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Abstract: A new method based on Gabor w avelets transform and hiddenM arkov model (HMM ) for face recognition
isproposed The Gabor w avelet representation of an mage is the convolution of the magew ith a family of multi-
reolution Gabor kernels The vectors called nodes, over a dense grid of image points are formed Each node is
labeled with a set of complex Gabor wavelets coefficients The magnitudes of the ooefficients are used for
recognition Feature nodes, asobservation vectorsof HMM , are derived by using independent component analysis to
reduce the dimensionality of nodes A set of mages representing different instances of the same person is used to
train each HMM. Each individual in the database is represented by an optmal HMM face model Experimental
results on the ORL face database show that the proposed algorithm provides a high recognition rate with a good
persective

Key words Face recognition; Gabor w avelets transform; Independent component analysis Hidden M arkov model
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