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ABSTRACT: There is an urgent need for the safe and accurate performance evaluation of large
and complex equipment. Considering the incapacity of existing performance evaluation methods
based on machine learning in capturing the dynamic characteristics of time series data and han-
dling both nonlinear and linear data simultaneously, a hybrid model performance evaluation meth—
od based on dynamic convolution was proposed. Firstly, the proposed method input dynamic data
into a dynamic convolution module for more effective feature extraction, while preserving the dy-
namic characteristics of the data. Then, the adaptive weighting method of gated transformer and
autoregressive model is adopted to better suit data from different usage scenarios and fields. For
the gated transformer can capture more complex long—term dependencies, and the autoregressive
model can better capture the linear characteristics of the data. The proposed method was verified
in the C-MAPSS dataset, the results showed that the prediction error and model efficiency were
both improved to a certain extent. In particular, in the FD002 dataset, the proposed method im-
proved the root mean square error and Score scoring function by 5.29 and 116 respectively com—

pared to other methods with the best performance.
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Tab.1 C-MAPSS data set information
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FDO001 1 1 100 100
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FDO003 1 2 100 100
FD004 6 2 249 248
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Tab.2 Results obtained by each model
RMSE Score
BTy
FDO001 FD002 FDO003 FDO004 FDO0O01 FD002 FDO003 FDO004
LSTM 16.14 24.49 16.18 28.17 338.00 4 450.00 852.00 5550.00
BILSTM 13.65 23.18 12.74 24.86 295.00 4130.00 317.00 5430.00
DCNN 11.96 20.34 12.46 22.43 229.00 2 730.00 535.00 3 370.00
AGCNN 12.42 19.43 13.39 21.50 225.51 1 492.00 227.09 3392.00
AR TT 13.41 14.14 11.42 15.16 221.00 1 376.00 297.01 3422.01
T ML IR FR & BB 44 T8 4R B IBUS iR 2 2 .
%3 HAAEEH RMSE # Score 51
Tab.3 RMSE and Score results of ablation experiment
RMSE Score
A
FDO001 FD002 FDO003 FDO004 FDO001 FD002 FDO003 FDO004
R-GTN 15.34 25.13 15.67 27.63 357 4572 878 5798
R-DCK 14.81 24.57 13.54 23.77 237 4571 362 5852
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