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Abstract: Prognostics and health management can effectively evaluate the health status and predict the remaining useful
life of the system. It is an important guarantee to improve the safety and economy of complex systems. In order to fully
assess the health status of the system, an unsupervised health indicator construction method based on the deep belief
network (DBN) is proposed in this paper, and remaining useful life of the system is predicted with the hidden Markov
model (HMM). Firstly, the feature extraction of historical data is realized by unsupervised training deep belief network,
and then the health indicator is constructed. Secondly, the health indicator set is used to train the hidden Markov model,
then the automatic recognition of equipment health state can be realized. Finally, the remaining useful life of the system
is calculated by the DBN-HMM hybrid model. To validate the effectiveness of the proposed approach, a case study is
performed on the commercial modular aero-propulsion system simulation (C-MAPSS) aircraft engine datasets.
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Table 1 Comparison of HI evaluation index
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197 0 0 09969 0.0031 0.31
198 0 0 09957 0.0043 0.43
199 0 0 0991 0.0059 0.59
200 0 0 09922 0.0078 0.78
201 0 0 09901 0.0099 0.99
202 0 0 09878 0.0122 1.22
203 0 0 09854 0.0146 1.46
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Table 3 The recognition results of DBN-HMM

ERIEER A1 RA2 A3 KB RARIZR/%
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200 0 0 03675 0.6325 63.25
201 0 0 0.1236  0.8764 87.64
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Table 4 Comparison of RUL prediction results
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