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Industrial process fault detection based on
bidirectional generative adversarial networks

MOU lJianpeng', LIU Wentao', XIONG Weili'?

(1. School of Internet of Things Engineering, Jiangnan University, Wuxi 214122, China; 2. Key Laboratory of Advanced Process
Control for Industry (Ministry of Education), Jiangnan University, Wuxi 214122, China)

Abstract: The standard bidirectional generative adversarial network (BiGAN) model structure consists of a fully con-
nected layer and only considers the process characteristics of a single sample for statistical construction during fault de-
tection. Therefore, an improved bidirectional generative adversarial network for industrial process fault detection is pro-
posed. The method preprocesses the samples using a denoising autoencoder and constructs the reconstruction error as
the input for the BiGAN. This approach reduces the masking of abnormal information by normal information in abnor-
mal samples and enhances the ability of the model to detect small faults. Additionally, a long short-term codec is intro-
duced into the BIGAN model, which enables the generator to focus on both the current process characteristics and the
correlation between historical samples while generating false samples. This improves the ability of the model to detect
time-series data. The proposed fault detection method was applied to the Tennessee Eastman process and an actual coal
mill industrial process. This method improved the alarm rate while maintaining a low false alarm rate, which demon-
strates good generalization performance.

Keywords: fault detection; generative adversarial networks; long short-term memory network; autoencoders; recon-

struction error; time series; TE process; coal pulverization process
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Table1 Comparison of TE process alarm rates

T GAN®Y EIGANP4 BiGAN™ LSTM-AE!® XTI R ABR RIL-BiGAN
1 0.98 0.99 0.99 1.00 1.00 0.99
2 0.97 0.98 0.98 0.98 0.99 0.99
4 0.22 0.59 0.99 0.78 0.92 0.99
5 0.26 0.90 0.59 0.37 0.33 0.42
6 1.00 1.00 0.99 1.00 1.00 0.99
7 0.91 0.89 0.99 1.00 1.00 0.99
8 0.94 0.91 0.97 0.99 0.98 0.97
10 0.50 0.64 0.55 0.67 0.54 0.79
11 0.44 0.72 0.90 0.64 0.72 0.93
12 0.90 0.94 0.98 1.00 0.99 0.99
13 0.94 0.90 0.94 0.96 0.95 0.95
14 0.93 0.99 0.99 1.00 1.00 0.99
16 0.55 0.65 0.51 0.65 0.42 0.81
17 0.84 0.93 0.96 0.91 0.92 0.96
18 0.89 0.90 0.90 0.90 0.90 0.90
19 0.19 0.42 0.55 0.13 0.20 0.64
20 0.50 0.68 0.66 0.61 0.59 0.77
21 0.34 0.54 0.50 0.50 0.48 0.64
TR A 0.69 0.81 0.84 0.78 0.77 0.88
32 EENNSERE &gR2
P R ALk TR 54 SR R T S B T, R R HLAE BRI AZ A EFES kR
FK IR ZOREZ —, HERNERES 6~8 MR BE 28 Y BRI
B HEE MR ) RERE I FEislT, FEHTF R 9~13 FRIEURE 29 Y BRI
3 2o X B AL A o 8 0 A, o T AR M~15 HIERRT) ] 30~35 bLE T
RN REETEAEXRERENEY, % 1002 WHRRRE J 36-37  ALHRRL
BEFER B BERLRCHE S0 I e it g 2 RIUNBURR | a8 -a0 PRI
2 %B%, ;HEEF'WI?E%@/E\ 3500 /I\J‘_Eﬁﬁzlx, M3t 24 FEE PRI | 41 ~42 e RIR
S U4 55 BT 500 A 1F 2% REA RIS 500 45 2% B 25 TSRS | 43 ~46  ASEAGINGIR

Ao BRI T 46 DR, JFEER 2
TEAN A
®2 EBERENIRETSHE

Table 2 Description of process variables for coal mills
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PEREDE T LSTM-AE, {B %] T B AL 5o i, S 3 %k Table 3 Comparison of process inspection results for coal

T ’ mills

H# /b, R4 RIL-BiGAN 77 B 2 % 5 iR R -

WS 2 T LSTM-AE J7 15 , {6 Ho e 152 4 26 1 4 45 2 i GAN  EIGAN LSTMAE RIL-BiGAN
o - BIRE 0152 0212 0.000 0.006

5 TR, 28 A kFE, RIL-BiGAN .
ERIA AR RIS ak ! W& 0.295 1.000 0.998 0.994
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Fig. 9 Process fault detection results of coal mill
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Fig. 10 Contribution method fault diagnosis results
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