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Abstract: Most of the existing human posture recognition schemes investigate the posture characteristics of
the human from a single perspective. However, it is difficult to reflect the position information of human joints
only by range map, and sometimes the nonobvious feature of radial velocity will be covered if we only extract mi-
cro-Doppler features. To this end, in the paper we firstly construct a three-dimensional tensor dataset of human
postures by slow time range map and slow time micro-Doppler map, which leads to expand the characteristic di-
mension of human postures. Secondly, the neural network composed of an improved bottleneck residual module
is used to improve the recognition rate of human postures. After training and testing eight postures of four hu-
man subjects, the experimental results illustrate that the recognition rate of three-dimensional tensor dataset of
human postures through this network can reach 97. 78 %, which is 4% ~7% higher than the recognition of the
single feature dataset.
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