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Abstract : Aiming at the problem that existing scene text recognition methods only focus on the classifica-
tion of local sequence characters and ignore the global information of the entire word,a multilevel feature
selection scene text recognition (MFSSTR) algorithm is proposed. The algorithm uses a stacked block
architecture and applies a multilevel feature selection module to capture contextual and semantic features
in visual features. In the process of character prediction,a novel multilevel attention selection decoder
(MASD) is proposed,which combines visual features,context features and semantic features into a new
feature space,and re-weights the new feature space through a self-attention mechanism. While paying at-
tention to the internal relations of the feature sequence,select more valuable features and participate in
decoding prediction. At the same time, intermediate supervision is introduced in the training process to
gradually refine the text prediction. The experimental results show that the algorithm in this paper can
reach a high level of recognition accuracy on multiple public scene text data sets. In particular, the accu-
racy rate can reach 87.1% on the irregular text data set SVTP, which is improved compared with the
current popular algorithms by about 2%.
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Fig.1 The four-step framework for scene text recognition proposed by Baek et al.
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Fig.2 Multilevel feature selection scene text recognition module
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Tab.1 ResNet-39 network structure

Stage Layers Configurations Output
1 Conv 3% 3conv,1 X Istride 32100
2 Blockl [éiéigg::gg]XS,ZXZStride 16X 50
3 Block? [é;éggﬁzzgi}XS,ZXZStride 8X 25
4 Block3 Bi%zggzgg] X3,2X 2stride 4% 25
5 Blockd [éééiggi:ggg}><3,2><151ride 2% 25
6  Block5 [éiézggzzg%g:l><3,2><15tride 1% 25
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Fig. 6 The basic structure of the self-attention mechanism
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Fig. 7 Multilevel attention selection decoding
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Tab.2 Ablation experiment of regular text data set

o . Regular

Method CTC Attention \iagh N modules  IITSK SVT  IC13 text
decoder decoder

average
Baseline — N — — 93.1 88.5 92.8 92. 4
Baseline J J — — 92.7  90.1  93.5 92.5
MFSSTR — — J | 93.3  89.4  93.8 92. 8
MFSSTR J - J 1 93.6 89.2  93.9 93. 1

{E : N modules 3278 22 2 7 AiF 3 A5 Bk 1 Ktk kL 38 20 SR eI 11
R3 THNXAHEEHRIE

Tab.3 Ablation experiment of irregular text data set

Method de(gé;r Adtetcegégn MASD N modules SVTP  CUTE I”ea%‘élr‘”‘argée’“
Baseline — N — — 81.4 80.1 81.0
Baseline < N — — 83.3 80. 3 82.4
MFSSTR — — J 1 84.2 86.5 84. 9
MESSTR J - J 1 84.9 86. 1 85.3

Original
images

Attention
decoder

MSAD

B9 #HAETHRAL L

Fig. 9 Visual comparison of heat map
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Tab.4 Comparison experiment of the number of multilevel feature selection module

N Regular Irregular

Method | IIT5K SVT 1C13 SVTP CUTE text text
modules

average average
MFSSTR 1 93.6 89. 2 93.9 84.9 86.1 93.1 85.3
MFSSTR 2 93.7 90. 7 94.5 86. 1 86.8 93.5 86. 3
MFSSTR 3 93.9 90. 4 94.7 86.5 86. 4 93.6 86.5
MFSSTR 4 94.1 91.2 94. 8 87.3 86.5 93.9 87.1
MFSSTR B 94. 6 92.8 95.7 87.1 87.6 94. 6 87.3
MFSSTR 6 93.3 91.0 94.2 86. 3 84.9 93.2 85.9
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Tab.5 Comparative experiment between the MFSSTR model in
this paper and the current mainstream text recognition model
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2% UEB T A SC B A B . [2] SHI B, YANG M, WANG X, et al. ASTER: an attentional
. scene text recognizer with flexible rectification[ J]. IEEE
4 z:él: -l'/l'-\' Transactions on Pattern Analysis and Machine Intelli-

ARSCHE I T —F MESSTR 53 1% J7 1= ] JH He gence,2018,41(9):2035-2048.

75 e 1 22 Y0 K5 6 6 A B A 2 0 2 A [3] SHENG F,CHEN Z, XU B. NRTR: A no-recurrence se-

TR 3 g 12 R A A R R AR A A R R SCRR AR A 4

SRt SCRRAE » JF B = R AR 25 5k il — DT i
AR 25 T0]  [5) F JE 3 5 250 % J3E  184 on  BBC Y R A AR

FAHLIR G 7 A S I 2 B e 1A e i

K AN ARAE I 58 3 T &5 TR . E A T B B AR S
P —FE A 9 MASD, 56 1 85 AE 5 51 22 8] (19 P9 35

R vh P 205 BARIE 2 5 WO R A% . SC e 4
R A SO SR A 2 R g A IR R 4
P BAHAR b B R E B T R A R fER
e TAE 32 A6 1 o 3 i 3 5 SCA K I 5 1R 1 55
BB BN 5T A

S E 3

[1] LIUCY,CHEN X X,LUO C J,et al. Deep learning method
for natural scene text detection and recognition[ J. Jour-
nal of Image and Graphics 2021,26(6) :1330-1367.
pUE S SR N e b | PO E P 1 N 1 RS R
E’J‘iﬁ?ﬁ?%ﬂfﬂi&[ﬂ- EP FE P 4 U 2 4. 2021, 26 (6)
1330-1367.

quence-to-sequence model for scene text recognition
[C]//International Conference on Document Analysis
and Recognition, September 20-25,2019, Sydney, NSW,
Australia. New York:IEEE,2019.:781-786.

[4] SUBAKAN C,RAVANELLI M.CORNELL S.et al. Attention
is all you need in speech separation C]//IEEE Interna-
tional Conference on Acoustics, Speech and Signal Pro-
cessing. Toronto, ON, Canada. New York: IEEE, 202121~
25.

[5] QIAO Z, ZHOU Y, YANG D, et al.
hanced encoder-decoder
recognition[ C]//IEEE/CVF Conference on Computer Vi-
sion and Pattern Recognition Workshops. June 14-19,
2020, Seattle, WA, USA. New York: IEEE, 2020 13525-
13534.

[6] NEWELL A,HUANG Z.,DENG J. Associative embedding:
end-to-end learning for joint detection and grouping[ EB/
OL]. (2017-06-09) [2021-11-127]. https://arxiv. org/
abs/1611.05424.

[7] BAEK J,KIM G,LEE J.et al. What is wrong with scene

Seed: semantics en-

framework for scene text

text recognition model comparisons dataset and model



5 W RS BT Z LR B R 5 SOR U5 B

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

analysis[ C]//IEEE/CVF
Computer Vision, October 27-November 2, 2019, Seoul,
Korea (South) .New York:|IEEE,2019:4714-4722.

HE K,ZHANG X,REN S, et al. Deep residual learning for

International Conference on

image recognition [C]// IEEE Conference on Computer
Vision and Pattern Recognition, June 27-30,2016,Las Ve-
gas,NV,USA.New York:IEEE.2016.770-778.
SIMONYAN K, ZISSERMAN A. Very deep convolutional
networks for large-scale image recognition [ EB/OL .
(2015-08-10) [ 2021-11-12 ]. https://arxiv. org/abs/
1409.1556.

GRAVES A, LIWICKI M, FERNANDEZ S, et al. A novel
connectionist system for unconstrained handwriting rec-
ognition[ J]. IEEE Transactions on Pattern Analysis and
Machine Intelligence,2009,31(5) :855-868.

SHI B,BAI X,YAO C. An end-to-end trainable neural net-
work for image-based sequence recognition and its appli-
cation to scene text recognition[ J]. IEEE Transactions on
Pattern Analysis and Machine Intelligence.2017,39(11) .
2298-2304.

LITMAN R,ANSCHEL O, TSIPER S,et al. SCATTER: Se-
lective context attentional scene text recognizer [ EB/
OL]. (2020-03-25) [2021-11-127]. https://arxiv. org/
abs/2003.11288.

SHI B, WANG X,LYU P, et al. Robust scene text recogni-
tion with automatic rectification [C]//IEEE Conference on
Computer Vision and Pattern Recognition, June 27-30,
2016,Las Vegas,NV.USA. New York: IEEE, 2016:4168-
4176.

CHENG Z.BAI F,XU Y,et al. Focusing attention: towards
accurate text recognition in natural images [ C]//IEEE In-
ternational Conference on Computer Vision, October 22-
29, 2017, Venice, ltaly. New York: IEEE, 2017. 5086-
5094.

JADERBERG M, SIMONYAN K, VEDALDI A, et al. Syn-
thetic data and artificial neural networks for natural scene
text recognition[EB/OL]. (2014-12-09) [2021-11-12].
https: //arxiv. org/abs/1406.2227v4.

KARATZAS D,GOMEZ-BIGORDA L,NICOLAQOU A,et al.
ICDAR 2015 competition on robust reading[ C]//Interna-
tional Conference on Document Analysis and Recogni-
tion. August 23-26, 2015, Nancy. France. New York:
IEEE,2015:1156-1160.

KARATZAS D, SHAFAIT F,UCHIDA S,et al. ICDAR 2013

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

« 487 -

robust reading competition[ C]//International Conference
on Document Analysis and Recognition, August 25-28,
2013, Washington,DC.USA.New York:IEEE.2013.:1484-
1493.

MISHRA A, ALAHARI K, JAWAHAR C V. Scene text rec-
ognition using higher order language priors[ C]//British
Machine Vision Conference,September 3-7, 2012 ,Guild-
ford, Surrey . UK. Durham:British Machine Vision Associa-
tion (BMVA),2012:1-11.

WANG K, BABENKO B,BELONGIE S. End-to-end scene
text recognition[CJ//IEEE International Conference on
Computer Vision, November 6-13. 2011, Barcelona,
Spain.New York:IEEE,2011:1457-1464.

PHAN T Q, SHIVAKUMARA P, TIAN S.et al. Recognizing
text with perspective distortion in natural scenes[C]//
IEEE International Conference on Computer Vision, De-
cember 1-8, 2013, Sydney, NSW, Australia. New York:
IEEE,2013:569-576.

RISNUMAWAN A, SHIVAKUMARA P,CHAN C S,et al. A
robust arbitrary text detection system for natural scene
images[ J. Expert Systems with Applications, 2014, 41
(18):8027-8048.

LUO C.JIN L,SUN Z. MORAN:A multi-object rectified at-
tention network for scene text recognition[ J]. Pattern
Recognition,2019,90.109-118.

LYU P.LIAO M, YAO C.,et al. Mask textspotter: An end-
to-end trainable neural network for spotting text with ar-
bitrary shapes EB/OL]. (2018-08-01) [2021-11-12].
https://arxiv. org/abs/1807.02242v2.

YANG M, GUAN Y, LIAO M. et al. Symmetry-constrained
rectification network for scene text recognition[C]//IEEE
International Conference on Computer Vision, October 27-
28,2019, Seoul, Korea (South). New York: IEEE, 2019
9146-9155.

YU D,LI X,ZHANG C,et al. Towards accurate scene text
recognition with semantic reasoning networks[ EB/OL ].
(2020-03-27) [2021-11-12 ].
2003.12294v1.

https://arxiv. org/abs/

EEE AN

ZE=FIE

974 =) L Wi PR 0L AR F 0, 2R S B

LR~ J7 W R T



