546 B 1 MR = M

Journal of Nanjing University of Aeronautics & Astronautics

2014 2 A

PNV

SO Vol. 46 No. 1

Feb. 2014

—MUNEAR R mBy A R 7T

e

B O® BEE

7.

Cri A 28 R R 2 BR A 27 6 » B 5T - 210016)

WE % %D =F L #F % FH (Least square support vector machine, LS-SVM) 5 A F /A A R AL = Fa by T 514
M oA, BIEMEERGEFBEANLER AZRD_REIFGENORERALT ;R E AR FH
ENAELTEEERFRMNER  ZRAAFRAEREERALTRDOZRIBZGENGEBEALAK . FNTIWAA S
EME G G2 AT A DI AA R K TR AR A ISR RS T R, S54SR KA

Aoy AR ) A R R T kSR AL

KW AR RAE S TH AN ; LH & A A HMAA

FE S HES: TP1S XHRFREARD : A

XEHE:1005-2615(2014)01-0170-05

Reliability Prediction Algorithm for
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Abstract ; The least square support vector machine (LS-SVM) is used to predict the reliability of civil air-

craft products based on small sample. The optimized input variable number of LS-SVM is determined

through computing the saturated embedding dimension of reconstruct phase space. Then, a reliability

prediction model is established by using LS-SVM and their parameters are also optimized by an automat-

ic grid search method. The training and validation use reliability data from the hydraulic lock of a certain

type aircraft. Finally, the one step and N-step prediction results of LS-SVM and radical basis function

(RBF) neural network are compared, and show that the algorithm is feasible and valid for reliability

prediction based on small sample.
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series forecast modeling
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Tab.1 P-step forecasting results of
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Fig. 2 Comparison of single-step
forecasting results
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