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Abstract

Early diagnosis of cardiovascular diseases is of great significance, and PPG signals combined with
deep learning technology provide a new way for early screening. This paper introduces a deep learning
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model for cardiovascular disease classification based on single-channel photoplethysmography
(PPG) signals—ResGNet. The ResGNet model consists of three core modules: the data pre-input layer,
the parallel feature extraction layer, and the classification decision layer. In the feature extraction
stage, the parallel architecture of improved ResNet and Bidirectional Gated Recurrent Unit (BiGRU)
was used to capture the spatial and temporal features of PPG signals, respectively. The key feature
representation is enhanced by the extrusion-excitation (SE) attention mechanism, the multilayer
perceptron (MLP) is used for nonlinear mapping, and finally, the softmax function is used to output
the classification results. Experiments show that the accuracy of the ResGNet model reaches 99.34%,
98.91%, and 96.51% on the three datasets of MIMIC III, MIMIC PERform AF, and Arrhythmia Detec-
tion, respectively, showing excellent classification performance. Especially in the classification of
complex arrhythmias, it has shown higher accuracy and sensitivity than classical deep learning
models.

Keywords
Photoplethysmography (PPG), Arrhythmia, Atrial Fibrillation (AF), ResGNet

Copyright © 2025 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

O 1ML 75 (Cardiovascular Diseases, CVD)/E N & BRESLR L = IR e R, iR CECh 2Rk A 3
TPASSR R AR . fEIRE, CVD Bifs IR, BRI A R 3.3 14[1], H R
RANRFFRESE LSS, MR E A IRAT W RIS . CVD Wi 2R, ok
(Cardiac Arrhythmia){E 0 IfiL 5 5 45 HE AR S B e 5 10 = BRI 3[2],  FLmELEIR T Ik A 4%
RAM DR B RS, B0 S A S TR A AN [3] . EIRAE IR I PR S W A AR B3
JRPE, AR PRI QAT X ANE . 188t & T RS AR R R, FRE ) PT RE S R SO T
i BOC R VAR AL S5 B A 1t I AE[4]

FE VIR H B 2 4y b, o 53 B S (Atrial Fibrillation, AF)VE Sy f EL I P 3kl 1 e sk oo i ok s 26
[5], & EZRAR 055 DR R HASIN 077 sC3EAT BB [6], G5 5 0o IR 45 4 7 Bt /) 3 (HF) RH 2R [ 7]
EAFE R, B M5 B (Paroxysmal, AF) LA T 8 A E HIGRER I K IR EHE, & S 802 W
FEIR, IXEERELR A 51 D B A B R A AR A (LA I m JXURT 78 12 400 77 3 0 F) B B i IR [8] . A1k, 5 E
RS IUAE S T BB R YR 97 RN TR AR 19 2 0 L 2L,

R4 AR BRI 2 SRR M, BRI i s 18 B & A I BT SR A AT AN Y, AR
PSR [ ARSI DA ST Co Uk H A BIORAS RE SRS A VAl o 4K, SR UK (Photoplethysmography,
PPG) 1 2 — Fh 2k Tt v A% B i B 1) o GRS A2 AR, et ad it 4 i I8 5 AR AL I AR 05 5 R B, Sl
O ML RGN RE BN I o 124 AR T T3S SR AE S B0 (B8 S MR 90 A X vy % o v e A3
)OS 50 I AR SR AR AR AR BB AR OCME, JUICAE J BIUAE O 5 5005 10 07 2 12 W o e L+
BN FME[]. #E— B R, B @I T PPG 15 SR E S B L &8 2% 3B (=7 e 1) AL
IREEM A W45, WA BT O MU 0% 2 2R A A SO PR ARE S v, DI PRl B2 B 41 7 37 21
REAL MR [10], fEME RN, HREA SR SIS St AR B3R5 E B A =BG R E
s

e
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PRI, AR — PR G R B 2 ST B8 ResGNet, () TSEMEE T PPG E 5B BIH B /72K . %
JHER =MD i B U AT RHE IR BUZ M R o FERFESR AN B, FATTRE
THT BT o2 ResNet 5 30 [ T4 06 35 5 70 (BIGRU) (M FFEAT IR B2 2% S 48 o o, BR 72 4 48 ) 45 3 ik
Ik SR A AT A R IR 2 0 P VR K IR, T UL D3 A0 A B e e o R A [ I R AR, R D A
3K PPG 55 ()R B TE SRR 5 AR IR PP MR 38 R AR Rl 45 J2 K T b S5 M SRR AR R AT 25 ) — I T 4
PHEJE, SIABHE - WU (SE)E B A HUHI R AT EIE A EARE , TG 98 OSSR AR R R R o o B
2%, 2 Z ZEAMHLMLP)IARLMEMU 5, SR softmax B ¥k th 2 70 84 55 Bt 7 A1

2. BRERMMALIE
2.1. BELE

ASCHEE T =R RO MR E S5, 2519 MIMIC 1L, MIMIC PERform AF Dataset 1 Ar-
rhythmia Detection.

MIMIC I (FAE M3 22 S50 GE I )R 4E[11],  Hh DU DA ] Lo 2 g7 rhoCa RGBSR (2597 1
TR T TUSCEE , A B R T R P2 AR PR 500 2 A 8 4 o R T 80 2 6% K4 30,000 44 ICU JE 2 11 67,830 A
WRES, XEITHOFERENES, #ltn ECG. ABP M PPG, REEHIA )y 125 Hz, @it 454X i
e, FRATAT LA 2 N ARG BRI . ASCAHIRIL T 30 43F AF B3 1 30 44 AF BB
PPG i 5% .

MIMIC PERform AF #4545 H1 Charlton Z5[12]2% T MIMIC-111 378 84k FE UL IC AR e i, B0 &
[ 22 SR AR 1) F S AR (PPG) 0 FRIEI(ECG) M WP IR A 5 55 Z B AR FRAUHR o B B2k 26 35 19l
FYE WA AR R, AR AR AR I IR WA SRR T S8 B R AR, b 19 B1h B BRH 1t (AF 4H),
16 151 A 55 B BH P (nonAF 4H) .

Arrhythmia Detection (4 /2 Liu S5[13) M A H = 2R 22 Bt B AR B sk B . % 91 foil.Coaf O o BB 3 1)
827 /N PPG 55 F BLltAT T 4028, BE&FEMHOMA(SR). EMHEH(PVC). iR (PAC). =M Lahid
HVT) = OB E(SVT) O aI(AF) . BE & i i@ ge s AR Ak AL, DA iR i Be A B
FHE bR o

2.2. WHETRALIE

ARSI MIMIC IR R 7 (1 PPG A5 5 04T T A RAREE: B 5, I DU B R PR 0 i A a5 o (b L
BFE 0.5 Hz % 8 Hz) LFRFLLIER M S A [14]. #54, fIH] Hampel JEU% a5 00 F B i w8, ixad
PR TR S H A 6 MEATEIMZE R B 3 (hrHEZERIGE . ARG SR, MR T
e BOMIS- 2R BB i 73, IR SRR SRR (S SR B R . O TR TR, AT (5 5 0 B R S:
(17 10 #pFr Bte s BbR SRS [F) A0 Sk (0 LRI (ECG) B A % KA SZ AR . B2, FTAAE S 33T T 4%
HEALALBE

2.3. EF ResGNet B EEIT(LE E

A K ) ResGNet #7U3E T ResNet. CNN A1 RNN [ I 156 7 20 S35 kG il o R 7R 3 B4 i 32040
FHRFAE B BUBSHRN 4 FEBEER A B, R B SE M A 1 From . FRAESRHUBTERSEEN PPG 15 5 I 25 RFE,
25 (B R BB BN R 22 2%, 1 6 MRS H R I AR SR B e i DY 2 BIGRU 415, KR E %S
(RIS TV RFAEBEAT P, 00T SE VER IHLHI S5 B4 it 73 RO 2 > B B RAE ZEAT BRI
IS A RS SR R T &5 R
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Figure 1. Structure diagram of the ResGNet model
1. ResGNet 1R 2545 &

2.3.1. Z[EJFHIEFRBUERIR

& G A R X 245 — SRl HE S — RGBT T R E R HIER, (R U S Ik B — PR
o L 2B 1k iF) . 2016 4, He S5[15]42 i ResNet M4 51 N T 5k A MmESr, LSRR BE
FIRMBIPRAR, FRARGEWIIRE T A MRHIE, CRIE T NZ 2% ST NP AAR e, AT 38 s 1 vk 1 A0
RZ AGBE ST

A SCAE 7S (B R AR SR OB b, R A SG2E i) ResNet X PPG 15 5 HEAT 25 IR AFAEHR L, ResNet [ Hi 2
N1 R T EBUEAESS, UTIC PPG &5 BIHIN, XTIRM G IEATIEN, ol 5 ResNet Z5M il 2 firs.
PPG {55 LG IIA EARII N TELEEE, 75 DB s SRk b I 28 BUASE, 7R — 4R 2 2 e il il —
AMEREIA—(BN)ZE, 7 U R ZE NI Zod F2 o IR SR FE . ReLU 25— ZMBUE RS, BEEm T
—> Dropout 2, T EZHFSHMZILIE, HRBAZ1LAe /1. Dropout &N 0.5, IXFHIREETE
ZEGERIE I BRIOE B S T M B R AL R, R 2 R AR AR e R T T PPG I TEAFE I JE IR 1k
RALRE ST BARERIREL ) PPG 15 5 10 25 A RFAE N J5 82 (OB T AR AE SR B AL T & AN o 25 TR 3 412
BT ESREER, X0 FHEM PPG (F 5P IS E CHE,

Y

Z 0

Z
m
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Figure 2. Improved ResNet model diagram
B 2. i EHY ResNet 1EEY[E]

2.3.2. FfEJHESR BUARIR

38 VL0 22 ) 28 (RNIN) 75 A B2 1) 50 I 2 7 A S G PR 5 SR o 00 Im) 11428 366 U1 BT (GRU) A& — R 1) 32
IFFRZE 2% (RNN),  REA RA P I S0 R Ao P 0 2R IR E 1) 1) R [16] . GRU I8 I ASE F 1142 AL ) A4 i
BN A2, R S AT . SR E —ANEALTIA AT, HR S AL TR B B
il 5 2 B BECR S M S5 &, H AWM, T E LT ORAF B 4100 I (8] 25 2 T BB 2 1%L
&, HARXWKQPIR[L7]. EIFHERETIH, GRU M S, JHRFRiLiaHgl, I KREE %
b ]| E22N N WET DS = o = A T

HE ] r P08 T U A ik LIRS A ARk, tHE R
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=J<Wr '[ht—llxt]) ()

Horbr, W 2 EE TR
ORIz W€ THIPIRSE B h Bz g 2 0 RS EE h,, HET I F:

:a(WZ .[hl—llxt]) )

Hef, W, 2FEBITOBERER, x &4, o %ox sigmoid B %L, eoBHEMLUEEIO, D)X, ATk
SN E-Bviia

GRU A% 0o A2 Mt 25 14 7 S A0 24 7 A A A S U5 . XUa) GRU H#i A0 1S 6] RNNZ 4Lk
SRIGTEREAN I D R H AT RS R 5 58, I AR B L AR SR 1 7 51E E[18]. BIGRU &5t l& 3
Fiw,  x AEATER I, b e BRI EEGECIRES, GRU B 45 i/ N& LR . BiIGRU
5 A S, RTINS %02 S IR AL 3 SR AR 5 B o IXSEIL T x4 s B R S [R5
FERXIRF A, SR T B = 4504 B o 64 11 2 JZ BiGRU. PPG 15 5 A i _E & —AN I i e 5 510,
K@ F MR EEE, T RS RINTRERBUERE, RA BIGRU 1J LA R0t S B HURHE,
PRFIX LE TS BRI TA) (AR AL R, 5T 5 B A5 s 2 BRUIR S AR ARG I ey B 22

Figure 3. Structure diagram of the BiIGRU model
[ 3. BiGRU 1R AU45#5[E

2.3.3. SE ZEHHH!

SE VE & AL 8RR N HE AT il B (Squeeze and Excitation Block), #& 1 Hu %5[19]7F 2018 4E42
(o AT M R A AL B, SE Block AERSIR TSR R I, JUHRENFAES . SE
TR N EE R P B A R K (Squeeze) il (Excitation) . 7 15 2 38 i 43 &5 T #4ith £k (Global
Average Pooling) ¥4 %5 /™1 I 2 A5 B R 48 e — A S A, ANIfi 3RS — AN 5 BTl TE 4 = (5 B
FREma, HA W@ AR . & 58 AN 4% 5 2 (FC 2) ki JhiliE 2 M Ko &, JHE
ROBIE R E, ARG AR, Bk, BEE—A FCJZMRYEE, SAEFIH ReLU ¥ ik 51 1%95
W A FC R IR E B F M@ iE S, M sigmoid B8 E15 )AENBIE R R, IX A E I ik T iE
O G

H W

w22 (i ge) &)

i=1j=1

HrpH o W MC 3R TEEEAEIESR, 2z, FoRHE o MEEMGTHE R
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s=o(g(2)) (4)

Hr, g(z) Xtz R E A ER(FC) BB M4 R . o R sigmoid Bi%L.

PREJERA BIGRU 2R M LARTIRFAL, (ERB S SINTURIRAL, 8 1 RTEXS 55 BR ) 5 2 () Fr
fit, 51\ SEBlock, JVEH fiAFE. A A AGE R LI 250 5 Seild 5 — A FC R FRIR4ESE, SR)EH]
M ReLU Bif sl #EEEIE S A FC RIKE R AGEIERL, JFNH sigmoid bR %S 2165~ IHE FIRL
H, HBRZIIE 4 fros, XLSAUE SOB ) IEIE R B

|
l
AvgPool
FC
ReLLU
FC
Sigmoid

Figure 4. Structure diagram of the attention mechanism model

& 4. EEHHHIERILEIGE
2.4. VEERR
e R, REEME R EZE TR, 7 RIEBR TR, AWFTids 704K
br: EPATE(TP). MRFHPE(FP). FEATE(TN)FEBIVE(FN) IR, Jiid ESR SRR PPN I MERE, SRASRE

JZ(Pre). RELE(Sen). 57 (Spe). F1 PP MIHERAEE (Acc), PR IRFRIE CAITHE AKX T
Pre: JIrA TN FHAEREAS S SERRBHPEREA BT LU . TR S A K (B) s

Pre = x100% (5)
TP +FP
Sen: SERRONBHPERITNNBH M R AS Bl Foat A R A (6)Fir:
Sen = TP x100% (6)
TP+FN
Spe:  SERRANBIHERTRNAIAEFEA EC G T AR A K(T) B
TN
Spe = TN x100% @)

F1 570 S ERERME SR EMBCFME, HRAKXMAKXEG)IR:

F1 score = 2x PI’ECI-SI-On xRecall x100% (8)
Preccision + Recall

Acc: IEFATINECE S SFEAR RG], tHEA R AR () iR:
oo TPETN
~ TP+FN+FP+TN

x100% )

3. KR5S

KSR — & 8G WAF NVIDIA GeForce GPU 2 RiTAl, %4 Pytorch 1F A8 & WX 44 #5178 fr 7% i 2
STHESE, R i et iR 8:2 i bkl Xl o Rl ZRBE A aR4E, N ResGNet WZS IR g T Il 2R3, I
5 H138 XEGUE TV [2015F N Rl AT I0AE,  $52% S50 45 TR 7 AR A — Fh B SEHERA R 40 Silik
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F) 99.34%. 98.91%F1 96.51%, IZATL Il SR F2 A AIHERT 2 M 28 A0 Loss {H FHZR 437 an & 5 A1 6 fTas .
MEF T PAFE H, ResGNet W £ i ALLE 43 AR F R I B A fE
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Figure 5. ResGNet model accuracy curve
5. ResGNet &2y F i 2k [E]

0.40 Validation Loss for Different Datasets

——MIMIC TIT Loss
~——MIMICPERform AF Loss
0.351 ——Arrhythmialoss
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0.251
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Figure 6. ResGNet model loss curve

6. ResGNet #2815 55 i 2% [E]

NE IR DU RAE ZVRBE S B RREE, A TR F VR R R X = 4 e R R 1 oy A kAT
AL RAE, JRIEFHFEIE 7 FoR. IBIEEREMEX AL IR E BRI T S ZRIREA Y w3 1 45t
K, HARN A28 70 5 ) S AR R 75 28 i 180 7= A BOTRIE A0 A o B A — AR AR R A B L, R R A
T DA P Ao 5 WG 20 S IR A R (AR X R 55 00 R o il — D ALVl ResGNet BRI LR & BE, A
IR T HERRZR (Accuracy) . K52 (Precision). A1 (Recall) 1 F1 7> BVU I A% O P4 18 AR, sl 1
R 1 fn. SEIREHER I, ResGNet 7R FFE R I 3% f 2R BUE 25 L MR, RIS B3 Ak i kxS
PR ITTR D ARHIE, X 5HAEREIEAR B RIIL A R IUAH T EDIE.
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Figure 7. Confusion matrix plots for three datasets

7. ZHEIRRR A E

Table 1. ResGNet model on four metrics across three datasets

5% 1. ResGNet &R 7E = Fh#liE &£ A U FhIE 4R

EAETE S Pre Sen Spe F1 Acc
MIMIC 11 0.993 0.994 0.993 0.994 99.34%
MIMIC PERform AF 0.982 0.998 0.979 0.990 98.91%
Arrhythmia Detection 0.959 0.937 0.979 0.948 96.51%

LEANIRATIEXT Arrhythmia Detection #4411 6 FfCo 2k 5 3E4T 0 225288, MR A B AR HER R N
91.93%, AHHfEH 0.997, F1 /-0l T 0.99, WRIEHFEWIE 8 fn. BIREMMERREGH N, &
LR HAR A1 6 DN HE T OB R E SN, HTEWEITEEN—FF, XREAFEERT PPG 5%
SRUN, PR AN R, 1T H 2 B0 AR R AR A R AR O MR, — ORI R
ARTRESIRIEBUR N . B 7155 Z IR 22540, Al 2 IE il at SR NI E R, SR AT AF #35
PR HE SEE I 2 T HAR L2, BAT ReXE DL 312 9% 1 56 T/ EER A U ER s, A it 17 T2
FRMPRIA T, 1S DB TE R G AR I8 . BRI L2 0T AR 01 2 85% itk %

ARKAETT
III 1200
R 11746 25 24 4 27 21

10000

- = 2948 319 67 43 154
8000
Q. 25 323 215 8 172 323
Nfl a
!.l(:_
b2\ - 6000
e - s 75 9 1368 247 7
- 4000
5. 2% 4 154 256 | 3987 155
- 2000
w- 2 89 205 45 B 12597
SR PVC PAC VT ST AF
FMFRZ

Figure 8. Confusion matrix plot of the Arrhythmia Detection dataset
[El 8. Arrhythmia Detection #{1B & HYR B 5EMEE
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HNARG VL ResGNet BRI LR A VEREML TS, AW TTME | 2 4R LLRHESE, ARG REM A
TRIE 5 SR (AL 45 AlexNet. VGG16. ResNet18 & ResNet BiGRU){E AFENES IAIA R . SL36 it K&
5 2% B 1RO 2 A B s B2 (Arrhythmia Detection Dataset) fF AR v, %5003 85 B H 2 50 0 A6 1 A
P o AR 2 I e A P DA R e 7 A ) S PR T R T AR DA AR B e (R R . 1] 9 SRR
T TR AR AR B4y SRAER ST LUl 2, P B R AR IEACUN R 1, ARG 43 SR AER F 1 3
AEAT . EICEA b, A — P8I WL O Fabn 0 AR M REREAT BA VT AL, TR 0T L 25
RN 2 Proc. SEHess REW, ResGNet 7E R FFEEWIAG W SICH BE (1 [F]I,  fe 28 IR R 2t o T oA At
B, IR AL S M RE

100 Validation Accuracy for Different Models

90

Accuracy (%)
~ o0
e =

(o)
()

——AlexNet
50+ ~—VGG19
——ResNetl8
—ResNet_BiGRU
40 ——QOur
0 10 20 30 40 50 60
Epochs
Figure 9. Comparison of the accuracy of the five models
& 9. AFpREERZERTELE
Table 2. Comparison of the scores of different model metrics
= 2. TEMEBHEIRG T XTEL
Models Pre (%) Sen (%) Spe (%) F1 (%) Acc (%)
AlexNet 69.89 65.23 95.11 65.84 80.02
VGG19 80.76 77.97 97.15 78.41 87.52
ResNet18 80.91 81.56 97.66 80.69 88.78
ResNet_BiGRU 85.63 87.19 98.54 82.67 89.10
Our (ResGNet) 99.71 98.27 99.93 98.99 91.93

TEXTELSEEG A, AlexNet BB R I %, Acc {Xf7 80.02%, 5 AlexNet Aftl, VGG19 J&—ANREHE
R, fFR/NERZAREB KRBRZ, WD T8, 18m T o206 E, Bk, VGG19 TEATH PN I
# T AlexNet, BEFEBIAIEREERIEIN, VGG 2 HhIUBHEEVE I I 0] /. DR 1 ARl BEVE < IR 1) /B, ResNet18
FINTHRZESs M, FE— D0 TR REE, &5 RS, Ak ResNet18 L VGG 19 RIFHELF. Res-
Net_BiGRU MZ&3/NT GRU M4, FILAZE &It ZAIASK I(E BRI B R I . AN &, TEARRI%L
PEEAEGL R, ASCH Y ResGNet BRIV REA FEALERIIRIL. 1 T B BERHAT VPG, AR SOH b
BRI T bR LRI A TE R B, Wil 10 fs,  mTLAIEIE Hi ResGNet BLALR I HEAEIERE -

DOI: 10.12677/m0s.2025.145428 723 5 1 A


https://doi.org/10.12677/mos.2025.145428

PUE R

Precision Sensitivity
100+ 100 98 3%
87.2%
85.6%
- 80.8%  80.9% 201 78.0%  ok6%
0,
69.9% R 65.2%
< 60 & 604
2 E
TQS <
> 40 > 40
20 20
i 0.
0 AlexNet VGGI19 ResNetlS ResNet BiGRU Ours AlexNet VGGI19 ResNetlS ResNet BiGRU Ours
Specificity Score
1001 95 19 972%  97.7% 98.5% 99.9% 1001 9
82.7%
80- 80- 78.4% L0 i
65.8%
£ 60 £ 601
° E
T& <
= 40+ > 401
20+ 20
O-AlexNet VGG19 ResNetl8 ResNet BiGRU Ours O_Alex et VGG19 ResNetl8ResNet BiGRU Ours

Figure 10. Visualization of five model evaluation indicators
10. RFPEENFANIEFR AT AL E

B 70 EaEe,  FRATIERT B i R R ATV RS ae, I AR A R . — R TR
3 N RSB0 AR B AT AR R A 21k

(1) X% ResNet f1 SE-Attention.

(2) X% BiGRU Al SE-Attention.

(3) 114 Fd Resnet Al BIGRU {1k

Table 3. Comparison of ablation experimental index scores

3 3. IHERRSIEIRS S XIEE

Models Pre (%) Sen (%) Spe (%) F1 (%) Acc (%)
(1) 83.99 84.18 98.34 83.47 89.94
2 82.43 83.71 95.76 80.17 87.09
(3) 86.67 92.50 97.93 95.52 89.72

Ours 99.71 98.27 99.93 98.99 91.93

M 3 FRITH LSS 4E T LI Y, AR A SRR MR Re A B . B2, B
ResNet 1 SE-Attention, FILHAEFIRFESLICAE ), HAERAZ N 89.94%, 1 BB FA N 28 il & E & bl
1) B A5 5 g b 112 S 35 2 TR A R RN SRR AIE o ABE7EL (2) M (% BIGRU Al SE-Attention, %y 87.09%,
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