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Abstract In this paper, we proposed a new pattern classifier which can be incrementally learned,
be added new class in learning time, and handle with analog data. Proposed pattern classifier has
hierarchical structure and the classification rate is improved by using different metric for each levels.
Proposed model is based on the Gaussian ARTMAP which is an artificial neural network model for
the pattern classification. We hierarchically constructed the Gaussian ARTMAP and proposed the
Principal Component Emphasis(P.CE) method to be learned different features in each levels. And we
defined new metric based on the P.CE. P.CE is a method that discards dimensions whose variation
are small, that represents common attributes in the class. And remains dimensions whose variation are
large. In the learning process, if input pattern is misclassified, P.C.E are performed and the modified
pattern is learned in sub network. Experimental results indicate that Hierarchical Gaussian ARTMAP
vield better classification result than the other pattern recognition algorithms on variable data set
including real applicable problem.
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