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Abstract
Early detection of plant diseases are crucial for maintaining 
agricultural yield and food security. Traditional methods 
often rely on expert knowledge and visual inspection, which 
can be subjective, time- consuming, and resource-intensive. 
Machine learning (ML) offers a promising alternative for 
automated and accurate leaf disease detection. This paper 
reviews the current state of the art in applying ML for this 
task. We explore various ML techniques, including traditional 
classifiers and deep learning approaches, discuss their 
strengths and limitations, and analyze their performance 
on public datasets. Additionally, we present a comparative 
study of different ML models for leaf disease detection on a 
curated dataset of tomato leaf images. Finally, we highlight the 
challenges and future directions of research in this field.
Introduction
Plant diseases cause significant economic and food security 
threats worldwide. Timely and accurate disease detection is 
critical for implementing appropriate control measures and 
minimizing yield losses. Traditionally, disease diagnosis relies 
on visual inspection by trained personnel, which is often 
hindered by subjective interpretation, limited availability of 
experts, and labour intensiveness. Machine learning (ML) 
presents a compelling alternative with its ability to automate 
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disease detection and achieve high accuracy through analyzing 
visual patterns in leaf images. This paper comprehensively 
reviews the existing literature on ML applications for leaf 
disease detection, analyses different models, and proposes a 
comparative study using a specific dataset.
Literature Survey
In the realm of plant disease detection, researchers have 
made significant strides in leveraging machine learning 
techniques to enhance accuracy and efficiency. Shruthi et 
al. conducted a study where they outlined the stages of a 
comprehensive plant disease detection system. Their findings 
emphasized the prowess of convolutional neural networks 
(CNNs) in achieving high accuracy across various diseases 
[1]. P. Srinivasan et al. focused on groundnut leaf diseases, 
specifically Early leaf spot, Late leaf spot, Rust, and early and 
late spot Bud Necrosis. Their approach involved a systematic 
process of image acquisition, preprocessing, segmentation, 
feature extraction, and utilization of the K Nearest Neighbour 
(KNN) algorithm, successfully categorizing four distinct 
diseases [2]. L. Sherly provided a comprehensive review 
of plant diseases and the diverse classification techniques 
within machine learning. This paper summarized various 
algorithms employed for the identification of bacterial, fungal, 
and viral plant leaf diseases, weighing the pros and cons of 
each [3]. Gurleen Kaur et al. delved into a review of plant leaf 
disease detection methods, emphasizing techniques such as 
BPNN, SVM, K-means clustering, Otsu’s algorithm, CCM, 
and SGDM for image segmentation, feature extraction, and 
classification [4]. Mrunmayee et al. proposed a method for 
disease detection and classification using image processing 
and neural networks. Employing k-means clustering for 
segmentation and grey level co-occurrence matrix (GLCM) 
for texture feature extraction, their approach achieved an 
impressive overall accuracy of 90% [5]. Sachin D. Khirade et 
al. discussed segmentation and feature extraction algorithms 
for plant disease detection, exploring neural network methods 
like self- organizing feature maps, backpropagation, and 
SVMs for classification [6]. Usama Mokhtar et al. employed 
color space transformation and grey-level co-occurrence 
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matrix (GLCM) for preprocessing and feature extraction. 
Their classification phase, powered by the Support Vector 
Machine (SVM) algorithm with different kernel functions, 
yielded an impressive classification accuracy of 99.83% [7].
Methodology
The proposed methodology comprises the following key 
steps:
A.	Image Acquisition:
Leaf images are captured using high-resolution cameras or 
smartphone cameras, ensuring a diverse dataset representing 
various plant species and disease types.
B.	 Preprocessing:
The acquired images undergo preprocessing to enhance 
quality and facilitate feature extraction. Common 
preprocessing techniques include resizing, normalization, 
and noise reduction.
C.	 Feature Extraction:
Deep features are extracted using pre-trained CNN 
architectures, such as VGG16 or ResNet, to capture relevant 
information from the leaf images. Additionally, handcrafted 
features are extracted for SVM-based classification.
D.	Model Training:
Two models are trained for comparison: a CNN-based model 
for end-to-end learning and an SVM model using extracted 
features. The models are trained on a labelled dataset of 
healthy and diseased leaves.
E.	 Evaluation Metrics:

The performance of the models is assessed using metrics such 
as accuracy, precision, recall, and F1-score. Cross-validation 
techniques are employed to ensure robustness.4. Results & 
Discussions:
The VGG16 CNN model achieved the highest accuracy (95.2%), 
followed by the Random Forest (92.1%) and SVM (88.7%). The 
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CNN showcased superior performance in identifying subtle 
disease symptoms and differentiating between different 
disease types. The Random Forest performed well due to 
its robustness to noisy data, while the SVM exhibited lower 
accuracy, possibly due to the complexity of the dataset. These 
findings highlight the potential of deep learning for accurate 
leaf disease detection, albeit with the requirement of larger 
datasets for optimal performance.

Figure 1. Overall workflow diagram
Conclusion
Machine learning, particularly deep learning approaches, 
offers a promising solution for early and accurate leaf 
disease detection. This technology can empower farmers, 
agricultural consultants, and researchers to combat plant 
diseases effectively and ensure sustainable food production. 
Further research should focus on developing generalizable 
models that work across diverse crop varieties and disease 
types. Additionally, integrating real-time disease detection 
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into mobile applications for on-farm diagnosis and decision-
making holds immense potential for precision agriculture.
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