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Abstract: The usage of mmWave radar for non-contact vital signs monitoring has shown great potentials in
the medical and healthcare fields, which enables continuous and imperceptible identity verification. Due to the
complex impact of various factors on heart movement, the FMCW mmWave radar can better monitor and
capture heart data during sleep, and the obtained heart data can be recognized and classified based on the
uniqueness of personal heart movement characteristics. In this study, we propose a deep convolution neural
network for identification recognition from one-dimensional time series data of the heart radar signal. The
results were compared with 3 SOTA methods, i.e. LSTM, InceptionTime and LSTformer. All the models
achieved classification accuracies about 90% on an experimentally acquired heart signal data set in sleep
posture. The InceptionTime model has the highest accuracy, but it takes the longest time. The LSTM and
LSTformer models have the lower accuracy but the shorter calculation time. The proposed CNN model can
obtain similar accuracy but better efficiency in comparison with InceptionTime model.
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Fig. 1 Diagram of the experimental environment for capturing cardiac data
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Table 1 FMCW radar parameter names and corresponding values

R4 ZHE
Bandwidth 5.0GHz
Start frequence 58GHz
Chirp duration 133us
Chirp repetition time 463us
No. samples per chirp 128
Frame rate 100fps
ADC sampling rate 1MHz

Range resolution 3cm



Velocity resolution 1.34m/s
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Fig. 3(b) A localized example of radar preprocessed sequnce without linear components
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HIN: ESX over_radio FEAKE timestep,f R U1
Fid: S5 EE temp

1 temp<[](initialization)
2 last_timestep = time_step « over_radio
3 if temp=1[]?
4 for i in (1:timestep)
5 line = f.readline()
6 if line= =2
7 | break
8 else
9 temp += line
10 else
11 if over_radio=07?
12 temp =]
13 else
14 temp = temp[-last_timestep:]
15 for i in (1:(timestep — last_timestep))
16 line = f.readline()
17 if line= 72
18 break
19 else
20 temp +=line
21  return temp
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Fig. 4 Network Architecture of CNN
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