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Abstract

Video-based monitoring systems play a critical role in various fields, including road traffic management,
particularly in the detection of traffic accidents. However, current systems still fall short of achieving satisfactory
performance. This study proposes a novel supervised anomaly detection model that combines Inflated 3D ConvNet
(I3D) and a Transformer classifier based on Multi Head Self-Attention(MHSA) to enhance traffic accident detection
accuracy and reduce false positives. The proposed method segments the input video and extracts spatiotemporal
features of each segment through I3D. Subsequently, MHSA is applied to learn inter-segment relationships, thereby
emphasizing features associated with anomalous situations, and finally, a Multi-Layer Perceptron(MLP) classifies
segments as normal or abnormal. This approach addresses the issue of intermingling normal and abnormal events
inherent in traditional anomaly detection methods and demonstrates the model's effectiveness, achieving up to a 5.75%
improvement in AUC performance over existing approaches.
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Fig. 1. Block diagram of the proposed model
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