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Abstractt An optimal control method based on continuous Hopfield neural network (CHNN) is proposed for
multivariable time-varying systens The equivalence betw een linear quadratic (LQ) performance index in moving-
tme horizon and energy function of CHNN is built theoretically, and the CHNN is constructed to lve LQ
optimization control problans M oreover, the receding optimization strategy is adopted to form closed-loop control
structure that includes CHNN. T herefore, the dynamic optimization control for multivariable time-varying systens
is realized in infinite-time horizon Smulation results show the effectiveness of proposed method
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