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The Developments and Challenges of Text Detection Algorithms

LI Yi-xin MA Jin-wen
(School of Mathematical Sciences, Peking University, Beijing, 100871, China)

Abstract: Recognition and understanding of the text from a natural scene is fundamental to a variety of practical applica-
tions in the fields of computer vision and intelligent information processing. The objective of text detection algorithms is to
detect and localize text regions precisely in natural images. Therefore, text detection is a major part of recognizing and un-
derstanding the text from a natural scene, and has become a very popular topic in recent years. In this paper, we first intro-
duce the objective, methods, and challenges of text detection. We then review some classic algorithms on text detection,
and introduce two deep learning based algorithms that represent the trends of text detection research. Moreover, we summa-
rize typical text detection datasets available, as well as the results of representative and leading algorithms on these data-

sets. Finally, we conclude the current researches on text detection and the challenges we face, and point out some prospec-

tive directions of text detection.
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Fig.2 Framework of component-based algorithm
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