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Scene Text Detection Algorithm Based on Attention
Mechanism and Multi-scale Features

LI Qiong', XING Jingsong', LIAO Haibin®*, WENG Can'
(1. School of Electrical and Information Engineering, Wuhan Institute of Technology, Wuhan 430205, China;
2. School of Electronic and Electrical Engineering, Wuhan Textile University, Wuhan 430200, China)

Abstract; The propagation path of localization information is too long and the semantic information of different scale fea-
tures can not be fully mined, which makes it difficult to predict the text bounding box using the underlying localization infor-
mation. For these issues, a scene text detection method based on attention mechanism and multi-scale features is proposed;
Improve the feature extraction module, construct a feature extractor with an embedded cross-crossing attention mechanism,
extract the multi-scale features, and obtain the context-aware information; Introduce the feature fusion module path aggre-
gation network (PANet), fuse feature mappings of different scales, provide multi-scale contextual semantic information,
make the segmentation network generate more fine boundary segmentation results, and rebuild the loss function in the pre-
diction stage; To validate the effectiveness of the method, experiments are conducted on the three public datasets of IC-
DAR2015, CTWI1500 and Total-Text, which shows that the comprehensive F; reach 87.4%, 82.3% and 83.4%, respec-
tively. The CM-STD method is superior in performances to the classical EAST method, with equivalent to the current LO-

MO method.

Keywords: scene text detection; attention mechanisms; multi-scale feature fusion; loss function; arbitrary shape texts
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