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fii )L.L» 2R (fetal heart rate, FHR)BE4% R B REEF B WA LA R E M, BRRILLPHEERSR. Lal
Ji ) LCo FR S 0 s R AR B T B3 B SR R AR I 350 B {5 5 (abdomen electrocardiogram, AECG), i
155 4 FE 0] MAECGIRER H 5 ) L0 BB {5 5 (fetal electrocardiogram, FECG), RIEIRBHIFECGH HHE T
FHR. HATFECGIREUEAEE —HHE, WEAECGH &3E O 155 (maternal electrocardiogram,
MECG). ELERE. THTIN. REEFE, XBBRFELMFAECGHESREE, RAFMFECGHIRIEX
MR . FEEASRH T —MET CNNMEMAECGHE BTG HEYE, B ixE AR UXNAECGH Bivfh,
BHAS 5 R BT AECG, MTMIREFECGREUMMERZ . I X RE FAECGR BPPE, ASCIRH
HH RGUE (SE). FHEFUIE (PPV)RIFLEIAE] 7 97.76%-. 97.00%. 97.38%, iEBAASCIRH AL
T A BT AECG R B A .
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Abstract
Fetal heart rate (FHR) can reflect the health of the foetus in the mother’s womb and is an impor-
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tant indicator of foetal monitoring. Non-invasive fetal electrocardiography is based on placing elec-
trodes on the abdomen of a pregnant woman to collect abdominal electrocardiogram (AECG), and
after signal processing, fetal electrocardiogram (FECG) can be obtained from the AECG signals, and
FHR can be calculated based on the FECG signals obtained. Currently there are some problems in
FECG separation, such as maternal electrocardiogram (MECG) in AECG, baseline drift, IF interfe-
rence, acquisition noise, etc., which will make the signal quality of AECG poor and ultimately affect
the separation effect of FECG. Therefore, this paper proposes an AECG quality assessment algo-
rithm based on deep learning CNN network, by which the AECG quality can be assessed and the
AECGs with better signal quality can be screened out, so as to improve the accuracy of FECG ex-
traction. By evaluating the AECG quality of the test set, the sensitivity (SE), positive predictive val-
ue (PPV), and F1 value of the proposed algorithm in this paper reached 97.76%, 97.00%, and
97.38%, which proves that the method proposed in this paper can be effective for AECG quality
evaluation.

Keywords
FHR, MECG, FECG

Copyright © 2024 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 518

FER IR L O R BM B, WG )L OIS 22 3R BCE GG ) LA REIR LA I S 1) EE 245 B —
Fiigf%. FHR WEIUHEIE I O, OO ZE . Ik - st PR DL R AR S5 PR AR S 00 T 6 S5 1R L
FHiaMSE. HAET, BEOE% Y (cardiotocography, CTG) & IR b i FRING ) LG 7k, SR, X7
e B R A, AE A AT A T B W, i B R F R 7 R AT R AR ) LA I e
[1] [2], HRIEHEFCARIL, SF-T12 W7 e s e R 22 U A al s i A KT 20 205 ma = 5 B LI
IR [3].

B ATHEMT FHR W& 7 202 it e i ) LSk B BT3CE Wbk, TEURET AT . SR, X Fh 5 A7 70 XU Al
FAS TR, AETE NG PR B H (1 N 2 2 R H1[4]. Rk, Jof) FECG MRMIB AN & ARG =1 FHR
& J7% 2 —[5]. &Iyl R A IC R BRI AECG, #RJ5 MhRHL FECG. 4R, AECG
REARIG )L (E R SR AN -7 E BB, 1 H FECG MIIRIE L EHMARIKAE 2, WReamifs. 1
4b, FECG &2 2Ifif ) LIw FBE 2« WL FRYE 3l LA B2 Bl P s s e [4], X815 FECG $RHUE/3 5 N & 2%,
WX B 24 QRS [RTIN BV T IR Bk . I LAk, SEiHE S A 5 I R R AE FECG LS
AIRE, XETTERE 7oA FECG fE Wl E = RHim R SE i o2 Wi i ) LB B A B A7 [6]. AT
ZFh M AECG HREUH! FECG ) 777%, PhysioNet/Computing in Cardiology Challenge 2013 #2fit 7 K& %L
PRI SE FHS%[7]. HAT, & M FECG $EUEE B HIERIE8]. BIR(E 53R IUE 2] FIAHRIE[5],
HorP AR I RS S AL B L BHALC HELAS 5 (Maternal electrocardiographic, MECG)fAR Al MECG J{7»
bR,

AR, B N TR R AT RN AR Bl K e, TR BE 2% S TEAS 5 e 3R AUAS 2 1 7z B [9] [10].
75 FECG $RU5 1, IRFEY SIS 1R Bk . Bt Jin Lee 55 A\ ¥ W-net B H T H{518 AECG, i@
aok g 213 (1) 1 A B A A B MECG M FECG,, £ 459 il 45 82 B8 T i 28 25 B MECG FRHIEJF# B FECG [11].

DOI: 10.12677/acm.2024.1451409 152 Il PR 155 2 33k Jé


https://doi.org/10.12677/acm.2024.1451409
http://creativecommons.org/licenses/by/4.0/

RS, BaiR

A, Wang S5 NI H T —FhH T FECG $EHU M 7 25 #4 P B 70 v 25 WX 4% (CSGSA-Net), 1% ™ 25 1| FH B
2% i) P 3 AR T4 MECG #1511 FECG [12].

RS AR T — 2 MR, B V0@ B PR & A 24 6 LO R BRI R, 3 B2 5 RIAE
TESHENEWE. S5 EEESER2RAERILOBES, B SERE, SEOCEEMmIRIGH
FECG. It4h, A B MMl L0 G S R E[13]. Fik, #F55 AECG Jit & il Sk i a2 e
FECG HAHEEE X,

TEX] FECG 15 54U, SEi T AECG (G5B £ CEE, XA THRItHEARM FHR
BAWEMRMERAT 5. R AX AECG (55 3T RS AL, SIEMMERRIGZ 250 . Andreotti 55 A& T
55 RHIE, KRG 5 IR ARG & DUt 2 2828 (1 72k PPl FECG (55 i &, H—8uMik 2] 0.65 [14].
Nardelli % A 5| N T —FoBi I m M G- bk PG O B S, o RuERi A 2] T 90.38% [15]. Shi &
AHEET QRS BitfE, i@ iHH IR QRS B SHMR(E 5 MM C RECKIHG L E S HE, BFT
RIUFIIFBER[16]. 1T, X AECG 155 iU E VPG AT TEARXT B, AN U3 H 1) AECG {5 5 i &
VAL 3 BB T FECG $ MU DL Rk e FHR 11 B4R B 2R

2. Fk

AECG JR &G FRAAEEW FE 1 s, MME 2, Hih AECG BHr sz, R/5iEid AECG
S R RIS 3] AECG (5 5 HITEY, BJa, ik xR AR B v AT 4G .
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Figure 1. Flowchart of the proposed method in this study
B 1. AMRRBHGERNRIZE

2.1, HiEs
AW EIAE T 3 M R4, BiE4 A K E The PhysioNet/Computing in Cardiology Challenge 2013
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seta [7], A B AARSLI EEIL I A ERE R AR HdE, a4 C 5kHE The PhysioNet/Computing in
Cardiology Challenge 2013 seth [7]-

Hll e A B3 75 I B Im REEE AR 2 I B KBRS [0 290y 1708, 4 /NdEiE e pkid s,
KAEH )y 1000 Hzo

Kot 5 B G 195 44 2230 (I PRESHE , 591 2 00 080 K B0D sk 18] 295 20 434, 8 ANl FLARAE 5,
KAEF )y 250 Hz.

gl C A5 100 154 B R , B9 2 i B R BUE I R Z 0 1 7%, 4 AN iliE i ARad sk,
KAEZE A 1000 Hz.

BRI G KAy 250 Hz, AU A MR C IMBHRARINZEE, Bk B K
B A 2H RS o

2.2. TRALER

76 AECG ™, WS B FEELRIER . WU TR TAT-HR[17]. SELRIEALIE 5 A2 o 2 1 R R AR T
BETIR SRR, R RRUESZIE IR, HAAEE 0.05~2 Hz [18]. 5 F I 2 PR B 448 1) 7 2
0 FE AR RN 1 2R 00 5 [19] 0 T ATT-HR I 2 7 e A P R0 4 7 AR IV B AR A T4, 8 D 50 Hz 1 IE5Z 3%
F B WU 3 Bk 5 22 M IR LA BT B LS 3, 2y 7 30~300 Hz.

EAB T, FATRA T 3 2 90 Hz A ARl gk 45 [20], LAVHBR AECG AR 205 F2
AL, HRH T 5 B 50 Hz [ AR AR AE R IERR TAUTHE. BT REWR & REBMAE L,
FAEZE T2 FECREE S MIRMEZEFBOR, AV T Z-score J7iEXHENR G AECG 15 5 T hrifE
AR EE[20]0 BRJ5, N TG RI L YISRFISE b B 75 R, BRATRA 7 4 BKERE O, B4 B rpbKst
WAEL G ) AECG AT 208l B IRIE L K Mbnd, WESREZENF SN 0, ik 2(a). &
2b) 7R, HE S REGFRFIARERN 1. & 2(c). & 2(d)Fis:

@) (b)

© (d)

Figure 2. AECG signals of good and poor quality
B2 ESREFSHREEMN AECG E5
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2.3. AECG RETHER

YGRS TP 2 R, JEILAE AR BRI [R] 7 B A R IS . L T AR AT
YA, ABAAE —ANYERE E AT B LBt 8. —4EBBUm % T M5 2 B8 b 32 BURR A B 2R 5 o

TE— B P E — AT B (G & — ) &) LA — DB R (O RS ) . BRI SR
FPotE s, TERAE E SR IR0 AT 0 R BIIE AR AT, WA OB 14 7 .

—YEBREZ N ORAA ) 2 R, R AR SR T SCAR A KU RAS S A T . E
K RIRE, £ N S8 E, BIRTHEE AR EL[21] [22] [23] [24] [25]. #RFTFE%N,
AECG 2 — MW EFFES, 1MH FQRS &mHAFE, Kk, fHH CNN W%t AECG {55 i & WAl &
— PP A IE I

AT T — M E CNN W% 554 R 25 €] 3, S 8nk 1. MR M N
1 J@IEY AECG %, ity AECG {55 iR IARSE . IXFHHET CNN (15 & VP At A5 08 i )1l 2 6 o 1)
7000 4~ 4 ¥ AECG FFAIHEAT IR, RS EONIEAKHEL 1000, &K/ 10, %% >)% 0.0001, HArfisk
PRECRAE XS, AR AR ) 4000 A 4 8D A EAT I .

AECG Label
—— » ConviD —»{ Maxpool Softmax +—~——m——p

Figure 3. AECG quality evaluation algorithm network structure diagram
3. AECG REBTME B AR B L E

Table 1. AECG quality evaluation network parameters table

%% 1. AECG RETFEMEEHE

Er 1= [ 4% J= ZHHE

Layerl Input Layer —

Layer2 Convld Filters = 16, Kernel = 3, Strides = 2
Layer3 Maxpool Poolsize =2

Layerd Dense 100

Layer5 Dense 2

Layer6 Softmax 2

Layer7 Output Layer —

2.4, BEIHGITG

N PE SR SRR RS, (A RBUE(SE). FHYETME(PPV) A FL B ITAS ATde i 5k
TP

SE = 1
TP+FN @
TP
__ 1P 2
TP+FP @
% x|
£ _ 2*SE*PPV 3
SE +PPV

Hrb, HEAPE(TP)R R AECG B SHER 22K, RAVE(FN) R AECG {55 i EIFIIE 50
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FNfEGREZE, BFPEFP)FR R Z NI 5 5 0 R LT
3. BRE I

AHIE TR A AE MR TSR 075 2 Fa, BT 2 A6 AECG 155 B & 3PS B Fu 2>, 6
HRAEIRE A 21510, R ASHE 50 o6 HoAh i 773 2 4k CNN. KAEIRHEIZ M 4% (long short-term memory,
LSTM) A THR ST, It e 2 0k, AHE TR 75 T A i 773, 2081, 2 48 CNN H T4k
AHE P EAETTHRER, MWMOREEEE, LSTM MEZERRFIZ BEER, A2 i
1k,

FECG 2l —HLKZE— N RMAIMEM, FUHFEFEE TGS A, MUUE S — 24
FECG. jBid A 5HE i i) AECG R VEAL Hi%, nILAJfE S S R MG S, Mtk oK1iEs FECG
PEMUEE M RCR DR TS, & E 5 R E I BARIIE S, RN nT L2 BRIEH 145 5 A 32 . thab,
RS HILED, AR TR T G 1S

MHITXT AECG 155 & VPN B AL b, RS AT DLIE I B 2 I PR 5 4 1 SR S 4 v R0 i Ty
2R, T Do SR ARG B AR B, $im AECG REHUE IG5 &,

Table 2. Comparison of the results of this research algorithm with other algorithms in the test set

2. AMRBEASHMEZAENREERMNELR

RGN SE (%) PPV (%) F1 (%)
2DCNN 93.30 96.86 95.05
LSTM 93.24 88.95 91.04
AR T 97.76 97.00 97.38

4, g5ig
ARG T — R EE CNIN P44 (1 540 7 P 125 20 o VP A 90, V2% T 19 L 32 Ak B 3 LM R A1 ek,
R F IR SeE:, W T FECG $REUM MR R A EE AR, T HEShTCOIRG ) LoC FE 2 I PR I 15 -

e HE

[ 5% B SRRl 45 4 % B H (U20A20388);  [H 5% 5 5 & 11%1)(2019YFC0119700).
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