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Abstract

In the context of China’s rapidly developing technology, intelligence and automation are gradually
permeating various fields. Research on intelligent vehicle damage assessment is being carried out
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in an orderly manner. Traditional damage assessment processes require on-site inspections and
measurements, which can be cumbersome and time-consuming. Intelligent damage assessment
technology analyzes large amounts of car-related data and damage images to identify and evaluate
damages within seconds. However, current applications lack generalization capabilities and are af-
fected by image resolution, leaving significant room for improvement in accuracy for small targets
and regional segmentation. In response to these issues, this paper proposes a high-precision intel-
ligent vehicle damage assessment model based on the YOLOv8-seg image segmentation algorithm.
By introducing the NWD (Normalized Wasserstein Distance) loss function, the model enhances its
ability to recognize and segment small targets as well as extract features from low-resolution im-
ages, thereby improving its robustness. The proposed DLKA (Deformable Large Kernel Attention)
mechanism is integrated with the C2f module of the YOLOv8-seg backbone network, achieving a
substantial increase in model segmentation capability with only a slight increase in computational
complexity, thus enhancing the model’s generalization ability. Experimental validation shows that
the improved algorithm presented in this paper achieves an average precision improvement of 5.9%
compared to the original algorithm, demonstrating excellent performance in research on intelligent
vehicle damage assessment.
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Figure 1. YOLOvV8-seg network model structure diagram
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Figure 7. Damaged vehicle diagram
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Table 1. Ablation experiment data
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Figure 8. P-R curve
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Figure 9. Loss trend
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Figure 10. Index result
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