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Abstract: A differential state observer that does not rely on themodel ispresented Itsparaneters are distributed
through analyzing its root-locus and pole requirements The observer itself is a high order differentiator that is able
to extract the high order differential Based on L yapunov stability theory, an adaptive neural networks controller is
designed, w hich makes the closed-loop systen asymptotically stable and robust for changing of the model and the
disturbance of theplant The controller not only considers differential of the errors betw een the output and the given
input but alo considers high orders differentials of the errors, thus the control quality is mproved The smulation
exanples show the effectiveness of themothed
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