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Research on multi-component device life prediction method under

cross-working conditions based on domain feature fusion network

Huang Hao

Deng Yaohua
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(School of Electromechanical Engineering, Guangdong University of Technology, Guangzhou 510006, China)

Abstract: In order to solve the problem that the accuracy of life prediction model of multi-component equipment decreases due to the

difference in the distribution of degraded data under different working conditions, a domain feature fusion network ( DFF-Net) which can

adapt to different working conditions is proposed in this paper. Firstly, the degraded data of different working conditions were input into

the feature extraction network to obtain the cross-working conditions characteristics. Then, the domain feature fusion network ( DFF-Net)

was used to adjust the cross-working conditions characteristics. Finally, the adjusted data was input into the life prediction model to

output the life prediction results of the equipment under different working conditions. Tests on public data sets show that the MAE and

RMSE of the predicted results of the proposed model on the test set decrease by 6.5% and 7.4%, respectively, compared with the

lifetime prediction model without adding the domain feature fusion network, which indicates that the proposed model can effectively

improve the accuracy of cross-working condition equipment life prediction.
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Fig.2  Working principle of domain feature fusion network
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Fig.3 Lifetime prediction model based on domain feature fusion network ( DFF-Net)
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