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Abstract

This paper proposed face recognition methods about performance improvement of the face recognition using
the properties of wavelet transform. Using discrete wavelet transform is Daubechies D4 filter that is similar
to mother wavelet transform. For discrete wavelet transform method, In this case, by using LL subband only
we can reduce processing time and amount of memory in recognition processing. To improve recognition ratio
without further loss of 2 dimensional data changing, We applies 2D LDA. We perform SVM training algorithm
to the feature vector obtained by 2D LDA. Experiment is performed using ORL database set and Yale database
set by Matlab program. Test result shows that proposed method is superior to existence methods in recognition
rate and performance time.
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Fig. 1. Example of Hyperplane in SVM.
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Fig. 2. Block diagram of the proposed method.
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Fig. 3. Example of discrete wavelet transform.
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Table 1. Comparison table of recognition ratio.
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Table 2. Processing time comparison for ORL Database.

ORL DB
R -
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1D PCA 6.42
7] |2D MPCA + LDA 978
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H | WT +2D PCA 553| 280
2D LDA+SVM 063 036] 027
A b
(WT-LL+2D DASVM) 316] 280| 021 013
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Table 3. Processing time comparison for Yale Database.
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