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Abstract

Deep learning techniques have demonstrated great potential in the field of biomedical signal pro-
cessing, and methods based on convolutional neural networks (CNNs) have achieved remarkable
results in the analysis of electrocardiogram (ECG) and photoplethysmogram (PPG) signals. How-
ever, existing methods often perform unsatisfactorily in complex scenarios such as signal quality
fluctuations, noise interference, and baseline drift, which tends to reduce the accuracy of peak de-
tection and increase the false detection rate. In this study, we propose YOLO-1D, a novel deep learn-
ing framework that successfully adapts 2D object detection algorithms to 1D biomedical signal pro-
cessing tasks, enabling high-precision peak detection and arrhythmia classification. Its core idea is
to leverage the one-stage detection capability and multi-scale feature fusion mechanism of the YOLO
architecture, combined with Distribution Focal Loss (DFL) to achieve accurate position regression;
meanwhile, tailored data augmentation strategies (including baseline drift, time warping, signal in-
version, and MixUp) are designed according to the characteristics of biomedical signals. The detec-
tion head can be extended with a classification branch to realize the joint learning of peak detection
and arrhythmia classification. In addition, we introduce 1D Non-Maximum Suppression (1D NMS)
and a tolerance matching mechanism to more accurately evaluate the performance of multi-peak
detection. Experimental results show that the YOLO-1D method can generate high-quality peak de-
tection results and maintain stable performance even in noisy and interfering environments. Spe-
cifically: In the ECG R-peak detection task on the MIT-BIH Arrhythmia Database, the precision, recall,
and F1-score reach 96.55%, 98.00%, and 97.27%, respectively; in the ECG arrhythmia classification
task under the AAMI five-classification standard, the accuracy and macro-average F1-score are
95.2% and 92.6%, respectively; in the PPG peak detection task, the precision, recall, and F1-score are
95.8%, 96.3%, and 96.0%, respectively. Compared with the traditional method based on scipy.sig-
nal.find_peaks (precision: 90.2%, recall: 92.5%, F1-score: 91.3%), the proposed method achieves
improvements of 5.6, 3.8, and 4.7 percentage points in precision, recall, and F1-score, respectively.
In subsequent research, the model is updated to the YOLOv11 version, further improving the detec-
tion accuracy: the F1-score for ECG R-peak detection reaches 97.8%, and that for PPG peak detection
reaches 96.5%. In addition, we explore the Pulse Interval (PPI) regression task and achieve a good
result with a Mean Absolute Error (MAE) of 0.42 in 8-second window detection. Ablation experi-
ments show that when YOLO-1D adopts the complete configuration including the SPP module, SEBlock
attention mechanism, and data augmentation, the F1-score is 2.17 percentage points higher than
that of the basic architecture.
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2. XTI 1E
2.1. G ER TS E

bR TR MR SEUE AN LR ASAR UL S5 51 AAh, AR Gubd (E A I 7 v 3= BEA0 4% Pan-
Tompkins F7%[ 1125 A B 3SR S0 R I W (RS I (¥ — Fh 8 LA, 76 MIT-BIH 08 2 Hh g IEH S
IE] R BRI N BT 99.3%, HEAA TR AR, SENHELFIRR A, HR 4 B 52 31 Mk 75 52,
FEAS M LU ISR (R 5 0 T 2 7™ 2 5 i AS 0 A E A 1% « Hamilton-Tompkins 3% 2 1R — B S80S % 05 T kg
B, BGZHEEHNT ., NS HREAZ RESIT IR, ERIMERE R3], BRI HEF L
SRR, ZARE 198 .. TR XA R T IEAE T 2udt, Khan A Imtiaz [4]32 H ) Pan-Tompkins++%
IR 5 2 BIE 7, AR & A B FE K F-score “FIIRE 1 2.2%, FP Fl FN “FHIFEILT 2.8%
H11.8%, Lin 5[5 27 BEAC A BRIV RO, A5 R B ROk 48 ETHEI T 99.78%, A B iRZEM
JR 4% Pan-Tompkins f 21.65 ms F#3] T 8.35 ms. Zahid 25 A\[6]#2H ) 1D CNN J7 7% 4E 1K 7 & Holter ECG
Bs 4 B Sz A BN 99.69% (CPSC-DB)LL A 99.85% (MIT-BIH), HABEAEZR A 98.91%F1 99.82%, ME
Bk, HElRamCaBs TESTERSS FTIBEERAKCY, EREGSE G, TR
SE A LA R i e 12 A S HAth 77 THNE A AR K 3 T+ 25 1]

2.2. BTHREZ S ERN 7%

BRI ZE M 265 (CNN) JTVEAE ECG /O A W 43 2877 I BUR B, Rajpurkar 55 7]R A CNN 7774523 14
FKOHERE NS, ELT GG REE R ONEE L Z K, HUERZE >90%, (HHET77HZLHAT R 6
A Ge N2 W2 R BT O AR 025, BT AAS S SR AEAS I AN 2 S8 R B 16T, DR AP R 23 (1) NN
51 Ve RS ) 2 A8 Sy 73 2% i ST A 7 A7 3 LUK B 2R FE R 17 RNN B8 #& LSTM. GRU
AT DA IR 1) AAEOGPE, (R EROR, HEWT ZE K [8]

Ak, DENS-ECG %8R &80 CNN 5 LSTM M5 A, SR T 97.95% M BB E K 95.68% (T HER 2R
(PR S8 T 2 #8591, AH T H AR = ZER X 7 B A & O e R HE e A, HEEAS MRS
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BUODER R NER B — AR, FEETLEMBEF A A5 7 AT 5 A0 03 DL TR KiE
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FE KO FE 2 (B P47 o B0 X 28 itk — B AT 04, JF4e v 7R AL RS B AR e Tk . T H bRl 7 =X
A LA R B ISR R BRI 2 RERHER & I, £ — 4R FE 5 H A 1S BN
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WEA TP B iR SR A )

3. S
3.1. LM

YOLO-1D ZEMJ AR Bt tn &l 1 B AN —4EAEME 255, SRR T AT S, |
R St WA 7 B R LB ST . MRS5S Stem 2. C2f ik, SPP #ik. SEBlock i3 & /LI LA
KGNSk . Stem JZ H— 4854 (Conv1D). fitV4—1k(Batch Normalization)fl SiLU ¥4 BR Ek &,  $hAT 9]
PRAFAESR I, RS S EIEEN 1 §EE 64, C2f BRI YOLOVS RIAZ O, I AE il 5 18 550
W2 RIBRET T AHMCE WA C2f )2, A IEIEHN 64 &% 128 Fl 256, SPP i AN A AL
(ERZ T kernel size =5, 9, 13) & K AL BAESR I 2 R ERFE . SEBlock SR A IEIEEE IHLE], HIE
7 b EF 3 AR 94 368 3 AR T B (4 R T reduction=16). RISk AL & 2K L HREIH S0 432K i %
I B VEAE MR [ YA 43 34 HH VA A7 B RS B B8 = CR A DFL 4fi%, reg_max = 16).

3.2. BKEH

(1) WA AT I3 2K bR K A 2R bR B T 7 R K 5 (] U 453 A e
L ﬂ’cls 'Lcls + ﬂ’reg 'Lreg (1)

‘total —

Hep 4, =10, 4, =50. 73FRBISKH 70 PR (BCE With Logits Loss). [[JA451 & /EH T DFL

fB10 5 FifmAs &, K L1 5Kk . 24 B2 A 45 2R (Distribution Focal Loss, DFL)¥ [5] U7 ] @4 40 Sy 4 2 1) 7,
JE 3 T AR % B 1 2 A DASR S RE A 1 o7 A

d= Zf;;j-softmax(pj) ) 2)

Hrb R =16 A0 AR KH
(2) LHRE D RBURRE: EOHKRE S FES T, BURRET -
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Ltotal = ﬂcls : Lcls + /’i’reg ' Lr@g + ﬂ’arrhythmia ' Larrhythmia ’ (3)
H L mia PVOERF DI, KA RS (Cross Entropy Loss)s A, = 2-0 o X TR

P FIEAE AL E, ATy H X N O e 2R i SR 2 A0 AT, A S 2 v S T M 2R 40 A5 5 L SRR 28 2 [
HIZE XN . TEEcA F AT, BERIN S OFERE R ER RN, @i 2T 552 S IR AR
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3.3. EERESKEIES

O L EI(ECG) I D LA R B, Horp R 062 HRV 34T (O H RAI 1 3. Ol sl 25 AUk i
B (PPG)H M ARG L, [RBLC M HPRAS, BA K25tk 52 A0 s O HUE 5 SRR
N A FCRFE PR, AR RBRIN IS IR0 J7 T AFAE RO, PPG {5 5 9IRS MIE BRIz sl fh s Al
5 M 0 7 T S T o PPGLECG FRWEAELAS U #48 T AR H A RS A 242 rpe 3 LA rr o s/ A BE
(1) SRR Ao 0 (vl R S5 A Sy — R PR IR R X R AE A B BAE o ECG LR 4 TS5 AT A
KA OB 2] AAMI R RS0, HHREC “SRmlG 287 8o “BRa %27 WiffE=l: (1)YOLO-
1DvO Sekr il 5328, 38 A BRI 245 43 50l 56 P 8 AT 5%, AE IRl — RSB i 35 1A 5% H AR A EA T BE
G4 21; (2)YOLO-1Dv1 SEILBR G242, fEAFALE 5500 m] DL R Fitil .

3.4. WiEALIE

(1) M MIT-BIH $4 35 B . dat SO, 35 M MIT-BIH $8 2E $2 B S BE 11, 48 B Neurokit2 £ rpeakdetect()
BRECRAS B 36 1T R %, FIH Neurokit2 1% R $U1E H 4 br ik (groundtruth), HEJ54AKAE 5 XI5 N 8s
KANEBNE E, [EREA 2 s, EMIARE FX A E 15 5T Z-score FrifEAL AL (A4 2).
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Figure 2. Data processing visualization

2. BURALIEFTL

(2) T PPG 1) PPI FAL A% F I G M 7 VE L PR IR 2RI % . 8 il i ik (LB 49126 0 0.5 Hz) Ay
PRI BT A 0.5~8 Hz) A E JEIR 35 22 BR kit 75, A Savitzky-Golay #EATF ARFFUEETEAR, £
H Z-score J7 e IH—. X T PPI AT 551 &, 1675 244 ECG {55 R-R [BIHRRD IG5 PPG
55 PPI RN 5 BI[A — W ()l BT B A5 IR A 2R B DL R AR 32 b PRI [A) B3B8 o), 72 N LA &
UFAH N IR TR EIR 2 5, 8 F Neurokit2 B ECG 155 0§ 75 ] RRI LA KOG F 3 RRI B0 %
BEATARVE), MRS R,

(G) HAE W RN X AEMEEE SRS, BT AL ER (S KM E 5% %
s'(t)=s(t)+Asin(2n fi), JRIE A=0.1, J% £ =0.5Hz ) I [ HLHh GO B IRV B AE DN BEALER D) (5 5 1508
WA AT (AR T o ~ 14(0.3,2.5) ) LA K MixUp(JR & 2% A ~ Beta (0.4,0.4) ) &5 1 5807 12
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4) JGAbH: fiH 1D NMS, MW EEBEBES 58 ECG 17 50 A KEE 5 F PPG (1 30 AN KAE ST,
AT EBRE RN KA VR, S 7 2 VRS )y A VUL B 5 7S, B i g4y 5
FUB AT FIFE BN T 5 ASKEE S (ECG)EL 3 AN KL S (PPG), MIAA VLR IE T .

3.5. NG E

(1) HdagE: HATAT LUE K72 MIT-BIH (G K5 8008 7 1 48 4> ECG L sRCRIEZR Y 360Hz, FE4% L
SKZ) 30 8. dsARYE ID BRI T UNSREE(RT I 24 MHATNASES T 24 ). SADEAMEEL 5
kA5, nJUARRAROHRE &R EN, B IEFN). = EERA(S). EHRAL(V). BEF)
PABCRHNQ)IX 5 K. PPG a4 200 4432, HEIL 500 2L (FE RN 100 Hz), 1% E K
RIS, R AREAT I ZR SRR, L7250 70%. 15% 15%; MARdhE 3L 1.5 734> 8
FRIE CO/EN ECG B AREA; [FERHME 7T 1.2 754 8 K& CEN PPG A AFEA . Al 2
R WAL B A 23 S B DL R UG Ay ebOs [m] /T 5 2542 B 200 AN SKFE (204 0.56 F2) Y JELAG o P B s 4 A AN 1Y)
TN RFEA

(2) VIZAECE : i PyTorch 2.0.1, fE NVIDIA ] 4090 GPU L 5E s illlZ: T.E, batch_size = 128, jZ

f learning_rate =3e—4. i cosine annealing learning rate scheduler 4f learning rate. % AdamW i1k 2%
(BUEFEJRAE N 1e—4). 1% 50 epoch, % EarlyStopping (patience = 10), J¥J3 FP16 1R & k5l k. F
JE£ 285 B K YE % (max norm) = 1.0,

(3) FEL Tk RAGHMGFIENFEL TN L, BRI Pan-Tompkins 7%, Hamilton-Tompkins 575, %
T/NB A1 T2 scipy. signal. find_peaks 55 [F]I 1% FH (RR B2 % ) 7% : CNN 403848 | CNN-LSTM
TREHEY . U-Net 73 HIH

(4) VP RR: W R IIAE % £ BRI Pe—0 ), FAR%E(R=—

TP + FP TP+ FN

(Fl:i—i)iﬁﬁﬂzfﬁo VR 3 AT 55 K R 2R (Accuracy) i % (Precision). 7 [ % (Recall). F1
3B IR R FE(Confusion Matrix) 4T Al 2 - AT S RS R . A BRI F1 4 $34% % “F 3 (Macro-
average) FIT1-22)(Micro-average) i Fh 77 it B . PR SKIGE S 5 Ik, MG RN TFIE st ZE, FFX
FHECXS ¢ A 30 VP 1 8 22 7 (R 3 7K P @ =0.05).
3.6. IN&TIE

i [} Kaiming ¥IUALHI T E, e BENLR T 42, 8 F o 25 (0 7 U T I 25, E FP16 IR &
FEIZR, BER BT R RTEECN 1.0. BURREAESE —> epoch Hih 2 A P (5K, 7E3UESE |, FI
T HUAE SR 25~30 epoch & A7 1A B KAE(Z 97.2%) . K H HH15 5% (patience = 10)f5 A, SEPRZ I Il 25
epochs K% 35~40. HRHEMMAEZRIE T RIFESE: Ir =3 x 10*, batch_size = 128, [FIHHANE =
5.0, NMS FEESI{H ECG:50 M RAfE £, PPG:30 4 KAF mile

4. LRI

AR EESHTT YOLO-1D J7iL7E ECG/PPG WEEAG AT 55 Hh ) SEIG 5 I, BLFEIELR 7164 Lh e
VHRLSZIG . MEREE R, ARG BRES S, FEE RN RS — G AR T R RCR T TH Y
BARTS 3 50
4.1. FFELCIRLER

TS YOLO-1D (AR S5, TEASCH T YOLO-1D #4T 7 5 At JE 28 77k it ek ng, R ub &1 5 i

VAL F1 203
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[SS

& mit-bih Al ppg B . Horb, FELT7HRRR 1 R 71 2 SNBALFEAL S8 H1E 5 A3 7 1 (NS 7 12
scipy find_peaks), PLRIREE%: 2] T715(CNN 43K . CNN-LSTM R &Y . U-Net 73 F17715)%, HFT
AR F R A R U ZREe MR SE R4 720, ABARAIE 1 06 B S2 36 (0 2 P
4.1.1. ECG R FIEER M4 sEXTEE

FTF MIT-BIH MRS 4 HE 24 45103, S ERIPEREST EbnZe 1 AT

Table 1. Comparison data of ECG R-wave peak detection performance

= 1. ECG RIS BN 1% fe Xt EL 25 R 447

WAREA FEHZ% RENCIE Fl-score TP FP FN

AN AR 85.8% 92.5% 89.0% 2285 378 185
CNN 432 88.3% 94.2% 91.2% 2328 308 142
CNN-LSTM 90.1% 95.8% 92.9% 2366 260 104
U-Net 7> 91.5% 96.3% 93.8% 2379 221 91
YOLO-1D (ours) 96.55% 98.00% 97.27% 2456 89 50

NI — AR R AR SRR R RS, BTN TIPSR AR L, RS AR AR AR EE
RRTTRIFIRZ, K, YOLO-1D J7vEEA T/ N A R U-Net 43 #1777%: YOLO-1D 52 T/ AL #t
PEET 10.75%MIUEREFE  5.50% 1) A [ | 8.27%M1 F1 4340 A% U-Net 20 #1351 5.05%IHERFE « 1.70%
AR, 3.47%0) F1 2030 HARKGEH (FP = 89). JRA%H (FN = 50)%) 0] BAK T HARE .

4.1.2. PPG Ig{ER MM BEXTEL
76 PPG MIiREE |, 5k RExt thine 2 s

Table 2. PPG Peak detection performance comparison data

7= 2. PPG UE{EARIN M BEXT EL 45 R &I

WiRis TR AR F1-score A HH
scipy.find_peaks 90.2% 92.5% 91.3% LN
CNN 432 91.8% 93.2% 92.5% R
CNN-LSTM 93.1% 94.5% 93.8% i
U-Net 4% 94.2% 95.1% 94.6% i
YOLO-1D 95.8% 96.3% 96.0% SERT (100 Hz)

WL PPG WEAE AT I 55 SEUG 45 AT L R B, 25T YOLO-1D iU R0 A 0 A5 75 f % v fff LG 00 380 52 e
INEE T PPG UEAE , F HLAR Sl th PR {8 B 2 B AR, HORS 2N 95.8%, A RIZH 96.3%, F1 434N 96.0%.
5 scipy. find_peaks AL, FAIDHI LR T 1.6. 1.2 A1 1.4 DNE s ME U-Net 0 EJ59%, M0 T
5.6+ 3.8 F14.7 NESY . [RINZ T V240G SEi b 2 1) g

4.1.3. YOLOV11 AT
SRR TAEY, W30 T3] YOLOVIT BT, MATELScib st e LE t, S
ECGR V&R FiX R T 97.8%[ F1 433, #HHL YOLOVS #2755 7 0.53%1) F1 433k, FHAEma A b 243
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B2t E; HAE PPG WEEAI_FEUS T 96.5%[ F1 4341, AL YOLOV8 5 0.5%[1 F1 734113 &
K4 YOLOvI1 #5% H YOLOVS #R7L #E A 5 A s M ARG RS P -7 T B AP AR B, 130 B 3 3ok A i 3
RURARIER A —H — 2R .
4.14.ECG ILBEEHRER

£ MIT-BIH JUAREE (O 2384145, YOLO-1D BRI RUFIERE, 45 Bl 3 fin. &
W0 R FH P A I A5 R A7 XS B (1) YOLO-1DvO FIH T 435 BRI BE Y B I ZR AL S I A — 0 3
FRIRIAL S, ARG T X B 4 R AR SR AN Bl A I HEAT 43 255 (2) YOLO-1Dv AR T
v B A IR T7 R, BEEE B — N0 3 B B 2
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Figure 3. Visualization of arrhythmia classification results
3. IDBARESEREERAMRMK
Table 3. ECG arrhythmia classification result data
3. ECG ILBEBE 0 XERWIE
Jrik: WEWRE EFHFL P FL NKFI Sk F1 V% Fl1 F % Fl Q% F1
CNN 432K 92.3% 88.5% 92.1% 96.2% 85.3% 89.1% 78.5% 82.9%
CNN-LSTM 93.8% 90.2% 93.5% 97.1% 87.6% 91.2% 81.3% 83.8%

YOLO-1Dv0 94.5% 91.3% 94.2% 97.8% 88.9% 92.5% 83.2% 84.1%
YOLO-1Dv1 95.2% 92.6% 94.9% 98.1% 90.1% 93.8% 85.5% 85.3%

SR 3 BRI A AL, YOLO-1D [4r RACR R, 1RO R 73 KA 55 Lo B Boilll 25
(VO)Z B G (vOAEZE . 2073 FLAES AR T 0.7%. 1.3%;: AHXTT CNN 432850 lE H 2.9%.
4.1%. SFRBFLOLEORA A, B OFEN B IEFE ARG, BE 98.1%; EHRMOHV E). =
PR SFRALCHE(S ZFOMIERZNY 93.8%. 90.1%; TR L HEHF 28 L ARFNOH(Q ) FBORFF T B s 1Y 1L
R, Bt 85%.
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4.1.5. PPI £ HEHLER

R T WA ARG IAT 55 LAAL, I8 %1% ik 38 18] #A (Pulse-to-Pulse Interval, PPI)[E] 4T 453647 T 7T, B+ PPG
55 WA S ) I R SCE B AR RS A, RSO T AR A AN, AR CNN RFHIESREY
2+ LSTM B 7= Z AN [ IH TN Z, 76 8 21K PPI AT 55 b, AR5 46 5% 22 (MAE) A 0.42, Tl
(9 PPI /M5 B SE PPLANECE X IAIBE ] 9 1.0 ms, Tt B AES & 11 PPI AOANEG ASEI6 45 1,
PR AL 8 AV I PPI B0 B — e ml 47tk (2 RS 2445 D AISF 8 PP fE, it —BiR
EIEAVRERE, SR SRR 4R/ 4 s LA
4.2. HRASCIUERR

NPT YOLO-1D 2244 rp &2 A (1 350, AFFTF IR T RGNTHAN LS o S8 DUEREALR) 32k,
K FIN SPP A5, SEBlock V& LI K s 5 e ms , VPl - 24 6 BB 1 R (RS, T 4 FTR .

Table 4. System resulting data of standard experiment

4. HELSLIREREAR

fic & = FEEIp: F1 74 FART T
FERHZEN 94.2% 96.1% 95.1%
+ SPP ##i 95.5% 97.2% 96.3% +1.2%
+ SEBlock 96.1% 97.8% 96.9% +0.6%
+ Hd R 96.55% 98.00% 97.27% +0.37%

THALSRIGUER], SPP BLHREEA F1 0 8dem 1.2 NE 70 S 95.1%F2 73 96.3%), SEBlock ¥ F1
IR 0.6 AN AT B 96.3%3 F El 96.9%), NI EHREIGSRE AR A4S F1 4 5dgm 0.37 N E 4 A
(M 96.9%FE =2 97.27%). XTLLIEEAHACE, 78 5¢ AR E rh A0 T AE X fe 2445 R oak AR 2 1E R/ E H
SEPLT 2 217 AN E S sk
4.3. IS RES

MIT-BIH %#is 2 A S5 SR, 2S00 B E# G E(TP) LA 2456 4, RIGHIIE(H(FP)A 89
A, IR (FN)A 50 4y AR T /P BRI E(50.6%), H K2 M F4(36.0%) M H 2k
ER(13.5%). TR EZN R BARIRIE(56.0%) HEIEHE T-H0(30.0%) PRs O 2K HAFE(14.0%) 8 .
ANFD AR O R B R, ASCHEIEN FL IR IEHEHOHN 98.1%, HBHEOEEHE N
96.8%, HYEOHKHT N 96.2%, LFEIZIN 95.5%;: PPG 155K MIm F A2 95.8%, (R FHMR A
B 1 200 Tl PR B 4.2%, 3.7%, DL TFARGE RN J7 15

44. HHERESHRSH

YOLO-1D #A HH%) 5.3 MB (B 140 771~2%)), /M T U-Net (31 MB). CNN-LSTM (18 MB), H.
HEFEHE |, 7F NVIDIA 4090 GPU L, U FHFEL 100 Z A0 ] 52 s fiA™ 8s HOKLHE & M HERE, XF0
HEI(ECGYE T JaH ARk (PPG)E 5 M HEELE B 40 Mk B 1 3 10 £%5 & 8 £%; MiAHEL T U-Net (1.5
s)» CNN-LSTM (1s)Ifi 5, #HZET CPU [ERE, WIFREIERL) 350 ms. 4k b, N T ERGATIEST
4k, YOLO-1D A5 b7 B A B s 1) R0 o FH FA 4 2 P 4743 9908 100 ms AT 100 MB; T Il ZRB BEC 12 2%
B RZK 8 GB, FHINHEL N 150 W. FHET U-net A CNN-LSTM P 1 H A 55 47 0 3 FH 1tk A0 B
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TR, NHAHAET KN, (HHES, F kK.
4.5. {BIREGISH

FEARA A (1) T BORR(50.6%): K RIRME KT T BRI R W DOEE RN T i
b2 SRS ST FORM G (2) IRIRIE R BlRf(56.0%): {3 1 H 18 N ah & BE HE L 2 REZHRFE
MRS (3) BROE AR RS (14.0%) : IR0 o Ay P A6 DL R 15 3 2 o B 4R 1) 07 SR AT St
iR,

5. &5RIE

ASCHEH T —MEET YOLO-1D BRI B 2245 SR 75, W 2480 B kel BT # 31— 4
S, RN H ARSI A A FHE/ s B A P AR g — YRR AR L B T X[/ A B BB
SEPLAE —4EI 7 ) 2 S 500 B EI(ECG) B - FR KA (PPG) T (1 DG BN 8] 2 E B 5 4328 . 7
MIT-BIH ECG %4 F1 PPG 45 4E I, X ECG R WA AT S5 ¥ #2615 3] T 96.55%, H 5154 98.00%,
Fl PHUEET 97.27%;: TE ECG UK 75 FAT5 R BG 2% I BEU(YOLO-1Dv1), 133 7 #Effi%
95.2%, 35 F1 7740 92.6%; T PPG WEAEAT AT, AR RIS EREE T 95%; 1 YOLOvL 1 iR
AHEAT X LSRG, RIS FE A3 23— 2P m, ECG 5 PPG MUE(ERLIN F1 73200 7ilik 3] 97.8%5 96.5%,
UEB T REARGEARMRA R . B T EIR PPL RIEAES54E, FATEMA T PPI AT IIMESS, 1E 8s AR H & A
(1) PPI Al EA3 2] T MAE 4 0.42 B RIEFBIR . WNERKE, YOLO-1D B LM 7EAE W R 2445 5 A B T
THI P DA R Iy R W AT I . OV ERSRHE 4 R0 PPL [BIAZ AT 55, ReWig F (g BRI I e S i) e ik
e SUE T I 7R B i B 2R 77 3 A B A D RS B (BRI > 95%, YOLOV11 > 97%); Rgsk
DUXHE— M5 5 R U BRI SERT A3 s FeRA R IUE T 5 BEWRE AT 25 & HAE— M AL 2 5
EWAEARZA: B RENIGEIER NG, H HHE GPU KRINGHEE, HEXFEHT RS
T W LR/ IN T R R s 2ok PR s P P K R X A 345 5 AR e 225 A TR AU B AN B 4 L ik
REA R IRIE: AR TAE T, FEEREZHRSESME . TR IESGE. UumiBE. B
MG & B IENHLE] . 25 STRESESE 7 5T .
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