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Face Feature Extraction Based on Maximum Margin Criterion and

Image Matrix Bidirectional Projection

ZHAN Yu-Bin* YIN Jian-Ping! LIU Xin-Wang®

Abstract Conventional appearance-based face recognition needs to convert the image matrix into a higher dimensional
vector. This will aggravate “the curse of dimensionality” problem and small sample size problem for those who adopt
Fisher discriminant criterion. Moreover, existing feature extractions based on tensor (matrix) representation of image
encounter the problem that dimensionality of extracted feature is still too high or there is no convergent solution. Based
on matrix representation of image and matrix bidirectional projection, a novel feature extraction method called MMC-
MBP (maximum margin criterion and image matrix bidirectional projection) for face recognition is proposed. On the one
hand, since the Laplacian matrix, which can preserve the locality of the data set, has been introduced into the scatter
matrix, MMC-MBP can preserve the intrinsic manifold structure of face set. On the other hand, MMC-MBP adopts
an efficient and stable maximum margin criterion, so it can conquer the small sample size problem brought by Fisher
discriminant criterion. What is more, an iterative procedure, which is proven to be convergent and can monotonously
increase the objective value, is devised to compute the optimal projection matrices. Thus, the proposed MMC-MBP
approach can conquer the problem of existing tensor (matrix) projection based feature extraction approaches. Extensive
and systematic experiments on CMU PIE face database and Yale face database verify the high convergence speed of the
iterative solution procedure and demonstrate that the proposed MMC-MBP outperforms the state-of-the-art methods in
face feature extraction such as Eigenfaces, Fisherfaces, and Laplacianfaces.
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Fig.1 Convergency of the iterative procedure
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Table 1 Comparison of top average recognition accuracy (%) (its corresponding dimensionality) of different methods

PIE Yale
TR L 5 train 10 train 20 train 2 train 4 train 6 train
Baseline 30.3 44.5 61.7 42.3 54.0 59.1
Eigenfaces 30.1(330) 44.5 (650) 61.7 (1010) 42.3(28) 54.8 (40) 60.0 (30)
Fisherfaces 68.0 (66) 73.2(66) 78.6 (66) 44.5(10) 72.7(12) 79.9(14)
MMC 68.8 (690) 84.6 (510) 91.9 (930) 49.2 (150) 68.7 (360) 75.7 (300)
Laplacianfaces 67.1(110) 75.9 (144) 85.8 (168) 50.0 (14) 73.9(22) 80.9 (20)
2DPCA 58.8 (32x1) 71.6 (32x1) 82.0(32x1) 47.6 (32x4) 58.2(32x4) 65.9 (32x5)
2DLDA 70.2 (52) 83.0(7%) 90.0 (7%) 46.8 (32) 69.0 (3%) 75.1(3%)
2DLaplacianfaces 68.6 (32x5) 76.6 (32%5) 85.5(32x8) 56.4 (32x3) 70.8 (32x4) 74.4(32x4)
LBMMC 71.0(15%x15) 85.6 (15x15) 91.7 (15x15) 56.1 (7x7) 71.5 (8%8) 77.1(9%9)
MMC-MBP 74.2(9?) 86.2(17?) 92.3 (202) 57.8(9?) 74.5 (8?) 81.4(10%)

#* 2 mE PN (bR D (%)

Table 2 Comparison of mean (standard derivations) of top recognition accuracy of different methods

PIE Yale

FENLE 5 train 10 train 20 train 2 train 4 train 6 train
Baseline 30.1(0.68) 44.5 (1.0) 61.7 (0.64) 42.3 (4.3) 54.0(3.7) 59.1(4.7)
Eigenfaces 30.2(0.67) 44.5 (1.0) 61.7 (0.64) 42.3 (4.4) 55.1(3.6) 61.6 (6.4)
Fisherfaces 68.0 (1.0) 73.2(0.77) 78.6(0.51) 46.5 (4.6) 73.6 (5.2) 80.4 (3.7)
MMC 68.9(1.2) 84.7(1.1) 92.0 (0.55) 49.4 (6.6) 69.1(5.3) 76.3 (4.3)
Laplacianfaces 67.3(0.84) 76.0 (0.68) 86.0(0.45) 51.5(5.5) 75.1(5.2) 82.7(2.8)
2DPCA 58.8(0.96) 71.6 (0.97) 82.0(0.56) 49.2 (3.8) 59.2(3.8) 67.3(5.2)
2DLDA 70.4(1.1) 83.0(0.75) 90.1(0.71) 49.0 (6.8) 70.5 (4.5) 76.1(2.7)
2DLaplacianfaces 68.8 (0.98) 76.8 (0.69) 85.7(0.39) 57.3(6.4) 72.1(5.3) 76.0 (4.8)
LBMMC 71.2(1.1) 85.9(1.1) 92.0(0.65) 56.6 (6.4) 71.9 (4.3) 77.2(4.5)
MMC-MBP 74.6 (1.0) 86.3(0.81) 93.3(0.33) 59.1 (4.8) 76.5(3.9) 83.4(4.1)




1652 H /(A T 364
% 5 training % 2 training
80 [~ — 60 [~ —
=] =
& —v— MMC-MBP £ —v— MMC-MBP
2 40 —e— 2DLaplacianfaces & —e— 2DLaplacianfaces
2 —a— 2DLDA g 20 —a— 2DLDA
3 g —o— 2DPCA 2 —o— 2DPCA
~ 30 - - - Laplacianfaces = = = Laplacianfaces
;W e MMC 10 —*— MMC
b+ >  Fisherfaces > Fisherfaces
20 .-+ Eigenfaces -+ Eigenfaces
A Baseline of Baseline
10 S ) ) ) ) ‘ | LBMMC —=— LBMMC
0 100 200 300 400 500 600 700 800 900 1000 0 20 40 60 8 100 120 140 160 180 200
Dim Dim
(a) A 5 AillZREA (PIE) (b) AN 2 MG (Yale)
(a) 5 trainings per person (PIE) (b) 2 trainings per person (Yale)
% 10 training ) 4 trainin
90 — 80 (2 : : — :
S N ¥ ra
80 b
70} B ETNA :
g g
g 60 ] g
£ _ [ —v— MMC-MBP 8 —v—MMC-MBP
2 50 —e— 2DLaplacianfaces E) —e— 2DLaplacianfaces
& —a— 2DLDA g —a—2DLDA
3 L —— 2DPCA ) —o—2DPCA
M40 [ b - = = Laplacianfaces # - - - Laplacianfaces
F —— MMC ——MMC
: > Fisherfaces > Fisherfaces
308 -+ Eigenfaces -+ Eigenfaces
: Baseline Baseline
b —=— LBMMC 10 , . , .| —=—LBMMC
100 200 300 400 500 600 700 800 900 1000 0 50 100 150 200 250 300 350 400
Dim Dim
() FAA 10 A VIZREA (PIE) (d) B A 4 MIZFEA (Yale)
(c) 10 trainings per person (PIE) (d) 4 trainings per person (Yale)
100 % . 20 tralim'ng‘ 90 % 6 tral"m'ng

Recognition accuracy

50

401:

30

701

~i

60

S

| —— MMC-MBP
—e— 2DLaplacianfaces|
—— 2DLDA

—— 2DPCA

= = = Laplacianfaces

L —— MMC

+ >  Fisherfaces

K -+ Eigenfaces

: Baseline

ke ) . ) ) ) | —=— LBMMC

0 100 200 300 400 500 600 700 800 900 1000

Dim

(e) BN 20 MINZHEA (PIE)
(e) 20 trainings per person (PIE)
K 2

Recognition accuracy

—s— MMC-MBP
—e— 2DLaplacianfaces
—a— 2DLDA
—— 2DPCA
= = = Laplacianfaces
—— MMC

> Fisherfaces
.+ Eigenfaces
Baseline
—=— LBMMC

0 50

150 200 350 400

Dim

100 250 300

(£) AN 6 A UIZEREA (Yale)
(f) 6 trainings per person (Yale)

10 KB S5 K P22 PN vs. 4EEL

Fig.2 Average recognition accuracy vs. feature dimensionality over 10 random split experiments
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