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Partial Discharge pattern recognition based on GAN and
CNN-BiLSTM-Attention framework
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Abstract; Partial Discharge (PD) is the most common type of discharge fault in transformers. Due to the particularity of its
operating environment, difficulties in collection are often encountered, which leads to the scarcity of data samples. The
Convolutional Neural Network ( CNN) is widely applied in pattern recognition owing to its strong feature extraction ability. To
improve the recognition accuracy of PD model, this paper combines Attention Mechanism, Bidirectional Long Short—Term Memory
(BILSTM) and CNN, employs CNN to extract local feature positions and BiLSTM is utilized to extract global bidirectional
temporal features, and then use the attention mechanism to adaptively weight the features. Additionally, to address the issues of
sample scarcity and data imbalance, an improved Generative Adversarial Network (GAN) has been introduced to enhance the data.
The experimental results show that the CNN - BiLSTM - Attention methods proposed in this study can improve the prediction
performance. With the help of GAN adversarial network, the proposed method could reach 98. 8% recognition accuracy, which is
1. 8% higher than that of the traditional recognition model SVM method and 5. 8% higher than that of CNN+Autoencoder. The result
is the highest among several comparable methods. Therefore, the model proposed in this study is more convincing.
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Fig. 1 Transformed time—frequency spectrum
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Fig. 2 Structure of Generative Adversarial Network
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Fig. 3 Internal structure of BiILSTM model framework
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Table 1 Discharge experiment data information

LAY FEA K IR
GBI 1 500 18.6
AR B 1 100 16.6
& B UT I A 1 500 13.5
i ERION S G 1500 11.7

TR AT BEA A H AR R AR 0 SR T AR
B AIE R A, AR AR ST T AR
SR FL Y 4 A R 2 2 B ) DUV IR e A
YERMFSFEXT S, 4 Tl LA R 53 331 2 4 s 2R i TS L
AR R | 4 e VR T S AR R A ]
5 FR, JRTR R AR 4 K 50 mm, iR R 34
Y 2RI 25HA FE RS

B PR
AT

GETER e

(a) GBI

ECER e
i

(b) MARHU R

HERLAR

B A P A

(c) 4 )& Uy i (d) AP ik
B 5 4FhsRSERm e L RRR
Fig. 5 Electrode model of four typical PD defect

3.2 HUERTALE
3.2.1 FdlEryIH—feab s
R T IR AR Ny S22 JE B, 25
GBHEEETHA M MMET (6,2, ,x,) BER, X
EEFRITE n™ e [1;N,] N, LA E M s (9 2 550r1K
-, TR K A R R A S AN S
TR )l i o bR DL 4 R RS 1% — A
O e ) BREL, T3S i T 03 —fead R S e, X
FE RPN RS KSPA — 5 19 5 Bh sl i e M, 13— 4k
Je W5 AR BES AR RE A X B3 , A R T I 22 1 ik
PRERE, KT AR 4 FhELEE IR, —BfE B AL FE
A — AL A AF
t(n) = wn) (10)
M T A ARt 0 — L (E AN RE LR IE A ST 11
Tl P I — b ke 5 Bl T fefi Aofs A 4% A S A 3R
B SRR

y =f(Au + b) (11)
y =f(BN(Au)) (12)
BN(Au) =BN((kA)u) (13)

MR (11) ~(13) FTLAUERA .
i—GBN((kW)u) _ dBN(Au)
T Ju u
VOBN((hW)u) _ 1 aBN(Au)
+ akw) & oW
A (12) ~ 2 (14) HE A AL B AL S B AR
featfe , Horp S ER AR 22 b
R AR M B A5 | AR5 W B AL 4 (H
BRMIRE S R AR/ AR i A5 4y
e, I HIH— 0 (E AR — S m el b s i, (847
WIEBHEA — b B TSR R B AR e mI 5
3.2.2 BAEUE P AR AR S L EE
H1 B LG 1 R B 5 vh & A i ek 8h 53
(IR 5 B, FE R BE A Jay 0 5 P 2 18 1 1 ) 356
Bl ST DA Ao 50 50 158 A 1 e D D 3
R R &t maE g s M Z = (2, 2,
%,“u%),mWﬁ
z, = oz, + o, —xl"gl) (15)

Horpr ) ), FR G N —Ab)5 R AR S 8 iy
25 R o= SmATY s AT 7R HI G 212

KRAES TR, £ FRoREUEIUR | ARSI ERIA S
AT 100 Hz S B EHE B, Fr L s
WE £ =100 Hz,

4 HWEZRFWSITIE

4.1 HEEERESIR

AW 55 i | PyCharm ( Tensor Flow AEZ2) £l
Matlab #0475 — 4 B % NVIDIA GeForce RTX 4060
B i7-13700HX 1 16 GB RAM HL#§ il A SC i)
BERY 7 i 22 ) 2% 455 AU AR RS 1) S B, R T
Python3. 9 Fll Matlab2023a £[RII1%%:, Adam B4k
IIZE T, epoch HE S ELIUIEE Ry 200, 2% ) %K
0.000 1,
4.2 CNN #1 BiLSTM 4 & BT 545

B A B EE IPLHI Y CNN Fl Bi -LSTM
AR, Hoftx REAR AR A 1 5 45 5 CBLAG #57
MR S R g 2, 2 2 Pl LA H
BRI CNN X R rh 2 W i B 22 19 BILSTM
WY LSTM , HePE BE L = T°/5 4 ; CNN+BIiLSTM 1

N

=
B IE] o

(14)

=]
>E
Py

HE

I



198 oo ®m M5 M OH

16 %

&2 CNN + BiLSTM HIBEZEIEMN S Lk

Table 2 Evaluation and comparison of the effectiveness of CNN +

BiLSTM %
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CNN 93.1 90. 1 93.2 93.1
LSTM 94.3 90.3 94.3 93.9
BiLSTM 95.5 91.9 95.3 95.1
CNN+LSTM 95.9 96. 1 95.6 97.3
CNN+BIiLSTM 97.1 97.2 97.1 98.1
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Fig. 6 Precision and loss curves of model training
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