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Abstract

Graph based semi-supervised learning (GSL) method runs slowly because of the need of much time to

construct a neighbor graph. This paper presents a hash graph based semi-supervised learning (HGSL) method, which can

search neighbors by locality sensitive hashing function and efficiently reduce the time for GSL to construct a neighbor

graph. Image segmentation experiments show that HGSL has an improvement of 0.47 % in average segmenting accuracy,

and can greatly reduce the segmenting time, e.g., it takes about 28.5 % of the time for GSL to segment an image with size

of 300 x 800.
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Fig.2 Examples of image segmentation results, where four images are in each group the first, second, and third images

of the group are generated from lazy snapping, GSL, and HGSL, respectively
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Fig.4 The histograms of segmentation accuracy
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Fig.5 The variations of segmentation times of HGSL
and GSL with different image widths
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