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Equipment remaining useful life prediction method based on multi-scale Mamba
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Abstract: To address the issues of a single fixed convolutional kernel and insufficient capability in capturing local
temporal features existing in current Mamba-based equipment remaining useful life prediction methods, this paper
proposes a remaining useful life prediction method based on multi-scale Mamba. Firstly, the method constructs a
multi-scale Mamba-GRU parallel network: the multi-scale Mamba module captures the long-term degradation trends
of equipment through the synergy between multi-scale convolutional layers and the structured state space model; the
GRU module extracts short-term dynamic features by means of a gating mechanism, thereby achieving the
complementarity of long-term and short-term features. Secondly, a dynamic fusion of complementary features
module is designed to perform weighted fusion of the above two types of features via dynamic gating weights, which
effectively suppresses redundant information and enhances key features. Finally, fully connected layers are used to
complete the mapping of degradation features and remaining useful life prediction. Validations conducted on the
NASA C-MAPSS aero-engine dataset show that: the RMSE of the proposed method outperforms that of mainstream
models, and its Score is reduced by 22%-73% compared with the optimal baseline model; the operational efficiency
of the model is improved by 57.5% in comparison with Cau-Mamba-LSTM. In summary, the proposed method
exhibits high prediction accuracy, strong generalization capability, and efficient computational performance under
different fault and operating conditions. It can provide an effective technical solution for equipment remaining useful
life prediction and has significant potential for engineering applications.

Key words: Remaining useful life prediction; multi-scale Mamba; GRU; multiscale feature extraction; dynamic
fusion of complementary features.
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1 MsMamba-GRU-DFCF &7
Fig.1 MsMamba-GRU-DFCF model
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Fig.4 Multi-scale convolutional layers
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Table1 Comparison of computational complexity between the
method in this paper and Transformer

L A TJ7E FLOPs  Transformer FLOPs — Trans/As
24 2.252%106 19.464>10° 8.64
25 2.346108 20.301 108 8.66
26 2.439x108 21.139>108 8.67
27 2.533x%106 21.980x108 8.68
28 2.627>108 22.823x108 8.69
29 2.721x108 23.668x108 8.70
30 2.815x%106 24.515x%108 8.71
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C-MAPSS i 2% & shHLIE fh Ei 5 52 ) H i FH AR
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Table 2 Basic information of the C-MAPSS dataset

THARE FD0O01  FD002  FD003  FDO004
BAT A 1 6 1 6
A AR 2 1 1 2 2
IR R SHLEL 100 260 100 248
TS R BhHLEL 100 259 100 249
3 IR RS SRR RS X
Table 3  Actual physical meanings of monitoring sensors
5 5 MBS L LR =t
S1 T2 KRN IR R
S2 T24 REEAENLH O SR R 1
S3 T30 R EAEALH AR R 1
S4 T50 R REEHLH O SR R 1
S5 P2 KB TEH psia
S6 P15 CAREPENSYEN psia
Y P30 R RN AR psia
S8 Nf A P B rpm
S9 Nc W o WL R B rpm
S10 epr RENPLEATEE -
S11 Ps30 R R R AL H psia 1
S12 phi BRI S Ps30 z Lt ppzsi/ !
S13 NRf KB IETH S rpm
S14 NRc W WS I rpm
S15 BPR HIE L
S16 farB W EBRA - -
S17 htBleed AN - 1
S18 Nf_dmd W i H bR rpm -
PCNfR_d KUl pM&IE H bR
S19 rpm
md 18
$20 Wal %ﬂ%%zu%nffu% /s |
I=E8
s21 W32 TR IREE LA 20 Ibm/s !

2.2 BURTRALIE

221 FREEBZ, DEEREHIEE—IL
C-MAPSS ¥l FH 21 ME R Ee X K S e
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Fig.7 Generation of training samples using a sliding time
window
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Table 4 Experimental parameter settings

FDOO01 FDO002 FDO003 FDO004

MsMamba JZ#( 3 2 3 2
GRU 2% 1 2 1 2
FeJEZ 24 128 128 128 128
(1A= AN 128 128 128 512
S 0.001 0.001 0.001 0.0005
B 0.0001  0.0001  0.0001  0.0001
Pt 8] 7 < S 24 22 24 22
EREE 0.3 0.3 0.3 0.3
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Table 5 Results for different combinations of convolutional

kernel sizes
LR RMSE Score
1,35 11.09 198.33
3,57 10.95 183.28
57,9 10.74 166.37
7,911 11.48 287.32
2,4,6 12.47 346.28
4,6,8 12.33 311.45
6,8,10 12.39 339.29

8,10,12 13.07 401.28
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Table 6 RUL prediction results for upper RUL thresholds

RUL H{E _-FR RMSE Score
110 13.2 386.1
115 12.27 278.32
120 12.07 242.11
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130 11.99 259.34
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Fig.10 RUL prediction results of engines in the test set of the C-MAPSS dataset
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Table 7 Results of the comparative experiments with other advanced prediction models

o FD001 FD002 FD003 FD004
RMSE Score RMSE Score RMSE Score RMSE Score
BiGRU 12.43 338.42 19.26 2264.81 13.91 401.77 21.38 3711.26
CNN-GRUMI 13.48 248.61 — — — — —
CNN-Transformer(2! 11.26 251 13.65 1200 12.63 724 13.53 946
Cau-BiMamba-LSTMEE! 13.16 264 13.09 793 13.85 426 14.37 948
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Table 8 Comparison of results between MsMamba-GRU-DFCF and baseline models

FD001 FD003

it
RMSE Score RMSE Score
GRU 16.28 552.41 15.89 630.87
Mamba 15.94 501.35 16.29 476.66
MsMamba 13.49 339.22 1355 439.68
M1 12.33 216.58 12.94 378.24
M2 11.47 217.37 11.84 270.47
AR 10.74 166.37 11.28 195.36
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