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Abstract With the rise and development of deep learning and neural network, object detection in images has made
great progress. However, text information in natural scenes has various forms and complex characteristics, so universal
object detection algorithms cannot achieve ideal results. Therefore, text detection in natural scenes is still a challenging
problem and a hot research direction in the field of computer vision and machine learning. This paper studied the current
academic algorithms and ideas for text detection in natural scenes. Based on the network-PVANet of EAST algorithm, we
introduced the attention mechanism module to make the exiraction of text target features pay more attention to useful
information and suppress useless information, so as to effectively improve the problem of insufficient field of vision of
EAST in predicting long text direction information. The experimental results show that compared with EAST, this method

improves the detection accuracy without losing the detection efficiency, and to some extent it is superior to the current

text detection algorithm for natural scenes.
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