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Recognition of multiple power quality disturbances based on a Kalman filter and deep belief network

CHEN Zixuan, XI Yanhui, SHEN Yin
(School of Electrical and Information Engineering, Changsha University of Science and Technology, Changsha 410114, China)

Abstract: In order to solve the problems of large actual power quality disturbance data and low accuracy in identifying
multiple power quality disturbances, a method of power quality disturbance recognition based on an adaptive Kalman
filter based on maximum likelihood (KF-ML) and a deep belief network is proposed. First, the adaptive Kalman filter
based on maximum likelihood is used to denoise the original disturbance signal with noise. Then the deep belief network
is used to train and recognize the clean signal so that the type of power quality disturbance can be recognized. Finally, it is
tested on power quality disturbance signals under 20 types of different noise levels. From the simulation results, it can be
seen that the method in this paper has a higher classification accuracy rate under different noise levels. This shows the

effectiveness of the method and is very robust to noise.
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Table 1 Parameters and models of 20 different types of power quality distortion
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Best Training Performance is 0.013231 at epoch 200 = 3 IIEGEIES 30 dB A FHMIBA TS IS E
10" Table 3 Classification accuracy of training data under
30 dB noise disturbance
— Hzh I FREEI%
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10t . . . ; cs 96 99 100 99.6
0 20 100 130 200 co 100 99.8 99.8 86.6
Epochs
()20 dB C10 99.2 98.2 99.4 98
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5 A[EIg KT TRIIgT 2Rk sk c12 100 100 100 100
Fig. 5 Loss curve of training process under different noise levels C13 100 100 100 100
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c11 100 100 100 94.6 c7 100 100 100 100
C12 100 100 100 100 c8 926 912 924 %
c9 100 100 100 99.6
C13 100 100 100 99.6 c10 978 972 976 97
cl4 100 100 100 97.6 ci 100 100 100 99.6
C15 100 100 100 100 c12 100 100 100 100
c13 100 100 100 100
C16 99.6 99.6 99.4 94.8 c14 99.6 100 99.6 99.2
c17 100 100 100 95 C15 100 100 100 100
C16 99.6 99.6 99.8 95.6
c18 100 100 100 100 c17 100 99.4 99.6 98.2
c19 100 100 100 100 c18 100 100 100 100
c19 100 100 100 100
C20 100 100 100 100
C20 100 100 100 100

Average  99.73 99.85 99.59 94.14 Average 96.63 96.52 97.09 97.63




-88 - Y EE X T EE S

ME 5 AT UE H, FEE XA N, DBN
TR LB AN 22, BB 5% s EOE BRI BV
. MK 2—K 4 WLIE M, ANFEMESZME TP
PJHER R I AHRAE 95%LL Lo PRIk, ZIERAE
I IRRE T, BIAEAE WM A /KO R AN 2R

N T AL 7 kRS, B 6 s AT 2
IREFEFE, HrhBiRos T 2 R Hbess, IR
AN RIINRAS o VRIVEFE R A A AN AR 1 25
TUER T IR R BRI PQD ) 73 FEFIAN B
horde. MIREFRFEH AT IR, K2 HI001
IRV

N T BRI ZITE A B AT, R
ARSIy R S SCHR[28-31) M 4y FRE kAT T
b, JRER S hanth. T MEESHERE,
PR ASE 5 HoAb 7 3R a5 5 A g e A

Confusion Matrix

o 0

M c © © o 8 © o =

0
0
0
0
0
0
0
0
0

© © © © © © © © © © © © © © © © © ©°o °

8le e e o o o 8 © o o o o o o Mo

€1 €2 €3 c4 C5 C6 C7T CB

€9 €10 C11 €12 €13 C14 €15 C16 CI7 Ci8 C19 €20

(b) 30 dB

Confusion Matrix

0o o

0
0
0
6
[

© © © © © ©o o

0
0
0
0
0
0
0
s

0
0
0
[
0
[
0
0
0

@
© © © © © ©o © © © © © o o

o © © © © © © © © © © © © © © © o

© © © © © © © © © ®© © © © © © © o o

© © © © N © © © © © © © © © ©°o o

(c)20dB
6 T EMEFAEKF TR AR B
Fig. 6 Confusion matrix tested under different noise levels
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Table 5 Comparison of classification accuracy performance

I3 1%
URES . SNR=  SNR=  SNR=
JeWg

40dB  30dB  20dB

ik[28](2012) 100 99 93.25 —
Cik[29] (2015) 99.8 98.2 96.1 935
CiHk[30](2016) 98.7 975 96.2 93.2
SCHk[31] (2019) — — 9655 941
40dB 99.73 99.85 9959  94.14
A3 30dB 98.23 9863 9869 968
20dB 96.63 9652 9709  97.63

M 5 ATLUE H, EAIKR EERE 5 (40 dB M S BL
TR OL T, B O iE It R L -5 HAh 7 32
—FE AR, 7R e 7K - (1 30 dB A1 20 dB)
T, B T HAN =R, s SRR,
FT 53 K70 e 5 B IR s ) S, &R T &
WEEIAEE . BMESE G 2T, &N IERRE A
JEH 15, C18~C20 fEFTH 1E L T (153 e 2 AR 1A
F1 100%, RPffi7E 22 10T, C17 2 E 404>
IR R BILF] 95%, W WLATHTEAAEEZH
FHXRE RN, HH G2 TR, 3%
o KKBEK. XATRe A KF-ML B% M54
REM PQ 155 H LR, DBN g5k T %5+
P EAR = I 22 77 T HE 2 R IR RE

4 g
R T — P 3T HKAUVR R R 2P
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(KF-ML) TR FE B A5 9 25 (DBN) FH 25 A (1) FL e i &
WA TTE. ZITER A KE-ML W JE a6 T4HE
528, %k DBN BERSHERA IR & AR S R L
BNIRBL PRENINEE SRR, 2 EAMUEER
LFEIESR, T HEAARAF rE . A
(1) 20 ZEHERE I EB NI HERR A HEATE 95%
VAL, XF 2 S REN 1) 4 FSHER R AL 3] 100%.
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