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|±�þÅï�¥���'�ÚJ:¯K´gdëê���. ØÓu± A^í��{üÚOþÀ��Z�
.��{, �©JÑÏLu��.3Ôö8þ�[Üí�´ÄØ¹P{&E��ÀJgdëê��â. ?�ÚJÑ
A^���'¼ê (omni-directional correlaton function, ODCF) u�í�&EP{¿�ÑA^�{, ¿lnØ©ÛÚ
ê��ýü�¡�ÑT�{�(5�y². 3ü�;.���5�mS� (cþ��çfêÚ Mackey-Glassêâ)
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1 Ú ó

�mS�ýÿ´êâ�÷�­�©|, 2�A
^uíÿUíýÿ!ã²7K½|ýÿ!>åK
Öýÿ!Ï&�ä�Öþýÿ��¡,�mS�ê
â�âÙA:�©��5Ú��5�!²­Ú�
²­�!·bÚ�·b��, ØÓA5�S�I�
ØÓ�ýÿ�{. éu�5�mS�, Box-Jenkins

� ARMA (auto-regressive moving average) 9Ù*Ð
�U?n¹G!ª³�� SARIMA (seasonal auto-

regressive integrated moving average) �.®²��
¤ÙA^ [1], �g,.Ú<a¹Ä�)��þ�m
S�Ñ´��5�, 'X��çf¹Äêâ!²L
¹Ä¥��¦S�!<¬1{�®ÇCÄ�S�
®²y²´��5$�´·b�, éu2��3�
��5�mS�, cÙ´y3��2�ïÄÚA^
�·b�mS�, I�^<ó ²�ä�.!|±

�þÅ�5ýÿ [2−7].

 ²�ä�{®²y²U±?¿°Ý%C?
�¼ê, 3��5XÚýÿ¥��2�A^. � 
²�ä´ÄuDÚ� Fisher ÚOÆ¥�²�ºx
��z (empirical risk minimization, ERM) �K�,

J¦�´Ôö8þ�����z, Ï�Ôöêâ
�¢Sk�5, Ø�;�/¬ÑyL[Ü�¯K,

,	��3 ²�ä(�I<�(½!�UÂñ
�ÛÜ4��¯K. þ­V 90 c�¥Ï, Vapnik 9
ÙÓ¯JÑ�|±�þÅ (support vector machine,

SVM) )û
 ²�ä�±þ¯K [8,9], Ïd, |
±�þÅ3©a!£8±9��5cÙ´·b
XÚ�mS�ýÿ+����5�õ�ïÄÚA
^ [2−7,10−14].

3|±�þÅ�ïÄÚA^¥, ��¯K©
ªvk�õ)û: |±�þÅgdëê�À�¯
K [10]. |±�þÅgdëêÀ���û½
¤�
|±�þl
û½
¤��., Ïdgdëê´Ä
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T���û½
�.�Ð�. 'uXÛÀ��`g
dëê8c���kéõïÄ [15−22], �vk��
ú@��`À��{; A^�õ����y�{�
~Ñ�	�"ynØ�â. �X·bnØïÄ�Ø
ä�\9Ù3&Ò?n!gÄ��ÚÏ&+�¥
�2�A^, |±�þÅ3·b�mS�ýÿ¥�
�é��'5ÚïÄ, ���éÐA^�J [2−7],

�3XÛÀ�gdëê�¡"y�\XÚïÄ. é
u|±�þÅA^u�mS�ýÿ��vk�é
ÙØÓu��£8¯K�A5��Ä: ���£8
¯KÄkb½���:m�Õá, 
�mS���
m:*	��m�3X�'5. ¢Sþ�mS�*
	��m�3�'5�´�mS�ï�Úýÿ�
±?1�Ä:;�mS�ï��8�Ò´¦�U/
J�ù«�'5. �mS�´�«ÄåÆXÚ, 3
ÄåÆXÚ�XÚE£¥, ��­�Ú½´u�¤
E£�.�k�5. Äu±þ©Û, Ø©JÑ�«
#� SVM�mS�ýÿgdëêÀ��{: Äk
éÔöí�?1&EP{u�5(½�.�k�
5, 
¦��.k��gdëê´�`�. ,	, �
Ä��mS���'5�U´�5���U´�
�5, Ø©JÑæ^���'¼ê (omni-directional

correlation function, ODCF) u��.k�5, ODCF

�±�¡u��5��5�'	, ��±·^u�
«Nþ���. Ø©��Ñ
A^���'¼êu
�í�&EP{��{, ¿lnØ©ÛÚêâ�ý
ü�¡�Ñy².

2 |±�þÅVã

�;ÚOÆ´ïá3��ªCÃ�õ�ì?
nØÄ:þ�, ,
3¢S¥¤U�����o
´k��; ùÒ´��o ²�ä�.¬ÑyL
[Ü��Ï. �éù�¯K, Vapnik �JÑ
ÚO
ÆSnØ (statistical learning theory, SLT), TnØØ

�ÄÔö8þ���, ��åu¦�.�E,Ý
¦�U�, TÅìÆS�K¡�(�ºx��z�
K (structural risk minimization, SRM). 
|±�þ
ÅÒ´ïá3(�ºx��z�KÄ:þ, �À�
O� ²�ä��Ð�{ [8,9]. SVM ���«Åì
ÆS�{, �^u©aÚ£8 (¼ê%C)[10−14], e
¡é|±�þ£8Å��n��{ü0�.

¤¢£8¯K,´�ÏL^��­�%C��
êâ:8 (xi, yi) (xi ∈ Rm, yi ∈ R, i = 1, · · · , l) 5
�O��¼ê f(x),¦�eª¤á:

yi = f(xi) + ei, (1)

Ù¥, ei �þ�� 0 ��� σ2 �D(. |±�þ
£8ÅK´|±�þÅ3£8+��A^. 8I¼
ê f(x) �U´�5��U´��5�, Ø�Ú�
Lã�

f(x) = (w · φ(x)) + b, (2)

3 (2)ª¥, � φ(·)���5¼ê�, f(x) 3Ñ\
�m´��5�; XJr¼ê φ(·) w�lÑ\�m
�A��m F �N�¼ê, K¼ê f(x) �±w�
A��m F ¥��5¼ê, F = {φ(x)|x ∈ X}. 3
Tª¥, w ∈ F ´Xê�þ, b ∈ R´�Ý ( �).

��Äu SRM �K�ÅìÆS�{, SVM Ï
L¦)±e�Ø�ª�å`z¯K�ï£8�.:

min
w∈Rn, b∈R, ξ(∗)∈R2l

R(w, ξ, ξ∗)

=
1
2
||w||2 + C · 1

l

l∑
i=1

(ξi + ξ∗i ),

s.t. ((w · φ(xi)) + b) − yi 6 ε + ξi,

i = 1, 2, · · · , l,

yi − ((w · φ(xi)) + b) 6 ε + ξ∗i ,

i = 1, 2, · · · , l,

ξi > 0 i = 1, 2, · · ·, l,

ξ∗i > 0 i = 1, 2, · · ·, l,

(3)

�±wÑ, T`z¯K�8I¼ê©�üÜ©:
1
l

l∑
i=1

(ξi + ξ∗i ) ´æ ^ ε- Ø ¯ a ��¼ê�Ô

ö 8 þ ² � ��;
1
2
||w||2 ´�«¼êE , Ý

� VC(Vapnik-Chervonenkis) ��.. ε- Ø¯a�
�¼ê� loss(x) = max(|f(x) − y| − ε, 0), ε > 0.

ª (3) ¥kü�ëêI�3)`z¯Kc��`
z¯K~ê<��½: C Ú ε. Ù¥, ε û½
Ø�
Ø¯a«��°Ý; C ¡�¨v (�K) ëê, ^u
N!Ôö8þ����ûü¼ê�E,ÝüÜ©
�'­. ù«Ã{dÆS��, 
I3ÆSc<�
�½�ëê¡�gdëê (free parameter, q¡�ë
ê meta-parameter ½�ëê hyper-parameter)[10]. Ø
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ùü�gdëê	, |±�þÅ�I��½Ø¼
ê�'gdëê, 
Ø¼ê�Ú\K�¦) (3)ª
`z¯K�L§k'.

�
¦) (3)ª�`z¯K, A^ Lagrange é
ó�n, K�`z¯K�±=z�±e�N´¦)
�`z¯K:

min
1
2

l∑
i=1

l∑
j=1

(α∗
i − αi)

(
α∗

j − αj

)
× (φ(xi) · φ((xj))

+ ε

l∑
i=1

(α∗
i + αi) −

l∑
i=1

yi (α∗
i − αi) ,

s.t.
l∑

i=1

(α∗
i − αi) = 0,

0 6 α∗
i , αi 6 C

l
,

(4)

ª¥, α(∗) = (α1, α
∗
1, α2, α

∗
2, · · · , αl, α

∗
l ) =� La-

grange ¦f. Tª´���5�å��g5y¯
K, ��3�Û�`). ^S���`z (sequential

minimization optimization, SMO) �õ«�{�±¦
)Ñ α(∗), KXê�þ�±L«�

w =
l∑

i=1

(α∗
i − αi)φ(xi), (5)

, 
, φ (·) ¿ Ø Ð ( ½. �
 ) û φ (·) Ø Ð (
½¯K±9(½Ñ5�A��m�O�þ��
� � ��Ý / J¯K, � Ä � (4) ª¥ φ (·) ±
SÈ�/ªA^�, ÏdÚ\Ø¼ê K(xi,xj),

k K(xi,xj) = (φ(xi) · φ(xj)) ¤á. �â Hilbert-

Schmidt �n, ���«$�÷v Mercer ^�, Ò
�±��Ø¼ê. ^Ø¼êK(xi,xj) 5�O (4)ª
¥� (φ(xi) · φ(xj)), k

min
1
2

l∑
i=1

l∑
j=1

(α∗
i − αi)

(
α∗

j − αj

)
K (xi,xj)

+ ε
l∑

i=1

(α∗
i + αi) −

l∑
i=1

yi (α∗
i − αi) ,

s.t.
l∑

i=1

(α∗
i − αi) = 0,

0 6 α∗
i , αi 6 C

l
.

(6)

¦� α(∗) = (α1, α
∗
1, α2, α

∗
2, · · · , αl, α

∗
l ) �, ûü¼

ê�

f(x) =
l∑

i=1

(α∗
i − αi)K (xi,x) + b, (7)

Ù¥ b ���|^ KKT(Karush-Kuhn-Tucker) ^�
¦�. Ï��kéA.¼¦f÷vª (α∗

i − αi) 6= 0

�Ñ\ xi âé f(x) kK�, 
� f(x) ���d
ù
Ñ\�þû½, ¤±ù
�þ�¡�|±�þ,

T�{�¡�|±�þÅ.

~^�Ø¼êkõ�ªØ!pd»�ÄØ
Ú Sigmoid Ø�. �©¥^��pd»�ÄØ¼ê
úª

K(x, x′) = exp(−γ ‖x − x′‖2), (8)

K(x, x′) = exp
(
− ‖x − x′‖2

2p2

)
. (9)

3 |±�þÅgdëêÀ��{

A^ SVM ?1�mS�ýÿ, ©� 3 Ú:Äk
é����mS�?1­���Ôö��; ,��
éTÔö��?1 SVM ï�, Ù¥, gdëê��
´Ä·���û½
¤ï SVM �.�`�; ��
A^¤��.?1ýÿ.

3.1 ���mmmSSS������­­­���

��mS� {x(t1), x(t2), · · · , x(ti), · · · , x(tl)},

Ù¥ x(ti) L«Ð©�m�¡1 i ��m:��I
�.�mS�ýÿÄ:´��m�­�, �i\�
� m, Ú� (½¡ò´)� τ , K­���Ñ\ÑÑ
é�

X = [x1,x2, · · · ,xN ]T

=


x(t1) x(t1+τ ) · · · x(t1+(m−1)τ )

x(t2) x(t2+τ ) · · · x(t2+(m−1)τ )
...

...
...

...

x(tN ) x(tN+τ ) · · · x(tN+(m−1)τ )

 , (10)

Y =


x(t1+mτ )

x(t2+mτ )
...

x(tN+mτ )

 =


y1

y2

...

yN

 , (11)
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Ù¥, N = l − mτ �­����m:ê. ïá�m
S��ýÿ�.=´éÑÑ\ X ÚÑÑ Y �m
�¼ê f ¦ (1)ª¤á. ò´ τ �Úi\�m ��
(½´'�¯K, 8c®kõ«¤Ù�{ [23].

3.2 ÄÄÄuuuííí���&&&EEEPPP{{{uuu���gggdddëëëêêêÀÀÀ���
���{{{���JJJÑÑÑ

SVM � ²�ä�'UgÄ(½�ä(�,

¢y�ÛÏ`; ��gdëê��ØÓ��òO�
ÑØÓ��ä(�Ú�.. Ïdgdëê���´
ÄT���û½
 SVM �.`�. l (3),(6)ª�
�, ù
gdëê�)Ø¯a��¼êëê ε!¨
vëê C, ±9Ø¼ê�'ëê.

8c, 'uØ¼ê�ÀJ��£´: ØÓ�¯
K·^�Ø¼êØÓ; 3vk�õk��£��¹
e, pd»�Ä (radial basis function, RBF) Ø¼ê
´ÄÀ, ÏÙé�5!��5XÚþkûÐ�%C
Uå [24].

3XÛÀJ�`gdëê¯Kþ, 8cÌ�ï
Äk: Schölkopf �JÑ
 υ-SVM �{ [15], ÏL�
� υ ����Ø©:�ê9|±�þ�ê¢y ε

�gÄO�; Smola Ú Kwok � [16,17] JÑ|^D
(��5À� ε;©z [18] JÑ|^ÑÑ��°Ý
�� C;©z [19] JÑ|^ K- ò���y{��
gdëê|;©z [20] JÑ^3�{ (leave one out,

LOO) �{: ©z [21] |^ÚOÆ©ÙÚ�&«m
VgU?
©z [17, 18] ¥ C Ú ε ����{,©
z [22] JÑ|±�þÅ^u©a�pdØ¼êë
êØ°Ý γ ����{. �ù
�{¥©z [22] �
·^u|±�þÅ©aA^, |±�þ£8Å¥A
^�õ��{´��8�{, T�{��J�6u
��8�À�, Ù�(5"ynØÄ:; ,	¤k
ù
�{�A^{ü�í��'ÚOþ'XØ�
²�Ú (mean squared error, MSE) �; 8c��v
k©z�Ä�mS�Ú�� SVM £8¯K�ØÓ
A5. �éù«�¹, �©JÑ
�«#��mS
� SVM gdëêÀ��{ —– Äuí�&EP{
u�� SVM gdëêÀJ�{.

�mS�ÚÊÏ£8¯K�3��é��Ø
Ó: ÊÏ£8¯K¥Ôö8���:Ï~b½´*
dÕá�, 
�mS�Ôö8¥�8I�mK�3
X�'5; ù�´�mS��¤±U
|^{¤ê

âïág£8�.¿ýÿ�5êâ��Ï. Ïd,

��k���.AT¦�Ôö8í�Ø¹P{&
E. ÄK, �±@�T�.vkéÐ�J�êâ¥
��'&E, I�?�Ú`z.

�mS���þ´�«AÏ�ÄåÆXÚ.

Ljung � [25]!Zhang � [26]!±9 Mao � [27] Ñï
Ä
ÄåÆXÚE£¥A^í��'5u��{
?1 ²�ä�.�.·^5u�, )û
�c 
²�äI�<�(½�ä(��¯K,¢y
 ²
�ä(�(½��ÆzÚgÄz, ��
éÐ�J.

SVM gdëêÀ�¯K��þ´�.E£ (model

identification)¯K, Ï�ØÓ�gdëê�û½

¤��|±�þ, ù
|±�þÚ¤(½�Ø¼ê
�å(½
�ª� SVM �.. �8c��, ÿvk
A^í��'5u��{5À� SVM gdëê�
ïÄ.

�ö3£Ä�ä�Öþêâ� SVM ýÿ¥J
Ñ
ÏLu�Ôöí�´ÄxD(5ÀJgdë
ê�{, ¿��éÐ�A^�J [28]. �3òT�{
í2�äk��5A�êâX��çf!Mackey-

Glass ��, �J%Øn�. ©ÛÙ�Ï3u: Ï&
�ä�Ñ�ÖþS���þ´�5�, Ïdí��
5Ã'�=L«í�´Ã'�; �cþ��çfê
��mS�K´��5�, Ùí��5Ø�'��
U��3��5��' [29]. Ïd, �©JÑ�«Ï
Lí�&EP{u�5À� SVM gdëê�{.

�e50�A^���'¼ê (ODCF) u�í�&
EP{9äNu���{, ¿l~fÚnØí�ü
�¡�Ñ
T&EP{u��{k�5�y².

3.3 ííí���&&&EEEPPP{{{uuu���ÚÚÚOOOþþþ���ÀÀÀ���

&EØ¥�p&E!P{!2ÂP{�ÚO
þÑ´ïþ�ÅCþ�'5� [30], �ù
�I�
vk²(�©Ù5Æ, ÏdÃ{^5?1,êâk
Ã&EP{�b�u�. 8c, ÊHæ^�3'é
È©VgÄ:þuÐ
5�u�P{� BDS ÚO
þ�3ü�¯K [31]: Äk, A^T BDS ÚOþ�
¦Ôö8Nþ��, ���¦�u 1000. Ùg, BDS

ÚOþ�U^uu�g�'5,Ã{u�ü��Å
Cþm��'. Zhang, Zhu Ú Longden � [32,33] J
Ñ�Äu ACF, CCF � ODCF X�ÚOþ, �±u
��)�5Ú��5'X�«�', 
�·^u�

170516-4



Ô n Æ � Acta Phys. Sin. Vol. 61, No. 17 (2012) 170516

)�Nþ�?¿Nþ��.u�¥.

ODCF Ú O þ � ) ODCCF (omni-directional

cross correlation function) Ú ODACF (omni-

directional auto-correlation function), 
 ODACF q
�±w� ODCCF ���A~, =ü��ÅS��
Ó��¹. e¡´ ODCCF �O��{.

�½ü��ÅS� a(t), b(t), -

α(t) = |a′(t)| =

∣∣∣∣∣a(t) − 1
N

N∑
t=1

a(t)

∣∣∣∣∣ ,

β(t) = |b′(t)| =

∣∣∣∣∣b(t) − 1
N

N∑
t=1

b(t)

∣∣∣∣∣ ,

(12)

K ODCCF k±eo«�'XêO�¼ê:

rαβ(τ) =

N∑
t=τ+1

(α(t − τ)β(t))√
N∑

t=1
(α(t))2

N∑
t=1

(β(t))2
, (13)

rαb′(τ) =

N∑
t=τ+1

(α(t − τ)b′(t))√
N∑

t=1
(α(t))2

N∑
t=1

(b′(t))2
, (14)

ra′b′(τ) =

N∑
t=τ+1

(a′(t − τ)b′(t))√
N∑

t=1
(a′(t))2

N∑
t=1

(b′(t))2
, (15)

ra′β(τ) =

N∑
t=τ+1

(a′(t − τ)β(t))√
N∑

t=1
(a′(t))2

N∑
t=1

(β(t))2
. (16)

nÜ±þ 4 «�'¼ê, ����^5ïþ�'5
� ODCCF ÚOþ¼ê ρab(τ):

|max(rαβ(τ), rαb′(τ), ra′b′(τ), ra′β(τ))|

> |min(rαβ(τ), rαb′(τ), ra′b′(τ), ra′β(τ))| ,

K

ρab(τ) = max(rαβ(τ), rαb′(τ), ra′b′(τ), ra′β(τ)),

(17)

ÄK

ρab(τ) = min(rαβ(τ), rαb′(τ), ra′b′(τ), ra′β(τ)).

(18)

� a(t) = b(t)�, þª¡� ODACF.

�â¥%4�½n9©z [26], �í�Ø¹P
{&E�, Ak

ρεε(τ) = 1, τ = 0,

ρεε(τ) ∼ N
(
0,

1
n

)
, Ù¦;

(19)

ρyε(τ) 6= 0, τ = 0,

ρyε(τ) ∼ N
(
0,

1
n

)
, Ù¦.

(20)

3.4 ÄÄÄuuuííí���&&&EEEPPP{{{uuu������gggdddëëëêêêÀÀÀ
������{{{999yyy²²²

�mS��.���«vkÑ\&E�Äå
ÆXÚ�^e¡êÆúªL«

y(t) =f(yt−1) + e(t)

=f(y(t − 1), · · · , y(t − ty)) + e(t). (21)

3?1�.E£�, ��ý¢�.��O�. f̂(·),
¿A^T�O�.��ÑÑ��O�

ŷ(t) = f̂(yt−1), ε(t) = y(t) − ŷ(t), (22)

Ù¥, ε(t)´31 t ��m:þ�ýÿØ�½¡í
�. éu��ÄåÆXÚ, ��k���.ATr
ý¢XÚ¥�k�&E�ÜJ�Ñ5,�{�í�
AT´xD(S� [28]. ��, XJ¤�í��g�
½öÑÑk�', KL«TÔö�.Ø´�`�,

AT?�ÚÔö, d��í��±L«�

ε(t) = ĝ(yt−1, et−1) + e(t). (23)

ĝ(·) �U´�5½��5�, §ATÏL?�ÚÔ
öJ���ª��O�. f̂(·) ¥. d (23)ª, �±
�Xeí�:

ε(t) =ĝ(· · · , y(t − p), · · · ) + e(t)

=ĝ(· · · , f̂(y(t − i − p)) + ε(t − p), · · · )

+ e(t). (24)

dTª�±wÑ, eÑÑÚí��', Kí�òL
yÑg�'. �ù�´nØþn��¹,¢Sþ, X
J¼ê g(t) �����uD( e(t) ���, Kí�
�g�'�Uu�ØÑ5, �!�e5òlnØ©
ÛÚ~fü�¡�Ñù«�¹�y². Ïd, Ø©
JÑ, 3u�í�´Ä¹&EP{�, I�Ó�u
�í�g��'5Úí��ÑÑ��'5âU�
�§Ý�y�.k�5Úgdëê�`5.
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½n - var(x) �L�ÅCþ x ���, �

3ê� k, �
var(e)
var(g)

> k �, ρεε(τ) oá3�½�

&Ýe�&«mS.

y² �â©z [32] ¥� Definition 3, ρεε(τ)

�´ 4 � ODCCF �¥�ýé�����, =

|ρεε(τ)| =max(|r|ε′||ε′|(τ)|, |r|ε′|ε(τ)|, |rε′ε′(τ)|,

|rε′|ε′|(τ)|). (25)

Ïde¡lo«�'Xê©Oy²:

r|ε′||ε′|(τ)

=

N∑
t=τ+1

|g′(t − τ) + e′(t − τ)||g′(t) + e′(t)|√
var(|g′ + e′|)var(|g′ + e′|)

6

N∑
t=τ+1

(|g′(t − τ)| + |e′(t − τ)|)(|g′(t)| + |e′(t)|)√
var(|g′ + e′|)var(|g′ + e′|)

≈

N∑
t=τ+1

|g′(t − τ)||g′(t)| +
N∑

t=τ+1
|e′(t − τ)||g′(t)|√

var(|g′ + e′|)var(|g′ + e′|)

=
r|g′||g′|(τ)

var(|g′ + e′|)
var(|g′|)

+
r|e′||g′|(τ)√

var(|g′ + e′|)var(|g′ + e′|)
var(|g′|)var(|e′|)

≈
r|g′||g′|(τ)
var(|e′|)
var(|g′|)

+
r|e′||g′|(τ)√

var(|e′|)
var(|g′|)

, (26)

r|ε′|ε′(τ)

=

N∑
t=τ+1

|g′(t − τ) + e′(t − τ)|(g′(t) + e′(t))√
var(|g′ + e′|)var(g′ + e′)

≈

N∑
t=τ+1

(|e′(t − τ)|)(g′(t) + e′(t))√
var(|g′ + e′|)var(g′ + e′)

≈

N∑
t=τ+1

|e′(t − τ)|g′(t)√
var(|g′ + e′|)var(g′ + e′)

=
r|e′|g′(τ)√

var(|g′ + e′|)var(g′ + e′)
var(|e′|)var(g′)

≈
r|e′|g′(τ)√

var(e′)
var(g′)

, (27)

rε′ε′(τ)

=

N∑
t=τ+1

(g′(t − τ) + e′(t − τ)))(g′(t) + e′(t)))√
var(g′ + e′)var(g′ + e′)

≈

N∑
t=τ+1

g′(t − τ)g′(t) +
N∑

t=τ+1
e′(t − τ)g′(t)√

var(g′ + e′)var(g′ + e′)

=
rg′g′(τ)

var(g′ + e′)
var(g′)

+
re′g′(τ)√

var(g′ + e′)var(g′ + e′)
var(g′)var(e′)

≈rg′g′(τ)
var(e′)
var(g′)

+
re′g′(τ)√
var(e′)
var(g′)

, (28)

rε′|ε′|(τ)

=

N∑
t=τ+1

(g′(t − τ) + e′(t − τ))|g′(t) + e′(t)|√
var(g′ + e′)var(|g′ + e′|)

≈

N∑
t=τ+1

(g′(t − τ) + e′(t − τ))(|g′(t)| + |e′(t)|)√
var(g′ + e′)var(|g′ + e′|)

≈

N∑
t=τ+1

g′(t − τ)|g′(t)| +
N∑

t=τ+1
e′(t − τ)|g′(t)|√

var(g′ + e′)var(|g′ + e′|)

=
rg′|g′|(τ)√

var(g′ + e′)var(|g′ + e′|)
var(|g′|)var(g′)

+
re′|g′|(τ)√

var(g′ + e′)var(|g′ + e′|)
var(|g′|)var(e′)

≈
rg′|g′|(τ)√

var(e′)var(|e′|)
var(|g′|)var(g′)

+
re′|g′|(τ)√
var(|e′|)
var(|g′|)

. (29)

�
var(e′)
var(g′)

= k.

1) éu (27)ªÚ (28)ª, ©fþ´�'Xê,

÷v |r|e′|g′(τ)| 6 1, |re′g′(τ)| 6 1, |rg′g′(τ)| 6 1,

|re′g′(τ)| 6 1, ©1�

√
var(e′)
var(g′)

=
√

k Ú
var(e′)
var(g′)

=

k, �'� k �u,���, ò�� r|ε′|ε′(τ), rε′ε′(τ)

á3�&«mS.

2) éuc¡ (26) ªÚ (29) ª, ©f�Ñ´�

'Xê, ýé��u 1, ©1¹
var(|e′|)
var(|g′|)

�, �±

y², e�ÅCþ x ∼ N(0, σ2), KÙýé��þ
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��
2σ√
2π

, ���
(π− 2)σ2

π
(y²�N¹), Ïd,

k
var(|e′|)
var(|g′|)

=
var(e′)
var(g′)

= k. �'� k �u,��

�, ò�� r|ε′||ε′|(τ), rε′|ε′|(τ) á3�½�&Ýe
��&«mS.

3) d ρεε(τ) �ýé�´þ¡ 4 �Xêýé�
���, nÜ 1), 2) �, ù�� k �3.

e¡Þ~`². �kXe��5�.:

y(t) = 0.8y(t − 1) + 0.8y2(t − 1) + e(t), (30)

Ù¥, e(t) ��ÎÜpd©Ù��Åþ, k e(t) ∼
N(0, 0.001).

�kXe 4 �í�úª:

ε1(t) = e(t),

ε2(t) = 0.6e(t − 1) + e(t),

ε3(t) = 0.1y(t − 1) + e(t),

ε4(t) = 0.02y(t − 1) + e(t).

(31)

O�±þ 4 «í�e����'¼ê, �)��
p�'Ú��g�'¼êXã 1— ã 4 ¤«, Ù

¥�J�L« 2 �IO�=�&Ýæ^ 95%�
��&«m. ã 1 w«, �.í��D(�, �
¢��e���'¼ê�Ñá3�&«mS, L
«d�.í�Ø¹P{&E, �.ÏLk�5u
�, ù�¢S�¹��. 
ã 2— ã 4 ¥, Ñk�
� 1 ��'¼ê�á3�&«m	. ã 2 w«, 3
¢�� lag = 2 �, í���g�'¼ê ODACF

� ρεε(2) á3�&«m	, L«í�¹kP{&
E, ù�¢S�¹�Î. ã 3 éA�1 3 «í�¼
ê g(·)´ÑÑL���¼ê, 3 lag = 2, ρεε(2) á
3 2 �IO�	, �,, Ù ρyε(2) �á3 2 �I
O�	. éu ε4(t), g(t) = 0.02y(t − 1) E,´'
uÑÑL���¼ê, � ε3(t) ���«O´Xê
d 0.1 ~�� 0.02, �ã 4 w«, ODACF ρεε(τ) ®
²�Üá3�&«mS, ©Û�ÏÒ3u31 4 «

í�¥, var(e) À var(g), k
var(e)
var(g)

= 781. �é

u ε4(t), ρyε(12), ρyε(13) Eá3�&«m	. Ïd,

u�í�´Ä¹&EP{I�Ó�u�g�'¼
ê ρεε(τ) Úp�'¼ê ρyε(τ), âU�Ð�u�í
�&EP{�¹, l
���`�gdëêÚ�..

0 2 4 6 8 10 12 14 16 18 20
-0.2

0

0.2

0.4

0.6

0.8
ODCCF

-0.2

0

0.2

0.4

0.6

0.8

1.0

ODACF

ρ
y
ε(
τ)

ρ
εε
(τ
)

lag

0 2 4 6 8 10 12 14 16 18 20

lag

(b)

(a)

ã 1 ε1 �k�5�y (a) ρyε(τ); (b) ρεε(τ)

170516-7



Ô n Æ � Acta Phys. Sin. Vol. 61, No. 17 (2012) 170516

ρ
y
ε(
τ)

ρ
εε
(τ
)

-0.2

0

0.2

0.4

0.6

0.8
ODCCF

-0.2

0

0.2

0.4

0.6

0.8

1.0

ODACF

0 2 4 6 8 10 12 14 16 18 20

lag

0 2 4 6 8 10 12 14 16 18 20

lag

(b)

(a)

ã 2 ε2 �k�5�y (a) ρyε(τ); (b) ρεε(τ)

-0.2

0

0.2

0.4

0.6

0.8
ODCCF

-0.2

0

0.2

0.4

0.6

0.8

1.0

ODACF

ρ
y
ε(
τ)

ρ
εε
(τ
)

0 2 4 6 8 10 12 14 16 18 20

lag

0 2 4 6 8 10 12 14 16 18 20

lag

(b)

(a)

ã 3 ε3 �k�5�y (a) ρyε(τ); (b) ρεε(τ)

170516-8



Ô n Æ � Acta Phys. Sin. Vol. 61, No. 17 (2012) 170516

-0.2

0

0.2

0.4

0.6

0.8
ODCCF

-0.2

0

0.2

0.4

0.6

0.8

1.0

ODACF

ρ
y
ε(
τ)

ρ
εε
(τ
)

0 2 4 6 8 10 12 14 16 18 20

lag

0 2 4 6 8 10 12 14 16 18 20

(b)

(a)

lag

ã 4 ε4 �k�5�y (a) ρyε(τ); (b) ρεε(τ)

4 ¢�Ú(J©Û

�!Äk£ãÏLA^ ODCF u�í�&E
P{5À��` SVM gdëê�¢�L§, ,�
0�3��çfS�Ú Mackey-Glass S�þ¢�
L§Ú(J.

|±�þÅæ^ RBF Ø�, Ø¼ê°Ý�'
ëê γ Ú¨vëê C éï�(JK�é�, 
Ø
¯a��«�°Ý ε ��Kéï�(JK�Øw
Í [21]. �Ä� ε ���|±�þ��ê�', �©
æ^ ν-SVR [15], Ta SVM ÏL� ν ���gÄO
��� ε ��, Ø�� ν = 0.1 [21]. éu γ ���,

A^ Cherkassky � [21] JÑ��{: pdØ°ÝA
T�NÔöêâ�Ñ\��, ��Ñ\êâ� 0.2

� 0.5 ��´�`�; éuõ�Ñ\�þ, éu8�
z� [0, 1] �Ñ\êâk

pm ∼ 0.2—0.5, Ù¥ m��ê. (32)

A^T�{�L§Xe: - ν = 0.1, æ^ (32)ª�
ÑO��{�� (9)ª¥Ø¼ê°Ýëê p �¿�

�¤ (8)ª γ ��, Tëê�(½
¼ê�E,Ý
Ú�.�[ÜUå. ,�UCëê C ��, ���
.ÏL3,����&«mþÔöí�ÃP{&
E�b�u�, d�gdëê��`�, ¤��.
��Z SVM �..

4.1 cccþþþ������çççfffêêêýýýÿÿÿ

cþ��çfê´��;.���5ÄåÆ
XÚ�)���5S�, Ïd~�^5u�Ú'
�ØÓ�ÆS�{9Ùýÿ�J. �
¦ýÿ(
Jäk��*��'5, �©¥��çfýÿ¢
�æ^�©z [34—36] �Ó�¢���, ¤^êâ
5g SIDC(solar influences data analysis center). ^
�æ^ matlab7.1 Ú libsvm2.83[37], �ò libsvm2.83

i\� matlab7.1 ¥¢yÌ�i@��. ¢�L§
Xe:

1) l����mS�¥­���m. éõï
ÄL²cþ��çf�mS��3·bA5, O
�ÙÛÉáÚf'é�ê D < 2, A^ Takens ½
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n m > 2D + 1, Ø©æ^i\� m = 5, ­�cþ
��çfS���m.

2) A^Äuí�&E{u��{À��`g
dëê.

i. � υ-SVM ¥|±�þN!ëê υ = 0.1.

ii. ��	�Ì�Cþ=�«Ø¼ê°Ý�ë
ê� γ. �Ý m = 5�, A^ (32)ªO��pdØ
L�ª (9) ¥ëê p ���, ¿��¤L�ª (8) ¥
� γ �����: 0.5—0.8. ±Ð�� 0.5 Ú�� 0.1

�T«mS γ ���.

iii. �	�Ì�Cþ� γ = 0.5,��S�Ì�
Ð©� C = 1. ±Ú� 1 é C ?1Ì�, uy3 2 �
IO�evk¦�ü« ODCF þ ρyε(τ) Ú ρεε(τ)

ÑÏLí�Ã&EP{u�� C. 
3 3 �IO
�ek�þÏLu� C. Ïd, Ì�~��&«m
���, Ú�æ^ 0.05 �IO�, ��vk C ¦
� ODCF þ ρyε(τ) Ú ρεε(τ) ÏLÃ'5u�. u
y�&«m3 2.65 �IO��´ÏLÃ'5u�
����&«m, 
d�ÏLu��1�� C �
� C = 1589�, �±@�d�.´ γ = 0.5��`
�..

iv. UC γ �¿­E±þ iii ¥�L§. γ = 0.6

�, ÏLÃ'u�����&«m´ 2.85 �IO
�. γ = 0.7�ÏLÃ'u�����&«m´ 2.8

�IO�, γ = 0.8´ 2.85 �IO�. Ïd�Z�.
éA�gdëê|� γ = 0.5, C = 1589, υ = 0.1.

3) A^¤��Z SVM �.é 1956—1979 c
���çfê?1ýÿ. (JXã 5 ¤«. éTý
ÿ5U?1µd, Äkæ^©z [34—36] ¥æ^
� NMSE �I, T�I�O��{Xe:

NMSE =
1

δ2l

( l∑
i=1

(yi − ŷi)2
)

,

δ2 =
1

l − 1

( l∑
i=1

(yi −
−
y)2

)
.

(33)

ýÿ5U9Ù�Ù¦©z¥ýÿ�{�'�XL 1

¤«, �±wÑ, ± NMSE ��ýÿ5Uµd�I,

�Ø©�{ýÿ°Ý�pu©z [35,36] ¥¤J�
{, �`u©z [34] ¥��{. ÚOþ NMSE `²
�´ýÿ(J�ý¢��oN £�¹,�
?�
Ú`²Ø�3�:þ�©Ù�¹, 2O� Pearson

�'Xê ρ, ÙO�úªXe:

ρXY =
Cov(X,Y )√

DX

√
DY

=
E{(X − E(X))(Y − E(Y ))}√

DX

√
DY

, (34)

Ù¥

E(X) =
1
n

n∑
i=1

Xi,

D(X) =
1

n − 1

n∑
i=1

(Xi − E(X))2.

O��� 1956—1979 c��çfýÿ��¢S�
��'Xê ρ = 0.93, �C��� 1, `²¢S��
ýÿ�k���©ÙÚr�, ýÿØ�3�:þ�
©Ù´þ!�, TA5lã 5 �±wÑ.

L 1 1956—1979 ccþ��çfêýÿ5U

Methods NMSE/%

Äuí�Õáu�� SVM 13.5

Benchmark[34] 15.4

Benchmark[35] 35.0

Benchmark[36] 28.0

1955 1960 1965 1970 1975 1980

0

40

80

120

160

200

ã 5 1956—1979 cþ��çfê¢S�Úýÿ�

4.2 Mackey-Glass SSS���ýýýÿÿÿ

1 2 � A ^´; . � p�· b X Ú —–

Mackey-Glass�ò�©úª�)�S�.

dx(t)
dt

= −0.1x(t) +
0.2x(t − td)

1 + x(t − td)10
. (35)

Tª´ï�É[�)¤�.�æ^�, ®²y²,

� td > 17�¤�)�S��p�·bXÚ. TS
��´µdýÿ�.�²;ÄOêâ [12,38], ã 6

170516-10



Ô n Æ � Acta Phys. Sin. Vol. 61, No. 17 (2012) 170516

� td = 30 �^o�9� - ¥©{ (Runge-Kutta

method) �)�c 1200 �êâ:.

1) æ^�©z [38] �Ó���m­��{:

i\� m = 6 ÚÚ� τ = 6, æ^�Úýÿ, =
òÑ\ XN �\�.�� x(tN+mτ ) �ýÿ�. r
��êâ8©� 6 �Õá�8Ü, 1 1 �8Ü S1

�¹: x1+(d−1)τ , d = 1, 2, · · · , 1 2 �8Ü S2 �
¹ x2+(d−1)τ , �daí, 1 6 �8Ü S6 �¹: xdτ .

©z [41] ò S1 �c 100 �:^�Ôö8, S2 �
c 100 �:^���8, ò¦���8Ø�²�Ú
���gdëê����`.
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ss
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↽ 

ã 6 Mackey-Glass�mS� MG17 �c 1200 �:

2) A^Äu&EP{u��{ÀJ SVM �`
gdëê.

i. � υ-SVM ¥|±�þN!ëê υ = 0.1.

ii.�Ý m = 6�, A^ (32)ªO�pdØL�
ª (9) ¥Ø°Ýëê p ���, ¿��¤L�ª (8)

¥� γ �����: 0.5—0.7, ±Ú� 0.1 �T«m
���.

iii. �	�Ì�Cþ� γ = 0.5,�S�Ì�ë
êÐ©� C = 1. é C ?1Ì�, u�zgÌ�¤
� SVM �.[Üí�´ÄÃ&EP{. �&«m
� 2 �IO�e1��í�Ã&EP{� C � 32.

iv. 3 γ = 0.6, γ = 0.7�­Eù�L§, �� 2

�IO�e����Ã&EP{� C ©O´ 36,

18. `²3 3 � γ = 0.5 �e, ÑkÜ·��.. Ø
�� γ ���e��..

3) �� g d ëê��: γ = 0.5, ν = 0.1,

C = 32, )`z¯K���`�.. A^¤��
.é S1 1 101—200 �:?1ýÿ. ¤�ýÿ(J
Xã 7 ¤«.

éTýÿ5U?1µd,Äkæ^©z [38] æ
^� RMSE(þ��Ø�), T�I�O��{�

RMSE =

√√√√1
l

( l∑
i=1

(yi − ŷi)2
)

. (36)

T�{9��8�{3ÿÁ8þýÿ� RMSE X
L 2 ¤«. L 2 ¥Ó��Ñ
éd��Æö3©
z [5] 9w�ì�Æö3©z [6] ¥ Mackey-Glass

¢�ýÿ5U.

L 2 Mackey - Glass S�ýÿ5Uµd

�{ RMSE

Äuí�Õáu� SVM 0.016

^ S2 ���8 0.018

ÄuÀJ5|±�þÅ8¤ [5] 0.04(MSE = 0.0016)

ëê�AO`z [6] 0.058(MSE = 0.0034)

dL 2 �±wÑ, Äuí�&EP{u��{
ýÿ°Ýpu��8�{, ¿`u©z [5,6] ¥�
�{. RMSE `²
ýÿ(J�ý¢��oN £
�¹, �
?�Ú`²Ø�3�:þ�©Ù�¹,

2O� Pearson �'Xê ρ = 0.998, �C��� 1,

`²¢S��ýÿ�k���©ÙÚr�, ýÿØ
�3�:þ�©Ù´þ!�, ù�O�(JÚã 6

¤«��.
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ã 7 Mackey-Glass S1 S�1 101—200 �:�ýÿ��
¢S�

©Û�©JÑgdëêÀJ�{ýÿ(JÐ
u��8�{��Ï, lã 8 �±wÑ: �X C �
O�, ÿÁ8Ø� (d?æ^ÚOþþ�Ø� mean

squared error, MSE) ²{
k~��O��CzL
§, ¿3 C = 32������; ù`²�X C �
O��.Ñy
kj[Ü��Z[Ü2�L[Ü
�Cz, ¿3 C = 32 NC���Z[Ü�.. ��
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�8þ� MSE 3 C = 32�E¥¯�eüª³, �
� C = 78 ±�âÂñ. Ïd, ��8 MSE �Cz
ÚÿÁ8 MSE �Cz¿ØÓÚ: 3ÿ8 MSE ��
�, ��8�?3²weü�ã, 
��8 MSE �
��¢Sþ®²?uL[ÜG�, ^��8�{5
À��Zgdëê��{�3ØÜn�?. �©J
Ñ�Äuí�&EP{u��gdëêÀJ�{
K)û
ù�¯K: 1��¦�í�Ø¹&EP{
� C � C = 32, d��´ÿÁ8Ø� MSE ���.

� � � � � � � � � � � ��� � �� � �� � �
�均

方
误
差

�	
 �� 
�� � � �� � �� � � � � � � �
ã 8 ëê C = 1—100�ÿÁ8Ú��8þ� MSE C
z�¹

5 ( Ø

�mS�ýÿ2�A^uéõ+�. Äu(�
ºx���K�|±�þÅEâÏÙ���nØ
Ä:, )û
DÚ ²�ä�3��k¯K, �5
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Abstract

The selection of hyper-parameters is a crucial point in support vector machine modeling. Different from previous method of

choosing an optimal model by using basic statistics of residuals in, the new approach selects hyper-parameters by checking whether

there is redundant information in residual sequence. Furthermore, omni-directional correlation function (ODCF) is used to test redun-

dancy in residual, and the accuracy of the method is proved by theoretical analysis and numerical simulation. Experiments conducted

on benchmark time series, annual sunspot number and Mackey-Glass time series, indicating that the proposed method has better per-

formance than the recorded in the literature.
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