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Abstract: In complex systems, condition monitoring data consist of multi-source spatiotemporal information collected from multiple
sensors. To effectively capture temporal degradation patterns and spatial correlations among measured variables, we propose an adaptive
temporal-spatial feature fusion neural network ( TSTFNN) based on a dual-stream structure. This framework incorporates parallel
temporal and spatial streams to extract temporal dependencies and spatial correlations separately. To overcome the limitations of
traditional dot-product self-attention, which often neglects time-series continuity, a convolutional self-attention mechanism is
implemented, enhancing the capacity of model to capture sequential continuity and subtle temporal variations. A multi-scale
convolutional neural network further extracts spatial correlation features across variables, improving global perception capabilities. During
feature fusion, an adaptive weighting mechanism enables dynamic integration of temporal and spatial features. To optimize predictive
performance, a joint loss function, combining constrained mean squared error ( MSE) and feature balance loss, is introduced,
facilitating the collaborative learning of temporal and spatial features. Finally, experimental results based on NASA’s C-MAPSS
benchmark dataset demonstrate that the proposed method outperforms various state-of-the-art ( SOTA) models in terms of multi-source
data RUL prediction accuracy.
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Fig. 10 Comparison of predicted RUL and actual RUL in the test set

i 25 RS () 023 [RVREAE %) 7 YA A AR R B AR TR [l el
B R IRHIE R ik . 2f LTk TSTENN A AR 4 4>
Bl R R T SR TN B SRR T T SR HE R
FARE A

*3 FRAZEERERFHER RMSE L&
Table 3 RMSE comparison between the proposed method
and the state of the art method

A FDOOI ~ FDO02  FD00O3  FDOO4
ELSTMNN'*7 2020 18.22 — 23.21 —
DCNNP**12018 12.61 22.36 12.64  23.31
DSAN!712022 13.40 22,06  15.12  21.03
BiGRU-TSAM 32022 12.56  18.94  12.45  20.47
STFA['?] 135 19.17  11.64  21.41
SCTA-LSTM 312023 12,10 19.43  13.39  21.50
STRUL 12023 12.85  19.24  13.74  22.344
TSTFNN 11.62  18.64  11.57  19.89
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Table 4 Score comparison between the proposed method
and the state of the art method

LY FDOOI ~ FD002  FD003  FD004
ELSTMNN * 2020 571 — 839 —
DCNN'**12018 273.7 10412 284.2 12466
DSAN[¥12022 242 2 869 497 2677
BiGRU-TSAM[*12022  213.35 2264.13 232.86 3 610.34
STFAL! 194.44 2493.09 224.53 2 760. 13
SCTA-LSTMI'%12023 226 1492 227 3392
STRUL 12023 224 1950 252 3080
TSTFNN 188.07 1204.46 198.32 2287.78
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Table 5 Model performance for different values of k

) FD0O1 FD002 FD003 FD004

RMSE Score RMSE Score RMSE Score RMSE Score
1 13.13 210.53 20.53 1091. 16 13.22 245.33 23.05 2 651. 87
3 12. 84 205. 94 19. 87 1025. 42 12.55 222.08 21.54 2 531.18
5 12.22 197.78 19.21 1003. 34 12.03 218.43 20.25 2 381.51
7 11. 62 188. 07 18. 64 1204. 46 11.57 211.54 19. 89 2 287.78
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