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Abstract— In India, cotton holds a significant position as a key cash crop. Despite its economic 
importance, cotton crops are subject to a variety of illnesses that can reduce output and quality. 
Early detection of these diseases is crucial for minimizing damage and preserving the crop. 
Cotton is vulnerable to diverse ailments, includes powdery mildew, leaf curl, bacterial blight, 
target spot, leaf spot, and nutrient deficits. To put effective mitigation methods into place, it is 
imperative that one correctly recognizes these illnesses. 
The prevalence of cotton leaf diseases poses a substantial challenge for Indian farmers. This paper 
proposes the application of machine learning, specifically Convolutional Neural Networks (CNN), 
for disease detection as a promising solution. Leveraging technology for disease identification can 
empower farmers to take prompt actions, mitigating the risk of significant crop losses. Machine 
learning, with its demonstrated success in various domains, including agriculture, offers valuable 
tools for disease detection and classification. CNNs, known for their proficiency in image-related 
tasks, can learn to recognize disease-specific patterns in plant leaves. 
This paper contributes by conducting a comprehensive review of prior research on crop disease 
detection and introducing an innovative approach that makes use of artificial intelligence 
techniques to detect illnesses in cotton leaves. 
 
Index Terms— Convolutional Neural Networks (CNN), Deep Residual Neural Network (DRNN), 
Support vector machine (SVM),  

I. INTRODUCTION 

The agricultural sector is essential for producing revenue and satisfying the growing demand for food in the 
world.[1]. With the growing population, the need for food continues to rise. Crop diseases pose a significant 
challenge to agriculture, leading to substantial losses in yield and compromising food quality and quantity [2]. 
Cotton, as a vital economic crop contributing to natural fiber production, holds importance in the textile industry, 
facilitating its expansion. 
Traditional methods of diagnosing agricultural diseases are challenging for accurate crop assessment. The 
conventional approach involves hiring domain experts who visually inspect crops on-site, making it a labor-
intensive and time-consuming process. Continuous crop monitoring is essential, but accessibility to professionals 
is a major hurdle in certain  regions. Established techniques  for evaluating  crop diseases  may not  provide  precise  
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assessments. 
Researchers have directed their efforts towards automating the detection of crop diseases in the agricultural sector. 
An automated approach to plant disease detection [4] is preferable for its accuracy, cost-effectiveness, and speed. 
Globally, plant diseases incur significant financial losses for the agricultural industry [5]. Efficient crop disease 
control is vital to ensure food quality and quantity. Early detection of plant diseases [6] is crucial to prevent 
transmission and enhance treatment efficacy. 
The capacity of deep learning, one particular type of machine learning, to handle massive datasets including text, 
audio, and images has led to its rise in popularity. [7]. Deep learning can diagnose plant issues using leaf images 
[8,9] more efficiently due to its advanced models, solving complex problems quickly. 
Convolutional neural networks (CNNs) stand out as highly effective algorithms that comprehend visual material 
and produce superior outcomes in finding objects, segmentation, retrieval, and image classification [10,11]. 
Utilising an already-trained model on a sizable dataset is known as transfer learning, contributing to accurate 
identification of various plant diseases [12]. 

II. RELATED WORK 

The author presented a Deep Residual Neural Network (DRNN) and a Plain CNN (PCNN) in [1] identify different 
cassava plant diseases, achieving 96.75% accuracy using DRNN. Another study [13] utilized CNN to distinguish 
healthy and unhealthy plant leaf images, reaching 99.76% accuracy through image segmentation, LBP, and grab-
cut processes. Additionally, [15] described a genetic approach for identifying and categorizing leaf diseases, 
achieving 97.6% accuracy by employing various image processing algorithms and an SVM classifier on a feature 
dataset extracted from leaf images captured by a camera. 
In [16], the author employed thermal imaging to detect diseases affecting crops, citing advantages such as rapid 
dynamic response, sensitive images, a vast detecting range, as well as exceptional precision. The investigation 
looked into a number of methods for diagnosing agricultural diseases. The economic outcomes for smallholder 
farmers in [17] are directly influenced by agriculture, plant life, and the presence of insect pests. The author 
suggested diagnosing diseases of plants with a CNN, which is frequently used for image classification. 
An image processing technique to differentiate between healthy and diseased wheat crop stalks was proposed by 
the author of [18]. The author used neural networks and SVM classification algorithms to distinguish between 
healthy and unhealthy leaves using image processing techniques such as picture segmentation, feature extraction, 
texture features, shape features, and colour characteristics. Improved computational frameworks, particularly GPU 
incorporated processors, have been integrated into a deep residual network with a residual map in [19] for 
identifying pests. 
In [20], a CNN-based classifier was suggested as a potential solution for cucumber diseases. Two datasets, 
including a variety of diseases, were used to train and validate the model. Popular algorithms for deep learning 
Convolutional neural networks and generative adversarial networks, for instance, and CNNs were discussed. The 
author gathered crop photographs from private online resources, employing the CafeNet architecture to achieve 
an 80 percent accuracy. 

III. METHODOLOGY 

Figure 1 illustrates the process of the machine learning model. Data collection is the initial step, followed by the 
removal of unwanted noise in the photographs. Annotation, often performed by agricultural professionals, is then 
carried out. Annotation is followed by data augmentation technique is utilised to expand the amount of the dataset. 
Initially, cotton leaf photos are obtained from real fields and subsequently cropped. The annotation process 
categorizes the dataset based on illness content. After annotation, data augmentation involves operations such as 
zooming, rotating, and horizontal and vertical shifting. The augmented data is then trained and evaluated using 
machine learning algorithms for various sickness detection. Accuracy, precision, recall, and f1 score are examples 
of assessment metrics. The goal of the model is to identify leaf illnesses early in the crop growth cycle, utilizing 
diverse leaf attributes from various models. A combination a variety of machine learning techniques to improve 
efficiency, precision, and F1 score. 
There are two distinct methodologies available for the detection and the categorization of leaf diseases using both 
deep learning and traditional machine learning techniques. 
The different parts that make up the systematic process of Leaf Disease Detection and labelling are as follows: 
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Figure 1. Workflow for Leaf Disease Detection 

A. Data Selection 
Cotton leaf images will be gathered and saved in either JPEG or PNG format. The dataset comprises four 
categories: Alternia leaf, Grey Mildew, Leaf Reddening, and Healthy leaf. 

      
Figure2. Alternia Leaf                 Figure3. Grey Mildew 

                                  

Figure4. Leaf Rddening            Figure5.  Healthy Leaf 

B. Data Pre-Processing 
Pre-processing involves a sequence of transformations applied to an original image to format the data in a 
predetermined analytic form. 

C. Data Transformation 
Images are initially converted into NumPy arrays to standardize RGB values, enabling analysis by classification 
models. Irregularities in the image dataset, such as varying sizes and shapes, are common. To address this, a data 
augmentation strategy utilizing the Keras Image Data Generator is employed. This involves altering training set 
images to enhance the model's classification performance. For the test set, to increase validation accuracy, batch 
normalization and dropout layers are applied to the CNN model in addition to augmentation. 

D. Integration of Machine Learning (ML) and Transfer Learning (TL) Techniques 
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Various models are created and evaluated to identify the most accurate and efficient one. Two methods are used 
for model creation: the first involves building models from scratch, including segmentation and feature extraction 
for applying Random Forest and Support Vector Machine. The second method employs deep learning models 
(Inception v3, VGG16, and ResNet) derived from CNN using the ImageNet dataset's pre-trained weights. 
Retraining and analysis are limited to the final layers. Model parameters are fine-tuned through multiple tests to 
determine the optimal model for identifying and classifying cotton diseases. 

E. Process and Evaluation Method 
Model performance is evaluated scores for memories, precision, and F-1 score. The best model is selected based 
on these metrics. 

IV. MACHINE LEARNING TECHNIQUE 

A. Convolution Neural Network (CNN) 
A simple Convolutional Neural Network (ConvNet), a deep learning technique for image recognition, is the first 
model to be developed. In order to make recognition easier, it gives various regions of an input image weights and 
biases. This study's CNN model consists of layers such activation functions, pooling, convolutional neural 
networks, and fully connected. The RGB input image is interpreted by these layers, which provide a feature map 
that identifies low-level features like curves and edges and is used to group together cotton leaf diseases. Variable 
parameter filters improve the feature map and increase the efficacy of the model. 

 
Figure 6. Convolution Process 

Activation Function 
To enhance the performance of a neural network, introducing non-linearity is crucial. Immediately following the 
first fourier layer, a non-linear activation function is used. The rectification of the linear unit function, or ReLU, 
was used in this study, is utilized to augment the model's non-linearity by setting all negative values to 0. 

Pooling Layer 
Reducing the spatial size of features is a critical function of the pooling layer, which lowers the amount of 
computing work and dimensionality needed for data processing. Consequently, this maintains the instruction cycle 
of the model's efficacy. The max-pooling layer is used in this study to hold onto the largest value, which is based 
on kernel size, in the covered region of photographs of cotton plants. 

Completely Networked Layer  
The fully connected layers in a CNN serve as the concluding stages capable of identifying features strongly 
associated with the output class. This culminates in a one-dimensional vector, acquired by flattening the outcomes 
of preceding pooling layers. 

Dropout Function 
Implemented to alleviate model overfitting, the dropout function selectively excludes a random subset of neurons 
within a layer. 
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Softmax Function  
Serving as the classification layer, the softmax function is applied subsequent to the study's thick or fully-
connected layer, especially in the instance of multiclass categorization. 

TABLE I. COMPARISON AND ANALYSIS OF PREVIOUS WORK 

Reference with 
Author name  

Methodology Crop 
Used 

Type of 
Disease  

 
 

Discription 
[12] Chen, J.; 

Chen, J.; Zhang, 
D.; Sun, Y.; 

Nanehkaran, Y.  
 

VGGNET 
Transfer 
Learning 

Rice, 
Maize 

Gray leaf 
spot, 

Common 
rust, 

Northern 
leaf blight 

The author used VGGNET Transfer Learning 
algorithm for finding the rice leaves disease. 
By using this algorithm , the author achieved 

the accuracy of 92% for a dataset of 500 
images of rice and 466 images of maize. 

[20] Zhang, J.; 
Rao, Y.; Man, 

C.; Jiang, Z.; Li, 
S.  
 

GrabCut, 
SVM, 

Deep CNN, 
GAN 

Cucumber anthracnose, 
downy 

mildew, and 
powdery 
mildew 

The author used two stage segmentation 
process using GrabCut with SVM technique 

for extracting the lesions from leafspot. 
Author worked on database of 600 images of 
cucumber  for extracting various features like 
Color, Texture and Border, and achieved the 

accuracy of 96.11%. 
[21] Chopda, J.; 
Raveshiya, H.; 

Nakum, S.; 
Nakrani 

Decision Tree 
Classifier 

Cotton Cotton 
Disease 

The author used a decision tree classifier for 
classifying the various parameters like 

temperature, soil moisture. These parameters 
used for detecting the Cotton leaf disease. 

[22] Rothe, P.; 
Kshirsagar, R.V 

Image 
Segmentation, 

Gaussian 
filter, 

Graph cut 

Cotton Leaf Spot Manual Image processing method is used for 
identifying the cotton diseases. This method 
is time consuming as it is manual and used 

Image processing techniques. 

[23] Xu, R.; Li, 
C.; Paterson, 

A.H.; Jiang, Y.; 
Sun, S.; 

Robertson, J.S 

CNN Cotton Flower 
species 

The author used unmanned serial images for 
detecting cotton diseases. The author worked 

on cotton flower species. 

V. CONCLUSION 

The utilization of machine learning in agriculture has demonstrated significant potential in automating the 
identification of plant diseases. As machine learning methods continue to advance and become integrated into 
agricultural practices, it is anticipated that disease control will become more efficient, leading to higher crop yields. 
Applying machine learning to the detection of cotton leaf diseases holds substantial promise for substantial 
advancements in agriculture, manifesting in efficient disease control, cost-effectiveness, increased yields, and 
improved quality of the cotton crop output. 
The adoption of Convolutional Neural Networks (CNNs) for detecting cotton leaf diseases marks a noteworthy 
stride in precision agriculture. This technology provides a dependable, efficient, and automated approach to 
identify and categorize diseases in a manner that contributes to the enhancement of agricultural practices. 
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