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CEEMDAN-based pulse wave data augmentation with two-layer SMOTE

Li Hui Li Zhenhua Li Ruijie Zhang Zhidong Xue Chenyang
(Key Laboratory of Instrumentation Science and Dynamic Testing, Ministry of Education, North University of China,

Taiyuan 030051, China)

Abstract: To address the SMOTE algorithm’ s noise sensitivity and physical distortion in pulse wave imbalance
processing, this study proposes a CEEMDAN-enhanced CP-SMOTE that decomposes preprocessed pulse waves into
primary/secondary layers for stratified sample generation, effectively eliminating residual noise. By integrating adaptive
distance metrics and constrained supervision mechanisms aligned with pulse wave characteristics, the algorithm ensures
physiologically authentic sample generation while enhancing inter-class discriminability. Evaluations on proprietary and
public PPG-BP datasets with four classifiers demonstrate CP-SMOTE's superiority: 1.51% — 18. 25% improvements
in AUC, G-mean, and F1 scores on proprietary data, CP-SMOTE consistently outperformed SMOTE-based
algorithms across key metrics including AUC,G-mean, and Fl-score, with improvements ranging from 1.51% to 18.
25% on proprietary data,and minimum 1. 43% gains in Accuracy(2.24%),G-mean (1.47%) and AUC (1.43%) on
public data, confirming its effectiveness in mitigating physical distortion and noise interference compared to SMOTE
variants.

Keywords: class imbalance; CEEMDAN; adaptive distance metric; constrained supervision mechanism;
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(synthetic minority oversampling technique, SMOTE) J2 fi#
PR 43 25 0 F T iR . IR AE K, SMOTE Jy 3 % 51
TARZWFEF TR, TIZ 0N )& A S, n 50 i
Tl ) g A

B2 E Wi T 280 SMOTE 722 Fh L fig e
SMOTE Hk 4 FhBR il . Chen %7 H 48 T M35 4% 14, i
T R X 28 B g A M A D BORE A R 43 A 30 SRR A R 2 A R
A, 25 ) A e S T SMOTE s B2 8 F 4. i R
SRR I T RRAE 2 SR R 9 T N 9 SMOTE 5832, 3 2 ML
R0 2 4 DX RIS T 4% B R R S W AR A BN B A T
FRAEL A A B ks L. ERESTE K R KA
#: (k-means clustering, K-means) B 2 1 1F 28 42 4 K 48
T 80 7 e A 2 G X8l A 80 % e AT 0 % Ak L MR S ()
Maldonado 45" 1 it 5 4 KICHE . {8 FH I ASL () 0] % 407 356 B
FE BRI A REAS Y 4838, (115 SMOTE #8 4% 5 fin 1t
G F B8R, He 555 42t — R 42t — Fp 3L F 58 B /b
A B A G JORE A RS TT R T2 8 288 ) 52 8 110 Xl

KEHOT AR 7 S8 Wk 5 (4 i )45 B (B &
SEARALIRRE) » T BUE AR A AN £ 5 SE B 114 A 20 s 4 B
B, Zhao %5 MY T-SMOTE 7 43 ) H B 18] 7 51 %k
8 1 0 545 B i AR AR AT I BCR AR R Bk
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etk IF B AR R AR (554 5 5, SMOTE J5 1k 23 4
FE AL I B A ECE 19 2E i B e, 33X A 2o AR S TR
PRSI 5 W Y R B8R . Yang 2658 Bl A4S B ) R
(dynamic time warping, DTW) 5] A SMOTE H 3k 15 A [F]
I 8] 7 51 22 ) 56 A - B0 AR ARLPE 1B 3 R 2% & 3 25 R 7
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SMOTE J5 ¥ #9420 JE AR R 38 i /0 B A 5 L AH < R
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BT .
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Fig.1 SMOTE synthesizes new sample examples
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IMF 43 i, A4~ 4 2 A 6 A [ B ) ROBE I 9 SRR AE , 53X A B
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4k 1 CP-SMOTE

Input: JR IG5 5 G signals, P2 HES labels, HARFEARSL
target_num

Output: & {55 synthetic_signals

1 For each {§% in signals do:

2 imfs = CEEMDAN 4 (f55)

3 Fori = 0 to (5 %& do:

4 energies[i] = TTHEAE® (imfs[i])
5 End For
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6 IR = [F5 0 EREUE KRR K 5| (energies)
v W ZE = SumGmfs[FRERREERTIHD

8 End For
9

For each class in labels do:

10 While F:A %% < target_num do:

11 features = FEHUFAE (FE P

12 BREY d =0. 4 X FEARFRAE +0. 3 X (1 — AR
FHO +0.3 X H LR IKIEE

13 neighbor = FRETAR (F I, features)

14 new_main = ffi{H 4 M (F P, neighbor)
15 features = FRIFRIE (R ID)

16 R d,=0. 3XfHERER +0.3XdFHER +
0. 4 X Wi i 2 55

17 neighbor = FHIT AR (K, features)

18 new_sub = f{H (R PE, neighbor)
19 If W 2% (new_main) and W 2R
(new_sub) Then

20 7538 Add(new_main + new_sub)

21 End If

22 End While

23 End For

24 Return 4%

2 RS

2.1 BiE&E

T B AEAS ST 4 O I A RCPE S I P R 2 R
B B e DA K 1L P R [ BR AR T 2023 4R 12 ] ~2024
6 QIR IR B RO b I R A AT RO A
o BRI 1 kHz, RAE 8588 30 ik b Ik ik $diE
Zo 3 N T e 50 B T8 P A 5 o R B2 25X DK 142 4>, 0T
JK I 330 A~ AEA J MR SR FH /N 8 7 48 5 vy AR TR
GEESE 2R 2 A

A SCIR] I e B PPG-BP Jhk 4 35 23 TT #0808 48 947 52 3
&K A 219 #2657 LMK EUESE . SRR
TN AR BT E S 20~89 % M I S A 4 5 1 FOOBE SR 5
VAR B2 520 1 5 R Hoh o SR RE A 38 A
IEHREA 180 A, x4 4R 2R T e S 8 e 15 /0N i 728 460 i
HEAT Ab AT B TC R A TR
2.2 FHriEER

D 3 e S S S g I (S e R = T R
(accuracy) . %5 B & (precision) . 4 [A] & (recall), F1 %
B R B 4 BT AN AR B Y 4 SRR L AR SO
% F JLAAT 3 #) (geometric mean, G-mean) . ROC #li £k F ifi
M (area under curve, AUC) YE Jy PFAN 48 #r , i 26 45 b5 3
TRVE R MRS . TR VE SR T DL R L A 2 A8 1 43
RAR TN IRE R,

¢ 38

*1 RBEBEEMR
Table 1 Confusion matrix
eyl T IE 2% T 47 2%
FhRIEZE TP FN
BN FP TN

G-mean ] LLZE & IFM PRI 0 5+ R IEHE, G-
mean {H 5, UL BMEPERE R LF . AUC BB W] I PP Al
IR AR Xt T 2B AR DB AR 43 JEBE T . AUC
s WIAE W 73 S 88 0 R BOR BT, & AT R AR I R
EWE

TP +TN

Accuracy = $p PN L FP L FN (b
Precision = % 12
Recall = % (13
Fl1= % s
G — mean = Sq(TPT—b—PFP X TPZPFW (15)
TP FP
AUC_(1+7‘P+FN2FP+TN) 16)

2.3 EWiEE

S S i N N = S O o R e =
(principal component analysis, PCA) %t § g AT R4t 2 J5 A%
SR T B AL R AR (random forest, RF) Fl 3% 5§ 1] # L
(support vector machine, SVM) #E4T 232551, Xof J5L 46 Jik 48 %
B, A SCR A E P A BOEOZE % B & W%
(convolutional neural networks, CNN) A% %1 Fl & 5 1 {2 12 7
#% (long short-term memory LSTM) A B8 g 47 43 2670 [l
I 5 HAl 4 Fh SMOTE A Fh7E 73 26 b HEAT X L L3 4 Fp A
& 4y B J& SMOTE-KTLNN™ | H-SMOTE-FAM™ | Time
series-SMOTE"" (f&f 2 T-SMOTE) .RSMOTE™,

AW PA SMOTE 535 19 i RAE R E Y 1.%
A DB B Z AR . ) PPG-BP #4f 46
TEH NS 58 B R 288 T B A 22 K 2R L R
T4 WO BR B 43 1 5 R IR HE A, AR IE R R A/ B IR
PFEA =3,

2.4 HRDWN

WL LA [R) B X T 2 v iR T R T 5 P38
SCYSAE Y 5 5 T B B AL X SE g ) T . B R R R
7+ 3 B BEAT R 2 O i a4 . JF B ORI U 4R
PPN B R TR B I BT AE A, 42 B R T D 4 B4 R A7
B IR R LA LI a5 R, e RNk 2~3 iR,

MR 2 5 3 il LUE AR SCE I i Sk AR A @ e
$ 5N IT R PPG-BP $di 4k RS T SMOTE J kR 8
R R RRAR T 7E OB SE B ABIETE SVM A
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Table 2 The performance of each algorithm on self-built dataset

RS ik SMOTE  T-SMOTE RSMOTE SMOTE-KTLNN H-SMOTE-FAM Ours
accuracy 0.534 9 0.581 4 0.550 4 0.651 2 0.674 4 0.765 2
precision 0.537 9 0.589 9 0.558 6 0.757 6 0.753 1 0.768 6
SVM recall 0.534 9 0.581 4 0.550 4 0.651 2 0.674 4 0.765 2
F1 0.5359 0.582 2 0.551 2 0.589 0 0.629 5 0.765 8
G-mean 0.5330 0.583 9 0.552 7 0.487 8 0.549 2 0.766 4
AUC 0.576 5 0.604 7 0.623 8 0.640 8 0.643 5 0.7915
accuracy 0.742 2 0.666 7 0.6357 0.713 2 0.759 7 0.8258
precision 0.749 9 0.692 0 0.679 2 0.718 8 0.759 1 0.826 2
recall 0.744 2 0.666 7 0.6357 0.713 2 0.759 7 0.825 8
RE F1 0.744 8 0.664 4 0.627 3 0.713 9 0.759 0 0.824 8
G-mean 0.746 5 0.668 4 0.629 5 0.715 3 0.753 3 0.817 7
AUC 0.833 3 0.758 1 0.741 7 0.7659 0.8113 0.919 7
accuracy 0.511 6 0.627 9 0.6357 0.612 4 0.620 2 0.628 8
precision 0.518 2 0.708 5 0.728 0 0.6312 0.628 3 0.635 8
CNN recall 0.513 6 0.630 3 0.638 1 0.613 8 0.621 5 0.628 8
F1 0.479 6 0.590 5 0.596 9 0.599 7 0.608 8 0.6239
G-mean 0.447 5 0.550 3 0.554 9 0.5859 0.586 3 0.618 4
AUC 0.549 0 0.687 3 0.567 8 0.6130 0.630 9 0.652 0
accuracy 0.542 6 0.496 1 0.527 1 0.542 6 0.534 9 0.569 3
precision 0.549 0 0.492 8 0.522 4 0.534 1 0.530 1 0.589 7
LSTM recall 0.437 5 0.492 8 0.546 9 0.623 1 0.676 9 0.630 1
F1 0.487 0 0.511 3 0.534 4 0.604 4 0.594 6 0.609 3
G-mean 0.490 1 0.511 6 0.534 5 0.587 5 0.599 0 0.609 6
AUC 0.5221 0.480 5 0.627 4 0.532 5 0.609 3 0.611 3

®3 SEEEPPGBPHEE RN
Table 3 The performance of each algorithm on PPG-BP dataset

RS iz SMOTE  T-SMOTE RSMOTE SMOTE-KTLNN H-SMOTE-FAM Ours
accuracy 0.825 0 0.812 5 0.525 0 0. 840 6 0.836 1 0.863 0
precision 0.868 8 0.816 0 0.532 8 0.851 4 0.874 2 0.863 0
SYM recall 0.8250 0.812 5 0.5250 0. 840 6 0.836 1 0.863 0
F1 0.817 7 0.8110 0.520 5 0.841 6 0.829 0 0.863 0
G-mean 0.794 7 0.804 4 0.520 3 0.846 9 0.801 8 0.861 6
AUC 0.771 9 0.870 6 0.562 7 0.878 4 0. 880 4 0.894 7
accuracy 0. 800 0 0. 805 6 0.750 0 0.804 9 0.833 3 0.849 3
precision 0.802 0 0.856 0 0.778 0 0.835 4 0.857 0 0.860 3
RE recall 0. 800 0 0. 805 6 0.750 0 0.804 9 0.833 3 0.849 3
F1 0.799 0 0.792 8 0.746 2 0.818 4 0.838 0 0.846 4
G-mean 0.794 7 0.750 0 0.744 2 0.586 9 0.845 8 0.831 2
AUC 0.852 1 0.8719 0.884 7 0.608 3 0.863 3 0.872 3
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Table 3 (continued)

RS ik SMOTE  T-SMOTE RSMOTE SMOTE-KTLNN  H-SMOTE-FAM Ours
accuracy 0.625 0 0.6250 0.736 8 0.637 7 0.6557 0.698 6
precision 0.686 5 0.627 0 0.8333 0.676 9 0.697 1 0.700 8
. recall 0.6250 0.6250 0.7222 0.626 3 0.633 1 0.697 8
CNN F1 0.580 7 0.623 5 0.707 7 0.604 4 0.614 3 0.697 2
G-mean 0.533 9 0.6219 0.666 7 0.568 5 0.569 8 0.6953
AUC 0.772 5 0.730 5 0.700 0 0.674 2 0.768 4 0.802 6
accuracy 0.655 0 0.774 2 0.685 0 0.594 2 0.786 9 0.823 8
precision 0.685 3 0.812 5 0.707 6 0.600 0 0.743 6 0.854 4
LSTM recall 0.757 1 0.764 7 0.7557 0.454 5 0.806 2 0.796 8
F1 0.681 6 0.787 9 0.699 8 0.517 2 0.816 9 0.8219
G-mean 0.701 0 0.788 2 0.715 4 0.522 2 0.810 9 0.8237
AUC 0.646 4 0. 806 7 0.7517 0.541 2 0.790 4 0.854 1

RF A A 45 T00H b 48 T+ 0 oh 3, o dh e af SR 4R T 2 i
2.67% ., TMifE PPG-BP ZUHE 4 1, i o 3 10 42 7 i 2 2
it 3. 8% . AT XTRE BN B KB A B AE T EREEARAHE
B, A IR AE F R BOHE SR AR T ik B 4. 07 % AN
8.16% . X, WOk 195 1 A AL B IE SRR AR I Fe B oy o
SRVIRBIBE ST . MEAN, F1 VRN RS S M4 0 & 24
ok o HL R 7 26 A B =2 [ A 28 S B Bl /b, A 2R A
BERAL . A RAE N BOUE 4R L F1 M BUS KRR Tt
o g a5 4 42 Tt i B B it 8 %0, PPG-BP #4418 4 42 7
MERE My 4.53% , 5 R FW, CP-SMOTE fit % A 2 55 5
UG A5 5 5k A W 7S G 5 i, TR B AR A S B M S LA
16 W A BiE 4 o, CP-SMOTE 8 G-mean 4 9 32 7+ T
7.12%F0 3. 65 % o UE BT X A B RN 2 RS RE AR B HL AR IR
MEES . AUCHEN 43 28 (0 B B4R br » 16 H 2 508 48 A
PPG-BP #t¥ls 4 L iy #2458 8. 7% A1 3. 1% LA 1=, lF—
VIR RO R o

CP-SMOTE #35 HAth SMOTE 748 F i 4 e 2 #r .
SLE A R R A A EBERE T SVM i, CP-SMOTE
BYMERR 2 1 9. 0896, F1 $&FF 13. 630 LA I3 #E RF 1, 4%
Wis bRy 6. 58 % LA |, #E LSTM M CNN H, 45§
I3 18 AR W AR T H A B vk L B 25 A B A T A 35 AR R . CP-
SMOTE &L T 058 iy 3 (k4 K )1 . 76 PPG-BP $udi %
i SVM i, CP-SMOTE M e R w5 i 2. 24%, Fl
BT} 2. 14% ~24. 25% ;7F RE P, &35 48 5389 & 3. 01 %
DI b, 78 LSTM Il CNN S48 58 45 48 hr B¢ AR T H A
%, 18 F1.G-mean, AUC H H fih #5805 1. 28% ., CP-
SMOTE B3 T B 58 (19 3% 1K 43 25 8 77, 8 90 1 L 88 1) 1 g
Podte, s64s B R0, ¥ CEEMDAN 3| A SMOTE Jf 4%
240 F KA AF S BOR & R E . CEEMDAN J7 3k ik 55
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