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A Fault Diagnosis Method of Wind Turbine Gearbox based
on PCA and SVM

HUANG Yu-fei,SHI Xin-fa,HE Shi-zhong,ZHOU Na
( Guangzhou Mechanical Engineering Research Institute Co. Ltd. , Guangzhou, China,Post Code ;:510000)

Abstract: In order to solve many difficulties in the process of data analysis of wind turbine gearbox con-
dition monitoring,such as small sample size , mutual interference and nonlinearity difficult to classify be-
tween characteristic indexes, this paper proposed a fault diagnosis method of wind turbine gearbox based
on principal component analysis (PCA) and support vector machine( SVM). Firstly, PCA was used to re-
duce the dimension of the original data. The first and the second principal components were made in two
dimensional maps and the first three principal components were made in the three dimensional maps, indi-
cating that PCA had a certain classification effect on the monitoring condition data. Secondly, the first five
principal components with cumulative contribution rate of more than 80% were extracted as new data

sets. Finally, SVM was used to compare the diagnostic accuracy of four different kernel functions, and

s HER.2021 -10-21; {&iTHHF 2021 -12-15

EETH ) RARHGTHRITE (202081212070022 ) 3 HAUBELABFFE A B2 w1 45 % 55 (17300065 )

Fund-supported Project : Guangdong Provincial Science and Technology Project(2020B1212070022 ) ; Post-doctoral Program of Guangzhou Mechanical
Engineering Research Institute,Co,Ltd (17300065)

YEER N B TF(1992 - ), 2, T AR M T INBUBRL AR ST Be AT BR 2 W) TR ).

BHESE AP (1963 - ), 5B TLVEJLIL A, T N AR 2= 58 e A RS vl 28082 4 e 9 TR .



- 176 - W 3

2022 4F

then added noise to verify. The analysis results show that the overall classification accuracy of radial basic

function ( RBF) kernel function based on SVM is 97% , which is the highest. In the case of noise, the

classification accuracy of linear kernel function and RBF kernel function is 94% . Comparing with MLP

neural network ,it is shown that the SVM is more suitable for small sample size analysis and has higher

test accuracy. The example analysis shows that PCA combined with SVM has a better classification effect

and is suitable for engineering application of fault diagnosis of wind turbine gearbox.
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Tab. 1 The standardized analysis results of gear oil test item partial data
o KT %
meE BEEE/ BRAH/ K43/ NAS PQ
B ) Fe/ Si/ Ca/ Zn/ P/
% mm? -s7! mgKOH -+ g~! mg - kg ! B3 BHL
mg-ke! mg-kg! mg-kg! mg-kg! mg-kg!
1 0.225 0.286 -1.027 -1.107 -0.363 -0.955 -1.523 0.530 0.072 -0.224
1 0.269 -0.713 -0.757 -0.553 -0.363 —-1.045 -1.523 0.334 0.072 -0.099
1 0.030 -0.713 -0.892 0.000 -0.363 -0.866 -1.523 0.041 0.018 0.238
2 0.218 0.661 -1.113 0.553 -0.363 0.295 0.611 -0.740 -0.306 -0.295
2 0. 146 -0.089 -0.095 0.553 -0.363 0.652 0.611 -0.544 -0.306 -0.330
2 0.374 -0.338 0.298 1.107 -0.363 0.474 0.611 0.041 -0.144 -0.295
3 0.244 -1.088 -0.647 0.553 -0.276 0.384 0.611 -1.521 -0.144 3.224
3 -0.325 -0.089 -0.843 1. 660 1.091 0.742 1.679 -0.642 0.072 —-0.455
3 -0.173 -0.213 -0.451 -1.107 0.736 1.367 0.611 -0.349 -0.144 -0.099
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Tab. 2 Principal component analysis results of gear oil test item

HEAIE 161t it
W — — —————— s A

WERS B2 EMS B3 WS B IR B TS k%
BB EE/mm? - s 7! -0.522 0.005 0.034 -0.068 0.095 1 2.954 29.539
2 (H/mgKOH - g" 0.050 0.026 0.839 -0.221 -0.266 2 2.410 53.638
K5/ mg + kg ™! 0.201 -0.269 0.360 0. 191 0.735 3 1.086 64.499
NAS 2545 0.167 0.395 -0.054 -0.117 0.522 4 0.948 73.983
PQ 5% 0.015 0.312 0.204 0.766 -0.222 5 0.783 81. 808
Fe/mg - kg™! 0.118 0.541 0.089 -0.070 0.071 6 0.600 87.812
Si/mg - kg’l 0.154 0.543 -0.105 0.004 -0.014 7 0.555 93.362
Ca/mg - kg" 0.392 -0.261 -0.142 0.321 -0.091 8 0.331 96. 668
Zn/mg + kg~! 0.543 -0.132 -0.039 0.022 -0.130 9 0.236 99.028
P/mg - kg ™! 0.413 0.028 -0.020 -0.450 -0.167 10 0.097 100. 000

x3 ARBENIBMAIMBFEERS B[R
Tab. 3 The principal component score table of

gear oil test item partial data

e 1 E S H2E E3E H4E 5 E
g RS %y %) L%y L%y
1 -0.694 -1.762 -0.135  -0.091 -1.374
1 -0.655 -1.636 -0.887  0.001 -0.626
1 -0.449  -1.193  -0.921  -0.333 -0.469
2 -0.667  1.141 0.142  -0.846  -0.435
2 -0.357  0.988 -0.118  -0.427 0.520
2 -0.006  0.825 -0.315  -0.189 1.092
3 0.572 1.326  -1.096  -2.141 -0.174
3 0.235 2.677 -0.270  0.477 0.152
3 -0.185  1.085 -0.022  0.502 -0.875
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Tab.4 SVM classification accuracy list for

three types of monitoring status

AL/ P
SVM 271
BOYKEE IEW WSk BRGSO EER
LM% PRI B 95 100 96 89
RBF #% pR %k 97 100 9 94
25 A% PR B 95 100 96 89
sigmoid 1% PREL 75 89 59 78
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Tab.5 SVM classification accuracy list for three

types of monitoring status after adding noise

THENERE P
SVM 271
RAKKEE ¥ mRs RESEER
LR PR AL 94 93 94 94
RBF #% PR %k 94 100 94 88
2 I A% R 92 93 94 88
sigmoid 1% PREL 71 86 100 29
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Tab. 6 Comparison of classification results
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