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AR L B O B RS WS N . oG, B hy I A 3% (Gramian angular field, GAF) AT {5 AL Y — 4k kg fr il
%1% (Gramian angular summation field, GASF)F1#% 43 % f1 /3 #%(Gramian angular difference field, GADF) 1%, i#kiiF|
FHA 5 55 2 1 K (visual saliency map, VSM)5 AU /N — 3 {1k (weighted least squares optimization, WLSO)ZHi2: %}
FREGTRVE, ERREE RSN SR VSM-WLSO fié EIE, ik T R—IAE R BT A& BRI i)
M. HK, WET BEIRAY KRGS EE JHLH ) HDC-CBAM-ResNet34 73 1, %4578 DL ResNet34 3k
., SINIBEAY 5KE (hybrid dilation convolution, HDC)H K/ SZBF I 2 REENSE, 4548 E-2 AR A1l
fill(channel-space attention mechanism, CBAM)EHIGTRSCHRHENS S, S 7 XA A el fe 282y . AR BRI
BREREIRA . &5, BIHERSE S S0 R iR b, Xz oCHE B rAR R RE AT IR AT B AT . SESG
SRR, ZSCHTIR A IEIE MR A MR B WORFERE 2K RaR I &, HUUNHER 2. Fi Z5057E 96%
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Large Power Transformer Winding Fault Diagnosis Method Based on Gramian Angular Field
Image Fusion and Deep Learning Algorithms

GUO Lei!, WANG Hongbo!, FU Anzhi!, LU Zhuowen', QIAN Guochao?, WANG Dongyang!
(1. School of Electrical Engineering, Southwest Jiaotong University, Chengdu 610097, China;
2. Electric Power Research Institute, Yunnan Power Grid Co., Ltd., Kunming 650106, China)

Abstract: Winding fault detection is crucial to ensure the safe and reliable operation of transformers. In order to break
through the limitations of the traditional frequency response information characterization and to improve the fault diagno-
sis accuracy, this paper proposes an image fusion framework based on GAF-VSM-WLSO and combined with a novel
HDC-CBAM-ResNet34 classification model to realize the accurate diagnosis of transformer winding faults. First, the
frequency response information is transformed into two-dimensional GASF and GADF images by Gram angle field, and
then the two types of images are fused using visual saliency map with weighted least squares optimization algorithm to
generate VSM-WLSO fused images that retain global structure and local details, which solves the problem of low redun-
dancy in the representation of a single feature. Second, the HDC-CBAM-ResNet34 classification model fusing hybrid
dilation convolution and attention mechanism is constructed, which takes ResNet34 as the benchmark, introduces hybrid
dilation convolution (HDC) so as to expand the receptive field for capturing multi-scale features, and incorporates a con-
volutional block attention mechanism (CBAM) module to enhance key feature information. Consequently, high-accuracy
recognition of the type, degree, and location of transformer winding faults is achieved. Finally, the performance of the
model proposed in this paper is verified and comparatively analyzed through ablation experiments and comparisons with
current mainstream models. The experiment results show that the method proposed in this paper performs well in the
classification of fault type, fault location, and fault degree, and its recognition accuracy and F1 parameter are above 96%.

Key words: frequency response analysis; transformer; image fusion; winding fault; deep learning
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Fig.2 Fault simulation
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Fig.7 History graph of hyperparameter optimization

®3 BB AR

Table 3 Image fusion metrics

WA ERR  VSM-WLSO VSM IFCNN GFCE
SSIM 0.854 4 0.7296 0.689 1 0.624 3
EPI 0.8290 0.606 3 0.736 9 0.609 7
MI 13785 1305 5 1.383 8 13878
SF 13.707 2 12.703 7 11.151 6 9.949 3

T

K8 HEEYIKEMN

Fig.8 Hybrid expansion convolution
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Fig.9 Structure of HDC-CBAM-ResNet34 model
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o 60 160 160 160 A B 95.19 95.21
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bR F-CBAM-HDC M 88.46 88.41
2 4% 1 O Ry b fy B3 e - = A B 95.19 95.18
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N — LA (27 o

CBAM -HDC [PJXJ bESEES, bbb Rangk 5 Frox. WL E 98.08 98.08

R 5 25T, B8 o5 1) b o 5 A7 -
HDC-CBAM I, =AF55 T HIHERZEIC T A0
FBR LN . FREET, FrEGnT B 2T
—URHIESR L, X 0] RE e Bk — L R s A\ H (1 41
F{ER, 1M HDC BiRGEZ REMEE, Wi
ANMHHEE O 20— AR SR 38", H4
HDC ] RETCIZ2: 78 7 K AFH 2 R RHIESE R g
% CBAM MRETEN, =AF% PR IRES
H-HDC-CBAM 25 i it — 0 B K, X 72 K 4%
CBAM &R, &R iERERE, S RE
GRER, HHERIMAE RS2 CBAM
7 126 J BRFAE DB, IR 4% R B o
4.2 RIS IEXTEE

RN T IRUEASCHTR K GAF 4t 7 A1 5
BIE AR R FEE S B, A
TLEAR R FREE N AT T 3T A R A0 R H(Markov
transition field, MIT). % % /)5 I %% # (continuous
wavelet transform, CWT) . %5 I {4 B i 48
(short-time Fourier transform, SFTF)Zm#g /7 v (1%
SEEG, XFHEs Rk 6 k.

H# 6 INZE ] A1: GAF Yl J515AE AR R 2SR e i
BN FREE R AT BRGNS A R R R
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Table 6 Comparison of coding methods

Y 75V 1% HERR /% Fi/%
[ e 98.08 98.11

GAF PR 96.15 96.15
A B 98.08 98.08

[ e 97.12 97.16

MIT PR 92.31 92.37
A B 93.27 93.22

[rEs] 92.50 9291

CWT PR 94.23 94.28
A B 95.19 95.22

[t 92.31 92.35

STFT [ 94.23 94.11
[V DAL 96.15 96.13

RT REEETEXLE

Table 7 Comparison before and after fusion

VSM+WLSO GADF GASF
et 1% e Fvo HERR Py HEE FY
Y% % Y% % % %

HDC-CBAM WAL 98.08 98.11  90.38 9044 9327 92.89
ResNet34 AR 96.15 96.15 89.42 89.29 9231 9221
CsINE!

WA E 98.08  98.08 9231 9238 95.19 95.12

M2 7 45 1 A48, T VSM+WLSO fit 4 5 K
GAETRE ST, SRR . MO B AR Fy
SR ERT R —EG. B, MRS,
Rl J5 EME HER R ) IR T 7.7%80 4.81%; 15 =
TR AL B 2R, G e BRI 2R3 Tt
2.89%LA .

44 HAFFEXTEE

N TR TR BT IEAE AR R AR R 2R 2
FE S E AR, A SCAEAHFRIIRE T T T
3T ResNet34. HDC-ResNet34. CBAM-ResNet34
R (P TE AR SEEG, R 3 TR FIA ST HE )
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Table 8 Comparison of different models
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