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Abstract: In order to solve the problems of over-fitting and low accuracy of the vibration data-driven diesel engine
fault diagnosis method caused by the lack of data, a diesel engine fault diagnosis method based on Wasserstein aux-
iliary classifier generative adversarial network (WACGAN) and Inception residual convolutional neural net-
work (IRCNN) was established from two perspectives of fault data enhancement and diagnosis model optimization.
Firstly, Wasserstein distance and gradient penalty were introduced into the auxiliary classifier generative adversar-
ial network, and the WACGAN was established to augment the small-scale training set. Then, the inception struc-
ture was introduced into the convolutional neural network (CNN) and continuously differentiable exponential linear
units (CELU) were used to improve the feature extraction ability of the model, while residual structure was added
to avoid the loss of feature information, and IRCNN model was built. Finally, the IRCNN model was trained with
the augmented training set to realize the diesel engine fault diagnosis under small samples. The method was vali-
dated by diesel engine fault simulation experiments, which can achieve fault recognition rate of 95% using only 10
operating cycles of vibration data in each fault state. Compared with the traditional oversampling algorithm and the
CNN algorithm before and after optimization, the method works best when fault samples are scarce and can
achieve fault diagnosis accuracy of 95.47%.
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Fig.14 Confusion matrix before and after optimization

3.5 WACGAN-IRCNN i 436 E

FIIE WACGAN-IRCNN k52 W s 7e I 25
FEA [ Z AR Ae: , BEE CNIN 7k | IRCNN 5k |
SMOTE + CNN J5:H1 WACGAN + CNN J5 71

PEREXTHLIRES. Hodr, CNN SR 4 MEFZ 4 M
KAL)= 2 AR B YT T SMOTE
1 WACGAN %itfasfsim )y s, A 100 4~ AT 5500
XF NN ZRAE A TR T BUREMRORRAE T 10 A4S
FEAAE IR ZRER | 2RI 2R 200 R PRAERLALIT:
g s e R A A R R RIS R 3 AT
7. I SMOTE #l WACGAN X WU I ZhAE 175K
PR , SRS A TR Y FEIZREE Ry
H—EHRTt, BT WACGAN 71— EfE FEIR T
LS HRAE S A B, XTI BE i2 B P RE 1
PFARIRNE TR TR RAER SMOTE Jridk. Xk
B2 WA A R4 T X P P AL BE RS A Skl /NS |
GRAE R RIS W ERG K, 4553 T WACGAN f9%
PR, FEVOE IR TOL T, BRI A
KAL) 0.6s IRENFHR I AT I 95% LA b Byl B2
HERR.
&3 WKERIIEE

Tab.3 Comparison of test results

i HERA/ %
CNN 81.61
SMOTE + CNN 87.42
WACGAN + CNN 89.62
IRCNN 92.17
WACGAN + IRCNN 95.47
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Tab.4 Basic parameters of diesel engine
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