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Video Violence Recognition Method Based on Multi-modal Feature Fusion

Ding Ruigi,Ji Genlin,Chao Xin,Hu Zesheng,Wang Zhanling
(School of Computer and Electronic Information/School of Artificial Intelligence , Nanjing Normal University , Nanjing 210023, China)

Abstract: Video violence recognition plays a significant role in the field of intelligent security. Most existing methods rely
on a single modality , providing limited information and making it difficult to fully represent complex violent behaviors , thus
having relatively low applicability in real-world scenarios. This paper proposes a video violence recognition method based on
multi-modal feature fusion, which enhances the feature representation of violent behavior by integrating the human pose
information provided by RGB frames, the human motion information provided by RGB frame differences, and the relative
position information between characters provided by depth maps, so that it can effectively cope with the occlusion
phenomenon in crowd fights and the lighting changes in open scenes. During the feature fusion process, attention mechanism
is applied to enable the model to adaptively learn the importance of multi-modal features and dynamically allocate weights
for different features ,thereby improving the accuracy and robustness of violence recognition in real-world environments. The
proposed method was tested on the RWF-2000, Hockey,and Movies datasets,achieving recognition accuracies of 88.75%,
99% and 100% ,respectively. The results indicate that the proposed method can effectively identify violent behaviors.

Key words: video violence recognition, video understanding, multi-modal feature fusion,attention mechanism
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Fig.2 Framework of video violence recognition based on multi-modal feature fusion
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Table 1 Accuracy of different violence recognition methods on public datasets
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