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A Study on the Word Recognition based on Evaluation of Boundary

between Characters Using Convolutional Neural Network
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Scene text recognition is a practical application but still a challenging task due to complex backgrounds,

font variations and so on. To improve the recognition accuracy, we propose a method based on evaluation

of the shape of a character boundary. Although there are many studies on text recognition in natural

images, there’s no system considering the boundary shape between characters. By detecting a boundary

between two characters based on its shape, contiguous characters can be segmented, false detection in non-

character area can be reduced and estimating character area can revise position gap for recognition. We
use Convolutional Neural Network (CNN) to build boundary classifier. We show some numerical results

of our method using ICDAR 2003 datasets and compared with the existing methods.
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