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Uncorrelated Locality Preserving
Projections Analysis Based on
Maximum Margin Criterion

GONG Qu' TANG Ping-Feng!

Abstract Locality preserving projections (LPP) algorithm
can only preserve nearest local quantity, so within-class and
between-class local scatter matrices are introduced for charac-
terizing the manifold structure better, and a method called un-
correlated locality preserving projection analysis based on effec-
tive and stable maximum margin criterion (MMC) is proposed.
When maximizing the trace difference of scatter matrix, weight
the within-class and between-class local scatter matrix through
a regularized parameter so as to find the better classification
subspace and avoid small sample problem. More importantly,
the discriminant feature set based on the MMC is generally sta-
tistical correlated, which makes the feature information be re-
dundant, so an uncorrelated constraint was added in the paper
and the uncorrelated discriminant feature set is extracted by the
derived formulas, which are more favorable for the correct recog-
nition. Ultimately experiments on Yale, PIE face database and
MNIST handwritten digit database show that the method in
this paper is effective and stable and has a higher correct recog-
nition rate compared with the LPP, LDA (Linear discriminant
analysis) and LPMIP (Locality-preserved maximum information
projection).

Key words Feature extraction, maximum margin criterion
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Table 1 ~ Comparison of classification performance (%)
N s EATT Ik ENUiPVRES
2 66.33 £4.50 68.78 £4.19
Yale (I =5,a = —12) 3 77.00+1.23 77.96 +2.33
4 84.24 £2.38 85.29 £1.97
PIE (I = 6,a — —13) 5 76.01 +2.29 78.54 +2.90
10 91.13+1.31 92.40 £1.22
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Fig.2 Top recognition accuracy of six methods

%2 Yale NRFEREHARTBEAREZELE (1= 5,0 = —12) (%)

Table 2 Comparison of top recognition accuracy of different methods in Yale face database (I = 5,a = —12) (%)

lEzNS PCA+LDA LPP ULDA MMC LPMIP KITTid
2 57.85 1+ 4.06 58.67 + 3.49 63.04 £4.17 63.04 + 3.55 66.44 +4.72 68.59 + 4.09
3 76.67 +2.72 63.92 + 2.99 71.25 +2.87 72.92+2.33 77.67+2.57 78.83 +2.43
4 84.57+3.14 67.71 4+ 3.09 76.0£3.7 78.48 +1.75 85.05 + 2.46 85.62 + 2.56
5 88.44 +2.73 72.33+4.43 80.22 +3.43 83.22 + 3.87 88.56 + 3.78 88.89 + 3.27
6 88.53 +2.45 73.47+4.72 82.0t4.5 84.53 +4.23 89.6 +£3.07 90.67 £ 3.27
# 3 PIE NP s PO A AR HEZ LLEL (1 = 6,0 = —13) (%)
Table 3 Comparison of top recognition accuracy of different methods in PIE face database (I = 6,a = —13) (%)
VIE%S PCA+LDA LPP ULDA MMC LPMIP ENWiRS
5 71.94 4+ 3.09 48.65+0 67.65 £ 3.45 66.8 £3.8 75.13+2.5 78.25+2.49
10 87.15+1.4 57.82+2.18 80.6 +2.28 86.48 +1.83 90.27 +£1.37 91.53+1.45
20 88.61 + 3.26 69.77+2.73 87.2+1.5 93.23+1.25 95.07 £ 0.79 95.85+0.73
30 92.52+1.91 79.69 +2.17 91.05+0.79 95.9 £ 0.56 96.93 +0.19 97.68 £0.17
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# 4 MNIST FEHFEMIEFHEMRARIEAELLILE (1= —1,a = 18)
Table 4 Comparison of recognition accuracy of different methods in MNIST handwritten digit database (I = —1,a = 18)
PCA+LDA LPP ULDA MMC LPMIP AT
IERBE (%) 43.5 73.25 69.6 72.9 73.86 74.38
R 26 55 (625,13) 29 9 624 225 368
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