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Abstract

The "Intelligent Vehicle Damage Assessment & Cost Estimator" project aims to assist vehicle
owners by providing accurate and automated damage assessment using advanced deep learning
techniques. Leveraging YOLOVS, a state-of-the-art object detection model, this system is designed
to analyze and evaluate damage sustained by vehicles, including both two-wheelers and four-
wheelers. The model is trained on a comprehensive dataset of vehicle damages to accurately
identify and classify different types of damage. By integrating this technology, users can
independently assess vehicle damage, reduce dependency on manual inspection, minimize errors,
and obtain precise cost estimations for repairs, ensuring transparency and better decision- making.
Keywords: Vehicle damage assessment, cost estimation, YOLOVS, user assistance, deep learning,
object detection, two-wheeler, four-wheeler.

1. INTRODUCTION

The rapid expansion of the automotive industry has led to a significant increase in vehicle
ownership, resulting in a corresponding rise in insurance claims related to road accidents and
vehicle damages. Traditional damage assessment methods rely heavily on manual inspection by
surveyors, which is time- consuming, prone to human error, and often inconsistent. To address these
limitations, intelligent systems powered by artificial intelligence and computer vision have emerged
as transformative solutions for individual vehicle users and owners.

This research introduces an Intelligent Vehicle Damage Assessment & Cost Estimator system
designed for users that leverages deep learning techniques for automated damage detection and
evaluation. The foundation of the proposed system is based on advanced Convolutional Neural
Networks (CNNs) and the state-of-the-art object detection model YOLOvVS (You Only Look Once
version 5), which enables real- time and highly accurate detection of vehicle damages.

Deep learning plays a crucial role in extracting meaningful features from raw vehicle images.
Unlike conventional image processing approaches, CNN- based architectures automatically learn
hierarchical feature representations such as edges, textures, shapes, and complex damage patterns.
This capability allows the system to identify various types of vehicle damages including dents,
scratches, cracks, broken parts, and paint defects under diverse environmental conditions.

1.1 Methods & Material

The methodology consists of dataset preparation, preprocessing, model training, evaluation, and
deployment. A diverse dataset containing images of damaged two-wheelers and four-wheelers was
collected. Damage types included dents, scratches, cracks, broken headlights, bumper damage, and
paint defects.

Images were manually annotated using bounding boxes to mark damaged regions. The dataset was
split into training (70%), validation (15%), and testing (15%) sets. All images were resized to
640x640 pixels and normalized before training.

Data augmentation techniques such as rotation, flipping, brightness adjustment, scaling, and mosaic
augmentation were applied to improve generalization and reduce overfitting
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2. Purpose

The proposed Intelligent Vehicle Damage Assessment and Cost Estimator system was
experimentally evaluated using a diverse test dataset consisting of damaged two-wheelers and four-
wheelers captured under varying environmental conditions.

The trained YOLOVS model demonstrated strong performance in detecting and classifying multiple
damage categories including dents, scratches, cracks, and broken components.

Quantitative evaluation metrics such as Precision, Recall, F1-Score, and Mean Average Precision
(mAP@0.5) were used to measure detection accuracy and localization efficiency. The localization
capability of the model was validated through Intersection over Union (IoU) analysis. Predicted
bounding boxes showed significant overlap with ground truth annotations, confirming accurate
damage region identification. Larger damages such as bumper dents and broken headlights were
detected with very high confidence scores.

Images were manually annotated using bounding boxes to mark damaged regions. The dataset was
split into training (70%), validation (15%), and testing (15%) sets. All images were resized to
640x640 pixels and normalized before training.

Data augmentation techniques such as rotation, flipping, brightness adjustment, scaling, and mosaic
augmentation were applied to improve generalization and reduce overfitting

However, comparatively small damages such as fine scratches presented minor detection challenges
due to limited pixel density and lighting reflections. The application of data augmentation
techniques, including brightness variation and mosaic augmentation, substantially improved
detection robustness for such subtle defects.

2.1. Tables

e

The above table summarizes the performance of the YOLOvS5 model. High values across all metrics
confirm that the system is both accurate and reliable. The balanced Fl-score indicates that the
model does not overfit or underperform in any specific category.

2.2. Figures

The graph illustrates the comparison between key performance metrics. It clearly shows that all
values are above 0.85, indicating strong model performance. The slight variation between precision
and recall highlights the model’s sensitivity toward detecting smaller damages.
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3. RESULTS AND DISCUSSION

3.1. Results

The proposed system based on YOLOvVS (You Only Look Once) demonstrated highly effective
performance in detecting and classifying vehicle damages across a wide range of environmental
conditions. The trained deep learning model was evaluated using standard object detection metrics
such as Precision, Recall, F1-Score, and Mean Average Precision (mAP@0.5), which are widely
accepted for validating detection models.

The model achieved a Precision of 0.92, indicating that the majority of predicted damage regions
were correct with minimal false positives. A Recall value of 0.89 showed that the system
successfully detected most actual damage instances present in the dataset. The F1-Score of 0.90
reflects a balanced trade-off between precision and recall, confirming the reliability of the model.
The system performed exceptionally well in detecting large-scale damages such as bumper dents,
broken headlights, and major cracks. These damages have distinct visual features and larger pixel
areas, making them easier for convolutional neural networks to identify. However, minor damages
such as fine scratches and paint defects showed slightly lower detection accuracy due to their subtle
nature and limited pixel representation.

To overcome these challenges, data augmentation techniques such as brightness adjustment,
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rotation, flipping, and mosaic augmentation were applied. These techniques improved the model’s
ability to generalize and significantly enhanced the detection accuracy for small and subtle defects.
Another important component of the system is the Non-Maximum Suppression (NMS) algorithm,
which eliminates redundant overlapping bounding boxes. This results in clean and precise detection
outputs, improving the interpretability of the system.

3.2. Discussion

The results obtained from the proposed system demonstrate the transformative potential of deep
learning and computer vision for individual vehicle users. Traditional vehicle damage assessment
methods rely heavily on human expertise, which introduces inconsistencies, delays, and subjectivity.
In contrast, the automated system ensures standardization and objectivity in the evaluation process.
One of the key strengths of the system is its ability to process images in near real-time, making it
suitable for integration into mobile applications for direct user access and assistance. Users can
upload images of damaged vehicles, and the system can instantly provide damage analysis and cost
estimation, helping them understand repair costs quickly and accurately.

The use of Convolutional Neural Networks (CNNs) allows the model to learn complex hierarchical
features such as edges, textures, and patterns. This enables the detection of diverse damage types
under varying lighting and environmental conditions. Furthermore, the adoption of transfer learning
using pre-trained models improves performance even with limited datasets.

Despite its strengths, the system faces certain limitations. Detection of very small damages such as
hairline scratches remains challenging due to insufficient pixel representation. Additionally,
environmental factors such as poor lighting, reflections, and occlusions can affect detection
accuracy.

Future improvements can include:

» Integration of higher-resolution imaging techniques

» Use of ensemble models for better accuracy « Incorporation of 3D damage assessment

+ Expansion of dataset with more diverse real- world scenarios

The discussion highlights that while the system is highly effective, continuous improvements and
dataset expansion are essential for achieving near- perfect accuracy.

Car damage recognition solution with Machine Learning

O—0—|0—=06

I
&Eh r&1 O)
= EXC) =4

Digital Claim Auto Automated Insurance

submission evaluation document workflow payment

and cost guided by Machine
estimation learning system

CONCLUSION

The research presents a robust and efficient Intelligent Vehicle Damage Assessment & Cost
Estimator system that leverages the power of YOLOvVS and deep learning techniques. The system
successfully automates the detection, classification, and cost estimation of vehicle damages,
addressing the limitations of traditional manual inspection methods.

Experimental results demonstrate high accuracy, reliability, and consistency, with strong
performance across key evaluation metrics. The integration of real-time detection and automated
cost estimation makes the system highly suitable for deployment in the insurance industry.

The proposed solution not only reduces the need for manual inspection but also empowers users
by providing fast, reliable, and transparent damage assessment and cost estimation. The system
enables vehicle owners to make informed decisions regarding repairs without dependency on
external evaluations. This represents a significant step toward user-centric digital solutions in the
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automotive domain.

In conclusion, the adoption of Al-driven damage assessment systems can revolutionize the vehicle
maintenance process by improving accuracy, reducing uncertainty, and ensuring fair and
transparent cost estimation for users.
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