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Research on classification of power quality disturbance in novel power system

LI Congcong', WANG Qing', JING Zhen', ZHANG Zhi', WANG Pingxin', YANG Linlin
(1. Marketing Service Center ( Measurement Center) , State Grid Shandong Electric Power Company ,
Jinan 250000, China. 2. School of Measurement and Communications Engineering , Harbin University
of Science and Technology, Harbin 150080, China)

Abstract: Aiming at the problems of complex signal types and heterogeneous data of power quality disturbance in
novel power system, a power quality disturbance classification method using Federated learning and prototype learn-
ing is proposed. This method includes two types of work nodes: server and client. The server collects the local pro-
totype output from the local model of clients. The local prototype cannot be reverse reconstructed to get the original
data. Instead, the server aggregates the local prototype to get the global prototype and sends it back to the client to
regularize the local model training. Compared with the convolutional neural network model, this method does not
require a lot of training data, and the model is not vulnerable to slight heterogeneous data disturbance, and has
strong robustness to unknown disturbance signals. The simulation experimental results show that, compared with ex-
isting methods, the proposed method is suitable for small-scale power quality disturbance samples, with a classifica-
tion accuracy of 0.998 3, which has high application value in the new distributed power grid environment.
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Fig. 1 Federated prototype framework for power quality disturbance classification
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577, KA H AL S 5 75 BRI A 55, X 2R
HEAE T AR . R, 765 — 56 4 ) B H B bl
ML HUAS 1[5 7 2 5 R 55 48 i () AR b 2R, DABRHIE
AN [R) P A i JER PR A BT A 7R 7 A (1 52 ), i L 226 IR
2.3 4 NARH R K AR MR R S 5 R A )5
5 B a3 3 iR, LR Jrik i ris &
FETEE 1 TR g L RE B i 40 Ok IS R Y
HE T i ik TR MR G E D
S E, SR S B E T 5 HAb vk AT %
Foo DHESCIRZE R LASE 2. 4 795 Fr i i A% Accuracy
SRAERR R S 10 B IE 2 5 WO E . %
SCUG 2 R R ARG 2.3 AT R IR A LR IR BT T IR
75, f#i /1 Pycharm 5 Matlab {1 Ay 4 72 K 14, 3 7F
GPU K 17508,

K3 ML LFEFRELER

Tab.3 Experimental results of random client selection

Py, AR RIBEHLR A 5

2 3 4 5
Z5K41 0.976 7 0.980 0 0.1050  0.9550
%5772 0.1250 0.438 3 0.9883  0.9833
%573 0.988 3 0.9917 0.9900  0.9817
2574 0.988 3 0.990 0 0.9900  0.9933
25755 0.976 7 0.9117 0.9767  0.968 3

D ELSZIGZE R W], Y A (A b JF 70 2 5
3 BT AR IR 4 R SRR R A5 1 4 1 o &2 1 R 26 4 3
SRS A B, XX A S 5 5 A AS iR
AL SR ), R IR T A 1 7 b S R 2 1 4% 2 iR
5 BT R A, LA SE A R Ik AR
2.6 sTrbsEih

T A IGIE SC T R Y 0 L R R 4 2
SRHIT IS K S B 5 R T XU SVM 11y
HLRE R 5S4 2 LT NN [ fE
BRI S o 2R DA R fd ] FedAvg ™ HE 4
HEIE IR 2 5 4 207 B HEAT T X L, SE B 45 A
F4 R, 4 553 BERREMN AT #AT05
HALE

Hi3E 4 T, (0] CNN HHE AN 2K 90 2% 6 07 T A
F SVM, X /2 [H 5 CNN fe 8 36 Bt a0 45 5 B
(R B, BT BT (4 R e 2 1 i P Fe-
dAvg T2 B4 B0, SR AR MRS58 P ) 2
[FIFE Y CNN P28 AH T FOR XA S0 T AL
Ty, 0 T 2R S AL 35 5 i B 25 1T 3¢
v TR R S ST RE SRR % CNN 1562 5
RS &, F A E CPN 8 7E P04 CNN 38 K AR 1F 42

YSCRE 3 A [T, (508 S 28 A DAy BB R 2 > P[] BB A
MR )8 5 A O SR 25 R U] T 30
FIr D5k il 2 A2 5 07 B9 A H K B[R] A8
HEY TSR, ARy R AR 5 TP Y B — A IR B AR BE
e R BE 2 TR R0 sl B O SR A5 B X %) 2
VR S AR B BLAT 8 M I S O , RS X 22 b i R
I SR S B e A 23 SRR 2R, PR S b i
FEMINE R PEREIL T HAL IT %
A4 LR R BAT A
Tab.4 Comparison with other methods

2 1575 ‘ ik S—
SVM CNN FedAvg SCHT
Z5751 0.953 3 0.966 1 0.948 9 0.986 2
£5)%52 0.959 7 0.979 4 0.944 9 0.991 7
£5)3 0.956 2 0.970 9 0.949 9 0.988 3
S50 4 0.958 3 0.968 9 0.940 9 0.998 3
%5755 0.956 0 0.969 9 0.9519 0.982 8

2.7 At 5B AKE

TEA M IR Gl 8 N2 5 5 A i i
S JEMTR 25 07 5 IS5 i 2 18] B BN A% S it
W R BB S 507 5 Ik 55 4% Z 0] 5938 15
THE

TEAF LB b, AR A B 2 v b JEOR 1 1
FHME] 4 5 25 P LARAR MY A BT R D7
R A M R S H AT 89 740 A, NSk S B
4 FedAvg J7 75 A 7R MRS B ¥ O 5 3 5 vk
AH ] ) Y 28 4514

A5 ad@AEEm e A BTk
Tab.5 Comparison of communication

transmission parameters

ik SRR/ A fE 4B /M
FedAvg 89 740 0.342 3
b 1024 0.003 9

SR ENAT O 0.342 3 M, A R0 AT O 1
R RN A AR T BPR R BRI . AT 2 8k
H7 2 7 1 R I A5 TR S A Dyl A A, ]
HAT BB R0 1 IR i {5 2, B — 2R
I 2 R SR ), BT 128 S8 It 8 2
T A M JROR SR 1024 SR OB R
IR R i A A T AR AL i T4
3 HRIE

SRR B R R BREE b H BE TR I B 1R
5 R A B AL AR B AR AP, SCrP 8 H R RS
S ) A A2 S AR ES G W7 T S5 A L RE T
WAlfE 5B RB . b TR Ay CPN KRR [H] 5
et CNN B8 Jo s i BN 2Rl , Hoxh 2 055
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R, SCHb B 4 5 1 Y 03 2 ME B R B R A

0.998 3, AH L T HoAh J7 v B AT BRI, 78 AL

JIRGET W HLRE BT L 5l 70 28 U RAT BRI B

FHRTS
AR BIBTFETT 004 1 — 20 B Uk B RA PR 4 S
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