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The Estimation of Aeroengine Expectant Cycle Based
on Genetic Algorithm and BP Neural Network
SONG Jin—guang,~ XU Chun-shéng
(CivilAviation University-of China, Tianjin 300300, China)

Abstract: The algorithm described in the paper is one of the important instruments for the
establishment of aero-engine expectant cyele to supervise aero—engine scientifically and effective—
ly. By means of experimental method of using real specimens, the optinal algorithm which can es—
timate aero-engine expectant cycle quickly and precisely among BP neural network, GA (genetic
algorithm) and compound GA-BP can be found. It shows that GA-BP algorithm can simulate ex—
pectant cycle excellently. First it searches weights of neural network grossly using genetic algo—
rithm, then is trained by using BP network. It has been proved to be effective by real instances.

Two softwares have been made.
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Table 1 Experiment resul t change with maxgenaration, popsize and mutation probability
/ 1017/1 818/3 76715 781/10 850/ 50
/ 959/ 10 748/20 781/50 768/100 1065/ 200
/ 748/0.01 791/ 0.05 620/ 0. 2 965/0.5 1278/1
2
Table 2 Experiment result change with crossover probability
pP.=1 P.=0.9 P=10.8 p.=0.7 P.=0.6 P=0.5 pP.= 0.4 P=0.3
Pn=0.01 706 778 966 1038 801 841 569 927
P,=0.2 841 1015 1145 628 713 1015 1129 1288
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Fig-3  Software of network training
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