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Abstract Affinity based image matting methods can be categorized into KNN (K-nearest neighbor) based matting and
matting Laplacian based matting, and this paper raises a hierarchical framework on affinity based matting according
to the analyses of the advantages of these two popular affinity based image matting methods. The first opaque pixel
classification layer, also named as pre-processing layer, employs a relatively far searching fashion based on simple weights
in KNN and is spatial irrelevant to the unknown region of the initial Trimap. The second mixed pixel computation
layer, also named as final matting layer, adaptively adjusts the kernel size of the color line model in matting Laplacian
according to the remaining size of the unknown region. Each layer adjusts proper searching range adaptively according to
the overlapping degree between global foreground and background colors. The following distinctions are provided in the
experiments. First, several representative matting algorithms are processed after the first layer to show the superiority
and compatibility of our pre-processing method over other pre-processing methods. Second, several alternative matting
methods are also processed after the first layer to show the superiority of our final matting method over other matting
methods. Experimental results show that our approach can greatly raise the solving precisions for both opaque and mixed
pixels.
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Fig.1 Input and output of image matting and the hierarchical framework of our method
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