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Fig. 1 The general framework of content-based image retrieval.( The modules above and below the green

dashed line are in the off-line stage and on-line stage,respectively.In this paper,we focus the discussion

on five components,i.e.,query formation,image representation, database indexing,image scoring,and search reranking)
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llustration of different query schemes with the corresponding retrieval results
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8.1 EXRBMKREHIESE

9T BERE B AR B U A R A 1 W]
PE ARG HE 020 % O SR H T BE SR MR
FERR B B 2 — N R K A #E DR BEAT i b
TEBARAE AR L /N (0 R W] DLl SR 8 E
TR T 0B S AR 25 5 ok ML mT e . A
A R IC K B 1 B ARER 2 4 R 355 DA K
o> E AL B M2 B — Ok U, A bR I 1Y A R E
YRS 2 28 00 & R A2 AR, OF Hax sk
BE G SR TE AR YOG IREREE RS A R BB 0
PHIE L TR 4R 55 2508 T U 1. T bR HERICE 4R A
UKBench Z4E4E" Oxford HEAPIEIRAE " F1 Hol-
idays Z#E 4" MIR Flickr-1M F1 Flickr-1M 2 2 4>

AR AR TR R 4R, 25 A 45 i T sk 1A
RO TAET IR, 3% 1 a2 T IER B bR b
PR A ARG B

UKBench 45 £E (www. vis. uky. edu/ ~ stewe/uk-
bench) : ZEHEAEAL 10 200 FKIE -, X 2L F R 903
J 2 550 ZH. A5 2H 26, 7 DU KA [R) R A B0 IR 5 B2 1Y
R FE —P R B R BT 1 10 200 sKIER ARy
Kra HAR , a3 EA TR R A5 R BCE.

Holidays %% #f £ ( lear. inrialpes. fr/people/jegou/
data.php ) IZBIEEALE 1 491 5KRIE R X 2L & 7
IR 500 A1 BELL R 440 — AR IR e
5, IFTEAF AL T IARE 4 R AOSRE 1 kIS T
VENKE R IE .

F1 ETHFHNEGKRERHEREES(“mixed” RTNZHEFEEE R THRESEMNTHEE)

Table 1

General information of the popular retrieval datasets in CBIR( The “mixed” database type denotes that the

corresponding dataset is a ground truth dataset mixed with distractor images )

G A TR PR A Y B PN A SR ESilEye PRI (P H))
UKBench Ground Truth 10 200 10 200 2 550 640x480
Holidays Ground Truth 1491 500 500 1 024x768
Oxford-5K Mixed 6 053 55 11 1 024x768

Paris Mixed 6412 500 12 1 024x768
Duplmage Ground Truth 1104 108 33 460%350
FlickrLogos-32 Mixed 8 240 500 32 1 024x768
INSTRE Ground Truth 28 543 N/A 200 1 000x720
ZuBuD Ground Truth 1 005 115 200 320%240
SMVS Ground Truth 1 200 3300 1 200 640x480
MIR Flickr-1M Distractor 1 000 000 N/A N/A 500x500
Flickr1M Distractor 1 000 000 N/A N/A N/A
Oxford #35 Y) EU ¥ 5 ( www. robots. ox. ac. uk/ ~ RE R AR R R E .

veg/data/oxbuildings ) ; 1% £t 4% 52 1 M Flickr ( www.
flickr.com ) Pl b5 LN 5 062 5k A4 Hrd 54
F R B Bl B e N AR 11 AN ] B
PRS2 AR A A 5 MR H .
IEAEA 55 AR ER F bR 020 JC SR 18 7 T3 4
A BZE G R .

Paris ZU 4 & (www. robots. ox. ac. uk/ ~ vgg/ data/
parisbuildings ) : %04 5 t A Flickr 04k 5 v ik
1 6 412 3k LA S 1A A AL 1280 S A 500
SRR KT

Duplmage BOWE O£ ( pan. baidu. com/s/
1jGETFUm) : iZEE4E05% 1 104 5KIE A, #5431k 33
A —HRNE N — A bR s — M fm, L 8
FEPEI b 56 AR I SRR P54 R s i 108

FlickrLogos-32 %¢ #& % ( www. multimedia-
computing.de/flickrlogos ) : 1% & & % tH M Flickr %4
AR BEERY 32 ST A AR A B AR 4 4 I
ST o3 | YR T 23 AL EE 2. 8 240 SKIE R b A
6 000 5K &1 AL bR HAE R T4

INSTRE #(#i4E (vipl.ict.ac.cn/isia/instre ) ; % %X
P e 4% INSTRE-S Al INSTRE-m 2 4843 Hi#
A1 200 26 23 070 5KIEF SR AL 5 473 5KIE A,
R E A 100 28 HbR g 2 A~ 24).

ZuBuD %X ¥% % ( www. vision. ee. ethz. ch/
showroom/zubud/index.en.html ) : %804 5 61 & 75 2
fiEfy 201 AL 1005 FKIE A, 15— EAWH 5
TR AR AR 2 B R R I A T 115 gk B K
F, X L R R s B T AN BRSOG4
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Stanford Mobile Visual Search i #%E ( purl. stan-
ford.edu/rb470rw0983 ) . %K 5 0 FHUAHMLIA Y
M, Felin €D B MRS 2 R R 2
A B RS BE R Th A 3 300 SRR R IE A

MIR Flickr-1M %¢ ¥ % ( medialab. liacs. nl/
mirflickr/mirflickrlm) ; IZ 5045 8 TP E I £, &
Flickr 255 th BEALZEIE 100 J75K 18 7 201, Bk
KR 223 4R A KT 500x500.

Flickr1M % 38 42 ( bigimbaz. inrialpes. fr/herve/
siftgeol M) J& 5 — T EHE4E 0 & T Flickr 5045
£E7 100 J7 5k A Y SIFT FRAE. 250G 2 th AN 5
SRR A

8.2 EBEZRBMRKRTMIER

LR EIR B R RGP ST RCRMN
£ 5 IO 3 A2 0 I 48 br. i R R A AR A
TS/ NI 2 MR AR O N R T 5 — A
FRR.

1) KEHREE. N T8 S MU AR R R AR IR A G
R EE XTI AR B R R A7 40 28, A A0 s 22 IR R i
IR (R > T S500KG B BE A A AN [A) A AH DG oK B
ANTR] B . S B L 2 ok DG KT A OG5 R
AH G SR 1 B TR Al 1t B sk [l AR R 4 2R
PIRSWRREZE & TR 0B A E PR G0 R R R R
FRBIBYAT k5K B R b E R 25 3 L. A ] B OR
GRAER T B IE RS R 5 BSR4 R A . —
AU, AN AR — AN 2R R GRS B FE R AIG, 0 LA &
SRR IERR 245 R DL R A M2 B () B
N, YR G R R 2R B ) o R (] 5 -
BIWE R YRGB B o T 43R Z kR R B ke &
e LR S e AN RSl L S o X
ARG ff BE R 1A

iP(k) x rel (k)
A, = k=1

: : (6)

Forp RARE M AT 2R R BARSC I 7 e, P (k) AR
FHT b RERERAT-EIRH L, rel (B) fUREE k4
SRR G R A SR R W 1,
TN 0, n ACEKREE RS H.

Al I Z2 T O RE GO B e, 8 A= (7) Bos
AU — A R 5 | B R FE AR i R A R 4 R

Uy S
Noc = N(" > 10g2(k)] ’

(7)

G x ) SR EEAS R AH S KT pR B, N 2R
AT, DL AE K 2R 235 S B AR B 22 1R A 1 45
9 100%.f( * ) BYH FHE CALEE f(x)=x Tl f(x)=2"
-1, Ja F ORI R & A O A

Br T LA LT T8 b, 4 e B0 4R 0 A7 F5 E 13T
WrdE45. 76 UKBench RS, TR — & Bir
A 4 RAHSCH R, BRI T N-S 4543, BV AT 4 4
IR ] 25 B v T A 2 SRS B0 218 Ok B RS
L.

2) THERCE ES B bRk R W TR R 4
SERSASAE BRI ] A5 R AR R 5 | A 2 ) B 1) DA &%
o F AL B BB R]L AT 2 WU BT, B Jq — T2
TELR VAT Y, B0 A R AL PR e )R nT B AR LR KGR
it R B AT SR

3) WG H.ZEHAER Bk R R G T, WA
o7 TR IR A 2k & R B B 5 I A — R
Ui, NAEEZH T R LT B AR R I ATl
AN B SR 5 SO 8 R I 3
FRITE LRI, Eb AN 239 S im) i B AL AR AR S | 3 2
AL UE T A8 BRI R — R 5 LA IR 28
[ AR o5 FH A P9 A 255 80 5 45080 4 /N B E A 56
1 RE IR F R B AL B R B R TR E & 5
B, BIHER 5 28 (8] 5 R 38R 5 0 A7
[E)E A

9 FRFRHITFRTFT IR

i RIUARER, 77 A T VE 2258 O ik DL R
FIARK 2 R G, SR MIATI SR AT AR R Mot 2 ) 42 1 K
FA P THEARRILAAERIBE T TT 1],

9.1 WEHRBHIESE

FEZ BARTNT TS LA 58 S, 1 78 R e AT
55 IR BT bR T B e 4 7 A A O SR O
N G312 AL 3 i S 2R A R T T Al ke
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Abstract The explosive increase and ubiquitous accessibility of visual data on the Web have led to the prosperity
of research activity in image search or retrieval. With the ignorance of visual content as a ranking clue , methods with
text search techniques for visual retrieval may suffer inconsistency between the text words and the visual content.
Content-based image retrieval (CBIR ) ,which makes use of the representation of visual content to identify relevant
images , has attracted sustained attention in recent two decades.Such a problem is challenging due to the intention
gap and the semantic gap problems.Numerous techniques have been developed for content-based image retrieval in
the last decade.The purpose of this paper is to categorize and evaluate those algorithms proposed during the period
of 2003 to 2016.We conclude with several promising directions for future research.

Key words content-based image retrieval ;visual representation ;indexing;similarity measurement ;spatial context;

search re-ranking



