
www.ijcrt.org                                                 © 2025 IJCRT | Volume 13, Issue 1 January 2025 | ISSN: 2320-2882 

IJCRT2501006 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org a46 
 

Ai-Driven Crop Disease Prediction And 

Management System 
 

B.Padmavathy 

Assistant Professor,                         

 Dept. Of Computer Science And                         Engineering   

Sri Venkateshwara College Of Engineering, Vidyanagar, 

Kempegowda International Airport Road, Bengaluru – 562157. 

 

 

Naveen kumar P N 

Dept. Of Computer Science And                         Engineering 

Sri Venkateshwara College Of Engineering,   

Vidyanagar, Kempegowda International Airport Road, Bengaluru – 

562157. 

 

 

Navyashree.M 

Dept. Of Computer Science And                         Engineering   

Sri Venkateshwara College Of Engineering, Vidyanagar, 

Kempegowda International Airport Road, Bengaluru – 562157 

 

Darshan P 

Dept. Of Computer Science And                         Engineering 

Sri Venkateshwara College Of Engineering,   

Vidyanagar, Kempegowda International Airport Road, Bengaluru – 

562157. 

  

Abstract— Plant diseases and pests are major factors 

that dictate yield and quality of plants. Identification 

of plant diseases and pests can be done using digital 

image processing. Recent years have brought a 

breakthrough in digital image processing by deep 

learning that far outstrips what can be achieved with 

traditional techniques. One big issue among 

researchers is that developing deep learning 

technology is going into research on plant diseases 

and pests identification. This review provides the 

definition of the problem in plant diseases and pests 

detection and compares traditional methods used in 

plant diseases and pests detection. Based on the 

differences in the network structure, this paper 

summarizes research on plant disease and pest 

detection using deep learning over the last few years, 

which include classification networks, detection 

networks, and segmentation networks, and 

summarize their advantages and disadvantages. 

Common datasets are introduced, and performance of 

existing studies is compared. Based on this, the paper 

will introduce possible challenges for practical 

application in deep learning-based plant diseases and 

pests detection. Additionally, possible solutions and 

research ideas concerning the challenges will be 

proposed, and some suggestions are offered. Finally, 

this study will give the analysis and prospect of the 

future trend of plant diseases and pests detection 

based on deep learning. 

 

Key words: deep learning,plant diseases, image 

processing,deep learning,digital image processing 

 

 
 

 

I. INTRODUCTION 

An impressive need for efficient and sustainable 

agriculture today confronts the growing demand for food 

and adverse impacts from climate change. Crop diseases 

rank high among threats facing the world's food security 

along with highly severe economic losses and prospects 

associated with their impact on farmer livelihoods. In this 

regard, traditional disease detection and management often 

rely on visual inspections, expert knowledge, but 

interventions are time-consuming, and errors are difficult 

to avoid with respect to large-scale agricultural systems. In 

this regard, Artificial Intelligence possesses transformative 

potential in addressing all these challenges. AI models 

integrated with agricultural data will help accurately 

predict disease outbreaks, areas affected by the disease, 

and optimize the strategy of treatment for farmers and the 

stakeholders. This could be an efficiency enhancer in 

decision-making processes, reduce pesticide usage, 

minimize wastage of resources, and improve yield and 

crop quality overall. This work discusses various 

dimensions of the AI-enabled crop disease management 

solution in terms of leading-edge technology, practical 

applications, and challenges in adopting the solutions. This 

review goes further in details regarding methodologies, 

datasets, and performance metrics to broadly overview the 

impacts that AI is having on agriculture, thus discussing 

future research avenues towards developing more 

intelligent and sustainable farming systems. 
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II. LITRATURE REVIEW 

 

Agricultural practices have experienced many 

revolutions since the introduction of new technologies, 

especially artificial intelligence (AI). Crop disease 

prediction and management is one of the leading precision 

agriculture functions that would be used to accuratelu 

detect, predict, and control diseases. This review literature 

focuses on methodologies, datasets, challenges, and 

innovations in such a space. Conventional Methods Used 

for Crop Disease Prediction 

Initial methods used to predict crop disease were mainly 

based on statistical models and rule-based systems. These 

methods made use of historical data such as weather 

records, soil types, and crop patterns for forecasting 

potential disease outbreaks. These initial methods were 

static and did not adapt dynamically to environmental 

changes. Additionally, image processing techniques that 

utilized traditional techniques such as leaf images for 

disease identification based on features such as 

texture and color. However, these methods suffered 

from challenges such as variable lighting conditions, 
complex backgrounds of images, and a low scalability. 

Development of Machine Learning Techniques Machine 

learning (ML) heralded a significant new shift in crop 

disease prediction techniques. Techniques like SVM, DT, 

and RF improved disease classification by identifying 

features such as texture, color, and shape. This is despite 

the fact that often, ML models were limited by extensive 

feature engineering, which presents a scalability issue with 

large datasets and diverse crop conditions. DL came to be 

as a game-changer, especially with CNNs that could 

automatically extract features. Models such as AlexNet, 

VGGNet, and ResNet delivered high accuracy in image-

based disease detection. RNNs and LSTM networks also 

showed promise in temporal predictions by analyzing the 

time pattern of weather and pest activity. Automation of 

feature extraction and ability to handle complex data made 

DL a better choice than traditional ML techniques. 

Integration with IoT and Sensor Data The integration of 

Internet of Things (IoT) devices with AI systems has 

revolutionized real-time disease monitoring. Sensors 

deployed in agricultural fields collect vital data, including 

temperature, humidity, and soil moisture levels. AI 

algorithms process this data to provide early warnings, 

enabling farmers to take preventive measures. This 

integration reduces the use of pesticides and optimizes the 

use of resources, thus enhancing sustainable agriculture. 

IoT and AI together enable precision agriculture through 

actionable insights specific to field conditions. 

Datasets and Benchmarking Quality datasets are the 

cornerstone for training and evaluating AI models. Public 

datasets, such as PlantVillage, have been instrumental in 

the advancement of AI-driven crop disease management. 

However, such datasets often have a lack of diversity in 

environmental conditions, crop types, and disease 

variations, limiting the generalizability of AI models. 

There are efforts to create region-specific datasets that 

consider local environmental factors and crop varieties, 

thus enhancing the applicability of AI solutions in diverse 

agricultural settings. 

 

Even though tremendous progress has been made, there are 

many challenges still associated with the domain of AI-

driven crop disease management Data Quality The 

availability of high-quality data for different crops and 

diseases remains a bottleneck, especially in 

underrepresented regions. Scalability AI models perform 

very well in controlled environments but often suffer in 

real-world scenarios due to diverse and unpredictable 

conditions. Computational Demands Advanced AI models 

require high computational resources, which are 

inaccessible to many small-scale farmers Explainability 

Many of the AI models are black-box, meaning that it is 

hard to explain to farmers and stakeholders why they have 

received those recommendations. 

Emerging Trends and Future Directions The research 

field is exploring hybrid models combining deep learning 

with traditional methodologies to achieve better efficiency 

and adaptability. Federated learning and edge computing 

are emerging as potential solutions to address data privacy 

concerns and also reduce computational demands by 

processing data locally rather than sending it to centralized 

servers. Additionally, the emergence of Explainable AI 

(XAI) is focused on improving the transparency of AI 

models, thus building trust in users through the 

explanation of how predictions and recommendations are 

made. 

III. PROPOSED SYSTEM 

 

We present an integrated AI system for crop disease 

prediction and management that addresses the challenges 

as well as utilizes advancements in this field. It combines 

state-of-the-art deep learning techniques along with IoT 

and sensor data into a holistic solution for farmers. The 

key components of the proposed system are given below: 

 

Real-Time Data Collection 

IoT devices, including sensors and drones, are deployed 

across agricultural fields to collect data on environmental 

parameters, soil conditions, and plant health. These 

devices ensure continuous monitoring and data collection, 

enabling timely identification of anomalies. AI-Powered 

Analysis It makes use of CNNs for image-based disease 

detection and LSTMs for temporal analysis. Through leaf 

images and environmental data, the AI models predict 

outbreaks of diseases and advise management. Hybrid 

models are also used to combine traditional learning 

strengths with deep learning approaches. 

 

 Region-Specific Customization The system recognizes the 

importance of local factors and incorporates region-

specific datasets to enhance prediction accuracy. It also 

allows farmers to input additional context, such as recent 

pest activity or crop rotation practices, for more tailored 

recommendations. User-Friendly Interface The platform is 

accessible to farmers via mobile and web. It is an easy-to-

use interface that allows for real-time alerts, detailed 

reports, and actionable insights. Visualizations like 

heatmaps and trend graphs are intuitive, helping users 

understand the data. 

 

 Resource Optimization and Decision Support This 

integrates optimization algorithms that ensure 

recommendation for the precise usage of pesticides, water, 

and fertilizers to reduce waste and harmfulness to the 

environment. A decision support tool leads the farmer in 

selecting varieties with resistance to diseases or choosing 

preventative measures based on predictive analysis. 
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Scalability and Cost-Effectiveness The proposed system is 

designed with edge computing, reducing reliance on 

centralized servers and thus making it scalable and cost-

effective. Federated learning ensures data privacy while 

also enabling collaborative model improvement across 

multiple regions. 

 

Model Design 

 

Disease detection by the system uses high-order deep 

learning architectures with strong features like CNNs. 

Most models are designed to perform the task of automatic 

extraction of relevant features from data in the 

preprocessed domain. TensorFlow Lite is being applied for 

converting trained models to low-memory versions, thus 

improving support towards the deployment on edge 

devices. Hybrid models combining DL methods with 

traditional ML algorithms have also been studied. These 

hybrid models balance DL technique accuracy with 

computational  requirements. 

 

 
IV. METHODOLOGY 

 

 

Data Collection 

 

The proposed system begins with a high collection of data 

from agricultural fields. High-resolution images and 

environmental data such as temperature, humidity, and soil 

moisture are collected using IoT devices such as drones 

and ground sensors. The datasets are meticulously 

annotated by experts to label healthy and diseased samples. 

Region-specific data is also gathered to enhance the 

adaptability of the system to different agricultural 

conditions. This phase ensures that the real variability of 

the world is incorporated into the model, making it robust. 

 

Data Processing 

 

The collected data are preprocessed using several steps to 

ensure that they are of quality and consistent. The image 

data is resized to a standard size of 256x256 pixels. 

Normalization techniques eliminate the variation caused 

by lighting and noise. Data augmentation techniques like 

horizontal flipping, vertical flipping, rotation, zooming, 

and brightness adjustment are applied to increase the 

diversity of the dataset. This enriched dataset forms the 

basis for the training and testing of AI models. 

 

 

 

 

Model Evaluation  
 

Evaluation is the rigorous testing of the trained models on 

unseen data. Metrics to measure reliability are accuracy, 

precision, recall, and F1-score. TensorFlow Lite evaluates 

the deployed model on the edge devices for real-world 

usage. The evaluation process also encompasses user 

feedback for refining the system recommendations to 

ensure usability. Real-Time Data Collection IoT devices 

such as sensors and drones are installed across agricultural 

fields to capture data on environmental parameters, soil 

conditions, and health of plants. They ensure continuous 

monitoring and data collection, so anomalies can be 

identified early. 

 

 AI-Based Analysis The system uses a combination of 

CNNs for image-based disease detection and LSTMs for 

temporal analysis. The AI models predict disease 

outbreaks based on the analysis of leaf images and 

environmental data and suggest suitable management 

strategies. Hybrid models are also used to leverage the 

strengths of traditional and deep learning approaches. 

Region-Specific Customization The system considers the 

effect of local factors by incorporating region-specific 

datasets to enhance the accuracy of predictions. 

Furthermore, the system will allow farmers to add 

contextual information, for instance, recent pest activity or 

crop rotation practices, to have more specific advice.User-

Friendly Interface The platform is both web-based and 

mobile, making it readily accessible to farmers. The actual 

alerts, detailed reports, and actionable insights can be 

received in an interactive format, which is supplemented 

by heatmaps and trend graphs in an intuitive way to 

understand data.Resource Optimization and Decision 

Support 

 

The system integrates optimization algorithms to 

recommend the precise use of pesticides, water, and 

fertilizers, minimizing waste and environmental impact. 

Decision support tools guide farmers in selecting disease-

resistant crop varieties and adopting preventive measures 

based on predictive insights. Scalability and Cost-

Effectiveness The proposed system is, therefore, scalable 

and cost-effective as the edge computing reduces reliance 

on centralized servers. Federated learning also offers data 

privacy while enabling improvements in collaborative 

models across a variety of regions. 

 
V. ALGORITHM AND TECHNIQUE 

 
CNNs form the back of the image-based disease detection 

system. This deep learning architecture is engineered in 

such a way as to process grid-like data. Such as images 

using their convolutional layers where, through 

convolutional layers, features can be auto extracted and 

learned. In this respect, for crop disease prediction, CNNs 

read symptoms like spots, discoloration, or lesions 

appearing on leaves. It continuously extracts low-level 

features, such as edges and textures, progressively that are 

then combined into higher-level representations like 

patterns, indicative of certain diseases. 

 

MobileNet for Efficient Disease Detection MobileNet is an 

extremely efficient variant of CNNs optimized for mobile 

and embedded systems. It employs depthwise separable 

convolutions, thereby significantly reducing the number of 

parameters and computation requirements compared to 

standard CNNs. This design does make MobileNet suitable 

for real-time crop disease detection in remote settings with 

limited computational resources. For example, farmers use 

a smartphone to capture an image of diseased crops and 
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then use models, based on MobileNet to process the 

images instantaneously and classify the disease with 

further actionable insights.The lightweight nature of 

MobileNet has allowed it to work with great accuracy and 

fast inference times. Generalization of the network across 

various plant species and environmental conditions ensures 

it works robustly in all agricultural settings. 

 

Preprocessing Techniques on Data 

 

Some preprocessing steps before feeding into the CNN 

model are imperative to the efficiency and accuracy of the 

system Image Augmentation: Applies rotation, flipping, 

scaling, and color adjustments to increase the diversity of 

training data and avoid overfitting. Normalization Pixels 

are scaled to a uniform range, which improves the model's 

convergence during training. 

 

Noise Reduction: Filters the artifacts or noise that interfere 

with the identification of the disease. For non-image data, 

which includes environmental factors like temperature, 

humidity, and soil pH, preprocessing involves handling 

missing values, removing outliers, and normalizing feature 

ranges. 

 

Workflow of the System 

 

The AI-driven crop disease prediction and management 

system works through a number of steps Image Capture: 

Farmers use a smartphone or IoT-enabled device to 

capture images of potentially diseased crops. 

Preprocessing The captured images are preprocessed for 

quality enhancement and compatibility with the CNN 

model. Feature Extraction  Using depthwise separable 

convolutions, MobileNet extracts relevant features such as 

textures and patterns associated with specific crop diseases 

Prediction The processed image is classified into disease 

categories such as fungal infection, bacterial infection, or 

healthy plant. 

 

Recommendation: Based on the prediction, the system 

provides actionable recommendations such as applying 

specific fungicides, alteration of irrigation practices, or 

isolation of infected plants to prevent the spread. Feedback 

Loop Farming feedback and additional data collected in 

due course are fed into the system to improve the model's 

accuracy and adaptability.Integrate with Environmental 

Data Combining, however, environmental information has 

significantly improved the ability of a system in predicting 

events. Using an LSTM or a recurrent architecture to 

model how changes occur in the environment and these 

changes impact on the development of disease aids 

insights of sensor data when combined as by image-based 

CNN models, hence establishing a more holistic view for 

disease management strategies. 

 

VI. IMPLEMENTATION 

 

The New Plant Disease Dataset preparation forms 

initiations of the project. Using all images in the dataset 

goes through resizing, normalization, and augmentation to 

help the model learn in property and generalize to even 

data not encountered. The rotation, flipping, and scale 

methods simulate diversity in natural settings. They split 

the data into a training set, validation set, and testing set, 

so it is guaranteed that the model will also be robust in 

unseen data. 

A MobileNetV2 is chosen as the disease-detection model. 

The rationale behind choosing this model is its lightweight 

design and efficiency. The model is trained using 

TensorFlow/Keras with some optimizations like early 

stopping to avoid overfitting and learning rate scheduling 

to fine-tune the training process. With good accuracy and 

validation metrics obtained from the model, it is exported 

in the TensorFlow.js format, thereby ensuring that the 

model will be compatible with web technologies, which 

can then integrate the model into a web-based application. 

The backend will utilize Django to develop a solid 

framework that takes care of the core functionalities, 

including image upload, crop disease prediction, remedies, 

and user authentication. The dynamic data associated with 

user profiles, disease records, and curated remedies are 

taken care of through Firebase as the database. This 

backend also ensures safe data communication between the 

frontend and the machine learning model. 

It uses React.js for the frontend to deliver a contemporary, 

responsive, and user-friendly interface. It gives the 

application some key features such as an intuitive 

dashboard for farmers, upload functionality for images, 

real-time displays of predictions, and personalized user 

management. The saved TensorFlow.js model is integrated 

into the frontend, where real-time predictions can be made 

directly on the frontend and give the users immediate 

results and actionable insights. 

A holistic system that will be effective and ready to 

address real problems in agriculture with the union of 

advanced AI, a trustworthy back end, and a responsive 

front end 

 

 

 

. 
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VII. RESULT AND DISCUSION 

 

 

Crop Disease Prediction and Management System The 

MobileNetV2 model was used for the evaluation with the 

New Plant Disease Dataset with a very high-accuracy 

value for the crops' disease detection. Performance in 

metrics is strong as high values of precision, recall, and 

F1-scores are observed across multiple classes of diseases, 

proving sound reliability and robustness. Using 

performance on the independent testing set, generalization 

is assured. The consistency of performance in the 

classification of disease under different conditions is 

confirmed after the independent testing in general. 

The TensorFlow.js model was incorporated into the Web 

application for real-time predictions on uploaded images. 

It processed images without lagging. This provided 

farmers with immediate feedback on images posted for 

assessment. The developed UI using React.js received 

great user test results because it was very user-friendly and 

easy to navigate. The users could upload crop images 

easily, view their prediction results, and access detailed 

suggestions on managing the diseases. 

The backend, powered by Django and Firebase, handled 

user data, disease records, and remedy suggestions in a 

secure and seamless manner. The whole system proved 

scalable and accessible, so it functioned well even under 

varying network conditions, so it was suitable for 

deployment in areas with limited bandwidth. 

Key Results 

1. Model Accuracy: The MobileNetV2 model achieved an 

accuracy of about 95%, showing its ability to predict crop 

diseases reliably. 

2. Real-Time Predictions: The system provided disease 

predictions in less than two seconds for each uploaded 

image, thus ensuring practical usability for farmers. 

3. Solution Ideas: The introduction of knowledge base in 

disease management provided the user with insightful 

information, which was not reliant on external consults. 

4. Scalability: Firebase and scalable deployment platforms 

ensured that the system could handle increasing numbers 

of users efficiently. Discussion: 

The results will emphasize practical utility in combining 

AI with web technologies in overcoming agriculture-

related challenges. High precision and real-time 

performance exhibited by the model confirm MobileNetV2 

to be highly suitable for use within mobile and web 

applications, thereby bridging the gap of the farmer and 

technology, at a time when this region seriously lacks 

agricultural experts. Results with actionable remedies 

reduce loss in crops and enhance practices in sustainable 

farming. 

 
 

 

 

 

 

However, there still is a lot of scope for further 

modification. The model may now be extended to include 

detection of more crop diseases once they become 

available in new sets of data. The web application may 

support functionality to be multilingual to reach the 

maximum users. It may also support various IoT-based 

sensors for environmental monitoring apart from context-

aware suggestions In conclusion, the Crop Disease 

Prediction and Management System shows the real 

application of AI in achieving its aim of crop health 

management improvement and empowering farmers with 

technological solutions. 

 

 

 

 

 

 

VIII. CONCLUSION 

 

The Crop Disease Prediction and Management System is a 

major innovation in the application of artificial intelligence 

and web technologies for agriculture. This technology 

enables farmers to employ a light yet powerful 

MobileNetV2 model for disease detection with high 

accuracy, along with a web-based platform providing 

diagnosis tools for crop diseases and offering farmers 

specific recommendations for treatment and prevention. 

This has eradicated dependency on the identification of the 

disease manually and saved the time and effort for 

handling crop health problems. 

The accessible and intuitive design of the platform makes 

it usable for farmers of various technical expertise levels, 

creating a bridge between rural communities and cutting-

edge technology. The real-time nature of the system 

further enhances its practicality, allowing farmers to take 

action promptly based on accurate predictions. Besides the 
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individual benefits, the project contributes to the bigger 

picture of sustainable farming, promoting accurate and 

informed practices and reducing the overuse of pesticides 

and fertilizers, ultimately improving crop productivity and 

food security. 

This not only solves the problem of serious agricultural 

type but also opens up the opportunity to transform real-

world AI applications. It makes the whole system 

important and worthwhile for modern agriculture as well 

as further developing it toward steps ahead in agritech 

innovations. 

 

 

 

IX. FUTURE WORK 

 

 

agricultural sustainability and productivity through 

exploitation of high-tech technologies. Increasingly, these 

systems will integrate a variety of real-time sources of data 

such as satellite imagery, field sensors using IoT, and 

drones to closely monitor the health of the crops at a 

precise dynamic level. Machine learning models and deep 

learning will better classify disease early on due to the 

inherent pattern recognition ability in images and sensor 

data. The future will be the development of databases 

covering diverse crops along with region-specific diseases 

in order to enhance the adaptability and accuracy of the 

system in diverse agricultural settings. 

 

It will support early warning systems, helping farmers 

undertake preventive measures before the spread of 

diseases. The integration with decision-support tools will 

help give actionable recommendations, such as the use of 

pesticides at the right time, biological treatments, or 

cultural practices with minimum environmental impact and 

cost. This will add transparency to the systems, thereby 

enhancing the trust and adoption of farmers. The large-

scale deployment of these systems would be facilitated by 

platforms that combine AI with local agricultural expertise 

and policy support. These AI-driven systems will 

eventually help promote healthy crops and sustainable 

farming and hence contribute to food security and climate 

resilience globally. 
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