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Gait generation of human based on the conditional generative
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Wu Xiaoguang', Deng Wenqiang', Niu Xiaochen®, Jia Zheheng', Liu Shaowei'
(1.Key Lab of Measurement Technology and Instrumentation of Hebei Province, Institute of Electric Engineering,

Yanshan University, Qinhuangdao 066004, China; 2.(Qinhuangdao Vocational and Technical
College, Qinhuangdao 066100, China)

Abstract: To solve the problems of single target generation and incomplete characterization of personalized features in the study of human
personalized gait generation, this paper proposes a method of human personalized gait generation based on the conditional generative
adversarial networks. Firstly, a total of 51 joint angles of the whole body are set as pre-processing targets. Secondly, according to the
walking parameters such as individual parameters, walking speed, joint composition and synergy relationship, data are labelled and
condition information is constructed. Then, the human gait formation process is simulated by the conditional generation confrontation
networks. Finally, the personalized gait with different walking characteristics is generated by adjusting the condition information. Through
experimental analysis, the correlation coefficient between the personalized gait generated by the method and the real personalized walking
data is larger than 0. 98, the average absolute deviation is less than 0. 08 rad, the absolute deviation of the threshold is below 5% , and
the gait stability criterion results are within the stability interval. Experimental results show that the method can effectively generate
personalized gait corresponding to different walking characteristics. Compared with similar researches, the walking features are more
comprehensive and have better integrity.
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Fig.1  Simulation model of human motion
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Fig.2 Calculation result of human posture
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Fig.3 Judgement results of real gait data
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Fig.4 Import of conditional information
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Fig.5 Formation process of human gait
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Fig.7 Model structure of gait generation
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Table 1 Test basic information and feature tags
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Table 2 Medium speed target generated gait consistency analysis parameters ( meanz=std )
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