
ISSN (O) 2278-1021, ISSN (P) 2319-5940  IJARCCE 

International Journal of Advanced Research in Computer and Communication Engineering 

Impact Factor 8.102Peer-reviewed & Refereed journalVol. 14, Issue 4, April 2025 

DOI:  10.17148/IJARCCE.2025.14485 

© IJARCCE                This work is licensed under a Creative Commons Attribution 4.0 International License                 608 

Insurance Amount Prediction Based On 

Accidental Car Damage Level Using Ai 
 

M.Maheswari1, Ajayganesh.V2, Chandru.B3 

Assistant Professor, Department of Computer Science and Engineering, Anand Institute of Higher Technology 

kazhipattur, Chennai1 

Department of Computer Science and Engineering, Anand Institute of Higher Technology kazhipattur, Chennai2 

 

Abstract: Accurate prediction of insurance payouts for car damage is essential for fair and efficient claim settlements in 

the insurance industry. This project introduces an innovative approach that leverages Generative Adversarial Networks 

(GANs) and deep learning techniques to estimate insurance amounts based on the severity of car damage. The system 

employs a GAN framework, where the generator creates synthetic images of damaged cars with varying severity levels, 

and the discriminator enhances the model's ability to recognize intricate damage patterns. These synthetic images are 

used to augment the training dataset, improving the model's performance. Features extracted from the images, combined 

with structured data such as car make, model, and accident details, are used to predict the insurance payout. This AI-

driven method enhances prediction accuracy, reduces reliance on large labeled datasets, and improves generalization to 

new and complex damage scenarios. Automating the assessment process increases efficiency, reduces fraud, and ensures 

faster and more consistent claim processing. 
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I.INTRODUCTION 

 

The insurance sector is vital in offering financial security to individuals and businesses when accidents or damages occur. 

A significant challenge in this field is the accurate evaluation of car damage and the prediction of appropriate insurance 

payouts to ensure fair and efficient claim settlements. Conventional methods for assessing damage often depend on 

manual inspections and limited data, which can result in inconsistencies, delays, and errors. emphasizes how AI-driven 

approaches can overcome these challenges, providing a more scalable, automated, and consistent solution for car damage 

assessment and insurance payout estimation. This survey aims to offer a detailed overview of the current advancements 

in AI applications within the insurance industry and their potential to transform the way claims are processed. 

 

II.RELATED WORK 

 

Early work in automated car damage assessment focused on visual recognition using CNNs , though traditional machine 

learning models struggled with complex damage scenarios. Subsequent studies improved part-specific damage detection, 

laying the groundwork for localized feature extraction. 

 

Existing related work 

 EXISTING 

WORK 

ADVANTAGE DATA USED 

 Part-specific 

damage 
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Localized feature 
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However, with the rapid progress in artificial intelligence (AI) and deep learning technologies, there is now a promising 

opportunity to automate and enhance the precision of car damage assessment and insurance payout estimation. 

 

This survey report investigates the application of advanced AI techniques, specifically Generative Adversarial Networks 

(GANs) and Convolutional Neural Networks (CNNs), for evaluating car damage and predicting insurance amounts. 

GANs are used to create synthetic images of car damage, which helps in building diverse and realistic training datasets. 
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CNNs, on the other hand, are employed to analyze car damage images and extract critical features that determine the 

severity of the damage.  

By integrating these technologies, the proposed system aims to improve the accuracy of insurance payout predictions, 

reduce the need for extensive labeled datasets, and streamline the claim settlement process.realistic training datasets. 

CNNs, on the other hand, are employed to analyze car damage images and extract critical features that determine the 

severity of the damage. By integrating these technologies, the proposed system aims to improve the accuracy of insurance 

payout predictions, reduce the need for extensive labeled datasets, and streamline the claim settlement process. 

 

The report also addresses the shortcomings of current systems, such as their reliance on traditional machine learning 

models 

Fast/Faster R-CNN Improved object 

localization 

PASCAL VOC 

Deformable CNNs Handles geometric 

variations in damage 

COCO/Custom 

dataset 

 

To address data scarcity, researchers developed vision-centric datasets and advanced object detection techniques , which 

enhanced damage localization and classification accuracy. These efforts highlighted the need for scalable solutions to 

handle diverse damage patterns. 

Recent innovations integrate multi-modal data (images and structured inputs)  and adaptive architectures like deformable 

convolutions , offering pathways to refine damage assessment systems further. These advancements prediction 

framework proposed in this work. 

 

Data Augmentation with GANs: GANs are employed to augment the dataset by generating realistic yet artificial images 

representing varied damage types. This data augmentation approach enhances the model's ability to identify rare or 

complex accident patterns. GANs create synthetic images by introducing controlled distortions, ensuring the model can 

predict insurance amounts even in situations where specific damage types are underrepresented in the dataset. 

and limited data augmentation capabilities. It inform the synthetic data generation and multi-model. 

 

Table 3.1 Comparison of Proposed System and Traditional Methods 

 

Aspect 

 

Proposed System 

Traditional Methods 

Data Collection Uses real and GAN-

generated data. 

Relies on real-world 

data. 

Preprocessing Resizing, noise 

reduction, 

segmentation. 

Basic resizing, noise 

reduction. 

Feature Extraction CNNs extract damage 

features. 

Manual inspection. 

 

III.METHODOLOGY 

 

The methodology for the proposed system involves multiple stages to ensure accurate prediction and efficient processing. 

The following steps outline the complete workflow: 

 

Data Collection: Real-world accident datasets containing vehicle images and corresponding insurance payout 

information are gathered from various sources, including insurance companies, public accident databases, and research 

archives. This ensures a diverse collection of damage patterns, car models, and insurance values. Since real-world datasets 

may be limited, the system employs GANs to generate synthetic images that depict various accident scenarios, improving 

the model's ability to generalize to unseen damage types. These synthetic images simulate different damage patterns like 

scratches, dents, and broken parts, providing a robust dataset for model training. 

 

Image Preprocessing: Collected images often have variations in lighting, angles, and background noise. To improve 

image quality, preprocessing techniques such as image resizing, noise reduction using Gaussian filters, and contrast 

enhancement are applied. Additionally, damaged areas are identified and isolated using edge-detection algorithms. These 

segmented portions improve feature extraction by ensuring the model focuses only on the most relevant portions of the 

image. 
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Feature Extraction: Convolutional Neural Networks (CNNs) play a crucial role in identifying damage patterns. The 

CNN model is trained to recognize key damage characteristics such as dent size, scratch depth, and visible part 

deformation. The model converts the processed images into structured feature maps, which encode meaningful data about 

the damaged regions for damage severity and insurance amounts. 

 

Data 

Augmentation 

GANs improve 

model 

robustness. 

No 

augmentation. 

Regression 

Model 

Combines CNN 

features with 

data. 

Fixed rules or 

linear models. 

Evaluation Fine-tuned using 

RMSE, accuracy. 

Relies on manual 

assessment. 

 

Regression Model Training: The extracted features, combined with structured data such as car make, model, and 

accident details, are used to train a regression model. This model effectively maps the collected features to the 

corresponding insurance payout values. The integration of image-based features and structured data improves the model's 

ability to capture complex relationships between require manual data entry and assessment, increasing the risk of errors 

and slowing the evaluation process.  

Regression are commonly employed to predict insurance payouts. These algorithms operate using predefined rules and 

may struggle to adapt to unique or complex damage cases. As. 

 

Database Management Systems (DBMS): Systems such as MySQL and MongoDB are often used for managing 

accident data, customer profiles, and insurance claim information. While these systems are effective in handling 

structured data, they are less efficient in processing large-scale image datasets. 

Manual Assessment Tools: Tools like Microsoft Excel and custom-built insurance platforms are widely employed for 

claim calculations. These methods 

 

IV.SYSTEM ARCHITECTURE 

 

The system architecture of the project can be categorized into five main types: 

1. Input Layer (Data Collection & Preprocessing) 

The first stage involves collecting input from the user, where accident images and relevant details, such as vehicle type 

and accident location, are uploaded. These inputs undergo preprocessing, which includes image resizing, noise 

 

Evaluation and Optimization: To ensure reliable performance, the model is evaluated using multiple metrics such as 

Root Mean Square Error (RMSE), accuracy, and precision. The system undergoes iterative fine-tuning, adjusting 

hyperparameters and model layers to achieve optimal performance and minimize prediction errors. This iterative process 

improves both model generalization and prediction consistency. 

 

V.TECHNOLOGIES USED IN EXISTING SYSTEM 

 

The technologies integrated into the existing system include the following: 

Image Processing Tools: Traditional systems frequently use OpenCV for processing images. This tool is utilized to 

resize images, reduce noise, and apply edge detection to outline visible damage. Although OpenCV efficiently handles 

these basic tasks, its capabilities are limited when identifying complex damage patterns or analyzing intricate details 

within the image. 

 

Table 4.1 Comparison of Proposed System and Traditional Methods 

Technology Advantage Disadvantage 

Image Processing 

(OpenCV) 

Enhances image 

clarity 

Limited for complex 

damage 

Machine Learning 

Models 

Works for structured 

data 

Struggles with variable 

damage 

Database Management Efficient for textual 

data 

Poor for image storage 

Manual Assessment 

Tools 

Simple for 

calculations 

Prone to human error, 

slow 
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Machine Learning Algorithms: Models such as Decision Trees, Random Forests, and Linear a result performance tends 

to decline when dealing with diverse accident scenarios. 

reduction, and segmentation to enhance image quality. Normalization techniques are also applied to standardize the 

images for further processing. 

 

2. Feature Extraction & Data Processing 

In this phase, convolutional neural networks (CNN) are used to extract essential features from accident images. The 

model identifies patterns such as scratches, dents, and cracks, which are crucial for damage assessment. Additionally, 

data augmentation techniques, specifically Generative Adversarial Networks (GAN), generate synthetic images to 

balance the dataset and improve model accuracy. This ensures the model can generalize well across different accident 

scenarios.To further enhance the model’s robustness, transfer learning is applied using pre-trained CNN architectures 

such as ResNet, VGG, or EfficientNet. These architectures help in capturing intricate details in vehicle damage images 

with minimal computational cost. Moreover, advanced image preprocessing techniques, including contrast enhancement 

and edge detection, refine input data, making it easier for the model to distinguish between varying damage types. 

allows insurance companies to automate claim approvals based on AI-driven predictions. The model is evaluated using 

metrics such as accuracy and Root Mean Squared Error (RMSE) to ensure its reliability. By leveraging AI and deep 

learning, the system provides an efficient and accurate approach to accident damage assessment and insurance claim 

estimation. 

 

VI.IMPLEMENTATION MODULES 

 

AccuVision: Accident Image Acquisition and Processing 

The AccuVision module is responsible for acquiring accident images and vehicle details uploaded by users. It ensures 

that images captured from mobile devices or dashcams are seamlessly processed for damage assessment. By maintaining 

high-resolution input quality and standardizing image formats, this module lays the groundwork for accurate damage 

prediction. The processed images are directly passed 

 

. Damage Level Classification 

The extracted features are used to classify the damage into four severity levels: Minor, Moderate, Intermediate, and 

Severe. Minor damage consists of small scratches or dents, while moderate damage includes more visible but repairable 

impacts. Intermediate damage falls between moderate and severe, requiring further evaluation. Severe damage is 

extensive and significantly affects the vehicle’s structure. A deep learning classifier, built using CNN, performs this 

classification to determine the extent of the accident damage. 

 

 
 

4. Insurance Claim Amount Prediction 

Once the damage severity is classified, a regression model is employed to estimate the insurance claim amount. This 

model, based on machine learning techniques such as Linear Regression, Random Forest, or XGBoost, takes into account 

multiple factors, including damage severity, vehicle age, repair cost trends, and past claim records. Additionally, GAN-

based anomaly detection is implemented to identify fraudulent claims, ensuring fair and accurate claim processing. 
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Deployment & Integration 

The final stage involves deploying the model through  an API that integrates with insurance platforms. This categorizing 

them into meaningful patterns. This into the AI pipeline, ensuring a streamlined and efficient insurance evaluation 

process. 

 

RefineFrame: Image Preprocessing and Enhancement 

The RefineFrame module optimizes image quality by applying essential preprocessing techniques. It converts images 

to grayscale to enhance contrast and minimize computational overhead. Noise reduction techniques like Gaussian 

filtering remove unnecessary distortions, while adaptive thresholding enhances damage visibility. Additionally, the 

module resizes images to an optimal resolution, ensuring uniformity in data processing. These enhancements prepare the 

images for precise feature extraction, improving the reliability of subsequent damage classification. 

 

ImpactSense: Damage Feature Extraction and Categorization 

The ImpactSense module extracts key damage-related features using deep learning techniques such as Convolutional 

Neural Networks (CNN). It identifies crucial  

 

VII.  RESULT AND DISCUSSION 

 

The proposed system automates accident damage assessment using AI, categorizing damage into Minor, Moderate, 

Intermediate, and Severe. The regression model accurately predicts insurance claims, minimizing manual effort. 

Validation with real accident images showed high accuracy in damage classification and claim estimation. The fraud 

detection module effectively identified anomalies, preventing false claims. The system demonstrated a strong correlation 

between predicted and actual insurance amounts, confirming its reliability. 

This AI-driven approach improves efficiency, accuracy, and speed over manual evaluations. Deep learning ensures 

consistent damage assessment, reducing subjectivity. However, factors like image quality and lighting conditions affected 

classification in some cases. Future enhancements 

module ensures robustness against varying lighting conditions, vehicle colors, and angles. By leveraging AI-driven 

feature detection, the system can distinguish between different types of damages, forming the foundation for severity 

classification. 

 

SeverityScale: Damage Level Prediction and Classification 

The SeverityScale module classifies accident damage into four distinct categories: Minor, Moderate, Intermediate, 

and Severe. A deep learning classification model analyzes the extracted features and assigns a severity label based on 

damage intensity. This categorization is crucial for estimating the potential repair cost and guiding the insurance claim 

assessment process. By incorporating real-world training data, SeverityScale ensures high accuracy and adaptability 

across diverse accident scenarios. 

 

ClaimPredict: Insurance Amount Estimation 

The ClaimPredict module utilizes machine learning regression techniques to predict the insurance claim amount based 

on the classified damage severity. Factors such as vehicle type, repair costs, past claim records, and damage intensity are 

considered in the estimation. This module ensures fair and data-driven claim assessments, reducing manual effort and 

enhancing the efficiency of insurance processing 

 

PolicyTrack: Claim Processing and Data Management 

The PolicyTrack module manages the end-to-end claim processing workflow. Once an insurance amount is predicted, it 

is logged into a structured database, allowing insurers to review, approve, or reject claims efficiently. This module 

integrates with cloud-based systems for seamless access and real-time claim tracking. Additionally, it enables insurers to 

generate detailed reports and monitor claim trends over time will focus on better preprocessing, dataset expansion, and 

fraud detection. The system offers a scalable, automated solution for faster, more accurate insurance claims. 

 

VIII.  PERFORMANCE EVALUATION 

 

The system’s performance was assessed based on its accuracy, efficiency, and reliability in predicting insurance claim 

amounts. The damage classification model demonstrated high accuracy in categorizing accident severity levels, ensuring 

precise assessment. The regression model showed a strong correlation between predicted and actual claim amounts, 

validating its effectiveness. The fraud detection module successfully identified anomalies, reducing the risk of false 

claims. 
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The system processes claims faster than traditional methods, significantly reducing manual effort. However, factors such 

as image quality, lighting variations, and complex damage patterns impacted classification accuracy in some cases. Future 

improvements will focus on enhanced preprocessing 

 

IX.  CONCLUSION 

 

The proposed AI-based system enhances insurance claim prediction by accurately classifying accident damage and 

estimating claim amounts. By integrating deep learning models, image preprocessing, and fraud detection mechanisms, 

the system improves efficiency, accuracy, and processing speed, reducing the reliance on manual assessments. While 

factors like image quality and environmental variations pose challenges, future improvements in data preprocessing, 

model optimization, and dataset expansion will further enhance performance. This scalable and automated approach 

streamlines claim processing, minimizes fraud, and ensures a reliable insurance evaluation system. 

 

X.  FUTURE TRAJECTORY 

 

The system can be further enhanced by integrating advanced image preprocessing techniques to improve damage 

detection accuracy under varying lighting and environmental conditions. Expanding the training dataset with more 

diverse accident scenarios will enhance model generalization. Implementing multi-modal learning, combining textual 

accident reports with image-based analysis, can refine claim predictions. Additionally, leveraging real-time insurance 

policy integration and cloud-based deployment will facilitate seamless access for insurers. Future developments will also 

focus on strengthening fraud detection mechanisms using anomaly detection and AI-driven risk assessment, ensuring a 

more secure and efficient insurance claim process. 
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