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AUtomati Cimage annotation method baSed on GanoniGal rrelatin
analySSand mUtiple BernoUli relevVanGe model

ZHOU Xia012O PAN Jiezhu2

. School of Computer and Information OHefei University of T echnology OHefel 230009 CChinal)2 Dept. of Computer Scienceand T ech—
nologyJHefei Normd U niversity [H efei 230061 (IChinall

AbOract [A novel automatic image annotation method is presented on the basis of canonical correlation
analysis between visual bag of words and textual annotation and non-segmentation multiple Bernoulli
relevance model. In image annotation or classification tasksOvisual bag of words via the vector quanti—
zation of image local descriptors often possessesrobust and distinct features. In the present method O
canonical correlation analysisis made to maximize the correlation between the projected visual features
and textual featuresOthereby to build therelationship between these two modalities. It isthe exact in—
tention of automatic image annotation. A simplified multiple Bernoulli relevance model is also pro—
posedOwhich is another novelty in this paper. Experiment results prove that canonical correlation a—
nalysis is better than probability latent semantic analysis in automatic image annotationd and alsc
prove that the simplified multiple Bernoulli relevance model is effective as a new annotation model.
Key wordsOautomatic image annotation O scale invariant feature transform OSIFT OO hierarchical k—

meansOvisual bag of wordsO canonical correlation analysisCCCA OOmultiple Bernoulli relevance mode[
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