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Clothing Image Retrieval Method Based on Improved GrabCut Algorithm
HU Yuping XIAO Hang LUO Dong-jun

(School of Information, Guangdong University of Fiance & Economics,Guangzhou 510320, China)

Abstract In order to eliminate interference of clothing image background.,GrabCut algorithm was introduced. But the
current GrabCut algorithm is sensitive to local noise and time-consuming,and its segmentation edge is not accurate. To
solve these problems,the multi-scale watershed algorithm to de-noise gradient image was employed, enhancing the ima-
ge edge points and reducing the subsequent processing computation. To reduce the loss of image key features, we em-
ployed entropy penalty factor optimal segmentation energy function, reducing the effective information loss of image re-
trieval. And then we introduced the improved GrabCut algorithm to content based clothing image retrieval system. The
experimental results show the method has obvious advance on the accuracy of retrieval effect than the existing algo-
rithms,
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