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ABSTRACT

The class information of the data is sufficiently utilized and a feature extraction algorithm is proposed
called graph-optimized linear discriminant projection ( GoLDP) based on graph-optimized locality
preserving projection ( GoLPP) . The graph of GoLDP is constructed by optimizing an objective function
which is similar to GoLPP. GoLDP constructs two optimal graphs ( optimal intrinsic graph and optimal
penalty graph) by using class information which is different from GoLPP and obtains the optimal
projection matrix according to these two optimal graphs. Experimental results on FERET and YALE face
databases and the PolyU palmprint database demonstrate the effectiveness of GoLDP.
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Tablel ~ Maximal recognition rates of GoLDP under different

regularization parameters

Yo

~

n
0.0 xd, 0.1 xd, 1 xd, 10 xd, 100 x d,

0.01 xd,  46.8 46.5 46.5 46.5  46.5
0.1 xd,  47.0 47.0  46.5 46.5  46.8
1 xd, 46.5 47.0  46.8 46.8  47.0
10 x d, 46.5 47.3  46.8 48.8  48.5
100 xd,  46.5 47.3  46.8 48.5  48.5

3

1 GoLDP

2 PCA LDA LPP GoLPP GoLDP

SR S

)

w

3
IEAREL

1 GolDP
Fig.1  Objective function of GoLDP changing by iteration time
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Table 2 Maximal recognition rates of 5 algorithms on FERET
face database and corresponding dimensions
PCA  LDA LPP GoLPP GoLDP
/% 45.5 47.5 44.0 47.5 48.8
38 51 48 66 43

4.2 YALE
YALE
15 165
11
100 % 80
234 5
20 . 3 PCA
LDA LPP GoLPP GolLLDP
35 YALE
Table 3 Maximal average recognition rates of 5 algorithms on
YALE face database and corresponding dimensions
PCA LDA LPP GoL.PP GoLDP
2 87.5% 87.0% 84.9% 85.6%  89.7%
(28) (13) (13) (13) (13)
3 89.3%  90.5%  88.2%  89.6%  92.8%
(41) (13) (15) (15) (15)
4 90.9%  92.5% 91.7%  92.0% 94.7%
(56) (14) (16) (17) (17)
5 91.7%  93.0%  92.5%  92.8%  95.3%
(21) (14) (19) (22) (21)
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Table 4 Maximal recognition rates of 5 algorithms on PolyU

palmprint database and corresponding dimensions
PCA  LDA LPP GoLPP GoLDP

/% 88.0 91.7 92.0 92.3 93.3
105 94 97 92 96
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