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Fig.1 Dynamic Time Warping Algorithm Illustration
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Table 1 The description of labels
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Table 2 The description of features

I 5 Y HR TPCHiR
1304 Tower deflection W& B
1306 Reactive power TR
1307 Voltage A-N DA A A HHE
1313 Generator speed(CCU) K E LA
1315 Blade 1 actual value A IR=E dip 4y
1316 Wind speed ABES
1317 Nacelle position MLAR L0 B (i f )
1328 n-set 2 e 2 BOEME
1334 Temp. generator 1 KPR 1
1336 Temp. bearing A Ak A IR
1337 Temp. bearing B AR B IR
1338 Temp. gearbox VA
1339 Temp. Ambient 28Rl 01
1342 Temp. gear box bearing A WHCARHHR A IR
1343 Temp. shaft bearing FHRREE
1344 TSR HAR3E L
1346 Tower acceleration B& By B
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Fig.3 Correlation heatmap of wind turbine components and monitoring parameters

22 k@i

ARSCR AT thdk: 1% 6:2:2 i LD R S 2>
RS AR AL B e S A7 1 20
AR IRV, B ANl DA BT VR A 1 A
RER AR | ) P R 5 5 A B R EOR
(Synthetic  Minority Over —sampling Technique,
SMOTE ) %5 7512 , 1 T 52 96 Kl ffa A A1 £ L o1 ot
R, T BLRER AR 2 B3 KARAEAS , 1M SMOTE J73%
RICor IR PSRRI, HoRHBENLZ A
{6, TOREAR S k EDEFEAHIE A 44k
5H HACSERNE, 7e s 18]y 90 8l e siieze,
ARSCR A B RAETT AN SRS S BIRAE 2
AR i T R AR IRt K, S80I R
JERAG: | PRI S SRAE R A BEA T REALRAERAE | il
(GO R I NANSIY Gl 5 S NANY

[F], P as /i n gk 3 s,
*3 AEHBEERZESHIER

Table 3 The distribution of labels in different datasets

WSS BUAIIGE  CPERIZRE SR AR
0 401239 57 550 50235 50344
1 41 099 57 415 5013 5072
2 24 805 57242 3191 3053
3 8358 57 623 1097 976
4 8010 56 855 1014 1015
5 14 604 57 306 1777 1779
6 806 57 063 103 109
7 189 57 355 14 28
8 16 729 57430 2035 2105

SEa i, AR SR 28 SR 5 2R (Cross
Entropy Loss, CEL)/E A1 pR%L, 8 [ Adam 11
AR T SR AL B B S R0 B L3R4
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Table 4 Model hyperparameters

HEIK /N (Batch Size) 4096
Y255 (Epoch) 30
PR 0.01
FEA P IR 60
RIIT K B 144
ChebGCN 4 3
ChebGCN 7 15 4k fE 8
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Fig.4 Analysis of kernel size effects on macro—-F1 scores

in ChebGCN
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Fig.5 Effect of node feature dimensions on ChebGCN
performance
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AR SCHE S ORI UEA T b 5 R0k 5 BT, W
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ChebGCN-GRU M ER 3 4& 5 T 0.58% , macro—
F1 {HIEE T 4.06% ,G-Mean #2755 T 0.87%, &
BRAERFECT 0.32%, BRIRERIEILT0.59%,
SEEGEE TR, KR LA I A H A AR RO LR
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T B R OC R
%5 RAREZSEEREREL &R

Table 5 Fault diagnosis results using different spatial

modules %
e macro— (;— macro— macro—
TR Acce
F1 Mean FAR  MAR
GRU 9541 77.07 95.15 2.63 1.88
CNN1D-GRU 98.75 90.72 98.34 0.70 1.00
CNN-GRU 98.54 86.93 98.05 0.81 1.18

ChebGCN-GRU 99.33 9478 99.21 038 041

AR, o T 563E GRU $2BUXHL HLAL 12 4T 5
I [ 45 0F B0 A R L A SC R Y A R
ChebGCN, ChebGCN-LSTM #EA7%F Fb 45 5 UN5E 6
Jiis o 3R 6 FTLAE AL T ChebGCN, /0 T
LSTM 5% GRU WA AR A RIEHE T s A T
ChebGCN-LSTM, ChebGCNGRU YR 242 5 T
0.60% ,macro-F1 HIRET 4.16% ,G—Mean B’
T 0.64%, IRKPRIELT 0.34%, Tk R T
0.30%., SCHRZERFRI BN T B PRI (LSTM 5%,
GRU)J& , B B2 Wi 245 1A H i B 3 7, e i
JHLHLZE SCADA B4 25 5 (0 I 4R Ak Rl e
BHAEEE Y,

%6 R FBRE R RS W 4 R Xt b

Table 6 Fault diagnosis results using different

temporal modules %
macro— G_ macro— macro—
AR Acc
F1 Mean FAR MAR
ChebGCN 93.37 7140 9189 379 3.72

ChebGCN-LSTM 98.73  90.62 9857 0.72  0.71
ChebGCN-GRU 99.33 9478 9921 038 041
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Table 7 Fault diagnosis results of different models %

” macro— G-  macro— macro—
R Acc
F1 Mean FAR MAR
MVSTCNN 9348 67.74 8834 3.63 8.05

1Dmeta—ACON-DRN ~ 97.00 5440 44.34 0.70 58.72
3DSE-CNN-2DLSTM ~ 98.84 91.83 98.69 0.66  0.65
ChebGCN-GRU 99.33 9478 99.21 038 041
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fhFE bR R et , # HE T 3DSE-CNN-2DLSTMAR
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2.95% ,G-Mean #2755 T 0.52%, W BEiRAS R AL
T 0.28%, WA ZEFEAR T 0.24% , ASCTHEEL
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Fault diagnosis of wind turbines based on Chebshev Graph
Convolutions and Gated Recurrent Unit

Liu Hongpu'?, Yang Ming', Dong Zhiyong®’, Tu Ning*, Zhang Ping'’
(1.Scholl of Artificial Intelligence, Hebei University of Technology, Tianjin 300401, China; 2.Hebei Provincial
Key Laboratory of Big Data Computing (Hebei University of Technology), Tianjin 300401, China; 3.Weichang
Manchu Mongolian Autonomous County Deyou New Energy Technology Co.,Ltd., Chengde 068450, China;
4.Hebei Shengde Infrastructure Building Development Co.,Ltd., Chengde 067000, China; 5.State Key Laboratory
of Reliability and Intelligence of Electrical Equipment(Hebei University of Technology), Tianjin 300401, China)

Abstract: Addressing the limitations of traditional feedforward neural networks and convolutional
neural networks in effectively extracting nonlinear spatial and temporal features from wind turbine
operational data,and the current wind turbine fault diagnosis methods that can only perform state
monitoring without effective fault localization,this paper proposes a wind turbine fault diagnosis
method based on Chebyshev Graph Convolutional Networks and Gated Recurrent Units. First,a
graph structure is constructed based on Dynamic Time Warping algorithm; second,Chebyshev
Graph Convolutional Networks are used to extract nonlinear spatial correlations from wind turbine
operational data; then,Gated Recurrent Units are employed to extract temporal features from the
operational data; finally,the wind turbine fault status and fault location are output through fully
connected layers and Softmax activation function. Experimental validation shows that this method
can not only diagnose potential faults in wind turbines but also effectively determine the specific
components where faults occur,achieving an accuracy of 99.33% ,with a low false alarm rate of
0.38% and a low missed detection rate of 0.41%.

Keywords: wind turbine; fault diagnosis; dynamic time warping; graph convolution network;

gated recurrent unit
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