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SERE B A IMZS 7 (improved complete ensemble empirical mode decompositiom with adaptive noise, ICEEMDAN).
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PQDs 155, JFEM 8. HIR, B [F5 3R A #: (synchroextracting transform, SET)F S 253 (Stockwell transform,
ST)A= o RIS, 2GR 6 @B TKE. &5, 7]\ DenseNet-CPSAMs IRE 2 MM, GG T HEEES
FRAFHEZE X 4% (densely connected convolutional networks, DenseNet). &+ & 7741 (channel attention mechanism,
CAM) 5 47 %% [A1VE: 2 J1HL#| (parallel spatial attention mechanisms, PSAMs), SZIfb & i 45 P45 A0 7 B $R B 5 9k
Wl AT DenseNet-121 #i%4, DenseNet-CPSAMs #5855 7E I/ 40 6.5 M HIIFEIRS, 1E 20 dB /&
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Composite power quality disturbance identification based on time-frequency image
fusion and DenseNet-CPSAMs

BI Guihong, YANG Nan, LIU Dawei, YANG Yi, CHEN Dongjing, CHEN Shilong
(School of Electric Power Engineering, Kunming University of Science and Technology, Kunming 650500, China)

Abstract: To address the challenge of identifying power quality disturbances (PQDs) in new-generation power systems, a
novel PQDs identification method is proposed, which combines improved complete ensemble empirical mode
decomposition with adaptive noise (ICEEMDAN), dual time-frequency image fusion, and a DenseNet-CPSAMs deep
learning model. First, ICEEMDAN is utilized to decompose the PQDs signals and reconstruct their components. Second,
corresponding time-frequency images are generated through the synchroextracting transform (SET) and Stockwell
transform (ST), which are fused into a 6-channel input tensor. Finally, a DenseNet-CPSAMs deep learning model is
introduced, integrating densely connected convolutional networks (DenseNet), channel attention mechanisms (CAM),
and parallel spatial attention mechanisms (PSAMs), to achieve multi-scale time-frequency feature extraction and the
enhanced disturbance recognition. Compared to the DenseNet-121 model, the DenseNet-CPSAMs method reduces model
parameters by 6.5 M, while achieving an average recognition rate of 99.645% for 31 disturbance types under a 20 dB
high signal-to-noise ratio. Simulation results demonstrate that the proposed method exhibits strong feature extraction
capability, high noise resistance, and superior recognition performance for composite disturbances.
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Fig. 8 Comparison of “harmonic + sag + flicker” heat map
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B, MEFREET 99%, RIfEZE 20 dB MR {5 HA
B EHERZ ., SET. CWT. WSST A1 WSET 4 #f
T RE A EARRL, A HERR R A AR, 1
STFT 7EmiMers TERIR NI, fER A 4R R
A, GAF JTETE &M K R8T LC # MTF.
BT Lo, EEE RS I N R R B Em
BT, 464 ICEEMDAN 4Mfif. 4y &y,
PTG, RS R WK 5 R,

XL 4 AR 5, JRIGEPE4 ICEEMDAN 43
fREAfE, 5 BT BRI 23915 2527,
JCHAE 20 dB MRS T BN, A IC-STLIC-SET.
IC-CWT #R_IHIEEER K. 7E 20 dB BeE AL K, fi#f
F t-SNE S0l il A8 B s dh A7 B 4 vl Ak 2347
WE 10 . ROSBIIEEFEAR SRR, HE
FRE, BRZ R (E 10(a)). ICEEMDAN 43
JEFEARD A TS, (BVfEEES, TEEAS
(Kl 10(b)). 4RI SET A ST I 47 43 71 48
RGN G, FEARFEBRICIA ., (EATSA77E oy S Bk
A 10c). K 10(d)). #—P MR, ST B
A 21 i 0 TRER X IR AR U R B 4, 1M SET
IR AT P 4 0 X IR B B X D AN F W sl . 3X
F B ICEEMDAN £5 Bl T $& FHSE AL X} 41 50 110 2 i A
FRAESEELRE 71, AR S P sh 2 1 (1R A
AR, AIRe B TAME.

AT, (ERG 4 d, R IC-GAF 1Rk~
KT SR R AR e, (S AT AR L,

o KA e MBNHAL e PhshKA3

Er Eutl)

FAE &I T AU R B . T I SR A A
BERAEAE 4= 5 I S S, RSB B SR
i AL T TR IS, BRI R T GAF
B _4gE., STk, EHASEBRAT, AHEF%
JER O HE R O L
* 4 T EEGHE R IRAERHEIILL
Table 4 Comparison of recognition accuracy of different

image conversion methods

3 AR %

NI TS — = °
T 40 dB 30 dB 20 dB
ST 99.710 99.677 99.129 94.710
SET 98.839 98.807 98.674 93.936
CWT 99.613 98.516 98.097 93.871

]

WSST  99.387 99.355 98.807 93.968
WSET  99.355 98.452 97.742 93.258
STET 98.452 98.065 97.581 90.452
GAF 97.097 96.323 95.968 88.516
Tt LC 93.129 92.129 91.226 77.903
MTF 84.613 81.936 78.903 70.097

%5 2214 ICEEMDAN SR EMETRIEGIERA N
RAERRZEEITEL
Table 5 Comparison of recognition accuracy of different
image conversion methods after [CEEMDAN

decomposition and reconstruction

A B2 IR %
TMERE  40dB - 30dB 20 dB
IC-ST 99.742  99.710  99.032  96.807
IC-SET 99.484  98.871 98452  96.097
AR IC-WT 99.613  99.581  98.774  95.613
IC-WSST 99355 98387 98226  93.774
IC-WSET ~ 99.097 98290  98.097  93.968
] IC-GAF 97.161 93452 95710  90.677
RBPHS  HEIKG o PEhIT e 4hE)LR8

MANERY e hANFKM10 @ hA)ZHEM 11 @ PiahKM 12 @ HiFh KA1 eiaIK M 14 o PiF)HA15 e Hinh KA 16
HahHA1T7 @ $hzh KA 18 @ HhzhM 19 @z 2H20 @ izhK 21 eizhM22 @ hE)3A3 e Hhz)ZAlnd
® BN HAI25 @ PahA26 @ Hi5h 227 @45 2iH28 @ HishHiR29 @ HiF)FEM30 @ H )31
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Fig. 10 Feature visualization of t-SNE

4.2 TEIMELEHIFTEE

N T BAEA SRR B R e RE, KAl
ICEEMDAN 73fi#, FHEMGHTEE S &, #
AR ST WA 73 il N AlexNet. VGG-16+
EfficientNet-b0. SqueezeNet. MobileNet-v2 . ShuffleNet.
ResNet-18 5 DenseNet-121 W25 3E47 %] LE o b, 25
Rk 6 s,

& 6 TREIMELEMEREEREE TR 2E/MRE
Table 6 Classification accuracy of different network structures

under different signal-to-noise ratios

i - Iy RUETHZ /Y
TGN 7 40 dB 30dB 20 dB
AlexNet 99.161 99.484 99.032 91.355
VGG-16 99.548 99.516 99.290 93.323
EfficientNet-b0 99.677 99.645 98.968 96.161
SqueezeNet 99.677 99.742 98.936 96.419
MobileNet-v2 99.710 99.677 99.226 93.419
ShuffleNet 99.742 99.581 98.903 96.516
ReseNet-18 99.742 99.710 99.032 96.807
DenseNet-121 99.742 99.742 99.097 97.226

TETCMEFE MR, SR EE 2% SRR 3 2R UEf
R 99%, FHHAE B S i sE K1k RE .
{H7E 20 dB IREMELLAAAE T, MAMMEREE B 2%,
AR AlexNet #Efi% N 91.355%, 1Ml DenseNet-
121 {5k 97.226%, HIZE 5.871%. E&FMEMEL 4
4F , DenseNet ¥R I H B = IR MHELZ T,
AlexNet 5 VGG-16 FIMZIREAE . 877 WK
RBAR, ERHERI SRR DA R, HSHE
Ko BEABIIT MobileNet-v2. SqueezeNet %
ShuffleNet 7ETHE AT IEAA —E MR, HEf
HEHRELAE 71N ) DenseNet-121. EfficientNet-b0 5
ResNet-18 HH AR & FIC%E, (HIEFHEEH S5
FEAL %77 41 F DenseNet-121.

96 AR SO oy MR RE . A T KR A
DenseNet-121. DenseNet-S FIA AR 3 Fhi 435
FEM 2850 R A RE AR BEAT I 2R R, X 3
P26 R 1) PQDs 1R A S BEAT 25 4 43 T FLX
EC, A [FJME PR FREE T & AR AL &SR P B 1R HE
RIS HAE R IR 7 PR

%% 7 DenseNet-121. DenseNet-S 5AIARAI ST EE

Table 7 Comparison between DenseNet-121, DenseNet-S
and the model proposed

N Iy U R /%
PR
ol s 40 dB 30 dB 20 dB
DenseNet-121 99.807 99.742 99.129 97.258
DenseNet-S 99.871 99.742 99.226 97.742
ARCAERY 99.968 99.839 99.807 99.645

T DenseNet-121 #7, DenseNet-S 5 A S
%} DenseBlock H G EHEAT T S5 KE 161, #
WHSEM 9.5 M §E/> % 3 M. DenseNet-S {2 5] A
JHIE R IS, AR SR — DS T M
SAM1 FfgEF] SAM2 75 [ = AL . A dr 2 R
7~, DenseNet-S #¢JR U DenseNet-121 ZEERIR
P t, IXUEB] 7miE e E VL A . fERT
SR L T A SO 1P 3585 B2 51 T DenseNet-121
F1 DenseNet-S, JUHTE 20 dB mME A T, JHiE
HRBEREIINES A EERA THRENI TR
1, AERAERFRIE 99.645%

4.3 ARIIRB AL INIE

R4 4.1 AT, ASFEISEAL A P AE R 0 P
IR E R HEA — g BEAME. NEIEX— 5,
fE ResNet-18 8 4T T 4l & W SL56, 4558
Wik 8 fiun.

IR 5 RN 8 XFELAs w1, H AR )
PR T B —B A . fE& AR T, SET 5 ST
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HERDRLE, XKW SET 5 ST M4 G R iR
IR R R R, et 5 S RS 4 I
(RR e, ANITAA R HH RENS B 4xti . MERRRAL A
JRIBES TP, AR RS BRI EA
RIS -

BE—PAEH] 1 ST 5 SET I EIAE ML AE B A9 ELAME
FLEE A A W] 25 ST MR T2 AL BE I MIGE RE
% 8 T EIFSHEHEL S IR B ERERRTLL
Table 8 Comparison of recognition accuracy of different

time-frequency graph feature combinations

XK 9 X TIEAR T R R EM G ST 5 " . AR /%
SET WEMHE BRI, 7620 dB WS F, i 0 T ww sas s 20as
IR BRI T 30dB e, H ST BF#ER A ST-SET 99.871 99.807 99.742 99.581
KT SET WA, X ST I & 78 o 2 g CWT-SET 99.839  99.613  99.161  96.871
BN EAESRPEE . 24 H “ST+SET” 4.4 ST-WSST 99.807 99.774 99.032 94.129
TN, &M SIS R RGBT 99.6%, X ST-WSET 99.839 99.936 99.161 97.226
<9 ST BI35iE. SET EShEFILE & RHSRE T EL
Table 9 Comparison of ST time-frequency graph, SET time-frequency graph and combined time-frequency graph
o AR/ %
(Ehe) ST SET ST + SET
TWa  40dB 30dB 20dB FM5  40dB 30dB 20dB JWEE 40dB 30dB 20dB
cl 100 100 100 98 98 98 98 95 100 100 100 100
2 100 100 100 100 100 100 100 99 100 100 100 100
c3 100 100 100 98 100 100 99 94 100 100 100 100
C4 100 100 99 100 99 99 100 100 100 100 100 100
cs 100 100 100 100 100 100 100 100 100 100 100 100
c6 100 100 100 98 100 100 100 96 100 100 100 100
c7 100 100 100 100 100 100 100 100 100 100 100 100
cs 100 100 100 100 100 100 100 99 100 100 100 100
c9 99 98 98 91 96 96 96 91 100 99 99 99
Cl10 98 98 95 91 9 96 94 92 100 100 100 99
cu 100 100 100 98 99 99 99 99 100 100 100 100
c12 100 100 100 98 98 98 98 93 100 100 100 100
c13 99 99 98 99 100 100 98 97 100 99 99 99
Cl4 100 100 97 92 97 96 94 93 100 99 99 99
Cl15 100 100 100 99 100 100 99 98 100 100 100 100
Cl16 100 100 100 99 100 100 100 91 100 100 100 100
c17 100 100 99 99 100 100 100 98 100 100 100 100
C18 100 100 100 99 100 100 100 100 100 100 100 100
C19 100 100 100 96 100 100 99 95 100 100 100 100
€20 100 100 100 100 100 100 99 100 100 100 100 100
c21 100 100 100 100 100 100 100 98 100 100 100 99
22 100 100 100 100 100 100 100 100 100 100 100 100
23 100 100 100 100 99 99 99 100 100 100 100 100
C24 99 99 95 89 96 95 99 94 100 100 100 98
C25 100 100 100 98 99 99 99 99 100 99 99 99
€26 100 100 100 96 98 98 97 91 100 100 100 100
c27 100 100 99 98 98 98 98 98 100 100 99 99
C28 100 100 98 95 100 100 100 94 100 100 100 99
29 99 99 98 92 95 95 95 88 99 99 99 99
C30 100 100 99 96 98 98 96 93 100 100 100 100
c31 99 99 100 100 100 100 100 96 100 100 100 100
P
99.774  99.742  99.194  97.387 98.903  98.839 98581  96.161 99.968  99.839  99.807  99.645

I
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— B X R BB 28 T R 0 1 R T 43

Mro 7£ 20 dB MEFE RGN, ST B MK C12. C16.
C26. C29 Zhsh R IUHERI R B2 5T SET I
K, RIHEEE 5% B B, xFF C26 $iEh,
ST W HIR B Zk F) 96%, 1] SET I E A
91%, H SET IE% 5k C26 =154 C10.

K 11 R T C10.C24 Fl C26 =Fh iR E L3N
) SET I ST WHAREXTEL . ST WA EIX C24 iR
BB, SR HRIRAA C10; AH/K, SET B4
B C24 RSB R Eik 94%. XFELE 11(b) R
ER R UG P 50, 9 s 0 P E R AIE [N 2% % Bl RRAIE
B, SCORIIMXS TS Aik, 78 SET BT 1)
JR SR DX 35K, PRI AR AREAIE (14 B0 CE R P AR A B D 25
X4 PEH BT EE M IR Clo(E 11(a) 5
C24( 11(b) 2 [F] 1 2 5

X C26 Psh2iAd, ST WK AB R ER
WAHERIR . IWE 11(c)nT AR, C26 k(55 1E
SET 4l A (1) RE 5 AT AN S HL 2 46 1, Rl
K55 B omME R () 52ma s i ST I AT B 78 55 1 X 35
Wz, RHERER A, HARGR P,

=
(a) C101E 3 + & F%

(c) C2611% + FTF% + TSR

11 AEMHEEIZE 20 dB THIIRHIMEAE
Fig. 11 Recognition performance of different models at 20 dB

4.4 REFZEITEE

AR LT T 24 BT SR B 2 R R 5 0
W, AFE S ARHU AR 454 GCNN-AFEN 7350,
FHEA B R EEE CWT BRI H A MBSO S

JHIE ResNet-18 #4112 JEF £ 3@3E GAF I ResNet
(f 93 250750 R A 22 R A6 BB A 16 ) 7 41
Transformer(multi-scale convolution fusion time
series transformer, MCF-TST)IERBI L Jo JE T2 20 7%
B 1 ML b 4L fk A (multi-level  attention pooling
fusion, MAPF)f{] PQDs 1432 K I [ 5 fr 75 9%,
XfEEAE IR WA 10,
F 10 FREIFEEAFEERRLE T o 2 EmERENELE
Table 10 Comparison of classification accuracy of different

methods under different signal-to-noise ratios

iz RHEE=% CESIERA

PR .
g RULEIZE) EME 40dB 30dB 20dB

GCNN-

12 = — 99.26 9898  96.62
AFEN
CWT-

15 i 99.63  99.63  99.48 —
ResNet18
GAF-

25 = 98.34  98.30 94.24 —
ResNet
MCF-TST 29 = 99.33  99.34 9951 96.74
MAPF 63 = 99.41 99.33  99.10 —
AL 31 3 99.97 99.84 99.81 99.65

R 3 AR RIS = PUEIBSHIEM, 7
30dB fEMEEL N, MELHT 3 AR, ASCT7ikRIR
SRR BRI T 0.83%. 0.33%. 5.57%. 53
BR[8-O1FF K kAL, RUE —HHE T =, &
PLBh, (HAE 30 dB AL 1R BHERR ZAT) 70 51
mi 0.3%. 0.71%. RAl2 S5 SCHRRI8IAHEL, T3
WM B R R R 5 A SO, 1ETEME .
40 dB. 20 dB 2&FF, ASCIERRAIE B 3 Al e
0.64%- 0.5%- 2.91%. SFLLEERER, ASCHRf
UM TERELE . 12 ALRE 8, JCHAE S B LL IR 3
R, IXIGAIE T A A B 2R BT S5 10 3%
PRI FEE

5 &5ig

R R TR ) R G0 PQDs IRAII R R, A
W 4EE T DenseNet ¥R FEEAIANE S E AR
ICEEMDAN 7 i 8544 Ji= 1¥) ST A1 SET I 43 ¥l e i i
71, $e T w5 EE 4 A DL S DenseNet-CPSAMs
(1) PQDs PR J77% . @it F 8L, fHH L RE5R.

1) fEf5 5 AL BEJTH, B 55K ICEEMDAN 75
FEREHE RSG5 R B L, SR)5 R H SET A
ST W Ao ks — 4 oy S 40 oy —4EUE, AL REAIE
K, TWREAMEFLE, NIG%: DenseNet-CPSAMs
REHEN N R IR T

2) fER BB R JT I, ASCKH T DenseNet-
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CPSAMs B 2& 25ty . I RN GRE
&/ DenseBlock Z4 LA K 51 NVE R JIHLH| S5 1t ,
REME ARG UESE IR AT 2 4R 1E . JET Ik, 2 07vksE
T REARIT, B&EmEBHEMCE. mislEE e
T i g 7 A A

N IEHMHE I RAE =N, EEmaliFHink
HRRI 2R, MEHRERERERANRFSLTEES
Ak, B BE R B AR 2 2 B R R
(Rl A SCHIF AL I B i 78 T 5 F B T R P sh B
PR RO TEREAAE OISR 28 R R B %
il LA R e s 22 R SR AN N I E RS T T, A
SCHTHRE S AR LA — 5 1 N ANEL

4) BT HUARRRERL ) PQDs 5 szfrdrkit &
JEBNPWICAFAELE R, o S0t 50 75 A S0 2o
AR A AT IR A A3k . SRTT, FREGH G 2 R Eh
RIS IE AR N R A . (R, KA S A
R NIRRT, AW AN FEIR B 5, T
IEEEStd1159-2019 brfE A B s 2E4T T 5, H
gh G/ B SR AT IE R S S B W, DAY
AR TR R AR E 3 5 N IR P R R RS B
S E Rk
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