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Fig.1 Dominant Layer Optimization Module Logic

Block Diagram
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Fig.2 Conceptual Diagram About the Influence of the Module on Temporal Information of Convolutional Layer and

the Selection of Dominant Layer
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Fig.3 Training Error Rate Graphs During Different Database Training
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A Guided Method for Improving the Video Human Action Classification in
Convolutional Neural Networks
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1 College of Mechanical and Electronic Engineering, Dalian Minzu University, Dalian 116600, China

Abstract: Objectives: In order to improve the ability of convolutional neural networks (CNNs) of under-
standing temporal dynamic information, this paper proposes a dominant layer optimization module.
Methods: The new module uses the dominant layer to guide and optimize the update gradient of convolu-
tional layer weights, and assist the difference estimation with the maximum mean difference algorithm of a
reproducing Hilbert space. Results: In continuous training, the network can improve the learning ability of
temporal dynamic information, and the dynamic information similarity between the features learned by con-
volutional layer and the input data is also increased. Conclusions: This module enhances the performance of
the CNNs model on video human action classification and achieves improvements to the network.
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3D convolutional neural networks; temporal domain dynamic information understanding ability
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