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Figure 1 Structure of CAE mode
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Figure 2 Pulse wave classification model of CAE-Net
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Figure 3 Pulse wave signal before and after filtering
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Figure 4 Period segmentation of pulse wave
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Figure 5 Classification accuracy of CAE-Net
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Figure 6 Visualization of pulse wave data
3 %Kit

TR BE 2 2T 1 KA I 2 S AROMS K EAR e 4L
A X Ik AR I PR BSHE A PR AR B 1R R T
FBCR Y I, B3 T CAE-Net Y #2026
BEAY 456 KA K5 55, 78 CAE R 5] A Bk ik
IR AE 2 o, B ) CAE T 4 30 A8 4 1 | 32 T A
YR ZE FFAE 2 > 58 77 5 ok, & U 1)l 2k CAE
i i )22 IO 24 25 K AL H A% 3 CAE-Net, BT it
266U IS K R 08 AT A b 0 2 I ME A R
| 98. 00% , Xf 5 I T i PU5IKG 1 B 3K 95. 43%
REAS A AL IS 2O I 5 5 SR S BR P (9 ARRAE | ) it
TUYI 2 aok 7 T 20008 IOk 48 e s 2%, 48 T A58 78 7 /)N
NS N F A C T NG ey VN

32 FE AR B Sk Y B, A SCAURIF 5 T A R X
S KR 1 43 S AR, R RO I A 9% 5 Al T
A 25 a2 AR S A OB 1 ) B
AR IY RBAYTE IR P AR 5 I P B2 1) b i
fESRILRE )7, iF— 2B ST N AN A

SEH

[1]

[2]

[3]

[7]

[10]

[11]

[12]

LIU W C,FANG X,CHEN Q Q,et al.Reliability analy-
sis of an integrated device of ECG, PPG and pressure
pulse wave for cardiovascular disease [ J]. Microelec-
tronics reliability,2018,87.183-187.

IQBAL U, YING WAH T, HABIB UR REHMAN M,
et al.Usage of model driven environment for the classi-
fication of ECG features:a systematic review[ J ].IEEE
access,2018,6.:23120-23136.

KOREN A,JUR CEVI C M,PRASAD R.Comparison of
data-driven models for cleaning eHealth sensor data:
use case on ECG signal[ J].Wireless personal commu-
nications ,2020,114(2) :1501-1517.

SHARMA H. Heart rate extraction from PPG signals

using  variational mode  decomposition [ J ].
Biocybernetics and biomedical engineering, 2019, 39
(1):75-86.

XU A J SO A T FR A 28 0 45 1 UK i 4
AR A R[] EMRRFEE R (TR,
2020,50(5) :1818-1825.

ISLAM M T,ZABIR I,AHAMED S T, et al.A time-fre-
quency domain approach of heart rate estimation from
photoplethysmographic ( PPG ) signal [ J ]. Biomedical
signal processing and control ,2017,36:146—-154.
HASSANI A, FORUZAN A H. Improved PPG-based
estimation of the blood pressure using latent space fea-
tures[ J ].Signal ,image and video processing,2019,13
(6):1141-1147.

LI G Y,WATANABE K, ANZAI H, et al.Pulse-wave-
pattern classification with a convolutional neural
network [ J ] .Scientific reports,2019,9:14930.

KWON S, HONG J, CHOI E K, et al. Deep learning
approaches to detect atrial fibrillation using photople-
thysmographic signals; algorithms development study
[J].JMIR mHealth and uHealth,2019,7(6) :e12770.
HUANG Z W, XUE W T, MAO Q R, et al.
Unsupervised domain adaptation for speech emotion
recognition using PCANet [ J ]. Multimedia tools and
applications,2017,76(5) :6785-6799.

CHEN M, SHI X B, ZHANG Y, et al. Deep features
learning for medical image analysis with convolutional
autoencoder neural network [ J ]. IEEE transactions on
big data, 2017 1-1.

YANG J L, BAL' Y, LIN F, et al. A novel electrocar-
diogram arrhythmia classification method based on
stacked sparse auto-encoders and softmax regression
[J]. International journal of machine learning and

cybernetics,2018,9(10) . 1733-1740.



%55 B LT A G T A 0 4 00 Dk Pk o 2R A A 61

[13] 3RS, 22350, w0 0, 55 56 F 06 A Al B 2= 2T ALY based wrist pulse signal processing and lung cancer
CVD TMARARIWF S [ J]. M K 2F 4R (L), recognition [ J ]. Journal of biomedical informatics,
2019,40(2) . 1-6. 2018,79:107-116.

[14] Z=i8 XU HE T B2 e AE F1 /0N ¢ 9 K 398 35 4 AE 150 [16] ikik, #B% . 35 F GoogleNet Fl ResNet B IR J il
WO AF 5 [0 A0 A% &k % Rk, 2016, 37 EERUEITE Sy I €L 81 2SI RPN NI B2 =X S
(2):379-386. 45 1% 1 ,2019,28(10) ;15-26.

[15] ZHANG Z C,ZHANG Y,YAO L N,et al. A sensor-

Pulse Wave Classification Model Based on Convolutional Autoencoder
LU Peng"?, WANG Hanzhang'>, MAO Xiaobo'*, ZHAO Yuping”>’, LIU Chao'*, SHANG Lijia*,

SUN Zhixia’

(1. Institute of Electrical Engineering, Zhengzhou University, Zhengzhou 450001, China; 2. Research Center for Intelligent
Science and Engineering Technology of TCM, Zhengzhou 450001, China; 3.China Academy of Chinese Medical Sciences, Beijng
100020, China; 4.Primary and Secondary School Health Care in Beijing Dongcheng District, Beijing 100007, China; 5.The Fifth
Affiliated Hospital of Zhengzhou University, Zhengzhou 450052, China)

Abstract; Classification of pulse wave based on deep learning relies on a large number of labeled data, how-
ever, limited clinical data and expensive labeling costs hinder the pulse wave classification and recognition. A
pulse wave classification model based on convolutional autoencoder networks ( CAE-Net) is designed in this
paper. Firstly, the convolutional autoencoder (CAE) is constructed, which combines the local feature extrac-
tion ability of convolutional neural network ( CNN ) and the compression reconstruction and dimension
reduction characteristics of autoencoder ( AE). And considering the characteristics of pulse wave, the time
domain feature constraint of pulse wave is introduced into the mean absolute error loss function to improve the
self-learning ability of CAE for low dimensional features. Secondly, the CAE-Net is constructed by reusing the
coding layer network and weights of the pre-training CAE, then the network is fine tuned by using labeled
pulse waves. Experiments on cardiovascular disease dataset show that the classification accuracy of CAE-Net is
98.00% , and the F1 score is 94. 40%. Compared with other classification models, the designed network can
extract features with high discrimination, reduce the dependence on the labeled pulse waves, and perform well
in the classification of small sample pulse wave data.

Key words: cardiovascular disease; pulse wave; convolutional neural network; autoencoder



