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Influence analysis and salf-adaptive optimization of support
vector machine time seriesforecasting model parameters

YANG Yuwe , ZUO Hongfu, CHEN Guo

(College of Civil Aviation,
Nanjing University of Aeronautics and A stronautics, Nanjing 210016, China)

Abstract : Support Vector Machine (SVM) is based on Statistical Learning Theory
(S T) 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 Minimization Principle (ERM) . In this paper, SYM was
used to establish time seriesforecasting model , and on the basis of analyzing the influence of
model parameters, a self-adaptive optimizing algorithm based on genetic algorithm was put
forward. Fnaly, the sungot data and the gectrometric oil data of some aero-engines were used
for preliminary analyss, and the results show the correctness and validity of the new method.

Key words: Aerospace propulsion system; Support Vector Machine (SVM) ; Time se
ries analyss; Forecasting; Genetic algorithm; Optimization

ARMA (n, m) ™

/ARMA

1 2005- 07 - 30; 1 2005- 12- 22
(1972-) ,



768 21

, {x1,%, },
[2.3]
, Xntk = F(Xn,Xn-l, ,Xn-m+1) (l)
[4]
. V.Vapnik () 2
, , (xi,y).,x Ry R,i=1, ,n
[5.6] :
, , f(x) =<w,x>+Db (2)
, w R;b R<w,x> w X :
€, C
_ 1
' Q(w) = 5 < W,W >+ CRenp () (3)
:C ,
' ’ ; Re (f) :
Huber Laplace €
1 € ,
(7] )
) : f(x) - -t f(x - >€
Loy :{| yl-e. | q
1 0
, (4)
, £ , (3) :
’ Q(w):‘]2‘<w,w>+C‘]r;_Z|yi-f(xi)|e
, (5)
, , lyi- <w,xi>-H =(i=1,2, ,n,
f(x) +£ f(x) -€
, min‘JZ‘ < w,w > (6)
(x(D}.t=1,2, St yi+<w,xi >- b =€,
<W,Xi >- Yy +b=€
N, m ¢
ix(t+1) = f{x(t) ,x(t-1), ,x(t- (m-1) ~0 7' =0 © .
T}, ,m X ) n
Takens® : min‘Jz‘ < W,wW >+ C_Z(Zi +(i") (7)
d, m=2d+1, St yi-<w,Xxi >+b=¢ +(i,
’ ’ <w,xi >- yi +b =€+
a;,
1 H GI*
m | Q@) = Fyl-al) -E Fea) -
, '12"‘7 .,l(ai -a0) @ -a) < xL,x > (8)



st 5@ -a;") =0,0 =a; =C,

0 <a,” <C,i=1,2, ,n

i=1,2, ,n
. o oy ,

n

b=- 1/2»Z(O(i-di“)(< Xi Xt >+ < X, X >)

(9)

b, , Xs , Xt

n

faoa’,x = _Z(Gi-di*) < xX,x >+b

(10)
K(xi, X)

(8) :
Q(G,(X*) = ‘Zyi((]i -Gi*) -& Z(ql _qi“) \
éizll@i S0) @ -a)) Kixi,x) (11)
(10)

faa’ ,x = _Z@h -a7) K(x,x) +b

(12)
) n-1
, Xt :{ Xt- 1,
Xt- 2, , Xt- p} { Xt}
f:R"- R, p
Xt X Xn- p
X X3 Xn- p+
X = i ,Y = I:Xp+1 Xp+2 XJ
(0]
Xp Xp+1 Xn-1
(13)
(13)

n-p

Yy = Z(al ‘ai*)k(Xi,XI) +b,t = p+1’ N

(14)

3.1

769
{ X1, X2, } y ,
(Average Rdative Variance:ARV) ! |
N N
ARV = S [x(0) - RO 1Y S Ix() - x ()]
(15)
*N - cx (i) - T X
- ,;(\(l) - ’
ARV , ,ARV
=0 , ARV =1 ,
, N ARV
SVM
3.2
1700
1987 , 1/5
SVM , 4/ 5
3.3
p
S ’ C!
(1) p:
(2) €
1 1 s
0.0001 0.1
(3) C
lC 1
, 1 1 000 000
(4) ,
, ( 2 9);
, O ( 0.1 3.8),



770 21
, Np 3 Np
, , Table 3 The influence of polynomial kernel
function order Np on forecasting precision
, 1 4
C € Np ARV
1 0.01 1 9 0.2534
1 0.01 2 9 0.2320
1 0.01 3 9 0. 4660
1 ¢ 1 0.01 4 9 0.9147
Tablel The influence of penalty factor C 1 0.01 5 9 1.5147
on forecagting precision
4 p
c e Np 0 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 ¢ 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
10000 0.01 2 9 79785 L 0.01 2 5 0.3902
1 0.01 2 7 0.4134
1 0.01 2 9 0.2320
2 €
Table2 The influence of lossfunction 1 4,
parameter € on forecasting precision € )
1 C=1,e =0.1, Np
c € Np D ARV =2, p=9 '
ARV =0.204 0,
1 0.1 2 9 0. 2040
2 C=1,£6 =0.01, Np=5, p
1 0.01 2 9 0.2320 —9
1 0.001 2 9 0.2450 - '
ARV =1.514 7,
1 0.0001 2 9 0.2451 1 5
1 0.00001 2 9 0. 2450 ’
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Fig.1 The comparison of measured and forecasted valued under C=1,€ =0.1, Np=2, p=9
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Fig.2 The comparison of measured and forecasted valued under C=1,€ =0.01, Np=5, p=9
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Fig. 4 Theforecasting result of sunspot data of optimum SVM model obtained by self - adaptive Algorithm
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Fig. 5 Theforecasting result of Sectra oil data of optimum SVM model
obtained by self - adaptive Algorithm
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Fig. 6 Theforecasting result of Spectrometric oil data of ARMA (2,0) model
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