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An End-to-end Video Anomaly Detection Method Based on
Transformer Architecture
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Abstract ; Although the traditional convolutional neural network can process spatial structure data, its spatiotemporal modeling ability is
insufficient when processing large—scale video data. In order to solve this problem,an efficient model that can handle massive video data

is needed. A new end-to-end video anomaly detection method based on Transformer architecture is proposed. Combining Swin
Transformer architecture and Video Vision Transformer ( ViViT) model, a spatio —temporal information fusion model is designed to

0

Avenue dataset, it also achieved 80.7% AUC, which is better than that of most methods. The proposed method has certain advantages
description ( Deep SVDD) ;joint training

i

extract rich spatio—temporal information of video frame sequences. In addition, by combining spatiotemporal information fusion model
and Deep SVDD method, end-to-end video anomaly detection is realized. A comparison experiment was conducted on two public video
and competitiveness compared with the leading video anomaly detection methods.

datasets with the latest 10 methods. On UCSD Ped2 dataset,the proposed model achieved the highest AUC of 96.5% . On the CHUK
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