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Fig. 2 Wavelet transform results for ECG and radar signals
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Table 2 Performance comparison of different models for ECG signal prediction
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L R & WT-CNN-BILSTM KL, 3 5 A 455 78 g
QRS U B T FRIE 55 o B, HBOE RMSE Hj
WA FsF [F) 1 38905 2 B 2 SR AR A L T PO AN T Dk e T
K BE M 45 2% L J5 Sobe E— A AR A 4R T X P ik
AT P R AR, S Ah, Hofih 3 bR R iy X
ECG {55 W0 45 5 5 B 908 25 5 5K, MR I
HACR B A 2, Hoh QRS W fE S EMEB K AL P
PR T I T R 25 4R K
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Table 3 Reconstruction precision of P,QRS and T waves for different models

KB /(mV/ms)
o Precision/(mV/ms)
Model Pk QRS ik T ¥
P waves QRS waves T waves

LSTM 0.181 3/46. 3 0.204 4/38.0 0.186 9/48.2
CNN-LSTM 0.179 3/43.4 0.1957/32.9 0.182 0/44.6
CNN-BIiLSTM 0.177 2/37.0 0.1815/25.2 0.174 5/39. 4
WT-CNN-BILSTM 0.128 4/21.7 0.102 5/8.3 0.120 3/24.0
AM-CNN-GRU 0.115 7/21.5 0.091 2/8.8 0.100 6/23.6

2.3 HBALIEAM

R T U I R0 4% 45 A B T ECG {5 B0 44: i
FIEE I L X AM-CNN-GRU #5859 38 47 34 il 52 56 50 47
NAEE TR o 53 550 8% B — 8 43 S5 4 L 7E AR [R) BCHis 4R Lk AT
WHALECG 15 5 19 W00 25 5 3% 4 Fros . AU Ml
CNN-GRU W% ECG {55 R 25 iR 2 K. 5
CNN-BiLSTM #5578 S 3 %05 A5 24 5 6 i A2 AN
W)y ka4 I RCG (5 SR A2 TRk

% 4 AM-CNN-GRU MR E & #3F ECG 15 S M MNE E

T, RMSE H 0.19 mV FE{E#] 0. 12 mV &9
A= LG i RCG 15 54 B th A 3 4 42
F RMSE H 0.12 mV F 5] 0.09 mV %, %%
FUE I T /N A3 A 1% RT LORE B R AT 5 A R
FROESEAT A %A, AT 2 2 42 T+ ECG {5 5 I i 45
ST B L S 0 BN B 4y )2 e 38 i R R AL
AN [F] B ABURRAE 43 8 3E AT OC T, X ECG 157 5 [ 1
AR AL AR B4 .

Table 4 Precision of ECG prediction for different blocks of AM-CNN-GRU network

A/ mV

Prediction precision/mV

skl
Block W7 AR S 44 40 %4 15 2 B 4 2
RMSE MAE MAX
CNN-GRU 0.189 0 0.075 5 0.389 1
WT 0.115 8 0.067 5 0.323 3
WT-AM 0.094 7 0.060 6 0.309 6

3 HHig

A SCEE R K e TR IR ECG 15 5 B i 7] 135, #2114
TR AL RS /N 4 4E 5 B AM-CNN-
GRU #8,5% 5 ik 55 /D 4 b 5 ECG 15 5 e
I 43 it 2 5 SR FH A T T 7 ML AR A 6 L T v
TR, FEAE JE v CNN-LSTM #5817 4% 1 1k 2
T BT S P Z 2 BRI £ 4 Dropout J2 1Y CNN-
GRU BERL, 52 T+ ™ 2% (4 B dis vz b M fe . B 8L T 7
X BSOS R I £ 58 Z= 1) WAL B, B A CNN A
GRU M 2% [ g $2 B 2 4 FR A0 A5 B, B2 & 7 45 280 350 0
KB L 38 3 AE TR VR T IR B 4 L SR I IE , R B AR
SCIA AR BB 1 ik LA Y ECG R 5 #
PEBE, MK RMSE KT 0. 1 mV., [, H iR %

Tz g e AR E S BN ACR 822 5 Sab 7 B A
T 22 1 B bl 4 2k — 2P AR BT, B T I 46 9 3
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Reconstruction of ECG Signals from Millimeter Wave Radar
Based on Attention Mechanism

DUAN Wei' , HUANG Tinglei’?” ", LIU Jie'  HAN Xiaoyu'
(1. Institute of Software,Chinese Academy of Sciences,Beijing,100190,China;2. Guangxi Academy of Sciences,Nanning,
Guangxi»530007,China)

Abstract: Aiming at high-precision reconstruction of Electrocardiogram (ECG) signals from Millimeter Wave
Radar,a reconstruction method based on AM-CNN-GRU network combining wavelet transform and attention
mechanism is proposed. Firstly,the radar signal is preprocessed to extract the phase deformation signal relat-
ed to physiological characteristics, and the sliding window is used to remove the DC interference. Then, the
deformation signal is decomposed by wavelet transform to extract the wavelet base component exhibiting a
significant relationship with the ECG signal. While the CNN-GRU network model is built as the main archi-
tecture,wavelet decomposed signals are imported as input signals after application of the channel attention
mechanism,and then the ECG signal is obtained. The experimental results showed that the proposed model
was lighter in model parameters and achieved results with higher precision than the CNN-BiLSTM model.

Key words: Millimeter Wave Radar; ECG;Convolutional Neural Network (CNN) ;attention mechanism; wave-

let transform
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