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Abstract—Agriculture holds a crucial role in India due to its growing population and increasing demand for food.
Consequently, improving crop yields has become essential. One major factor contributing to dip in crop yields is the
presence of diseases. These issues can be mitigated through effective detection of plant diseases. Techniques of Machine
Learning are particularly useful for this purpose, as they leverage data-driven insights and provide advanced solutions for
identifying plant diseases.

Machine learning-based methods have proven effective in detecting diseases due to their ability to deliver superior results
for specific tasks. This review focuses on various techniques used for plant disease detection, incorporating artificial
intelligence (Al) through machine learning. These advancements have been applied across multiple fields, leading to
significant progress in machine learning and computer vision.

The study includes a comparative analysis of techniques of machine learning, evaluating their effectiveness and usage based
on various research papers.
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|.INTRODUCTION

Advancements in technologies namely 10T (Internet of Things), Al (Artificial Intelligence), and unmanned aerial vehicles (UAVS)
have been combined to provide robust support to agriculture, particularly in detecting plant leaf diseases. These innovations enable
accurate disease identification and reporting, ensuring timely intervention. Despite these technological strides, modern society
shows a declining interest in farming, as many individuals, especially the younger generation, migrate to urban areas seeking safer
and more comfortable lives. This migration stems from the numerous challenges and uncertainties faced by farmers in agricultural
fields.

The challenge of protecting plants from diseases is intricately linked to climate change and its impact on agriculture. Studies show
that fluctuations in climate can affect the development stages and growth rates of pathogens, potentially modifying host resistance
and leading to notable shifts in host-pathogen dynamics. Additionally, the global movement of plant diseases has increased,
enabling the spread of diseases to regions where they were previously unknown. This creates difficulties, particularly in areas
lacking local expertise and resources to manage emerging diseases effectively.

The growing complexity of these issues underscores the importance of leveraging modern technologies like 10T, Al, and UAVSs to
enhance agricultural resilience and ensure effective disease management strategies. These advancements not only help to mitigate
the agriculture from the impact of climate change but also address the challenges posed by the rapid globalization of diseases of
plants.

The indiscriminate use of pesticides may contribute to long- term resistance in pathogens, significantly reducing the effectiveness
of combating plant diseases. Precision farming, a cornerstone of modern agriculture, emphasizes the need for accurate and timely
disease identification to ensure resources are efficiently utilized, minimize waste, and promote healthier crop production. Tackling
pathogen resistance and reducing the impact of climate change on agriculture are essential objectives in this regard.

Timely disease detection, including early prevention, has become increasingly vital in the face of environmental challenges. Plant
diseases can be identified through various methods, though some diseases exhibit no visible symptoms or are detected too late,
requiring advanced diagnostic techniques. Many diseases, however, show visible symptoms, making visual inspection by a skilled
professional a key method for identifying ilinesses.

Plant pathologists rely on their expertise to recognize characteristic symptoms accurately, which is essential for precise diagnostics.
Changes in symptom presentation due to disease can lead to misdiagnosis, particularly for amateurs or hobbyists who lack
professional experience. Consequently, refined observational skills and specialized knowledge are necessary to overcome these
challenges and ensure reliable disease management in agriculture.

Automated systems that analyze visible symptoms to detect plant health problems can be highly beneficial for both beginner
gardeners and experienced experts. These systems act as reliable tools for disease diagnosis, reducing dependency on manual
observation and expertise.

Advancements in computer vision have opened new possibilities for precise plant protection and the development of innovative
applications in precision agriculture. Techniques such as digital image processing, including color detection and thresholding, have
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been widely employed for detecting and classifying plant diseases.

In recent years, deep learning techniques, especially convolutional neural networks (CNNSs), have gained significant popularity for
detecting plant diseases. As an advanced area of machine learning, deep learning has achieved remarkable results in fields such as
computer vision, pharmaceuticals, and bioinformatics. Its advantage lies in the ability to process raw data directly without the need for
handcrafted features, making it a powerful tool for plant disease diagnostics.

Two primary factors results in the success of deep learning in both academic and industrial applications. First, the availability of vast
amounts of data generated daily enables the development of robust models. Second, advancements in Graphics Processing Units
(GPUs) provide the computational power necessary to train deep models efficiently through parallel processing. These capabilities
have significantly improved the accuracy and scalability of automated plant disease detection systems.
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111.PROPOSED WORK

Traditional farming often involves labour-intensive activities such as manually collecting data, managing adverse weather
conditions, and applying pesticides to control diseases. These practices can pose significant risks to farmers, particularly in
drought-prone regions. Considering the difficulties encountered in traditional farming, there is a pressing need for predictive, data-
driven solutions to assist farmers in addressing agricultural challenges in real time more efficiently.

To address these challenges, we propose a method utilizing a Decision Tree Classifier to predict diseases in Cotton plants. This
approach uses variables specifically temperature, moisture of soil and other environmental factors to identify potential threats to
crops. By leveraging predictive analytics, farmers can gain valuable insights to make timely and informed decisions, reducing risks
and improving crop health. This approach has the potential to revolutionize traditional farming practices by offering dependable,
data-driven support tailored specifically to the needs of cotton cultivation.

This approach focuses on utilizing plant imaging combined with machine learning techniques to identify diseases plants.
Classification methods, including Naive Bayes (NB) and Convolutional Neural Networks (CNN), are employed and evaluated to
determine the most accurate model for disease prediction. The objective of this study is to identify the optimal model that provides
superior accuracy, offering a dependable solution for effective disease detection and enhancing crop health management.

A.CNN

Convolutional Neural Networks (CNNs) represent a specialized deep learning model designed for processing structured grid-like
data such as images with a complex network structure designed to perform convolution operations. These operations involve
applying filters to input data (such as images) to take out important features, for instance textures, edges and shapes. The network is
composed of several layers, such as convolutional layers, pooling layers, and fully connected layers, which collaborate to identify
visual patterns and generate predictions.

CNNs are especially effective for image-related tasks, such as image recognition, classification, and segmentation, making them
widely used in applications like object detection, facial recognition, and plant disease detection. The convolutional layers in CNNs
enable the model to automatically learn spatial hierarchies of features, improving its ability to identify intricate patterns in data.

Below are references that highlight the application of Convolutional Neural Networks (CNNs) in detecting plant diseases:

1. Mohanty, S. P., Hughes, D. P., & Salathé, M. (2016). Using deep learning for image-based plant disease detection.
Frontiers in Plant Science, 7, 1419.
-This study investigates the application of Deep Learning techniques for analyzing and solving complex problems in the given
context, particularly CNNSs, for detecting plant diseases from images. It demonstrates how CNNSs can be trained to categorize
images of plants and identify disease symptoms.

2. Ferentinos, K. P. (2018). Deep learning models for plant disease detection and diagnosis. Computers and Electronics in
Agriculture, 145, 311-318.
-This paper presents the implementations of deep learning methods, including CNNs, in detecting diseases of plants. It compares
the performance of CNN models with traditional machine learning approaches and highlights the effectiveness of CNNs in
achieving high classification accuracy.

3. Suresh, P., & Muneeswaran, K. (2020). Automatic plant disease detection using deep learning algorithms. Journal of
Ambient Intelligence and Humanized Computing, 11(6), 2281- 2291.
-This research discusses various techniques of deep learning including CNNs, for automatic detection of plant diseases. The
authors review different models and datasets used in the field and propose CNN-based solutions for precise and proficient plant
disease identification.

4, Zhang, C. & Zhang, Y. (2019). Plant disease detection based on convolutional neural network and image processing. In
2019 IEEE 3rd International Conference on Computer and Communications (ICCC), 978-983.
-This paper explores the integration of CNNs and image processing techniques for detecting plant diseases. It examines the
structure of CNN models and their ability to accurately classify plant diseases using images captured under different conditions.

5. Ubbens, J. R, & Ji, Z. (2019). Plant disease detection using deep learning: A review. Artificial Intelligence in
Agriculture, 1, 10-18.
-A comprehensive review of deep learning applications in detection of plant diseases. The paper covers various deep learning
models, including CNNs, and their applications to identify and categorise plant diseases using image datasets.

6. Nath, S., & Bhattacharya, M. (2020). Deep learning- based plant disease detection and classification: A survey. Journal
of Artificial Intelligence in Agriculture, 2, 50-63.
-This paper surveys the applications of deep learning, particularly CNNs, in detection of plant diseases. It discusses various
architectures and techniques for accurate identification and categorization of plant diseases from images.

These references explore the adoption of CNNs in plant disease detection and provide detailed insights into how deep learning can
improve agricultural practices.
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B. NAIVE BAYES

The Naive Bayes algorithm is an efficient and straightforward machine learning technique grounded in Bayes' Theorem. It
operates under the assumption that features are independent of each other, given the class label, which is often not the case in real-
world scenarios but still works well in practice for many applications.

Here are several studies that have applied the Naive Bayes algorithm in detection of plant diseases using artificial intelligence and
machine learning:

1. Plant disease identification using Machine Learning: A hybrid approach combining Naive Bayes and Decision Tree
Algorithm.

-Summary: This study addresses plant disease identification by proposing a hybrid model that combines Naive Bayes with a
decision tree algorithm. The hybrid approach aims to enhance classification accuracy by leveraging the strengths of both
algorithms.

2. A Framework for Plant leaf Detection Using K-Nearest Neighbour (KNN) Algorithm and Accuracy comparison with Naive
Bayes (NB) Algorithm.

-Summary: This paper presents an outline for detecting diseases of plant leaf using the KNN algorithm and compares its accuracy
with the Naive Bayes algorithm. The study provides insights into the performance differences between these two classifiers in the
context of plant disease detection.

3. Detection of Plant Leaf Diseases Using Naive Bayes ML Algorithm.

-Summary: This research explores the effectiveness of the Naive Bayes algorithm in identifying plant leaf diseases. The findings
suggest that Naive Bayes is an efficient and reliable method for this purpose, contributing to improved crop output
and quality.

4. Prediction of Plant Diseases Using Machine Learning Algorithms

-Summary: This study examines several ML algorithms, including Naive Bayes, for prediction of plant disease. It discusses the
application of Convolutional Neural Network, Decision Trees, Naive Bayes theorem, Artificial Neural Networks algorithms in
predicting plant diseases.

5. Accurate and Efficient Detection of Plant Leaf Diseases Using Support Vector Machine (SVM) and Naive Bayes.

-Summary: This study assesses the performance of the Naive Bayes classification algorithm for detecting leaf diseases and
compares its accuracy with the Support Vector Machine (SVM) algorithm. The research seeks to identify the more efficient

classifier for detecting plant leaf diseases.

‘ Data Sets ]

rocess P4
<\ p

Y
|Yes
X
( data Y (
Pre Processing Split data CNN prediction Acturacy
1.Resize Image ino B:mc Model class Label No
2.image analysis Train and Test 2 Prediction
3.Gray scale \ )

L Result |

(a
@

Fig. 1 Activity Diagram for the detection of Plant Diseases

IV.CHALLENGES

A.Dataset size problem

Currently, methods of deep learning methods are extensively applied across several tasks of computer vision, with plant disease
and detection of pests emerging as a specialized utilization in agriculture. However, a significant challenge in this field is the
scarcity of high-quality datasets for agricultural diseases of plants and pests. Unlike open-source standard libraries such as
ImageNet, which contains over 14 million sample images, self-collected datasets for plant disease detection are typically smaller
and require substantial effort for data labelling.
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In functioning, some diseases of plants have a low occurrence rate and acquiring images for these diseases is costly. This often
results in datasets with only a few samples, severely limiting the functionality of deep learning techniques in identifying diseases of
plants and pests. Addressing this issue is crucial for advancing the effectiveness of these methods in agriculture.

B.Data amplification, synthesis and generation

Data amplification plays a pivotal role in enhancing the performance of models of Deep Learning, primarily in plant disease and
pest detection. An enhanced data augmentation strategy can significantly enhance the model's accuracy and robustness. One of the
most widespread techniques for amplifying plant disease and pest image datasets is through image processing operations. These
include transformations such as mirroring, rotating, shifting, warping, filtering, and adjusting contrast. These operations generate
multiple variations of the original samples, effectively increasing the size and diversity of the dataset.

C.Fine-tuning classical network model and Transfer learning

Transfer learning (TL) is an effective technique that leverages knowledge gained from large, generic datasets and applies it to
specialized tasks with smaller datasets. Numerous studies have shown the effectiveness of transfer learning in agricultural
applications. For example, Oppenheim et al. collected images of infected potatoes, varying in size, colour, and shape, under natural
lighting, and classified them by fine-tuning the VGG network. The results showed that transfer learning and fine- tuning were
successful in tailoring the model to this particular task.

Similarly, Too et al. assessed various classical networks by fine-tuning and comparing their performance. The experimental
findings revealed that the accuracy of DenseNets improved with more iterations, highlighting the potential of transfer learning to
boost model performance over time.

Chen et al. utilized transfer learning and fine-tuning to identify rice disease images in challenging background conditions, achieving
a remarkable average accuracy of 92.00%. This demonstrated that transfer learning surpasses training models from scratch,
emphasizing its capability to enhance both accuracy and efficiency in plant disease detection tasks.

D.Lighting problems

Previous studies on plant disease and pest detection have primarily used images captured in controlled environments, such as boxes
of indoor light. While this approach helps minimize the impact of external lighting, thereby simplifying the image processing, it
differs significantly from images taken under natural sunlight. Natural light is highly dynamic, and the camera's ability to capture
varying light conditions is limited. This limitation can lead to colour distortion in images when the lighting falls outside the camera's
optimal range.

Additionally, the angle and distance from which images are collected can vary, causing significant changes in the visible
specifications of plant diseases and pests. These variations present substantial challenges for visual recognition algorithms, making
it harder to consistently identify and classify plant conditions in real-world scenarios.

E.Detection speed problem

In contrast to traditional methods, deep learning algorithms typically produce superior results in detecting plant diseases and pests.
However, they also come with higher computational complexity. To achieve high detection accuracy, deep learning models must
thoroughly learn the characteristics of images, which increases computational load. This can slow down detection speed, making it
challenging to meet real-time requirements. On the other hand, reducing computational complexity to improve speed can result in
insufficient training, leading to false or missed detections.

Hence, it is essential to develop efficient algorithms that strike a balance between detection accuracy and speed. Deep learning-
based plant disease and pest detection in agricultural applications generally involves three key stages: data labelling, model training,
and model inference. While model accuracy is often prioritized, real-time applications place more emphasis on model inference
efficiency. Most current methods focus heavily on recognition accuracy, with less attention given to inference efficiency.

V.CONCLUSION

In this study, automated plant disease detection systems were examined, focusing on methods that integrate convolutional neural
networks (CNNs) with phytopathological expertise to extract symptomatic signals. However, the challenge of semantically
cataloging datasets with sufficient labelled samples and representative data remains a significant obstacle, particularly given the
complexities of real-world agricultural conditions.

Our findings highlight substantial advancements in CNN-based plant disease detection methods. Despite the inherent complexity of
datasets, often comprising images captured in real agricultural settings, classical CNN architectures combined with optimization
and customization techniques demonstrated notable accuracy improvements. Additionally, there is a growing trend toward
developing novel CNN models specifically for recognizing plant diseases.

One promising development is the use of multispectral and hyperspectral imaging, which provides more comprehensive data than
traditional RGB imagery. However, our analysis also revealed several gaps: crops like grains, millets, and stone fruits, which hold
significant economic and nutritional importance, were often overlooked. Moreover, many trained models failed to generalize
effectively to images from diverse datasets and real-world scenarios. Most research efforts have been confined to diagnosing
diseases of specific crops or a limited range of diseases, indicating a need for broader and more adaptable solutions.
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In summary, while DL-based approaches for plant disease detection have made remarkable progress, challenges such as dataset
variability, generalizability, and overlooked crop categories must be addressed to create more robust and practical methodologies.
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