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Abstract— One of the largest dangers to farming
activities, leaf diseases induced by bacteria, fungi,
viruses, and other pathogens have the potential to
result in reduced crop yields, economic loss, and food
security issues. Early detection of the diseases is
essential to ensure the health of the plants and
agricultural production at the maximum possible level.
Recent developments in deep learning have
significantly enhanced the leaf disease detection and
classification accuracy and robustness. In this paper,
we conduct an extensive literature review of leaf
diseases with an emphasis on key areas of pathogen
dynamics, disease symptom, and the impact of
environmental factors on disease development. Despite
the progress, there are a few challenges. The
combination of multiple data sources to enhance the
detection ability as well as the provision of large,
labelled datasets to test model performance is
becoming increasingly significant. Additionally,
researchers need to address issues of disease expression
for different plant varieties and the intricacies involved
in model development that could respond to dynamic
environmental changes. To allow ongoing research in
the field, the paper also describes the limitations as well
as suggesting potential solutions.
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I. INTRODUCTION

Agricultural products serve as the main source of
economic output and revenue for most nations.
There are several diseases that affect crops and
have a significant impact on the productivity and
income of farmers. Leaf diseases are actually the
main issue, reducing farming production rates[1].
According to the many studies, 50% of crop losses
are caused by plant diseases along with pets[2]. It
is vital to manage and control diseases for increased
crop yields. Observing the plants as well as rapidly
identifying them is fundamentally key to halting

diseases. Uncovering diseases in early stages allows
farmers to avert damage. Farmers can then decrease
production costs and improve on profits. Customary
diagnosis through the human eye often fails while
detecting diseases inside the plant at that early stage
or misdiagnoses those [3]. In recent years, machine
and deep learning are frequently used for
agricultural detection and diagnosis of disease.

Itis vital to locate many leaf diseases. It is vital to sort
leaf diseases in agriculture's early phases. Still,
disparate methods exist for spotting blight on plants.
Innumerable kinds of ailments of show in no obvious
indications, needing for complex assessment. In the
interim, many ailments generate a range on the leaf
for experts to study. To gain plant disease accuracy,
feature symptoms' distinction needs specific
monitoring skills[4]. Many of the crop diseases exist,
but we can manage how they spread now. In addition
to minimizing certain crop losses, it also ensures
outstanding yields for overall economic growth [3].
We review many types of research that have been
done on plant diseases and plant disease recognition.
The aim is to facilitate the research in this field that
researchers have done previously in detecting and
classifying leaf diseases on images using machine
learning and deep learning architectures[5]. Various
machine learning and deep learning methods have
been used to increase classification and detection

Il. LITERATURE REVIEW

The application of machine learning (ML) and deep
learning (DL) has greatly enhanced the diagnosis of
plant diseases, overcoming some of the challenges of
conventional methods. Among these developments,
convolutional neural networks (CNNs) have been
highly beneficial in the processing of complex image
data and learning essential features. Jha and Das

IJIRT 174863 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 811



© April 2025] IJIRT | Volume 11 Issue 11 | ISSN: 2349-6002

(2020) mentioned the capacity of CNNs in
separating plant diseases based on leaf images during
supervised learning, following previous work by S.
K. and Das (2018), which also revealed the high
accuracy of CNNs in disease identification. Such
research supports the need to utilize supervised
learning in training good models.

Examples of machine learning approaches used in
plant disease classification include the K-Nearest
Neighbor (KNN) algorithm. Kumar (2018) and
Singh and Kumar (2019) confirmed that KNN is a
simple yet efficient approach of disease
classification using features from images of leaves.
Kumar (2018) and Singh and Kumar (2019) did,
however, confirm that while KNN is good on certain
sets, it is typically utilized by deep learning networks
such as CNNs, which perform better on larger sets.

One of the first major attempts at applying CNNs for
plant disease detection was conducted by Salathé
(2015). He was able to classify more than 50,000
images of plant diseases, demonstrating that CNNs
work well with large datasets. Mohanty et al. (2016)
built on this by introducing supervised and
unsupervised learning techniques. They classified
disease patterns to demonstrate how CNNs can learn
from complex data.
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Fig 1. flow chart

Unsupervised learning has also been considered a
different method for detecting plant disease. Ghosal
and Joshi (2019) have tried clustering and anomaly
detection techniques and shown that these can be
utilized for plant health monitoring in the absence of
labeled data. Haider et al. (2019) also compared
CNN models such as AlexNet and ResNet,
illustrating how necessary fine-tuning of the model
based on situations is.

Dataset diversity is essential in order to enhance
model performance. Ferentinos (2018) obtained a
staggering 99% accuracy by training CNNs on an
expansive, diverse dataset of plant diseases and
species. Evading dataset constraints, Arsenovic et al.
(2019) presented a dataset of 79,265 images taken
under various conditions and applied generative
adversarial networks (GANs) for data augmentation,
boosting model accuracy.

Conventional ML methods such as Random Forest
have also been utilized for the identification of plant
diseases. Ramesh et al. (2018) combined feature
extraction methods with Random Forest, i.e.,
Histogram of Oriented Gradients (HOG). They
perform well but are feature-dependent, which
diminishes their efficiency compared to deep learning
methods that can discover features on their own.

New methods in deep learning architectures have
improved the accuracy of classification. Too et al.
(2019) evaluated the capability of pre-trained models
such as ResNet and Inception-v3, revealing that they
perform well in disease detection in plants. Sladojevic
et al. (2016) employed AlexNet to achieve high-
accuracy image processing, and Panchal et al. (2023)
suggested pixel-based preprocessing strategies to
enhance the quality of the image and assist in feature
extraction..

I11. METHODOLOGY

Using machine learning and deep learning for plant
disease detection entails three stages: data collection,
augmentation, and segmentation. The three stages of
these methods ensure the global and accurate system
of disease recognition by using leaf images will
develop the robust system.

[3.1] Data Collection

In its first stage of implementation, the process of data
collection aims to build a data set of digital images on
plant leaves that are very comprehensive. The web
application utilizes images from sources such as the
PlantVillage dataset, which is a compilation of more
than 50,000 images of healthy and diseased leaves
collected from various plant species. The dataset is
composed of the datasets under different
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environmental conditions, angles, and lighting
scenarios to guarantee that each model is both
powerful and generalizable. Images are classified by
them into many divisions constituting different plant
species and disease types. This stage is crucial
because the quality and the amount of the dataset
directly affect the models' performance. The high-res
image which provides a clear set of contours, colors,
and textures to allow the machine to recognize the
diseases are the image that the doctor likes, low
resolution images can be caused by a bad film.
[3.2] Augmentation

Data augmentation is used to improve and extend the
data set by creating a larger and more diverse data
set. Various methods including rotation, flipping,
cropping, scaling, and color adjustments are used to
make variations in existing images. In addition,
Generative Adversarial Networks (GANSs) are also
used for the creation of synthetic images that imitate
the real-world conditions. Through the augmentation
of the data, the system ensures the occurrence of
overfitting that exists when a model learns mainly by
memorizing rather than learning through scenarios.
This stage is important because of the limited data
sets or when the classes are not balanced, it is
important to ensure that all the diseases are exactly
represented during training. [3.3] Segmentation

To preprocess an image, one of the most important
stages is image segmentation. It is the removal of the
region of interest that is the area of the leaf, sick,
from the background. Leaf images are split into
different parts with the help of various techniques
such as contour detection, thresholding, and edge
detection. More methodological applications
including the use of K-means clustering and Gray-
Level Co-occurrence Matrix (GLCM) are also
among the methods. Segmentation is a process of
noise reduction and the area of the disease is the
principal focus, helping the model to find and
estimate important features. The segmenting
technique is helpful in image classification, in that it
enhances the classification accuracy and the machine
will be able to tell apart a healthy leaf from a certain
disease type.

IV. HYPOTHESIS

The central premise of this work is that an advanced
plant illness finding tool, through the strength of
machine learning (ML) along with deep learning (DL)
methods, can greatly improve how well, fast, as well
as big it can be at spotting and naming different plant
illnesses. Specifically, we suggest that Convolutional
Neural Networks (CNNs), used with modern image
processing techniques and large datasets, will exceed
older approaches. Those older approaches use human
examination and specialized understanding. It is
assumed that multiple preprocessing techniques, like
image segmentation, feature extraction, with data
augmentation, will play a large role in improving
robustness and generalizability of models across
diverse ecological conditions and plant species.
Moreover, the study postulates that such a system,
enhanced through the application of feature extraction
and image segmentation will provide a higher quality
of classification and can enhance the effectiveness of
the system. The system's capability can be
substantially enhanced by the inclusion of transfer
learning from pre-trained CNN architectures and
further boosted by SVM and KNN algorithms to aid
in class extraction. This would create an increased
number of success cases when conducting tests.
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Lastly, it is expected that a well-designed, Al-driven
plant disease detection system will not only minimize
human error and reduce diagnostic costs but also
enable the development of real-time applications,
such as mobile-based solutions, empowering farmers
to promptly detect and respond to plant diseases,

IJIRT 174863 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 813



© April 2025] IJIRT | Volume 11 Issue 11 | ISSN: 2349-6002

thereby reducing crop losses, improving agricultural
productivity, and promoting sustainable agricultural
practices. The use of all the data and images from the
multiple tests and climate factors will create a more
accurate and accessible set of data. This will create
room for more research and can improve the
standards of future farming practices.

V. RESULTS & DISCUSSION

This work merged and analyzed a wide range of
papers on crop sickness detection, focusing on the
application of machine learning (ML) and deep
learning (DL) techniques. The reviewed studies
consistently demonstrated the sufficient potential of
these techniques to exceed most customary methods
in overall accuracy, with relative efficiency, as well
as actual scalability. A major trend came to light
indicating deep learning models, like Convolutional
Neural Networks (CNNs), are superior for tasks such
as image-based sorting and pattern ID. A few of the
studies, including those from Sujatha et al. (2021) as
well as from Harakannanavar et al. (2022), presented
empirical evidence for supporting this trend, with
CNN-based systems achieving accuracy rates
exceeding 90% along with, in several of the
instances, even reaching 99%. The data underscores
how skillfully CNNs function at seizing subtle visual
traits. Such data is tied to multiple sick plants.

The literature also stressed upon how dataset traits,
as well as preprocessing, affect on how well a model
does. For instance, studies highlighted the benefits
from data augmentation in improving model
robustness as well as generalization capabilities. The
studies showed also the benefit from methods of
feature extraction and image segmentation for
increasing the leaf images' signal-to-noise ratio.
Additionally, several studies stressed that having a
larger amount of images accounting for climate and
for other factors will ensure the Al system is not
confused. Also, traditional machine learning
algorithms like SVM and KNN demonstrated
potential in simpler tasks.
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The research indicates a convergence toward real-
time, mobile-based solutions, offering the prospect of
empowering farmers with on-demand diagnostic
tools that can promote sustainable agricultural
practices and reduce crop losses due to plant diseases.
It is important to also note, that with time, more of
these tests are being properly tested and the rates of
success from each one is a positive thing. Overall this
ensures a system will function for the purpose of
saving plant life.
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The systematic literature review revealed several
research objectives aimed at improving the
conventional way of plant disease detection. These
aims are intended to enhance Al and offer power that

IJIRT 174863 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 814




© April 2025] IJIRT | Volume 11 Issue 11 | ISSN: 2349-6002

may be implemented in future real-world situations
in order to prevent human error, and make the
machine better at properly detecting plants. In the
end, the goal of this project is to ensure a dependable
system for preserving plant life.

V1. CONCLUSIONS AND FUTURE SCOPE

In conclusion, this research demonstrates the
significant potential of machine learning and deep
learning techniques, particularly CNNSs, in
revolutionizing plant disease detection. The
synthesized literature consistently underscores the
superior performance of Al-driven systems
compared to traditional methods, showing enhanced
accuracy, efficiency, and scalability. By leveraging
advanced image processing techniques, large
datasets, and robust algorithms, these systems offer
a promising pathway toward sustainable agricultural
practices and improved global food security.

Looking ahead, future research should focus on
several key areas. First, the development of more
robust and generalizable models that can effectively
handle real-world conditions, such as varying
lighting, complex backgrounds, and diverse plant
species, remains a priority. This could involve
exploring advanced techniques like transfer learning,
domain adaptation, and ensemble methods. Second,
the integration of multi-modal data sources, such as
hyperspectral imagery, climate data, and soil
information, could further enhance the accuracy,
comprehensiveness of disease detection systems.
Third, the creation of user-friendly and accessible
real-time applications, particularly mobile-based
solutions, is essential for empowering farmers with
on-demand diagnostic capabilities.

Additionally, there is potential in exploration of Al
that allows new data and situations to also be tested.
In the future, this will allow systems to not be
specifically tested for certain diseases but can also be
more open and general when diagnosing a new plant
issue. Further research should also address concerns
related to data privacy, security, and ethical
considerations in the deployment of Al-driven plant
disease detection systems, ensuring equitable access
and responsible use of these technologies. The next

stage of Al should also work to not use a database of
images that need to be matched, but that the machine
learns and understands the diseases over time.
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