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Il Introduction

< What is Scene text detection and recognition?
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Il Introduction

<+ What is different from traditional OCR?
- X OI Optical Character Recognition2 S0| 2A S0 2 E EXE o= =X

- OCRO|| Hg} EXE7} =0t S Hugt ZH0| Hag

Pride and Prejudice

CHAPTER 1

T is a truth universally acknowledged, that
I a single man in possession of a good fortune
must be in want of a wife,

However little known the feelings or views of ! OC R S cene teXt
such & man may be on his first entering a neigh- ¢
bourhood, this truth is so well fixed in the minds
of the surrounding families, that he is considered
as the rightful property of some one or other of
their daughters.

“My dear Mr. Bennet,” said his lady to him
one day, “have you heard that Netherfield Park
is let at last?”

Mr. Bennet replied that he had not.

“But it is,” returned she; “ for Mrs. Long has
Jjust been here, and she told me all about it.”

Mr. Bennet made no answer.

“Do not you want to know who has taken it? *
cried his wife impatiently.

“You want to tell me, and I have no objec-
tion to hearing it.”
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Il Introduction

< Challenge of Scene text detection and recognition
« Scene text detection and recognitiong A ot =2 2M=
v HAFS stALE ZHE THo{= OB A EHX|Z7t? (Arbitrary-oriented/Multi-oriented text)
v M2 4NH™ Q= 2Xt= OEA ZHEEIL? (Occlusion)
v SHEoz LIEE Toj= O{EA 277 (Curved text)

= 7t 2 HO|H M0 EXfj=

< Arbitrary-oriented/Multi-oriented text >
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Il Introduction

< Challenge of Scene text detection and recognition

« Detection format G| A|

v OEAZY
v ™ E A RECT zmnze | RBOX =mazg:ze| QUAD sz POLY czs
o
At 4 (xyw,h) H= 5 (xy,w,h,© At 8 °, EH:Q
v ALY (x1,y1,x2,y2,X3,y3 x4 o ?X,Ofa‘:\’;é\/{)/’
AL o’
v El—jl__é_:l .................................... , .olg. .9.
2t DEVIEW EVIEW R 2
A i S .ITIII. ._\g.
>

v’ 12| Segmentation &AL 25| AL E[D US
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Il Introduction

% Scene text detection vs recognition vs End-to-end text recognition
« O[O|X[O| M =%t7F @[ X[et "B H'= B X|St= Detection

- SYEE Z2r E9 Ul =AE S0

rIr

Recognition
« DetectionZ} Recognition= SHHRHO| =&SI= End-to-end scene text recognition(text spottingO|2t 1= 2

End-to-end scene text recognition

e
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(F=2 THol ez §X)
‘Lyon’,
'STARBUCKS],
'‘COFFEE’
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Il Introduction

% Scene text detection vs recognition vs End-to-end text recognition

‘Lyon’,
'STARBUCKS,
'‘COFFEE
_
—~— —~—
A. Scene text detection B. Scene text recognition
— g
—~—

C. End-to-end scene text recognition

A. EAST: An Efficient and Accurate Scene Text Detector(Zhou. et al., 2017)
B. An End-to-End Trainable Neural Network for Image-based Sequence Recognition and Its Application to Scene Text Recognition(Shi. et al., 2015)

C. FOTS: Fast Oriented Text Spotting with a Unified Network(Liu. et al., 2018)
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Jll Scene text detection

s+ Basic of scene text detection

« 27t ?IXIS bounding box2| ZHE S XL H=t5| &= A0 SHO|7| I Z0 Regression =M 2 H

« 22X} Y S Region proposal EE= Region of Interest(RONZtIE £ &

0 o X 400
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Jl Scene text detection

»» Basic of scene text detection

NNS 2 0|0jx|o] SHE X535, [ALE Sof

L O O 1
« T ¥90| & Btst o3| 2 (Anchor box)E ZH= F| ROIE F& i i
i L I |
LB :
L=, 2 M& Q| Object detection A= ALEE ST | [ TE 41

- CHo| et E =0]7| {I6H, =Xt (character)2t =X} AFO| O B (link)

= 2424 "X otLte| T Yo = gik|= gAlel €ag|E: O

2= M| 2H=l(Shi et al.(2017a), Baek et al.(2019b))
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Jll Scene text detection

%+ EAST: An Efficient and Accurate Scene Text Detector(Zhou. et al

. 2017)
« 20214 48 X 7562 21 &

7| & Text detection 2 & -E0| 3~5X}8| Convolution 255 HX| A

SE2 =0 g AZtE HF H=

St Z40F EF2| SFLEQ| Convolution 22
I.

[ot

- OOIX| 2= 715

i 29FEl Fully Convolutional Network(FCN) €11 2|S2 28|, THo{ 7 =

2=l Rotated
rectangle == Quadrilateral box& 0| &

EAST: An Efficient and Accurate Scene Text Detector

Xinyu Zhou, Cong Yao, He Wen, Yuzhi Wang, Shuchang Zhou, Weiran He, and Jiajun Liang

Megvii Technology Inc., Beijing, China
{zxy, yaocong, wenhe, wangyuzhi, zsc, hwr, liangjiajun} @ megvii.com
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Jl Scene text detection

» Structure of EAST model

« Input: 7t2 512, M2 5122| RGB 0|0|X|

« OQutput : Rotated rectangle bounding box2| 57 EE(x1, y1, w, h, Z &)

« UKt ZO| FCN X E ALYl 2 Mt LocalizationS St X} &
concatenate I
[ ]
> |
128 64 -
32 32 32
Encode Decode
<Qutput>
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Jl Scene text detection

< Fully Convolutional Network(FCN)

-

 Semantic SegmentationS /o1 O|O|X[2| Z} &/d0| O} ClassOf| &5t=X| ZF3HOF 2.
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« FCN2 7|E CNNO A OrX|2} Fully Connected layerE HX|7| & x| HEI} HEFl feature mapS &3l
Segmentation map2 2 S{5t= L2 EF S &5 M 2178t = Unpooling, Transposed
convolution S AIE.

Classify center
Extract patch  pixel with CNN

Full image g \ R e = Ny = yly
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Jl Scene text detection

< Output of EAST model
« Score map= HI® = 57 HE7I =
v' (b) Score map : 2 EHAO| O] A L{o AUZS =E

v (d) O] box 27 B 7t TAIT} box 47) ¥ Ato]o| AHa| He
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>
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box edge o
distances 1 o
. !
@ |~
e 0% label A label

line angle

©) (@ ©)

Data Mining e, H
o.}o Quality Analytics ma



Jll Scene text detection

< Experiment result
« |ICDAR2015 7|Z& F-score 80.72%2| M5 £ ¢
- 20219 &X SOTAE 22 (90% H=22| da)ELt ds2 O XXt O|= End-to-end &A] ZHIOE ALE

E|= & Scene text detection =0f2| S Wk d S KAI=

Algorithm Recall | Precision | F-score

Ours + PVANET2x RBOX MS* 0.7833 0.8327 0.8072
Ours + PVANET2x RBOX 0.7347 0.8357 0.7820
Ours + PVANET2x QUAD 0.7419 0.8018 0.7707
Ours + VGG16 RBOX 0.7275 0.8046 0.7641

Ours + PVANET RBOX 0.7135 0.8063 0.7571
Ours + PVANET QUAD 0.6856 0.8119 0.7434

Ours + VGG16 QUAD 0.6895 0.7987 0.7401
Yao et al. [41] 0.5869 0.7226 0.6477
Tian et al. [34] 0.5156 0.7422 0.6085

Zhang et al. [48] 0.4309 0.7081 0.5358

<Table 3 in the paper>
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Jll Scene text recognition
<+ Basic of Scene text recognition

-« Zf EHof FYO| O EXIQIX| &= Classification =X
O:]

Y

°
I_I
—_—

0| si Stz O|O|X| 2R E EFY FF = sequentialstA BHE0 ZF = XtQ| ZgH(THO)E ROt HHA]

Feature > — @
extractor —— RNN = - ' ol™nol
r' — = =
Ey/ e
\.-a;?ﬂ.'t —> ' al -
<Input> <Output>
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Jll Scene text recognition
< Why RNN?
. O|O[X|DIC} 20| 27|, BX|7} CH27| 20| X BHRIE YA Lt %S o242
. feature map®| HEX HEIS 0|Zs XS GISo12Y UEO| [} YEE SAYOR n2fs|of B

v (WA mel @R =i 7

|.|-|

|OI
=

E QUX|OEAIEA Y CHE AEE 12{ me 2 T 7ts

1

-+ Z|Z0|= Attention model& &-&7%t text recognition ZHEE F= 21

T &=

R0k ZX| 2. mO|L}H!

1imadge

Source: https://brunch.co.kr/@kakao-it/304
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Jl Scene text recognition

<+ An End-to-End Trainable Neural Network for Image-based Sequence Recognition and Its

Application to Scene Text Recognition(Shi. et al., 2015)

20214 4& =X 1,175 2l&

« CNNIZI RNNZ Z& 3l Scene text recognition =M & siZ2% =7| 22 (CRNN)

An End-to-End Trainable Neural Network for Image-based Sequence
Recognition and Its Application to Scene Text Recognition

Baoguang Shi, Xiang Bai and Cong Yao
School of Electronic Information and Communications
Huazhong University of Science and Technology, Wuhan, China

{shibaoguang, xbai}@hust.edu.cn, yaocong2010@gmail.com
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Jl Scene text recognition

s+ Structure of CRNN model

Jm
Jal

« (Step 1) Convolution ALt2 &3

« (Step 2) TE =l feature map= € HIH T2 LI

AZREA HEfZ H=2)

- (Step 3) ZO|7} 71 A|AA EE gradient

vanishing 24l 80| X2|& &= U= bi-LISTM 222
of

O|&3f], 2t HEOf Lot =%t

!
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Jl Scene text recognition

<+ Connectionist Temporal Classification(CTC)

[
|0

>

EAEL ZF ZE W ORKY

alit

- S3UY E2OM AEEL = EAE

of &4 % J2CAE ALk 2ojof g= &

. Q1. 'hhe--lll-llo"= ‘hellllo’©17}? ‘hhello’ @1 7}? ‘hello©! 7} hhemm! | IRl 1o
. Q2 ‘hello’2t3 TEHT h 1S AFRSH 21017}
Q o1 BT b, 12 AHBE 24917} R
. O ZHIZ MEI/H AL X0 Ciet BEIE Q= A&oA, HE 20
. o " . h e I | o
== ME= B E 429 =0f O3l 25 =HE= Z|Ci=2H(Maximum
Likelihood)ot= 5 2 S st&e hel | o

Source: https://brunch.co.kr/@kakao-it/304
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lll End-to-end Scene text recognition

“» FOTS: Fast Oriented Text Spotting with a Unified Network(Liu. et al., 2018)
+ 20214 43 @Il 2652 21E

« EAST2I CRNN 2= StLtZ eftl 23l ok 2f B EE Ehed| 0]0] ¢ A0| O

rot
rE
1o
Alm
0)al
ol
Ly
u

detectiond} recognitiong FHTEMN, B AZE 3 E¢

FOTS: Fast Oriented Text Spotting with a Unified Network

Xuebo Liu!, Ding Liang!, Shi Yan', Dagui Chen!, Yu Qiao?, and Junjie Yan'
!SenseTime Group Litd.

2Shenzhen Institutes of Advanced Technology, Chinese Academy of Sciences
{liuxuebo, liangding, yanshi, chendagui,yanjunjie}@sensetime.com, {yu.giao}@siat.ac.cn
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ll End-to-end Scene text recognition

» Structure of FOTS model

« Text detection Tt} Text recognition TH2 ZF EAST, CRNN 2 &1t 525t

« ROl Rotate EE0| &= 20| AZANE|Z, Text detection THO|A =

2 =0|2 H2SL] Text recognition THO| LEA|7 &

Text

Predicted BBoxes

a

£ T SYS FEoR S|WAI7|1 &

Detection
Branch
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ll End-to-end Scene text recognition

» Shared Convolutions

« Detectiond} recognitione End-to-end A2 3t A 2t XA MO0|= HEE uXtE &8 = U

of hz g =L 40| =2k

« (OIA) FOTS ZEOo| A ANt FOTSHIA Text recognition THS M| 2|5t detectionPt =3+ Z t(Of2H)

Our Detection

(b) False
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ll End-to-end Scene text recognition

% Experiment results

« ICDAR20150] CH®}F End-to-end Z1t 7| & 65(Generic)~87(Strong lexicon)%2| F-measure 462 2 ¢

 Detection HERAZ EAST &S AL 20 = 9%p 7H7H2 detection & EAaS 2
Detection End-to-End Word Spottin
Method P R 8 Method S W G S “I; £ G
SegLink [43] 74.74 76.50 75.61 | Baseline OpenCV3.0+Tesseract [26] | 13.84 12.01 8.01 | 14.65 12.63 8.43
SSTD [13] 80.23 73.86 76.91 | Deep2Text-MO [51, 50, 20] 16.77 16.77 16.77 | 17.58 17.58 17.58
WordSup [17] 79.33 77.03 78.16 | Beam search CUNI+S [26] 22.14 19.80 17.46 | 23.37 21.07 18.38
RRPN [29] 83.52 77.13 80.20 | NJU Text (Version3) [26] 32.63 - - 34.10 - -
EAST [53] 83.27 78.33 80.72 | StradVision_v1 [26] 33.21 - - 34.65 - -
NLPR-CASIA [15] 82 80 81 Stradvision-2 [26] 43.70 - - 45.87 - -
R2CNN [25] 85.62 79.68 82.54 | TextProposals+DictNet [7, 19] 53.30 49.61 47.18 | 56.00 5226 49.73
CCFLAB_FTSN [4] | 88.65 80.07 84.14 | HUST MCLAB [43, 44] 67.86 - - 70.57 - -
Our Detection 88.84 82.04 85.31 | Our Two-Stage 77.11 7454 58.36 | 80.38 77.66 58.19
FOTS 91.0 85.17 87.99 | FOTS 81.09 7590 60.80 | 84.68 79.32 63.29
FOTS RT 8595 79.83 82.78 | FOTS RT 7345 66.31 5140 | 76.74 69.23 53.50
FOTS MS 91.85 87.92 89.84 | FOTS MS 83.55 79.11 65.33 | 87.01 8239 67.97
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- Conclusion

< Scene text detection and recognition Object detection, Semantic segmentation & O|0|X| QIAl #& CHASH F

— - —

ME 85c g+ =O0rY

—

< Scene text detection O|O|X| Lf 02| HEHZ HILD =l EXE EX[E = JAE 7|E A Z U9l bounding
boxi OfL|2} 2| At H, Ot &2 box 2| B X|LE Segmentation= A ot= HACE YN S
% Scene text recognition CNNIf RNNS Aot ZHO| 7|2 f22 Xj2| HUL20|, £ RNN A S| =4l 2

= AL AZHS EY 4 A E End-to-end Scene text recognition Z&O| & F5 &5 HOZ of 4

ol
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