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Abstract: At present, the human motion recognition methods using millimeter-wave radar exist the problems of
low recognition accuracy caused by underutilization of human motion features and the increased number of model parame-
ters due to the simple fusion method with multi-dimensional features. In view of the above problems, a three-dimensional
feature adaptive fusion method for human motion recognition based on millimeter-wave radar is proposed. First, the time-
frequency analysis of radar echo signals is carried out to obtain the features of human action distance, Doppler and
angle, and the 3D feature dataset is constructed by accumulating them in the time domain. Second, a three-branch convo-
lutional neural network with a feature adaptive fusion device is designed to realize the extraction of high-dimensional ab-
stract features from 3D feature dataset and the effective fusion of multi-dimensional features. Finally, the human motion
detection results are obtained by the activity classifier. The experimental results show that the average accuracy of hu-
man action recognition of the proposed method can reach 96.41%, and the area under the curve (AUC)value can reach
0.984, which is better than the single-dimensional feature recognition method and a variety of three-dimensional feature

fusion methods.
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