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Scene Text Detection Based on Triple Segmentation

LI Huang, WANG Xiao-li and XIANG Xin-guang

School of Computer Science and Engineering, Nanjing University of Science and Technology, Nanjing 210094 , China
Abstract Scene text detection has been developed rapidly with the development of convolutional neural network. However, there
still exists some challenges. On the one hand,many detection algorithms use rectangular box as the detection box,which is inaccu-
rate to locate the irregular texts. On the other hand,some methods may get the bounding boxes but fail to separate text instances
that lie very close to each other,causing error detection. To solve these two problems.this paper proposes a novel triple segmen-
tation (TS),text instances in image are mapped to score area,kernel area and threshold area,which generate three segmentation
mapsthe score map and threshold map are used to guide the generation of kernel map. Although kernel map has the information
of texts in image,such as location,size and so on,it lacks the threshold information. In order to get a better result, this method
uses threshold map to restrict the generation of kernel map. The detection result is based on instance segmentation to get the
bounding polygon of text kernel instance, and then make an expansion. This algorithm achieves a precision of 83% on IC-
DAR2015 dataset,which outperforms the existing methods by more than 1% on F-measure, which proves this method is also ef-

fective to detect curve texts.

Keywords Scene text detection, Neural networks,Instance segmentation,Deep learning, Computer vision
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Fig. 1 Texts close to each other
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Fig.2 Text triple segmentation
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Fig.3 Diagram of network structure
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Table 1 Ablation experiment on ICDAR2015

Method Precision Recall F
K2-ResNet50 79.8 79.4 79.6
K3-ResNet50 80.1 80. 6 80.3
Ours 83.3 81.0 82.1
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Table 2 Parameter analysis on ICDAR2015

a B Precision Recall F
0.25 0.25 82.0 81.9 81.9
0.30 0.20 81.7 81.5 81.6
0.35 0.15 82.5 81.3 81.9
0.40 0.10 83.3 81.0 82.1
0.45 0.05 82.2 81.5 81.8
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Table 3 Detection results on ICDAR2015

Algorithm Precision Recall F
cTpNHT 74.2 51.6 60.9
SegLink 2" 73.1 76. 8 75.0
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PSENet 23] 81.5 79.7 80. 6
PANC2] 82.9 77.8 80. 3
Ours 83.3 81.0 82.1
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Table 4 Detection results on CTW1500

Algorithm Precision Recall F
CTPN™ 60. 4 53.8 56.9
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LOMO 69.6 89.2 78.4
Ours 78.2 77.8 78.0
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Fig.5 Detection results
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