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Image memorability model based on visual saliency entropy and Object.Bank feature

CHEN Changyuan~, HAN Junwei, HU Xintao, CHENG Gong, GUO.Lei
(School of Automation, Northwestern Polytechnical University, Xi'an Shaanxi 710029, CGhing)

Abstract: To improve the prediction ability of image memorability,..a method for, automatically predicting the
memorability of an image was proposed by using visual saliency entropyaand iniproved Object Bank feature. The proposed
method improved the traditional Object Bank feature and extracted the visudl saliency entropy feature. Then a prediction model
of image memorability was constructed by using Support Vector_Regression ( SVR)w, The experimental results show that the
correlation coefficiency of the proposed method is three percentagé higher than the sgate-of-the-art method. The proposed model
can be used in image memorability prediction, image retrieval ranking and advertisement assessment analysis.
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