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Abstract- Accurate and timely identification of plant diseases is
essential for improving agricultural productivity and minimizing
crop losses. Traditional methods rely on manual inspection, which
is often time-consuming, inconsistent, and dependent on expert
knowledge. This paper presents a deep learning-based approach for
automated crop disease prediction using leaf images. The proposed
system utilizes convolutional neural networks, with a customized
residual architecture designed to effectively capture complex visual
patterns associated with different plant diseases. A publicly
available dataset containing multiple plant species and disease
categories is used for training and evaluation. The images are
preprocessed through resizing and normalization to ensure
consistency. The model is trained using optimized techniques,
including adaptive optimization and dynamic learning rate
scheduling, to enhance performance and generalization.
Experimental results demonstrate that the proposed approach
achieves high classification accuracy across multiple disease
classes. In particular, the residual network model attains a
validation accuracy of 99.2%, outperforming other implemented
architectures in both accuracy and stability. The system also shows
strong generalization capability when tested on unseen data. The
proposed method provides a reliable and efficient solution for
automated plant disease detection, with potential applications in
smart agriculture and precision farming.
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I. INTRODUCTION

Agriculture remains a fundamental sector supporting global
food security and economic stability. The health of crops
directly influences agricultural productivity, where plant
diseases pose a significant challenge by reducing yield and
quality. In many regions, disease identification is still
performed through manual inspection by farmers or experts,
which is often time-consuming, subjective, and not scalable
for large farming areas. With the increasing demand for
efficient agricultural practices, there is a growing need for
automated and reliable systems capable of early disease
detection.

The advancement of computer vision and deep learning has
created new opportunities for addressing these challenges.
Convolutional neural networks have demonstrated strong
performance in image classification tasks by automatically
learning complex features from raw data. Their ability to
capture subtle variations in visual patterns makes them
particularly suitable for plant disease detection, where
differences between classes can be minimal and difficult to
distinguish through traditional methods.
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Despite these advancements, several challenges remain. Many
existing approaches rely on handcrafted features or are limited
by their ability to generalize across diverse datasets.
Variations in lighting conditions, background complexity, and
similarities between disease symptoms often lead to
misclassification. Additionally, some models achieve high
accuracy at the cost of increased computational complexity,
limiting their practical applicability. These limitations
highlight the need for a robust and efficient approach that
balances accuracy and computational performance.

To address these issues, this paper proposes a deep learning-
based crop disease prediction system that leverages a
customized residual network architecture for improved feature
learning and classification. The proposed method is designed
to handle multiple plant species and disease categories while
maintaining high accuracy and stability.

The main contributions of this work are as follows:

e A deep learning-based framework for automated
classification of plant diseases using leaf images.

e Implementation of a customized residual network
architecture to enhance feature extraction and improve
classification performance.

o Comparative analysis of multiple convolutional neural
network models to evaluate performance and efficiency.

e Application of optimized training strategies to achieve
high accuracy and robust generalization across diverse
data samples.

Overall, the proposed approach provides an effective and

scalable solution for plant disease detection, contributing to
the advancement of intelligent agricultural systems.

ILLITERATURE REVIEW

The application of image processing and machine learning
techniques for plant disease detection has been widely
explored in recent years. Early research primarily focused on
traditional image processing methods, where features such as
color, texture, and shape were manually extracted from leaf
images. These features were then used with classifiers such as
Support Vector Machines and k-Nearest Neighbors to identify
diseases. While these approaches provided initial progress,
their performance was highly dependent on the quality of
handcrafted features and often failed to generalize under
varying environmental conditions [13], [7].
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With the advancement of deep learning, convolutional neural
networks (CNNs) have become the dominant approach for
plant disease classification. Several studies have demonstrated
the effectiveness of CNN-based models in automatically
learning hierarchical features from image data. Pre-trained
architectures such as AlexNet, VGGNet, and ResNet have
been widely adopted, achieving significant improvements in
classification accuracy [3], [17]. In particular, residual
networks have shown strong performance due to their ability
to train deeper models without degradation, enabling better
feature representation [2].

Recent research has also explored transfer learning
techniques, where models trained on large-scale datasets are
fine-tuned for plant disease detection tasks. This approach
reduces training time and improves performance, especially
when labeled data is limited [8], [16]. Additionally, data
augmentation methods have been employed to increase
dataset diversity and enhance model generalization [11].
Some studies have further integrated deep learning models
with mobile and web applications to enable real-time disease
diagnosis [12].

Despite these advancements, several limitations remain. Many
existing models are trained on datasets captured under
controlled conditions, which do not accurately reflect real-
world agricultural result, their
performance may degrade when applied to images with
varying lighting, backgrounds, and noise [5], [9].
Furthermore, distinguishing between diseases with similar
visual symptoms remains a challenging task, leading to
occasional misclassification.

environments. As a

Another limitation is the trade-off between model complexity
and efficiency. While deeper models achieve higher accuracy,
they often require significant computational resources, making
them less suitable for deployment on resource-constrained
devices [19]. In addition, most existing systems focus
primarily on classification and do not provide extended
functionalities such as severity estimation or actionable
recommendations.

These limitations highlight the need for a more robust and
efficient approach that can achieve high accuracy while
maintaining practical applicability, which motivates the
proposed method in this work.

III. PROPOSED SYSTEM

This section describes the overall framework of the proposed
crop disease prediction system. The methodology integrates
image preprocessing, deep feature extraction, and
classification into a unified pipeline. The complete workflow
of the system is illustrated in Fig. 1. The proposed approach is
designed to automatically learn discriminative features from
plant leaf images without relying on manual feature
engineering. By leveraging deep convolutional neural
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networks, the system is capable of identifying complex
disease patterns and performing accurate classification across
multiple plant categories.

A. System Overview

The overall architecture of the proposed system is shown in
Fig. 1. The system takes a plant leaf image as input and
processes it through a sequence of stages including
preprocessing, feature extraction, and classification.

Initially, the input image is standardized to ensure consistency
across the dataset. The processed image is then passed to the
deep learning model, where hierarchical features are extracted
through convolutional layers. These features are subsequently
used by the classification layer to predict the disease category.

The modular design of the system allows flexibility in
integrating different models and enables efficient processing
of large-scale datasets.

Overall Architecture of the Proposed Crop Disease Prediction System
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Fig. 1. Overall architecture of the proposed crop
disease prediction system.

B. Dataset Description

The dataset used in this study consists of labeled images
representing multiple plant species and disease categories. It
includes both healthy and diseased samples, enabling the
model to learn discriminative features for classification.

The dataset is divided into training, validation, and testing
subsets to ensure proper evaluation of model performance.
The diversity of the dataset, including variations in color,
texture, and background, improves the robustness of the
model.
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C. Data Preprocessing

Data preprocessing is performed to standardize the input
images and improve model performance. All images are
resized to a fixed resolution to maintain uniformity. Pixel
values are normalized to ensure stable training and faster
convergence. In addition, data augmentation techniques such
as rotation and flipping are applied to increase dataset
diversity and reduce overfitting. These preprocessing steps
help the model focus on relevant features while minimizing
the impact of noise and variations in image conditions.

D. Model Architecture

The architecture of the proposed model is illustrated in Fig. 2.
The system primarily utilizes a customized residual network
(ResNet9) for feature extraction and classification.

The model consists of multiple convolutional layers followed
by batch normalization and activation functions.

Residual connections are incorporated to enable efficient
gradient flow and improve learning in deeper networks. These
skip connections allow the model to retain important
information across layers, leading to improved performance.

In addition to ResNet9, other convolutional neural network
architectures are implemented for comparative analysis. These
models vary in complexity and help evaluate the trade-off
between accuracy and computational efficiency.

Overall Architecture of the Proposed Crop Disease Prediction System
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Fig. 2. Architecture of the proposed deep learning
model based on residual connections.
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E. Training Strategy

The training process is designed to optimize model
performance and ensure stable convergence. The model is
trained using a cross-entropy loss function, which measures
the difference between predicted and actual labels.

An adaptive optimization algorithm is employed to update
model parameters efficiently. Additionally, a dynamic
learning rate scheduling strategy is used to accelerate
convergence and improve generalization.

Gradient clipping is applied to prevent instability caused by
large gradients, ensuring smooth training. The model is
trained over multiple epochs, with validation performed at
each stage to monitor performance and avoid overfitting.

IV. EXPERIMENTAL RESULTS

The performance of the proposed crop disease prediction
system is evaluated using a comprehensive set of experiments
conducted on the prepared dataset. The evaluation focuses on
measuring behavior,
comparative performance across different deep learning
models.

classification accuracy, loss and

All experiments are carried out using the same training and
validation setup to ensure fair comparison. The results
demonstrate the effectiveness of the proposed approach in
accurately identifying plant diseases from leaf images.

A. Performance Metrics

To evaluate the effectiveness of the proposed model, standard
performance metrics such as accuracy and loss are considered.
Accuracy measures the proportion of correctly classified
difference between

samples, while loss quantifies the

predicted and actual labels.
Accuracy is defined as:

Correct Predictions

Accuracy = —
Y Total Predictions

The cross-entropy loss function is used during training to guide
the optimization process. A higher accuracy and lower loss
indicate better model performance and generalization capability.

B. Training Results

The training performance of the proposed model is analyzed
in terms of accuracy and loss over multiple epochs. As shown
in Fig. 3, the training and validation accuracy increase
steadily with the number of epochs, eventually stabilizing at a
high value.

Similarly, the loss curves presented in Fig. 4 show a
consistent decrease during training, indicating effective
learning and convergence of the model. The validation loss

Page 3


https://ijsrem.com/

Tl

¢ IISREM

©-Journal

Volume: 10 Issue: 03 | March - 2026

International Journal of Scientific Research in Engineering and Management (IJSREM)

SJIF Rating: 8.659 ISSN: 2582-3930

closely follows the training loss, suggesting that overfitting is
minimized.

The ResNet-based model achieves a validation accuracy of
approximately 99.2%, demonstrating its strong ability to learn
complex disease patterns and generalize to unseen data.
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Fig. 3. Training and validation accuracy over epochs.
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Fig. 4. Training and validation loss over epochs.

C. Model Comparison

A comparative analysis of different deep learning models is
presented in Table I. The comparison includes models with
varying levels of complexity to evaluate their performance in
terms of accuracy and loss.

Table I: Performance Comparison of Different Models

Training Validation Loss
Accuracy Accuracy

(%) (%)
ResNet9 99.5 99.2 0.02
NewCNNModel 97.8 97.2 0.08
EfficientCNNModel  96.5 95.9 0.12
SimplificdCNNModel 93.2 92.5 0.20

The results clearly indicate that the ResNet9 model
outperforms other architectures in terms of both
© 2026, IJSREM
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accuracy and stability. The presence of residual
connections enables efficient learning of deep features,
leading to superior classification performance.

D. Sample Predictions

To further evaluate the effectiveness of the proposed
system, sample predictions are analyzed using test
images. As illustrated in Fig. 5, the model is able to
correctly classify plant diseases with high confidence
across different categories.

The predicted labels closely match the actual classes,
demonstrating the model’s ability to capture
discriminative features. Even in cases where disease
patterns are visually similar, the model maintains strong
classification performance.
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Fig. 5. Sample predictions of the proposed model on
test images.

V.DISCUSSION

The experimental results demonstrate that the proposed deep
learning-based system is highly effective in classifying plant
diseases from leaf images. The model achieves strong
performance across all evaluation metrics, with high accuracy
and low loss values observed during both training and
validation phases. The close alignment between training and
validation curves indicates that the model has learned
meaningful features without significant overfitting. This
suggests that the preprocessing techniques and training
strategy adopted in this study contribute to stable and reliable
learning.
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Among the evaluated models, the residual network
architecture consistently outperforms the other convolutional
neural network variants. The primary reason for this improved
performance lies in the use of residual connections, which
allow the model to learn identity mappings and preserve
important feature information across layers. These skip
connections facilitate  better gradient flow during
backpropagation, enabling the network to train deeper
structures without degradation. As a result, the model is able
to capture both low-level and high-level features more
effectively, leading to improved classification accuracy.

In contrast, the simpler convolutional models, although
computationally efficient, exhibit comparatively lower
performance. These models lack mechanisms to retain
information across layers, which limits their ability to learn
complex patterns in the data. While they achieve reasonable
accuracy, their performance is affected when distinguishing
between diseases with similar visual characteristics. This
highlights the importance of architectural design in achieving
high classification performance.

Despite the strong results, certain limitations are observed.
The model is trained on a dataset that, although diverse, may
not fully represent real-world agricultural conditions.
Variations such as extreme lighting, background clutter, and
image noise can impact prediction accuracy when the system
is deployed in practical scenarios. Additionally, some disease
classes exhibit very similar visual symptoms, which may lead
to occasional misclassification.

Another limitation is related to computational requirements.
The residual network, while highly accurate, requires more
processing power compared to simpler models. This may limit
its deployment on resource-constrained devices without
further optimization. Furthermore, the current system focuses
solely on classification and does not provide additional
insights such as severity  or
recommendations.

disease treatment

Overall, the results confirm that the proposed approach is
effective and reliable for plant disease classification. At the
same time, the identified limitations highlight areas for future
improvement, particularly in enhancing robustness and
expanding system capabilities for real-world applications.

VI. CONCLUSION

This paper presented a deep learning-based approach for
automated crop disease prediction using plant leaf images.
The proposed system integrates data preprocessing,
convolutional feature extraction, and classification within a
unified framework. By leveraging a customized residual
network architecture, the model is able to learn complex
visual patterns associated with different plant diseases without
relying on manual feature engineering.
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Experimental evaluation demonstrates that the proposed
approach achieves high classification performance across
multiple disease categories. The residual network model
attains a validation accuracy of approximately 99.2%,
outperforming other implemented convolutional architectures
in both accuracy and stability. The results also indicate that
the model maintains good generalization capability, as
evidenced by consistent performance on validation and test
datasets.

Overall, the study confirms that deep learning techniques,
particularly residual networks, provide an effective solution
for plant disease detection. The proposed system offers a
reliable and scalable approach that can support intelligent
agricultural practices and contribute to improved -crop
management.

VII. FUTURE WORK

While the proposed system demonstrates strong performance
in crop disease classification, several directions can be
explored to further enhance its capability and practical
applicability. One important area of improvement is the
expansion of the dataset to include a wider range of plant
species and disease categories captured under real-world
conditions. Incorporating images with varying lighting,
backgrounds, and environmental factors can improve the
robustness and generalization of the model.

Another potential extension involves the development of
lightweight and optimized models for deployment on mobile
and edge devices. Techniques such as model pruning,
quantization, and knowledge distillation can be applied to
reduce computational complexity while maintaining high
accuracy. This would enable real-time disease detection in
field conditions using smartphones or embedded systems.

The system can also be extended to provide additional
functionalities beyond classification. For instance, integrating
disease severity estimation can help assess the extent of
infection, while combining the model with expert knowledge
systems can enable the recommendation of appropriate
treatments or preventive measures.

Furthermore, future work may explore the integration of
image-based analysis with environmental data collected
through sensors, such as temperature, humidity, and soil
conditions. This multimodal approach can provide a more
comprehensive understanding of crop health and improve
prediction accuracy.

Overall, these improvements and extensions can transform the
proposed system into a more versatile and practical tool,
supporting advanced applications in smart agriculture and
precision farming.
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