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Abstract: In order to solve the problem of low accuracy and real-time in establishing the model of turbofan
engine acceleration process by analytic method, a data—driven method on identifying the turbofan engine acceler-
ation process model based on kernel extreme learning machine (KELM ) optimized by particle swarm optimization
(PSO) was proposed. Firstly, a turbofan engine acceleration process model was constructed. Then, PSO-KELM
was adopted to identify the model using engine acceleration process test data. The results show that identification
results of the low—pressure rotor speed, the high—pressure rotor speed and the low—pressure turbine outlet gas
temperature are all close to measured data, the mean maximum relative errors are 1.013%, 0.355% and 1.055%,
respectively, and the mean computing time is 0.04ms. The precision and real-time are better than back propaga-
tion (BP) neural network method and PSO—support vector regression (SVR). This method can be used for engine
condition monitoring and performance optimization control.
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Fig. 1 KELM structure diagram
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Table 1 Engine reference stations

Station Location
1 Inlet entry
2 Fan entry
22 Fan exit
13 Bypass entry
25 Compressor entry
3 Burner entry
4 High-pressure turbine entry
42 High—pressure turbine exit
5 Low—pressure turbine exit
6 Mixer entry
65 Mixer exit
7 Afterburner exit
8 Exhaust nozzle throat
9 Exhaust nozzle exit
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Fig.2 Cross-section schematic of turbofan engine
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Table 2 Experimental time series data sets

Operational range of the inputs

Data set Number of data PLA/(°)
W/(kg/h) a/(°) a /() Agl(°)
MD1 160 [12.82,68.21] [379.10,5180.12] [4.81,97.80] [4.90,106.32] [56.60,110.91]
MD2 160 [15.30,67.53] [443.73,5092.64] [4.88,97.63] [4.93,106.49] [56.25,110.73]
MD3 160 [14.10,67.35] [379.10,5180.12] [4.81,97.80] [4.90,106.32] [56.60,110.91]
MD4 160 [13.85,67.23] [441.52,5092.64] [4.93,97.59] [4.93,106.50] [56.28,110.73]
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Table 3 Optimization results

Model Training sample Testing sample o c
Ml MD2, MD3, MD4 MD1 731.61 0.34
M2 MDI1, MD3, MD4 MD2 801.78  0.51
M3 MDI1, MD2, MD4 MD3 62130 1.94
M4 MDI1, MD2, MD3 MD4 775.45  0.29
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Fig. 4 Four control variables of MD1 and MD2
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Table 4 Precision comparison of different methods

Maximum relative error/%

Method Outputs Average/%
D1 MD2 MD3 MD4
N, 236 3.11 198  3.63 2.770
BP N, 0.51 084 0.63 0.86 0.710
T 2,55 137 158 292 2.105
N, 1.74  1.60 194 3.90 2.295
PSO-SVR N, 0.61 058 0.60 0.71 0.625
T 222  0.85 144 147 1.495
N, 039 074 1.08 1.84 1.013
PSO-KELM N, 0.15 035 042 0.50 0.355
T 1.30 050 1.07 143 1.055
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Fig. 7 Average values of maximum relative errors
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Table 5 Comparison of time consumption

Average training Average testing

Method time/s time/ms
BP 2.35 0.30
PSO-SVR 225.76 0.41
PSO-KELM 140.87 0.04
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