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Influence analysis and self-adaptive optimization of support
vector machine time series-forecasting model ‘parameters

YANG Yu wei,~ZUO Hong fu, CHEN Guo

( College of Civil-Aviation,
Nanjing University 'of Aeronautics and Astronautics, Nanjing 210016, China)

Abstract: Support \Vector Machine (SVM) is based on Statistical Learning T heory
(SLT) and Structural Risk Minimization Principle (SRM ), and theoretically assures best
generalization; therefore, it is theoretically better than Artificial Neural Network (ANN)
which is based’on Empirical Risk M inimization Principle (ERM). In this paper, SVM was
used to establish time series forecasting model, and on the basis of analyzing the influence of
model parameters, a self-adaptive optimizing algorithm based on genetic algorithm was put
forward. Finally, the sunspot data and the spectrometric oil data of some aerc engines were used

for preliminary analysis, and the results show the correctness and validity of the new method.
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Table 3 The influence of polynomial kemnel
function order Np on forecasting precision
2 2
: 1~ 4
C € Np P ARV
1 0.01 1 9 0. 2534
1 0.01 2 9 0. 2320
1 C 1 0.01 3 9 0. 4660
1 0.01 4 9 0. 9147
Table 1 The influence of penalty factor C 1 0.01 5 9 1. 5147
on forecasting precision
4 p
C e Np » ARV Table 4 The influence of embedded
dimension p on forecasting precision
1 0.01 2 9 0. 2320
10 0.01 2 9 0. 7341 C e Np » ARV
100 0.01 2 9 163.32 1 0.01 2 1 0. 5285
1000 0.01 2 9 17820 1 0.01 2 3 0.2165
1 0.01 2 5 0. 3902
10000 0.01 2 9 79785
1 0.01 2 7 0. 4134
1 0.01 2 9 0. 2320
2 €
Table 2 The influence of loss function 4,
parameter € on forecasting precision e B
1 C=1 &e&01 Np
C € Np P ARV =2%p=9 >
ARV=-0.204 0,
1 0.1 2 9 0.2040
2 C=1, & 0.0, Np=5, p
1 0.01 2 9 0. 2320
=9 s
1 0.001 2 9 0. 2450
ARV= 1.5147,
1 0. 0001 2 9 0.2451 | )
1 0.00001 2 9 0. 2450 ’
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Fig. 4 The forecasting result of sunspot data of optimum SVM model obtained by self- adaptive Algorithm
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