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Natural Scene Text Binarization using Tensor Voting and Markov Random Field
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Abstract

In this paper, we propose a method for detecting the number of clusters, This method can improve the
performance of a gaussian mixture model function in conventional markov random field method by using the
tensor voting, The key point of the proposed method is that extracts the number of the center through the
continuity of saliency map of the input data of the tensor voting token, At first, we separate the foreground
and background region candidate in a given natural images. After that, we extract the appropriate cluster number
for each separate candidate regions by applying the tensor voting, We can make accurate modeling a gaussian
mixture model by using a detected number of cluster, We can return the result of natural binary text image
by calculating the unary term and the pairwise term of markov random field, After the experiment, we can
confirm that the proposed method returns the optimal cluster number and text binarization results are improved,
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