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Abstract : A novel sparse strategy was proposed for the least square support vector mar
chines regresson, and the dynamic process identification of aircraft engine was analyzed in
particular s~ Tn the-process of solving the original sample, the special nonlinear mapping ma
trix was recursgvely decomposed by usng the modified Gram-Schmidt method, and the ex-
cellent sample was selected when the square of remaining output reached the threshold val ue;
thus, the new sample quantity was reduced and the least square support vector machines
(LSSVM) regresson model training speed was enhanced by saving memory. The smula
tion result shows that , the algorithm has better sparseness, less training time and equivar
lent precison; and the aircraft engine dynamic process s mulation shows that the predicting
error of high rotor s relative rotational speed isless than 0. 2%, the predicting error of the
low rotor’ s relative rotational speed islessthan 0. 35 %, and the predicting error of the tenmr
perature at the exit of high-pressure turbineislessthan 3 5 . The model is suitable for
aircraft engine s control and system smulation.
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2
Table 2 Contrast of max absolute error between

forecast simulation and recur sive simulation

N2/ %( ) 0.1956 0.1353
N1/ %( ) 0.3263 0.2203
ts/  ( ) 3.2347 1.8536
N2/ %( ) 0.1106 0.1210
N1/ %( ) 0.1803 0.1850
ts/  ( ) 0.9253 3.2513
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