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Abstract: This paper presents a deep learning-based solution for the detection of diseases in apple leaves.
The proposed system leverages convolutional neural networks (CNNs) to classify images of apple leaves into
healthy or diseased categories. A custom-built GUI enables users to interact with the system by uploading
leaf images for instant diagnosis. The model has been trained on a publicly available dataset of apple leaf
images, ensuring robust performance across different disease types such as apple scab, black rot, and cedar
apple rust. The tool is designed for offline deployment to support usage in remote agricultural areas, offering
farmers and agriculturalists a practical solution for timely disease management.

Index Terms - Apple Leaf Disease, Deep Learning, Convolutional Neural Network, Image
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|. INTRODUCTION

Apple is one of the most widely cultivated fruits around the world. Its cultivation is often hindered by a
variety of foliar diseases, which reduce crop quality and yield. Traditionally, the detection of these diseases
has been carried out manually, which is time-consuming and error-prone. With the rise of artificial
intelligence, automated plant disease detection has become increasingly-viable.

This research proposes a deep learning-based method to identify and classify apple leaf diseases using a
CNN model. The system aims to diagnose three major diseases — apple scab, black rot, and cedar apple
rust — alongside healthy leaves. The deep learning model is integrated into a graphical user interface (GUI)
built using Tkinter, enabling users to interact with the system easily. The goal is to deliver a portable,
offline-capable application that can assist farmers in detecting and mitigating disease outbreaks quickly and
accurately.

I.  MATERIALS AND METHODS

A. Dataset

The dataset comprises labeled images of apple leaves, each annotated as healthy or affected by one of the
following diseases: apple scab, black rot, or cedar apple rust. Images are resized and normalized before being
input into the model.

B. Model Architecture

The classification model uses a convolutional neural network (CNN) composed of multiple convolutional,
pooling, and dense layers. ReL.U activation and softmax classifiers are used to predict leaf disease categories.
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Fig 2.1
C. Training

The dataset is split into training, validation, and test sets. Data augmentation techniques such as flipping and
rotation are used to increase generalization. Training is conducted using the Adam optimizer and cross-
entropy loss.

D. Model Evaluation

The model is evaluated using accuracy, precision, recall, and F1-score. The final model achieves a strong
classification performance across all disease types.

Il.  GRAPHICAL USER INTERFACE (GUI)

The Apple Leaf Disease Detection System offers a user-friendly graphical user interface (GUI) developed
using Python’s Tkinter library. This interface allows users to easily interact with the system by uploading
images, initiating disease detection, and viewing results within the same window.

A. Key Features of the GUI

« Image Upload: Users can browse and select an apple leaf image from their local device. The uploaded
image is displayed in the application window for review before processing.

o Disease Detection: Once an image is uploaded, users can click a detection button to initiate analysis.
The image is then passed to a trained Convolutional Neural Network (CNN) model for prediction.

o Result Display: After processing, the system displays the detected disease (if any) in a label within the
GUIL. It may also show additional information such as the severity of the disease and possible treatment
suggestions.

« Offline Functionality: The system is fully capable of running offline, making it ideal for use in rural
or remote areas with limited internet access.
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I11.  TOOLS AND LIBRARIES

The development of the Apple Leaf Disease Detection System incorporated several essential tools and
libraries that played a crucial role in building both the backend model and the user interface:
e TensorFlow: Served as the primary framework for developing and training the Convolutional Neural
Network (CNN) model used in classifying apple leaf diseases.

o Keras: A high-level API built on top of TensorFlow that streamlined the design, training, and
evaluation of deep learning models.

o Tkinter: Utilized to develop the graphical user interface (GUI), enabling seamless user interaction for
uploading images and initiating disease detection.

o NumPy: Used for efficient numerical computations and preprocessing of image data.

o Matplotlib: Helped in visualizing model training metrics, such as accuracy and loss, to monitor and
evaluate model performance.

IV. RESULTS

The Apple Leaf Disease Detection System was rigorously tested using a curated dataset of apple leaf images
representing multiple disease categories, including apple scab, black rot, and cedar apple rust, along with
healthy leaves. The system demonstrated strong classification performance, validating the effectiveness of the
deep learning approach.
During testing, the CNN model achieved robust and reliable results, evaluated using multiple performance
metrics:

e Accuracy: 94.2%

e Precision: 93.1%
e Recall: 94.8%
e F1-Score: 93.9%

In addition to its strong predictive performance, the system exhibited a fast processing time, with the model
delivering results within 1-2 seconds after image submission. The GUI, built with Tkinter, was responsive
and intuitive, offering users a seamless experience from image upload to results display.

Moreover, the system was able to provide supplementary insights, such as distinguishing between early and
advanced stages of infection. This added layer of detail makes it particularly useful for timely intervention in
real-world agricultural scenarios. Its offline functionality further enhances its suitability for use in rural
farming communities with limited internet access.

V. DISCUSSION

The application of deep learning in apple leaf disease detection marks a transformative shift from conventional
manual inspection methods. By automating the identification process, the system empowers farmers and
agricultural experts to act more swiftly and effectively in managing plant health. Its offline functionality
further enhances its practicality in remote agricultural regions with limited or no internet connectivity.
Key Advantages:
e High Accuracy: The CNN-based model delivers precise disease classification, minimizing the need
for expert visual inspection and reducing the risk of human error.

o Rapid Diagnosis: The system processes images and provides diagnostic results within seconds,
enabling timely responses to emerging infections.

o Ease of Use: Designed with a simple graphical user interface, the system is accessible even to
individuals with limited technical background, such as small-scale apple growers.

Despite its strengths, the system faces certain challenges. For instance, inconsistent image quality—caused
by low lighting, background clutter, or partial leaf visibility—can affect prediction accuracy. Future
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improvements could include advanced preprocessing techniques and model fine-tuning to enhance robustness
under varied real-world conditions.

V1.  CONCLUSION

In this paper, we have developed a deep learning-based system for apple leaf disease detection, leveraging the
power of Convolutional Neural Networks (CNNs) to identify and classify diseases from leaf images. The
system also integrates a simple and intuitive GUI for seamless user interaction.
Key Highlights:
o Deep Learning Model: Utilizes a CNN for classifying apple leaf images as healthy or diseased,
ensuring high accuracy.

e User-Friendly Interface: A Tkinter-based GUI allows farmers and non-technical users to upload
images and receive quick results.

o Performance: The system demonstrated excellent performance, offering accurate disease predictions
and minimal processing time.

Future Directions:
o Expanded Dataset: The dataset will be enriched with a broader variety of images, including different
apple varieties and environmental conditions, to enhance the model’s generalization.

e Model Robustness: Improvements will focus on ensuring better performance under varied conditions
such as poor lighting, different backgrounds, and low-resolution images.

o Real-Time Integration: Future iterations may include the ability to capture and process images directly
from cameras, providing on-the-spot disease detection in the field.

e Multilingual Support: To make the system accessible to a wider audience, multilingual support will
be added to provide disease information in various regional languages.
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