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Typical Hodels of Artificial Neural Networks and Their Application Fields to the Poser Systen

Yunseok Ko, Hoyong Kim
Korea Electrotechnology Research Institute

ABSTRACT

The human brain has the most powerful capabilities
in thinking, interpreting, remembering, and problem-
solving. Artificial neural network is appeared by
scientists who have tried to simulate such a human
brain. The artificial neural network has the capa-
bility of learning, massive parallelism capability and
robustness for disturbance which are necessary for po-
wer system application. In this paper, we reviewed the
typical topologies and learning algorithms of artifical
neural networks which can be used for pattern classif-
ication. And we surveyed for the applications of artif-
ical neural network to the power system,
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