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Abstract ; Since using traditional optical camera to realize human action recognition system will bring some problems, such as privacy ex-
posure,easy to be affected by light and occlusion, a FMCW radar human action recognition system based on EfficientNet model is
designed. Firstly,range Doppler algorithm is used to construct range—velocity images of each frame from the measured data of FMCW
radar. Then the range velocity trajectory covering the whole movement process is constructed by using the method of frame-by—frame
accumulation to extend the observation time window. Finally,the improved pre-training EfficientNet model is used to recognize different
human actions. The experimental results show that within the 5-second observation time window, the accuracy of the improved pre-—
training EfficientNet-B4 model for identifying nine actions of known and unknown individuals is 99.3% and 98.2% , which are both
higher than that of traditional machine learning methods and classical deep learning methods. When the observation time window was
further shortened to 2. 5 seconds, the recognition accuracy of the improved pre trained efficientnet—b4 model for 9 behaviors of known and
unknown individuals could still reach 96.7% and 95.4% . In addition, within the 5—second observation time window , the accuracy of the
proposed method for identifying 9 actions of known and unknown individuals is 3. 5% and 4.9% higher than the common methods of ex-
tracting behavior parameters by time —velocity. When the observation time window is shortened to 2. 5 seconds, the accuracy of the
proposed method is improved by 4. 2% and 4. 8% . It can be seen that the proposed method can effectively improve the accuracy of
FMCW radar human action recognition,and the model has strong generalization ability.
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