H28 45 3 M)
2015 4F 09 A

R A2 Be s 1 (A IRBR R
Journal of Yancheng Institute of Technology ( Natural Science Edition)

Vol. 28 No.3
Sep. 2015

doi;10. 16018/j. cnki. ¢n32 — 1650/n. 201503011

HBHRRTHE GRS XA RGIR

3

ﬁ

(VLIRS I Be, T8 M st 210013)

WE. RIFFIERB T R R BE SRR s X5 R I E, At A Reg LR RET
TRV AFIEAR By ok, P E BB kit A2 4 EIRF TRGFHAR, R, AN ETRL
T ik A AR R IR — ] BOR T, B [ A AL SR S AL 00 3% K, AL R IX Sk AR G o ik AT
BAEy R AR AEMA, REVBERAFT H AABRRARS AL ERHITR TS MR
G R FE E R AT R — M AR R G e, B ENBR THRATOMIEy L ka1
AT HAT , TG ARAT B AR 04 R M A A6 B T 4G 55 )

XBF . HREAT; B £ A 4 A AL
XEHE 1671 -5322(2015)03 - 0047 - 05

FE %S . TP391.41 SCERARIRAD: A

G 53 ZEAE R H SRR 5 38 1Y) B 8 2 B
FB53 , BEtE A B X R B N S 367 704, 2R R
&b B SRR L, FE45 H IE B I T, XS LS9 T
VELEIG Rat Sk A TN E Y Jig
O RALHE BRI TR R EHGARFE A P2 B PR Y
REdE SORRIE B8 e a0 R . Hi,
PRBEAFAE Y $ U B FE R T ARt R e B i 25
BE B R SOl i 6] 5 S AR M | [R] B
TABEEN R ERERI . NI, & X 2R
PR [0 B 8 — 22 37 B A B A 55, ] A 2 b 42 B
FRAE ML 40 P — PR A R

FRAE AR AN S e BT IS A, 95 B
SRS AL B AR 2T A W2 S5 S,
AR . b FRAE SR IR IR 48 7E S B A B RRAE 2
fill BT get (R e aAl) (s e g DR
B — i G R A RRAE 3 5 DL T & H R IR Y
FEARHAE ELAT B 47 0 PR RE 5 TRRAE 2% 2] 248 A K
1t 18 EUGAE A B v >R FHAS [RIRRASE 1 I 265 235 44 LA
R Az S BN Sk 24 2 R AiE , B ik i Se
— P, BB XA R SE B A A G, T LR R A
LSRG HEA TR PRI NPT N T THRRAE

ML AFR W B A A B L 2R 5 o B Ak
L ITHEAUE 5B AU S 8 T A E N Ah 2

W Fs B HF :2015 - 04 - 21

AR E ST CAERN— T4,
RUOPE R T — SR R, T i i s 48 1 FH T 51
BARFERE I, AR [ PN A A DG 5T, 2 T Fi i
2t B 1) P A5 RE AIE 2 BBUAE 22 AT L 43 o R AIE 4 B
( Feature Extraction )*’ | jii] # 2% 5] ( Dictionary
Learning) L HRAE 465 ( Feature Coding) SURMERAE
JL 4 ( Feature Pooling) /i3 JUAMLHE . Horh 45 4F
Ght At TR D(D = [d,,d,,+,d,] e
RY™ S d 5 AE A 248 FE AR ], 2 03 B3] 44
B TEW R M BT AR — R BE Y P
(RS € G S Tl N e e A o A S D SO
4R JR ER A (Local Feature ) fiE 554 4y 4 i € =
[evsen,onye, ] e R™ . AR S i 4 AR H AR
(73] 180 KB DU A B, AT X6 i) — A Jey B AR ik 25 7 A
ANFERAS . JEoR, ) BIAR 22 2 1 B iR A A5 A
(Bag of Words, BoW) ' iy 05 , BN TALAERS
SIAR A b e s RO ELRE RS 4 e X 28 07 e Y 43
Khe . BBRBEARTEERNG 2K miBaG 7R En
HE R AT AN — W AR 0 J&) P ARAE 2547 S
W5 TSR A AR R EE T 25 ], AR A AR [H]
)bt 77k T LA il 3 26

1) £ T HE#4 ( Reconstruction ) i) 4w A5 )7 =0 . 55
Bi4ifid ( Sparse Coding, SCSPM) "7 | &) 5 24 o &

BEEWB VLI R A ARB AL (12KID510006, 13KID520004) 5 )
VEZ BT AL (1978 =) o VUHPHBN , SEsail, 3= ZF 507 1) g BG4k PR 8 )



- 48 - IR T ABeA 4 (A ARBE2 )

%28 &

4 4% 15 ( Locality — constrained Linear Coding,
LLC) ™ R0 29 5 i 1 45 2% ( Locality — con-
strained Sparse Auto — Encoder, LSAE) " JR# %4
TR 23 [R] B YE B9 4 A5 ( Locality — Constrained and
Spatially Regularized Coding, LCSRC) """ (% #kF
B %ihi% ( Low — Rank Sparse Coding, LRSC) ",

2) BT B E (Assignment ) 19 i i 7 5 A 43
Fic 4 5% ( Hard — assignment Coding, HC)'® %k 4y
Fic 4 5% ( Soft — assignment Coding, SaC) '™ J&&B
AT 4 75 ( Localized Soft — assignment Coding,
LSC) ™y

3) BT B M (Salient) 1 4 % 7 22 2% G
fih ( Salient Coding, SC)'™' . 41 ' 3 % 5% ( Group
Salient Coding, GSC) "',

T UL LR R i AR A B A2

1 JLFFIERAD 7%

EX b eR' EFHAMIE (), XH d
PR R AL A 4E L 6 1% MatrixB = [ b,,b,, -,
b, | RFF L VLR MIR A n AR Y
AEGx e RY E—IREURIOES | MHHIE 2, e R' 2
x; B9 G, Hoh 2,02 b; B9 R H
1.1 @4 Ht48 ( Hard - assignment Coding, HC)

XFF— R AR X, A HAVE — P HEE R
B, ARE S T B 1 R B R B B B R O R
) (3) R E i, 2B — R FHERICHE ]

{1 if j = arg min_zlll_. Xi— b, I3
z. = j=toe,

0 HAt

TEAWTE 7 L[] 78 W% B0 T, B 0 1iE 20 5 07 1%
HREH T AIETITR IR ER A4
ik, AN AT eE G e 25 7 AR AR R iR A iR 22 . i HLAE
IR R R HE I 26 2% A5 RAEAEAR 25 1
AR AR S AL, MR R 2 R

R BC 2 1 77 3 2 S B0 A ) A A0 B 1)
AN R PE AL E R ) 5 B . LB BRIR] A A
B 5 P4 PRI AE 2 5 D BT LA P 0 B 3]
RIS AR AT , 2 DA I R LA A ) v i
H—N IERRRY ™ B 23 C 2 5 77 12 HOE PR RE B 4
IR R TR B8 — A0 0 B R) T 220 ek A gk
AL BT A AH S 5 P R 1] 14 5 PR 45 1R R
JRyFR AL AL 1w S iy A R B4 3] 114 AR
T, ELATS AR B DA o 8 AN 5 T Ak 1B 2 P g 1 — >
ERFE . WAER TG TR TR RE

(1)

REAE AL 1) B B B 4 ) ] (R 22 T XA
P B Bl AR o B TRl AR AT R JF AN FLIE AR R
JRITRARAE o
1.2 4 BL4RAS ( Soft — assignment Coding,SaC)
BT j At R BUER TR ARRHE X,
FE j AT Z ] Y DE R FE o A2 F- 1 R AL, [F]
e A n AR AR 2, -
_ exp(—a”xi—b/”g)
;exp(—aﬂxi ~b,[3)
7 38 A TR AR R s R s B, ke A 3
N B PERERY H 09, EARTHR R 25 (H 2
SRR A BOR 3T
1.3 BEPHHE UL ( Localized Soft — assignment
Coding,LSC)
PO A AR R AR TR 3 i
kAT AR A IR) >l BT Soft — assignment Coding ;
exp( - a || x, _bj [ ;)

Doexp(—allx, —b,3)
=

(2)

i

= b e N(x;)

i

(3)

SERER 7 AR S 2R I RS T AR
UFIRCR B B R A B E A Dol s (9 & 3
[, G AT REIX & ] 5 Jay B AR i 22 a] 1) B 5
HRARAZE (HSASAEARL) | T 28 4o 1 W Ak =2 J A8 B T e
A, DTS Wi S B RO
1.4 FER4R%5 (Sparse Coding,SCSPM)

P ol FRR i A N S e e i e
AT R BT x, | 765K 2800 & z, B,
AT 1 e 1 i .

7z, =argmin || x, - Bz, |5 + Az |, (4)

R N2 G Tk e (1 ) | ES ] B
SRR XS R Y 5 M, 32007 B R I A
FIPERE , S B 3 By [0 AL TT VR AR L 20T ki
B A R /)N o i B s E T D T R £
DAPRIIE 27 2] 3] (14 335 BRI 2] Jay FRAAIE 1) Jp A
Ko (HIZR TORIER B, & JE 5 A Rl 5E XS AL
Y R PR AR IR e 5 58 4 AN ] (1) R 1), -5 S04 5% 22 [H]
FAH GRS o
1.5 BERARZEMELR ( Locality — constrained
Linear Coding, LLC)

M E A SCSPM ik AR, 1Z 7 ik % e w
Z2 W2 R Al P T AN S A i P, 3 s il 1 A G R
BN B ) R R e, A R AR 2 SRR AR



5 3 1]

JHE i i A s 1 R 0 2K e 2k - 49 -

SCSPM FR R B2 SR, b z, A THE st 1 1
227 30 N SYE R A5 2 N i

Z; = arg min || x; — Bz, ||§ + A | d,Og; ||§
1z;=1

(5)

Horf,

d;, = exp(dist(x,,B)/8,dist(x;,B)) =

(dist(x,,b,) ,dist(x,,b,) -, dist(x,,b,))"
(6)

dist(x,,b,) 5 SN x, F1 b, 2l 1, B 8,5
SN IEMISEL, T T V8 Jay 1 3 T e A A B
PR, b 1 R R AR A 2
TRLORAIE T ARBL) Jay & 4 ik 7T LA SR AR AR 8L i o
kiR IR R B I 2SR T AR A RIS
R, ERHAE T BA RIFEd vk, BA R
FRAYEHE 1, A EAT ST Al (TG 223540 .
1.6 $I I+ Hr # 5T 4% 59 ( Laplacian Sparse Cod-
ing, LScSPM)

X B — TG i 6 G % — SO A T G Y T
2, BT A0 1 T AR LAY SR R AR i B AT
ARABLAS R B 40 % o 1205005 T8 o 72 LASSO [a) 8 h
T PETHRAF8 TE D0 30 ok 52 B, 5 i 1) 2 > R B
S BLG F SR Sige P LA 2o S B A4S 2

(B,Z) = arg min | X - BZ |3+

A Nzl +Bur(ZLZ")

s. t. ||b_,'||2$1,Vj=1,~-,n (7)

XL SRR R R I, TR S A T
JRTRRHIE Z IR G R L i AREARECH o i T8
PR BYRAEAR T 22, Ak HE R i 37 R R 2 o
M 8 ) [ B AT B 15 N AT AT Y, T A
A2 T S B R R R R R A R
1.7 RBE45(Salient Coding,SC)

XA B g % 07 =X, e T EE R x,
SR LA T3 R 3 b, 1t 2 AR R AR B R
PR R XL, (- ) Je— BRI A1 R,
1B, oy e J 0 b AR AR

2
”xi_bj ”2

2= 1 _€0[ 1 k A 2} (8)
k—lmz;é] ||xi_bm ||2

1.8 ZHEBEHA(Group Saliency Coding,GSC)

EX s,V S f CRRAE i) B #R 4 group code
AR/ MBS RIIEE R, o (f) ik it 1
SR EE A IR PR R

(f;) ifj =argmin|f ¢ |,
Si(j):{d)f ifj = arg min || f; = ¢ |

0 Hith
(9)
SCIfi-cll = Ifi-ell)
o(f) =2 < -
S f-eln
(10)

g(fi k) RS £ Sl iy kAL 2H Y
codewords , k J& group — code RF I EHKIE

GaSC 1) FERAMEH & T f; 1 group — code
FIHA codewords Z [a] AR X7 B . XF T AN Y
k, SBEFR B E R k + 1 LB codewords Sk 45 4
ANFFIE S i, 3% b A5l 1 LR group — codes
A, Hp L 56 kS codeword /R group — code iR
BAERMENITTR HUGHE BB PR
1.9 RBFHEHEEE (Low — Rank Sparse Coding,
LRSC)

EX X JEH SIFT $iik 120 S 5 0 , & —
MR — AR BB R AE A, T8 2 128 4Ry, D S
PR MRS B DU, R ARERRAE >, T DL
B R RN R R R . X = DZ

min | X =DZ |5+, 1 Z] . + A [ Z ],

(11)
b ) Z |, BRIk 2w
1 SRR I ARRBREL B | Z ), = 3 ] 2

|1, BB A, T LA 7845 10E 2 B 60 s 8 1
AR o SXAERHAE S B0 1 () R A i — 13K
ff AR AR T B PR ) R, 2 R LR B
FIE TG, W IR T R AR A AR AL (A
F P PR AR YL, 3O LSC, LLC AfL) |, [F]
AT 23 6] — e A 45 8 (Gl 5 7 = 3 X
MNARFRA I (4525 (8] G & b L AR AY s HA A
AIAFIE SR A5 )

1.10 FB#EPARB B B 4 5 2% ( Locality — con-
strained Sparse Auto — Encoder, LSAE)
TEHET 5 1 2 A% J7 kb, 2 e E T D
J& AL ZOR A — ML TR AT A x 1Y)
f o, A58 52 2% BE A 5 SRR T 4 Kk
3 —J7 T, BT A Bl G i A A g i S
B PN BRI BRI — A I L P A8 o R B A R
(B HAE G A rh B2 TR, PRI T
gt I A8 YES T A B shgmtids b, 15 3 50



$ 30 IR T

BesAdi (A RBHERD

%28 &

2 % 4 1 DI T R BBCRE “ B [] B E 78 20 R 2 4
P, (AR AR A4 A BEAS SR AR B FER S , I\
i 5 e e B 7 B AR A 454 %07 AL
RAET

(1) X T R A0 114 - L 24 5 0K 13, LSAE
REfEPREL ) i, I HL R ] 50 A i 15 R A
HUBESRAF 75

(2) AHXT T GE ) (Rt ) H 32 i A R Ui,
LSAE {E3RBUS i feh 58 0 MU T A5 32
] AR T SR , (A Ay A 5

(3)AXF T LLC H shdifhas A il , Hor 134
s LS

AFAE R IR < 4 5 SRR 3 I, A7 SE 2
ATHARMEF > B4 F BRI

2 mEFIEE

BB R < 40— T SR RRAE
(R A5 7 2K 3 R R A o IR . BRI Ik
JERE ST HCAS (HC) | AP 5 5 mAR T A (HE
X A PR R T EL AL R ZERCR, IN
SR BT — A 5 A 114 T 58 AR 0 I G A T 0
(SC) , EAE#E 7 JEPERE R RIS T — 2 A ik
AT o S T ROk 0 P R 7 P 6 1 ol 2t ) 5
V5 I B 2 AT BB A B8R TR 2 A
SIATRRBPE"  AF 20 i G 6% 1 A i i L
PRI ATIE , L0, HAT AR I T 1 Ry 5P
FAE A AR gt o8 TR MATREE, A
MNARH T 53— R g gy 1 Rl PR B R
(14 20 % 75 3 LIRS LE AR S R R AIE 14 1AL 1) it
FR 2 ) FIARAE A1 38 1~ 22 TE)J AT BE HUAR B, 3X it 5
GO B 5 i R AVRAE 3 34 1 e i 28 A L

S Xk

ASPRE S FRAE 57 B S3RE R A il T T L
36 6 Jo 8 6 426 4 A Py R R i) o SR TG , 6 T T
FIF R 310 F) 3 B 4 ) 7 26 o, RIS 4 46 D 48 S
FEXS AN ST 0 o FER 7 7 B 46 5 ( LSeSPM) '
Jr ke AE S LR B B B (5] I 8 % 18 T R A
iE 22 180 Fr 4 R AR A , {2 S5 A P TE R AE 4R
BRI A R, T LA 454 A L AT
R B SR B N 23 A S 2 [ G R 28 [ — Sk
SR AE UG P 23 1) (37 5 M T 4 1 2% LA AR B 7
TG 2 T, I 7T LA phy KB A 5 it ) oo 7
YT R A S B T IR B 4% (LRSC) |, 3
TR 17RO B i S R ) R € R = S T
i (SaC) A4 Hy R TR T i v Ja) 3 24 B 28 e
S (LLC ) 75 4 it A AR A5 B0 25 % [ B e
PEAT BRI , 21 5035 A ( GSaC) S i 35 4 i 77
TENREAD BEEL A T L i R HEAT T 182k

3 g

IR =]

WFTEAE R A R FF AR 28 T vk BE S I
R B 15 53 2 RO B P RE , T 2328 9
HER AR AR AR BB AR 2 A Y BT 5 A
SR T B RA N 1 1) J LR R i R Y
J P B SIAL A LU R AR R TR, e
LRGN A B, I B TT AT IR T R SR AT A
TESAR DT, B ATHRRAE 2k RE S Je A BRAY . BT
US I REE 2 S AR PR O SR IAT 55 A4 T Bk
M BRI, RO B R TR R R,
GO B4, BATBGR A FERIBRE ), REE
AR R o SR I R S — R R R A9
Ji T HBA Tz R TR

[1] LuD, Weng Q. A survey of image classification methods and techniques for improving classification performance[ J]. Inter-

national Journal of Remote Sensing, 2007,28(5) :823 —870.

[2] Nixon M' S, Aguado A S. Feature Extraction and Image Processing] M ]. London: Elsevier,2008.

[3] YuN, QiuT, Bi F, et al. Image Features Extraction and Fusion Based on Joint Sparse Representation[ J]. IEEE Journal of
Selected Topics in Signal Processing, 2011,5(5) ;1 074 —1 081.

[4] Yang M, Zhang L, Feng X, et al. Fisher Discrimination Dictionary Learning for sparse representation[ C] /2011 IEEE In-
ternational Conference on Computer Vision (ICCV), Piscataway:IEEE, 2011543 - 550.

[5] GaoSH, Tsang I W H, Chia L. T. Sparse Representation With Kernels[ J]. [EEE Transactions on Image Processing, 2013,

22(2) :423 —434.

[6] Lazebnik S, Schmid C, Ponce J. Beyond bags of features: spatial pyramid matching for recognizing natural scene categories

[ C] // Computer Vision and Pattern Recognition, New York;IEEE, 20062 169 -2 178.



5 3 1] JHE i i A s 1 R 0 2K e 2k -5l

[7] YangJ, YuK, Gong Y, et al. Linear spatial pyramid matching using sparse coding for image classification[ C]. Computer
Vision and Pattern Recognition, New York:IEEE, 2009.1 794 -1 801.
[8] Wang J, Yang J, Yu K, et al. Locality — constrained linear coding for image classification[ C] // Computer Vision and Pat-
tern Recognition (CVPR), New York:IEEE, 2010.3 360 -3 367.
[9] Luo W, Yang J, Xu W, et al. Locality — constrained Sparse Auto — Encoder for Image Classification[ J |. IEEE Signal Pro-
cessing Letters, 2015,22(8) :1 070 - 1 073.
[10] Shabou A, Borgne H L. Locality — constrained and spatially regularized coding for scene categorization[ C] // Computer Vi-
sion and Pattern Recognition (CVPR), New York:IEEE, 2012.3 618 -3 625.
[11] Zhang T, Ghanem B, Liu S, et al. Low — Rank Sparse Coding for Image Classification[ C] // Computer Vision (ICCV) ,
Piscataway ;: IEEE, 2013.281 —-288.
[12] Gemert J C V, Geusebroek J] =M, Veenman C J, et al. Kernel Codebooks for Scene Categorization| C] //10th European
Conference on Computer Vision, Heidelberg:springer Verlap, 2008 :696 —709.
[13] Liu L, Wang L, Liu X. In defense of soft assignment coding[ C] // Computer Vision (ICCV) , Piscataway:IEEE, 2011 ;
2 486 -2 493.
[14] Huang Y, Huang K, Yu Y, et al. Salient coding for image classification[ C] // Computer Vision and Pattern Recognition
(CVPR), New York:IEEE, 20111 753 -1 760.
[15] Yu K, Zhang T, Gong Y. Nonlinear Learning using Local Coordinate Coding[ C] // Advances in Neural Information Pro-
cessing Systems 22 ( NIPS 2009 ), Vancourer;Curran Associats, 2009:1 - 9.
[16] Gao S, Tsang I W —H, Chia L - T, et al. Local features are not lonely — laplacian sparse coding for image classification
[ C] // Computer Vision and Pattern Recognition ( CVPR), New York:IEEE, 2010.3 555 -3 561.

Survey of Image Classification Based on Sparse Representation

ZHOU Jin
(Jiangsu Second Normal University, Nanjing Jiangsu 210013, China)

Abstract : Good feature extraction method can reduce the workload of subsequent image classification and recognition. Different
feature extraction methods are proposed for the specific classification problem, and achieved good results in image classification
and recognition tasks. However, there are some obvious shortcomings of the existing feature extraction based on the traditional
method. With the increasing of the size of the visual task, direct use of these traditional methods for feature classification is not i-
deal. The feature expression method is proposed, which is based on the most basic features of the image, and the sparse encoding
or other expressions are proposed to form a final image. Based on sparse representation and its analysis, this paper focused on the
feature classification algorithm and finally discussed the existing problems and future research directions.

Keywords : sparse representation; image classification; sparse coding; feature coding
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