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Fault diagnosis of wind turbines gearbox bearings

based on information fusion

LU Jiong, ZHU Caichao, WANG Yili
(State Key Laboratory of Mechanical Transmission , Chongging University, Chongging 400044, P. R. China)

Abstract: A fault diagnosis method for wind turbines gearbox bearings was proposed based on information
fusion combining BP neural network and D-S evidence theory. Firstly, based on big data, the fault
characteristics of vibration, temperature, current, torque and rotating speed signals related to the faults of
wind turbines gearbox bearings in SCADA system were explored. Then, the fault feature quantity of each
signal was used as the input of the neural network, and the outputs of the neural network were normalized
as the Basic Probability Assignment (BPA value) of D-S evidence theory. In order to solve the conflict
between evidences, a weighted-based improvement method was used to improve the evidence. Finally, the
combination rules were used to fuse the improved evidences to obtain final diagnosis results. The study was
based on actual operating data of a 2 MW wind turbine in a wind farm, and the results show that as the

dimension of the fusion signal increases, the accuracy of the final diagnosis will gradually increase. The
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reliability of fusing multi-dimensional signals is significantly higher than that of single signals.
Keywords: information fusion; BP neural network; improved D-S evidence theory; wind turbines gearbox

bearings; fault diagnosis
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Fig. 1 BP neural network topology diagram
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Fig. 2 Fault diagnosis technical scheme based on BP neural network and improved D-S evidence theory
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Fig. 5 Curves of the training error of 5 neural networks
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Table 2 Outputs of 5 neural networks

W 2% (f5 5 ) P2 Bt 45 R v (A ) WEE
1AM GRIES) 0.203 5 0.894 5 0.001 5 0.355 0 0.010 0
B2 AWM GRERS) 0.170 5 0.809 7 0.089 5 0.006 9 0.152 4
%3 A M (LA S 0.192 8 0.798 1 0.118 4 0.021 5 0.108 3
54 AW GRARES) 0.042 3 0.842 7 0.168 5 0.159 5 0.126 3
55 A M2 (R A5 5D 0.015 0 0.814 2 0.142 5 0.189 9 0.114 9
A D A5 H—Fb 3R 2 1925 K45 545 5 0EHE 19 BPA fHa03% 3 iR,
®3 BEIEBOERBESEME (SUER)
Table 3 Basic probability assignment of each evidence (before improvement)

i 4 Sh IR F, Py P R BRI EE, EHF, A EF 5
Wsh m, 0.139 0 0.610 8 0.001 0 0.242 4 0.006 8
T m 0.138 7 0.658 8 0.072 8 0.005 6 0.124 1
HL I s 0.155 6 0.644 1 0.095 6 0.017 4 0.087 3
A m, 0.031 6 0.629 2 0.125 8 0.119 1 0.094 3
534 m s 0.011 8 0.637 8 0.111 6 0.148 8 0.090 0
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Table 4 Basic probability assignment of each evidence (after improvement)

E 4 SRR F A P R WHNIRPEF, EHF, AW EF 5
sl m, 0.025 52 0.112 14 0.000 18 0.044 50 0.001 25
M m, 0.029 64 0.140 79 0.015 56 0.001 20 0.045 75
LU 25 0.030 73 0.127 21 0.018 88 0.003 44 0.017 24
AR m 0.006 30 0.125 40 0.025 07 0.023 74 0.018 79
el m; 0.002 43 0.131 32 0.022 98 0.030 64 0.018 53
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Table 5 BPA value for each failure mode (fusing any two pieces of evidence)

UE A SR B A R R WENR I EE, EHF, A EF 5
myBm, 0.083 8 0.886 3 0.027 8 0.002 1 0.000 0
my Dm 0.094 7 0.862 9 0.035 9 0.006 5 0.000 0
m,Dm 0.040 7 0.873 9 0.044 1 0.041 4 0.000 0
m, Dm; 0.034 5 0.877 9 0.037 8 0.049 9 0.000 0
my@Dm 0.052 6 0.928 7 0.018 5 0.000 2 0.000 0
my@m 0.039 3 0.924 9 0.034 5 0.001 2 0.000 0
m;Dms 0.039 6 0.924 2 0.034 7 0.001 5 0.000 0
ms@®m, 0.044 1 0.905 1 0.047 0 0.003 8 0.000 0
my@Dm 0.044 0 0.904 6 0.046 9 0.004 5 0.000 0

m,Dm; 0.010 1 0.890 4 0.071 8 0.027 6 0.000 0
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Table 6 BPA value for each failure mode (fusing any three pieces of evidence)

UE ¥ MR E, R F BRI EE, EHF, AW EF 5
m,@Dm, Dm, 0.024 5 0.970 0 0.005 5 0.000 1 0.000 0
my Pm, Pm, 0.018 5 0.970 8 0.010 3 0.000 4 0.000 0O
m,@m, Dm; 0.018 7 0.970 4 0.010 4 0.000 4 0.000 0
m,@m;Dm, 0.011 2 0.982 3 0.006 4 0.000 0 0.000 0
my@m s Dm s 0.011 4 0.982 1 0.006 5 0.000 0 0.000 0
ms@Pm, Pm; 0.009 7 0.972 3 0.017 2 0.000 8 0.000 0
my PmsDm, 0.021 6 0.963 1 0.014 2 0.001 1 0.000 0
m,@Dm s Dm s 0.021 6 0.962 8 0.014 2 0.001 4 0.000 0
my @m, Dm; 0.009 5 0.960 6 0.021 6 0.008 3 0.000 0
my;@m,Dm; 0.008 5 0.979 0 0.012 3 0.000 2 0.000 0

B O AR 4 2001 5 ZRESE Rl S 13 B 5 RN 7 Fis .

K7 BHMEEXN BPAE(BRESEE 4 £S5 £iIEE)

Table 7 BPA value for each failure mode (fusing any four pieces and five pieces of evidence)

TiE 4 MR E P R B Rk R, EHF, ANHEF
my®msDm;Om, 0.005 1 0.993 1 0.001 9 0.000 0 0.000 0
my@m;Dm, Dm; 0.005 1 0.993 0 0.001 9 0.000 0 0.000 0
m @m, Dm, Dm; 0.003 9 0.992 5 0.003 5 0.000 1 0.000 0
my @m; Dm, Dm; 0.004 5 0.990 2 0.005 0 0.000 2 0.000 0
m:Dm; Dm, Om; 0.002 3 0.995 5 0.002 1 0.000 0 0.000 0

m, Em, Dm; Dm, Dm; 0.001 0 0.998 3 0.000 6 0.000 0 0.000 0

M & 3~7 G5 R T LUE 1 D AU BP B2 W 4% — Fp o 1512 W & A= il 7 D3 P80 B 1) E SR 4% 20 1 5 02
61.08 % , ik B 55 /& 65.88%0 . R ILAG 502 64.41 %0 F M (5 502 62.92 %, 5 5 5 )& 63.78% . tH T'EA1112 Wi
HERR R /N T 7000 AN L B 2K 4 TR 2 W85 SRR A 25 M, tah  HACIR ZS 9 AR 850K andig
5 S 2 W RIAN IEH RS RB R T 24.24 % MBI ELFE IR E] T 13.90 %% iR EF S 2 W A 2 R &
MIRERIR RN T 12.41% . ¥ H P AT 2 FE 5 R D-S UE 4 B 847 @l A i 09 o 56 % 4k 2h & TR E 2
88.63% . PR3l & HLIIE 86.29%  PREh & FEAEJE 87.39%  PREh & FL MR 87.79% . IRIE & HLE 92.87% .,
T & PR 02.49 %0 R IE & BRER 92,4200 BT & FEARJE 90.51 %, LI & FE R 90.46 %0, B0 & §%
I 89.04 % .2 F 5 Bl A v B 556 LUAT 28— Fh (5 5 00 v B S5 0 S A B2 8 L 0 S i v 9 J TR R AR
Rl A 25 5 I8 B T 92.87 %0, e Ah , Ho AR 2 14 A 238 B 0 BRAIS 0 HOR R 2 RS MR B Sy 0. 3) K Hrp AT
B3 FME S AT RS LA RN ER 6 FTUR IZ W HERR R ARG 2 R Sk — 2D B AR S A A R i —
A REA TR 50 B e T2 UL LI R R Rl 5 AR B T 98.23%0 . OB LR A4 BE S TR G .
HEZERNZR 7 FrR 2 W M HERR ARG 3 R 5 5 I — 20 38 i FLAROIR 2 A A 3 i — 20 AR, v 1 o e = 1Y
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R R A A RA R T 99.55% . WE . 5 M S TR A . B Wi HER R kB T
99.83 % , HA R S I HERILT-H 0,

F b A S S 2 A R e BSCHE b B ATL A IR . ELRE S R 1 000 ZH Il 5040 i A 1312 s 80 rp 45 31 1Y
25 T AR A AR R 0 8 3, i DL RE % U W1 12 XU R ATL 20 D47 6 A7 S ARl 12 W A5 2 1) T it

4 & &

S BT KRB AR 28 A SCADA RS 28 & 945 18 FF BP #4845 Ak ik 1 D-S UE 4 B8 4
S5 0 T IRCE AL 147 0 A8 il R B2 TR, R 5 3k R B D SR B RN K BP R I 4% 1 A A S SR A 3 1Y
BTN i DR T UE R B A 1 S5 AR AR 3R U (P R SO 174 ] S, 3 3 e 4 SRR il DR T A IR R =2 ] A o 58 )
T Ji 8 1 X R 2 MW R LA S Bz 17 55080 09 52 61 40 45 LR LA 4538

D F o — {55 B0 HUR F BP M2 W 45 Rl 12 Wi 4 S AN B AR 58 10 2 25 1 % 0 5% 0T 15 1 % 53 501 O
PRENEE 61.08% , IR (S5 65.88% . LI S5 64.41% . G M {55 62.92% , W i {55 63.78 % . i HL4K #5 AH
RIS W P S E W T A5 2 W 45 3L DR B R ] BP A 28 I 2% 12 I 10 80 R AN B AR,

2) 38 R Forp 2 B 3 Bl 4 BN S B ES BEHEAT — KA A SRR I BPA {H R E — 20 4R e At i
(9 BPA (B E — 25 B AIG 112 W 205 S0 S0 o 0, e 20 S B 1 % Wl AL AL 145 6 6 il R 00 6 1) o 19 12 Y il 15 22
ES S W R R B B TR — (5 S i WA 45 SR L O BB R A IS T R ) AT SR

DA 2 FE S HE R R S AL G R IRE B RES  B B T 92.87% @l A 3 i E TR i 4l
BORETREE R A E T 98.23 %0 Bl 4 PSSR R R E A S IR B VML kR T
99.55% , 4% 5 Bl fE 5 2Bl & i HETE IR B T 99.83% .
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