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ABSTRACT: A dynamic adaptive sensor screening mechanism and tensor—representation health
index (HI) construction method was proposed to address the issue of low prediction accuracy in
remaining useful life (RUL) prediction caused by difficulties in constructing HIs from strongly

coupled multi-sensor data. Furthermore, an attention—bidirectional long short—term memory (At-

R A 2025-04-30 &E A 2025-05-13 FREAY: 2025-05-30
E£EWE: HEAKRBFES (62373369, 62373368, 62233017); HEME L5 H FH4 (2023M734286);
BEpE A BT AE A A FEZS T4 (20230127)
1. RO (2000—), o, WLAIsAE, RENFILTIRE S &AM 5E . E-mail: 13992593852@163.com

SIAMER. oth, WA, TRBL, AT W 2 AR RO I R R R o A 2 A TR A O A U T ik (0] KRR DR AR
2025, 39 (4) : 11-21. CHENG Xinyi, ZHENG Jianfei, ZHANG Qi, et al. Remaining useful life prediction of equipment
based on health index construction from multi - sensor coupled data[J]. Journal of Rocket Force University of Engineering, 2025, 39
(4: 11-21.



K TR

Bi-LSTMD - based prediction framework was employed to enable accurate RUL prediction for
multi—sensor equipment. First, a dynamic adaptive sensor screening model was developed, that
performs feature grouping through hybrid similarity measurement and hierarchical clustering. A
dual-filtering mechanism was then constructed by integrating trend strength indicators and the
sliding variance ratio to adaptively screen key sensors with high degradation relevance. Subse -
quently, a third-order tensor HI construction method was proposed, and Tucker decomposition
was applied to decouple the three-dimensional data comprising time, window and sensor. A com-
posite HI was generated through the fusion of core tensor features, and further uncertainty quanti-
fication was achieved by introducing Monte Carlo Dropout using the At-Bi-LLSTM network archi-
tecture. Finally, the effectiveness of the proposed method was validated using the C-MAPSS da-
taset. A modular analysis confirmed that the dynamic feature screening mechanism significantly
enhanced the stability of the prediction results, and the tensor—representation HI construction
method made a notable contribution to improving the model’s prediction performance.
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Fig. 1 Overall flow chart
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