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Optimized hierarchical diagnostic approach for wind turbine gearbox

He Yigang ILu Li Ruan Yi Yuan Weibo

(School of Electrical Engineering and Automation, Hefei University of Technology, Hefei 230009, China)

Abstract: Fault diagnosis for gearbox of wind turbine plays an important role in the normal operation of WT. Current studies commonly
focus on diagnosis of fault types, nevertheless, in addition to identifying the fault type, the severity of the fault is also instructive for
maintenance and repair for wind turbine. Thus, a novel optimized stacked diagnosis structure (OSDS) is proposed for identification of
fault type and severity. Compressed sensing is adopted to implement compressed sampling of original vibration signals. Then,
compressed samples are input into first and second layer deep belief networks ( DBNs) for identification of fault type and severity,
separately. In addition, every single DBN in the OSDS is optimized with chaotic quantum particle swarm optimization ( CQPSO)
algorithm. Comparison experiments based on bench mark gearbox fault data and working planetary gearbox show that the fault type
diagnosis accuracy of this method reaches 99.24% and 97.21%, while the fault severity accuracy reaches 99.06%. Meanwhile, the
testing times are only 1. 493 and 2. 176 s.
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Fig.2  Optimization flowchart of CQPSO
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Fig.3  Fault diagnosis flowchart of OSDS
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Table 1 Fault details of benchmark gearbox
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(CR=70%)
Fiy fa / 3 600/1 080
Fi, Bt / 3 600/1 080
Fiy WL / 3 600/1 080
Fi, F& / 3 600/1 080
Fts A Fs\/Fs,/Fsy/Fs,/Fss 3 600/1 080

5 PSR e 2 R A 5 55 LA Fe, (Ft, (Fty (Ft, F Fig
AR, 5 FlAS RSB ™ B AR B2 (A5 5 LA Fs, (Fs, \Fs, (Fs,
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Table 2 Fault details of planetary gearbox
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Fp, W i AH 2 000/600

A 2 PR RSN (S0 i R 2 B BEA T2 I, 4 FhAS [l il
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Fig. 6  Fault diagnosis accuracy and

testing time under different CRs
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Table 3 Optimized parameters of DBN,

e A v, ERIZET MW YIZRe
PLAESTE Bad sty 50k WEWR/ % W/ % /s
PSO  500-800-240 0.20 93.7 74.8 3249
QGA  850-691-683  0.29 96. 6 83.2 3722
QPSO  893-865-797  0.48 98.4 89. 1 3 403
CQPSO  984-827-859  0.41 99.3 95.7 3516

x4 F2EDBN1 LS
Table 4 Optimized parameters of DBN,1

WAL Ry g Dol W

e

WEWR/ % T/ % [6/s

PSO  400-630-200 0.34 87.3 63.6 2510
QGA  528-665-281  0.41 88.1 69.5 2 694
QPSO  613-746-373  0.55 91.6 74.7 2572
CQPSO  788-849-500  0.48 98.7 92.9 2 638
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FEREAH 22 R 2 ( backpropagation neural network, BPNN) | 150 .
SZFRITEHL(support vector machine, SVM) A& AR #H 4 W] 100 I

#% ( convolutional neural network , CNN) #J % .
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Table 5 First part fault diagnosis results comparison

DBN, £ DBN, ZWr 2%

LWk WX 8] /s

W% WEHEVIVS  F/%

BPNN 72.93 68.64/77. 02 8.38 5.051
SVM 79. 30 80. 26/85. 57 5.31 4.339
CNN 93.55 94.17/97. 92 3.75 2.214

AT 99. 24 99. 06/99. 70 0. 64 1.493
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MFE 5 T LIE H FERRI2 WS 5 v, AR SCHE R
A 4 FPOTIE R BUS T BRI, FEXT RS R AT
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0. 64% M IRARIZ WiiR 223K, AR (8] 77 18T, A8 S0 %
Jr T A6 D B B ) A e Y 1. 493 s,

YRt SR FE A D 72, B t-SNE 7 23531 A 1 R 26 1
JZ DBN, FI%5 2 )2 DBN2 R B FRAE A9 — 2 &%, s
SR Fy AR ™ M Fs 0K A AT R0 Ak g SR & 7
JiR.

WE 7(a) B, DBN, ARGFHLIX 53 T Ft, Ft,, -+ Ft;
55 FMES IRRIE, RIZEAUE S I RRIE R ISR AT,
B AT, AR ERE S B AE o A I L, R
BRI 7 (b) FTR, B LRI 9 7 KR T84
DBN, A DAAR 4f M XoF 4 i )™ EE M Fs, | Fs,, -+, Fsg #6417

k.

<kt

ST

" S50 3 3 X[v:l
F oo - T
-100}
~150 . . L . .
-100 =50 0 50 100 150
B4
(a) 251 FEDBN 3K th (1 R
(a) /'t feature extracted by DBN,
1501
+Is,
100F ‘ Fs,
i 50 ) ;\‘
= ) O Sy
g1’?—50- e
—100f
150 -100 -50 0 50 100 150

BRI
(b) SE2ZDBN, $RE H i /s 45 4iE
(b) F's feature extracted by DBN,

K7 FRAESRIRES IR 4 K&

Fig.7 2D image of feature extraction results
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Table 6 First part fault type testing

diagnosis confusion matrix

. LI
Ft, Ft, Fty Fi, Fis
Ft, 78 0 0 0 0
Ft, 1 76 0 0 1
PRI Fiy 0 0 76 1 1
Ft, 0 0 77 0
Fis 0 5 2 382

x7 F1EHoHEmEEENRNISERBER
Table 7 First part fault severity testing

diagnosis confusion matrix

o CH
Fs, Fs, Fs, Fs, Fss

Fs, 77 1 0 0 0

Fs, 0 77 1 0 0

SRR Fs, 0 71 0 0
Fs, 0 0 2 76 0

Fss 0 0 0 0 78

6 M7 S AN 1 RS WL 5 20 Yl
SEHG AR 1 YR S R e 7 R R 2 T s R TR
W, 3 6 nTLIE 16 78 Bl 5t b, Fr, 2854
PAEA R LB 4 B2 W IE 7, Fr, A5 1 132 Wikt | i
Fr, F1 Fr, WA 2 2 Wi, 100 7E 390 5 b Bdi b Frg
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W1 R B SR AR DL % J2= a2 Wy i - 95 -

A 8 BICWish iR, N 7 ] LLE I, 78 78 ]k i % 4
o Fsg FBURAE AR IR LB v 22 W E B Fs, | Fs, Al
Fs, #8A 1 BR2WrEER, M Fs, WA 2 GH2H4HR

FEES 2 R SLEG T XA R B AILIE R 50
AFEARTHY 13 ADNREARE AU EE, BRGS0
2 000, 4 RAE S IAERE y 600, TEHEAT 20 IRE5 2
J& , LA AN R 8 Fin

=8 F2HNWEISHLERIILE

Table 8 Second part fault diagnosis results comparison

—— DBN‘ RIES L] DBI\{] M2 W ﬁl!é}%ﬂﬂ“ iﬂll{ﬁtﬁa‘
HERE/ % HER 2/ % fal/s fB]/s

BPNN 80. 59 67.39 4 682 6.237
SVM 87.17 81.77 3724 4.849
CNN 97.88 91.46 5651 2.851
APk 98. 55 97.21 4 457 2.176

FEER 2 3040 S T, R FH 2% 0 ke e K 30 7T 4
OSDS #ATYIZR 5 AT i R R A IS W S 3, AR 8
AL W ASOT IR R B 1A S CNN 7 A8 I 2R A #
5T S (Rl 32 Ve 26 B, T A0 R D 3000 4 4 5 30 0 47
B2 WIS, A SC O R AT SR IS T 97. 219% B i1 R
Y5 CNN 73k B A A Ge 7 At F AR 30 e, [RIE, 72
TN RS ] A 7 i 6 98 B ) o 2 e 2 1Y 2. 176 s,

F9 F 2 MRS HTREER

Table 9 Second part testing diagnosis confusion matrix

N
Sl 2 S
Fp, Fp, Fps Fp,
Fp, 37 0 0 0
B Fp, 0 36 0 1
Fp; 1 0 35 1
Fpy 1 0 0 36

9 N 2 FRA RIS W SE B 20 YIS 56 Hp
— PSS TR B , vl LA A 37 Bl RE A
Fp, KEARAEAR R LI P T2 W Ewh, Fp, 1 Fp, #8E
1 B2 WS, 1 Fp, WA 2 G2 R,

ZEA VA WIS A S 0 25 SR AR SO AR A AT LS B
55 i A2 Wi 5 12 I S 30 1) e o 7 R 9 i EL7E
M AL G2 Wy 48 B AL 2 12 W g 4 v, H Bk 2
W Bt S AR B 11
6 & &

AR SCHRE T — BT Y 12 2 B2 R 45 A, AR 51
ML FE AR SR B R AR 8 CS Be N H F15
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