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Fig.1 Framework of the CNN-LSTM-LOF fault

prognosis model
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Table 2 Hyper-parameters of the CNN—LSTM model
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Fig.5 Tennessee-Eastman process fault prediction test results
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A prognosis model for process fault based on CNN-LSTM-LOF

CHENG ZhilLei ZHANG GuoBao® HUANG YongMing

(School of Automation, Southeast University, Nanjing 210018, China)

Abstract; Fault prognosis is important in process systems since it can predict potential faults in industrial equip-
ment in a timely manner and hence reduce the occurrence of accidents and economic losses. Due to the complexity
of process systems and the uneven distribution of data sets, the conventional method of using the normal data set to
predict the operating state offline is not versatile and inaccurate. In response to the above problems, this paper
combines a convolutional neural network ( CNN) with a long-short term memory network ( LSTM) to exiract the
characteristics of boiler operating data and predict the operating state after online prediction. In the local outlier fac-
tor (LOF) model, the outliers of the time series are calculated and predicted. The resulis are compared with the
fault threshold trained in the offline state, and if it is greater than the threshold, it is considered that there is a po-
tential risk. The model was used in the Tennessee-Eastman ( TE) process, and compared with traditional fault
prognosis methods. The results show that the model performs well in multi-fault and single-fault prognosis, and out-
liers could be detected earlier by one sampling window. The results indicate the model has potential applications in
fault prognosis in industrial process systems.

Key words: fault prognosis; Tennessee-Eastman process; long-short term memory; local outlier factor; convolu-

tional neural network
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