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Abstract; To address the issues of high computational complexity and low recognition rates associated with traditional
feature extraction methods, a deep learning-based multi-feature fusion algorithm for human action recognition is proposed.
The method begins by extracting the original depth video sequence, followed by rotating each frame image by a specific angle
to supplement action information from multiple viewpoints. An adaptive temporal model is proposed to divide the depth video
sequence into several sub-actions. Dynamic energy maps are formed by accumulating portions with relatively larger energy
changes between each frame of image, while static energy maps are formed by accumulating portions with relatively little en-
ergy changes. Both are collectively referred to as motion energy maps. A multi-channel convolutional neural network is in-
troduced to extract dynamic and static features from the motion energy maps. Adaptive Moment Estimation is used to adjust
the learning rate of each parameter during neural network training. improving the efficiency and stability of model training.

L2 norm regularization is introduced to reduce model complexity and prevent overfitting. Tested on the public datasets of
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UTD-MHAD., MSR Action3D and MSR DailyActivity3D, the algorithm can effectively extract the motion information of ac-

tions and achieve good recognition results, which is a certain improvement compared with the mainstream methods.

Key words:adaptive temporal model; motion energy map; multi-channel convolutional neural network; adaptive moment

estimation; 1.2 regularization
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