g %
2013 4F 9

o

il Tt B M %

Computer Science

Vol. 40 No. 9
Sep 2013

ETHRNENELEGRRR

BRAR K& B ¥B&k BER

(PEAF¥RERFE TRER

¥ # 410075)

B E BRREAEREABEELRNGELEARBRERGXBAE. ATH-—FVRHFALTELGBRE
FARIAHR, A SRR LN RS R, SO AR RERIERFHEEXHAEANE, R T —HR T2 HE
8935 LEARAE R, AL A R R Bk R AGAL R A b, 2T B AR AG & B3R SUBAT A AUl A R S LB R R
SBRLERAN BT ERZTEL AR RRAANEL AP AR,

XgiE A%, BEEE, TR, EL
hlEEsrES TP XEARIREY A

Semantic Image Retrieval Based on Sub-block Weight

XIA Limin ZHU Cheng ZHANG Hai-yan PENG Dong-liang
(School of Information Science and Engineering, Central South University, Changsha 410075, China)

Abstract The semantic gap between low-level visual feature and high-level semantic has become a primary problem.

For improving the efficiency of semantic-based image retrieval system, this paper based on chunked weight and a visual

vocabulary proposed a semantic image model which utilizes the correlation of low-level feature and high-level semantic.

The model is used to interpret the image visual characteristic and detecte high-level semantic, which improves the effi-

ciency of the semantic image retrieval. The experimental results show that this method improves the precision and recall

of semantic image retrieval system.
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