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Fig. 1 Comparisons between principal space based methods and null space based methods (20 runs)



519

MR AR — Rl Y 5T Gabor RRME Y 45 ) AR IR 30 550k

o 111 -

AEHLAS [6) B 0 4% B 4 T B R 7E ORL (m =3, 4),
FERET(m =3), ARGn =3) | A3 51 728 1k 4 .
MR RT DL - 25 () 9 W I 2 vk 220 A 1
F2 025 ) 1 W B A Ak 7 1 2 SR FH DR IR K BE R B
BT R A NDE F ik T HAl %t b ik,

H T — A A R R AR SCaE — 25
Gabor 78 e $2 BURRAE , 75 2 /9 25 R i 2 fr s, F A
Gabor 78 ()% 23 [a] NDE 77 1 40 %+ T 1 7 5L 46 IK
FRAFE Y %3 (8] NDE J5vk, 7R A B & e,
[ B P FFI A Gabor 84 () %2 25 6] LDA 77 3 HE A
FIFH Gabor A8 # i) %K 22 ] LDA.

G T 13 FhOR R O 3 i B 4 TR ] R
SHOGT O g 25 ) 1] 5 A 1 250, G v B g 1 TR R L AR
Fon. M 1 AT, A SCHE ) Gabor + Null NDE J7
157E FERET Gn=2,3) Fl ARGm = 3.,4) Bl 45 b #RHL
157 Soe i AR R, I LK ) 5 S 1) S B 2 A

0.98

0.97}
1 0-96 J

0941 —— Null LDA
Gabor+Null LDA
0.93 + Null NDE
Gabor+Null NDE
092 . . . . .
10 15 20 25 30 35 40
YRR
(a) ORLEM A IR Ze @I ZRAEAR)
0.90
0.88f
0.86-\_/
osaf T —
%i el — CaborNull LDA
R | Gabor+Nu
X 080r . - Null NDE
0.78fF *, Gabor+Null NDE
%
0.74
72

0735720 60 80 100 120 140 160 180 200
LS IPS T
(c) FERETIE R IR BRI ZAEAR)
0.96
0.94}
0.92}
0.90}
3 0.88}

iR
K 0.86p — Null LDA
0.84} Gabor+Null LDA
+ Null NDE
0.82} Gabor+Null NDE
ool .
20 30 40 50 60 70 80 90 100 110
L SHIPS et
(e) ARFERI IR AIF G IIGRFEA)

A 2
Fig. 2

X/ .0 DL 5 3 Gabor A8 45 T LR R b I R
R A N NG A TR 2 S I B LAY R L £
DS N R S AR R B R R (A= R £ i S Gl
TTRE X432 ] (4 R AE
3.3 it 8

oA B /REAS BB 2 (I ORL J) a3 & Kkt
A B EHE (i FERET Ml AR JE) , & 23 [i] i) NDE 75 1%
HOELA T oAb R 2 U7 L X % B NDE B A 1R 4 1 4
] NDE J5 R T 28 9 11 J5) 56 45 14 15 B R 2 0] 11
2SR B L RE S AR 4 M 4R HORT 23 28 FR B fe o ) G
BIME B PCA Al LDA J7 i HAR B3 42 5 14 Ik 2K 25 74
{5 B. (global euclidean structure). NDA J5 & 2B T
A8 2Z 5 B AH & W 75 2 I R 14 )R 5 007
{5 E.. 55 NDP fil LDE J & AR, A CR I # NDE J7
LERT AR Z NI 0GR G R RE X 4 2 ik

5 M) P A ST A NG 28931

0.97 — Null LDA
0.96 Gabor+Null LDA
095k _* Null NDE
D¢ Gabor+Nu -
o 0.94

1015 20 25 30 35 40

ISR
(b) ORLIE BN PR A ZRbf AR
0.96
094y —
092t - —
=0  OhbortNull LDA
K088 v, - Null NDE.
0.86 t . Gabor+Null NDE
084F N~ T rrees e
08—
20 40 60 80 100 120 140 160 180 200
SR AREL

(d) FERETEERY MG I BIZE AN ZRBEAR)

Null LDA

Gabor+Null LDA
ull NDE

Gabor+Null NDE

+

20 30 40 50 60 70 80 90 100 110
| NS T a4
(f) ARFER AR B @M INREA)

Gabor 5 1IE 728 e 5 5 9% 25 ] LDA #1 NDE 73 19 L (20 Rz 17)
Comparisons of null LDA and null NDE methods before and after Gabor wavelet transform (20 runs)



- 112 - JE TR 254 CH AR B 22 B0 2016 4F
1 APy A s ) RN X R 09 4 591 1) = 09N L GEAT 20 YO
Tab.1 Best recognition rates of different methods and the corresponding numbers of discriminative vectors (20 runs)
FERET (Ja] 1~ %0 AR i f 50
X} H R
2 NN GREEA 3 INGRkEAR 3 INRFEAR 4 NINGRFEAR
PCA 0.577 0 (192) 0.677 6 (192) 0.885 0 (172) 0.912 0 (172)
PCA+LDA 0.597 3 (72) 0. 655 7 (172) 0.869 5 (112) 0.892 4 (112)
PCA+NDP 0.597 0 (72) 0.665 2 (192) 0.876 8 (112) 0.890 7 (112)
PCA-+NDA 0.617 0 (72) 0.679 3 (102) 0. 850 3 (92) 0.861 1 (112)
PCA+LDE 0.598 1 (72) 0.660 6 (172) 0.878 5 (112) 0.894 8 (112)
PCA+NDE 0. 600 4 (62) 0.661 7 (82) 0.878 7 (112) 0.901 8 (112)
Null LDA 0.775 1 (32) 0.861 3 (32) 0.906 9 (112) 0.922 0 (112)
Null NDP 0.776 2 (32) 0.862 3 (32) 0.907 0 (112 0.922 2 (112)
Null NDA 0.752 2 (192) 0.841 7 (192) 0.907 4 (112) 0.875 7 (112)
Null LDE 0.776 2 (32) 0.862 3 (32) 0.907 0 (112 0.922 2 (112)
Null NDE 0.793 7 (32) 0.878 9 (42) 0.910 6 (112) 0.924 9 (112)
Gabor-+ Null LDA 0.856 7 (32) 0.932 8 (32) 0.937 7 (112) 0.955 5 (112)
Gabor+ Null NDE 0. 878 3 (32) 0.940 7 (42) 0.943 1 (112) 0.960 6 (112)
TESZER W F T, BTNV iZ AR B 5 P 45 o S B dependence feature analysis for face recognition [J J.
éﬁﬂ@)\ﬂ{ﬁij{%u%‘{fz’gi%ﬁﬁm NDE 71k 3 B b Pattern Recognition,2008,41(12) :3834-3841.
I AR SRR A R 1) 85, 9 4645 T 2 A 25 10 [5] LU H P,PLATANIOTIS K N, VENETSANOPOULOS
SRS LA M A SO S R 3S ], B I A N.A survey of multilinear subspace learning for tensor
é?ﬁﬂ@ﬁﬂiiﬁl//"?#ﬂiﬂﬁéﬁﬁ%%ﬁ datal J].Pattern Recognition,2011,44(7):1540-1551.
[6] TZIMIROPOULOS G,ZAFEIRIOU S,PANTIC M.Sub-
. space learning from image gradient orientations| J ].IEEE
4 g:ln: -[’/E Transactions Pattern Analysis and Machine Intelligence,
2012,34(12) :2454-2466.
B XT Fisher W @ &k 85, A SCEE B T — o (9 1 [7] BELHUMEUR P N,HEPANHA J P,KRIEGMAN D J.
) NDE.NDE 1] DL AR 45 #h 7 57 22 9 10 = S8 45 40 15 B Eigenfaces vs Fisherfaces: recognition using class specific
M KA R ENE B EANR A E - linear projection [ J ]. IEEE Transactions on Pattern
FI LSS R RE. S T R G B 4G T Y O BB AR AL Analysis and Machine Intelligence,1997,19(7) :711-720.
T E T eI L - AT S e Y [8] WANG X G, TANG X O.A unified framework for face
é’T Gabor /J\{BZ@I%E*%EQ T’ﬁf Hh éﬂaﬂ]ﬂ%%%& recognition[ ] J. IEEE Transactions on Pattern Analysis
(kerl’lel)ﬁ/;f‘?ﬁn Eﬂ(i (tensor) ﬁ/;fc E]/‘J ﬁ{i ﬂéi&# 53 EE[E [9] ;r:[l:fjc\};n; ,Iztll;fin/:‘:;zo:,zsf(jl)l :Illzlfgiézjiubspace
AR SO I PERE. linear discriminant analysis for face recognition[ R].MD:
University of Maryland,1999.
S E k. [10] PARRISH N.,GUPTA M. Dimensionality reduction by
[1] #ME.HUGO DE G. ¥ f5 . 5. 56 3k 5 M 1 2 a8 4 % local discriminative Gaussians[ C]J // Proceedings of the
ML B B IS [T 1] k22 (H R A2 29th International Conference on Machine Learning. Ed-
BZ) .2009,48(4) :499-503. inburgh, Scotland, UK : Omnipress,2012:1-8.
[2] YAN Y, WANG H, SUTER D. Multi-subregion based [11] CHEN L,LIAO H,KO M,et al.A new LDA-based face
correlation filter bank for robust face recognition[]].Pat- recognition system which can solve the small sample
tern Recognition,2014,47(11) :3487-3501. size problem [ ] ]. Pattern Recognition, 2000, 33 (10):
(3] ™™=, S T 000 09 A 0 B 5 R LT ] 3 3 AL 1713-1726.
2#4 .2009,32(5) : 878-886. [12] YU H, YANG J. A direct LDA algorithm for high-di-

[4] YAN Y,ZHANG Y ].1-D correlation filter based class-

mensional data with application to face recognition[] ].



51 M A T IEE T Gabor RRAE Y % 4 [A] AR TR 50 8 1k + 113 -

Pattern Recognition,2001,34:2067-2070. cortical receptive field profiles [ J]. Visual Research,

[13] WANG X, TANG X.Dual-space linear discriminant anal- 1980,20:847-856.
ysis for face recognition[ CJ // Proceedings of the 2004 [21] FEF|WE, 20, K, % 5T Log-Gabor JE % #il LBP &
IEEE Computer Society Conference on Computer Vision TR B AE AR ik ()] B T R 2224 CH R B
and Pattern Recognition. Washington D C: IEEE Com- R ,2014,53(3) :359-363.
puter Society Press,2004:564-569. [22] SAMARIA F, HARTER A.Parameterization of a sto-

[14] YANG J.FRANGI A F.YANG ] Y.KPCA plus LDA:a chastic model for human face identification[ C] // Pro-
complete kernel fisher discriminant framework for ceedings of the 2nd IEEE Workshop on Applications of
feature extraction and recognition [ ] ]. IEEE Computer Vision. Washington D C. IEEE, 1994.
Transactions on Pattern Analysis and Machine Intelli- 138-142.
gence,2005,27(2) :230-244. [23] PHILLIPS P J,MOON H,RIZVI S,et al. The FERET

[15] JIANG X.Linear subspace learning-based dimensionality evaluation methodology for face recognition algorithms
reduction[ J |. IEEE Signal Processing Magazine, 2011, [J]. IEEE Transactions on Pattern Analysis and
28(2) :16-26. Machine Intelligence,2000,22(10) :1090-1104.

[16] YAN Y, ZHANG Y J. Discriminant projection [24] MARTINEZ A R,BENAVENTE R.The AR face data-
embedding for face and palmprint recognition[ J]. Neu- base [ R J]. Barcelona: Computer Vision Center
rocomputing,2008,71(16) :3534-3543. (CVC),1998.

[17] ROWEIS S,SAUL L K.Nonlinear dimensionality reduc- [25] YOU Q. ZHEN N, DU S, et al. Neighborhood
tion by locally linear embedding[ J]. Science, 2000, 290 discriminant analysis for face recognition [ ] ]. Pattern
(5500) :2323-2326. Recognition Letters,2007,40(8) :2283-2291.

[18] HE X, CAI D, YAN S, et al. Neighborhood preserving [26] BRESSAN M, VITRIA J.Nonparametric discriminant a-
embedding[ C] // Proceedings of the 10th IEEE Interna- nalysis and nearest neighbor classification[]]. Pattern
tional Conference on Computer Vision.Washington D C: Recognition Letters,2003,24:2743-2749.

IEEE Computer Society Press,2005:1208-1213. [27] CHENH T,CHANG H W,LIU T L.Local discriminant

[19] ZHANG Z, WANG J., ZHA H. Adaptive manifold embedding and its variant[ C] // Proceedings of IEEE
learning[ J J.IEEE Transactions on Pattern Analysis and Computer Society Conference on Computer Vision and
Machine Intelligence,2012,34(2) :253-265. Pattern Recognition. Washington D C: IEEE Computer

[20] DAUGMAN ] G.Two-dimensional spectral analysis of Society Press,2005:846-853.

A Novel Gabor Feature Based Null Space Algorithm for Face Recognition

CHEN Si,ZHAO Huanxi,ZHU Shunzhi”

(Key Lab of Data Mining and Information Recommendation of Fujian Province,

School of Computer and Information Engineering, Xiamen University of Technology,Xiamen 361024 , China)

Abstract : Recently, linear discriminant analysis (LDA) has been widely used in the field of face recognition. However, in many real
applications, LDA suffers from the small sample size (3S) problem, where training samples are limited so that LDA cannot be di-
rectly used. To overcome the 3S problem. in this paper we first reveal the mechanism of LDA to show how it extracts the most dis-
criminative features according to an image distance model, and then identify that the null space based LDA is much more efficient
than the principal space based LDA for the extraction of discriminative features. Based on this identification, we propose an effective
Gabor feature based null space algorithm for face recognition, which exploits a new neighborhood-preserving based discriminant em-
bedding (NDE) criterion to overcome the drawbacks of the traditional Fisher criterion, and during the process of the extraction of
discriminative features, the Gabor wavelet transform is incorporated to further reduce the influences of illumination and expression
changes in the face images. Experimental results on several public face databases, such as ORL, FERET and AR. show that the
proposed null space based NDE algorithm outperforms the state-of-the-art algorithms, such as LDA, NDP, NDA, and LLDE, and it
can achieve the encouraging face recognition performance.
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