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Scene text detection algorithm based on increasing receptive field
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(School of Electronic and Optical Engineering, School of Flexible Electronics ( Future Technology) , Nanjing University of
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[ Abstract] Aiming at the shortcomings of scene text detection algorithm in long text detection, an improved algorithm is
proposed, which added strip pooling and optimized loss function. Strip Pooling is introduced for long bar shapes of text lines. This
Pooling kernel can obtain a larger receptive field. The Mixed Pooling Module (MPM) and Coordinate Attention Module with Strip
Pooling are inserted into the EAST algorithm. Thereafter, the pixel can capture the remote coordinate information on the strip
position, and improve the performance of long text detection. At the same time, Loss function is optimized for regression task, and
Dice Loss and CloU Loss are used to obtain more accurate text box. The model proposed in this paper has achieved good detection
results on ICDAR2013, ICDAR2015 and MSRA-TD500 datasets.
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