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Review on Image Content Representation Models
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Abstract Content-based image representation has become one of the most popular problem in the field of computer vi-
sion. To deal with the challenge of object deformation, object occlusion, scale variability and background confusion,a lot
of strategies have been proposed,and a large number of works have been produced. This paper presented a review on the
classic works related to content-based image representation, which are in the order of codebook-based models, part-

structure models, contour-fragment-based models, biclogical-cognition-related models and context related models. In ad-

dition, the advantages and limitations of each model were also provided.
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FRUCSTI BRI, A B X ER AR RAEEMNME
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line) F1 H AR AT ] #9341 4% (edge) . WIFF 46, BIF 9T & R AR
MR 2, 0. R AR (rigid template) ™, B A5 4R (de-
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FIRHEG B A A B e T B M E . s, ST
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HUre17) | B3 B JEE v 184533 (back projection) B £ i
BRI AESULERRREE PEAE S AR AR
FRHBETLBRAIFER™, BREBABNLREREH
HER: X 3R P B R BB S o, (B AP WAL B AT S M B K
Jo Rz B RER S R — N A EMER . EEESRKEYR
B Bz 2 B B U 3 (ventral stream) 7E B 471 833 # BT 100~
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. E,Serre ZARME T —FFERRLEHS, BEN R EHHEE
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_?[82] .

] B e e
S . -
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“complex composite” cells(C2)
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AR ERERKEUERANKREE P, IR
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tion) BT &5 B9 LBl k220 10: 1590, X i HE, — NSRRI
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Eg i b FiEE (context) 15 B, X AR ML FE
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PR ETIEE EAR GRS B E R EE R
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1 Bar 20t 0 N0 FH IR A B R B4R 46 T SO R R 3L
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RESRAES ; 0] UGB P A R R EME R — Nk
BIGEITH 451055, Wolf F1 Bileschi ZECER[ 94 IFHH T £
TIER M —AE 3 SR B4 34T 540 AR A B R
BiRp ERYEIMRE B . —kiE, L TIEREXN S
BRBOT A AP, — 23 AR E 2 E R A B ZE
WX R, B R ERE RGBT RA.
YERE—2 M LB, Kumar & A" ¥ 53 B R A7 T
HREXMNDEEERIZBHRRAITER. Ko,
Parikh % AU ZELI #4736 428 ) B R 3R b BB SR 14 BE DL 3%
(Conditional Random Field, CRF) £ 37 X L B 3 2 8] B #7
5B K. Torralba & AP ji fi boosting 1 EJ 1L M
#% (graphical networks) 32> 28 5“3 B (co-occurring) B H
FRZ BB B E LR, T H T A 3hi& 3 (auto-con-
tex B, ZEEMNARIE SRR ES LB RASEHHEL
REFWARGE RN T IERER T N RHERRER
WEHARE HEASVWEREMNELIREMF. He %A

R T BiE R (latent topic mode) BIFHTE R, ZIE AT LU

REBIEH RS L FERGAEE. LRAATEEN
F SR BARZ i % A L TFiB SR e, 4 44K
FE & Y)EH 5 R R U R BRSHET KRR
T, BRREEE TN TESGANRETNALENEEE
B, XA R AR R A R

Xt F R R IRE A A - T iE SRR, MR A7 5
BRI B AR AL 4K #E . Murphy % AU F) B | TG
YER TR gist, EREWEG R HRTFESBEURSEM
Bide®. 30991, Torralba & AR i — 4~ B HE
BRINERFEEMERBHEZENXRBITER, M %
AT 38 T — R B B R AR v, R A A B AR I
EEMELEGREREEEIBAMNIEER, XZHEX—
R ERIRESR,

— MK , 72 BARSMNIAE BAHXT A R BRI T s 2
K BBRE X, BinERET RENE, ETFEEEBNIE
B REARE. Wt AnERGRPHARGEERBEEEH
B0, EFGERMERMENAR. g X4, Tor-
ralba AP T —AMEBR BB T« 455 — B AR E H, XF
B SHEAT IR, RS/ MR T IESEE B ER
BH R BRI BARS, BARBSMEN MU ES - TiEE
RRMEREE.

7 EEBLER

X BT A AR L, 246 00 R IR IE LA R IR
T Bt iR, JC % X B AR 04 O T B B B T Ab 2
BRI B FBA MR . PR TR R E B 615 B
5 LRI RAE TR L WRIE, YoRHRER
R MR, PR Y 3 JL P T LUK BB G B RCR AT 2
FHES S BREMNTR, AHESEREGILSLEY
BARE B , AR A A BY T H AR BB B . oA, 4R 1E
ZEZRHEF L R G BB E &, RHEE LK

e 5 e



BRI R — P RIB R T ISR

SETHEA BRI L, W-HHERE 8 MR
B REEE A R ER X BR, S BB 37 53 2 Jay R DX 4 = 18] B 48 Al 2
BHFIXRR. SEAESSWER, ERAEE LRI T &
FETHANEEAREHT A ESRE. A, W04
MR RIAFTE B O R BRYE , B0 A ALK 2 Bk R 3
B BB B A — AR KT MR B 2
BYATAT s B4 7 B R T B HR AN W B 22 ST ORI 5 IR K
Ay T B ESR AR A BARE BB AL B3, LURIIELE B AR
L REBRE R G R E R

EHTHRE BRI SR T AMBE TR
FHRANBPAL, BRERN I EH TRERER B
AR B AR R A S BT ST SR R A R 5 B
FHRAFWERAIS-EWRA MRS, BEFBCRA
H TR S, AN RETHAREE ; IR
WX B 72 P R B B R T R R KM AL E G
R, BPAE TR -GS RITERE . SEARNETHARE
B B WEAERARNE, ETRER BB EEXSE
Fo53 A AR i BERORE 3T LR BB HEAT AR ) TR

YA A IR A AR SR KEUR ARG
BEMBRTRIAERE, @ #— PR R KBRS
RERHERE. BRBEES ERH R TN 6
2, BRMERBZAFEEMEERN. HERATELY
BS54 YNSRI AR SCRNR, P R LR B R A A
T R, A B B YRR R I — PR AR BUE YA 4R
BREAR . YA BRI W e I oA S AR R, LAA3 5
B 5 H BB EEERR.

B CRLRL R A A R ST R Z A E AR R
BAER RN ANS RSB PR, SRR, X
R4 TE B AR AR AL I A M S FE A TR B A A £y TR 51
SRR HI TR MG RESE B, IR X R R
BRBGHRELRR . F, BRSO R g —F A
I3 0 3 =2 I8 A LU R A TR B B SR T R
R
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