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Abstract: Objective Text detection and recognition of natural scenes is a long-standing and challenging problem. Hence,
this study aims to detect and recognize text information in natural scene images. Owing to its wide applications (e. g. , traf-

fic sign recognition and content-based image retrieval) , text detection and recognition has attracted much attention in the
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field of computer vision. The traditional scene text detection and recognition method regards detection and recognition as
two independent tasks. This method first locates and then clips to predict the text area of the input image and to clip the rel-
evant area and then sends the clipped area into the recognizer for recognition. However, this process has some limitations,
such as: 1) inaccurate detection results may seriously affect the performance of image text recognition owing to the accumu-
lation of errors between the two tasks, and 2) the separate optimization of the two tasks may not improve the results of text
recognition. In recent years, the end-to-end scene text recognition task based on deep learning has made great progress.
Many studies have found that detection and recognition are closely related. End-to-end recognition, which integrates detec-
tion and recognition tasks, can promote each other and gradually become an important research direction. In the end-to-
end recognition task, the natural scene image contains disturbing factors, such as light, deformation, and stain. In addi-
tion, scene text can be represented by different colors, fonts, sizes, directions, and shapes, making text detection very dif-
ficult. Limited by multi-scale, arbitrary shapes, background interference, and other issues, most end-to-end text recogniz-
ers still face the problem of incomplete mask proposals, which will affect the text recognition results of the model. Hence,
we propose a mask embedding module (SAME) based on soft attention to improve the accuracy of mask prediction. This
module effectively improves the robustness and accuracy of the model. Method High-level features are coded, and soft
attention is calculated using the global receptive field of Transformer. Then, the coding features and prediction mask are
embedded to generate a mask close to the text boundary to suppress background noise. Based on these designs, we propose
a simple and robust end-to-end text recognition framework, SAME-Net, because soft attention is differentiable. The pro-
posed SAME module can propagate the recognition loss back to the detection branch to guide the text detection by learning
the weight of attention so that the detection and recognition targets can jointly optimize the detection branch. SAME-Net
does not need additional recognition modules, nor does it need to annotate the text at the character level. Result This
method can effectively detect multi-scale and arbitrarily shaped text. The recall rate, accuracy rate, and H-mean value on
the public arbitrarily shaped data set Total-Text are 0. 884 8 and 0. 879 6. Compared with the best results in the compari-
son method, without adding further training data, the recognition accuracy rate without dictionary guidance is increased by
2.36%, and the recognition accuracy rate of the full dictionary is increased by 5. 62%. In terms of detection, the recall
rate and H-mean value of this method increased from 0. 868 to 0. 884 8 and from 0. 861 to 0. 879 6, respectively, which
greatly exceeded the previous method in terms of end-to-end recognition. Both obtained 83. 4% strong dictionary recogni-
tion results in the multi-directional dataset ICDAR 2015 (International Conference on Document Analysis and Recognition ).
In short, our method is superior to others. Conclusion The performance of SAME-Net proposed in this study has significantly
improved on the two scene text data machines of ICDAR 2015 and Total-Text. The best results in this task were obtained. This
study proposes an end-to-end text recognition method based on SAME. The proposed method has two advantages. First, the
method uses the global receptive field of Transformer to embed high-level coding features and prediction mask levels to generate a
mask close to the text boundary to suppress background noise. Second, the proposed SAME module can reverse transmit the rec-
ognition loss to the detection module, and no additional text correction module is needed. Great text positioning performance can
be achieved without character-level comments through the joint optimization of the detection and recognition modules.

Key words: natural scene text detection; natural scene text recognition; soft attention embedding; deep learning; end-to-

end natural scene text detection and recognition
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Fig. 1  Effect result of SAME-Net network ((a) output feature map without introducing the SAME module ;

(b) final output feature map with introducing the SAME module; (c) original image; (d) final recognition result)
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Fig.2  The framework of SAME-Net for end-to-end natural scene text recognition

((a) SAME-Net text recognition network architecture; (b) traditional end-to-end text recognition network )
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MaskTextSpotter v3 (Liao %5 ,2020) ResNet50 83.3 78.1 74.2
MANGO (Qiao %§,2021) ResNet50 81.8 78.9 67.3
SAME-Net (4~3¢) Swin-Transformer 83.4 77.1 70.2
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3.4 HEAR

T e HE S v A AT T RE B9 AT R L T
Total-Text £ 455 AT T IHALATSY , B8R LA
HREE L T NGO , FEL 84 F Mask TextSpot-
ter v3 (Liao 4§ ,2020) ¥4 i , & 3 JE /R T 7E Total-Text
I 2 S, b, SW 7R Swin-Transformer (Liu
&% .2021), TR M Transformer 15 X iS04, @3 78
3 R S 3, LA IE B Iz 1] % 9 %) 42 - i 1) g o 265
PERERYA R

1) SAME X A6 P AR50 i A 250 o DAL 4 7T LA
F i, E 4(a) A 8 SAME B iR 5], “R”

x®3

BEBERBI R P 7 B 4(b) A i FH T SAME B3 L
RELL S R VHOE# PN, 2T A SAME FIRFE B 5
Ji , MRS BN S, AR SCA BB AR

2) PN 2 IR 1] A% 435 %o ARG AR S50 1 A A
R T E S 1) % % R4 2 AT RO SR ARTS
(Zhong 5 ,2021) 17735, 6 F505 3 41 5258, (il H (A
B TSR IR 53 32, DT BEL T R340 2k 1) 2 1) A%
oo AT AL A AR Y Mask K42 Ui A
FEE I IR AR BI85 B ) A% 48 , AR A 00 25 A )
RN H AR FEATEEA Pl o S5 R W LIAE R 3 R
3.

Table 3 Ablation experiment

/%

B ‘ ) H-mean
Vi CRVIEN i 2 LI \ —
piaill] s (o) wnE i CF 28
8524 x N - 71.20 78.40
L +SWHTR X v 81.25 71.61 80.42
HLE+SWHTR LRl G T N 84.65 70.64 81.35
HLE+SWHTR SAME N 85.94 72.13 82.51
A3 SAME x 87.96 73.56 84.02

T L PR R 5 B R A4 2R

(a) ARMHSAMERH

“ =R, N R MR X RR AR MO

(b) f#i FHSAMERLER

4 IHRESEIRCRIE
Fig. 4 Effect of ablation experiment ((a) not using the SAME module; (b) using the SAME module)
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Net XiF T2 51) FRIMEAE A (g gt vk | an &l 5 s, 3L
o, 3 BN AE B RO AL T Y R A
B BIE R 22 RO Y SCA LB S 5 (a) R

#fE ) E2E (end to end) 3C A< 3 I HE B2 Mask Text-
Spotter v3 1) i Il 45 2, & 5 (b) 2 A SCH2E 1Yy
SAME-Net J7 {2 i #0025 5% . o Se g R WY, fifi H
TR B i A (SAME) J&5 fE 96 4 50 BT &
FEARSCAS
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Fig. 5 Qualitative results on Total-Text ((a) Mask TextSpotter v3; (b) SAME-Net (ours))

4% #®
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A B 375 SCAR PN J7 3%, R FH Transformer 547 1)
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