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Abstract— Potato diseases, such as Late Blight and Early
Blight, pose a significant threat to global potato production,
which exceeds 370 million tons annually. As the fourth most
important food crop worldwide, potatoes are crucial to food
security. These diseases can lead to yield losses of up to 40%,
especially in major potato-producing countries like the United
States, India, and China. Early and accurate detection of these
diseases is essential for reducing losses, optimizing crop
management, and ensuring food security. This project proposes
a deep learning-based solution for potato disease classification,
utilizing Convolutional Neural Networks (CNN) and transfer
learning with ResNet50, a pre-trained model on the ImageNet
dataset. A custom data generator is employed for efficient data
handling, augmentation, and real-time image preprocessing.
The model is fine-tuned to classify three categories: Early
Blight, Late Blight, and Healthy potato leaves. This approach
provides a valuable tool for farmers and agricultural
professionals, enabling early intervention and reducing reliance
on manual inspection. Ultimately, this contributes to higher
yields and more sustainable farming practices.
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1. INTRODUCTION

Potato, a staple food crop worldwide, faces significant
challenges from diseases like Early Blight and Late Blight.
These diseases can cause substantial crop losses, impacting
both small and large-scale farmers. Traditional visual
inspection methods are time-consuming, subjective, and prone
to human error.

Advances in machine learning and deep learning offer
automated solutions. Convolutional Neural Networks (CNNs)
excel in image classification tasks, including plant disease
detection. Transfer learning with pre-trained models like
ResNet50 enhances accuracy and reduces data requirements.
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This project aims to develop an automated potato disease
classification system that can detect Early Blight, Late Blight,
and healthy leaves. By employing CNNs and transfer learning
with ResNet50, the system strives for high accuracy and
efficiency in disease detection from leaf images. Image
augmentation techniques are used to improve model
robustness and generalization

A custom data pipeline is developed to handle image
loading, augmentation, and splitting, ensuring scalability for
larger datasets. The project's output, a solution that can be
integrated into precision agriculture systems, will aid farmers
in early disease detection, timely intervention, and reduced
crop losses. This automated detection system has the potential
to improve agricultural practices, reduce pesticide use, and
enhance overall crop yield.

II. PROBLEM STATEMENT

A. The beginning

Potato crops, a crucial agricultural product globally, face
substantial threats from diseases like Late Blight and Early
Blight, primarily affecting leaves. These diseases can lead to
significant crop loss, impacting food security and farmer
incomes. In countries like India, where potato farming is
widespread, timely disease detection is crucial.

B. Problem

Traditional manual inspection methods are time-
consuming, error-prone, and less effective in large fields. This
often leads to delayed responses and increased crop damage.
The need for an efficient and scalable solution to monitor
potato plant health is urgent. theft without realizing that a
keylogger is active and capturing their data.

C. Solution

Recent advancements in machine learning, particularly
Convolutional Neural Networks (CNNs) and transfer learning
techniques, offer an opportunity to automate and enhance
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disease detection accuracy. This project aims to leverage these
technologies to build a system that can accurately identify
Early Blight, Late Blight, and healthy potato leaves from
images. By utilizing ResNet50, a pre-trained deep learning
model, the system will provide an automated, faster, and more
reliable way to detect diseases, enabling farmers to intervene
early, reduce crop losses, and promote sustainable
agricultural practices.

D. Objective

The objective of this project is to create a system that helps
farmers detect and classify potato leaf diseases, such as late
blight and early blight or even determine if the potato is
healthy. This early detection aims to improve crop health,
boost yields, and promote sustainable farming practices.

III. RELATED WORKS

Several studies have explored the application of deep
learning techniques for the early detection of potato diseases,
focusing on improving classification accuracy and automating
disease identification in agricultural systems.

In the paper "Early-Stage Potato Disease Classification by
Analyzing Potato Plants using CNN" (2023), Sama Uddin
Eraj and Dr. Mohammed Nazim Uddin propose a CNN-based
approach for the early detection of Early Blight and Late
Blight in potato plants. The model achieved a high accuracy
of 97%, demonstrating the effectiveness of CNNs in
accurately classifying potato leaf diseases ([1]).

Similarly, the 2021 study, "Classification of Diseased
Potato Leaves Using Machine Learning" by Sakshi Sharma,
Vatsala Anand, and Swati Singh, explores machine learning
techniques such as K-Nearest Neighbors (KNN), Support
Vector Machine (SVM), and segmentation for identifying
potato leaf diseases. The model achieved an accuracy of
92.9%, highlighting the potential of traditional machine
learning algorithms for disease classification in agriculture

(2D

In the 2022 paper, "Predicting and Classifying Potato Leaf
Disease using K-means Segmentation Techniques and Deep
Learning Networks" by Md. Ashiqur Rahaman Nishada,
Meherabin Akter Mitua, and Nusrat Jahan, deep learning
models like VGG16 combined with K-means segmentation
are employed to classify potato leaf diseases. The model
achieved an impressive accuracy of 97%, underscoring the
combination of segmentation techniques and deep learning for
effective disease detection ([3]).

Another notable contribution is "Transfer Learning with
DenseNet201 Architecture Model for Potato Leaf Disease
Classification" (2023) by Rifqi Alfinnur Charisma and Faisal
Dharma Adhinata. This study uses the DenseNet201 model in
combination with transfer learning, achieving a classification
accuracy of 95.2%. The results demonstrate the robustness of
DenseNet201 for potato disease classification, especially in
scenarios with limited training data ([4]).

In "Potato Plant Disease Classification using Convolution
Neural Network" (2023), Pratham Gupta, Harsh Waghela,
Saurin Patel, Nirbhay Rajgor, Dr. Sanjay Sange, and Vaishali
Korade develop a web-based application that utilizes the
AlexNet architecture for real-time disease classification. This
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study emphasizes the practical applicability of CNNs in real-
time agricultural disease diagnosis, showcasing their potential
to assist farmers in disease management ([5]).

The paper "Enhancing Potato Disease Classification with
Inception V3-Based Deep Learning Model" (2023) by Raghav
Agarwal, Sparsh Mittal, Aashish Sharma, and U. Hariharan
proposes an InceptionV3-based model for potato disease
classification. The model achieved an accuracy of 96.38%,
demonstrating the potential of InceptionV3 for precise and
efficient disease detection in agricultural applications ([6]).

A recent study titled "Comparative Analysis of Potato
Leaf Disease Classification Using CNN and ResNet50"
(2024) by Riya Bharti, Vivek Srivastava, Abhishek Bajpai,
and Shalinee Sahu, compares the performance of CNN and
ResNet50 architectures for classifying potato leaf diseases.
The paper analyzes the advantages and limitations of both
models, contributing to the optimization of disease detection
systems for potato crops ([7]).

Finally, in "Potato Disease Detection using Deep
Learning" (2023), Anish Gupta, Lalit Kumar Tyagi, and Veera
V Rama Rao M focus on developing a robust CNN model
tailored for accurate and timely detection of potato diseases.
Their work highlights the significance of deep learning in
automating agricultural disease identification, offering a
scalable solution for large-scale farming operations ([8]).

Potato Virus Y (PVY) significantly impacts global potato
production, primarily due to its ability to induce hereditary
changes, its rapid spread, and the adverse effects it has on crop
yield and quality. PVY is considered one of the top ten plant
viruses due to its severe economic consequences on
agricultural production, especially in potato farming [9-10].
Since the global potato yield is highly dependent on PVY-free
seeds for quality improvement, methods for eliminating PVY
infection in potatoes remain undefined [11].

Traditionally, farmers rely on the naked eye method to
detect diseases in crops. However, this method lacks the
precision required for identifying symptoms in the field,
especially considering the diversity of crops and viral strains
[12]. As such, there has been growing interest in utilizing
more advanced methods, particularly image processing and
machine learning, to improve the accuracy of disease
detection in plants.

In this context, Samanta et al. (2021) proposed
segmentation and feature extraction techniques using image
processing to identify potato diseases, demonstrating the
potential for automation in disease diagnosis [16]. Similarly,
Patil et al. (2020) utilized image processing techniques to
classify the severity of crop diseases, emphasizing the utility
of computer vision for disease management in agriculture
[17]. Akhtar et al. (2019) applied Discrete Cosine Transform
(DCT) along with Support Vector Machine (SVM) classifiers,
improving the efficiency of disease detection in plants. Their
approach showed enhanced accuracy by combining image
processing and machine learning techniques [18].

Machine learning, a technique in which a system learns
from data rather than relying on explicit programming, has
become increasingly popular in agricultural applications,
particularly for pest and disease control in arable farming [19].
Earlier, supervised machine learning algorithms were
predominantly used for detecting diseases in crops [22].



Recent advancements have expanded the use of various
classifiers to improve detection accuracy, including SVM,
which has demonstrated promising results in classifying plant
diseases effectively.

A comparative analysis of different classifiers, such as
decision trees, neural networks, and SVM, has been conducted
to assess their performance in disease detection. The
evaluation metrics for performance typically include
accuracy, sensitivity, specificity, and precision. Among these,
SVM classifiers have emerged as particularly effective in
identifying and classifying plant diseases, providing high
precision and efficiency [20-21].

These studies collectively demonstrate the increasing reliance
on deep learning and machine learning techniques to address
the challenges of disease detection in agriculture, especially in
potato farming. With high accuracies and promising results,
these models present viable solutions for enhancing crop
disecase =~ management and  improving  agricultural
sustainability.

IV. METHODOLOGY

This project focuses on designing an automated system to
classify potato leaf diseases. By utilizing Convolutional
Neural Networks (CNN) and the transfer learning capabilities
of ResNet50, the system aims to identify diseases such as
Early Blight and Late Blight with high accuracy. The
development process includes building a baseline CNN model
and subsequently enhancing it with ResNet50 to achieve
superior performance. The implementation is organized into
distinct phases, ensuring a systematic approach to improving
the model's accuracy.
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Fig. 1. Overall Methodology Flowchart
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A. DATA COLLECTION AND PREPROCESSING

The dataset comprises images of potato leaves categorized
into three distinct classes: Healthy, Early Blight, and Late
Blight. These images are gathered from either publicly
available sources or direct captures from farms. In this project,
diverse images reflecting various stages of disease are
included to ensure that the model generalizes effectively
across different conditions.

To prepare the dataset for training, several preprocessing
techniques are applied:

e Image Resizing: All images are resized to 224x224
pixels to meet the input requirements for both CNN
and ResNet50 models.

e Normalization: Pixel values are scaled to a range of
0 to 1 by dividing by 255, improving the training
process by standardizing the input data.

e Data Augmentation: Techniques such as random
rotation, horizontal flipping, and zooming are
applied to increase the dataset's diversity and
reduce the risk of overfitting.
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Fig. 2. Before and after augmentation

B. BUILDING THE BASELINE CNN MODEL

A simple CNN model is first developed as a baseline for
classifying potato leaf diseases. This model consists of the
following layers:

Convolutional Layers: These layers apply filters to detect
hierarchical features like edges, textures, and shapes unique to
potato leaves.

Max Pooling Layers: Pooling layers reduce the spatial
dimensions of feature maps, lowering computational
complexity and mitigating overfitting.

Fully Connected Layers: These layers aggregate the
features extracted by convolutional layers and predict the class
label for each image (Healthy, Early Blight, or Late Blight).

The CNN model is compiled with the Adam optimizer and
categorical cross-entropy loss function. Once trained on the
pre-processed dataset, its performance is evaluated using
metrics such as accuracy, precision, recall, and F1-score.
Despite being a good starting point, the baseline CNN model
struggles with complex patterns, which limits its overall
accuracy.
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Fig. 3. Architecture of CNN

C. ENHANCING THE MODEL WITH RESNET50

ResNet50, a pre-trained deep convolutional network, is
employed to improve the classification accuracy. The model's
residual connections enable it to efficiently learn deep features
without encountering vanishing gradient issues.

Loading Pre-Trained ResNet50: ResNet50, pre-trained on
ImageNet, is modified to suit the three-class potato leaf
classification task. The final fully connected layer is replaced
with custom layers designed for this problem.

Fine-Tuning the Model: Initially, only the custom layers
are trained while freezing the ResNet50 base layers. This step
ensures that the pre-trained features are preserved. After a few
epochs, the ResNet50 layers are unfrozen, and the entire
model is fine-tuned with a low learning rate to adapt to the
specific dataset.

ResNet50’s deeper architecture enables it to capture
complex features more effectively than the baseline CNN.
Residual connections prevent degradation of accuracy as the
network deepens. Leveraging pre-trained weights allows
ResNet50 to perform well even with a relatively small dataset.

D. MODEL TRAINING AND EVALUATION

Both the baseline CNN and the ResNet50-enhanced
models are trained and evaluated using several metrics:

Accuracy: Measures the percentage of correctly classified
images.

Precision, Recall, and F1-Score: Provide insights into the
model’s performance for each class, especially useful for
imbalanced datasets.

Confusion Matrix: Visualizes the model's ability to
distinguish between Healthy, Early Blight, and Late Blight
categories.

The results demonstrate a significant improvement in the
ResNet50-enhanced model's performance over the baseline
CNN, particularly in handling complex patterns and
minimizing misclassifications.

V. RESULT AND ANALYSIS

The evaluation of the potato disease detection model was
conducted using key performance metrics such as accuracy,
precision, recall, and F1-score. These metrics were applied to
both the initial CNN model and the enhanced version using
ResNet50 and transfer learning.
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A. MODEL TRAINING AND PERFORMANCE

The initial CNN model was trained on a dataset
comprising images of healthy potato leaves and leaves
affected by diseases such as Early Blight and Late Blight. The
model’s performance was assessed on its ability to correctly
classify the test images.

Accuracy: The CNN model achieved an impressive
accuracy of 98% on the test dataset, indicating that it was
highly effective in detecting potato leaf diseases with very
few misclassifications.

Loss: Throughout the training process, the model
exhibited steadily decreasing training loss without significant
signs of overfitting. This suggests that the CNN model was
able to generalize effectively to unseen data.
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B. INTEGRATION OF RESNET50

To further improve the model's performance, ResNet50, a
well-regarded pre-trained convolutional neural network, was
integrated using transfer learning. ResNet50 is known for its
ability to capture deep hierarchical features in images,
making it a promising addition for disease detection tasks.

Fine-Tuning: The ResNet50 model was modified by
freezing the top layers and fine-tuning the remaining layers



using the potato disease dataset. This approach allowed the
model to leverage the pre-trained weights for feature
extraction while adapting to the specific characteristics of the
dataset.

Accuracy: Despite the advanced architecture of
ResNet50, the model’s accuracy remained at 98%, similar to
the baseline CNN model. This indicates that the baseline
model was already well-optimized and had achieved near-
optimal performance for this classification task.
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By combining the results from different classifiers, it
becomes easier to predict outcomes accurately. This approach
leverages the strengths of each model, improving the overall
performance and making predictions more reliable. The
fusion of multiple models ensures that the final prediction
benefits from a more comprehensive analysis, reducing errors
that may arise from individual model biases.
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VI. LIMITATIONS AND FUTURE WORK

While the proposed system achieves high accuracy,
several limitations and areas for improvement exist.
The model's effectiveness depends heavily on the dataset,
which, if limited in diversity or size, may not represent all
variations in potato leaf diseases, leading to reduced
generalization in real-world conditions.
Small datasets, despite augmentation, pose risks of
overfitting, while environmental factors like lighting or
weather can impact classification accuracy.
ResNet50’s complexity also results in higher computational
requirements, affecting real-time performance on low-power
devices.
Addressing these issues, future efforts should focus on
expanding and diversifying datasets, employing advanced
augmentation techniques (e.g., mixup, GANs), and exploring
efficient architectures like EfficientNet or Vision
Transformers.
Optimizing the model for real-world deployment through
pruning, quantization, and mobile integration could improve
usability.
Furthermore, adding severity predictions, integrating IoT-
based environmental data, and implementing explainability
tools like Grad-CAM would enhance system reliability and
usability, offering a comprehensive solution for potato
disease detection and management in agriculture.

VII. CONCLUSION

This project showcases the effectiveness of integrating
ResNet50 with transfer learning to classify potato leaf
diseases by showing an accuracy of around 98%. While the
baseline CNN serves as a foundational step, the addition of
ResNet50 significantly enhances accuracy by leveraging its
deep architecture and pre-trained features. This two-phase
approach offers a scalable and practical solution for early
detection of potato leaf diseases, aiding farmers in preventing
crop losses and improving agricultural productivity.
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