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ABSTRACT

The increasing susceptibility of cotton
crops to various diseases significantly
affects agricultural productivity,
particularly in regions where cotton is a
major commercial crop. This project
presents a real-time cotton leaf disease
detection and pesticide recommendation
system that integrates deep learning and
conversational Al to support farmers in
early diagnosis and effective decision-
making. The proposed system utilizes a

two-stage approach, where a YOLO-based
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model detects infected regions in cotton

leaf images, followed by an EfficientNet-

based classifier that identifies specific

disease categories with high accuracy.

In addition to disease classification, the

confidence-based
handle
predictions and enhance reliability in real-

system incorporates

decision logic to uncertain
world conditions. A curated knowledge

base provides appropriate pesticide

recommendations, including  dosage,

application  guidelines, and  safety

measures. Furthermore, a multilingual

chatbot interface enables farmers to
interact with the system and receive
context-aware advisory support in an

accessible manner.

Vol. 22, No. 2, 2026


http://www.ijerst./

Int. J. Engq. Res. & Sci. & Tech. 2026

%l International Journal of Engineering Research and Science & Technology

The solution is designed for deployment
on both cloud and edge devices, ensuring
real-time performance with minimal
resource requirements. By combining
computer vision, deep learning, and
interactive Al, the proposed system offers
a comprehensive and  user-friendly
platform for crop health monitoring,
ultimately improving disease management

and crop yield optimization.
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I. INTRODUCTION

Cotton is one of the most important
commercial crops globally, playing a vital
role in the agricultural economy,
particularly in countries like India.
However, cotton production is highly
vulnerable to various leaf diseases and pest
infestations, which can significantly
reduce yield, increase pesticide usage, and
ultimately  affect farmers’ income.
Traditional disease detection methods
largely depend on manual inspection and
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expert consultation, which are time-
consuming,  subjective, and  often
unavailable in remote farming regions.
These limitations highlight the need for an
automated, accurate, and real-time solution

for crop health monitoring.

Recent advancements in deep learning
and computer vision have enabled the
development of intelligent systems capable
of analyzing plant images and identifying
diseases with high precision. In this
context, the proposed system introduces a
real-time cotton leaf disease detection
framework that integrates detection,
classification, and recommendation into a
unified pipeline. The system employs a
YOLO-based model to detect infected
regions in leaf images, followed by an
EfficientNet-based classifier to categorize
diseases such as Aphids, Armyworm,
Bacterial Blight, Powdery Mildew, Target
Spot, and Healthy conditions.

Beyond simple disease identification, the
system incorporates a confidence-aware
decision mechanism to improve reliability
by distinguishing between confident,
uncertain, and suspect predictions. This
reduces  the risk  of incorrect
recommendations in ambiguous cases.
Furthermore, the system connects the
predicted disease to a structured treatment

knowledge base, providing actionable
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insights such as pesticide selection, dosage
guidelines, and safety precautions.

To enhance usability, a conversational Al-
based chatbot interface is integrated into
the system, allowing farmers to interact
with the platform and receive context-
aware guidance in their preferred
language. The complete solution is
implemented as a full-stack application
with support for both cloud-based and
edge deployment, enabling real-time
analysis even in resource-constrained
environments.By combining deep learning,
computer vision, and conversational Al,
this work aims to provide an accessible,
scalable, and farmer-friendly decision
support system for early disease detection

and effective crop management.

Il. LITERATURE REVIEW

Recent  advancements in artificial
intelligence and deep learning have
significantly improved plant disease
detection  systems,  particularly in
agricultural applications. Several studies
have explored different machine learning
and deep learning approaches to enhance
the accuracy, speed, and usability of

disease diagnosis systems.

A comprehensive analytical review of
YOLO-based object detection models
highlighted the evolution from YOLOV1 to
ISSN 2319-5991

www.ijerst.org

YOLOVS8, emphasizing improvements in
real-time detection speed and accuracy.
The study concluded that modern YOLO
variants provide an effective balance
between performance and computational
efficiency, making them suitable for real-
time agricultural applications such as leaf

disease detection.

In another study, a Random Forest-based
model was applied for crop Vyield
prediction using climatic  datasets,
achieving approximately 87% accuracy.
Although focused on yield prediction
rather than disease detection, this work
demonstrated the importance of integrating
machine learning models into user-friendly
systems for practical agricultural decision

support.

Deep learning approaches have also been
successfully applied to cotton-specific
disease detection. A convolutional neural
network (CNN) trained on a self-collected
dataset of cotton leaf images achieved
nearly 99% accuracy in classifying disease
severity levels. This study confirms the
effectiveness of deep learning models in
handling  crop-specific  datasets and
highlights the importance of domain-

specific data for improved performance.

Comparative research on traditional and

modern  plant disease = management
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techniques revealed that conventional
methods such as manual inspection and
chemical control are often slow and less
efficient. In contrast, modern diagnostic
approaches, including molecular and Al-
based techniques, provide faster and more
accurate results, supporting sustainable

agricultural practices.

Object detection and segmentation
techniques have also been explored in
agricultural contexts. A study using Faster
R-CNN and Mask R-CNN for tomato
disease detection demonstrated very high
accuracy (mAP of 99.64%) by combining
disease classification with infected region
localization. This reinforces  the
effectiveness of multi-stage pipelines that
integrate  detection and classification,

similar to the approach used in this project.

Another work developed a deep learning-
based system for cotton leaf disease and
pest diagnosis using CNN models trained
on labeled datasets. The system achieved
an accuracy of 96.4%, showing strong

potential for real-world agricultural

deployment.
The introduction of  EfficientNet
architectures further improved

classification performance by optimizing
model scaling across depth, width, and
resolution. EfficientNet models have
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demonstrated high accuracy with reduced
computational cost, making them suitable
for deployment in resource-constrained
environments such as mobile or edge

devices.

Additionally, transfer learning techniques
using architectures like EfficientNet and
VGG16 have been applied to plant disease
classification tasks. Studies have reported
accuracy levels above 97%, confirming
that pre-trained deep learning models can
significantly ~ enhance classification
performance when applied to agricultural

datasets.

I11. METHODOLOGY

The proposed system follows a multi-
stage deep learning pipeline that
integrates data preprocessing, disease
detection, classification, recommendation,
and user interaction into a unified
framework for real-time cotton leaf disease

diagnosis.

1. Data Collection and Preprocessing

The initial stage involves collecting cotton
leaf images across six classes: Aphids,
Armyworm, Bacterial Blight, Healthy,
Powdery Mildew, and Target Spot. The
dataset undergoes preprocessing steps such
as image cleaning, resizing, normalization,

and augmentation to improve model
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generalization. Augmentation techniques
including rotation, flipping, brightness
adjustment, and zoom transformations are
applied to handle variability in real-world
conditions. The dataset is then divided into
training, validation, and testing sets to

ensure robust model evaluation.

2. Disease Region Detection using
YOLO

A YOLO-based object detection model is
employed to identify relevant leaf regions
and infected areas from input images. The
model processes images captured through
a camera or uploaded by the user and
generates bounding boxes around potential
disease regions. Post-processing
techniques such as filtering oversized or
redundant detections and removing
overlapping boxes are applied to improve
detection quality. In cases where no valid
region is detected, the system triggers a
fallback mechanism to perform full-image

classification.

3. Disease
EfficientNet

Classification using

The detected regions are passed to an
EfficientNet-based classifier to identify the
specific disease category. The input
images are resized to a standard resolution
(224%224), normalized, and fed into the

trained model. The classifier outputs
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probability scores for each of the six
disease classes. EfficientNet is chosen due
to its high accuracy and computational
efficiency, making it suitable for both

cloud and edge deployment.

4. Confidence-Based Decision Logic

To enhance reliability, a confidence-aware
decision mechanism is implemented.
Predictions with low confidence or
minimal difference between top class
probabilities are labeled as uncertain,
while moderate-confidence disease
predictions are marked as suspect. Only
high-confidence predictions are treated as
reliable outputs. This approach reduces the
risk of incorrect recommendations and
improves practical usability in field

conditions.

5. Pesticide Recommendation System

Once the disease is identified, the system
maps the prediction to a predefined
treatment database. It provides actionable
recommendations, including  suitable
pesticides, dosage levels, application
frequency, and safety precautions. This
shifts the system’s functionality from
simple diagnosis to decision support,
enabling farmers to take appropriate

corrective actions.

6. Conversational Al Integration
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A chatbot interface is integrated to
facilitate user interaction. Farmers can ask
follow-up questions related to detected
diseases, treatment methods, or preventive
measures. The chatbot provides context-
aware responses in a user-friendly and
multilingual format, improving

accessibility and user engagement.

7. System Deployment and Architecture

The system is implemented as a full-stack
application with backend APIs for model
inference and frontend/mobile interfaces
for user interaction. It supports both cloud-
based and edge deployment, allowing real-
time predictions even in low-resource
environments. The workflow includes
image acquisition, detection, classification,
result  visualization, and  advisory
generation, forming a complete end-to-end

solution.

IV.SYSTEM ARCHITECTURE

SYSTEM ARCHITECTURE
Detection a Recommendati

Real-Time Cotton Leaf Di ind Pe:

V. RESULTS & DISCUSSION
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The proposed cotton leaf disease detection
system was evaluated using a dataset
containing six classes, including both
healthy and diseased conditions. The
EfficientNet-based classification model
achieved an overall accuracy of
approximately 98.03%, demonstrating its
strong capability to distinguish between
different disease categories. The confusion
matrix (shown on page 32) indicates clear
diagonal dominance, confirming that the
model produces highly reliable predictions
with only minor misclassification among

visually similar diseases.

The YOLO-based detection module also

showed  effective  performance in
identifying relevant leaf regions. The
model achieved a precision of 0.743, recall
of 0.731, and mMAP@0.5 of 0.786,
indicating stable and practical detection
capability. The Precision-Recall curve
(page 31) reflects consistent performance
across varying thresholds, while the F1-
confidence curve suggests that optimal
performance is achieved at a confidence
level of approximately 0.38. The confusion
matrix further confirms that the model can
accurately localize plant regions, although
some background confusion remains due

to complex field conditions.

The integration of detection and
classification into a two-stage pipeline
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significantly improves overall system
performance compared to single-stage
approaches. By focusing classification
only on detected regions, the system
reduces noise and enhances prediction
accuracy. Additionally, the
implementation  of  confidence-based
decision logic helps identify uncertain or
low-confidence

predictions,  thereby

reducing the risk  of incorrect

recommendations in real-world scenarios.

Beyond prediction, the system provides
practical value by offering pesticide
recommendations based on the identified
disease. This transforms the system from a
simple  diagnostic  tool into a
comprehensive decision-support solution.
The inclusion of a chatbot interface further
enhances usability by allowing users to
interact with the system and receive
context-aware guidance in an accessible

manner.

Despite its strong performance, the system
has certain limitations. Its accuracy may
decrease under challenging conditions
such as poor lighting, image blur,
occlusion, or  overlapping  disease
symptoms. Minor classification errors may
also occur in cases where diseases share
similar visual characteristics. However,
these limitations can be addressed in future

work through larger and more diverse
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datasets, improved model training, and
enhanced preprocessing techniques

V1. CONCLUSION

This work presents a comprehensive and
practical system for real-time cotton leaf
disease detection and pesticide
recommendation using deep learning and
conversational Al. By integrating a
YOLO-based detection model with an
EfficientNet-based classification model,
the system effectively identifies diseased
regions and accurately classifies multiple
cotton leaf conditions. The inclusion of
confidence-aware decision logic enhances
the reliability of predictions by addressing
uncertainty and reducing the risk of

incorrect outputs in real-world scenarios.

Beyond disease identification, the system

provides actionable pesticide
recommendations, including dosage and
safety guidelines, thereby transforming it
into a complete decision-support tool for
farmers. The addition of a chatbot
interface further improves usability by
enabling interactive, context-aware
guidance in an accessible manner. The
system’s ability to operate in real time and
support both cloud and edge deployment
makes it suitable for practical agricultural
resource-

environments, including

constrained settings.
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Experimental results demonstrate high
classification accuracy and stable detection
performance, confirming the effectiveness
of the proposed approach. While certain
challenges remain, such as performance
under complex field conditions and
dependency on dataset diversity, the
system provides a strong foundation for

Al-driven crop health management.

In conclusion, the proposed solution
successfully addresses the need for an
intelligent, scalable, and farmer-friendly
platform for early disease detection and
crop protection. It has the potential to
improve agricultural productivity, reduce
unnecessary pesticide usage, and support
sustainable farming practices.
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