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(The Suggestion of LINF Algorithm for a Real-time Face Recognition
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Abstract

In this paper, we propose a new LINF(Linear Independent Non-negative Factorization) algorithm for real-time face
recognition system. This system greatly consists of the two parts: 1) face extraction part; 2) face recognition part. In the
face extraction part we applied subtraction image, the detection of eye and mouth region , and normalization method, and
then in the face recognition part we used LINF in extracted face candidate region images. The existing recognition system
using only PCA(Principal Component Analysis) showed low recognition rates, and it was hard in the recognition system
using only LDA(Linear Discriminants Analysis) to apply LDA directly when the training set is small. To overcome these
shortcomings, we reduced dimension as the matrix that had non-negative value to be different from former eigenfaces and
then applied LDA to the matrix in the proposed system. We have experimented using self-organized DAUFace database
and ORL database offered by AT&T laboratory in Cambridge, UK. to evaluate the performance of the proposed system.
The experimental results showed that the proposed method outperformed PCA, LDA, ICA(Independent Component

Analysis) and PLMA(PCA-based LDA mixture algorithm) method within the framework of recognition accuracy.

Keywords : Face recognition, PCA(Principal Component Analysis), LDA(Linear Discriminants Analysis),
NMF(Non-negative Matrix Factorization), ICA(Independent Component Analysis)
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Table 1. Comparisons of process time with the number
of facial images and database.
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Table 2. The reaHtime recognition performance  of
DAUFace database(%).
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Table 3. Comparisons of recognition rates with existing
methods and LINF method.

Z UHS3 LINF g kel olAlE d|m

EQUsH%) (A BL(%)| Total(%)

Method DAU DAU DAU | -
ORL ORL ORL

Face Face Face
PCA 683 | 604 | 65 61 65 59
LDA 82.3 81 80 78 &2 80
ICA &5 | 797 | 5 | 732 78 75
PLMA 914 91 91 | 916 | 912 91
LINF 935 92 | 915 | 917 | 924 92
2 4 st 2Iz(E3 dAE HlW (%)

Table 4. Comparisons of recognition rates with learning
algorithms(%).
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Table 5. The class separability measurement of LINF

method.
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