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ABSTRACT

In this paper, we propose method to improve recognition performance using the most effective algorithm selectively
after clustering various face data, because recognition performance of each algorithm according to facial attribute is
change. The proposed face recognition is divided into two steps. First step is the clustering integrated various data to
be optimized in algorithm. Second is that classify input image by a similar cluster, select suitable algorithm and
recognize the target. This thesis takes the first step towards the creation of a synthetic classifier fusiontesting
environment. The effects of data correlation on three classifier fusion techniques were examined. We proposed fusion
method for each recognition algorthm’s result. This research explores how the degree of correlation in classification

data affects the degree of accuracy in a fusion context.
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