0 'H‘ :ﬁ‘ *fh ﬁ‘*‘ ‘% http: /www. jsjkx. com

COMPUTER SCIENCE DOI. 10. 11896/jsjkx. 190600157

ETEENNFNE R =XARE N

X o R OF
WEAZFHTENSEEEAFR KK 030006
(449258197 @qq. com)

W OE AL ARMNFRREZRAAATHENAR, CMNBFTAKRELFHFIEDEN T4, ARG HATEL KA
BXAITMERLAITRIE, AL T PXFOER RE HBRAZBABRITGRAEL, FHEAGIL R AR LR B QAL
HHEETRRIAENES G, M g RE LR ke etk KA E LR TIRASF LG40, L S E B R E
BETHXARFIE, BF R REFIFTERERATIAEMNTRREGARASHETHIAFIE AT HA T EESREL T S E
FARBROIRPEANHESHIEZ L, EEEZMGHIERS T LA L E R, ER— LR BAFRREH ALF 0T
BRRAEN, MAAFARETRAEFBE, AU RBE—FHEATEZAINMNG I LTI ALN T X, ZF EFWEZTRALAE
VGGI6 #AANTHAREZEL . AMEETHAREEINARBERNLANLHEELETHIFE L., FHAN.EHA GPUH
Ubuntu 3R 3 F . F X EE LT X AR A GAEMN PRKIEIRARRG T EE, RV AN RXHGHARL, B REKEF S
87wy & A F e 890000 & &,

KR RN KA S T EE N AH

REESES TP391

Complex Scene Text Detection Based on Attention Mechanism

LIU Yan and WEN Jing

School of Computer and Information Technology,Shanxi University, Taiyuan 030006, China

Abstract Most of the traditional text detection methods are developed in the bottom-up manner, which usually start with low-
level semantic character or stroke detection,followed by non-text component filtering, text line construction,and text line valida-
tion. However, the modeling, scale, typesetting and surrounding environment of the characters in the complex scene change drasti-
cally.and the task of detecting text is carried up by human under variety of visual granularities. It”s difficult for these bottom-up
traditional methods to maintain the text features under different resolution,due to their dependency on the low lever features. Re-
cently.deep learning methods have been widely used in text detection in order to extract more features under different scale.
However,in the existing methods, the key feature information is not emphasized during the feature extraction process of each
layer.and will be lost in the layer-to-layer feature mapping process. Therefore, the missing information will also lead to a lot of
false-alarm and leak detection, which causes much more time-consuming. This paper proposes a complex scene text detection
method based on the attention mechanism. The main contribution of this method is to introduce a visual attention layer in
VGG16,and use the attention mechanism to enhance the significant information in the global information in the network. Experi-
ments show that in the Ubuntu environment with GPU, this method can ensure the integrity of the text area in the detection of
complex scene text pictures,reduce the fragmentation of the detection area and can achieve up to 87 % recall rate and 89 % preci-
sion rate.

Keywords Text detection,Deep learning, Attention mechanism
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Fig. 1 Structure of attention convolutional neural network
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Table 1 Experiment results on ICDAR13Standard dataset

Ik Recall Precision F
SSpHel 0. 60 0. 80 0.68
I2R NUS FAR!') 069 0.75 0.72
12R_NUSH™ 0. 66 0.73 0.69
CASIA NLPRM7) 0.68 0.69 0.73
Bai et al 8] 0.68 0.69 0.73
USTB TexStar ') 0.66 0.88 0.76
Ours 0.87 0.89 0.88

F 2 ICDARIS #HR4E b9 25
Table 2 Experiment results on ICDARI15 dataset

Vi Recall Precision F
cTpNHY 0.52 0.74 0.61
MCLAB_FCNF 0,43 0.71 0.54
Yao et. al. [21] 0.57 0.72 0. 64
Ours 0.58 0. 80 0.67

%3 ICDARI7-MLT $¥i 8 I 50 56 45 1
Table 3 Experiment results on ICDAR17-MLT dataset

7k Recall Precision F
FOTS!] 0.58 0.81 0.67
Pixel-anchor 2% 0. 60 0. 80 0. 68
CRAFT!?! 0.68 0.81 0.74
Ours 0. 86 0.93 0.89
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