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Adaptive inverse control for a class of chaotic systems based on
support vector machines

LIU Han, LIU Ding
(School of Automation and Information Engineering, Xi’an University of Technology, Xi’an Shaanxi 710048, China)

Abstract: A new chaos control method based on support vector machines (SVM) of adaptive inverse control is proposed

which has excellent nonlinearity approximation ability and better generalization capability. In this control mechanism, an

identifier is established based on support vector regression, and under the inverse condition of control process a controller

based on support vector regression also designed. Simulation results also show that under proposed method, uncertain

Lorenz system with measurement noise can drive the system state exactly to some specific points.
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1 ÚÚÚóóó(Introduction)
C20c, é��5·bÄåÆXÚ�����


2�
�\�ïÄ.é·bXÚ����©�ü

a[1]: �a´³�XÚ�·b1�;,�a´�)½

öO\��5XÚ�·b(·b_��)[2] .8c®²

JÑ
éõ·b����{ÚEâ, ~XOGY{[3],

�©AÛ{[4],_�`��{[5] ,g·A��{[6] ,�

í{[7],�U���{[8∼12]�. �´,�õê·b�

���{þ´3®�·b�.ëê!Ø�ÄXÚ

�Ø(½5ÚÿþD(�b�e5�O��ì. ,


3¢S�ÔnXÚ,·bXÚ�ëêéJ°(®

�,	Ü6Ä�·bXÚ�5Ø(½5±9Úÿþ

D(,ù
Ï��U¬��XÚ���5Uî­ò

z.Ïd,ù
Ï��K�3�O��ì±9¢y·

bXÚ���ØUØ\±�Ä.

ÚOÆSnØ(statistical learning theory, SLT)́

dVapnikïá��«;�ïÄ���eÅìÆS5

Æ�nØ[13,14],|±�þÅ(support vector machines,

SVM)´3ù�nØÄ:þuÐå5��«#�©

aÚ£8óä. |±�þÅÏL(�ºx��z

�n5Jp�zUå, ò�`©a¡¯K=z�

¦)à�g5y¯K, �Ð�)û
���!��

5!p�ê!ÛÜ4�:�¢S¯K, 8c®3��

5&Ò?n±9��5XÚ��+����õ�

A^[10∼12]. ©z[10]ò|±�þÅ¤õ�A^u·

bXÚ���,�Ñ
Äu ²�ä�·b��¥,

 ²�ä(�Úa.J±ÀJ!I��O�ëê�

éu���êâ��w��õl
��¤���

 ²�ä�.éêâ��LÆS!�zUåØ
±

9 ²�ä�k�´ÂñuÛÜ4��"�, ¼�


éÐ�(J. �´3��ì��O¥, Ñvk�

Ä·bXÚ¥�3�Ø(½5ÚÿþD(¯K. �

©JÑ
�«Äu|±�þÅ�g·A_���

{, 3·bXÚ�kØ(½5±9ÿþD(�, T

���{�±òXÚ�G�����½G�, ÏL

éLorenzXÚ��ý¢�, �y
T�{�k�5
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2 |||±±±���þþþÅÅÅ£££888���ÄÄÄ������nnn(Principle of
support vector regression)
�½Ôö8{xk, yk; k = 1, 2, · · · , N},Ù¥Ñ\

���xk ∈ R
N ,ÑÑ���yk ∈ R,ÀJ��5C

�Φ(·), òþãÔö8l��mN��p�A��

mF,¿3d�m�E�`�5£8¼ê

f(x) = ω
T · Φ(x) + b. (1)

ù�3p��m��5£8ÒéAu$�Ñ\�m

���5£8. 3Vapnik εØ¯a��¼ê�½Â

e[13]

|y−f(x)|=





0, |y−f(x)|6ε,

|y−f(x)|−ε, Ù¦.
(2)

ª(1)�¦)=z�eª��`¯K¦):

min
ω,b,ξ,ξ∗

J(ω, ξ, ξ∗) =
1

2
ω

T
ω + C

N∑
k=1

(ξk + ξ∗

k). (3)

�å:




yk − ω
TΦ(xk) − b 6 ε + ξk,

ω
TΦ(xk) + b − yk 6 ε + ξ∗

k ,

ξk, ξ
∗

k > 0,

(4)

Ù¥: ε�I�Cq�°Ý, ξk, ξ∗

k�?n¼êf3ε°

ÝeØU�O�êâ¤Ú\�tµCþ, C > 0�

¨vëê. ª(3)�¦)�±=z�Lagrangeéó¯

K¦):

max
α,α∗

L(α,α∗) =

−
1

2

N∑
k,l=1

(αk − α∗

k)(αl − α∗

l )K(xk, xl) −

ε
N∑

k=1

(αk + α∗

k) +
N∑

k=1

yk(αk − α∗

k). (5)

�å: 




N∑
k=1

(αk − α∗

k) = 0,

αk, α
∗

k ∈ [0, C],

(6)

Ù¥αk, α
∗

k½Â��K�Lagrange¦f, Ø¼ê

K(xk, xl)½Â�

K(xk, xl) = Φ(xk)
T · Φ(xl), (7)

Ïd��5�SVM¦)Ø^��ÄN��äNL

�/ª, �I�ÀJÜ·�Ø¼ê. ��SVMé�

�5¼ê£8�(J�

f(x) =
N∑

k=1

(αk − α∗

k)K(x, xk) + b. (8)

3 ÄÄÄuuu|||±±±���þþþÅÅÅ���···bbbXXXÚÚÚggg···AAA___

������(Chaos control based on support vector
machines of adaptive inverse control)
g·A_��3��XÚ��O¥´�«é#

L��{,T�{^��é��_��Gé��ì

éXÚ�Ä�A5�m���, æ^�"Ø´�


��XÚ¥�&Ò6Ä,
´^uN���XÚ¥

��Cëê,l
;�
Ï�"
�UÚå�Ø­

½¯K, ¦Ä���5U��Uõ, ¿�Ä�A5

��Úé�6Ä���©�ü�üÕ�L§
p

ØK�._���¹ÂÒ3uÏLg·A¦���

ì%C��é��_,l
¦���XÚ�c�Ï

��D4¼ê�1, ù�B�±�yÑÑ�lÑ\

�Cz. Äu|±�þÅ�·bXÚg·A_�

��µãXã1¤«, XÚd��ìÚE£ì�¤,

E£ìdSVM5�¤é·bXÚ���.�ÆS;

3��L§�_�cJe, dSVMïá·bXÚ�

_�.�¤��ì,Ù¥^uÔöE£ì�Ø�&

ÒdüÜ©|¤: 5UØ�ep = yd − yÚ�lØ

�et = y − ŷ.

ã 1 ÄuSVM�g·A_��µã

Fig. 1 Adaptive inverse control architecture based on SVM

3.1 ÄÄÄuuuSVM£££888���XXXÚÚÚEEE£££ììì(Identifier based

on support vector regression)
�Ä��lÑüÑ\üÑÑ��5XÚ�êÆ

�.�dª(9)5£ã:

y(k+1)=f(y(k),· · · ,y(k−n), u(k),· · · ,u(k−m)),

(9)

Ù¥y ∈ R
n, u ∈ R

m,m 6 n, uÚy©OL«é��

��Ñ\Ú��5XÚ�ÑÑ.

�E

X(i) = (y(i), y(i − 1), · · · , y(i − n),

u(i), u(i − 1), · · · , u(i − m)), (10)

Ù¥i = 1, 2, · · · , N , N����ê. dª(9)���

y(i + 1) = f(X(i)), (11)

Ù¥f�I�%C���5¼ê. �EÆS��
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é(X(i), y(i + 1)),æ^|±�þ£8��{Ôö|

±�þÅ,ù�ò��5���êâ�±N��p

��m��5ÑÑ/ª:

ŷ(k+1)=
l∑

i=1

(αi−α∗

i )K(X(i), X(k))+b1, (12)

Ù¥X(i)½Â�|±�þ, éAuVapnik�εØ¯a

��¼ê[13]�αi − α∗

i Ø�0��þ, l�|±�þ�

�ê, b1� ��. K(·)�Ø¼ê, ��À�RBFØ

¼ê,Xª(13)¤«,Ø¼ê�ëêσL¯k(½.

K(X(i), X(k)) = e(− ‖X(i)−X(k)‖2

2σ2 ). (13)

SVME£ì�Ôöæ^3�Ôö��ª, l�ÆS

Ð�SVM�.ÏL3��?��{?13��.

�?�[15], T�{æ^ÅÚ�#��{, ~�
Ô

ö�m, Ï
�±3�é¤æ8�êâ?1�.

?�, d|±�þ£8�{ïá��.�3��

#Ú?��±���Ý�%CÚCq�kØ(½

5���5XÚ. Ø�&Òeidep = yd − yÚet =

y− ŷ|¤,�dSVMÆS��.%Cué��.�,

y − ŷ → 0,��ì¤^��Ø�ec = yd − ŷòòz

�(yd − y), (yd − y)´ÊÏ�4�XÚ~^��"

&Ò.

3.2 ÄÄÄuuuSVM£££888���������ììì���OOO(Controller

based on support vector regression)
©z[16]�[�ïÄ
ª(9)��_¯K¿��

Xe(Ø:

½½½nnn 1 XJª(9)éuu´î�üN�, KX

Ú(9)3[y(k), · · · , y(k−n), u(k), · · · , u(k−m)]T?

´�_�[16].

ÏdXJ��L§´�_�,K�±æ�·��

�{ïáL§�_�.,ù�_�.Ò´�©¤�

O���ì. b�XÚ(9)́ �_�, KXÚ�_�

.Ò´��ì,=

u(k) = f−1(yd(k + 1), y(k), y(k − 1), · · · ,

y(k − n), u(k − 1), · · · , u(k − m)), (14)

Ù¥f−1�I�%C���5¼ê. éu��5X

Ú,Ù_�.  éJ��)Û).�duL§´�

_�,Ï
_�.�½�3,�±æ�SVM£8��

{5�O_�..

-

Y(k) = (yd(k + 1), y(k), y(k − 1), · · · ,

y(k−n), u(k−1), · · · , u(k−m)), (15)

Ó�ïá��é(Y(i), ui),æ^|±�þÅ£8�

�{ïáu(k)�|±�þÅ�.:

u(k) =
h∑

i=1

(βi − β∗

i )K(Yi, Yk) + b2, (16)

ª(16)¥�ëê�½Â�ª(12)�Ó.

æ^SVM£8%C��5¼êfÚf−1 ,©Oï

á��5é����Ú_�., �Ñ
 ²�ä�

zUåf±9´�\ÛÜ4��":. dSVM�¤

�°(�_�.�±¦���ìÚ�.�­�O

Ã¦È�1,l
�y��XÚ��lA5ØÑy·

�.

4 ���ýýý¢¢¢~~~(Simulation experiments)
1963c, LorenzXÚ�ÄgJÑ^5£ãUíC

z¥Ø�ýÿ�1�. Cc5, Lorenz�§���õ

�^5£ãNõØÓ�¢SÔnXÚ. LorenzXÚ

dXe��©�§5£ã:




ẋ = a(y − x),

ẏ = cx − xz − y,

ż = xy − bz.

(17)

�a = 10, b =
8

3
, c = 28�XÚ¥y·bG�. ��

Äd	Ü6Ä�XÚ�5�Ø(½5�, �kØ(

½5�LorenzXÚ�dª(18)5£ã:




ẋ = a(y − x) + d1,

ẏ = cx − xz − y + d2,

ż = xy − bz + d3,

(18)

Ï~b½Ø(½5di , i = 1, 2, 3´k.�,=

|di| 6 li, i = 1, 2, 3. (19)

�©ïÄ�·bXÚ��¯K´ò�kØ(½

5ÚÿþD(�LorenzXÚdÐ©G�����½

�G�. ´yLorenzXÚéu��Ñ\u´üN�,

Ïd�â3.2!�½n��XÚ´�_�, Ïd�±

¦^�©JÑ�ÄuSVM£8�g·A_���

�{?1��.

4.1 ÃÃÃØØØ(((½½½555!!!ÃÃÃÿÿÿþþþDDD(((���LorenzXXXÚÚÚ���
���(Lorenz system control without uncertainty

and measurement noise)
Xã1¤«, b½Ø�ÄXÚ�Ø(½5,

di = 0, i = 1, 2, 3; Ø�ÄXÚ�ÿþD(, =

-ν = 0. æ^ÄuSVM�g·A_���{�

�LorenzXÚlÐ©G�(x0 , y0, z0) = (3, 9, 2)�

�½G�(xr, yr, zr) = (4, 4, 6). E£ìÚ��ì

�SVM£8���¼êæ^εØ¯a��¼ê,Ø¼

êÀ��RBF¼ê,ëêCÚσÏL10-fold��u�

��{©O(½�C = 170, σ = 0.2,Ø�þ�0.01.

�ý(JXã2¤«,��Ñ\u3t = 3 s��\,X



764 � � n Ø � A ^ 1 24ò

ÚG��±éÐ������½G�(4, 4, 6).

ã 2 ÃØ(½5!ÃÿþD(�LorenzXÚ��

Fig. 2 Lorenz system control without uncertainty and

measurement noise

4.2 ���ÄÄÄØØØ(((½½½555!!!ÃÃÃÿÿÿþþþDDD(((���LorenzXXXÚÚÚ
������(Lorenz system control with uncertainty

and without measurement noise)
�ÄXÚ�Ø(½5,�





d1 = cos(3t),

d2 = 0.5 sin t,

d3 = 0.5 cos(8t).

(20)

ù� 




|d1| 6 l1 = 1,

|d2| 6 l2 = 0.5,

|d3| 6 l3 = 0.5.

(21)

E,Ø�ÄXÚ�ÿþD(, -ν = 0. ù�æ

^ÄuSVM�g·A_���{��LorenzXÚl

Ð©G�(x0, y0, z0) = (10, 6, 6)��½G�(xr , yr,

zr) = (3, 3, 3.5). E£ìÚ��ì�SVM£8��

�¼ê�εØ¯a��¼ê, Ø¼êÀ��RBF¼

ê,ëêCÚσÏL10-fold��u���{©O(½

�C = 200, σ = 0.2, Ø�þ�0.01. �ý(JX

ã3¤«,��Ñ\u3t = 3 s��\,XÚG��±

éÐ������½G�(3, 3, 3.5).

ã 3 �ÄØ(½5!ÃÿþD(�LorenzXÚ��

Fig. 3 Lorenz system control with uncertainty and without

measurement noise

4.3 ���ÄÄÄØØØ(((½½½555±±±999ÿÿÿþþþDDD(((���LorenzXXXÚÚÚ
���������(Lorenz system control with uncertainty

and measurement noise)
�^uï��êâ¥V\þ��0!���ÿ

þ�Ì��0.001�xD(, Ó�XÚ�3(20)£

ã�Ø(½5�, ^�kD(�êâïáSVM£

8�.. æ^ÄuSVM�g·A_���{�

�LorenzXÚlÐ©G�(x0 , y0, z0) = (10, 6, 6)�

�½G�(xr, yr, zr) = (3, 3, 3.5).
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SVM£8�ëêÓþ, �ý(JXã4¤«,�

�Ñ\u3t = 3 s��\, 3�3Ø(½5Úÿþ

D(�,XÚG�Ó��±éÐ������½G

�(3, 3, 3.5). dã3Úã4��, ��ÄXÚ�Ø(

½5ÚÿþD(�, ÄuSVM�g·A_���{

éLorenz·bXÚ���E,k�.

ã 4 �ÄØ(½5ÚÿþD(�LorenzXÚ���

Fig. 4 Lorenz system control with uncertainty and

measurement noise

5 (((ØØØ(Conclusions)
±ÚOÆSnØ�nØÄ:�|±�þÅ,du

Ú?
Mercer¼ê,�¢yr����5%CõU,

ù�y
£8�O|±�þÅ3��5XÚE£9

��¥�A^. �©�é�a;.���5·bX

Ú,òg·A_��Ú|±�þÅ£8kÅ�(Ü

å5,¿òT�{A^uLorenzXÚ���,ØI�


)é��õ�k��£, �I�
)��é��

Ñ\ÑÑêâÒ�±éXÚ?1��, 
�é�k

Ø(½5ÚÿþD(�·bXÚE,�±�¤k�

���.�ý(JL²T�{´k��Ú�1�. ù

´·b��¥��«­��#�{, äk­��ï

Ä¿Â.
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