalable deployment
in precision agriculture systems.

Future work will focus on expanding the dataset to
include additional cotton disease categories and
implementing lightweight deployment models for mobile or
edge-based agricultural monitoring platforms.
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