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[ Abstract |

recognition, an unsupervised abnormal behavior recognition method based on enhanced spatiotemporal graph normalization flow was pro-

In order to solve the problem of insufficient feature extraction of human dynamic skeleton features in abnormal behavior

posed. Transformer and convolution block attention module were employed to enhance the feature expression capability of the model and
the performance of the abnormal behavior recognition algorithm in the global and spatiotemporal domains. Firstly, the Transformer
module was incorporated into the affine layer of the normalized flow to augment the efficacy of dynamic skeleton feature information at
the global level. Subsequently, the convolution attention was introduced into the convolution module of space and time graphs respec-
tively to effectively enhance the spatial and temporal representation of dynamic skeleton features. Finally, simulation verification was
conducted on the ShanghaiTech and UBnormal datasets, and the recognition accuracy attains 86. 4% and 70. 2% respectively, thereby

demonstrating the effectiveness of the method.
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Fig. 3 Structure of improved normalizing flow
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Fig. 4 Structure of improved spatio-temporal convolution
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Table 1 Ablation experiment results
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