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Abstract: To address the issues of fixed single convolution kernels and insufficient local temporal
feature extraction in existing Mamba-based equipment remaining useful life (RUL) prediction
methods, a novel RUL prediction approach based on a multi-scale Mamba architecture is proposed. A
parallel network combining multi-scale Mamba and gated recurrent units (GRUs) was constructed. The
multi-scale Mamba captures long-term degradation trends through the synergistic interaction of
multi-scale convolutional layers and structured state-space models, while the GRUs extract short-
term dynamic features via gating mechanisms, achieving complementary long-and short-term
feature representation. A module for dynamic fusion of complementary features was designed to
perform weighted fusion of these two types of features through dynamic gating weights, effectively
suppressing redundant information and enhancing key features. Fully connected layers were then

employed to map degradation features and predict RUL. Validation on the NASA’ s aircraft
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engine dataset demonstrates that the proposed method achieves superior root mean square error

compared to mainstream models, with the scoring function reduced by 22%—73% compared to

the best baseline model. Additionally, it improves computational efficiency by 57.5% over the

latest Mamba-based methods.

Keywords: remaining useful life prediction; Mamba model; gated recurrent unit; multiscale convolutional

layer; dynamic fusion of complementary features
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Fig. 1 Equipment remaining useful life prediction method using MsMamba architecture
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Fig. 2 Multi-scale convolutional layers
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Table 3 Prediction results of the FD001 dataset under

different convolution kernel scale combinations
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Fig. 3 RUL prediction results of engines in the test set of the C-MAPSS dataset
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Table 5 Results of the comparative experiments with other advanced prediction models
. ¥y iR 22 PEAN 3 5L
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