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The Study of Neural Network Face Recognition System for Static Images (III)
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Abstract

Selecting proper and important features
1s an essenfial task for efficient face
recognition. Most of recognition or
classification algorithms proposed to extract
and to use features i uniform manner from
each object. We believe the constraint on
uniform number of features could be relaxed
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to non-uniform and yet to achieve better
recognition performance. In this project, we
present a PDBNN based feature reduction
algorithm that deletes some feature vectors
which contribute the least among of the
whole

feature set. The deletion is performed on
indrvidual facial basis. By applying the
proposed algonthm, we performed some face
recognition experiments on a in-house 151
people facial database and the ORL database.
The experimental results show the
recognition accuracy improved from the
original 86.26% (2500 features) to 94.87% by
using only 1000 features on the m-house
database, and the recognition accuracy
mproved from 92.5% (10304 features) to
08.5% (8000 features) on the ORL database.

Keywords: Face Recognition, Neural
Networks, Feature selection, PDBNN
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