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Comparison of On-Line Diagnotic Methods on Multi-Channel Signals
in Nuclear Plant
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Abstract : In this paper, we have evaluated the methods to generate the referencé ‘signal for the diagnosis of
multi-channel signals. The channel signal integrity can be known by the difference between the reference
signal and each channel value. The generation method of reference signal is important in the diagnosis of
multi-channel measurement system. The continuous weighting average method rejects the abnormal signal
using weighting method and makes the reference signal using sumation of all channel values. This gives the
simple and reasoanble reference signal. The principle compononent analysis, one of the multivariate analysis
methods, and the neural network method give the reliable reference signal by using signal models, and learning
algorithm. Two methods can make the reliable reference if all signals are normal, but any signal having the

drift have an effect on the reference.
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Fig. 5. Reference Signal by Multivariate Analysis
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