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Text Detection in Natural Scenes Embedded Topological Feature

Zheng Xia-cong, Cheng Liang-lun, Huang Guo-heng, Wang Jing-chao
(School of Computer Science and Technology, Guangdong University of Technology, Guangzhou 510006, China)

Abstract: In traditional anchor box-based text detection methods for natural scenes, anchor boxes are prone to
interference from other text instances, resulting in erroneous judgments or affecting accuracy. Moreover, text
instances contain strong topological features, which are usually be ignored, resulting in poor performance in curved
circular text detection tasks. To solve this problem, a novel neural network structure is proposed, which introduces
the concept of graph convolutional networks by fully considering the relationship between adjacent anchor frames,
and incorporating the topological characteristics of anchor frames to assist the learning of graph neural networks,
improving the effectiveness of the overall network. The ablation experiments were conducted on two publicly
available natural scene text detection datasets. In the CTW 1500 dataset, the proposed method improved the model
by approximately 3.0%, 1.9%, and 2.5% in terms of recall, accuracy, and F-score, respectively, and in the Totel-
Text dataset , the three values were improved by approximately 2.2%, 1.8%, and 2.0%, respectively. In addition,
the proposed method has also been compared with other text detection algorithms proposed in recent years.
Experimental results show that the proposed method performs well for text detection in complex natural scenes,

demonstrating the promising effectiveness of the proposed module for improving the performance of text detection.

Key words: text detection; natural scene; graph convolutional networks(GCN); topological feature
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Fig.2  Anchor box prediction module
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Table 1 Comparison experimental results of five methods on the

CTW1500 database

Jrik: Hlal % DiGES For 8
TextSnake 0.853 0.679 0.756
MSR 0.790 0.841 0.815
CES 0.761 0.787 0.774
TextField 0.798 0.830 0.814
PSENet 0.797 0.848 0.822
AL T5 0.823 0.833 0.828
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Table2 Comparison experimental results of five methods on the
Total-Text database

Jrid: Hlal % DGES For#
Total-Text 0.680 0.780 0.730
E2E 0.752 0.825 0.786
CTD 0.738 0.765 0.752
MSR 0.725 0.814 0.767
AT 0.771 0.807 0.788
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Table 3 Ablation experimental results on the CTW1500 database

T5i3: BEZE  KHE FO%
Baseline 0.793 0.814 0.803
Baseline-+ 4014 [ 4% 0.812 0.811 0.812

Baseline+ 1125 X 48+ $MRFAE 0.823 0.833 0.828

% 4 Total-text_I it 74 Al S8
Table 4 Ablation experimental results on the Total-text database

ik BEZE KT FO%

Baseline 0.749 0.789 0.768

Baseline-+ 4014 [ 4% 0.758 0.795 0.769
Baseline+ 1125 X 48+ $MRFAE 0.771 0.807 0.788
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