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[Abstract]

Research on autonomous vehicles is being actively conducted. As autonomous vehicles emerge, there will be a transitional period in
which traditional and autonomous vehicles coexist, potentially leading to a higher accident rate. Currently, when a traffic accident occurs, the
fault ratio is determined according to the criteria set by the General Insurance Association of Korea. However, the time required to
investigate the type of accident is substantial. Additionally, there is an increasing trend in fault ratio disputes, with requests for
reconsideration even after the fault ratio has been determined. To reduce these temporal and material costs, we propose a deep learning model
that automatically determines fault ratios. In this study, we aimed to determine fault ratios based on accident video through a image
classification model based on ResNet-18 and video action recognition using TSN. If this model commercialized, could significantly reduce
the time required to measure fault ratios. Moreover, it provides an objective metric for fault ratios that can be offered to the parties involved,
potentially alleviating fault ratio disputes.
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Fig 1. Architecture of the temporal segment network model.
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