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Energy Energy Energy Energy Energy Energy Energy Energy
coefficient  coefficient  coefficient coefficient coefficient coefficient coefficient  coefficient
characteristic characteristic characteristic characteristic characteristic characteristic characteristic characteristic
value 1 value 2 value 3 value 4 value 5 value 6 value 7 value 8
R 1 RFEM 2 RHEM 3 REEM 4 RMEME S ARAEME e RRAEME 7 RHAEME 8

HS{%5 1 Real signal 1 576.9523 322.1107 1142570 2705132  47.0572 32.7405 83.8986 122.4466

FLSLA5 5 2 Real signal 2 | 329.961 7 2067458 190.2980 247.1288  20.007 1 542126 48.5480 452275 s
& BRI
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(e 1 . . _>»~| ‘AE,E‘/J-_E
218155 8 Generating signal 8 | 242.062 6 308.5238  47.8830 332.8946 263782 74.0166 619680 589354 B RE AR
Energy features
HER{E 5 9 Generating signal 9| 259.9349 270.1119  146.7148 316.5737 13.1957 48.1933 833360  77.178 0 extracted from GAN
E RS 10 Generating signal 10| 5492414 372776 8 142.9238 2687066 283109  48.0442 882928  68.398 0 generated data
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Fig. 16 Comparison of energy characteristics between GAN generated signals and real signals under pitting-pitting composite faults
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coefficient ~ coefficient  coefficient coefficient coefficient coefficient  coefficient  coefficient
characteristic characteristic characteristic characteristic characteristic characteristic characteristic characteristic

value 1 value 2 value 3 value 4 value 5 value 6 value 7 value 8
FROEME 1 AL 2 FRAEE 3 AFAEME 4 BPE(E S FRE(H e RRMEMH 7 FEEAE 8
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¢ FUSHOR S
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HY155 4 Real signal 4| 63.7020  89.4210 1181600 80.6040 452770  54.8440 852040 49.7350 Energy features
extracted from
H 55 5 Real signal 5| 68.8160  88.1260 1187100 85.0980 462640  57.0560 97.1590 503120 real data
48155 6 Generating signal 6| 66.4990  94.1850 1157300 82.1110 429400 562640 91.6050  46.4870
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g sig
| 3 PAN=N d Y
AR5 5 8 Generating signal 8| 64.7190  89.1000 119.7500 82.2860  43.9300 534530 91.8750 46.7020 |~ BIRYRERLRFAE
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EFAE S 10 Generating signal 10| 662960 823180 115.1900 804770 393930  51.9620 94.9360  45.7850 generated data
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Fig. 17 Comparison of energy characteristics between GAN generated signals and real signals under composite faults of broken teeth-pitting
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Fig. 18 Comparison of energy characteristics between GAN generated signals and real signals under crack-pitting composite faults
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Gearbox fault diagnosis method based on multi-sensor data fusion and GAN

YANG Xingyu SONG Chunsheng WU Xiaoyang
(School of Mechanical and Electrical Engineering, Wuhan University of Technology, Wuhan 430070, China)

Abstract: In response to the problem of the gearbox fault diagnosis and analysis based on multi-sensor data under dataset
imbalanced conditions, a gearbox fault diagnosis method based on a kurtosis index data fusion and a generative adversarial
neural networks (GAN) was proposed. This method weighted the fusion of multiple sensor data based on signal kurtosis,
highlighting the fault sensitive components of the gearbox in the fused signal. Then, a wavelet packet transform was used to
extract the energy coefficients of each frequency band of the signal as signal features. Finally, the classification and
recognition of signal features were implemented based on a back propagation (BP) neural network. Due to the fact that in
actual working conditions, fault signals were more difficult to obtain than normal signals, GAN was used to expand the fault
data section of the dataset, and the expanded dataset was used to train BP neural network. Through test analysis, it is shown
that the fault accuracy of the described method is as high as 98%, which verifies the correctness of the proposed method and
provides new ideas and methods for multi-sensor data fusion and fault diagnosis problems.
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