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Composite PQDs identification based on a hybrid decomposition multi-scale time-frequency
map and Res-GRU-AT

BI Guihong, BAO Tongyu, CHEN Chenpeng, ZHAO Sihong, CHEN Shilong, ZHANG Zirui
(School of Electric Power Engineering, Kunming University of Science and Technology, Kunming 650500, China)

Abstract: The power quality problem in the context of the energy internet is becoming more and more prominent.
However, there are several problems in the traditional power quality disturbance (PQD) identification process, such as the
signal feature extraction is complex, the algorithm recognition ability is insufficient, and it is difficult to differentiate
composite disturbance, etc. Thus a new method—Res-GRU-AT, combining hybrid component multi-scale time-frequency
diagram, residual neural network (ResNet), gated recurrent units (GRU) network and attention (AT) mechanism, is
proposed for power quality composite disturbance identification. First, the PQDs signals are decomposed at multiple
scales using singular spectrum decomposition (SSD) and successive variational modal decomposition (SVMD)
respectively to obtain the hybrid components. Then the hybrid components are analyzed by Hilbert-Huang transform
(HHT) to obtain the multi-scale time-frequency diagram. Secondly, multi-scale time-frequency diagrams are deeply
extracted, strengthened, and recognized using the Res-GRU-AT model. The Res-GRU-AT model can perform feature
fusion by using the spatial feature extraction capability for 2D images of ResNet and the temporal feature extraction
capability of GRU. Then the feature-weighted enhancement is done by AT to improve the recognition capability of PQDs.
Simulation results of different schemes show that the proposed method has strong feature extraction capability, good noise
immunity, and high recognition rate of composite perturbation.
This work is supported by the National Natural Science Foundation of China (No. 51767012).
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Fig. 6 Time frequency diagram generated by disturbance signals of interruption+harmonics, and sag-+harmonics
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Table 2 Errors comparison of different network structures

” BB B2 Hhs
% BE ‘ o MR
GREKAN BREKN T
2x2
Res-GRU 3x3 100 97.7708
2x2
3x3
Res-GRU 4x4 100  99.8854
3x3
st Res-GRU 4 5%5 100 98.1354
€S- x .
FUZ KA 4x4
5%5
Res-GRU 6%6 100 97.8333
5%5
6x6
Res-GRU 7x7 100 97.5104
6x6
3x3
Res-GRU 4x4 50 98.6979
3x3
3x3
Res-GRU 4x4 100  99.8854
fifi 3x3
FUEZSTv s 3x3
Res-GRU 4x4 200  98.5833
3x3
3x3
Res-GRU 13 4x4 300 98.0833
X

H# 2 A1, GRU #£:SC [FI A 100 15 H 4%
R, BECEEMERIZDMN(3%3 . 3x3; 4x4)
I IR RS kS B e, AR T BB (2% 2
2x235 3x3). (4x4. 4x4; 5x5). (5x5. 5x5;
6x6) (6x6 6x6; 7x7)IHAL, LWk
SRS T 2.1146%. 1.7500%-. 2.0521%. 2.3750%:;
FRIE A SR N BUR R, R 5 U (1) R
ANEIERBGE AN, S RKHIE R 5 B 55
YHFTHRFAE, T/ B AU ) 2 S BT R I 1 ARRAE

FRATE Sy, BRI 2 W ROR

TEXCC BRI 8(3%3 . 3x3;5 4x4)
FHTHE R, GRU #Z 60N 100 ANMIRLALS Wik
J5 B e o AREC TP 0N 50+ 200+ 300 FOREAL,
WS FEE il S 1 1.1875%- 1.3021%- 1.8021%:
U TN R I, GRU B AN BE 78 43 Hi 2 B )
SRR AR A SR, TS et 2, R
DRIV E TG, 25 A 12 Woks B
AT EE A B, B &8 Res-GRU XL % 4 FH A%
RFR(3x3. 3x3: 4x4), GRU B2 oA
BN 100 4
4.3 (HEERD
4.3.1 ANFEIER 75X b

7 NP AR SRR TR EURIRRIE . B 7(a) A
T(b) P T, T 2% S I [ B 5% B A4 P P AS (] [X 3k AT
FEAERHE, SCHOSC R AR B Ah s I 7(c)mT %0,
T 1 RS 2 XHEAN | TR — B, 3R
1SS TE T R AR R, O N R R T
AR 2 RERZRAE, 52 7 RHIER 5.

| |
| |
I |
| |
| |

(a) K2 (b) LERITP B (o) LER1TINAETR2

7 PSRRI AR AEE

Fig. 7 Feature map extracted from two branches
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Table 3 Comparison of accuracy of different decomposition modes

el A
59 SSD SVMD SSD+SVMD
JMEREE 40 dB 30 dB 20dB  EMEE 40dB 30 dB 20dB  EMEFE 40dB 30 dB 20 dB

EH 100 99.3333 98.5 98 100 99.6667  98.6667  98.1667 100 100 99.6667  98.5000
NS 100 99.1667  98.8333 97.5 99.5 98.8333 98 96.8333 100 99.1667  98.8333  97.5000
YR 99.8333  99.1667 98 96.5 99.8333 99 97.8333  96.3333 100 99.6667 98.8333  97.1667
RS 99.8333  99.6667 99 98.3333  98.3333  98.3333  98.3333  98.3333  98.3333  98.3333  98.3333  98.3333
chd 99 98.1667 97.1667 96.3333  98.6667  97.8333 97 96.1667  99.8333  99.0000 97.8333  97.0000
Bk 99.6667 99 98.5 97.3333  99.8333  99.3333  98.6667  97.8333 100 100 99.1667  98.3333
I 99.5 98.8333 98 97.6667  99.6667 99.1667 98.3333  97.8333 100 100 99.3333  98.6667
R 100 99.6667 98.6667  97.5 100 99.3333  98.1667  97.3333 100 99.6667  99.3333  97.6667
ks Jiko 99.8333  99.1667 97.6667  95.8333  99.6667 99 97.5 95.5 100 993333 98.0000  96.8333
PBIRG 99.5 98.5 97.6667  96.1667  99.3333  98.3333 97.5 96 100 99.5000 98.8333  97.8333
NAE +i53 99.6667 98.8333  97.6667  96.1667 100 99.1667 98 96.8333 100 99.5000 98.6667  97.6667
NAE +#F%  98.6667 97.8333  95.8333  94.8333 99 98 96.1667  95.1667 100 98.8333  97.0000  96.1667
NZE +# 7 98.8333  97.1667 96 943333 985 96.8333 95.5 94.1667  99.6667  98.0000 97.3333  96.5000
PR+ 98.5 97.1667  95.8333 94 98.1667 95.8333  95.1667  93.5 99.8333  99.3333  97.5000  97.1667
P+ 981667  97.5 96.1667  93.8333  98.3333  96.1667  95.5 94.1667  99.5000 98.6667 98.1667  97.0000
B 98.1667  96.6667  95.1667  93.6667  98.5 96.6667 953333  93.8333  99.3333  97.8333  96.8333  96.3333
PR 99.3229  98.4895  97.4166  96.1249  99.2916  98.2916  97.2604  96.1041  99.8854  99.2812  98.4166  97.4479
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Table 4 Comparison of different network structures under

different signal-to-noise ratios

o G KRR /% BT
LAY Jo¥:S 40dB 30dB 20dB léit Wﬁw
—{k/s [A)/ms

XGBoost 952083 94.8125 91.1979 87.4375 2.0446 0.7490
GRU 97.0625 96.1667 93.4687 89.3333 3.5839 1.3499
CNN 973438 964802 94.2917 90.6458 2.4121 1.2665
CNN-LSTM  97.3854 96.5729 94.9166 91.0313 8.2675 3.5739
CNN-GRU 983542 97.6563 96.9688 93.9375 6.4209 3.4112
Res-GRU  99.8854 99.2812 98.4166 97.4479 4.1659 1.5991
Res-GRU-AT 99.8958 99.2916 98.4375 97.4792 4.3870 1.6273
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Fig. 8 Training set accuracy change curves
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Table 5 Comparison between ResNet-18, Res-GRU and this model

G R I%
(EReE Skl ResNet-18 Res-GRU Res-GRU-AT
JEEFE 40 dB 30 dB 20dB EMEA 40dB 30 dB 20dB EMEA 40dB 30 dB 20 dB
E 100 99.8333  99.3333  98.1667 100 100 99.6667  98.5000 100  99.8333  99.5 98.5
R 99.8333  99.1667  97.1667  96.6667 100 99.1667 98.8333  97.5000  99.8333  99.3333 99 97.6667
ZEs 100 993333 98.1667  97.1667 100 99.6667 98.8333  97.1667 99.8333  99.5  98.6667 97
B 100 99.3333  98.3333 97 100 100 99.3333  98.8333 100  98.8333  99.5 99
W 99.8333  98.6667 96.1667  95.3333  99.8333  99.0000 97.8333  97.0000 100  99.1667 98 97.1667
s 100 98.5 975  96.8333 100 100 99.1667  98.3333 100 100 99 98.1667
It 100 98.8333 98 97.1667 100 100 99.3333  98.6667 100 100 99.3333 985
o 99.8333  99.1667  97.3333  96.8333 100 99.6667 99.3333  97.6667 100  99.8333  99.1667 97.8333
B 25 ik i 993333 99.5  97.1667 96.8333 100 993333 98.0000  96.8333 100 99.5  98.1667 96.6667
HAIRG 995  99.1667 975  96.1667 100 99.5000 98.8333  97.8333  99.8333  99.6667  98.6667  97.6667
RAZ +i%0 99.8333 983333 96.6667  95.8333 100 99.5000 98.6667  97.6667 100  99.6667  98.5  97.6667
NAE + 0% 99.8333  98.1667  97.6667  96.1667 100 98.8333  97.0000  96.1667 100 99 97.1667  96.3333
A+ 99.8333  98.5 97 96.8333  99.6667  98.0000 973333  96.5000 99.8333 98.1667 975  96.6667
P iR 98.8333  98.1667  97.3333  95.6667 99.8333  99.3333  97.5000 97.1667 99.6667 99.3333 975  97.1667
I +iEs 99.8333  97.6667  97.5  96.3333  99.5000 98.6667 98.1667 97.0000 99.6667 98.8333  98.3333  97.1667
il IR 99.6667 97 96.6667 955 993333  97.8333  96.8333  96.3333  99.6667 98 97 96.5
FIIMEFE  99.7556  98.7083  97.4688  96.5444  99.8854 992812  98.4166 97.4479 99.8958 99.2916 98.4375 97.4792
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Fig. 9 Recognition performance of different models under different noises
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Table 6 Recognition accuracy of different models under 30 dB noise

- PUNHER /%
VGG-19 AlexNet ResNet-18 Res-GRU Res-GRU-AT

BTN 93.8333 93.5000 94.3333 94.6667 95.0000
T+ T [+ [N AR 94.0000 93.1667 94.1667 94.6667 94.8333
WA T+ SR 94.1667 94.1667 95.0000 95.1667 95.1667

B B+ SR 93.6667 93.0000 94.1667 94.3333 95.0000
I+ [+ N AR+ SR 92.0000 91.8333 92.3333 93.6667 94.1667
BTSN B+ SR 91.6667 90.1667 92.1667 93.3333 94.5000
SR B HERf % 93.2222 92.6389 93.6944 94.3056 94.7778
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Table 7 Recognition accuracy of different models under 20 dB noise
—— PR %
VGG-19 AlexNet ResNet-18 Res-GRU Res-GRU-AT
T+ i+ AR 92.6667 92.3333 93.3333 93.5000 94.3333
L+ B RE NS 92.5000 92.6667 93.3333 93.3333 94.1667
P T+ B 93.0000 91.5000 92.6667 94.6667 94.8333
R T+ AR 92.3333 92.3333 92.5000 93.5000 94.6667
W+ BT + AR 90.1667 89.1667 923333 93.0000 93.8333
BITF IS+ N AR 88.8333 88.8333 90.6667 92.6667 94.0000
S5 B T B 2 91.5833 91.1389 92.4722 93.4444 94.3056
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Table 8 Identification results of real data
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Fig. 10 Recognition results with different datasets
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Table 9 Comparison of different methods of literature
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