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Objective: This study aims to investigate the capability of convolutional neural networks
(CNNs) to identify and classify vehicle damage after accidents and to evaluate their potential
application in the insurance industry.

Necessity: Vehicle damage assessment in the insurance industry is generally time-consuming
and requires expert inspection. The application of intelligent image-processing methods can
facilitate preliminary damage assessment, reduce claim-processing time, and support the
development of intelligent insurance systems.

Methodology: The research data consists of real images of damaged vehicles belonging to
third-party insurance customers during 2020 and 2021. From approximately 20,000 images,
4,100 were selected to train and evaluate seven deep learning architectures: AlexNet, VGG-
19, ResNet-50, ResNet-101, EfficientNetB7, EfficientNetV2L, and MobileNetV2. The models
were evaluated for classifying six types of vehicle damage: superficial damage, severe
damage, side-mirror damage, windshield damage, tire damage, and vehicle-light damage.
Findings: The results showed that model performance in terms of speed and accuracy was
influenced by the structure and characteristics of the pre-trained architecture. The
classification accuracy of the evaluated models ranged from 59% to 63%. The findings also
demonstrated the capability of deep convolutional neural networks to extract visual features
and distinguish different types of vehicle damage.

Conclusion: The findings indicate that convolutional neural networks and transfer learning
methods have promising potential for the identification and preliminary assessment of vehicle
damage after accidents. These models can provide a foundation for developing intelligent
damage assessment systems in the insurance industry, helping to reduce assessment time,
accelerate claim-processing procedures, and improve the efficiency of insurance processes.
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