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Sparse representation for image recognition based on Gabor
feature set and discriminative dictionary learning

Hu Zhengping, Xu Bo, Bai Yang

Institute of Information Science and Engineering, Yanshan University, Qinhuangdao 066004, China

Abstract: Choosing the right dictionary used for sparse coding has an important effect on image reconstruction and pattern
classification. Therefore, a new sparse representation algorithm based on Gabor Feature Set Discriminative Dictionary
Learning is proposed for image recognition. Considering that Gabor feature is robust to variations of illumination, expre-
ssion, and pose, the proposed method first extracts the image Gabor features with multi-scale and multi-orientation. Then it
uses the augmented Gabor local feature matrix whose dimension has been reduced to construct the initial feature dictionary.
This reduction is based on the Fisher discrimination criterion. A structural dictionary, whose atoms correspond to the class
labels, is learned so that each sub-dictionary of the learned new dictionary is a good representation of the samples from the
corresponding class. Meanwhile, the Fisher discrimination criterion is imposed on the coding coefficients so that they have
small within-class scatter but big between-class scatter. Consequently, a new classification scheme associated with the pro-
posed method is then presented by using, the discriminative information and sparse coding coefficients. Experiments on
three types of databases show that the proposed method is valid and efficient.

Key words: sparse representation; sparse pattern classification (SPC); Gabor feature; Fisher dictionary learning
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Fig. 1  Ilustration of the discriminative fidelity term

o f 7 i DO FERAES R B A A BBk
fit G 1E7 4L D |- {9 4 % 2 50 X i Fisher 34 51 vfi
W, 8 5 e/ M X RN R S, (X)) FldR K AR X Y
I Sy (X) SR SE BT 4L DAy 3 Ff 40 530 4
Sy (X) A S, (X) %E A

c

Sy(X) = Z Z(xk -m,;)(x, _mi)T

S,(X) = X n(m, ~m)(m, —m)"

i=1

Kb, m, Flom 53502 X, 1 X B8 E M, n, 25 0
KPHEAREH .

HW b, AR B AR (X)) 8 XN
tr(Sy (X)) —t(S, (X))o SR, XAEH F(X) 2T
M HATRE B o Ry il DR A (B, 80— A st I3
| X |5 21X 5, AX) IEECh

SIX) = (S (X)) =tr(S,(X)) +n || X [} (8)
K, 2 P F(7) (8) AR (6) ]
L1155 GFDDL £ %1 ( gabor feature discriminative dic-

tionary learning)

c

]<D,X) = argmin{ Zr(Gi,D’Xi> +A X+

(D,X) i=1
Ay (r( Sy (X)) =t (S, (X)) +n | X 1) (9)
o, HARREC T X5 (D, X) AR A Ay, (B 24 5
th— AN EE R, BT D B X 2. H bR

AL R R PSR 1) [ € D, R X52)
E X, BB D, di i 2k AR TR BT 7 A 5 e DA
FINFRE X,

56, i D EARAE, H b R R AL R 15
X=[X,X,, X W —"Habi gty 0] &, 5283t
X YR X, B B XL, e AR I,
A (9) iy B bR ek Eoa] A

Jix) :ar;%xglin{r(Gi,D,Xi) +

A X A (X)) | (10)
ﬁ%ﬁ@J=HX—MH%§;Mh—MH+

n | X, |15 .M, FUM 5y RS kSR 273
i F AR R, 30 (10) ] LU i 3k 1G85 52 500k SR A
X,
4 X [ERER, oI D, HH D, i, T
D, ,j#i, el r . ey, (9) Hirei gt
Jipy =arg min{ || G =D.X' - S DX |+

) j=1,j#1

|G -DX I3+ > IDX I} (D)

j=1,j#1

A, X 2 GTED, Figmis 2%,
2.3 YIEREE

Zoat R AR RVEE 8 D, fE i D Xt
IR AR R AR A 7 0 S 1) , T4 158 25 P 4 5 3R
B EAT U . DR, I e R P 2 % ) S 4 o
IRREEA AR AR HEA T S A5, B0 5 T REASERAE A 25 51
RSB T 2R A i a8 1 28 501

FERFEFH D XA x () 4740
i, % g =x(y) o WIHGL gD 5L

a=argmin| | g-Da|i+y|al, (12)

X,y B—MFHEHEYTN T a=a e, ,a],
@, 5T FH D, KB R B, R B
Loy RN IE T TR 26
e=(1-w) - ||g-Da, |, +
we Jla-m |, (13)
A 4 1 IR AR A 2 UL R A e RIS
LR E W i om, Z AR PE RS w =0 JE G Y
K, MKREASFIE g 0500 0 BAT fe/INE TR 22 /Y
F, A IE AR R
identity(g) = arg mlR le;! (14)

© I B R BT AR ST A



52 1

BHIEY-, 45 : Gabor HRAEAELS & F) 2 iy > B A i 5 s 1531 193

3 XWHE

ok bRk B R R R TN
BRI ANEC R 5, % AR Fll Extended Yale B A
He R 2 LA K USPS 5 B 7 PR b AT S 0. S5
JTHIF 5 29 AMD Athlon (TM) 2 4b Bf 4%, 305
3.11 GHz,2 G WAF. FESLI Y, A By 1k AR ad 4
B BT A TE DU 0 2 B R IS8 SCSR UE B, S f
USSR A BN , A SO R LB 45 R i Sria 17 20
VELIR Sk S8
3.1 AR AR&REE

AR N AL 126 4> ARy 4 000 21§ 1E i A
P8, AR IESE 50 44 BRI SO 44 Lotk 4% 14 5K 5]
BT 525, A0 BOR RG24k 1T 7 5k 10 Tl
5, 550 7T T, BT R RSE IR — 4k
60 x 43 83, 28 PCA 74 J5 FFAEHE 4L d =300, 24K
A, =0.005,1, =0.05,y =0.005,w =0.05,

% 1P FGE AR (NN) SZHF AL (SVM) |
F1%1 KSVD (DKSVD) 5k | fi i % 78 70 2 07 ik
(SRC) ASCHR [ 14 ] o Gabor ¢ Ak i B 3% 78 38 1%
(GSRC) 1t AR %dfa ) ERYTFUNMERG =R, n] LU HY
T Gabor FFAEAEZE G F 51 25 S~y o] BB B 22 [
BARGNRE L T H A 23 26 27 AR B OR, Hol 7
AR AJ PR AR e G IR SRS A8 A 45, 5 B ali R
PCA FE4ERY) SRC YL AHLL, ERE $2 THI% I 10%
5 afi>R ] Gabor R4l #i B 2% 78 (GSRC) B %4H
FE , Gabor Fpfik 22545 40 0l 305 ik~ o AT B e 7
PUIT LR B BE A ) & HE M, 5 31 98. 3% Ay I
Fe SRR Ul 7 T St 2 B 0 T AR A )
TIPSR T o

®1 AR ELEJLMAHRIRAERLLE
Table 1 The recognition results for AR

NN SVM DKSD SRC GSRC ARICHE:

A, =0.005,y =0.001 10 =0.05 .

%2 HN I ERIEAREE (NN) SZREm s HL(SVM) |
F5) KSVD ( DKSVD) 83k | # i 36 /8 70 28 7 ik
(SRC) 1 Gabor FEAE# 61 % /R 535 (GSRC) 7E Ex-
tended Yale B ¥ e I iR 51155, AT LA AR T
Hofth o3 2638 AR SO L T 4R A5 i M e THB I T
3% , lhae iy SRC S5ER & T3 5% I T —1Y
K H PCA F4ERYy SRC 575 FI Gabor FEAEFE B 278
B, UL Gabor FEAE A2 45 4 ) 1) 25 B2z ) T i
Fom KA B

% 2 Extended Yale B FEE_FJL# 75 5RIiR B =
Table 2 The recognition results for Yale B

NN SVM DKSD SRC GSRC ARICHE:

PHAFR/%  61.7 88.8 75.3 90.0 91.3 94.6

3.3 USPS FE&HFE

e USPS FHIRECF R N S &, ik
Gabor 7 ik £ 25 45 1 531 X7 L 2 > 1) i 3 705 3R
Mk B EA 0 ~9 3L 10 M TE
PRIEG, Hoh YN 2R 45 7 291 18, K 1E] 1% 2 007
W o S8 P o IS 0] B AL S 100 745
RYIZRREAS 100 BEAE A IAEAS . R 3R R
16 x 16, i 3 PCA 78 46 of (K5 A7 B 4, W% 4
SR d =120, %01, =0.01,1, =0.001,y =
0.001,w =0.05,

3 H A S A LR IT 2R PR RERY LE
B, A04E K8 (KINN) R FH s J A% 09 S 1) 2L
(SVM-Gauss) \Jfi i % 718 B 5 5 73 FE 5% (SRSC) |
SCHRE3 ] B2 R AR AR 7 iy > (DLST) B3R
WBi R 1 73 28534 (SRC) , AT LAFE ) Gabor $#4E
B2 5 A 3 e > O RR s UG B
THAGE R BIROR , 1 SRC SEETERESET) 2% .

®3 USPS FEHFEL/L#MAEMNIRMNFIRE

Table 3 The recognition results for USPS

PRR%/ % 71.4 87.1 85.4 88.8 96.9  98.3

3.2 Extended Yale B A\ BE (15 E

Extended Yale B %48 41 & 38 P A B A A [F]
DR Y 2 414 sKIE T AR EHE, B4 A RZ
A 64 TRIEMR X LR EADOCIAMERER B,
B AN B EME A BEPLZE IR 20 BRVE A IIZGAEAS 2T
AER A I T IR, A R AT H— 4k 54 x 48
B BT BRHESEEL d =300, 2% A, =0.005,

K_NN SVM-Gauss SRSC DLSI SRC ARICHE:

HRE/% 5.2 42 6.05 3.98 5.28 3.27
4 & it
F &R Y Gabor RFE XSt B R AF FI L

SFAALRYE B, P T Gabor HEAIE £ 45 4 4 5 X5
$g o) RGN RN . OB RIE R 2

© I B R BT AR ST A



194 hEEREIE S www. ¢jig. cn

518 &

NPEZZT5 1 Gabor FEAEAF 40 4 7 i, SR i 3 2t 1
SR EITUR Fisher WD {25 1L B BLFDGPE . 5
VA B e S B IR AR S P Y T R
SHORH S B 2] AR A RRAE B 08 1 RN BB T, A
171 AT LA/ INEE R R 2 , 3 2o e/ IN I A RIORE R
PSSR HIURE (5 2 1) 28 KA I, B2 R R AIE 22
SRR By FIX G35 [ B FH B A 0 050 4 ) A R 22 A
g 20 15 2% IR e A B9 o £ 1) MR BEA T 20 2B 3
W, B e AR SRR R SRR A SRR W AR ST
ERABIRECR

2% 3Lk ( References)

[ 1] Wright]J, Yang A Y, Ganesh A, et al. Robust face recognition
via sparse representation [ J |. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 2009, 31(2) ; 210-227.

[2] Yang M, Zhang L, Yang J, et al. Metaface learning for sparse
representation based face recognition[ C]//Proceedings of the In-
ternational Conference on Image Processing. Hong Kong, China:
IEEE Signal Processing Society, 2010 1601-1604.

[ 3] Ramirez I, Sprechmann P, Sapiro G. Classification and cluste-
ring via dictionary learning with structured incoherence and
shared features [ C ]// Proceedings of IEEE Computer Society
Conference on Computer Vision and Pattern Recognition. Califor-
nia, USA.IEEE Computer Society, 2010 3501-3508.

[4] Zhang Q, Li B X. Discriminative K-SVD for dictionary learning
in face recognition[ C] //Proceedings of IEEE Computer Society
Conference on Computer Vision and Pattern Recognition. Califor-
nia, USA:IEEE Computer Society, 2010 :2691-2698.

[ 5] Mailhé B, Plumbley M D. Dictionary learning with large step
gradient descent for sparse representations [ C ]//Proceedings of
International Conference on Latent Variable Analysis and Signal

Separation. Tel-Aviv, Israel ; Springer,2012:231-238.

[6]

[10]

[11]

[12]

[13]

[14]

Aharon M, Elad M, Bruckstein A. K-SVD: an algorithm for de-
signing overcomplete dictionaries for sparse representation [ J].
IEEE Transactions on Signal Processing, 2006,54 (11).4311-
4322.

Jiang Z L, Lin Z, Davis L' S. Learning a discriminative dictionary
for sparse coding via label consistent K-SVD[ C] // Proceedings
of IEEE Computer Society Conference on Computer Vision and
Pattern Recognition. Colorado Springs, USA: IEEE Computer
Society, 2011:1697-1704.

Ramirez I, Sapiro G. Sparse coding and dictionary learning based
on the MDL principle[ C]//Proceedings of the IEEE International
Conference on Acoustics, Speech, and Signal Processing.
Prague, Czech Republic:IEEE, 2011:2160-2163.

Yang M, Zhang L, Feng X C, et al. Fisher discrimination dic-
tionary learning for sparse representation [ C] //Proceedings of
IEEE International Conference on Computer Vision. Barcelona,
Spain; IEEE, 2011 :543-550.

Porat M, Zeevi Y. The generalized Gabor scheme of image repre-
sentation in biological and machine vision[J]. IEEE Trans. on
Pattern Analysis and Machine Intelligence,, 1988,10(4 ) :452-468.
Wiskott L, Fellous ] M, Kruger N, et al. Face recognition by
elastic bunch graph matching[ J]. IEEE Trans. on Pattern Ana-
lysis and Machine Intelligence, 1997,19(7) :775-779.

Liu C J, Wechsler H. Gabor feature based classification using the
enhanced fisher linear discriminant model for face recognition
[J].IEEE Trans. on Image Processing, 2002,11(4) :467-476.
Zhang W C, Shan S G,Zhang H M, et al. Histogram sequence of
local Gabor Binary Pattern for face description and identification
[J]. Journal of Software,2006,17 (12) . 2508-2517. [ 5k L&,
L', SRUENT , 46, BT JR8 Gabor 22 4k J5 E1T 51 (1 K
RS IRBI[T]. B2, 2006,17(12) :2508-2517. ]
Yang M, Zhang L. Gabor feature based sparse representation for
face recognition with- Gabor occlusion dictionary [ C]// Procee-
dings of the 11th European Conference on Computer Vision.

Crete, Greece: Springer,2010; 448-461.

© I B R BT AR ST A



	fm+ml.pdf
	fm+ml.pdf
	fm+ml.pdf
	fm+ml.pdf
	fm+ml.pdf
	fm+ml.pdf
	fm+ml.pdf
	fm+ml.pdf
	fm+ml.pdf
	fm+ml.pdf
	fm+ml.pdf
	fm+ml.pdf
	fm+ml.pdf
	fm+ml.pdf
	fm.pdf
	目录.pdf
	英目录.pdf

	20130204.pdf

	20130206.pdf

	20130207.pdf

	20130208.pdf

	20130209.pdf

	20130210.pdf

	20130211.pdf

	20130212.pdf

	20130213.pdf

	20130214.pdf

	20130215.pdf

	20130216.pdf

	20130217.pdf

	20130209.pdf



