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Overvoltage identification of distribution network based on multi domain
fusion and BO-Transformer-BiGRU

Li Yun' Xu Tao' Jia Yajun® Jiang Junjie®
(1. School of Electric Power, Inner Mongolia University of Technology, Hohhot 010000, China;
2. School of Electronic Information and Electrical Engineering, Shanghai Jiao Tong University, Shanghai 200240, China)

Abstract: In response to the difficulty of feature extraction and pattern recognition in the identification of internal
overvoltage types in distribution networks, this paper proposes a distribution network internal overvoltage identification
method based on multi domain fusion feature extraction and Bayesian optimization Transformer BiGRU. Firstly,
through multi domain fusion feature extraction, the 10 kV bus neutral point overvoltage signal is subjected to time-
frequency., frequency domain, and time-frequency domain feature extraction to construct a ten dimensional feature
vector with representational ability. Then, multiple sets of ten dimensional vectors of different types of overvoltage are
input into the Bayesian optimization Transformer BIGRU network classifier to achieve recognition of five typical internal
overvoltage types. To verify the effectiveness of the method, PSCAD simulation data and physical experimental
platform fault waveforms were used to train and test the algorithm proposed in the paper using MATLAB, and the test
results were compared with other methods. The results show that the recognition accuracy of the algorithm proposed in
the article is as high as 99. 11% , which has stronger feature extraction ability and higher recognition accuracy compared
to other algorithms.

Keywords: 10 kV distribution network;internal overvoltage;type identification; ICEEMDAN; Transformer-BiGRU
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Fig. 18 ROC curve and AUC results of the test set
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Fig. 19 The impact of feature extraction methods on

model training time
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Fig. 20 The impact of feature extraction methods on model

classification performance

FEZIR TR, BATHEE 2 0175 9 08k 58 sl
4, ML Z F.BO-TB fl Transformer-BiGRU #5 &I 4% (&
1o I 45 R B TR 2 B A 7E AR IR 2% 40 T I R ) B
AL SR,

HWK, AE 43 ZEME#N R 5 i, BO-TB Ml Transformer-
BiGRU 7E T A FHAE 4 5 v T #S R IR T B ey 1Y 40 26 1M
2% . BO-TB 38 1 H A £k #4485 56 A s 55 i 18 s L 7 1
U AR 25 1 [8] 4[] i, 3 B A% S B e v 0 38 1 0 28 3R
B, 1 Transformer-BiGRU R 2Z . f£4i 1 RNN 1 LSTM
PRI R T M B 0 AN 78 S 2R R AE T 43 28 o 0 R K I
BEAR o

ZRA R BO-TB B RULE Y ZRa08 R 43 S i 22 2 1)
KB T Ee AR A L JUHGE S T T AL PR AR AR R AR 1 R AR
DAL R TR KW S, Transformer-BiGRU 1E
SRR AR S RNN Al LSTM #2378 34t & 4% 4T 55
I RE AR

o 141 »



949 B 2 F o

T B A

4 FEEMYELEFEEIE

o B UEI% 5 1 19 S B AT 2R G R 0 ) B S 5
AT BRI AE 25 7 SRR AR R
DA R AL TR A St o 08 e 7 50 S R S 8 T S R R
AT Sy L IR R B UUAS [R] H M BT . % S 56 °F 5 TR
77 L RN Ml I e RSEAL £ TG 190 5 4 B 1) 21 BT SE
Kl 22,5086 R 5L 2 BN ST 25 ]

weas [

Ll
> <>

L2 R2%10km g%i&z km
421 km -
= D>——<7 l:%é%s km
HZE2E10 km 45280 km
: E L4 D —<
110/10kV B Jeeies o
L5 D=
ZE734R3 km
L6 BEH ki - -
L7 FEfekm  EHLI12km
B 21 W I b

Fig. 21 Physical simulation structure network

Kl 22 Wi ARG

Fig. 22 Physical simulation system physical object

PL 10 kHz RAEFR AR 24 B ot R BOE . SE 5
WA RWME 4 Pron, g5 R R LT 0 B 0 ik w
Transformer-BiGRU # £ % 110 24 4 # 1< i, A AR A 37
S HERR AR 3K 100 V0, Stk 1 AE B A B W P v A ROk

o 142 »

F4 FREZEVEIBTEAHMKER
Table 4 Experimental results of different algorithms in

physical simulation system
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