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Abstract: In recent years, millimeter-wave radar-based kick motion recognition has attracted significant attention as a
hands-free human-computer interaction technology, demonstrating considerable value in applications such as smart
home systems and automotive interfaces. However, in complex environments, both static interference (e.g., walls, pil-
lars, and antenna coupling effects) and dynamic interference (e.g., pedestrian movements and subtle limb motions)
continue to present substantial challenges to recognition accuracy. To achieve high-precision and robust recognition,
an integrated method combining interference suppression and deep learning was proposed. The method employed vec-
tor mean cancellation and moving target indication (MTI) to suppress static interference. In contrast, dynamic interfer-

ence was mitigated through a combination of Doppler weighting, constant false alarm rate (CFAR) detection, density-
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based spatial clustering of applications with noise (DBSCAN), and connected region constraint. Subsequently, multi-

frame range-Doppler maps (RDM) and range-angle maps (RAM) were extracted to serve as model inputs. A dual-

stream CNN-MHSA-STCN architecture was constructed, incorporating a convolutional neural network (CNN),

multi-head self-attention (MHSA), and a simplified temporal convolutional network (STCN) for comprehensive mo-

tion recognition. Experimental results demonstrate that the proposed method achieves a recognition accuracy ex-

ceeding 98% on a self-collected dataset, while maintaining high precision and robustness in complex operational

environments.

Key words: millimeter-wave radar, kick motion recognition, interference suppression, dual-stream CNN-MHSA-

STCN
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