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rate, FAR) . JWH:% R, (miss detection rate, MDR)
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Table 1  Confusion matrix of single fault diagnosis
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Table 3  Evaluation indicators of the six models

- IZsE MWESE EWIRIR PR
EWR/ %  IEHE/ % R/ % /%
BP 68.94 65.53 21.80 11.33
SVM 99. 38 63.59 4.32 42.29
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DAE 93.40 95. 54 1.31 7.88
LSTM-DAE 96. 02 97.31 0. 65 3.19
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Fig. 8 Real-time monitoring curves of the models before and after improvement
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Table 4  Single fault diagnostic effects before and

after improvement
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Energy Technology, Tiangong University, Tianjin 300387, China)

Abstract: Modern chemical processes are becoming increasingly precise and complicated. It is difficult for tradi-
tional fault diagnosis (FD) models to learn the feature representation of raw data for high dimensional, nonlinear,
and tightly coupled data. Furthermore, traditional FD models cannot extract the hidden time series information in-
side the raw data. Therefore, a novel FD model of chemical processes called LSTM-DAE based on long short-term
memory (LSTM) and a denoising auto-encoder ( DAE) has been proposed. By changing the full-connected enco-
ding network of the traditional DAE model to a novel LSTM-DAE encoding network, and combining the Gaussian
noise and fully-connected decoding network , a feature-extracting LSTM-DAE model has been established, with the
final FD results given by a Softmax classifier. The proposed model combines the advantages of both DAE and
LSTM, which ensures high efficacy in feature extraction. The experimental results for the Tennessee-Eastman ( TE)
process showed that in terms of multi-fault FD performance, the accuracy of the training set was 96. 02% , the ac-
curacy of the test set was 97. 31% , the mean false alarm rate (FAR) was only 0. 65% , and the mean miss detec-
tion rate (MDR) was only 3. 19% , which is the best among all the six FD models. In terms of single-fault FD per-
formance, the LSTM-DAE model can improve the resolution capability of fault 14 and reduce the delay time of fault
18, which reduces the MDR. The above analysis indicates that the proposed LSTM-DAE model can efficiently de-
tect faults in actual chemical processes.

Key words: fault diagnosis; Tennessee-Eastman process; denoising auto-encoder; long short-term memory net-

work ; Softmax classifier
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