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Face Recognition using LDA and Local MLP
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Abstract

Multilayer percepteon has the advantage of learning their optimal parameters and efficiency. However, MLP shows
some drawbacks when dealing with high dimensional data within the input space. Also, it is very difficult to find the
optimal parameters when the input data are highly correlated such as large scale face dataset. In this paper, we
propose a novel technique for face recognition based on LDA and local MLP. To resolve the main drawback of MLP,
we calculate the reduced features by LDA in advance. And then, we construct a local MLP per group consisting of
subset of facedatabase to find its optimal learming parameters rather than using whole faces. Finally, we designed the
face recognition system combined with the local MLPs. From various experiments, we obtained better classification
performance in comparison with the results produced by conventional methods such as PCA and LDA.
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