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Alarm Diagnosis Monitoring System of RCP
using Self Dynamic Neural Networks
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Dept.of Electrical Eng. Kyungpook Nat. Univ.”

Abstract - A Neural network is possible to
nonlinear  function  mapping and parallel
processing. Therefore It has been developing for
a Diagnosis system of nuclear plower plant. In
general Neural Networks is a static mapping but
Dynamic Neural Network(DNN) is dynamic
mapping. When a fault occur in system, a state of
system is changed with transient state. Because
of a previous state signal is considered as a
information, DNN is better suited for diagnosis
systems than static neural network. But a DNN
has many weights, so a real time implementation
of diagnosis system is in need of a rapid network
architecture. This paper presents a algorithm for
RCP monitoring Alarm diagnosis system using Self
Dynamic Neural Network(SDNN). SDNN has
considerably fewer weights than a general DNN.
Since there is no interlink among the hidden
layer. The effectiveness of Alarm diagnosis system
using the proposed algorithm is demonstrated by
applying to RCP monitoring in Nuclear power
plant.
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