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Abstract: For the most of the existing gesture recognition methods based on the radar sensor, the parameters
such as the distance, Doppler, and angle are estimated using the radar echo at first. And then the obtained
data spectra are inputted into the convolutional neural networks to classify the gestures. The implementation
process is complicated. A dynamic gesture recognition method is proposed based on the millimeter-wave radar
using the One-Dimensional Series connection Neural Networks (1D-ScNN) in this paper. Firstly, the original
echo of dynamic gesture is obtained by the millimeter-wave radar. The gesture features are extracted by the
one-dimensional convolution and pooling operations, and then are inputted into the one-dimensional inception
v3 structure. In order to aggregate the one-dimensional features, the Long Short-Term Memory (LSTM)
modular is connected to the end of the network. The inter-frame correlation of dynamic gestures echo is fully
utilized to improve the recognition accuracy and the convergence speed of training. The experimental results
show that the proposed method is simple in implementation and has a fast convergence speed. The
classification accuracy can reach more than 96.0%, which is higher than the traditional gesture classification
methods.
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