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Abstract: This project aims to develop an AI-based plant 

disease detection app, leveraging various AI techniques such as 

machine learning and deep learning models. The primary focus 

lies in accurately identifying and segmenting diseased plant 

areas from healthy ones. For precise lesion segmentation, the 

app utilizes artificial intelligence methods like convolutional 

neural networks (CNNs) and image processing algorithms. By 

integrating segmentation and classification techniques, the app 

offers a comprehensive analysis of plant diseases based on 

visual symptoms such as discoloration, texture irregularities, 

and patterns. Users can categorize different plant diseases, 

receive recommendations for treatments or preventive 

measures, and conveniently purchase recommended products 

through the app. 

Key Words: Plant disease, disease detection, preventive 

measures, recommendation. 

 

                    I. INTRODUCTION 

 

Plant diseases affect crops globally, posing significant 

challenges to agricultural productivity and food security. 

Analyzing and detection is crucial for effective disease 

management, yet traditional methods often rely on manual 

observation and expert knowledge.  

However, recent advancements in artificial intelligence (AI) 

and machine learning (ML) gives the better and accurate result 

plant disease detection. Inspired by these innovations, a plant 

disease detection app can be developed to analyze images of 

diseased plants, categorizing them based on visual symptoms 

such as leaf discoloration.  

By harnessing AI and ML techniques, this app provides 

farmers and agricultural professionals with swift and objective 

diagnoses, reducing reliance on subjective assessments and 

enabling prompt intervention. Moreover, the app offers insights 

into disease progression and severity, along with tailored 

recommendations for treatment and preventive measures. By 

integrating AI-driven technology into plant disease detection, 

we can enhance agricultural practices, mitigate crop losses, and 

contribute to global food security. 

 

II.  PROBLEM STATEMENT 

Plant diseases affect crops globally, posing significant 

challenges to agricultural productivity and food security. 

analyzing and accurate detection is crucial for effective disease 

management, yet traditional methods often rely on manual 

observation and expert knowledge. However, recent 

advancements in artificial intelligence (AI) and machine 

learning (ML) offer promising solutions for automated plant 

disease detection. Inspired by these innovations, a plant disease 

detection app can be developed to analyze images of diseased 

plants, categorizing them based on visual symptoms such as 

leaf discoloration, lesions, and deformities. By harnessing AI 

and ML techniques, this app provides farmers and agricultural 

professionals with swift and objective diagnoses, reducing 

reliance on subjective assessments and enabling prompt 

intervention. 

 

                           III. NEED FOR THE SYSTEM 

 

When those who work in agriculture or raise plants indoors 

encounter plant illnesses, the plant disease app is helpful 

because it provides information about the sickness that has 

occurred so that the plant can be treated. It can be challenging 

to find the person who can treat a plant illness, and doing so 

may have drawbacks such as needing to spend money, delay 

time, and make repeated calls. 

 

The plant disease app detection aids in providing an 

accurate diagnosis for plant diseases that are currently present. 

The app is helpful in providing results, as it displays the 

disease's accuracy and offers treatment options. One of the key 

features that sets the plant disease app apart is its emphasis on 

safety. Recognizing the importance of sustainable and 

environmentally friendly practices, the app prioritizes the 
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recommendation of remedies that minimize harm to the 

ecosystem and ensure the safety of consumers. 

 

IV. OBJECTIVE 

The objective of developing a plant disease detection app is to 

provide farmers, gardeners, and plant enthusiasts with a user-

friendly and efficient tool for diagnosing and managing plant 

diseases. This app aims to streamline the process of identifying 

plant illnesses by leveraging artificial intelligence and image 

recognition technology. The primary goal is to enable users to 

quickly and accurately diagnose diseases affecting their plants 

by simply taking photos and uploading them to the app. 

Additionally, the app seeks to empower users with valuable 

information about the identified diseases, including treatment 

options and preventive measures. By offering a convenient and 

accessible solution for plant disease detection, the app 

ultimately aims to improve crop yields, minimize losses, and 

promote sustainable agricultural practices. 

V. SYSTEM DESIGN 

User Interface (UI): The UI should be intuitive and user-

friendly, designed to allow users to easily navigate through the 

app's features. It should include features such as image 

uploading, disease identification results display, treatment 

recommendations, and options for further actions.Visual 

elements such as buttons, menus, and icons should be clear and 

accessible, catering to users with varying levels of technical 

expertise. 

Image Processing: Upon uploading images of diseased plants, 

the app should preprocess the images to enhance clarity and 

remove any background noise. Image segmentation techniques 

can be applied to isolate diseased areas from healthy ones, 

improving the accuracy of disease detection. Feature extraction 

methods may be employed to capture relevant visual attributes 

of plant diseases, such as texture, color, and shape, to be used 

as input for the machine learning model. 

Machine Learning: A machine learning model, such as a 

convolutional neural network (CNN), can be trained on a 

dataset of labelled images of diseased plants to recognize 

patterns indicative of various diseases.  

The model should be optimized for accuracy, speed, and 

resource efficiency to perform inference tasks efficiently on 

mobile devices. Transfer learning techniques can be utilized to 

leverage pre-trained models and adapt them to the specific 

domain of plant disease detection, reducing the need for large-

scale training datasets. 

Database: The app should maintain a database to store 

information about plant diseases, including images, 

descriptions, symptoms, treatment options, and expert 

recommendations. The database should be scalable and secure, 

allowing for efficient retrieval and updating of information as 

new data becomes available. Data integrity and consistency 

should be ensured through proper data management practices, 

including regular backups and version control. 

Analyzing Accuracy: The accuracy of the plant disease 

detection system can be evaluated through rigorous testing and 

validation processes. This involves assessing the model's 

performance on a diverse range of plant images, including 

different species, disease severities, and environmental 

conditions. Metrics such as precision, recall, F1-score, and 

confusion matrix can be used to quantitatively measure the 

model's accuracy and performance. Continuous monitoring and 

feedback from users can help identify areas for improvement 

and refine the system's accuracy over time. 

Security and Privacy: User authentication mechanisms, such as 

username/password or biometric authentication, should be 

implemented to restrict access to sensitive features and data. 

Data encryption techniques should be employed to secure the 

transmission and storage of user data, including uploaded 

images and personal information.  

Users should have access to clear privacy policies that 

explain how their data will be gathered, processed, and 

safeguarded. Users should also have alternatives for managing 

their privacy settings. adherence to pertinent laws, rules, and 

guidelines, such as the Health Insurance Portability and 

Accountability Act (HIPAA) and the General Data Protection 

Regulation (GDPR), should be ensured to safeguard user 

privacy and data security. 

VI. METHODOLOGY 

Picture Archive: Gather a diverse dataset of RGB images 

depicting healthy plants and various diseased states across 

different plant species. Ensure the dataset includes images 

captured under various environmental conditions, growth 

stages, and disease severities to improve model robustness. 

Name each image with corresponding disease labels and 

additional metadata such as plant species, disease type, and 

severity level to facilitate model training and evaluation. 

Image Preprocessing: Resize all images to a consistent 

resolution to ensure uniformity during model training. 

Normalize pixel values to a common scale to standardize input 

data and improve model convergence. Augment the dataset 

using techniques such as rotation, flipping, cropping, and 

brightness adjustment to increase data diversity and model 

generalization. 

Model Development: Choose an appropriate deep learning 

architecture for image classification tasks, such as 

convolutional neural networks (CNNs). Design and implement 

the CNN architecture, including the number of layers, filter 

sizes, activation functions, and pooling strategies. Split the 

dataset into training, validation, and test sets, typically using a 

ratio like 70-15-15, respectively, Train the model on the 

training set using an optimization algorithm like stochastic 
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gradient descent (SGD) or Adam, adjusting hyperparameters as 

needed to optimize performance.[10] 

 

Segmentation: 

It is used for isolating diseased regions within images, allowing 

for more precise analysis and diagnosis. In the context of plant 

disease detection, segmentation involves partitioning an image 

into distinct regions corresponding to healthy and diseased 

areas. [16] This process enables the algorithm to focus 

specifically on the affected regions, improving the accuracy of 

disease classification and localization region growing, and 

semantic segmentation can be employed to segment images 

based on colour, texture, or other visual features associated 

with diseased plant tissues. By incorporating segmentation into 

the workflow, the plant disease detection system can provide 

more targeted and actionable. 

 

Convolutional Layer: 

The input image is subjected to many filters by the first 

convolutional layer. Different elements, including edges or 

textures, are emphasised by each filter the pixels in its receptive 

field, the filter multiplies elements-wise as it moves across the 

image, adding to create a feature map.[6] 

Output [0][0] = (9*0) + (4*2) + (1*4) + ( 1 ^ * 1)+(1^ * 0)+(1^ 

* 1)+(2^ * 0)+(1^ * 1) = 0 + 8 + 1 + 4 + 1 + 0 + 1 + 0 + 1 = 16 

 

Pooling Layer: 

By decreasing the spatial dimensions of the feature maps, the 

pooling layer down samples them. A popular pooling technique 

called "max pooling" keeps the highest pixel value inside a 

given area (such a 2x2 window) and discards the remaining 

values. This lessens computing complexity while maintaining 

the most noticeable qualities. 

 

Image manipulation:  

Techniques are essential for preprocessing images in plant 

disease detection applications, ensuring optimal input data 

quality for subsequent analysis. These techniques involve 

various operations to enhance, modify, or extract features from 

images, ultimately improving the effectiveness of disease 

detection algorithms. 

Leaf background removal: 

With a mask taken from the original photo, the leaf's backdrop 

was eliminated. The masks were generated by placing a 

threshold value on the digital number (DN) of the blue channel 

for SBR, CLB, WLB, and NtXf images, and on the DN of the 

red channel for PLB images, in order to classify the image into 

leaf (or leaf disc) and background. [1] Later the images are 

manually evaluating the different values of threshold and the 

remove the background from the picture. 
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In this table: 

Each row represents a pixel in the image The "Red (R)", "Green 

(G)", and "Blue (B)" columns denote the intensity values of the 

red, green, and blue colour channels, respectively, for each 

pixel. The "Classification" column indicates whether each pixel 

is classified as healthy or diseased based on its RGB values. 

Pixels 1 and 2 have RGB values indicating healthy tissue, as 

their colours are within typical ranges for healthy plant tissue. 

Pixels 3 and 4 have RGB values suggesting the presence of a 

disease, as their colours deviate from the expected spectrum for 

healthy tissue. 

Texture Analysis: 

After RGB analysis, texture analysis techniques can be applied 

to extract additional features from the image. Methods like co-

occurrence matrices, Gabor filters, or local binary patterns can 

help capture texture variations associated with different 

diseases. [9] Texture analysis can be used to segment images 

into regions of homogeneous texture, facilitating the 

localization of diseased areas within the image. 

Thresholding or clustering techniques can be applied to texture 

features to partition the image into distinct regions 

corresponding to different texture classes. 

Texture Descriptors: 

Once texture features are extracted, they can be used to 

compute texture descriptors that characterize the texture 

properties of regions within the image. Common texture 

descriptors include entropy, contrast, energy, homogeneity, and 

correlation, which quantify different aspects of texture 

complexity, uniformity, and spatial arrangement. 

Classification: 

Texture features serve as input to machine learning algorithms 

for classification tasks. 

Supervised learning techniques, such as support vector 

machines (SVM), random forests, or convolutional neural 

networks (CNNs), are trained on the extracted features to 

classify image regions as healthy or diseased.[12] 

 

 

 

 

 

 

Training and testing graph: 

 

This concise line graph depicts the training and validation 

accuracy of a machine learning model across epochs. The x-

axis denotes the epochs, while the y-axis represents accuracy, 

ranging from 0 to 1. The blue line signifies training accuracy, 

steadily ascending with each epoch, showcasing effective 

learning. Conversely, the red line indicates validation accuracy, 

mirroring the training trend with occasional fluctuations, 

implying the model's generalization ability. This graph 

succinctly captures the convergence of training and validation 

accuracies, essential for assessing the model's performance and 

potential overfitting. 

 

This concise line graph compares actual disease points' 

accuracy with an app's analysis across 20 epochs. The x-axis 

shows epochs, y-axis represents accuracy (0 to 1). The blue line 

depicts actual disease points, steadily rising per epoch. The 

orange line reflects the app's analysis accuracy, showing a 

similar trend with slight deviations. This graph provides a quick 

comparison of actual disease points and app analysis accuracy 

over epochs. 

 

 

http://www.ijsrem.com/


          International Journal of Scientific Research in Engineering and Management (IJSREM) 

                        Volume: 08 Issue: 07 | July - 2024                         SJIF Rating: 8.448                                     ISSN: 2582-3930                         

 

© 2024, IJSREM      | www.ijsrem.com                                 DOI: 10.55041/IJSREM36648                                            |        Page 5 

Remedy: 

The app displays the diagnostic results indicating whether the 

plant is classified as healthy or diseased. If diseased, the 

specific disease(s) identified are listed along with their severity 

levels, if applicable. 

Treatment Recommendations: 

Based on the diagnosed disease(s), the app provides 

recommendations for appropriate treatment options. Treatment 

recommendations may include chemical treatments, biological 

control methods, cultural practices, or other interventions 

tailored to the identified disease(s). 

                                   VII. RESULT 

Our plant disease detection application utilizing RGB imaging 

achieved promising results in accurately identifying and 

classifying various plant diseases. Leveraging RGB images, the 

application effectively captured the visual cues associated with 

different diseases, enabling robust detection across a range of 

plant species.[3] Through extensive training on diverse 

datasets, the model demonstrated high accuracy rates in 

distinguishing between healthy and diseased plants, with an 

average precision exceeding 90%. Moreover, the app's real-

time processing capabilities enable swift diagnosis, 

empowering farmers and agronomists to take proactive 

measures to mitigate disease spread and optimize crop yields. 

Additionally, the app's user-friendly interface ensures 

accessibility, facilitating seamless integration into agricultural 

workflows. Overall, our project represents a significant step 

forward in leveraging RGB technology for precision 

agriculture, offering a scalable solution to enhance crop health 

management and agricultural sustainability. 

 

VIII. CONCLUSION 

In conclusion, our plant disease detection application 

utilizing RGB imaging presents a promising solution for 

precision agriculture. By harnessing the power of RGB 

technology, we have developed a robust tool capable of 

accurately identifying and classifying various plant 

diseases across different species. Through rigorous 

training and validation, the application has demonstrated 

high accuracy rates, exceeding 90%, in distinguishing 

between healthy and diseased plants. The app offers a 

practical and accessible solution for integrating disease 

detection into agricultural workflows. Moving forward, 

continued research and development in this field hold the 

potential to further enhance crop health management and 

contribute to sustainable agriculture practices. 
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