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Assessment of chest cardiac compression in convolutional neural network
based on weak supervised learning strategy

Bao Yu"?, Yin Jiahao', Liu Shijie', Yang Xuan', Zhu Ziwei'

(1.College of Computer Science and Technology, China University of Mining and Technology, Xuzhou 221116, China;
2.Mine Digitization Engineering Research Center of Ministry of Education of the People's Republic of China, Xuzhou 221116, China)

Abstract : The traditional evaluation method of cardiac chest compression is based on acceleration waveform integration, which is affected
by noise and integral delay. A large error is introduced in calculating the distance and the evaluation effectiveness is not ideal. Therefore,
based on the weak supervised learning strategy and waveform segmentation, this paper proposes one kind of acceleration waveform
recognition algorithm for cardiac chest compression based on one-dimensional convolutional neural network. Experimental results show
that the one-dimensional convolutional neural network achieves 99.4% accuracy, which is significantly better than the traditional
integration method and BP neural network algorithm. Further, the Grad-CAM method is adopted to visually analyze the evaluation results.
The features of convolutional neural network focus on the acceleration waveform changes in the two compression stages of starting to press
until the pressure can reach the equilibrium position. The reverse acceleration can achieve the maximum value after the pressing of the
hand to the next press start. In addition, the evaluation model does not need to accurately measure the pressing distance. Thus, it is not
affected by factors such as pressing occlusion and electromagnetic wave interference. lts effectiveness can be checked in the real-time
manner. It also has the feature of high robustness in complex environment and has certain practical value in the field of medical
emergency.
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(a) Design diagram of pressure data acquisition system
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(b) Simula tion experiment platform for chest compression
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Fig.1 Experimental data acquisition system
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Fig.2 Data preprocessing
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Fig.3 Comparison before and after denoising and filtering
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Fig.4 Waveform conversion
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Fig.5 Partition results of weighted variance model
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Fig.6 Detailed structure of the one-dimensional convolutional neural network
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Fig.8 Comparison of the first layer of convolutional

features and the input waveform
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Fig.9 Feature map of the second layer of convolution

R FA T P S et — 2 B MR L 20 O R, ko 22 I 245
BZWIE 73 20 IER IR o FRKE 30T 2047 B 2R
R U A Bt 2 A e o Aol A it e AN [ 23 AR [
BUEFIR 8 T 37 L, 7 fe 2 e fin P vhoks h )
P IEATIN ) 1, (A5 PR AN [R] IX 8] A [/ B (AN [
FRic) AR Fe 28 73 45 A A [l 52 i A 2, 31 0
( ABRTE) AR LB

P10 A, B A ( AARIERIT) 1 3 A XS i A
PREUE ] [0,8].[23,42] . [52,66]3 A IX A B, 45 4 i8¢
FEor B AR, AT AR 2 B, Wy E s SO A A T A
F02 s T3k JBE A PP A A VR % T 7 LS I, 5 AU 22 1
2R T R R AR vh T T U 4 T 28 49 T B 35 P 7
DA MO 2 e R T B 1) o 8 ik ) e R A 28 — W&
HIF R 2 A~ B BRI BRI AR L o

i(s)g 64 MEFERE
s
400 —~
#3550 /T ys
2300 / BE
X250 77 —> CNN By
F200 \// i
y 150 R
A+ 100 y
o 30515730 ggﬁm 50 60 - ¢
#AS ot P WIW2 e Wok
b <30 \,,,
&1 [ RELU<—+Tinit 8
KBTI RS RFE RL
500
450t | +—
400t | =
\‘\
2350( {1 ! g
iy 300F | 1 a4
> Hﬂéﬁgﬁ;ﬁr‘ﬂ% 5 %250{ A A o
K200} | .-
Pt 150} | |0
A BB 100} | -
® FitBIR I 50 L1

10

20 30 40 50

o)
k=)

70

RHIE IR
BINE B

TE - H A — bateh HPBTA fZAE A —ANEEA, LUER I AT PG HR 30 AL, (B e o 7 05 (00, At — 2R it 2
K 10 —H4E grad-CAM 1] 4L
Fig.10  One-dimensional grad-CAM visualization

7T % it

ARSCAEPIE B R85 W% o >0 Bl b, A ] — 4
A2 25 58 O ME R A% TR R R . 8 S0 It dn

RHREAT 25 VR DR Ak B, 0 P9 2 7 VBRI K o 2>
HIE A5 B RO SR RO , B 48t —Fh 2L T
K7 22 0058 M B o ) R B IE R AR 2 . i — 4
ML R4, ] Adam 5535 Dropout 1 L2 IERIL 5 2] 5
TN BRI AT A . AR R W], B AR 22 o 2%



55 1] fify

TR LT M T SRR R I 4 1) O I T T A 211

KF] T 99. 4% By mAP . gk fd ] Grad-CAM J7ik kAT
AL T A X SR BR A 2 B BL. ARSCR
R R 7 FH 5 R e e o e R A TR AR A e, A a2
T PFB R R, R A IR P B R R
(] if BAT 2 AT B T SO0, T LUAE AR BT 7
49O A s R P S DA e TR ASCR o

TE ST B B 15 e S X AN TR] B AR 7 B
ARV HRAE IS, 45 TR T IR AR 22 5% , (1 AR B 7K 35
SR 30 YR M SR A LA 2 YN T, T s 1 floh it N 57
e LR AR, — B 100~ 120 K/ min, T —24
T T B4, 5 S8 00 EAARG DO X JUFE ) &1 J s 2 75 R
A — 2 BT AL
&% ik
[ 1] BOUSSEN S, IBOUANGA-KIPOUTOU H, FOURNIER
N, et al. Using an inertial navigation algorithm and
accelerometer to monitor chest compression depth during
cardiopulmonary resuscitation[ J ]. Medical Engineering &
Physics, 2016, 38(9) . 1028-34.
BREASC, FRHESC, 5K, AF. BT E AR
MaAMEEEE M E[T]. bR Ay E# TR, 2011,
30(5) . 496-501.
QIAN SH W, ZHENG J W, ZHANG G, et al. The depth

(2]

measurement of chest compression based on double
integration of accelaration [ J ]. Beijing Biomedical
Engineering, 2011,30(5) :496-501.

REEN, ROKA, XL BT ek B OB B S i
SN R AR T [T ] I BT i 4, 2018,
33(3) ; 6-10.

WU H J, WU SH C, LIU ZH Y. Study on the detection

(3]

of chest compression based on acceleration waveform

shape analysis [ J ]. China Medical Devices, 2018,
33(3) :6-10.

[4] RUSSELL J, ZIVE D, DAYA M. Effect of chest
compression leaning on accelerometry waveforms [ C ].
Proceedings of the Computing in Cardiology Conference,
2017

XA, KM, B, A%, I A AR AR KA [T ]
=EHR, 2013(12); 110-112,116.

LIU J, ZHANG H, LEI L, et al. Acquisition and analysis

[5]

of acceleration[ J ]. Information Technology, 2013 (12):
110-112,116.

(6] v, SEMK, ARHF. —FE BAEL MR R8I

[7]

[8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

Tkl ] AU 4], 2015, 36(3) : 632-638.
HAN P, SANG W L, SHI Q Y. Novel nonlinear Kalman
filtering method [ J ]. Chinese Journal of Scientific
Instrument, 2015,36(3) :632-638.

WANG M, TONG W, LIU S. Fault detection for power
line based on convolution neural network [ C ].
Proceedings of the International Conference on Deep
Learning Technologies, 2017.

SKRERL, 2R, AR, S A5G TP E R B S Mg R
RERA EWRE ] MR, 2016, 42(9) .
240-245.

ZHANG J M, LI P, LI X D, et al. Hybrid denoising
algorithm combining median filtering with sparse
representation| J]. Computer Engineering, 2016,42(9) :
240-245.

DUAN S, CHEN K, YU X, et al. Automatic Multicarrier
Waveform Classification via PCA and Convolutional
Neural Networks[ J]. IEEE Access,

YUJ, SI'Y, XIN L, et al. ECG identification based on
PCA-RPROP [ C]. Proceedings of the International
Conference on Digital Human Modeling and Applications
in Health, Safety, Ergonomics and Risk Management,
2017.

REN J S, LI X. On vectorization of deep convolutional
neural networks for vision tasks[ J]. Computer Science,
2015, arXiv:1501. 07338.

KHIRIRAT S, FEYZMAHDAVIAN H R, JOHANSSON
M. Mini-batch gradient descent:

Proceedings of the IEEE

Faster convergence
under data sparsity [ C].
Conference on Decision & Control, 2017.

XSS, MR, WL 255 U /NP A e A0 Bl
PREB RO HRAE S ROk [T TR R,
2018, 41(19) . 112-117.

LIU J, LOU G H, HUANG W. ECG signal denoising
with combination of dual-tree complex wavelet transform
and moving average filter [ J]. Electronic Measurement
Technology, 2018,41(19) ;112-117.

ZHANG R, BAO H, SUN H, et al. Recommender
systems based on ranking performance optimization [ J].

Frontiers of Computer Science, 2016, 10(2) ; 270-80.
XEERG, TR, 3L BP Bl o 4% 5 > JRAR Ak 1 B



212 8 A x E M 405
FE[ 1], OB HLIR F , 2018, 34(8) : 89-92. [19] SELVARAJU R R, COGSWELL M, DAS A, et al. Grad-
ZHAO ] M, WANG Y M. The study of learning rate CAM: Visual explanations from deep networks via
based on BP neural network [ J ]. Microcomputer gradient-based localization [ C ]. IEEE International
Applications, 2018 ,34(8) :89-92. Conference on Computer Vision, 2017.

[16] WEI Q J, WANG W B. Research on image retrieval ~ [20] SPRINGENBERG J T, DOSOVITSKIY A, BROX T, et
using deep convolutional neural network combining L1 al. Striving for simplicity: The all convolutional net[ J].
regularization and PRelu activation function [ C]. TOP Computer Science, 2014, arXiv; 1412. 6806.

Conference Series Earth and Environmental Science, EE= N
2017. 81, 1999 4 T A R 2 3Rk 2 1

[17] B, BRI, TR L2 TE DU AR I o 2 1) 45 39 i C :\ AL, 2011 AR T[] B R 2 R AR A s,
ARSI ] (5 BHARS5E B, 2015 = | b E Y KEF RIS, BRSO 10 R
(6):183-184.,186. W ke SRR
LYU W, CHEN Y G, SHEN C. Convergence analysis of ﬁ E-mail : baoyu@ cumt.edu.cn
neural network reverse iterative algorithm with 1.2 Bao Yu received his B.Sc. degree from China University of
regularization term [ J ]. Information Technology and  Mining and Technology in 1999, and Ph. D. degree from Tongji
Informatization, 2015(6) :183-184,186. University in 2011. He is currently an associate professor at China

[18] KENWARD M G. Selection models for repeated University of Mining and Technology. His main research interests

measurements with non-random dropout: An illustration
of sensitivity[ J]. Statistics in Medicine, 2015, 17(23) .
2723-2732.

include the theory and application of swarm intelligence and

distributed network.



