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Abstract—Natural events can seriously affect farming 

output and create sudden financial stress for cultivators. 

When this happens, compensation requests are 

commonly submitted through crop insurance programs. 

In many regions, confirming whether the reported loss is 

genuine still depends on field visits and handwritten 

assessments. This procedure may become slow when 

many requests arrive at the same time and can also vary 

according to individual judgement. The present study 

develops Agrishield AI, a digital framework for 

supporting claim validation through data-driven 

analysis. Instead of relying only on physical inspection, 

the system observes farmland conditions using earth 

observation images captured at separate time intervals. 

Changes in plant growth indicators are examined to 

identify possible damage patterns after a reported event. 

Decision models then help categorize each request for 

acceptance, rejection, or further scrutiny. A web-based 

application is developed to enable seamless interaction 

between farmers, researchers, and insurance 

administrators. Farmers can submit insurance claims by 

providing farm details and geographic boundaries. The 

system then retrieves satellite data using Google Earth 

Engine and performs NDVI-based analysis. Machine 

learning models such as Logistic Regression and Random 

Forest are applied to classify claims into categories such 

as acceptance, rejection, or manual review. The proposed 

system improves the efficiency, accuracy, and 

transparency of the crop insurance process by reducing 

manual intervention and supporting data-driven 

decision-making. It also enables large-scale agricultural 

monitoring and helps reduce fraudulent claims, thereby 

benefiting both farmers and insurance providers. 

 

Index Terms—Crop Insurance, Satellite Imagery, NDVI, 

Machine Learning, Google Earth Engine, Claim 

Verification. 

 

I. INTRODUCTION 

 

Food production depends greatly on farming activities, 

making agriculture essential for both society and the 

economy. Many households earn their living through 

cultivation, crop sales, and related rural work. In India, 

a large share of the population is connected to 

agriculture either directly or through supporting 

sectors. Yet farm income is uncertain because crops 

react strongly to outside conditions. Irregular rain, 

water shortage, poor soil moisture, insects, disease 

spread, storms, and heat stress can reduce plant growth 

and lower harvest quantity. When such events occur, 

farmers may face sudden financial difficulty. 

Insurance support programs were created to provide 

relief after crop loss. Even so, confirming damage 

claims is still handled through conventional 

procedures in many places. Verification teams often 

need to visit land parcels, inspect visible conditions, 

collect notes, and submit reports for approval. This 

workflow can become slow during seasons with many 

applications. It may also require more manpower and 

travel costs. Since decisions rely heavily on individual 

observation, results may differ from one officer to 

another. Covering distant or large agricultural areas 

within a short time is another challenge, which can 

delay compensation and reduce confidence in the 

process. Recent technological progress in earth 

observation has created new opportunities for 

monitoring farmland over wide regions. Images 

collected from satellites at regular intervals make it 

possible to study crop changes without visiting every 

field physically. Vegetation behaviour can be analysed 

using indicators such as the Normalized Difference 

Vegetation Index, which reflects plant health and helps 



© May 2026 | IJIRT | Volume 12 Issue 12 | ISSN: 2349-6002 

IJIRT 200157 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 489 

detect stress or damage after adverse events. The 

proposed work introduces a digital crop insurance 

verification framework that combines remote sensing 

information with intelligent prediction methods. 

Satellite records are examined to estimate the level of 

field loss, while an online portal is used for claim 

registration and administrative review. By replacing 

many manual steps, the model supports quicker 

decisions, more reliable assessments, lower 

operational effort, and a clearer evidence-based claim 

process. 

 

II. LITERATURE SURVEY 

 

A. Satellite-Based Crop Monitoring Using NDVI and 

Remote Sensing 

Authors: Zhang Y., Li X., Wang H, Year: 2021 

This study focuses on the use of NDVI derived from 

satellite imagery to monitor crop health and detect 

vegetation stress. By analyzing multi-temporal 

satellite data, the system effectively identifies changes 

in vegetation patterns. The research highlights the 

importance of NDVI in large-scale agricultural 

monitoring and its ability to support decision-making 

processes. 
 

B. Crop Damage Assessment Using Machine 

Learning and Satellite Data 

Authors: Kumar S., Patel R., Singh A, Year: 2021 

This paper presents a method for assessing crop 

damage using machine learning algorithms combined 

with satellite imagery. NDVI and other vegetation 

indices are used as input features to train models such 

as Random Forest and Support Vector Machines. The 

results show improved accuracy in detecting crop 

damage caused by natural disasters 
 

C. Deep Learning Approach for Agricultural 

Monitoring Using Satellite Imagery 

Authors: Chen L., Zhao Q., Liu M, Year: 2022 

This research explores the use of deep learning 

techniques for analyzing satellite imagery in 

agriculture. Convolutional Neural Networks (CNNs) 

are used to detect crop patterns and assess vegetation 

health. The study demonstrates improved performance 

in identifying crop stress and environmental changes. 
 

D. Automated Crop Insurance Claim Verification 

Using Remote Sensing 

Authors: Reddy K., Sharma P., Verma N, Year: 2022 

This study proposes an automated system for verifying 

crop insurance claims using satellite data and NDVI 

analysis. The system reduces dependency on manual 

inspections and improves the speed and accuracy of 

claim verification. The research highlights the 

potential of integrating remote sensing with insurance 

systems. 
 

E. NDVI-Based Vegetation Analysis for Crop Health 

Monitoring 

Authors: Singh, D., Mehta, P., Kaur, J, Year: 2022 

This paper discusses the application of NDVI for 

monitoring vegetation health and detecting crop stress. 

By analyzing satellite images over time, the study 

identifies variations in crop conditions. The results 

confirm that NDVI is a reliable indicator for 

agricultural monitoring. F. On Financial Market 

Correlation Structures and Diversification Benefits 

Across and Within Equity Sectors. 
 

F. Integration of GIS and Machine Learning for 

Smart Agriculture 

Authors: Ahmed T., Khan S., Rahman M, Year: 2023 

This research combines Geographic Information 

Systems (GIS) with machine learning to improve 

agricultural monitoring and decision-making. The 

system uses spatial data and predictive models to 

analyze crop conditions and environmental factors, 

demonstrating enhanced efficiency in agricultural 

management. 
 

G. Cloud-Based Geospatial Analysis Using Google 

Earth Engine 

Authors: Brown J., Wilson R., Clark E, Year:2023 

This paper highlights the use of Google Earth Engine 

for large-scale geospatial data analysis. It enables 

efficient processing of satellite imagery for 

applications such as crop monitoring and 

environmental assessment. The study emphasizes the 

advantages of cloud computing in handling big data. 
 

H. Machine Learning Models for Crop Yield and 

Damage Prediction 

Authors: Gupta R., Sharma V., Jain P, Year:2024 

This study investigates the use of machine learning 

models for predicting crop yield and damage. 

Algorithms such as Logistic Regression and Random 

Forest are used to analyze agricultural data. The results 

show improved prediction accuracy and better 

decision-making capabilities. 
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I. Real-Time Crop Monitoring Using Satellite Data 

and AI 

Authors: Lee H., Kim S., Park J., Year:2024 

This research focuses on real-time crop monitoring 

using satellite imagery and artificial intelligence. The 

system continuously analyzes vegetation indices and 

detects crop stress conditions, demonstrating the 

effectiveness of AI in improving agricultural 

monitoring systems. 
 

J. Intelligent Crop Insurance System Using Remote 

Sensing and Machine Learning 

Authors: Karthikeyan L., Kumar P., Rajesh S, 

Year:2025 

This paper proposes an intelligent crop insurance 

system that integrates satellite data, NDVI analysis, 

and machine learning. The system automates claim 

verification and reduces fraud by providing accurate 

damage assessment. The research highlights the 

benefits of digital transformation in agricultural 

insurance. 

 

III. EXISTING SYSTEM 

 

The current crop insurance claim verification system 

primarily relies on traditional and manual methods. 

When farmers report crop damage due to natural 

disasters such as floods, droughts, or pest attacks, 

insurance officials are assigned to conduct physical 

inspections of the affected fields. 

During this process, field officers visit the agricultural 

sites, observe crop conditions, and prepare assessment 

reports based on visual inspection. These reports are 

then submitted to insurance authorities for further 

evaluation and claim approval. In some cases, 

historical records and basic farm data are also 

considered during decision-making Although this 

approach is widely adopted, it is not efficient for large-

scale agricultural regions. The process requires 

considerable time and manpower, especially when 

multiple claims are filed simultaneously. As a result, 

delays in claim processing are common, which affects 

farmers who depend on timely financial assistance. 

 

3.1 Disadvantages of the Existing System 

The existing crop insurance claim verification system 

has several limitations due to its reliance on manual 

processes. The process of inspecting crop damage 

requires field officers to physically visit the affected 

locations, which makes it time-consuming and labour-

intensive. This also increases operational costs due to 

travel and manpower requirements. Since assessments 

are based on visual observation, the system is prone to 

human errors and inconsistent evaluations, leading to 

inaccurate claim decisions. 

In addition, the system faces difficulties in monitoring 

large agricultural areas, especially when multiple 

claims are reported at the same time. This results in 

delays in claim verification and settlement, affecting 

farmers who depend on timely financial support. The 

lack of transparency in decision-making further 

increases the risk of fraudulent claims. Moreover, 

inefficient data management and dependency on field 

officer availability make the system less reliable and 

less scalable for modern agricultural needs. 

 

IV. PROPOSED SYSTEM 

 

This work presents an automated framework for 

verifying crop insurance requests through digital 

analysis instead of depending mainly on physical 

inspections. The model uses satellite observations, 

vegetation-based indicators, and learning algorithms 

to study field conditions after a reported incident. Its 

purpose is to make claim evaluation quicker, more 

consistent, and easier to manage across large farming 

regions. Under this approach, farmers access an online 

portal to register their requests and enter required 

information such as applicant details, cultivated crop, 

and land position. The farm area can be marked 

through an interactive map so that exact boundaries are 

captured. After submission, the platform connects with 

Google Earth Engine to obtain image records for the 

selected location and relevant time periods. 

The system evaluates NDVI readings for the chosen 

farmland using satellite images captured before and 

after the reported calamity. A comparison of these 

readings helps determine the probable extent of crop 

loss. To support claim processing, machine learning 

methods such as Logistic Regression and Random 

Forest categorize applications into approved, declined, 

or cases needing additional verification. 

The platform also offers dedicated dashboards for 

researchers and insurance authorities. Researchers can 

study vegetation patterns and prepare analytical 

reports, while administrators can inspect submitted 

requests and issue final decisions. This combined 
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framework enables a faster, transparent, and evidence-

based insurance claim verification process. 

 

4.1 Advantages of the Proposed System: 

This innovative framework modernizes the way 

agricultural insurance requests are examined and 

approved. Traditional approaches often depend on 

manual verification, delayed inspections, and heavy 

paperwork, whereas this system uses advanced digital 

resources for quicker processing. Remote field 

observations are used to study crop conditions after 

reported incidents, helping officials understand 

possible losses in less time. Reduced travel 

requirements and lower manpower usage also decrease 

administrative burden and operational spending. 

Another valuable feature is its capacity to handle 

numerous farmland locations across large geographic 

regions through a centralized platform. This makes the 

solution suitable for small villages as well as wider 

state-level adoption. Faster analysis can support early 

compensation release, allowing cultivators to recover 

more quickly after damage. Since decisions are based 

on measurable evidence and automated workflows, the 

chances of false requests, favoritism, or unclear 

judgement become much lower. 

The platform also improves consistency because all 

applications follow the same structured review 

method. Digital storage of records simplifies 

documentation, future reference, and report 

generation. Less dependence on field survey teams 

makes expansion easier when the number of users 

increases. Overall, the system creates a reliable, 

efficient, and scalable method for present and future 

agricultural insurance administration. 

 

V. SYSTEM REQUIREMENTS 

 

The successful implementation of this project depends 

on suitable hardware and software resources that can 

support image interpretation, intelligent prediction 

modules, storage functions, and browser-based access. 

Proper system configuration is important for 

maintaining stable execution during coding, testing, 

and final usage. These requirements help the platform 

perform smoothly when handling multiple operations 

such as data preparation, analytics, and online claim 

management activities. 

 

Personal Computer / Laptop: A desktop workstation or 

notebook device is required as the main development 

environment for building and operating the 

application. It is used for writing program code, 

managing project files, executing analytical scripts, 

preparing training datasets, and launching the web 

portal. A device with dependable speed and enough 

memory capacity is recommended for uninterrupted 

multitasking and efficient workflow. 
 

Processor (CPU): A recent generation multi-threaded 

processor such as Intel Core i5, Intel Core i7, AMD 

Ryzen 5, or AMD Ryzen 7 is advisable for better 

performance. The processor carries out mathematical 

operations, feature extraction, model training, raster 

computations, and general application tasks needed for 

the complete functioning of the proposed system. 
 

RAM (Memory): At least 8 GB memory capacity is 

necessary for normal operation, while 16 GB or above 

is preferred for improved speed and smoother 

execution. Memory resources are important for 

loading large image collections, running multiple 

processes, and maintaining stable performance during 

model training and application usage. 
 

Storage: A solid-state drive with 512 GB capacity or 

more is suggested for quick file access and responsive 

system behavior. Storage space is required for keeping 

raw datasets, project source files, saved prediction 

models, reports, and supporting application resources. 
 

Internet Connection: Reliable network connectivity is 

essential for connecting with online resources, remote 

platforms, and external data services used to obtain 

satellite observations and related information. Stable 

internet access also supports updates, synchronization, 

and web portal availability. 
 

Operating System: Windows 10, Windows 11, or a 

Linux-based platform can be used to run the project 

environment. These operating systems provide 

compatibility for development packages, server tools, 

and required software dependencies. 
 

Programming Language: Python serves as the core 

language for implementing server-side logic, 

analytical workflows, intelligent prediction modules, 

and automated data handling operations. 
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Backend Frameworks: FastAPI or Flask can be 

selected to build web services and application 

endpoints that link interface components with internal 

processing modules. 
 

Frontend Technologies: React.js together with 

HTML5, CSS3, and JavaScript is used to design a 

dynamic, user-friendly, and responsive interface for 

different users. 
 

Machine Learning: Scikit-learn supports the creation 

of predictive models including Logistic Regression, 

Random Forest, and other classification techniques 

required in the project. 
 

Data Processing Libraries: NumPy and Pandas are 

utilized for matrix operations, structured data 

handling, cleaning tasks, and transformation of project 

datasets. 
 

Visualization Tools: Matplotlib is applied to create 

charts, graphs, and visual summaries for vegetation 

trends and crop condition interpretation. 
 

Satellite Data Platform: Google Earth Engine is 

employed to access remote sensing collections, 

process imagery, and generate vegetation indicators 

for analysis. 
 

Mapping Library: Leaflet.js enables interactive maps, 

land parcel marking, and region boundary selection 

within the web application. 
 

Version Control System: Git is used to record code 

modifications, manage collaboration, and maintain 

different development versions efficiently. 
 

Development Environment (IDE): Visual Studio Code 

or PyCharm may be used for writing programs, 

debugging errors, testing modules, and managing the 

complete project workflow. 

 

VI. ADVANTAGES 

 

This modern insurance verification model delivers 

clear benefits when compared with conventional crop 

claim assessment practices. It supports better 

productivity, dependable outputs, transparent 

operations, and wider coverage for agricultural 

monitoring through digital technologies. The platform 

speeds up claim handling by using automated field 

condition evaluation based on remotely collected 

images and vegetation indicators, which greatly 

shortens waiting periods compared with physical 

inspection methods. It also lowers workforce 

involvement and daily operating expenses by reducing 

travel requirements, repeated surveys, and manual 

verification activities. 

Remote sensing information improves the correctness 

of crop loss estimation through scientific plant 

condition measurement, helping to avoid many 

common human mistakes. Moreover, the framework 

can supervise broad farming territories efficiently, 

making it suitable for large implementations that older 

claim verification methods cannot manage easily. 

Transparency is strengthened because claim outcomes 

rely on measurable digital evidence, which builds 

confidence among cultivators and insurance 

organizations. The inclusion of machine learning 

models helps sort applications intelligently, improving 

decision speed and reducing reliance on subjective 

human judgement. The platform also supports rapid 

data processing, allowing early identification of field 

damage and quicker action from concerned 

authorities. An easy-to-use web portal provides 

convenient access for farmers, analysts, and 

administrators. In addition, satellite-based validation 

helps control false claims and promotes equal 

assessment standards. 

All information is maintained in digital format, 

improving record organization and removing paper-

based work. The framework is adaptable and can later 

be upgraded with modern technologies such as neural 

networks, drone imaging, and live weather data 

integration. 

 

VII. APPLICATIONS 

 

This project can be adopted in many practical 

environments where crop conditions, land 

productivity, and farmer support systems need 

continuous observation. It connects digital imaging 

methods with decision support tools, making it useful 

beyond only insurance work. 

For compensation processing, organizations may use 

the platform to inspect farmland loss evidence without 

waiting for time-consuming manual visits. By 

studying image patterns from above-ground sources, 

they can respond faster to requests related to damaged 

cultivation areas. Research centers and technical 
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institutions may also use the same system for studying 

crop cycles, seasonal land behavior, and plant growth 

variation. During unexpected events such as water 

shortage, severe rainfall, pest spread, or storm damage, 

the platform helps estimate affected cultivation zones. 

Administrative bodies can rely on these results while 

planning relief measures, distributing aid, or reviewing 

support schemes for rural communities. 

The system is equally useful for advanced farm 

management. Growers can receive condition alerts and 

vegetation insights that assist with irrigation timing, 

nutrient application, crop planning, and productivity 

improvement across future growing seasons. 

 

VII. CONCLUSION 

 

The development of this project highlights how 

modern digital tools can reshape agricultural support 

services in a practical manner. Instead of depending 

mainly on traditional survey teams, the presented 

framework uses automated computational workflows 

to examine farmland conditions and support 

compensation procedures. This approach can save 

time, lower repeated administrative effort, and create 

a smoother experience for both farmers and insurance 

organizations. It also shows how technology can be 

introduced into rural systems with greater efficiency. 

The platform combines image resources, vegetation 

behavior indicators, and intelligent prediction methods 

to generate useful claim-related insights. By studying 

field conditions across different time periods, the 

system can assist in identifying possible crop stress 

and damage levels after adverse events. Smart 

classification modules help separate applications into 

suitable categories for quicker processing. In future, 

the same framework can be expanded with weather 

feeds, mobile alerts, drone surveys, multilingual 

access, and stronger analytics, making it a scalable 

solution for next-generation agricultural insurance 

management. 

The online service portal creates a single access point 

for people involved in the compensation workflow, 

including land cultivators, technical reviewers, and 

management staff. Users can enter request details, 

check progress updates, and interact with records 

without visiting offices physically. Supervisory teams 

can inspect stored information, compare generated 

summaries, and coordinate actions through a 

structured digital environment. This improves 

convenience, communication flow, and overall service 

handling. In summary, the project offers a modern 

pathway for handling agricultural loss requests with 

better speed and clearer documentation. It can help 

rural communities receive support earlier while 

enabling institutions to organize large numbers of 

applications more effectively. Future expansion may 

introduce language personalization, smartphone 

integration, weather alerts, aerial survey inputs, 

smarter prediction engines, and stronger reporting 

features, allowing continuous growth of technology-

enabled farm protection systems. 

 

VIII. FUTURE SCOPE 

 

The proposed Satellite-Based Crop Insurance Claim 

Verification System offers wide opportunities for 

future growth and technical improvement. As remote 

sensing tools, intelligent computing methods, and 

digital analytics continue to advance, the platform can 

evolve into a more responsive, accurate, and large-

scale solution for agricultural support services. Future 

versions may deliver quicker outputs, stronger 

automation, and better performance across diverse 

farming environments. 

In coming years, the framework can be connected with 

live climate forecasting sources to estimate possible 

crop stress caused by rainfall changes, heat conditions, 

wind events, or seasonal disturbances. Such 

integration can support early warning mechanisms and 

smarter planning for cultivators, insurance agencies, 

and administrative departments before severe losses 

occur. Advanced neural network techniques can be 

added in future versions to improve crop recognition 

and field damage identification from detailed image 

sources. These intelligent models are capable of 

learning complex visual patterns, which can 

strengthen analysis quality and provide better 

understanding of varying agricultural conditions 

across regions. 

The framework may also expand through aerial image 

support using unmanned flying devices, helping 

capture closer and location-specific farm observations. 

In addition, smart sensor networks placed in fields can 

transmit live soil, moisture, and environmental 

readings, allowing more accurate and timely decisions 

during claim evaluation. Another possible 

enhancement is the use of secure distributed record 

systems to improve trust, protect stored information, 
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and reduce manipulation during compensation 

processing. Dedicated mobile applications can also be 

introduced so rural users can access services, submit 

requests, and receive updates more conveniently from 

their phones. 

Overall, the long-term potential of the project is 

strong, with opportunities to become a fully digital, 

intelligent, and continuously operating platform for 

agricultural protection, field monitoring, and farmer 

support services. 
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