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Abstract: Streamlit-enabled deep learning framework for identifying cotton and apple leaf illnesses, integrating Convolutional
neural networks, or CNNs, are used to achieve accurate classification. The framework leverages Streamlit, a lightweight Python-
based web application tool, to provide an interactive and user-friendly interface for illness detection in real time. The

Deep learning model is trained on an extensive dataset of diseased and healthy leaf images, enabling precise identification of
conditions such as leaf blight, rust, mildew, and bacterial infections. By enabling farmers and agricultural specialists to upload leaf
photos and get immediate diagnostic feedback, the suggested solution improves accessibility. By providing a scalable, economical,
and effective method for detecting plant diseases, this research seeks to advance precision agriculture and ultimately support crop
protection and yield optimization.

Index Terms - Streamlit, Deep Learning, CNN, Cotton Leaf Disease, Apple Leaf Disease, Plant Disease Detection, Precision
Agriculture, Web-based Diagnosis, Image Classification, Smart Farming

|I. INTRODUCTION

A Streamlit-enabled deep learning framework for detecting cotton and Leverages for apple leaf infections CNNs,
or convolutional neural networks to classify and diagnose plant infections with high accuracy. By integrating
Streamlit, a Python-based web application framework, the system provides an intuitive and platform that is interactive
where users can Get real-time disease predictions by uploading leaf photos. A varied dataset of both healthy
and sick people is used to train the model leaves, enabling it to identify conditions such as leaf blight, rust, mildew,
and bacterial infections. This framework enhances precision agriculture by offering farmers and agricultural experts a
cost-effective, scalable, and efficient solution for early disease detection, helping to minimize crop losses and optimize
agricultural productivity. The system utilizes picture preprocessing methods, such as contrast improvement and noise reduction,
to improve prediction accuracy. Additionally, the framework supports model retraining and updates, ensuring
adaptability to new diseases and environmental conditions. The web-based deployment eliminates the need for complex
installations, making it accessible even to users with minimal technical expertise. Cloud integration enables remote data
processing, allowing for scalability and improved performance. The framework also incorporates visual analytics, such
as heatmaps and confidence scores, to enhance user understanding of disease severity. Future improvements could
involve loT-based automation, integrating real-time leaf scanning through drones and smart farming devices. By
combining deep learning with user-friendly web applications, this solution significantly advances agricultural disease
management, empowering farmers with Al-driven insights for sustainable crop production.
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I1. OBJECTIVES

1. To develop an interactive web-based application using Streamlit that enables identifying and categorizing

apple and cotton leaf diseases in real time.

2. To implement Convolutional Neural Network (CNN) model for precise illness detection, including

leaf blight, rust, mildew, and bacterial infections from leaf images.

3. To enhance accessibility for farmers and agricultural experts by providing a user-friendly and cost-effective

solution for early disease detection without requiring technical expertise.

4. To integrate image preprocessing techniques for improving model performance by reducing noise, enhancing

contrast, and ensuring high-quality input data.

5. To explore future scalability by incorporating cloud-based processing, 0T automation, and real-time analytics

for more efficient and widespread agricultural disease monitoring.
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IV. METHODOLOGY

The proposed Streamlit-enabled deep learning framewaork for detecting cotton and apple leaf diseases follows a structured approach
involving data collection, preprocessing, model training, and web deployment. Initially, a comprehensive dataset of healthy and
diseased cotton and apple leaf images is gathered from public agricultural databases and field sources. The collected images undergo
preprocessing methods, such as contrast improvement, noise reduction, and image resizing, to ensure uniformity and improve model
accuracy. Following that, a Convolutional Neural Network (CNN) is created and trained on this dataset, employing layers for the
extraction of features, pattern recognition, and categorization of diseases like leaf blight, rust, mildew, and bacterial infections. The
CNN model is optimized using methods to improve resilience and avoid overfitting, including adaptive learning rate changes,
dropout regularization, and data augmentation. To guarantee excellent classification performance, the trained model is assessed on
a test dataset using measures like accuracy, precision, recall, and F1-score.

Once the model achieves satisfactory accuracyis incorporated into a Streamlit-based web-based application, providing users with
an interactive platform can submit leaf photos and get disease forecasts in real time. The application utilizes cloud-based storage
and processing to handle large-scale user inputs efficiently. A visual analytics module is incorporated to display confidence scores,
disease severity levels, and heatmaps for better interpretability. The framework is designed for continuous improvement, allowing
periodic model retraining with new datasets to maintain accuracy across different environmental conditions. Future enhancements
include 10T integration with smart farming devices for automated disease detection and mobile-based deployment for improved
accessibility among farmers. By combining deep learning, web technology, and agricultural data science, this methodology provides
a scalable, cost-effective, and efficient solution for early plant disease detection and precision agriculture.

V. EXPERIMENTAL RESULTS & ANALYSIS
5.1 Confusion matrix:

In classification models, a confusion matrix is a performance evaluation tool that compares expected and actual results. Its four
components are False Negatives (FN), where the model incorrectly predicts a negative class (e.g., diseased leaf classified as
healthy); False Positives (FP), where a healthy leaf is misclassified as diseased; True Negatives (TN), where a healthy leaf is
correctly identified; and True Positives (TP), where the model correctly predicts a positive class (e.g., diseased leaf detected as
diseased). Important metrics that evaluate the model's dependability, including accuracy, precision, recall, and F1-score, are derived
with the use of the confusion matrix. For example, recall assesses how well the model detects real positives, whereas accuracy
counts the number of projected positive situations that are actually true. Precision farming and early disease intervention depend on
low misclassification, which is ensured by a well-balanced confusion matrix in deep learning-based disease detection.
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5.2 Apple Leaf Confusion Matrix:

Confusion Matrix Heatmap Enhanced Confusion Matrix
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5.3 Cotton Leaf Confusion Matrix:
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5.3 Ul Interface :

Streamlit is an open-source Python framework that enables the evolution of interactive and easy to use web applications for deep
learning models. In relation to cotton and apple Identification of leaf diseases, Streamlit provides a seamless interface where users
can upload leaf images and receive instant disease classification results powered by a CNN-based deep learning model. Its
lightweight architecture simplifies deployment without requiring extensive web development expertise, making it accessible to
farmers and agricultural experts. The framework supports interactive visualizations, displaying confidence scores, disease severity
levels, and heatmaps to enhance user understanding. Additionally, cloud storage integration allows for remote access, ensuring
scalability for large-scale agricultural monitoring. Real-time processing enables quick decision-making, while automatic model
updates ensure adaptability to new diseases. Streamlit also facilitates the integration of loT-based smart farming devices, enhancing
precision agriculture. By offering a cost-effective, scalable, and efficient solution, Streamlit significantly contributes to modern Al-
driven plant disease detection systems.

Deploy

Options
Plant Disease Detection

Apple

You selected Apple dataset. Upload an image of an apple plant for detection.

Upload animage

@) Drag and drop file here
Limit 200MB per file - JPG, PNG, JPEG

Browse files
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Deploy

Options
Plant Disease Detection

Apple
A You selected Apple dataset. Upload an image of an apple plant for detection.

Upload an image

@ Drag and drop file here
Limit 200MB per file « JPG, PNG, JPEG

@) open
& > v 1 | M« tain > cedarappl.

Organize > New folder

W cedar_apple_rus 3
I marksheets > -
B share photos

56cc0223-46b0-4  56cc0223-46b0-4  56cC0223-46b0-4  56cc0223-46b0-4
4d3-bad3-66d3d  4d3-bad3-66d3d  4d3-bad3-6603d  4d3-ba3-66d3d |
ef44f1d__FREC_  ef44fld__FREC_  ef44fld__FREC_  ef44fld_FREC
CRust3834ne.. CRust3834ne. CRust3834ne.  CRust3834ne..

= 0s(C) y -
N i
= New Volume (I . | E “ .

File name: ‘de78e9i975e7f—4722—b750'7dS1DeB75ba( V‘ l(uslom Files v

=

W This PC

You selected Apple dataset. Upload an image of an apple plant for detection.
Options Upload an image

Select Datas
elect Dataset @@ Dreanddropfilehere

Apple Limit 200MB per file + JPG, PNG, JPEG

[() 24f68f21-8edb-49df-bof1-d75ac66631fd__FREC_C.Rust 9937.JPG 10.9K

The use_column_width parameter has been deprecated and will be removed in a future release. Please
utilize the use_container_width parameter instead.

Prediction Results

Detected Class: cedar_apple_rust

Confidence Score: 1.00

Details: A fungal disease with orange, gelatinous growths on fruit and leaves.

VI. CONCLUSION
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The Streamlit-enabled deep learning framework provides an efficient, user-friendly, and scalable solution for detecting cotton and
apple leaf diseases. By integrating CNNs, or convolutional neural network with a The system's web-based interface allows real-
time disease detection, empowering farmers and agricultural experts with accurate diagnostic insights. The framework’s ability to
process images instantly, display confidence scores, and offer visual analytics enhances decision-making in precision agriculture.
Additionally, cloud integration and loT-based automation improve scalability and remote accessibility, making disease detection
more efficient. The continuous model updates ensure adaptability to new plant diseases, maintaining high accuracy and reliability.
Its lightweight and accessible nature eliminates the need for technical expertise, allowing broader adoption in the agricultural sector.
Furthermore, the system’s cost-effectiveness makes advanced Al-driven disease detection more feasible for small-scale farmers.
Future enhancements could include mobile integration and real-time 10T monitoring for automated disease prediction. Overall, this
framework significantly contributes to sustainable farming practices by reducing crop losses and optimizing agricultural
productivity.
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