$52% 4510 ) whHRERY S ER Vol.52 No.10
20245 H 16 H Power System Protection and Control May 16, 2024

DOI: 10.19783/j.cnki.pspc.231503

ETREFIME MBI SREERENINAANGE

IR, B AL HER, 0 %

(1. 2 KFRASHARFR, #db B G 443002; 2. B FHTE & HH RG] st d N E), #T &34 314000)

ER

TR BHOSomME AR R A RE SR AN RS LA R P B, R 1 LN AR A R P 2 ST AR 45 5 ) P
RSN TT % E o, R AN B S 1 S N R R RE I 10 F) BREL BR B0 M B A 5 AT R
AbPE. SRJE, SEIETRZE AR SO0 R S AN MG S AT IR IR R AE R I, AEEIRA b RN 2 SKkVE R P R B
K HE N ACAZ LS, LI P RAE RO R, F RGE IR A 3BT T s IRREZ . e Ja s (RN [ SRR e 7 3
B N6 20 ZRIRANE ST 0 LS50 . B ELAE AT RN, %0 VE R RPN S B R, 7EAR IR 7 IR R I 4
IR IE A

KR AR IE): AERNEEELE, SREMAMLE, ZERT; BRI S IZ 0 4

Identification of power quality disturbance with noises based on an integrated deep learning network
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Abstract: A novel method combined with adaptive wavelet threshold noise reduction and deep learning is proposed to
improve the accuracy of identifying power quality disturbances in strong-noise environments. First, the noise-containing
disturbance signals are noise-reduced by a threshold function algorithm based on an improved peak and score level adaptive
thresholding and energy optimization. Then, the residual network is used to extract deep features from the noise-reduced
disturbance signals, based on which the bidirectional long short term memory network under the multi-attention mechanism
is incorporated to establish temporal feature dependency. This constitutes a framework applicable to the recognition of
disturbance signals in a noisy environment. Finally, numerical simulations are carried out on 20 types of disturbance signals
in different noise environments. It can be seen from the results that the proposed method has good noise robustness and high
recognition accuracy in different noise environments.
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Fig. 8 Wavelet noise reduction effect
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Table 4 Noise reduction effect of different methods (SNR is 20 dB)

i i A5 4 L /dB
21 ikt PR BB

il B3 E 29.4544  29.4971 27.8742 21.0975
E 29.1475  28.4827 27.0751 20.9123
SCHR[10] 29.7457  29.8757 28.7451 21.4475
SCHR[11]  30.0174  30.2144 29.1772 21.5272
SCHR[12]  30.4658  30.5711 29.7843 23.4175

AR 309875  31.0778 30.8052 26.5214
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Fig. 9 Model classification results after wavelet
noise reduction (SNR is 20 dB)
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Fig. 10 The t-SNE visualization

3.5 PQDs iRRBIER A4

IR FEA TR PQDs %% % R 30 1R 51 3L
R, £ 20 dB SREEAEIAEL N, KA E 51 PQDs
s H AR SCHT A AT I 2 25, 0 Sk 20
MES, ERWES .

% 5 00, 7 20 dB 5mMESIREE T, ASCHT
PN BT BN R B AT e = . R AT
DPVEAEME R IAEE R B, KA S AT ik 5
BR[25-281AT$2 vkt AT st b, 455K 6 Fis.

20 &




R

TR 5 > R I 2% 1) 5 1k FL R SR B i) 7 ik

- 19 -

5 20 FHFAR EMHR

Table 5 Recognition accuracy of 20 kinds of disturbances

Pezh R IE#2/% Hhaha EM%/Y%
Cl IEH# 99.4 C11 G T+ 98.6
Cc2 #7t 98.6 C12 FFE+HR 100
C3 ¥ /% 98.6 C13 HTH+R % 99.5
C4 1l 99.5 C14 Jikih-+1& i 100
Cs 3 100 C15 Hhlbi+R % 99
C6 B 99.5 C16 fkih+iR % 99.5
C7 100 C17 B+ 100
C8 ikt 100 C18 FTH+lkn 100
C9 ¥R 98.4 C19 FTHHRG+HEU 100
C10 FREHE 100 C20 B PR G +ik ok 100

& 6 NEIFHERAEMHER
Table 6 Recognition accuracy of different methods

WU TE A 2E/%

ik SNR ¥40dB  SNR ¥y30dB  SNR 4 20dB
HR[25] 99.00 98.66 98.11
SCHR[26] 98.80 98.60 95.60
CHR[27] 91.70 91.40 90.90
SCHR[28] 99.37 99.34 97.75

AR 99.63 99.52 99.40
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