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Self-Organized Ditributed Networks as Identifier of
Nonlinear Systems

Jong-Soo Choi’, Hyongsuk Kim", Sung-Joong Kim"™,
and Chang-Ho Choi’
* R&D Center, POSCON CO.

Abstract : This paper discusses Self-organized Distributed
Networks(SODN) as identifier of i dynamical systems. The
structure of system identification cmploys series-parallel model. The
identification procedure is based on a discrete-time formulation. The
learning with the proposed SODN is fast and precise. Such
properties arc caused from the local leamning mechanism, Each local
networks leams only data in a subregion. Large number of memory
requirements and low generalization capability for the untrained
region, which are drawbacks of conventional local network learning,
are overcomed in the SODN. Through extensive simulation, SODN
is shown to be effective for identification of nonlinear dynamical
systems
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