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Abstract : In daily life, there are rich text information, the extraction of such information can greatly im-
prove people’s quality of life. However, there are various forms of text information expression and differ-
ent text shapes in natural scenes,which result in false detection and inaccurate location of text regions. In
order to solve these problems,this paper proposes a text detection method with self-calibration and at-
tention mechanism, Firstly, the self-calibrated convolution (SConv) and efficient channel attention
(ECA) are embedded in the backbone of ResNet50 to correct the interference of irrelevant global infor-
mation and concentrate on the text area to extract more abundant semantic information Secondly, coordi-
nated attention (CA) is added after feature fusion to correct the position deviation of feature map in dif-
ferent scale. Finally,several text instances of different scales are predicted by the modified feature map,
and the final detected text instances are obtained by using the progressive scale expansion algorithm. The
experimental results show that the comprehensive index F-measure is increased by 1. 0% ,5. 2% and
5.4% respectively compared with the unmodified ResNet50 on the arbitrary direction data set IC-
DAR2015 and the curved text data set Total-Text and SCUT-CTW1500. It is proved that this method
has good detection ability.

Key words: self-calibrated convolutions (SConv) ; efficient channel attention (ECA) ; coordinate attention

(CA) ; progressive scale expansion algorithm
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Fig. 1 Diagram of text detection network structure
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Fig.3 Self-calibrated convolutions module
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Fig. 4 Efficient channel attention module
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Fig.5 Coordinate attention module
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Fig. 6 Progressive scale expansion algorithm
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Tab.1 Ablation experiment on SCUT-CTW1500 dataset

Method P/% R/% F/%
ResNet50 81.74 74.70 78. 06
SCNet50 83.45 78. 89 81.11

SCNet50+ECA 84.69 78. 44 81.44
SCNet50+ECA+CA 87.69 77.11 82.06

SCNet50+ECA+CA+D*Loss 88.41  78.89  83.38
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Fig.7 Visualization of ablation experiment: (a) Original picture; (b) ResNet50; (c¢) SCNet50; (d) ECA; (e) CA; (f) D*Loss
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Tab.2 Performance comparison of different

methods on ICDAR2015

Method Paper Ext. P/% R/% F/%
PSENet"*) CVPR'19 —  81.5 79.7 80.6
TextSnake '?) ECCV'18 < 84.9 80.4 82.6
SegLink+ 4t PR'19 < 83.7 80.3 82.0
SAEmbed-*] CVPR'19 < 88.3 85.0 86.6
PAN ICCV'19 —  82.9 77.8 80.3
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DB AAAT' 20 J  91.8 83.2 87.3
Boundary"'®) AAAT 20 J  82.2 88.1 85.0
Ours — 84.8 78.6 81.6
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Tab.3 Performance comparison of different

methods on Total-Text

Method Paper Ext. P/% R/% F/%
PSENet'* CVPR'19 —  81.8 75.1 78.3
TextSnake ' ECCV'18 < 82.7 74.5 78.4
SegLink+ -+ PR'19 J 821 80.9 8.5
PANM ICCV'19 — 88.0 79.4 83.5
LOMOM! CVPR'19 J 87.6 79.3 83.3
TextRay"'™ MM'20 J  83.5 77.9 80.6
ABCNet!'™ CVPR'20 J  87.9 81.3 84.5
DB AAAT' 20 J  87.1 82.5 84.7
Ours —  89.3 78.4 83.5
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Tab.4 Performance comparison of different

methods on CTW1500

Method Paper Ext. P/% R/% F/%
PSENet"*) CVPR'19 —  80.6 75.6 78.0
TextSnake"'*] ECCV'18 < 67.9 853 755
SegLink+ -+ PR'19 < 82.8 79.8 80.9
SAEmbed-'? CVPR'19 < 82.7 77.8 80.1
PANL ICCV'19 —  84.6 77.7 81.0
LOMO CVPRI19 < 8.7 76.5 80.8
TextRay"'" MM'20 <  82.8 80.4 81.6
ABCNet! '] CVPR'20 < 84.4 78.5 8l.4
DB AAAT'20 < 86.9 80.2 83.4
Ours —  88.4 79.0 83.4
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