AANZGANN Y NPGA 2ol 2] Hgo] hF 12

A

AZUSL ofsiofe oF etz

Application of Nonlinear System Identification Theory to the
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ABSTRACT

In this paper, several nonlinear system
identification theories and the application of these
methods to the physiological system are reviewed
by extracting significant results from the literature.
Methods based on functional series expansion,
parameter estimation, block~oriented models are
included. However, there is still considerable
debate about the advantages and disadvantages of
each approach. This is true primarily because
each method has limitations on the types of
assumption and interpretation, types of nonlinear
elements, etc. This means that user must select
an appropriate method and the selection will
depend on the problem under investigation.
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