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A Fault Diagnosis Method of Wind Turbine Gearbox Based on BP
Neural Network Optimized by Crisscross Optimization Algorithm

Ma Liu-yang, Meng An-bo, Ge Jia-fei
(School of Automation, Guangdong University of Technology, Guangzhou 510006, China)

Abstract: Wind turbine gearbox has high failure rate in its complex operation. In order to overcome the drawbacks
of the conventional BP (Back Propagation) neural network which is easy to trap into local optimal, a new fault
diagnosis model of turbine gearbox is presented based on BP neural network optimized by crisscross optimization
(CSO)algorithm. Considering the instability and complexity of vibration signal of the wind turbine gearbox. The
fault feature for gearbox is first extracted and a new error analysis model is established with assessment factors,
CSO is then used to optimize the weights and bias of BP neural network, and finally the trained neural network is
used to test the samples. The simulation and comparison with other methods show that the proposed method is

effective and efficient in fault diagnosis of wind turbines.
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Fig.1 Neural network structure of BP
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Fig.2 Particle parameter encoding format
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Tab.l Training samples of fault eigenvalue of turbine gearbox

WERAS SR NN Ui 4 i P I 4E E mYEE H b &

ERARAES 13537 0.534 0 —0.026 1 1.594 0 4.8273 1.464 7 000
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Tab.2 Test sample of fault eigenvalue of turbine gearbox

WHEARS RS N UE 195 i KERAEFE YR H b 1) &
0.943 8 0.639 4 -0.388 4 1.5167 48125 1.460 3 000
1.1313 0.636 9 —0.2017 1.5592 49366 1.456 0 000
IEHIRAS
1.4810 1.143 7 -0.201 7 1.559 2 4.9451 1.456 0 000
13537 0.534 0 -0.026 1 1.594 0 4.8273 1.464 7 000
14829 1.296 3 -1.713 1 1.4332 55145 1.490 6 010
BERURAS 1.490 6 1.4829 -0.596 7 1.466 9 55145 1.561 0 010
15421 1.440 3 0.160 1 1.638 0 5.2862 1.498 3 010
23246 1.8213 1.266 9 2.1910 10.482 4 15144 001
Wi RS 2.641 4 1.9104 24629 2.0140 8.5927 1.520 1 001
23429 1.8369 47530 23448 10.681 3 1.508 5 001
Fz3 IMSHTT AR R
Tab.3 Performance comparison among three algorithms
55 , BP 2 i#PSO-BP CSO-BP
DI =)
o i Y, Y, Yy Y, Y, Yy Y, Y, Yy
1 0.0005  0.0036  0.0002 0.0002  0.0004  0.0008 0.0003  0.0002  0.0003
2 0.0005  0.0025  0.0002 0.0005  0.0003  0.0003 0.0003  0.0006  0.0003
IEHIRAS(000)
3 0.001 1 0.0035  0.0007 0.0004 02968  0.0006
4 0.0004  0.0019  0.0003 0.0006  0.0047 00161 0.0003  0.0013  0.0003
5 0.0015 07238 02021 0.0012 09669  0.000 1
EERUIRZ5(010) 6 0.001 2 0.996 6 0.002 2 0.000 1 0.743 6 0.0259 0.001 1 0.991 6 0.004 0
7 0.0004 09849  0.0018 0.000 2 1.0016  0.0017 0.0003 09936  0.0040
8 0.0004  0.0020  0.0003 0.0004  0.0003  0.9998 0.0008  0.0010  0.999 4
W kPR 45 (001) 9 0.0009  0.0010  0.993 1 0.0003  0.0032 1.001 1 0.0008  0.0070  0.999 4
10 0.0008  0.00070  0.999 3 0.0007 02634  0.7482 0.0008  0.0009  0.9994
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Tab.4  Result analysis of different algorithms %

B4R BP Mt PSO-BP CSO-BP
R W 13.1 22.4 12.8
RS W 10.4 6.1 2.6
HHRE W 8.6 34 1.8
ERfZ i 81 90.5 95.8

E 12.360 4.520 0.824
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