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Input feature selection method for wind turbine fault diagnosis
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Abstract: In order to solve the problems of high error and low classification accuracy in the fault diagnosis process
of wind turbines caused by the high dimension, feature redundancy and feature correlation of wind turbine
supervisory control and data acquisition (SCADA\) data, a three-stage feature selection method based on LightGBM-
VIF-MIC-SFS is proposed. Firstly, based on the importance calculation of all features implemented by LightGBM,
a preliminary feature space is determined. Secondly, a correlation discriminant matrix is constructed based on the
variance inflation factor (VIF) and maximum information coefficient (MIC) to evaluate features with similar
importance in a single screening, and discard input features with high similarity. Finally, the sequential forward
search method is used to process the features for the third time, input the features obtained from the previous two
feature selection one by one, and retain the features that can improve the system performance, so as to achieve the
final feature selection. After the establishment of the model, the real SCADA data of the wind farm is used for
performance evaluation, and the proposed algorithm is compared with the two comparison algorithms on six data
sets. The results show that LightGBM-VIF-MIC-SFS has significant advantages over the two comparison feature
selection algorithms. A ablation experiment was conducted on the three modules within the proposed algorithm,
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effectively verifying the effectiveness of each module within the proposed feature selection method and the
rationality and accuracy of the optimal feature space obtained based on the proposed method.
Key words: wind turbine; feature selection; LightGBM; variance inflation factor; maximum information

coefficient; sequence forward search
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Fig.1 Process of LightGBM-VIF-MIC-SFS feature selection model
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Fig.3 Feature importance by 10 times calculation
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Fig.4 Feature importance by 30 times calculation
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Fig.5 Feature importance by 50 times calculation
to find the mean
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Fig.7 Features number within the different importance
intervals of pitch system faults
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7 (root mean square error, ormse) FFAE4E% 4
8% (dimensionality reduction, dpr) 1 NPT TERR.
HHEARWT:

Ormse :\/%;(yi - f(x )’ 3
8o =1—Ng. /N . (4)
e m OREAREG v AREARESHE (ISR
AIE 3% 8 1 456 FH IORE A B A e R R I B 2R 2, X
AME BRI REAR R ELSEAED s f(a) A8 k43 /5 1)
FRIEBE AL, B R I2 iR (XGBoost [A] 45
) FEAT TR 2 I S B TR St T WA 14 ) 5 18 o Nise N
EPEIRFESG Nae ARFIE 5L
# 3. K4 K54H 6 MUELEL LightGBM-
VIF- MIC-SFS 5 HARBIELE 7 RUERI 2 RRIE4E4L
AREFBATIN A BRI Es R 20t i
iR IR ESS BRI TTEENE, B> XGBoost 1411
WZR5 IR, HL5 IRG R B FIENE R A L R .
B, MR 3 T RRZE A R AT UK,
LightGBM-VIF-MIC-SFS 7£ 6 M 4dE 5 I 73 S
R WA R E. Fik, ATLLACH LightGBM-VIF-
MIC-SFS FFEIE 5 77 VA A1E 2 4R 48 AR R Ak e 4% 40
RER EHERUF R
MR 4 P PRRAE 4E B0 48 D R AT DL I
LightGBM-VIF-MIC-SFS 7F 5 4™ #4445 )ik
RIK B, EARRIEEIEREE S LT Rl
RRIE IR J7VE GSA, BAEIZEHE4E 5 LRI T RR
ZAKT GSA FHIEE Tk, I HA S, i —
TR I, AE A o BORD v 4 A 4R
LightGBM-VIF-MIC-SFS F L4577 72 7] LATE4ERF
B R AE S B A DR M R, SRAF /NI T AR
W2 IXFHRUERA T A SCH AT ) LightGBM- VIF-
MIC-SFS 7 X\ H AL 4 AH 5G i B 12 Wi R ik a2k 43¢ 1]
77 T AT B o
MEER 5 FRPSATR, AT RURILASSCATRE
LightGBM-VIF-MIC-SFS FHEIEF A e . s
R AR BAE R IR S T AR 2 P,
HAEERENRS, BAREFHPuEN.

&R 3I3MEXAEMHRIREAEAIN LL
Tab.3 Comparison of the three algorithms in drmse

K g LightGBM-VIF-MIC-SFS GSA ALO
1 0.188 0.195 0.359
2 0.334 0.338 0.346
3 0.188 0.326 0.350
4 0.332 0.377 0.361
5 0.295 0.422 0.341
6 0.579 0.786 0.615

RAITHE R ABTHNBEREAENXL Bh: %
Tab.4 Comparison of the three algorithms in DR

P LightGBM-VIF-MIC-SFS GSA ALO
1 94.68 67.82 57.57
2 95.65 79.07 52.32
3 92.98 77.55 59.18
4 87.72 82.35 56.86
5 80.00 95.00 44.99
6 83.33 83.33 51.83

% 53 MIEEEEITIHKCA AT b Bfr: s
Tab.5 Comparison of the three algorithms in operation time

g LightGBM-VIF-MIC-SFS GSA ALO
1 8.124 37.991 55.726
2 5.156 20.327 42.491
3 4.124 21.129 24.917
4 2.564 8.873 19.661
5 4.756 11.742 9.223
6 2.872 8.504 5.183

3.3 ZRASHHERMAEHMEK B RER DT

NI = B sURFIE 1 3607 15 & AN B Bovd
BRI PR IBCRI B ZE (1 A7 AT ik, X7 1K
L2 1A S0 A S it AT T RS Dyt X
BRI R A A BEAT PR REXS B S, AR
FP5 . ARRELRAERFELE R AR R . #4907 MR ZEAN
IBATIN TA] B EE LR 6.

&6 ZIEBIMEREXTLL
Tab.6 Comparison of the models performances

T tiRey FRAC4ER BT iBAT

(F5: 450 AEIHR 1% wE fit [El/s
1:LightGBM 59.55 0.216 0.539
2:LightGBM-VIF-MIC 92.55 0.197 4.450
3:LightGBM-SFS 88.65 0.188 8.539
4:LightGBM-VIF-MIC-SFS 94.68 0.188 8.124
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MELIZATI [ AT LUR I, A 4 7EREAY 3 )2
fitlh b3 7 AR AH DS REE LR VIF-MIC #5
B, (HIBAT IR AR T o DR E SR R A«
= BRI ET 2 MR (LightGBM b, VIF-MIC
B AT HIZWEE, (URIER S R
BHATHRRAE LR, IZRmT (R &M 0 H s = Bk )
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T, MR 4 S Y 3, URHAREAY 3 19345 R (7 7E
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T BRI WA Y I ZRIFT I ]

RSz 45 BE W], LightGBM-VIF-MIC-SFS
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IR (1 (A I B PRARAF A I S 7 R R 22, FRCIE B
TR IR 7V LR o
34 KX A EEREFIPRIN A

RPN gl it 2 Z AR R AR i, MR
GEEE 2 5] B S o R R ER R . TR 2Rl 2
o, B2 5 Bl R BRI ST B AR SEAE, JF
S AT A GRS A . X — R S AR H
IRFAEE B, DRI 38 5 17 0L S VR 2 o FH O A
B AN T BEAE LAY F AT BN R e £, v]
DAN FH R UG 0E B 84T 25 SR, dn S5 4L
W EA RETCRBEFRAE, W] DL RAIE LR DA
P AR RN UHERA M

XA SCHRE HH (1 R A0 3 0 A 28 7 IR 2 o) At
RTTTR SR PE, JET X7 1 X HLZH 6 5 A e
IR, R AR ) 25 AR 28 I 485 o A Y
BT M. 30 3 N SREG A

FRm 1. BRGNSy HAHA

S 2. N = B U E G A A0 R
ITHERE, SEBCERIRRE N 28 A R E e A A 2

=B UPFIRTFEZD iz B,

F¥een 3. N =B URHEEFRAET 2 Bo
FAEBEATIR S, REIER R R B BRI
U2 DX 2%

MRS RIS, MR ISR 5 K,
W5 RER NPT IMEIE IR EER, WR 7, H
IBATINTR] LN ASSCHR AR R B, 38 AT IR TR) 2 O
Ry . B8 1 R R GG 94 HFMiEEk
TEAAT NG G P AR, B 2 9 =Bt
URECE PR RN 28 3 BUFP A1 Al 148 R ) A B2 I
B B MO BRI N 2% (AR IS 4T I 1] 2 9
PG B 22 28 BEAT P 51 i 048 2R AR 8], 57 3
Sl = BURIE R SR R A 3 BUBHAT R LI %,
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Tab.7 Comparison of the models in accuracy
and operation time

FARRA A b2 IS P N =% il I = S
(F5:47) KI% [als  [H2/s  KEl/s
LA TR X 25 91.05 0 8.726 8.726
2:LightGBM-VIF- MIC-SFS 93.04 1907 22650 24557
3:LightGBM-VIF- MIC-35F
A% 9257 1999  5.429 7.428
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