
 
 

 

 
AgriGuard: AI-Driven Crop Disease Prediction and 

Management System 
 

Hemant Rajput 
Acropolis Institute of Technology & Research 

Indore, India 
hemantrajput211015@acropolis.in 

 
Himanshu Gendhar 

Acropolis Institute of Technology & Research 
Indore, India 

himanshugendhar210757@acropolis.in 

Kamlesh Patidar 
Acropolis Institute of Technology & Research 

Indore, India 
kamleshpatidar210221@acropolis.in 

 
Shilpa Bhalerao 

Acropolis Institute of Technology & Research 
Indore, India  

shilpabhalerao@acropolis.in 

Nidhi Nigam​ Chanchal Bansal 
Acropolis Institute of Technology & Research​ Acropolis Institute of Technology & Research 

Indore, India​ ​ Indore, India 
nidhinigam@acropolis.in​ chancalbansal@acropolis.in 

 
 
1 Abstract—Agriculture plays an important role in maintaining 
the global economy and food security, but crop diseases remain 
an important challenge, leading to significant yield deficits. 
Traditional methods of detection of the disease depend on 
manual inspection, which is time-consuming, labor-intensive, 
and often interferes with early detections. It presents the paper 
agargard, which is the prediction and management system of 
the AI- managed crop disease designed to solve these 
challenges. The sys- tem takes advantage of firm nervous 
networks (CNN) to analyze environmental parameters such as 
temperature, humidity, and soil moisture as well as 
high-resolution crop images, providing actionable 
recommendations for early detection and treatment of crop 
diseases. Experimental results suggest that agriguard acquires 
93.7 accuracy in identifying normal crop diseases in various 
agricultural settings. The user-friendly web interface of the 
system ensures access to farmers with different technical 
expertise, making it a practical solution to increase agricultural 
production, reduce crop losses and promote permanent 
farming practices. 
 
Index Terms— Agriculture, Artificial intelligence, 
Convolutional neural networks, crop disease detection, 
machine learning, sustainable farming 

I. INTRODUCTION 

Agriculture remains the cornerstone of the global 

economy, providing necessary resources and livelihoods for 
Arabs worldwide. Despite technological progress in various 
fields, agricultural practices, especially in developing areas, 
continue to face important challenges. Of these, crop 
diseases stand as a major threat, reducing global agricultural 
productivity by 20-40 per annum [1]. Traditional methods of 
crop disease detection rely heavily on manual inspection by 
farmers or agricultural experts. This approach has several 
inherent limitations: 

●​ It is labor-intensive and time consuming, 
especially for large-scale areas. 

●​ The accuracy of the diagnosis depends on 
individual expertise and suffers from human 
error. 

●​ There is already significant damage, diseases are 
detected in advanced stages. 

●​ Is a limited access to special advice in remote 
areas. 
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The emergence of artificial intelligence (AI) and 
machine learning (ML) provides promising solutions for 
these challenges. These technologies can process and 
analyze large amounts of data, identify patterns and 
make predictions with remarkable accuracy. When 
applied to agriculture, AI can turn traditional farming 
practices into more efficient, durable and productive 
systems. Agriguard represents an important step in this 
direction. It is an AI-powered crop disease prediction and 
management system designed to detect early signs of 
diseases by analyzing crop images and environmental 
data. The system employs to identify diseases with high 
accuracy, especially effective deep teaching algorithms 
for image classification functions, especially effective 
deep teaching algorithms. Additionally, agriguard 
prediction integrates environ- mental parameters such as 
temperature, humidity, and soil moisture to increase  
predicting accuracy and provide relevant treatment 
recommendations. 

 
The primary objectives of AgriGuard are: 
To enable early detection of crop diseases through 
advanced image processing and machine learning 
techniques.. 
To provide timely and actionable recommendations for 
disease management. 
To reduce dependence on chemical pesticides by promot- 
ing targeted interventions. 
To create a user friendly platform for farmers with 
different levels of technical expertise. 
This paper describes the design, implementation and 
evaluation of the agariguard, to expose its ability to 
revolutionize disease management in agriculture and 
contribute to global food security. 
The agriguard is designed to solve these challenges, 
taking advantage of the power of artificial intelligence 
(AI) and ma- chine learning (ML). This AI-mangoing 
system will provide to detect initial disease, allowing 
farmers to take timely action to protect their crops. 
The goal is to create a comprehensive web-based 
application that analyzes crop images, assesses 
environmental factors, and real-time disease offers 
predictions and recommendations of treatment. 
 
 

II. LITERATURE REVIEW 

Applications of artificial intelligence in agriculture, 
especially to detect the disease, have obtained significant 
traction in recent years. Many researchers have detected 
various approaches to use AI to increase agricultural 
productivity and stability. 

Deep Learning for Plant Disease Detection Mohanty 
et al. 

[4] Used a dataset of 54,306 images representing 38 

different sections of plant diseases and gained impressive 
accuracy of 
99.35 % on test data. This study demonstrated deep 
learning models, especially CNN’s ability to identify 
plant diseases from leaf images. However, the authors 
referred to challenges in real -world applications due to 
the quality of the image, the status of the lighting and the 
complexity of the background. 

Integration of Environmental Data Ferentinos [5] In- 
creased the scope of detection of plant disease by 
incorporating environmental factors. The study 
emphasized that the devel- opment and spread of the 
disease is affected by temperature, humidity and other 
environmental conditions. By combining image data with 
environmental parameters, the model gained better 
prediction accuracy, especially for diseases that show 
similar visual symptoms but under various environmental 
conditions. 

Real-Time Disease Detection Systems Brahimi et 
al. [9]Developed a system of detection of a real -time 
plant disease using intensive learning. His approach 
focused on both disease classification and localization 
within the plant. The system used a mobile application 
interface, allowing farmers to catch images in the area 
and get immediate clinical results. While innovative, the 
system was limited to identifying visual symptoms and 
was not able to detect pre-introduction disease. 

Decision Support Systems for Disease Management 
Kaur et al. [6] Proposed a comprehensive decision 
support system for crop disease management. Beyond 
detection, their system provided recommendations of 
treatment based on the severity of the disease, crop type 
and local agricultural practices. The study highlighted the 
importance of relevant recom- mendations that consider 
factors such as resource availability, environmental 
obstacles and economic boundaries. 

Gaps in Current Research While previous works 
have contributed significantly to the field, several gaps 
remain: 

•​ Limiting real-time environmental data with 
detection of image-based disease. 

•​ Pay inadequate attention to accessible user-friendly 
inter- faces for farmers with different technical 
expertise 

•​ Lack of comprehensive systems that provide both 
detec- tion and actionable management 
recommendations. 

•​ Focus inadequate focus on scalability of solutions 
in various crop types and geographical regions. 

The agriguard addresses these intervals by developing 
an integrated system that combines a strong disease 
detection with individual management recommendations, 
distributed through an accessible interface designed for 
end-users. 
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I.​ METHODOLOGY 
A.​ System Architecture 

Agriguard employs a broad architecture that 
basically inte- grates data collection, processing, 
analysis and recommended generation. Fig. 1 shows 
high-level architecture of the system, including four 
main components: 

 
Fig. 1. AgriGuard System Architecture 

 
•​ Data Collection Layer: Responsible for 

collecting crop images and environmental data. 
Users upload images through web interfaces, 
while environmental data such as temperature, 
humidity and soil conditions are obtained from 
integrated weather API and IOT sensors. 

•​ Processing Layer: The image handles 
preprosying tasks, including normalization, noise 
removal and convenience extraction. 
Environmental data is also standardized and 
combined with image features to create a broad 
dataset for analysis. 

•​ Analysis Layer: The origin of the system, where 
the trained CNN model analyzes the data 
processed to identify diseases and make 
predictions. This layer also assesses the severity 
and progression of the disease based on historical 
data. 

•​ Recommendation Layer: The analysis generates 
recom- mendations for proper treatment and 
prevention based on results, crop types, disease 
identity and environmental conditions. The 
recommendations for effectiveness, cost and 
environmental impact are preferred. 

•​ User Interface Layer: For farmers, provides a 
user - friendly web interface for interaction with 
the system, uploading images, viewing and 
access to access. 

B.​ Data Collection and Preprocessing 
The system relies on two main types of data: 
1)​ Image Data: A dataset of 50,000+ images 

representing healthy crops and various disease 
conditions in various crop types were collected. These 

paintings were obtained from public agricultural 
databases, research institutes and field col- lections. 
Preprocessing pipeline included for images: 

•​ Resizing to standard dimensions (224 × 224 pixels) 

•​ Normalization and color enhancement 
•​ Data augmentation techniques (rotation, flipping, 

scaling) to increase dataset diversity 
•​ Background removal to focus on leaf features 

2)​ Environmental Data: Environmental parameters, 
includ- ing temperature, humidity, rainfall and soil 
conditions, were collected from weather stations and IOT 
sensors. This data was preprocessed by: 

•​ Standardizing measurements from various sources 

•​ Handling missing values through interpolation 

•​ Normalizing values for categories suitable for 
model input 

•​ Correlating with geographical and seasonal patterns 

 
C.​ Machine Learning Model 

Agriguard appoints a CNN-based architecture for 
image classification, which is increased with 
environmental data integration. The model includes: 

•​ Convolutional Layers: Several conversion with 3 × 
3 kernels to remove visual features from crop 
images 

•​ Pooling Layers:To reduce the alleviation by 
preserving important features .max pooling layers. 

•​ Environmental Data Integration: A separate 
processing pipeline for environmental data, 
integrated with later image features. 

•​ Fully Connected Layers: Thick layers for final 
classifi- cation, dropouts to prevent overfiting with 
regularization. 

•​ Output Layer: Softmax activation for multi-class 
disease classification. 

 
 
 

 
 

 
Fig. 2. Detailed architecture of the CNN model used in 
AgriGuard. The model combines convolutional layers for 
image processing with a separate pathway for environmental 
data integration before classification. This dual- input approach 
enables more accurate disease prediction by considering both 
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visual symptoms and environmental context. 

 
D.​ Recommendation System 

The recommendation component uses a combined 
rule- based expert system with a machine learning 
approach to provide customized treatment suggestions. 
The system: 

•​ The disease types a database of treatments indexed 
by the variety of crops and environmental 
conditions. 

•​ Evaluate the effectiveness of treatment based on 
historical data 

•​ Consider factors such as cost-effectiveness, 
environmental impact and availability 

•​ With detailed application instructions, 
recommendations presented in order of priority 

E.​ Web Application Development 

The web application was developed using: 
•​ Frontend: React.js for the user interface, 

providing a responsive and intuitive experience 
across devices 

•​ Backend: Flask (Python) for API development, 
handling image uploads, model inference, and 
data processing 

•​ Database: MongoDB for storing user data, 
disease information, and treatment 
recommendations 

•​ Deployment: AWS for cloud hosting, ensuring 
scalability and reliability 

The interface was designed with a focus on 
simplicity and accessibility, featuring intuitive 
navigation, multilingual support, and offline capabilities 
for areas with limited connectivity. 

 
II.​ IMPLEMENTATION 

Fig. 3. Use Case Diagram for AgriGuard 
 

A.​ Use Case Diagram 

Fig. 3 presents the use case diagram for AgriGuard, 
illus- trating the system’s interaction with different user 
types. The diagram highlights the core functionalities 
available to farmers, agronomists, and system 
administrators. 

The use case diagram reflects four main interactions for 
farmers: 

•​ Upload Images: Farmers can capture and upload 
images of their crops for disease analysis. 

•​ View Disease Prediction: After image processing, 
users get detailed information about diseases, 
including confi- dence scores and visual 
indicators. 

•​ Get Treatment Recommendations: Based on the 
disease diagnosis, farmers receive personalized 
treatment and prevention recommendations. 

•​ Track Field History: Users can monitor disease 
occur- rence, treatment and effectiveness over time 
for better farm management 
System administrators have access to management 
works including model training, database 
maintenance and system monitoring. 

The workflow image begins with uploads, followed by 
preprocessing to increase the image quality and remove 
relevant features. The processed image is analyzed by the 
CNN model, which determines whether a disease exists. 
If a disease is detected, the system generates appropriate 
treatment recom- mendations; Otherwise, it confirms the 
healthy condition of the crop. In both cases, wide results 
are presented to the user through the web interface. 

B.​ User Interface Implementation 
The agriguard is a clean, intuitive interface designed 

for users with different levels of technical expertise in the 
web application. The main components include: 

•​ Dashboard: Provides an overview of farm health 
status, recent analyses, and weather conditions. 

•​ Image Upload: Simple drag-and-drop or file 
selection interface for submitting crop images. 

•​ Results Display: Clear visualization of disease 
detection results, including affected areas 
highlighted on the image. 

•​ Recommendation Panel: Structured presentation of 
treatment options, application instructions, and 
preventive measures. 

•​ History Tracker: Timeline view of previous 
analyses and treatments for monitoring farm health 
over time. 

III.​ RESULTS AND EVALUATION 

 
A.​ Model Performance 

The CNN model was evaluated using standard metrics 
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for classification tasks. Table I summarizes the 
performance across different crop types between the early 
blight and late blight (5 % misclassification), which is 
expected to be due to their similar visual symptoms in the 
early stages. 

 

 
Fig. 4. Confusion Matrix for Tomato Disease Classification 
 

To evaluate the contribution of environmental data, we 
compared models trained with and without 
environmental features. Table II presents the results. 
 
TABLE II  IMPACT OF ENVIRONMENTAL DATA ON MODEL 
PERFORMANCE 
 

Crop Type Accuracy Precision Recall F1-Score 
Rice 94.2% 93.8% 92.5% 93.1% 

Wheat 92.7% 91.9% 90.8% 91.3% 
Tomato 95.8% 94.7% 95.2% 94.9% 
Potato 93.5% 92.1% 93.0% 92.5% 
Cotton 91.9% 90.5% 91.2% 90.8% 
Overall 93.7% 92.6% 92.5% 92.5% 

 

D. User Experience Evaluation 
A user study was done with 45 farmers of diverse 

back- grounds to evaluate the purpose of the system. 
Participants were asked to perform standard tasks and 
rate their experience on a scale of 1-5. Table III 
summarizes findings. 

In all aspects in the evaluation, high levels of 
satisfaction were detected, the highest rating was 
obtained with the recom- mended utility. This 
indicates that farmers found the  advice of the system 
particularly valuable for their disease management 
practices. 

 
 
 TABLE I MODEL PERFORMANCE METRICS 

 
Metric Image Only 

Image + 
Environmental Data 

Accuracy 89.4% 93.7% 
Precision 88.2% 92.6% 

Early Detection Rate 76.3% 85.8% 
False Positives 8.7% 5.3% 

 
The model achieved overall accuracy of 93.7 %with performance 
variation in various crop types. Vegetables like tomatoes showed 
high detection accuracy, possibly due to symptoms of more 
different disease than grain crops. 

B.​ Confusion Matrix 
An illusion matrix was generated to evaluate the perfor- mance of 
the model in differences between various diseases. Fig. 4 The 
generalized confusion for tomato diseases reflects 
matrix.Confusion Matrix shows that the model performs 
exceptionally well in identifying viral diseases (98 % accuracy) 
and healthy plants (97 % accuracy). Some confusion existsThe 
integration of environmental data resulted in a 4.3 % improvement 
in overall accuracy and an increase of 9.5% in the initial 
identification rate. It confirms the hypothesis that the 
environmental condition provides valuable reference tothe 
prediction of the disease, especially for diseases that show limited 
visual symptoms in early stages. 
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TABLE III USER EXPERIENCE EVALUATION RESULTS 
 

Aspect Average Rating 
(1-5) 

Ease of Navigation 4.6 
Image Upload Process 4.4 

Result Clarity 4.3 
Recommendation 

Usefulness 
4.7 

Overall Satisfaction 4.5 
 
 
 
 

IV.​ DISCUSSION 

A.​ Key Findings 
The development and evaluation of AgriGuard revealed    
 several important findings: 
•​ CNN Effectiveness: The high accuracy of CNN models 

with relatively limited training data for some disease 
categories confirms its suitability for crop disease 
classification. 

•​ Environmental Context:Significant improvement in pre- 
diction accuracy when incorporating environmental data 
highlights the importance of relevant information in dis- 
ease diagnosis. 

•​ Early Detection Capability: The system demonstrated the 
ability to identify diseases in initial stages when visual 
symptoms are subtle, providing a significant advantage 
over manual inspection. 

•​ User Acceptance: The system demonstrated the ability to 
identify diseases in the initial stages. When visible 
symptoms are subtle, provide a significant benefit on 
manual inspection. 

Despite the promising results, several limitations were  
identified: 
•​ Data Limitations:Training dataset, while broad, was 

uneven representation in various crop types and disease 
categories. 

•​ Environmental Data Granularity:The current imple- 
mentation depends on regional weather data rather than the 
field-specific measurements, potentially limit accu- racy to 
microclimate-sensitive diseases. 

•​ Connectivity Requirements: Web-based systems require 
internet connectivity for full functionality, which can be a 
barrier in remote agricultural areas. 

•​ Model Transferability: Display variations in various crop 
varieties suggest challenges in developing univer- sally 
applied models 

B.​ Future Work 
Based on the identified limitations and emerging 

opportunities, future development will focus on: 
•​ Dataset Expansion: Collecting more diverse and balanced 

training data for low -representing crops and diseases. 
•​ Mobile Integration: Developing a mobile application with 

offline capabilities to improve access to limited 
connectivity areas 

•​ IoT Sensor Integration: Real time, including direct 
input from field sensors for plot-specific environmental 
monitoring. 

•​ Predictive Modeling: Extending the system to predict 
the outbreak of the disease based on weather 
forecasting and historical pattern.. 

•​ Treatment Effectiveness Tracking: Increase the 
response system to track and improve the effectiveness 
of recommended remedies over time. 

V.​ CONCLUSION 
Agriguard, which applies artificial intelligence to 

agricultural challenges, represents a significant progress. By 
combin- ing CNN-based image analysis with environmental 
data pro- cessing, system treatment obtains high accuracy in 
detection by providing relevant recommendations for 
treatment options. The results of the evaluation suggest that 
the system fulfills its primary objectives of initial identity, 
accurate diagnosis and actionable recommendations. The 
positive user response further confirms that the solution 
addresses real requirements in the agricultural community 
and is presented in an accessible format for users. 

The integration of AI technologies in agriculture has the 
ability to change farming practices, making them more 
efficient, durable and flexible. Agriguard contributes to this 
change by strengthening farmers with timely information 
and expert guidance, ultimately helps reduce crop losses, 
reduce chemical use and improve agricultural productivity. 

Since climate change and population growth continue to 
pressure global food systems, technologies such as agriguard 
will play an important role in ensuring food security and 
supporting permanent agricultural practices. The focus will 
be on increasing the capabilities of the system in future 
development, expanding its crop coverage and improving its 
access to more agricultural communities worldwide. 
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