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Human Action Recognition Algorithm Based on Multi-Modal Features Learning

ZHOU Xue-Xue, LEI Jing-Sheng, ZHUO Jia-Ning
(College of Computer and Science, Shanghai University of Electric Power, Shanghai 200090, China)

Abstract: Since the features obtained from a single action mode fail to accurately express complex human actions, this
study proposes a recognition algorithm for human actions based on multi-modal feature learning. First, two channels
extract the RGB and 3D skeletal features from the action video. The first channel, i.e., the C3DP—LA:ne"tw0rk, consists of
an improved 3D CNN with Spatial Temporal Pyramid Pooling (STPP) and LSTM based on spatial‘—temporal attention.
The second channel is the Spatial-Temporal Graph Convolutional Network (STiGCN). Then the two extracted features
are fused and classified by Softmax. Furthermore, the proposed algdr'ithm is verified on the public data sets UCF101 and
NTU RGB+D. The results show that this algorithm has higher recognition accuracy than its counterparts.

Key words: action recognition; improved 3D CNN; Spatial-Temporal Attention (ST-Att); Spatial-Temporal Graph
Convolutional Network (ST-GCN); feature fusion
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