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Abstract: With the advent of the aging population, fall detection has gradually become a research hotspot.
Aiming at the detection of human fall using millimeter-wave radar, a Range-Doppler heat map Sequence
detection Network (RDSNet) model that combines the convolutional neural network and long short-term
memory network is proposed in this study. First, feature extraction is performed using the convolutional neural
network. After obtaining the feature vector, the feature vector corresponding to the dynamic sequence is
inputted to the long short-term memory network. Subsequently, the time correlation information of the heat
map sequence is learned. Finally, the detection results are obtained using the classifier. Moreover, diverse
human movement information of different objects is collected using millimeter-wave radar, and a range-Doppler
heat map dataset is built in this work. Comparative experiments show that the proposed RDSNet model can

reach an accuracy of 96.67% and the calculation delay is not higher than 50 ms. The proposed RDSNet model
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has good generalization capabilities and provides new technical ideas for human fall detection and human

posture recognition.

Key words: Millimeter-wave radar; Fall detection; Range Doppler; Convolutional Neural Network (CNN); Long

Short-Term Memory network (LSTM)
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Tab. 2 Comparative experimental results of different detection methods
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