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Abstract
A new chaos control method based on Least-Square Support Vector Machines LS-SVM is proposed which has the excellent
nonlinearity approximation ability and better generalization capability. Many chaotic systems can be composed into a sum of a
linear and a nonlinear parts. LS-SVM has been applied in off-line identification of nonlinear part in continuous chaos system and
the identification model has been joined in system to compensate nonlinearity. Subsequently a linear state feedback controller has
been developed to drive chaotic system to desirable points. It is proven by simulations for three representative continuous chaotic
systems that the proposed method is effective to control the chaotic system and closed-loop system with state feedback and the

LS-SVM approximator is stable.
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