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Human motion segmentation based on deep reinforcement learning
LI Bin', HUO Guanglei*’ , HUANG Chengxi*”

(1 Xi'an Aerospace Chemical Propulsion Co. , Ltd. , Xi'an 710025, China;
2 Fujian ( Quanzhou) Institute of Advanced Manufacturing Technology, Quanzhou 362200, Fujian, China;
3 Fujian Key Laboratory of Intelligent Operation and Maintenance Robot Technology, Quanzhou 362200, Fujian, China)

Abstract; Existing human action segmentation methods ignore the inherent spatiotemporal context information of action video,
which leads to low precision of motion segmentation under the condition of large spatial complexity and high time redundancy. In
this paper, action segmentation is modeled as a Markov process, and a deep reinforcement learning framework is established to
capture the global structural relationship of action video, and the accurate action segmentation is achieved iteratively through a
feedback mechanism. First, a Temporal Graph Convolutional Network ( TGCN) is constructed to represent the spatiotemporal
correlation of action videos, and the action segmentation process is initialized by uniform sampling. Then, the initial strategy is
adjusted by adaptively learning the reward to achieve the training of the model. The proposed reinforcement learning framework can
extract the potential depth features of action videos, and constrain the processing units of each action video to image sequences to
improve the efficiency of the network. Finally, joint learning is carried out by fusing the feature selection strategy and the loss
function of feature recognition. The feasibility and superiority of the method are verified on ActivityNetvl. 3 and THUMOS14
datasets.
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Fig. 1 Action segmentation framework based on reinforcement learning
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Table 1 Comparison of action segmentation results between

different frameworks and pre — training strategies

(mAP)
HEHR WINEAESE  ActivityNetvl. 3 THUMOS14
BN-Inception ImageNet 81.99 76.73
ResNet—152 ImageNet 83.54 78.36
BN-Inception Kinetics 85.01 80. 88
ResNet—152 Kinetics 85.96 81.28
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Table 2  Action classification results of different methods on the

database ( mAP)
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