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Sparse representation based face recognition classification
algorithm using greedy search strategy

Liu Zi', Song Xiaoning'*, Tang Zhenmin'
1. School of Computer Science and Engineering , Nanjing University of Science and Technology, Nanjing 210094, China;

2. School of Internet of Things Engineering, Jiangnan University, Wuxi 214122, China

Abstract: Objective The success of sparse representation in image reconstruction triggers the research on sparse represen-
tation-based pattern classification (SRC). A strict and standard dictionary creates sparse coefficients, but may not achieve
a better classification accuracy in the SRC model. Recent research reveals that the collaborative representation (CR) mech-
anism, but not the L, -norm sparsity constraint, improves face recognition (FR) accuracy. Therefore, constructing a ration-
al and optimal dictionary for SRC model is a challenging task. We propose a novel SRC fusion method using a dynamical
class-elimination mechanism, which strengthens the ability of collaborative representation, and a greedy search (GS) strat-
egy for face recognition. Method The proposed method involves two aspects: training variable selection and classification

strategy and sparse coding coefficient decomposition. The training variable selection and classification strategy aims to
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represent a query sample as a linear combination of the most informative training samples and to exploit an optimal represen-
tation of the training samples from the classes with major relevant contributions. Instead of eliminating several classes at one
time, we eliminate classes one by one with GS sparse coding process until the ideal number of classes is obtained. In the
context of the proposed method, an important goal is to select a subset of variables that can accomplish the provision of a
descriptive representation for sparse category knowledge structure. We develop a heuristic learning strategy to achieve this
goal. The method converts the original classification problem into a simpler one that contains a relatively small number of
classes. The remaining final training samples are used for classification and to produce the best representation of the test
sample. Literature validates that the CR mechanism has a significant role in the SRC scheme compared with the sparsity
constraint. However, the sparsity constraint cannot be removed from the SRC scheme. We introduce a greedy search meth-
od, i. e., error-constrained OMP, to integrate sparsity and CR mechanism and to solve the problem of sparse decomposi-
tion. Term regularization has a twofold role. First, it makes the least square solution stable; and second, it introduces a
certain amount of “sparsity” to the solution. However, this sparsity is weaker than that by L, norm. Result The SRC model
shows that the test samples are not represented by all training samples, but can be sparsely represented over a dictionary.
Therefore, we follow the following two key points: CR mechanism to improve classification and the condition of sparse con-
straint. For the SRC analysis, a test sample has been represented as a linear combination of all the training samples. The
coefficient of a training sample in the linear combination acts as the weight of the training sample. The method assigns the
test sample into the class that produces the minimum representation residual. A smaller coefficient denotes that some train-
ing samples have fewer contributions. Therefore, these training samples are inconclusive to the classification. The class that
has fewer contribution to represent the test sample can be assigned to a zero coefficient, and the linear combination of all the
remaining training samples is reassessed. These remaining training samples are informative to exploit an optimal representa-
tion of the test sample with major relevant contributions. The proposed method removes only one candidate class from all
classes. The removed class is far from the test sample of the linear combination that will represent the test sample during it-
eration. The classes that are very far from the test sample are first excluded, and the classification decision depends only on
the remaining classes. Experiments conducted on the ORL, FERET, and AR face databases have demonstrated the effec-
tiveness of the proposed method, and the recognitions rates are up to 97.88% , 67.95% , and 94.50% , respectively.
Conclusion A novel SRC fusion method using hierarchical multi-scale LBP and greedy search strategy is developed. The
method aims to establish a heuristic iterative algorithm to obtain the supervised sparse representation of the test sample and
then exploit an optimal representation of training samples from the classes with major relevant contributions. This method
involves two aspects: dynamical class-elimination mechanism and replacement of the sparse approximation problem by a
greedy search strategy. The test sample is classified into a class whose contribution has the minimum error. In this method,
the sparse factors exerting influence on the structure knowledge can be incorporated into the sparse representation via itera-
tive measurement of sparsity constraint. Experimental results show the feasibility and effectiveness of the proposed method.
This type of sparse learning method is a new attempt compared with traditional popular representation methods in image rec-
ognition and can be clearly interpreted and be successfully applied in classifications. Future work can place emphasis on the
quality of dictionary leaning. A study on the effect of introducing fuzzy weights into each atom will give them a varying fuzzy
degree of popularity.

Key words: sparse representation; greedy algorithm; face recognition; classifications
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[e] S T K s ) 2 [ o Y R AR o
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R ¥ (error-constrained greedy search method) 3§
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5 55 77 fi# £.45 Lasso(least absolute shrinkage and se-
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FIEA R BUIEI 1, AT T AR
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3
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AN o AT £ () <e () BRIGHEH S" =81 U
ol

3) BT, &, X Support [ x| =S
/NI || Ax —b | 55
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SRCARL R, o R, AT DATE AN 00 k1
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3 SLIGHER

RLEPAE ORL (http ://www. cl. cam. ac. uk/
research/ dtg/ attarchive/facedatabase. html ) | FERET
(http://www. nist. gov/humanid/feret/feret _ master.
html) F1 AR ( http://www2. ece. ohio-state. edu/~
aleix/ ARdatabase. html) A& BMEEdEE 47 T K
S, X 3 A A R B R i B R AR
() A 222285 T S 17 R IR B 26 1 R SRR, 1 AR
Hes e v A, T A BOE R ) A FEAS . ORL
BoyE LT 400 W IR, 23500k B 40 251, B
FHIFRAL 10 MEAEA K5, ORL G B 1 H i35
IIREAR LI 4

FERET KB4k 1A © il oA A 30 i v U001 $ R
R — PR R, A SR R T FERET ¥

B4 B ORL B e v O b ofe Pl %

Fig. 4 Some normalized images from ORL face image database
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Fig. 5 Some normalized images from FERET

face image database
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Fig. 6 Some normalized images from AR face image database
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RIARII B BAR kA . 2w TRk e H
Ja SR B 40 M UINZRFEARZANE R A Ao 28T A
5o HFAE 10 MEA TR RESE 5 MREASLA
FRUTRE, BT LATESC R P REALIESE T 20 MhHESI 45 5
o 7E FERET Bffa i) SE 50 v, B 2851 rp e 1 4
i LA R I ZRRE AR, 80 A4 1 T AR A D R AR o

TESER AP e BEALEEHE T 20 FhHESIH & 7750 &
WA TUEAGBEFR , PR B 200 DI ZREEASR L
PR ML S . EAME T A (4 525 Hh 1
SEA BIHUE A 0001, 3 A A Bodhs 42 1) 21 A
W1 R ARSCAEACUS ] Matlab SR S2EE, Jfis
ATTETENR 17 3770(3. 4 GHz) ) PC #1 L,

®1 3P ABEMKEEERAR
Table 1 The composition of the three FR data sets

EVE/ER FHNEL FREAEL FEA S YIRAEA 5L SR RE(RED

ORL 40 10 400 3,4,5,6 20(120),20(210) ,20(252) ,20(210)
FERET 200 7 1400 4 20(35)

AR 120 26 3120 8 1

T3 TR 1 AR 7 ik BB LB A b
fiffe R T £ 1 [R]85, By LA 43 531 %5 ORLFERET A1 AR
B AT T A TR R L5
3.1 FIEEHHEAREHNARKRIZA

K7 ok B FERET 4 22 i Ml A (8145 LA
SO 4 ARG R B, BT ER (1)
MFEAS B (2) (3) (4) (5) N A I GtEA
TIRRER Z AT 4 SRR 2 e T KR, AT LR
L EAEGE Y SRC 5 ik v, IR 1 AR AR 2 01) 2 A1t
TEZTTER, EE R T A S A R S5 T
BTG P LA TERA B 28 A A 114 BT R BE A R 1) A R
ok (HRTEARSCR L Al i — 20 20 JL PR EE B A
BB SN a1 = 2 N e o eI = 2N
TUERAR R, A ACE S AR B, r LAZS 2 15 811
32545

(1) @) (3) (4) (5)

- J A - |

(a) TG SRCH TS 45 1R
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K7 285 DAREA Y 4 S R TTRRRE A LAY 14114

Fig. 7 The most four contribution for a given test sample
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Fig. 8 The average recognition rate of different method

under different training numbers on ORL face database
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Table 2 The classification recognition rate of each method varies with number of training samples

per individual on the ORL face image database /%
INZRFEA KL
Trik
3 4 5 6
PCA(100) 88.41 £0.08 91.22 +0.07 92.82 +0.06 94.82 +0.05
PCA(150) 86.72 +0. 06 90. 63 £0. 06 92.14 £0. 07 94. 06 =0. 08
LDA(39) 87.68 £0.05 90. 87 +0. 08 92.28 +0. 08 93.92 £0.06
SRC 90. 65 +0. 08 93.24 +0. 05 95.22 +0. 06 96.33 £0.07
CRC 91.78 +0. 04 95.08 +0. 04 96.40 +0. 02 97.73 £0.05
SRC-GS 91.81 +0.06 95.14 +0. 05 96.42 +£0. 05 97.88 +0. 06
%3 FERET #iEE FARE XIS E R LR
Table 3 Comparison results between different algorithms on FERET face image database

PCA(100) LDA(119) SRC CRC SRC-GS

HFNZE/ % 56.83 +£3.63 61.32+£3.42 64.54 £2.52 67.46 £2.17 67.95 £2.41

TER A4 A T AR £di e L, g4 0 4L
A 551 AL MBI G 50 A FPEREA T S0 >4
PRI REA R 9, LDA (PCA SRS ,CRC'" FiI SRC-
GS J7 BRI

F4 ARHEE L TEREATREEIRANERILR
Table 4 Comparison results between different algorithms

on AR face image database without occlusion

PCA(200) LDA(119) SRC CRC SRC-GS

PR /% 80,6 85.6  89.5 93.7 94.5

3.2 FEHERERHARIRZ

TERE T 2R W0 UM I 3 v, i DR e 44 1)
B SR AE VN GAEAR 5 | A— A TUAR A SR AR [
AT B UEASCRE A S AR BRI BT
PLLSES, — 22 AR ET 8 R TGRS K14
N ZRREAS T 42 1 16 i EHGRAE AR A 3K
FEAS A 5 4 0 Oh e 1 B TG, 78 R i 1
RS ABRLIAERE, % 5 51 T LDA (PCA |
SRS,CRC'"* Fil SRC-GS % J7 L MR IR, 5 —4H
SEE SR BN A AT 8 M TG R G AR 2
FEAS , B FF 50 455 P 50 A Lo 1) T 30 0 A5 B
R0 00 T (ke A . i HLAE AR R B i nd il
GREAR TG A—DTURIAAIERE, R 6 FIH T 1
U 2R B A L T (9% R SRS, CRCM'®' | R-CRC!M
Al SRC-GS 455 B R BIR

x5 ARHEE EAREENIRAERILE
Table 5 Comparison results between different algorithms

on AR face image database

PCA(200) LDA(119) SRC CRC SRC-GS

AR/ % 50.0 56.4 64.8 66.9 67.6

R 6 ARHEEF LAEHMNATRREENIRNERILR
Table 6 Comparison results between different algorithms

on AR face image database with occlusion
/%

Jrik PN il 1y
SRC 87.0 0. 08 59.5£0.05
CRC 68.5+0.08 90.5 x0. 05
R-CRC 87.0 +0. 04 86.0 +0.04
SRC-GS 87.5 +0.06 86.8 +0. 05

3.3 ZEoH

2R 2—3R 6 BN T AEAR R IR A T,
fE5 19 LDA | PCA 83k Ml JE F 7 5 32 75 1 SRS,
CRC') R-CRCU I SRC-GS 77 ¥ (iR Bl . fEfL
ey SRC Jrik i KU A 2R R Bir A i U1 e
RPN A 00T =20, ERAR RS TS , R IRE
AT T 23 ) R BB, AR I R A 1y
RECHZE . HRAESZPR N B, s A
X 55 S HRARAL GEERY A S, (AR A i o R
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