Published by :
https://lwww.ijert.org/
An International Peer-Reviewed Jour nal

International Journal of Engineering Research & Technology (IJERT)

| SSN: 2278-0181
Vol. 15 Issue 06 , June - 2026

A Review of Deep Learning Models for Automated
Plant Leaf Disease Diagnosis and Prevention

Prof. Nikita Gosavi
JSPM’s Jayawantrao Sawant
College of Engineering, Pune

Prajwal Kondhalkar
JSPM’s Jayawantrao Sawant
College of Engineering, Pune

Abstract - Crop diseases are a major challenge in modern
agriculture, often leading to reduced crop productivity,
economic losses, and threats to food security. Early and accurate
identification of plant diseases is essential for implementing
timely preventive measures and minimizing the spread of
infections. Recent advances in deep learning have significantly
improved the automation of crop disease detection through the
analysis of leaf images. Among the various deep learning
architectures, VGG16 and ResNet50 have emerged as highly
effective models due to their strong feature extraction
capabilities and classification performance.

This survey paper presents a comprehensive review of crop
disease detection and prevention techniques that utilize leaf
image analysis with a particular focus on ensemble approaches
combining VGG16 and ResNet50. The study examines the
fundamental principles of image-based disease recognition, data
preprocessing methods, transfer learning strategies, feature
extraction mechanisms, and ensemble learning techniques
employed in recent research. Furthermore, it analyzes the
strengths and limitations of individual and hybrid deep learning
models in terms of accuracy, computational efficiency,
robustness, and real-world applicability.

The survey also highlights the role of disease prevention systems
that integrate predictive analytics and decision-support
mechanisms to assist farmers in managing crop health
effectively. Key challenges, including dataset diversity,
environmental  variability, model generalization, and
deployment in resource-constrained agricultural settings, are
discussed in detail.
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Learning, VGG16, ResNet50, Ensemble Learning, Image
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. INTRODUCTION

Agriculture plays a fundamental role in sustaining the global
population by providing food, raw materials, and economic
support to millions of people. However, crop productivity is
frequently affected by various plant diseases caused by fungi,
bacteria, viruses, and environmental factors. These diseases
can significantly reduce crop yield and quality, resulting in
substantial economic losses and threatening food security.
Therefore, the timely identification and prevention of crop
diseases have become critical aspects of modern agricultural
management. [1][7][3].

[ JERTV 15| S060995

Sujal Gavali
JSPM’s Jayawantrao Sawant College of
Engineering, Pune

Ayush Kodre
JSPM’s Jayawantrao Sawant College
of Engineering, Pune

Pranit Gaikwad
JSPM’s Jayawantrao Sawant
College of Engineering, Pune

Traditionally, disease diagnosis has relied on visual
inspection by farmers and agricultural experts. Although this
approach can be effective in certain situations, it is often
time-consuming, subjective, and dependent on expert
knowledge. Furthermore, large-scale agricultural fields make
continuous monitoring difficult, increasing the risk of delayed
disease detection. Advances in digital imaging and artificial
intelligence have created new opportunities for developing
automated systems capable of identifying plant diseases
accurately and efficiently. [3][5].

Among the various plant components used for disease
analysis, leaf images have attracted significant attention
because disease symptoms such as discoloration, spots,
lesions, and texture changes are often visible on leaf surfaces.
Image-based disease recognition systems utilize computer
vision techniques to analyze these visual characteristics and
classify plant health conditions. In recent years, deep learning
has emerged as a powerful technology for image
classification tasks due to its ability to automatically learn
complex patterns from large datasets without requiring
extensive manual feature engineering. [6][9].

Convolutional Neural Networks (CNNs) have become the
dominant approach for plant disease detection. Models
such as VGG16 and ResNet50 have demonstrated
remarkable success in extracting meaningful features
from leaf images and achieving high classification
accuracy. VGG16 is known for its simple yet effective
deep architecture, which enables robust feature learning
through multiple convolutional layers. In contrast,
ResNet50 introduces residual connections that help
overcome the vanishing gradient problem and facilitate
the training of deeper neural networks. [1][3][16].

1.1 Problem Statement

Crop diseases continue to be one of the major factors
affecting agricultural productivity, crop quality, and global
food security. Early detection and effective prevention of
plant diseases are essential for minimizing economic losses
and ensuring  sustainable  agricultural  practices.
Conventional disease identification methods primarily
depend on manual inspection by farmers and agricultural
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experts, which can be time-consuming, labor-intensive, and
prone to human error. Moreover, the increasing scale of
agricultural production has made continuous monitoring of
crop health more challenging.

To overcome these limitations, researchers have increasingly
explored ensemble learning techniques that combine multiple
deep learning architectures to improve classification
performance and robustness. In particular, the integration of
VGG16 and ResNet50 has shown potential for capturing
complementary image features and enhancing disease
recognition accuracy. [7][9][18].

1.2 Motivation

Agriculture remains one of the most important sectors for
supporting human life and economic development. However,
crop diseases continue to pose a significant threat to
agricultural productivity, leading to reduced vyields, financial
losses for farmers, and challenges to global food security. The
increasing demand for food production, coupled with
changing environmental conditions, has intensified the need
for efficient and reliable crop health monitoring systems.
Early disease detection and timely preventive actions are
therefore essential for maintaining crop quality and ensuring
sustainable agricultural practices. [9][10][13].

Traditional disease identification methods rely heavily on
visual inspection and expert knowledge. While these methods
have been used for many years, they often require
considerable time, effort, and experience. In many
agricultural regions, access to plant pathology experts is
limited, making accurate disease diagnosis difficult. As a
result, farmers may fail to identify diseases at an early stage,
allowing infections to spread and causing greater damage to
crops. [12][14].

Recent developments in artificial intelligence, computer
vision, and deep learning have created new opportunities for
automating crop disease detection using leaf images. Deep
learning models have demonstrated exceptional capabilities
in learning complex visual patterns and distinguishing
between healthy and diseased plant leaves. Among the
various architectures, VGG16 and ResNet50 have received
significant attention due to their strong feature extraction
abilities and successful application in image classification
tasks. [6][9].

1.3 Proposed Solution

The proposed solution focuses on developing an intelligent
crop disease detection and prevention framework that utilizes
leaf image analysis through an ensemble of VGG16 and
ResNet50 deep learning models. The objective of this
approach is to improve the accuracy, reliability, and
robustness of disease identification while supporting timely
preventive actions for effective crop management. [6][2].

The framework begins with the collection of leaf images
representing healthy and diseased crop samples. These
images undergo preprocessing operations such as resizing,
normalization, noise removal, and data augmentation to
improve image quality and increase dataset diversity. The
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preprocessing stage helps reduce the impact of environmental
variations, including changes in lighting conditions,
background complexity, and image resolution. [3][5].

1.4 Contributions

1. Development of an Automated Crop Disease Detection
System This research proposes an intelligent and
automated framework for identifying crop diseases using
leaf images. The system reduces dependency on manual
inspection and enables faster disease diagnosis, helping
farmers take timely corrective actions. A significant
contribution of the study is the integration of a disease
prevention and recommendation module. In addition to
identifying diseases, the system provides preventive
measures, treatment suggestions, and crop management
guidance. [8][5].

2. Implementation of Deep Learning-Based Classification
Models The study utilizes two advanced convolutional
neural network architectures, VGG16 and ResNet50, to
classify healthy and diseased plant leaves. These models
are capable of extracting complex visual features and
recognizing disease patterns with high accuracy[13][16].

3. Comparative Performance Analysis of VGG16 and
ResNet50 A detailed comparison of the two deep
learning models is performed using evaluation metrics
such as accuracy, precision, recall, F1-score, and loss.
This analysis helps identify the most effective
architecture for crop disease detection[12][17].

Il. LITERATURE REVIEW
2.1 Overview of Crop Disease Detection

Crop diseases have long been recognized as a major
challenge in agriculture, affecting crop quality, productivity,
and overall food security. Traditional disease diagnosis
methods primarily rely on visual inspection by farmers and
agricultural experts. Although these methods can identify
visible symptoms, they often require extensive expertise and
may not be effective for large-scale monitoring. As a result,
researchers have explored automated approaches that utilize
image processing, machine learning, and deep learning
techniques for accurate disease identification[1][5].

2.2 Image Processing Techniques for Plant Disease
Detection

Early studies in crop disease detection focused on image
processingmethods to analyze leaf characteristics such as
color, texture, shape, and lesion patterns. Researchers
employed techniques including image segmentation, edge
detection, thresholding, and feature extraction to identify
disease symptoms. While these methods provided useful
results, their performance was highly dependent on manually
selected features and environmental conditions such as
lighting and image quality. These limitations motivated the
adoption of machine learning-based approaches[4][9].
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2.3 Machine Learning Approaches in Agriculture

Machine learning algorithms such as Support Vector
Machines (SVM), Random Forests, Decision Trees, and K-
Nearest Neighbors (KNN) have been widely applied to crop
disease classification. These techniques improved disease
recognition by learning patterns from training data instead of
relying solely on handcrafted rules. However, their
effectiveness often depended on the quality of manually
extracted features. As agricultural datasets became larger and
more complex, traditional machine learning methods faced
challenges in capturing intricate disease characteristics[1][5].

2.4 Emergence of Deep Learning for Disease Classification

The development of deep learning has significantly
transformed image-based disease detection. Convolutional
Neural Networks (CNNs) automatically learn hierarchical
features directly from images, eliminating the need for
manual feature engineering. Researchers have demonstrated
that CNN-based models outperform conventional machine
learning techniques in terms of accuracy, robustness, and
scalability. Deep learning methods have become increasingly
popular for identifying diseases in crops such as tomato,
potato, maize, rice, and grape plants. Another significant
advantage of deep learning is its adaptability to real-world
farming conditions. Agricultural images are often affected by
varying illumination levels, background clutter, camera
angles, and environmental factors Deep learning models can
learn robust feature representations that remain effective
despite these variations, making them suitable for practical
deployment [6][10].

I11. SYSTEM ARCHITECTURE

System Architecture
Crop Disease Detection and Prevention Using Leaf Images
Using VGG16 and ResNet50
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Figure 3.3.9

Figure 3.3.9 illustrates the proposed architecture for the Crop
Disease Detection and Prevention System based on transfer
learning techniques using VGG16 and ResNet50 models. The
architecture is designed to automate the identification of crop
diseases from leaf images and provide suitable preventive
recommendations to support farmers in maintaining crop
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health. The process begins with the image acquisition stage,
where leaf images are collected from agricultural datasets,
mobile devices, digital cameras, or field monitoring systems.
These images may contain healthy leaves as well as leaves
affected by various diseases. After acquisition, the images
undergo a preprocessing phase to improve their quality and
suitability for deep learning analysis.

IV. METHODOLOGY

The proposed crop disease detection and prevention system
follows a systematic methodology that combines image
processing, transfer learning, and deep learning techniques to
identify plant diseases from leaf images. The methodology
begins with the collection of leaf images from publicly
available  agricultural ~ datasets and  field-captured
photographs. These images include both healthy leaves and
leaves affected by different diseases. Since the collected
images may vary in size, quality, lighting conditions, and
background environments, a preprocessing stage is performed
to standardize the input data before model training.

During preprocessing, all images are resized to a fixed
dimension compatible with the input requirements of the
selected deep learning models. Image normalization is
applied to scale pixel wvalues and improve model
convergence. Data augmentation techniques such as rotation,
flipping, zooming, shifting, and brightness adjustment are
also employed to increase dataset diversity and reduce
overfitting. These operations enable the models to learn more
generalized features and improve their performance when
exposed to unseen images.

After preprocessing, the prepared images are provided to the
feature extraction module. The proposed framework utilizes
transfer learning with VGG16 and ResNet50, two widely
recognized convolutional neural network architectures.
Instead of training a network from the beginning, the pre-
trained weights of these models are utilized as a foundation
for  learning  disease-specific ~ characteristics.  The
convolutional layers automatically extract important visual
information from leaf images, including color variations,
texture patterns, lesion structures, and abnormal regions
associated with plant diseases. This automated feature
learning process eliminates the need for manual feature
engineering.

V. RESEARCH GAP

Although significant progress has been made in crop disease
detection using deep learning and leaf image analysis, several
limitations and unexplored areas remain. EXxisting studies
have demonstrated the effectiveness of individual
convolutional neural network models such as VGG16 and
ResNet50 for disease classification. However, many of these
approaches are evaluated using controlled datasets with
limited environmental variations, making their performance
uncertain in real-world agricultural conditions.
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VI. CONCLUSION

Crop diseases remain a significant challenge to agricultural
productivity, food security, and sustainable farming practices
across the world. The increasing demand for efficient crop
monitoring systems has accelerated the adoption of artificial
intelligence and deep learning technologies for automated
disease detection and prevention. Among the various
approaches explored in recent years, leaf image-based disease
recognition has emerged as an effective and non-invasive
technique for identifying plant health conditions at an early
stage.

This survey reviewed the existing research on crop disease
detection and prevention using leaf images, with a particular
focus on ensemble approaches involving VGG16 and
ResNet50 deep learning architectures. The analysis of the
literature demonstrates that both models possess strong
feature extraction capabilities and have achieved promising
results in disease classification tasks. VGG16 effectively
captures detailed visual patterns from leaf images, while
ResNet50 enhances learning efficiency through residual
connections that enable deeper feature representation.
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