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Abstract: T o tackle the insufficiency problem of local linear embedding (LLE) algorithm and maximum
margin criterion ( MMC) algorithm in feature extraction, an efficient dimensional reduction and
classification algorithm, local graph embedding feature extraction method based on maximum margin
criterion (LGE/MMC), is presented with applications in face recognition. The goal of this algorithm
was to construct the intrinsic graph and penalty graph, with the preservation of nearest neighbor
premise. In theintrinsic graph, the nonlinear structure is discovered in the high dimensional data space
by the local symmetry of the linear restructuring, which causes the similar samples gathering together
as much as possible. At thesame time, different class samples are as far as possible from each other in
the penalty graph. In this method, the “small size sample” problem is solved by the employment of
MMC and the neighborhood relationship is better described by an adequate modification of the
adjacency matrix. T he results of face recognition experiments on ORL, Yale and AR face databases

demonstrate the effectiveness of the proposed method in comparison with the DLA and LLE+ LDA
method.

Key words: local linear embedding; dimensional reduction; face recognition; maximum margin

criterion; local graph embedding
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1 ORL %
2 3 4 5 6
LDA 77.42(38) 85. 09(38) 86. 17(38) 87.23(38) 89.38(38)
LLE 70. 60( 44) 73. 39(36) 77. 46( 50) 80. 00( 28) 89. 99(50)
MMC 76. 78(40) 84. 44( 40) 86. 85(38) 88. 32(38) 91. 66( 40)
DLA 77. 86( 36) 86.27(36) 89. 98(46) 92.71(38) 94.39(38)
LLE+ LDA 74. 60( 36) 87.07(40) 90. 13(40) 90. 40( 42) 96. 35(18)
LGE/MMC 77. 41(40) 87.41(50) 91.98(50) 95. 62(50) 97.25(50)
2  Yale %
2 3 4 5 6
LDA 81.93(14) 85.61(14) 88.30( 14) 88. 84( 14) 89. 36( 14)
LLE 84.93(17) 84.17(11) 86. 65(9) 90. 00( 11) 90. 53( 10)
MMC 81.29(21) 83.72(14) 86.99( 14) 87.20( 14) 88.29( 14)
DLA 88. 49( 28) 91.47(30) 92.37(30) 95. 96( 28) 96.01(28)
LLE+ LDA 89. 54(34) 93.20(28) 93.85(16) 96. 55( 14) 96. 45( 14)
LGE/MMC 94.79(48) 95.37(28) 94.90( 50) 96. 58(50) 97.55(48)
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3 AR %
2 3 4 5 6
LDA 72.21(115) 76.34( 115) 83.84(115) 87.45(115) 88.33(115)
LLE 71.29(135) 75.47(120) 84. 84(120) 85.54(135) 87.38(135)
MMC 68. 54( 120) 76.03(120) 83. 60( 140) 86.21(120) 88. 68(120)
DLA 70. 79( 150) 79. 83( 150) 88. 87(150) 89. 84(150) 92.58(150)
LLE+ LDA 70. 58( 140) 80. 12( 120) 89. 53(120) 90. 58( 125) 93.50(120)
LGE/MMC 72.98( 105) 81.78(80) 91.35(140) 92.31(75) 96. 40( 85)
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Yale AR (References) :
1~3
1) 1 , LGF/M MC [1] Zhao W, ChellappaR, Phillips P J, etal. Face recognition: a
literat ure survey [J]. ACM Computing Surveys, 2003, 35
’ (4): 399-458
’ LGE/MMC [2] Chellappa R, Wilson C L, Sirohey S. Human and machine
recognition of faces: asurvey [J]. Proceedings of the IEEE,
2) 2 ’LGE/M MC 1995, 83(5): 705741
[3] LwuQS, LuH Q, MaS D. A survey: subspace analysis for
’ face recognition [ J]. Acta Automatica Sinica, 2003, 29(6):
s Yale
906:911
[4] Lin Yusheng, Zheng Yujie, Yang Jingyu. An improved
3) 3, kernel feature extraction method and its application to face
recognition [J]. Journal of Computer Aided Design &
2
AR Computer Graphics, 2008, 20(1): 61-65 (in Chinese)
2
( ) .
, LGEHMMC (. .
2008, 20(1): 6F65)
[5] Turk M, Pentland A . Eigenfaces for recognition [J]. Journal
4 of Cognitive Neuroscience, 1991, 3(1): 71-86
[6] Belhumeur P N, HespanhaJ P, Kriengman D J. Eigenfaces
vs. fisherfaces: recognition using class specific linear
LLE MMC LGE/ projection[J]. IEEE Transactions on Pattern Analysis and
MM C ) Machine Intelligence, 1997, 19(7): 711-720
7] T enenb: B, de Silva V, Langford J] C. A global
, MMC [7] Tenenbaum J e Silva angford J global
u geometric framework for nonlinear dimensionality reduction
’ [J]. Science, 2000, 290(5500): 2319-2323
ke ky, [8] RoweisS T, Saul L K. Nonlinear dimensionality reduction by
, locally linear embedding [J]. Science, 2000, 290 ( 5500):
ORL, Yale AR 3 23232326
[9] Saul L K, Roweis S T. Think globally, fit locally:
’ unsupervised learning of low dimensional manifolds [J]. T he
° Journal of Machine Learning Research, 2003, 4: 119 155
) [ 10] Belkin M, Niyogi P. Laplacian eigenmaps and spectral
n ke k, techniques for embedding and clustering [ J]. Advances in
Neural Information Processing System, 2002, 14(1/2): 585
2
591
[11] Belkin M, Niyogi P. Laplacian eigenmaps for dimensionality

reduction and data representation [J]. Neural Computation,

2003, 15(6):,1373 1396



1231

[12]

[13]

[14]

[15]

[ 16]

[17]

de Ridder D, Duin R P W. Locally linear embedding for
classification [ D]. Delft:

2002
de Ridder D, Kouropteva O, Okun O,

Delft University of Technology,

et al. Supervised
locally linear embedding [M] //Lecture Notes in Com puter
Science. Heidelberg: Springer, 2003, 2714: 333341

BaiX M. Yin B C, Shi Q, et al. Face recognition based on
Journal of
641646

supervised locally linear embedding method []].
Information and Computation Science, 2005, 2(4):
Kouropteva O, Okun O, Pietikainen M. Supervised locally
linear embedding algorithm for pattern recognition [M] //
Lecture Notes in Computer Science. Heidelberg: Springer,
2003, 2652: 386-394

Zhang J] P, Shen H X, Zhou Z H. Unified locally linear
embedding and linear discriminant analysis algorithm for face
recognitio [ M]
Heidelberg: Springer, 2005, 3338: F16

Zhang J P, He L, Zhou Z H. Ensemble based discriminant

//Lecture Notes in Computer Science.

manifold learning for face recognition [ M] //Lecture Notes in

[ 18]

[19]

[20]

[21]

[22]

[23]

Computer Science. Heidelberg: Springer, 2006, 4221: 29 38
He X F, Yan S C, Hu Y X, et al. Face recognition using
Laplacianfaces [ J]. IEEE Transactions on Pattern Analysis
and Machine Intelligence, 2005, 27(3): 328 340

He X F, Cai D, Yan S C, et al. Neighborhood preserving
em bedding [ C] //Proceedings of the 10th IEEE International
Conference on Computer Vision. Los Alamitos: IEEE
Computer Society Press, 2005: 1208 1213

Keinosuke F. Introduction to statistical pattern recognition
[M]. 2nd ed. Washington D C: Academic Press, 1991

LiH F, Jiang T, Zhang K S. Efficient and robust feature
[J]. IEEE
11571165

extraction by criterion
Transactions on Neural Networks, 2006, 17(1):
Zhang T H, Tao D C, Yang J.
alignment [M] // Lecture
Heidelberg: Springer, 2008, 5302: 725 738

Zhang T H, Tao D C, Li X L, et al. Patch alignment for
[J].
Knowledge and Data Engineering, 2009, 21(9):

maximum margin

Discriminative locality

Notes in Computer Science.

IEEE  Transactions on

1299-1313

dimensionality  reduction



