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The purpose of the study is to explore effective methods on Transformer-based models for Cardiotocogram
(CTQ). In this study, we use clinical data which is collected from multiple medical institutions. We conduct
a certain number of experiments to verify the effectiveness of various recent model architectures. In addition,
the data augmentation methods and the specific types of signal processing are examined. Both CutMix and
Slit-type CutMix (the proposed method), which are data augmentation methods, are shown to be effective
through experiments. We especially demonstrate that the latter is remarkably helpful in order to improve

prediction accuracy for newly introduced test datasets.
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1. FC®IC

—fRENC, ERICBWT, ERAREEZTFENORBR
HEM T % U R 7 %2 RO (Cardiotocogram
: CTG) 2> 5 HHETHIMI L TW5A. CTG XJEFEHE R
WKBWTHREOKRERZGZ T NEHE—DY =L TH
5703, MAZMOZKOBEMEIMEWC L RHEE X
NTW5B. 72, CTGEZL D/ A XBEENTED,
ZWOWIT L 2o T\ [1].

ARIFFELTIX, Transformer [2] ZRX— A & L7z EE
¥EEFTNTH 5 VisionTransformer (ViT) [3], Pool-
Former [4][5], Swin Transformer [6] % FI\»T CTG »* 5
HERREEROEL, NV RZREEE2THT 2
CEEREHME TS, £, BRAREREZELTET M
R OIS, 57— RILBREMFES % 2 & THRER
7 —2TH2 CTG I L THMRFERZRRKRT 5.

2. RIROBEHMEER

FE UV ODAEER X (CTG) (3 iR E T X B iR
I3 (Fetal Heart Rate : FHR) ¥ FEINHE (Uterine
Contraction : UC) D3Efitat##TdH 5. FHR & UC I3jl
DZZ 7 LTEEE FEICRFRINTED, HAX
bpm ¥ mmHg TH 3 (KX 1). PEIGARIEIZ UCIZH LT
FHR OZ (%2 75 Z & TR O/E 2 HEH 35 5 [1].
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3. FATHASE

Zhao [7] 51X 8 DL A ¥ —THi X415 Convolu-
tional Neural Network (CNN) EF /L 2% L, FHR %
CWT ZHa L 7-H&HZ AW TR EBREZ TH L Tw
%. 1513 FHR 2 & IR I & JE R BrE o 1 5 12 B
NF-REENEESLFL LTW5, £/, Anwar [8] 51
FEFEETNVEURT 2FELREL, REREY
FHILTWS., HoHIET7T—XOFLESET VOEY
Hmxgs e TTHEELZALIETVWS. X512,
Alkanan [9] 513 EfficientNet [10] &=X— R IZ L7z~
FAYT Y VETARERL, "M VR LHEEZT
PLTWS. 5 DET IV CTG I X THENRIARAL
AN LTS Cep&EEZEZ, 22008EEY
FRCS LT A 0Ty PETAMRANT 2FEZRR
LTW53.



4. T=2tvk

AT TIIER D BB D 51572 37,649 D 7 —
Rty D55, A XNEEITRoFEREGESNT
34266 T 5. T 27 -2ty D%
F£1LITRT.

£1CIGT7—2tEv bk

BRI 44 RAT F—REv b BT
FUNREER B Kb ES5) 2,486
REA K AIRE KR 2 H 1,044
R (2018) KRB S5 1,828
& e LEPNT FEA 19,360
BAR S o NS R 4,457
HUT Pl AR PN 573 2EH 3,909
K (2018-)  KR2HEE FZ FH 896
REPOERARE B F A M 286
&t 34,266

(1) Xa7—%

CTG 1213, BHAFHmPERIREBR Y DX 27— &
My FTREEINTWE., XZF—Xofle2kR 21
RY. AR TIE, XX T—=2D55, Zhzhnih
#1573 e 5 0O RO %2 76 L 7-{ETH
%, Apgar A7 1 & Apgar A7 505, X—F v
b IARVELERR L, N VR IRHELZTHIT 5.

K2 XE25—4
T—XRI1EH &
Jiz% ID FU212335
ID 7712234
A H 2018/5/15
7 MR [HRF) 8
S HEREA (53] 25
P SN R
RHASE in 27
IR HA R 2L 40
HZAEIRE [g] 3,363
PERI U]
pH 7.318
Apgar A7 1 7
Apgar A7 5 8
BEERF D AESE 3

(2) FERICERT 3EGROBINIE

) 4 RNFAFT -7 FHR & UC, 10 77D FE04
BT H 3 IR ODAEGEAR (FHR baseline) 2 F ¥ V)5
AN RS X B -G 2 78 AR S 5. IR
J A AR Y ERDIEBIC DWW TR T 5.

a) /A XWIg
CTGIZEENTWS ) 4 X%&RET 57-DICFHR &
UC 2R LT Alkanan & [9] BSHW= ) 4 XULEE1TS .
DUR 7 4 RO EZ RS
e FHR IZX3 % / A AL
1. 025 15 LR =855, RIEE (NaN) &
75
2. 200bpm 2L E, 50bpm LR D{HEIE, KRIEEY
ERA)
3. BEET 2 ER L TS 25bpm DL EH - 7=
ma, RIBfEE T2
4. 158 Z L o FE & AR TED 25bpm ML
Hole, RIEMHEE TS
5. R TORBEEZMTT 5
o UCITXIT 5/ A4 XL
1. 0 KiDHE, KIEMEE LTHTET S
2. 60 VOBENIEI R - 725 b, TRECHERE)
SRS
b) ZFHICFERTIEROIERSE
3047 FHR ¥ UC, FHR baseline % F ¥ /L AN
X5 2 e BT 2R ZEKRT 5. CTG
%K % FHR ¥ UC, FHR baseline D€ / 27 0§
BIERRL, F¥ ANV HENCHEEXEZ 28 T3 F v %
VOB EZERT % (X 2).

(224, 224, 3)
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(3) Under-Sampling & Bagging

AT S T — Xy NI T VR R T
Hrl=D, FNEMET 3720DFEE LT, Under-
Sampling & Bagging Z i\ 5. 7 =Xty bDX -7y
b Z A ULIE 1 3D Apgar 227 & 5772 D Apgar A
AT7DEH HHH 6 AN THIUIIER, Zhlliia
Bl 32, fELIR—=7 Y s I LDLERER 3 I
Y.

=3 SANJLEEER
F—XEtv & EHl B
¥ EH 739 32,187
52 A 40 i




3k, ¥EAT— Xty MIEFNZEERTEFNX
H 445, TAMHT =Xty bTEN 185D D, TN
WBRGETH S, ETNVEFETIRCT &ty b
DINADBAREGETH % v T LDOTFHIFERI AR
RWoTLESAEEMEDH B7-0, FEHHT -2ty bD
B HZXT LT Under-Sampling 217 5. ATl 10-fold
RAEMGE#AT 5 728, %% fold T ¥ 12 Under-Sampling %
HWHT%. 12HD fold DEEHFT—Xt€ v MTHL
C Under-Sampling Z#H L7255 D 7 LR 2 #K 4
IR,

% 4 Under-Sampling Z1T> 7= 5 RJLLEER

FT—Xtvy b BB Bl
1 D2H® fold 648 28,968
1 DHO fold + Under-Sampling 648 3,942

¥/, T—REIANAYFILIZGTIBBECI =AY
FAD Z ~OVHHRZ (RO 72912 Bagging %175 . Under-
Sampling ¥ Bagging DI E % [X] 3 IZ/RT.

Under-Sampling

3 UnderSampling&Bagging DE

4 FHROEEREDOT—RICKT 3FH

HR O BEBER O 7 — Z I 2 HEE 2 AL T 5 72
DICKREDEREETEONLT — 22T XA VT —
Xty b LTTFHEITS. AETROIES 7—&Ey
ME 7 ODEREE» B LNDDTH 20, ER
R Z 2 IR D 5720, TAMNHT -2ty
M DIERGIE Ko THRENPKESELT 5. 7AMH
T—Xty FOERGTERZEE L BRORBEZX 412
AN
ETOEBEME» HEICT -2 28D, 7AMH
F—&X+t v k¥ L7z Cross Validation 7 — &t v +D
% < & 59 28R KRR TN K EERE D 7 — & %
TAMATF =&ty b2 LT 258 L REDER
BB D 7 — & D A% H L 7= Test Dataset TIIFFEITK
TREDDD. TIO DR O ARG TIIRFE DIER
HEEr OB ONET—ZDATTAMNET—&ty b
ZERR L, FEEZMEET 5.
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5. FH\IELE ROC-AUC
ETNOMREREFEZ TS 24582 £ LT ROC-
AUC (Area Under the ROC Curve) % F\»%. ROC-AUC
2 ED X R 7 OFHiifEE e L THWS 5. ROC-
AUC OfEIZ 1.0 ISEWEEYETF LD THKEESE W
LERL, 0.51SAWEEFRREEIMEWZ & 2RT.

6. Transformer #RX—X ¥ LT=EFTIL

AW TIE, SHEUBZ Z712BVWTEZL OlL%E
¥ 7z Transformer % HGULIE D EFICIGH L7 €7 LT
& % VisionTransformer (ViT), PoolFormer, SwinTrans-
former Z W\ 5.

(1) VisionTransformer (ViT)

ViT & Transformer @ Encoder Z#|H L7271 T
H 3 [2]. BEfRE <Y FI12571F T Embedding L, Multi-
Head Attention (MHA) % FI\NTo%y FEIOBEGRZHE 2
TW3 [3]. ViT DE% X 5 1R 7.

Vision Transformer Transformer Encoder

Class

o=

Transformer Encoder

%vé:-%ﬂéﬁfﬁﬂ?@ﬂﬂﬁﬂﬁﬂﬂ

D Linear Projection of Flattened Patches
D;;~GHHHHUHHH
LI ,

K 5 ViT OiSEX

(2) PoolFormer

PoolFormer (ZFEEHIEZ 55, VIT O MHA %
Pooling ICHE Z#2 2 7 €7 /N TbH 5. Token mixer {Z
% 7-% MHA % HififiZz Pooling K ANEZ 22T
MetaFormer (Patch Embedding, Token mixer, MLP) D%
A VIT IS B L TVWE I ERLIZETLTH
% [4][5]. PoolFormer DfEi&E % X 6 12737
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X 6 PoolFormer D#&iEX]

(3) Swin Transformer

Swin Transformer (& PoolFormer ¥ [FI4£1ZFE & 1) 72 4%
WEFEH, ViT ® MHA % Shifted Window Multi-Head
Attention (W-MHA, SW-MHA) I[ZE 2 /- ET L TH
%. Window OHIT Attention ZFH T2 Z ¥ THIEE
ZHIR L, #D% Window % Shift X3 Z & TR %
BXEbLET W3 [6]. Swin Transformer D&% X 7
TR

Swin Transformer

i Swin Transformer Blocks

Input Stage 1 Stage 2 Stage 3 Stage 4

X 7 Swin Transformer D1&E&EX

7. REFZE

AWFETIX, Transformer ZRXR— A L7zEF LY
CNN 7 L2 HAWTL ROERZITV, KRYT—
X TH2 CTGIIN U THMBRFIEZRET 5. TXT
DEFTB VT seed E% 3MEFE L, 10-fold X ZMRGE
(Cross Validation: CV) 2175 Z & TE T /LD IALIERE
ZEHliS 5.

(1) ESNIBICK ZFBEEDEE

CTG ##{ 3 % FHR & UC I8 L TES0LHEZ1T
W, FEEEBEAET 5. FHR ICIZHIES OB R RHE
KTH U7/ 4 RRRHRDADIRA, KRIEER Y%L
DT —F 777 EBFHAET S [1]. Tz, — AN/ 4
RBFEFERICEENRTWS. UCIIEEH & Mm% %
BLAEL TV 720, [EMERELSGERI N TR,
PEIR NEHE XU O B L RIFE, UC X3 % FHR @
RO #Hii L Tuw 3 [1].

a) FHR |ZX9230—/N\XT71ILR

FHR IZM L TR —SA 7 4 LR EHA X, HEE
WEES 5. Ay b 7 R BEFEINCERET 5 2 2 T
BREBIZEERTWS ) 4 X%kRETS. FHRIHL
TH—NRAT7 4 VR EHH I8 CTG ZX 8 IT/RT.

8-a JTEIR 8-b ERRDER

B8 O—/XXT1ILA

b) UC IZx 9 B 1ER1E

UC Ioxt L CIERb 21TV, BIEEET 2 2 & THE
PREES 5. FEEMEZBRENICREST S Z 8 TUC D
KREXZ2Z(EES. UCITH L TERLEITW, EE
EfE L7 CTG #X 9 IT~F.

AN A ANN AN NS

9-a JTEIR 9-b EARKRDER

9 IEFR1E

(2) T—RYERIC & BIEE DR

CTG TN L T7F—RILREITV, ZOHETHEED
MEEZ1TS. £/, AR TRIERYIF— R ISHE L7z 2
v M CutOut £ 2V v b CutMix #1253 5.
a) CutOut & CutMix

CTG % LT Devrie[11] & A3#8% L 7= CutOut ¥
Yun[12] 5322 L 7= CutMix 28/ L, FHEOWELE
f75. CutOut lFHE{ET —XD—H%E T VX LI R
T35 —ZYARTH 5. CutOut ZiHEMHA L 7= CTG 2K
1012”3, UTFOKTIFHAE LS T T57DIKE
DEF TR 7 LTWED, 2ERICIXHBOERT
RRATTB.

CutMix 1 CutOut THRD —EH %2~ 27 3 25 %
DOEBRD Ny FICBEIZ 727 —RIRTH 2. F
7z, BT 208y FEEOEIGICHAIL T~ L%
BEAX¥E 5. CutMix Zi#H L7z CTG #X 11 1T/~



10-b EAERDER
10 CutOut

10-a FTENR

11-b B DITE 1-c BRAED
& Ef%

11 CutMix

X 11-a JTE{S

3) RYUw kA CutOut £ XY v FE CutMix

CTG IZX L CTHI72 IR E T 5 AV v M CutOut &
2 v MU CutMix ZHH L, BEOMGEZITS. AfE
TS CTG IZRFRY| 7T — R TH % 7=, [FIRZID FHR
L UCRFIRICY A T2 NEETHS. XY v b
B CutOut 13~ R 7§ % 55 TE OHENE % Ei{5 O Mt C & E
L7=7— &R TH 2. AV v I CutOut Z3#H L 7=
CTG X 12 1ZRF. %72, CutMix IZ2WT RIS
2V v M CutMix 21825 %. AV v M CutMix %
W L7 CTG 2K 13 127

X 12-b EREBOER
12 X1 v ;& CutOut

12-a FTEHR

X 13-b B @ 7T X 13-c BEHZD
[ELES Ef%

13 X v ;B CutMix

13-a JTEIR

@ TETIIEEDLR

528% % 38 L C ViT, PoolFormer, SwinTransformer M
TR —ZPHRBETH 2 ETIVETHEEZ LKL,
CTG I U THRMBRET UVIBEZIREK T 5. %72, CNN
EFTNTH 3 ResNet[13][14] ZR—RAF 4 VETILE
LTS 2. AERTHEHTIEET VDRI X —
REHRS5ITRT.

K5 ETFILDNSA—42H

Model Name Parameter Count
ViT-S/16 22M
ViT-B/16 86M
PoolV2_S24 21M
PoolV2_M48 73M
Swin-T 28M
Swin-B 88M
ResNet50 25M
ResNet152 60M
8. EEER

(1) EENEDFER

FHR IZH L TR—2ZA7 4 VR EHEA L7=EREX
14 1RT. K14 IWRT &1, By A 7EEEE S
M5 50 DM TEL X THEERKDT ZIDRWTD,
FEEICHEN W DB bhb. ZOZehs, Y
L EBEHLEEFMIBWTIE, FHR OERERE S
WREELRRMAE TN TES T, ZOME, KEK
WO DA %E FWT A U R 7 7 %233l
THETAEHVTYS, #HHORWEENELNS Z
Lbhns.

T2, Hy MA TR 0 DS (Z D4 FHR
DY 7FFEEDADERRTH %) ITHENKEL
BHETWS., TDH, AVEEFILICE 5T, N
Y27 i HFERFHIT 2 7-9121%, FHR ORI
Wik, EERFHETHZ VR 5.

0.83

0.82
0.81
0.8 —
e
2079
2078
£ 077 =ViT-S/16
2076 -+PoolFormerV2_S24

0.75 —-Swin-T
0.74 -o-ResNet50
0.73
0.72
0 5 10 15 20 25 30 35 40 45 50
cutoff K

K14 FHR IS L TA—NX 71 L2 &2 EAL-ER

KT, UCIZxf L CIEBEZRITY, FEEE () 5L
25D AN T —REe UTEERERIT - RO FHIFEE
DOZELEX 1512 T. EEM R %2 10205 120 D
MTE LB EICREREEA NS, HRE



0 DGE (ZDHE UC DY 713MEH 0 DERRT
H2B) ITHEENTRoTWS., UEOREERL2S, Hu
72ETNMTE 5T, UC Ot EEARIZERETRW—F
T, UCHEET 2 Z B FIREDR EICEMTH 2
bbb,

08
=079

cv

€078
iy
=om =ViT-5/16
+PoolFormerV2_S24
0.78 ~+Swin-T
075 -+-ResNet50

0.74
0 10 20 30 40 50 60 70 80 90 100 110 120

wE

X 15 UC Z1IEREL1=5ER

(2) T—RILEROBERER

7 — ZPLIR%E CTG IHEH LR ER 6 1IRT. &K
6 &b, 10-fold CV IZBWTIIAMETHH L7 — &
PHRIF TN TOETAVTHENF E LK. £7, CutMix
FO6DDETNIZBWNTHO T —RILRE D b EVKE
EERLE. TAMF—&ZEy MIRHLTEIXRTO
EFVTHRENE L LT — ZERIE o 7203, R
U v M CutMix 1Z 6 D2DETNMATBWTHD 7 — Xk
REDDEVHEEERLT.

(3) ETILEDHEELLE

6 &b, 10-fold CV IZBWTiE Swin-B 235 D H\
FEHE (0.8310) /R L7z. —HT, 7AMTF—XEv b
W20 LT VIT-B/16 235 & EOEE D (0.6848) 7 L
72. £72CNNEFILTH3 ResNet50 137 A b7 —X&
£y ML T0.6758 EARTHHLZET LOHT
3EFHICEWEEZRLZ.

9. #ER

ARFESCTUE Transformer 2 X— A ¥ L7-{RE2E €T
Nz FWT CTGIZH L THM R FEZIREK L7z, FHR
IR — 27 4 LR ZEH LGSR 5 FHR O & F
BB IZEE R B E B ATE ST, £7 /LI FHR
DR R e UTin, N VA7 RIES
THILTWE Z AL . CTG IR L TF — &4k
REITo 4R, CatMix EHiZICBE LAY v MY
CutMix 73 CTG IZXf L THAMABRFETH D, ESVFEE
ZaRL7 FICRY y M CuMix BT A R TF—&Xt v
M L TEWEEZ R LIz Z 205, REMEETIE
AN WE I BREREBEZ L DT — X DAL 7 R
WXL T B AERTH b, FHrROEREEED 7 —
AL THEWHEEZIRGTE 2. E7LVHETHEE
B LR LT, 212, Swin Transformer
¥ VisionTransformer %% CTG IZXf L TEHWHEEZR L

K6 7—2HhREEA LIHER

BT — R oy TAY
ViT-S/16 0.8024 +0.0247  0.6532
ViT-S/16 + CutOut 0.8080 + 0.0248  0.6532
ViT-$/16 + 2V v M CutOut 0.8090 + 0.0244  0.6499
ViT-S/16 + CutMix 0.8149 + 0.0251  0.6544
ViT-$/16 + 2 U v M CutMix 0.8143 £ 0.0212  0.6646
ViT-B/16 0.8093 + 0.0246  0.6210
ViT-B/16 + CutOut 0.8168 + 0.0267  0.6274
ViT-B/16 + 2V v ! CutOut 0.8163 £ 0.0269  0.6509
ViT-B/16 + CutMix 0.8240 + 0.0213  0.6434
ViT-B/16 + 2V v b CutMix 0.8228 £ 0.0211  0.6848
PoolV2_S24 0.7953 + 0.0279  0.6701
PoolV2_S24 + CutOut 0.8085 + 0.0269  0.6635
PoolV2.S24 + 2V v 4! CutOut  0.8096 + 0.0252  0.6605
PoolV2_S24 + CutMix 0.8136 + 0.0260  0.6496
PoolV2.S24 + 2 » M CutMix  0.8121 £ 0.0271  0.6760
PoolV2_M48 0.7481 £ 0.0591  0.6039
PoolV2_M48 + CutOut 0.7628 + 0.0589  0.6056
PoolV2.M48 + Z Y v M CutOut  0.7611 +0.0495  0.6346
PoolV2_M48 + CutMix 0.7665 + 0.0398  0.5776
PoolV2.M48 + 2V v M CutMix  0.7731 + 0.0468  0.6423
Swin-T 0.8164 + 0.0265  0.6583
Swin-T + CutOut 0.8262 + 0.0267  0.6469
Swin-T + Z Y v M CutOut 0.8243 +0.0262  0.6601
Swin-T + CutMix 0.8287 £ 0.0274  0.6616
Swin-T + 2 U v + ! CutMix 0.8295 + 0.0275  0.6548
Swin-B 0.8193 +0.0258  0.6147
Swin-B + CutOut 0.8242 + 0.0255  0.6487
Swin-B + 2V v M CutOut 0.8249 + 0.0263  0.6466
Swin-B + CutMix 0.8310 + 0.0273  0.6576
Swin-B + 2V v + ! CutMix 0.8300 + 0.0256  0.6305
ResNet50 0.7878 £ 0.0277  0.6368
ResNet50 + CutOut 0.7963 + 0.0233  0.6147
ResNet50 + 2V v + %! CutOut 0.7983 + 0.0238  0.6722
ResNet50 + CutMix 0.8205 + 0.0231  0.6708
ResNet50 + 2V v A CutMix 0.8193 +0.0252  0.6758
ResNet152 0.7778 £ 0.0248  0.6116
ResNet152 + CutOut 0.7873 +0.0283  0.6361
ResNet152 + 2V v M CutOut 0.7894 + 0.0268  0.6068
ResNet152 + CutMix 0.8229 + 0.0241 0.6518
ResNet152 + 2V v M CutMix 0.8227 +0.0269  0.6562

7. FORD, AMETHWEZEFLORTIEINS
DETIVHGED CTGIZH L TEMTHE L WVWE 5.
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9.

BE X
[1] HEAN. K&t CTG 7 ¥ A b, BR&tHE X O h
v a2 —%t, 2016.
[2] Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob
Uszkoreit, Llion Jones, Aidan N Gomez, 1. ukasz
Kaiser, and Illia Polosukhin. Attention is all you



(3]

(4]

(5]

(6]

(7]

(8]

(9]

[10]

[11]

need. In I. Guyon, U. Von Luxburg, S. Bengio,
H. Wallach, R. Fergus, S. Vishwanathan, and R. Gar-
nett, editors, Advances in Neural Information Pro-
cessing Systems, Vol. 30. Curran Associates, Inc.,
2017.

Alexey Dosovitskiy, Lucas Beyer, Alexander
Kolesnikov, Dirk Weissenborn, Xiaohua Zhai,
Thomas Unterthiner, Mostafa Dehghani, Matthias
Minderer, Georg Heigold, Sylvain Gelly, Jakob
Uszkoreit, and Neil Houlsby. An image is worth
16x16 words: Transformers for image recognition
at scale.
Representations, 2021.

Weihao Yu, Mi Luo, Pan Zhou, Chenyang Si, Yichen
Zhou, Xinchao Wang, Jiashi Feng, and Shuicheng
Yan. Metaformer is actually what you need for vi-
sion. In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition (CVPR),
pp- 10819-10829, June 2022.

Weihao Yu, Chenyang Si, Pan Zhou, Mi Luo, Yichen
Zhou, Jiashi Feng, Shuicheng Yan, and Xinchao
Wang. Metaformer baselines for vision. [EEE
Transactions on Pattern Analysis and Machine Intel-
ligence, Vol. 46, No. 2, p. 896-912, February 2024.
Ze Liu, Yutong Lin, Yue Cao, Han Hu, Yixuan Wei,
Zheng Zhang, Stephen Lin, and Baining Guo. Swin
transformer: Hierarchical vision transformer using
shifted windows. CoRR, Vol. abs/2103.14030, , 2021.
Zhidong Zhao, Yanjun Deng, Yang Zhang, Yefei
Zhang, Xiaohong Zhang, and Lihuan Shao. Deepthr:
intelligent prediction of fetal acidemia using fetal
heart rate signals based on convolutional neural net-
work. BMC Medical Informatics and Decision Mak-
ing, Vol. 19, No. 1, pp. 286—, 2019.

M. AnwarMa ’~ sum, P Riskyana Dewi Intan, Wisnu
Jatmiko, Adila Alfa Krisnadhi, Noor Akhmad Seti-
awan, I Made Agus Dwi Suarjaya. Improving deep
learning classifier for fetus hypoxia detection in car-
diotocography signal. In 2019 International Work-
shop on Big Data and Information Security (IWBIS),
pp- 51-56, 2019.

Alkanan Mohannad, Chihiro Shibata, Kohei Miyata,
Toshiro Imamura, Shingo Miyamoto, Hiroaki Fuku-
nishi, and Hiroyuki Kameda. Predicting high risk
birth from real large-scale cardiotocographic data us-
ing multi-input convolutional neural networks. Non-
linear Theory and Its Applications, IEICE, Vol. 12,
No. 3, pp. 399411, 2021.

Mingxing Tan and Quoc Le. EfficientNet: Rethinking
model scaling for convolutional neural networks. In
Kamalika Chaudhuri and Ruslan Salakhutdinov, ed-
itors, Proceedings of the 36th International Confer-
ence on Machine Learning, Vol. 97 of Proceedings of
Machine Learning Research, pp. 6105-6114. PMLR,
09-15 Jun 2019.

Terrance Devries and Graham W. Taylor. Improved

In International Conference on Learning

[12]

[13]

[14]

regularization of convolutional neural networks with
cutout. CoRR, Vol. abs/1708.04552, , 2017.
Sangdoo Yun, Dongyoon Han, Seong Joon Oh,
Sanghyuk Chun, Junsuk Choe, and Young Joon Yoo.
Cutmix: Regularization strategy to train strong clas-
sifiers with localizable features. 2019 IEEE/CVF In-
ternational Conference on Computer Vision (ICCV),
pp. 6022-6031, 2019.

Kaiming He, Xiangyu Zhang, Shaoqing Ren, and
Jian Sun. Deep Residual Learning for Image Recog-
nition. In Proceedings of 2016 IEEE Conference
on Computer Vision and Pattern Recognition, CVPR
"16, pp. 770-778. IEEE, June 2016.

Ross Wightman, Hugo Touvron, and Herve Jegou.
Resnet strikes back: An improved training procedure
in timm. In NeurIPS 2021 Workshop on ImageNet:
Past, Present, and Future, 2021.



