®azk H1H

H OB N OB 2 Vol. 42 No. 1

201541 H Computer Science Jan 2015
— MR SIENEENRIESBEGIRTAZ®
2 ' Bk BRI’
(WEEAZWHHENFER FREH 010021 (mEAREARAFHTENE FEFHK)?

W E A4 ATRESHBEFEFEHRER G, L2 RALETRRE QN HIEN, L TR EHFMELHE
B, BET —HRGOREMS MY, AARNABEBRESE T F &, JIABRGELEANELRTINE, LRHH
EXER REAAGEENE—ABARETRE EARSALANRERE P REBLHABRASNRETCH
EXERRMEREARS LS, EMEREARS LB G EA Y, I A 433955 E B R, X TR
AR AR BREAYG LS R BRLEZ M GAMATE RN ELE A, £ ImageCLEF2012 Bg 45253 & £
BT RRFAFEZEHAS AEU P FHO 7 h#ATT L BIET AF AR,

K@ ARAE, BRI RER EEMNEF T, ELES

HEZESH#E TP391 SCRRERIRAL A DOI 10. 11896/j. issn. 1002-137X. 2015, 1. 066

Combination of Nearest Neighbor with Semantic Distance for Image Annotation
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Abstract Most of the nearest neighbor (NN) based image annotation or classification methods do not achieve desired
performances, The main reason is that much valuable information is lost when extracting visual features from image, A
novel nearest neighbor method was proposed. Firstly, we obtained a new image semantic distance learned by distance
metric learning (DML) using image class information, and then multiple clustering centers were formed based on this
learned semantic distance. Finally, we constructed our NN model by calculating the distances between the image and
these clusters, Our model can minimize the semantic gap for intra-class variations and inter-class similarities, Experi-

mental results on image annotation task of ImageCILLEF2012 confirm that our method is efficient and competitive com-

pared with the traditional and state of the art classifiers.
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