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  Abstract 

The proposed crop disease detection method integrates color standardization, image 
segmentation, texture feature computation, and feature extraction through a pre-
trained deep neural network. Initiating with color space normalization, it segments im-
ages for disease signs, calculates texture attributes in these areas, and harnesses a pre-
trained CNN to extract critical disease-related features. This cohesive process optimizes 
disease identification accuracy, utilizing deep learning and image analysis techniques. 
By automating disease recognition based on visual symptoms, this system empowers 
farmers with an accurate, automated tool for distinguishing crop diseases from healthy 
areas, facilitating timely intervention and crop management. 
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1. Introduction  

The agriculture sector, fundamental to a nation's sustenance, confronts challenges like yield reduction due to climatic variabil-

ity, natural disasters, and insufficient knowledge among farmers. This predicament leads to significant economic losses, com-

pelling some to abandon agriculture or resort to extreme measures. To mitigate this, an imperative arises to empower farmers 

with a system for precise crop disease detection. The proposed solution integrates advanced image processing and machine 

learning techniques. It commences with automated image analysis, employing color normalization and segmentation algo-

rithms to isolate areas indicating potential crop diseases. Subsequently, texture feature extraction techniques discern subtle 

patterns distinguishing healthy and diseased regions within the crops. These features are then fed into a pretrained deep 
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learning model, like a Convolutional Neural Network (CNN), adept at learning intricate patterns from images. Leveraging its 

learned representations, the system swiftly and accurately identifies various crop diseases. By providing prompt, automated, 

and precise identification of crop ailments from images, this system aids in swift disease containment, allowing timely applica-

tion of appropriate remedies. Moreover, it assists in monitoring crop conditions, enabling farmers to preemptively tackle is-

sues, curbing financial losses and enhancing agricultural sustainability. 

2. Literature Review  

Detecting and classifying crop diseases is a crucial application of deep learning, machine learning, and computer vision in agri-

culture. The primary goal is to develop algorithms that can automatically identify and categorize plant diseases using images 

of leaves or other plant parts. This technology helps farmers detect issues early and takes timely action to manage crop health 

effectively. After analyzing various recent machine learning (ML) and deep learning (DL) approaches for plant disease detection, 

researchers have identified several key challenges. These challenges highlight factors that can significantly impact the accuracy 

and reliability of real-time plant disease identification systems. Various environmental conditions and other variables can also 

influence classification performance, making it an area that requires further research and refinement. 

2.1 Using Leaf Symptoms Analysis, an Expert System is used to diagnose mango diseases. 

The proposed expert system aims to assist agriculturists in diagnosing and managing crop diseases specifically affecting Barra-

cuda mango (Nam-Dok Mai) in Thailand [3]. Given the diverse climate conditions in Thailand leading to varied mango diseases, 

many agriculturists lack accurate disease classification knowledge, resulting in decreased crop yields. Moreover, the absence 

of a structured decision support system exacerbates errors in disease treatment. This system integrates image analysis, ma-

chine learning, and domain-specific knowledge to replicate expert human diagnosis. It involves a database housing information 

on mango diseases, their symptoms, and recommended treatments. Through image processing algorithms, it analyzes leaf 

symptoms captured from mango trees.[3] Machine learning techniques, such as pattern recognition, aid in identifying disease 

patterns from these images. The system employs a knowledge base comprising rules and inference mechanisms derived from 

expert knowledge to match observed symptoms with known disease patterns.[3] The user interface guides agriculturists 

through inputting symptoms, facilitating accurate disease identification and offering tailored treatment recommendations 

based on established agricultural practices and expert advice.[10] Overall, this expert system intends to provide timely, accu-

rate, and personalized diagnosis to aid agriculturists in effectively managing crop diseases affecting Barracuda mango cultiva-

tion in Thailand.[3] 

2.2 Image Processing and a Genetic Algorithm are used to detect diseased regions of plant leaves. 

This research focuses on enhancing agricultural productivity by detecting unhealthy regions on plant leaves through image 

processing techniques and the implementation of a Genetic Algorithm (GA) [8]. Neglecting environmental factors has led to 

soil degradation, impacting plant health.[4] Monitoring plant conditions is crucial for assessing agricultural yield and quality. 

The proposed algorithm employs image segmentation utilizing a Genetic Algorithm, which efficiently separates unhealthy re-

gions on plant leaves [8]. This automatic detection system aids in early identification of symptoms, mitigating the need for 

extensive manual monitoring.[8] The combination of image segmentation using Genetic Algorithms allows for precise and au-

tomated identification of plant leaf anomalies, offering various methods for addressing plant health issues.[8] 

2.3 Image processing and CNN are used to detect crop leaf disease together with preventive measures. 

This research focuses on leveraging image processing and Convolutional Neural Networks (CNNs) to detect crop leaf diseases 

and implement preventive measures in agriculture. With agriculture's crucial role in food production, many remote farmers 



S. Tiwari and S. W. A. Rizvi 
 

 

ISSN (Online) : 2583-1372 3 
Journal of Applied Science and Education  

(JASE) 
A2Z Journals 

 

 

lack accurate disease detection methods, relying on manual observations and suffering significant losses.[7] The proposed 

technique utilizes two CNN models, AlexNet and ResNet-50, applied to Kaggle datasets containing potato and tomato leaf 

images. Initially, image processing techniques identify unhealthy leaf symptoms.[7] Subsequently, feature extraction and clas-

sification processes within the dataset images enable disease detection using the AlexNet model [3]. This approach facilitates 

automated and rapid identification of crop diseases, aiding farmers in timely intervention and preventive measures.[10] 

2.4 Deep Learning-Based Crop Leaf Detection and Disease Recognition. 

This study employs deep learning techniques in computer vision to detect and diagnose various diseases in crops by analyzing 

images captured through cameras.[3] The proposed system demonstrates efficiency in identifying multiple diseases across 

different crop varieties like apple, corn, grapes, potato, sugarcane, and tomato. The approach involves training a model using 

deep learning algorithms, achieving high accuracy rates in recognizing both the crop variety and the specific type of disease 

affecting the crops [2]. By leveraging deep learning capabilities in image analysis, the system accurately identifies and distin-

guishes between different crop varieties and associated diseases, offering a robust solution for agricultural disease detection 

and diagnosis.[10] 

3. Methodologies 

Deep learning, typified as convolutional neural networks (CNNs), automatically pulls detailed characteristics from large da-

tasets such as cat photos, removing the need for manual feature engineering. While traditional methods necessitate precise 

feature design, deep learning learns directly from data, excelling at tasks such as computer vision and natural language pro-

cessing [16]. However, creating effective deep learning models necessitates precise hyperparameter tuning. The Crop Disease 

Detection System is user-friendly, allowing farmers to input photos for examination. The system generates thorough infor-

mation on disease severity, impact, and recommended actions, assisting in optimal crop management by recommending ap-

propriate treatments and fertilizer applications.[18] 

Figure 1 illustrates the four main steps involved in the disease detection system. The process begins with image acquisition, 

where plant images are captured using smart devices like cameras, mobile phones, or sourced from the internet [17]. Ensuring 

the right resolution and format enhances the accuracy of disease detection. 

The second step involves image segmentation, where the captured image is divided into multiple clusters, each requiring 

specific processing techniques. Common segmentation methods include k-means clustering, Otsu’s algorithm, and threshold-

ing, which help group image features efficiently by minimizing the distance between objects within each cluster [5, 15]. 

Next comes feature extraction, a crucial step in identifying relevant characteristics from the selected region of interest. This 

process relies on attributes like color, shape, and texture to enhance disease classification accuracy. Many researchers focus 

on texture-based analysis using techniques such as the Gray-Level Co-occurrence Matrix (GLCM), color co-occurrence methods, 

and histogram-based feature extraction [11,13]. 

Finally, the classification stage determines whether the analyzed image indicates a healthy or diseased plant. The effective-

ness of this step depends on how well the system processes and interprets the extracted features, ensuring precise disease 

identification [14]. 
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Figure 1. Approach to classify the disease 

 

 

Figure 2. Architecture of Leaf disease detection system 

4. Results and Discussion 

Coaching and testing are different phases in evaluating a model's performance. In a controlled environment like a research lab, 

models are tested using a fixed dataset for training and testing.[15] However, in real-world scenarios, such as field conditions, 

models are tested with diverse sets of data, which may vary in lighting conditions and background features.[16] This can lead 



S. Tiwari and S. W. A. Rizvi 
 

 

ISSN (Online) : 2583-1372 5 
Journal of Applied Science and Education  

(JASE) 
A2Z Journals 

 

 

to lower accuracy compared to lab results. To address this, we incorporate diverse images during model training to increase 

its robustness (heterogeneity).[18] 

• When evaluating the performance of a machine learning classification model, several key metrics are used: 

• Recall: Measures the proportion of actual positive cases correctly identified by the model. 

• Precision: Represents the ratio of correctly predicted positive cases to the total predicted positive cases. 

• Accuracy: Assesses the overall correctness of the model by considering both correctly classified positive and negative cases. 

• F1-Score: A harmonic mean of precision and recall, providing a balanced measure of a model’s performance. 

• ROC Curve: A graphical representation of the tradeoff between the true positive rate (sensitivity) and the false positive rate 

(1-specificity) at different threshold settings. A curve closer to the top-left corner indicates a stronger classifier [13]. 

These metrics help assess how well the model performs in differentiating between different classes or categories within the 

dataset. 

 

Table 1. Confusion matrix 

Random forest Naive Bayes 

842 1 834 9 

25 271 2 294 

 

Table 2. Classification report 

Classifiers Precision Recall F1 score Accuracy 

Random Forest 0.97 1.00 0.98 97.71 

Naive Bayes 1.00 0.99 0.99 99.03 

 

Because it detects several diseases in a single system, the accuracy of the deep learning approach supported improved con-

volution neural networks' period detection of apple plant disease victimisation is lower than that of the intended system.[7] 

5. Future Scope 

The utilization of deep learning and image processing techniques for crop disease detection through convolutional neural net-

works (CNNs) shows promising potential in agriculture. Future research aims to bolster model robustness via methods like 

transfer learning, semi-supervised learning, and reinforcement learning to enhance accuracy and generalization. Integration of 

multi-sensor data (e.g., infrared, hyperspectral imaging) offers a holistic view of crop health. Scaling the system for real-time 

deployment in diverse environments is a priority, necessitating exploration. Collaborative efforts in establishing a comprehen-

sive global crop disease database will augment model effectiveness, extending its applicability across regions and crop varie-

ties. Addressing these aspects will advance the development of sophisticated, adaptable crop disease detection systems, sig-

nificantly impacting global food security and sustainable agricultural practices. 

6. Conclusion 

The utilization of Convolutional Neural Networks (CNNs) in crop disease detection exhibits substantial promise within the ag-

ricultural domain. Through the amalgamation of deep learning and computer vision methodologies, this system aims to achieve 

precise and efficient identification and diagnosis of crop diseases. 

The CNN-based approach showcases multiple advantages. Firstly, its capacity to process extensive image datasets enables 



S. Tiwari and S. W. A. Rizvi                

 

 

ISSN (Online) : 2583-1372 6 
Journal of Applied Science and Education  

(JASE) 
A2Z Journals 

 

 

the discernment of intricate patterns, often undetectable by human observation. This results in a system with notably high 

precision and recall rates in disease identification. Secondly, its real-time processing capability facilitates timely disease detec-

tion and intervention, pivotal in curbing disease propagation and reducing crop losses. Additionally, the system's adaptability 

to diverse datasets encompassing various crops and diseases underscores its scalability across distinct agricultural contexts. 

The implementation process involves initial data collection, curating a well-labeled dataset encompassing healthy and dis-

eased crop images. Subsequently, training the CNN model involves leveraging this dataset, enabling the model to learn salient 

features and categorize images accurately. Augmentation techniques and transfer learning methods are often utilized to refine 

the model's performance. Upon training completion, the model is deployed for real-world application, allowing it to provide 

illness forecasts and analyse fresh photographs. 

In conclusion, there is a great deal of promise for the CNN-driven crop disease detection system to revolutionise the agricul-

tural industry. Its skill in using cutting-edge deep learning algorithms makes it possible to identify diseases quickly and accu-

rately, which helps farmers manage their crops more effectively. To overcome obstacles and improve the system's capabilities, 

however, more study and development work are necessary in order to promote sustainable and productive farming methods. 
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