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Automatic Semantic Image Annotation with Granular Analysis Method

ZHANG Su-Lan’? GUO Ping* ZHANG Ji-Fu? HU Li-Hua?

Abstract To bridge the semantic gap between low-level visual feature and high-level semantic concepts has been the
subject of intensive investigation for years in order to improve the accuracy of automatic image annotation and satisfy
the users’ needs of quick image retrieval. Granular analysis is a hierarchical and important data analyzing method, which
provides a new idea and method for solving the complicated problem. The accuracy of automatic image annotation and
the efficiency of image retrieval are varying with the granularity size of image understanding and analysis. In this paper,
the state-of-art models of automatic semantic image annotation are overviewed, then the idea and models of the granular
analysis with its application in the process of automatic semantic image annotation are discussed, and the granular analysis

based automatic image annotation methods are investigated as well as the promising research directions are given.
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Fig.1 The general process of automatic semantic

image annotation
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Table 1  The automatic semantic image annotation model
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ARt R AN Wy BT B — AN SR 5 | BE A R BEAE, H
B P= 4 m AN iR Y Exemplar, [A] BSR4 £ P
MOTBCRIAE R A . BT RS R B A SR AR
TR, IR R LS. Dueck S84 758
AUH T N MGG R, B T R (0 2 S 1 89,
Yang 25100 $EH N AP Sk o G E bRy
Bt 2, $em T E IR SR S T RCR. %
I REAEL 2 A bR e N 2k B B e 4, e r 1M
PR R D 5 E R SOOCEEIR] 2 AN GG &R, AR5
P IX 2 2R PN A b () S ) 8 . Li 25 FH 40
R 1) 5 VEAE B IR AL S 45 AN o SCOG B R] 2 () g 7.
KIRR R, WIS R 32K, IR a8
T RbRE R AR FEBY L H S X R IE TH05E
REAIE 1) 43 28 77 32538 5 5 A AH )R B Rk 1) X 380
2, B DI T 58 A AN ), A FH A (R ) O
FARE, DIARE RORG FE ARG, B X S AN
A DUAE XSO 2R 2 17, MR — S 5015 SR 7 24
B8 X, DA m bRy R

A A ) e — A R A 2 R, e AER
BE AT T 5 LS A DG B s, g it —
MRS R, AR, AR SR A gl S AR A
P 22 (B S), 17 V225K 2 2] R BT 25 WL 8 (1Y) 1E 41
s, Bl Z 754 (Multi-instance) 7% 2], H Diet-
terich 25 7E 25035 Mk PRI RO 50 2 42T HL AT
RSB NGFEAN N AL, SN HZ ARSI, 75
WA bR, (HEMNIZRAaa — S Psd. W
AL B — AR RG], WA bR e A IE
£, AT BT — AT BE B, BT )
HRIE o], Wiz B bR ic ok . SREUR X3 TR
WY 2% 1) 22 791 2 S AT TR AT, FEAE AR
S EMRAS R AU UG T R4 1R ok g 4],

2) (85, Guidance)

INAE A 2]t AN ) R A i — ek 1
FRR B L, A R G AW S8R PR 2% ) Tk,
KRB B g 48 5 X% 2 78k, B TE



692 H | 1k

F {4

38 %

SRR, AR 32 SRS T e i i i A S AN A
WG HER I A/ 3R. AR — il 52 85
N R TR s A 5 P ) o = T SO A 1 A B
N, RS ERAE T — hE ToR E GEA8 Ai E 3C
fRradte. HJE, FI RO OGSt AL ™ A S B
e J MR AR O 2D B ARV R R RANIREE AN,
P TR Z AL I HOR, W 2E5E 2] (One-class
learning) #il%= > (Active learning) 12 ] %% 2]
(Manifold learning) %51,y fiftvh A /NFE AR 4
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