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ABSTRACT Text detection is widely applied in the automatic driving and cross-modal image retrieval fields. This technique is also an
important pre-procedure in optical character-based text recognition tasks. At present, text detection in complex natural scenes remains a
challenging topic. Because text distribution and orientation are varied in different scenes and domains, there is still room for
improvement in existing computer vision-based text detection methods. To complicate matters, natural scene texts, such as those in
guideposts and shop signs, always contain words in different languages. Even characters are missing from some natural scene texts.
These circumstances present more difficulties for feature extraction and feature description, thereby weakening the detectability of
existing computer vision and image processing methods. In this context, text detection applications in natural scenes were summarized in
this paper, the classical and newly presented techniques were reviewed, and the research progress and status were analyzed. First, the
definitions of natural scene text detection and associated concepts were provided based on an analysis of the main characteristics of this
problem. In addition, the classic natural scene text detection technologies, such as connected component analysis-based methods and
sliding detection window-based methods, were introduced comprehensively. These methods were also compared and discussed.
Furthermore, common deep learning models for scene text detection of the past decade were also reviewed. We divided these models
into two main categories: region proposal-based models and segmentation-based models. Accordingly, the typical detection and semantic
segmentation frameworks, including Faster R-CNN, SSD, Mask R-CNN, FCN, and FCIS, were integrated in the deep learning methods

reviewed in this section. Moreover, hybrid algorithms that use region proposal ideas and segmentation strategies were also analyzed. As
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a supplement, several end-to-end text recognition strategies that can automatically identify characters in natural scenes were elucidated.

Finally, possible research directions and prospects in this field were analyzed and discussed.

KEY WORDS text detection; scene text; connected domain analysis; image processing; statistical learning; deep learning
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Fig.1 Sample images of nature scenes
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Fig.2 Definition of the stroke width!'*: (a) a typical stroke; (b) a pixel on the boundary of the stroke; (c) each pixel along the ray
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Fig.3 Comparison of the detection results between polygon sliding windows and rectangular sliding windows™: (a) detection results of polygon sliding

window; (b) detection result of rectangular sliding window
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25 ¥4 F1 Faster R-CNN JE# AHALL, 43 OIF47 M9 B2 —
B TIN5, 5 — BT Bl B e o e . &
56 P T e 40 35 DX 8l 19X 28 A= ol ey o AR} A 1) i S AEE
[Fi] Es] ey i B AE 1Y 28 3015 455 T8 3 Rol J2 K A= i
F14 M 96 HE e S B R AR P . Sk [34] 241 R°CNN
(Rotational region CNN) By kK B 28 37 &%= AT
BT 0 SCA . %A AR )R A Faster R-CNN
B AR b RPN R 28 7 SCAS X I A Bl I 1) |
77 AL N TR T w68 il o R ) A SR A, 22 S X AN T
Tia) P19 413 326 DX B R AOE A FH AN () A 3t Ak RS 14T AR A1
flA . IRl AR T S0 SCA /AR SCEAE B
Bt 20 6k g S AE B R SR AE . ISR IS T
F {H 82.54 By P45 . SCHk [35] £ 1 —Fh o4 IX
Jaf 7 1 W 2% ( Anchor-free region proposal network,
AF-RPN) #{{, Faster R-CNN H1 ) 3 T 2 HHE ) X
BB . TR R AR R e S B AE T,

FETKE N2 07 1) SCA K AT 55 h B S T 3 i i
PR
3.1.3 AT SSD Tk

SSDEURE &L 1 i A BB U 19 VGG16P 1534
[F) K /N B R AIE B 555, 4K 5 4l B Conv4 3., Conv7,
Conv8 2, Conv9 2, Convl0 2, Convll 2 iX 6 >4
FRUZ B R AE L, I 53 A 3 S8 e A0 1 L T A B —
A S E AR RO K /AN 2 % 4, 55 R NMS
XTA S B HE AT AE B, Il AR e S 4,
RS54y SallESE

SCHK [37] #2114 SegLink %, #41# J i A% SSD
W 4 v, 43 S BRSO AR HE FIAS [R)AE 2 (1) ) 3% #2145
BB B AR XA SCAR AT BRI TR
SCAAT B AR B — A543, SRR B B (Segment)”.
A BT LR L AL, 801 ). E it
X SCAHE % 245 B2 38, 1% 5315 LUK [A] Segment
WY G R B 2k i, kA T % 4% Segment F4 HE SCA
T AL BT 2. (E AR Y )2, SegLink % i 119
Z: 2% SCRKET A A BEAR S, IR B X 4 1E 1] | 5
A A —AHE, RIRFEREAC Tt 2. X
ik [38] H Y TextBoxes 1 f& HL 7 (1) F& F SSD (1) 5
. TextBoxes & T Ji i SSD & A% 19 K/,
[Fi] Fsf 9] 3% T 2 25 HE (TR AR K 5 L, o LB
TOCAAGI. Sk R ) i I ZRAE LS, SR
SCASPRNATE: 55 1) 45 SR ik — 20 Pt Ak SCAR A7 A T A
B AERIERCR G 0L AT T RAFAIZE R, X
ik [39] #2 1 AY TextBoxes++/2&: TextBoxes Y # &
W, [ FESEF SSD M4, i ki it T —fp Ak
HEJZ (Textbox layer) 45 44, fif £ T SSD Jo A &K
DU AR B < 5 bU SCAS 1 [R) AL, 3 — 20 4 A D0 42 g
4k, SSD Fil TextBoxes 1% 3¢ 47 7K - J5 ] 4 46 I,
1Ml TextBoxes++A] LA™ A A7 Jig i 1 B 19 i E SCA
o 0 HE , B8 08 A7 RCKS DU i e SCAS . STk [40] X
SSD # A7 ¥ R, 38 A B2 A7 SR A I 22 07 ) ST
X — 772K F Inception™®! 2544 {5 AL FRAIE, H-7E SSD
AR AE Bl A 2 38 0 Attention AL, HE— 458 4k 3C
FARAE. SCHK [42] 5 T SSD 4 28 A ] )5 Sk
AR B O 2K, A R R A kST Y I 4 53 34y
AT ZEENE . B AR R T 4028, il
BRI T LA, 32007 50T DL A BT ] 2 47
TERY H AR I AE 22 v, I RT DAU7E 42 6 2 A i 42
T RKW A B HE ], XF 2 7 ) SCRHATRIN. S
Wk [43]1 25 & T B IE 4 7 35 N 4% ( Feature pyramid
networks, FPN) Fl SegLink £ %Y, 7 H — Ff & %03
S SCAAS A 7 Seg—FPN.  Seg—FPN — 7 [ K 4
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fIE 4 FIE ML 5 SSD HEZRARZE &, XA [A] RUEE /Y
SCABEATREAE SR EL; 5 — 5 M 5 SegLink £ 4% AJ
Rl T2, SEIXTAN R 5 ) | K B LU R SCAR T
AR, FPN 95| AP JE T SSD Hrafik I i )RUBE,
RE08 HT 0 b 7 A8 K SCAS, HERR R /N SOAR.
314 AT XA Oy v

SCHR [44] DL IX 88 42 45 B 45 (Region based
fully convolutional network, R-FCN) & FE AR 25 ¥4, £
LRl 4 T FRAE 58 4k B 4% ( Feature enhance
network, FEN). FEN filt & 1 = {0 P 4> 48 B2 1) B4R
T SCRRE, R F 1 e ROBE (318 R <3 4% ) i
T AL AT A R N SO, B v A R A 2 A ]
= R R N E B e N TR DA i
Rol Ak )2, $& & FF ik fl & fe 7).

BEXT AR R IEAN G —, K22 5 Ri 1
{5, SCHR [45] 48 10 © 35 B2 B HE” SR mE, AT SCA
FEE M LA EG R, XS EHE S Faster-
RCNN ‘B i 9 2 % HE 26, I 3 2OR R 78 T2k A
TIEGE R 16 R R TR, R 118K 2 273 B R TLH
DAL AR e B RS X B [ B /N RUBE SCAR 28
TEI PR 28 25 (RNN) B — 20N T & 4%, 15 3 R 46
SCAAT. SCHR [46] $2 H —Fh BT A 3 Y X R R
ARG I e, HE SR FH X 3k 42 3R 2% ( Text region
proposal network, Text-RPN) £ H{ Rol( Region of
interest) I}, i 5 3£ T RNN A91& 1E M 4% (Refinement
network) Xf Rol #1746 ik Al 2l . 7% RNN % 1K il
W —XF I 5, HBEBAF LRSI IE. X
— 1 R A RO T SR XA AR A
32 ETFHEmAE
321 AR

LT LAE o H R A HOR T B,
TR 5 2 1 U #I M 4 xF A SR 37 5t B v gt AT 4k
B, ARG R BN AR TN . 35 S5 3R I i 1
SESCARATR LA F R T SCAS R Y 43
M % 4 Mask R-CNNI| 4 %% B W % ( Fully
convolutional network, FCN) ¥ FCIS( Fully convo-
lutional instance-aware semantic segmentation )’ 4§
3.2.2 % Mask R-CNN 75

Mask R-CNNM §" Ji2 § Faster R-CNN 5 Fast R-
CNN, [ JE A 0 [ 26 10 1) I A~ 3 = (4325 L i BEAE
D) A8, B8 T T3k Xor#En . AR R M
T g 9 Mask 73 32. 1% Mask 53 3k H -3 — {8
IR A, 5k | 30 FHHE [ F 451 2k — Rl 21
B 9 45 1 481 % pR 8. Mask R-CNN ) &b B 37 72 55
Faster R-CNN &6, 4% 1) CNN & Jr F# fiF £ HY

2) i1 RPN A plifie 1 [X 3% (ROT) FI EAE 5 3) it i
ROI Align )2 #17 RE # ¥ ; 4) % ] Fast R-CNN [A]
VA 5 2830 FAE 5 5) R FH Mask 73 L it AT 18 R s
ST s S 45

SCHik [50] F ECCV (European conference on com-
puter vision ) 2332 H—FPFET Mask R-CNN ) Mask
TextSpotter 4%, H = ZLAIHT 5 7E TAEK T Mask 77
SR R S A 4 SR SO S4B 43 R
o B IRE. % AR A9 Mask TextSpotter 2K F 74
) Ay 5P, PR AT DA AR N BT R
SCAS (Uil 42 5CAS ) R A7 Ak B, HLJR) PR M7 T 75 22
FAFH N bR T K 58 BB B I k. BT X% R) 8, SC
Mk [51] E— 25 et T Mask TextSpotter % 25 ( Sk SC
ik [50] P 3APIRUAS ), 7E Mask 43 32 Fr 88 Jin 1 25 [a]
T B J1 BB (Spatial attentional module, SAM) 37 j#%,
A 80OR) H 23 T A5 BOR BR R SCiE S, BEAIRI 4%
XA W BT B R RO, FT S0 B AT YA
TGO 1 SCARA TR 31 5 T

SCHK [52] H 4 H B SPC Net(Supervised pyramid
context network) 2 FH 1 5291 43 1) Jy %, 1% B
FF Mask R-CNN (1 3y -, 4 5%k il 28 SCARE 5, U
IR ) 42 Jm) SCAS 433 3 32, 30 R i A6 0] 7 4
HSCA R SR AT R FT o AL, i Rk R
b A AR Y SOAR
323 LT FCN W

245 R 28 FONU 2 —Fifoois 1) i 119 1 S 5331
715, ANJA)F Mask R-CNN 48875 i R-CNN
() X B 43 A e 5 30 FAE ] I A3, 78 FCN H, 9
285 2 X AN R AR R G

SCHk [53] e FON X B4 47 Ab 31, 75 %)
SCAR X8 i %% ] (Salient map ), I X 1% i 3% oF
17338 53 1 3 B LA AR 2 SCAR S 7 Rl L, R H
MSER J7 ¥ $2 IOCA He b (i e e 47 X 88, IR 4565
i 36 A 1) 30 FEHE A B 45 SO AT 5 SR I T
T B0 FCN XJ & 2% SCAAT W 2 45 1 5T 0 4 47 9
W, FIH BTG5 i8R SCART T, SCHR [S4] #2 T
— M R 3G ) SCA AT RAE 7 3 Text Snake, iX Ff
“Snake” 45 F LR Z N AP HS M B & (disk)”
R B, B B A BRSO AT B L el B AR
o 7] O R FRALE, XL RAE & A B FCN >k fiiil,
WE 4 Fros . 3ad X [5 5 2 0000 v a0 A — 4%
A I H R 8 L2, Text Snake R LA 50K I fh
SCAS, JEAS BIRE A 19 43 50 DXCBR, 3 AT LA R0kE f 5
T Z W)L, Text Snake & —Fh B 8 = 5 M
{EHY SCAAT 2R I . SCHk [55] X VGG 16 X 45 it
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TRERHEZR, 5 428, 5 11l

FHER, 5IA 24 11 {24 U2 B e JFOR Y 425
2, 528 T M CNN #| FCN & o, Mo af LAk
2 RO i A B R . A8 80U 1 I 28 ] 45 Sk SC
B CNN A1 SCA AT CNN. T ] 3 A B 42 B
[ CNN #5270 0] A R B BEMG h  SCAS IR, B
SCAFT Y CNN X% X G — 25 0 T, 2 O iy
SCARAT.

Text region

Text center line

& 4 Text Snake FHE F/REY

Fig.4 Illustration of the proposed Text Snake representation'™*!

3.2.4 T FCIS Y5 ¥k

FCIS™ iR H T 25 b1 T Fast R-CNN iy 4514,
HF X AEF FCIS 245 T Jit R-CNN HEZE 1y
P SHE R BT, FCIS SR S 451 AH 5 B 47 B Sk
{5 BoRTE S, HEATRR AR 4R S G, 2 TR 5
FRAE 58 WS 1) 43 50 5 53 A 55

SCHk [56] #2 HH PixelLink #5 %1, 18 o I B 2 >
W 2 T 55 SCFAHOC AR R S IE RO R, SRS
153 B 7%, o B SCARAT X8, SR B RN
B SCARAT I AMEE I HE. A it B G PR 40 1R
i B R IR B TIN5 R S IEAR R A TR
AV, I A5 2 SCAR S 1) 43 E KL SR 5 43
[ B AR OCCARTT I A . T SO Y
FE A 55 L 4 B AH B2 SIS i, AR 4
H T 2 AN BEORS B 0K R O 0 SCAR AR 4 1
A7, BT LA SCHR [56] 2K FH SegLink H link fY BUAH, 76

Text/non-text prediction
1x2 channels

Input image CNN
Link prediction
8%2 channels

T AN ASL T R AR 2R R A R SO, R EE
DU 36 25 2% RE A5 3% 42 1 02— AN 4 1 SO
HE, AT A 4 B A A A A R 0 DX s, FL 55 A ]
K5 FR.

SCHR [57] 4% Inception 45 14 4 Ji, T+ FCIS 41 &
HEZR, B16F B AR 50 B SCF IR BT M 4%, 3 i
AN [R) RUF 04 2 R R I AN [R) R /N 9 ey Ll B S
TR R T T M AR A G FRUZ R U
A i 3 IX 3l £, FH DA AT R ) S R
BOR. Sk [58] #EH Y FTSN(Fused text segmentation
networks) 5 J&: FCIS il FPN ) — /414, B2
T S 4 5 118 v 3] g BT YN Sk 22 7 m) SCAS A I
W, BBR T HEITARML TR, i SCERER T RlG SC
ARG EIM S, FERFEAR BOL B 456 T 2 9URHIE,
FEFI R 3 B 8 001 35 DX St 10 %) o G s AT 55
PRI PIC s T s G 100 AR 3 1) SCA 5245

AHEE T — ey 56 T o W0y O s, SE 49 o %0y
AR DR R GO 9 4325, 1y HA] DL o K2
JE i 2y 2] A T B X3 I e LA [R] Y SE 4. 3k b
BB 08 OR 47 8 4 19 IS JZ R AE (A0 99 {5 B R B A
B2, B Tz ABE 7 22, PR TG ik g X S 1) 288
MEWE A5t
3.2.5 HARET R8I I7 ik

% BN IA SCAKG I Ty v 22 3 T U 3P 5ié
AR TE , ARMEXT A IR AR ) SCAR AT AL A #4E, B
K ZHEE T 53 H 1) T 5 AN AR L b IX 434 3 19 5C
ARSI, SCHR [59] $& 0 T 3 T 43 ) A B SCAS S )
Z WM A7, T REIAE 2 m SO, Rk
I 2% HE B8 DR AIE 2 35 g h 2 B g e, R T
U JE (0 W 28 HE 42, S0 D) 28 45 B 9 R i 2 A 7
A, SR A 2 8000 O 2O 4 B A RRAE 2R AT
BEAE, BEMHEREN SRS REd — )5
b FRAT B SCARKG I 25 . 1% 07 12 B e S AT i
SRUHE 8] V5 7 32 0 7 A 18 6 251 il S A I AS TR 1)
i, U R O AT T4 Y Ok T A A R
CCFBEET BT o HIR . SCER [60] £
T 14 2 B A W 4% (Pixel aggregation network, PAN)
P SCASKG DN T2 %7 ¥ 19 3 BB 5 RRAE 42

Instance segmentation Output bounding boxes

Bl 5 PixelLink £ &
Fig.5 Architecture of PixelLink*"!
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TR B OR T RLHORRRAE fL A TR AN .
3 28 AT SR S X8 A% (Kernel, X 43304
SEAG Y — 2 AR ) LA SRR ARL ) i, I % Kernel 7]
ST SCF . R T AR IE R S Y AR,
PAN i H] T B4 40 A4 35 1 M 4% ResNet181°" I
& B 714 J5 Ab P (Pixel aggregation) K [ A b ik Wi 45
MIFEI, IITTTEA I NG LA O, A ke 1
PR 2% ) . SR [62] 48t — Rl 2k T4 R Y
SCF K6 7 5 ( Character region awareness for text
detection, CRAFT). %77 i i [ #% 2 A1 FH AL T 57
FF o BIRY 7 1, SE Al B A A5 S A 18] 1Y % 4%
KF, SR E AR 4 18] Y 2 12 5C R 1 0 B 44 ) S
AFT. SCHR [63] Fh BT T — Tl 48 43 I 48 5%5F SC A X
GAEAT TR ST SEAT 2 G R R E AL, TR B AE
fiEzs [ AT A Ak, SR A A5 8 T R — SCA 52 4
AR B A AR 3T, A (] SCAR S A9 4 5 2R A8 i e
I E G AJEAR BN I, Xof AH 4B 7Y SCA S 491 3
175751, ITRE A X AT BT R A9 SCAC SE 3], 1) 2 R
SRR R SO SR AT A AR

BT R SCACK I J7 5 1Y 5 A B R A AT
IE B FEHT, Ayt SCHK [64] $2 ! Differentiable Binari-
zation module( DB module) > fiij £k 3 F /3 E 1 J7 15
o B Y i AL B AR, B ek o3 ) 4 R 4 R
SCASHE B SCA DS, A ) - HAh Iy ¥ 2R 5L T [
S R AE 1 ZAB AT B A il R R TR T
BE A I8 N AE A R, A W g T E
RAEEAMLE R BIE, B RO X SO
Tl 7 EBIY S AL B R, O s AT B
P, BAE 28RS FIAR T H RS R B
33 RBAAFE

BT R T ik T 2 8 TRERE L
15 8., HAERR 28w, H T /N SCAR DX AR A g
NAR 5 BAR, 25 5 Bhlw i, B T X 207 ki A [1
R T XA T A BRSSO, (BT
XF SCAS ROS) AN UK, 5y 3 W SCAS 85 4 DX 38l 1) il
SV RMERE L. P ZR G WA T IR S5 iR &
T EAEAE RE A E — 25 B oy SCAS G MG 2

SCHR [65] RiltA T R i A A3 AG RS, 1 SEE
b G0 o AR e Y [ ik R AR AR AT, SRS A A
AT RAE R A, AREUE I HE. 2 )5 38 b % e i o7
B HUR S B AT 00 A5 204 2, A A R
T SR Bl W e HE A A IR, TR AT DL i NMS
HEBR U PLAE , 715 31 5 24 (0 SCAS K T 45 8. 5L b,
SCHiR [66] 4% HY — R Pixel-Anchor J5 ¥, %07 L 454
T T RN TR R I BRI v B R

SO BT TR TR A A BRI B TR R S HI R
Pt = 3 [0 45 52 RO R AR, 78 ik T 5l A AR B
rh EUOR B /)M 0 A A i e HE 5 7R BE TR R 40
A T AL 5 /DN 1) fige R HE , [ B v 45 DR /)N 110 e 3t
HE 5 SR 5 5 6 W0 & 00 M 1B A, JF 38 o — > gk
NMS e 15 F] 5 A R 25 5. SCilik [67] #8247 —
FhEET Faster-RCNN A XUT 45 Kzl %Y DSTD(Deep
scene text detection). £ —ME55 R SUARIR 73
T, B3R B SOR R R SAESOR R R, R
J 78 Al R 20 3 4 AR A A 5 B A
1155 0 AT e e RE ARG N, iy i) — ZH AR SR 24, 455
ZB A ) A VEAE , 38 I OR BR A AT 00 R AE A
3] d5 2% 1) A6 TN 235
3.4 wRBImXARIRA T E

AR 5T B Sk 3, SCAS A6 I A1 SCAS PR 50 # s T
3SR SCAKG I 3 2 DX 3 B v Y SCA i
A SCA R, [R] ot AT LUK W b B AR S — A a2
(7] AT 5 SCAS PR 2 A SCAS G T 45 2R v gk — 2P X
O3 EAE, AT DUE AR S — A BEOR A Y 3 24T 55
LAY OCR J7 2 v 73 7 0 2 L SCAS A I A S AR
POINF o AR o3 Bl ST AT R, AR R, —4k
T3 ¥ o SCAS AR W) 0 PR A B[] — A HE 4 v o
B, [RIFELBE A BIARGF Y RIOCR . — J7 T SCAS K A1
SCASPUI AT DAL =2 58 SR AR AR, 3 AR T ARSI 23R
Sl 3k 038 B S G Ty — T S e A A
F I SCAS U] Y 458 2K BE W8 D0 AR IS J2 AR AIE 1) 82 JBURT
SCAKGI . H T E 2 B 200 75 Y o 2 S SCA
PO 5 1.

SCHR [68] $i i — T i 3] 3 1 SC A L TR )
J7 1% Text Perceptron, iX it 75 v 3 axf 3 T 43 1 1 SC
TR J7 945 B SCAS 1 58 B L, 2E T E A R E
A P X SCAS XSGR AT TE B RS TE S 1 45 R
A SCAPRGI A, 0 A iy 15 22 W] DL 1% 45
o0 A5 Y P T ARG I A A B g — 2Pk, KRB
L SCAKS I 7 2 FNVE 22 TR 2 2] SCARKG I 7 1y
Z BRIy, Rl R Z 2 AR, X
FhZ2 0 45Ky — T AR W AEM, 53— J7 i, & — iR
22 BREAE S50 e A 25 2R . IR I SR [69]
fie Hh — i 3 3] 35y 19 SCAS 4G I 77 1 EAST( Efficient
and accurate scene text detector), 25 W& T 5% X 45 2K
G SCARYIS) | JE Kb BEAE v E] 2D BR, B X SUARA T
HEAT U . % 07 1k 56 R FCN 300 B 3] 1 SCAR
A7, it T8 e 1 RELTE 118 SCA e U AE B33 TU I 1Y
SCAMBEEME, SR 5 1 F NMS 53 o 8 U 4% 1) 4
TEAE, 15 25 5 i 45 2 . B0 1 o B o vk D, K



- 1442 -

TRERHEZR, 5 428, 5 11l

TR TR W A AT 55 4 R AT % 42, SO DI AT 55
FSCARTEOIE: 5500 5 B v, GR35 Ay k.
SCHR (707 ) 47 A8 00— 531 %) 7 3k 1 A7 v 3 g
1) 5 S SCAS $i B, A G 1000 A5 ke R TR i 455 B 22 (] A
S, t R RSB R. XRr k Be ST A
R AN PIA 73 SO0 RGEPERE AU SE A, SCHR [71]
P& B A o 2 o B0 5 5, SR A PVARet™ 48 &%
EAST 555 71 1) ResNet50U7) HE 28 E 47 SCAKG ),
15 B4E 2 7 10 1Y SCAR g 38 XIS B —
Text-alignment J7 7%, W SCAS 5 16 X 3k [ 2 hy 48—
KANFRAE . X S RRAE ] 28 f — > 3 0 i 2 )
LR FEAT AT AT AL B, 15 B S5 2 SCAR U 2
35 HtETFTREZIMNFZE

R 1T SC R iR 7 ik Ak, BESR N B AR N H AR 5
SCASAG D[] L, 7 T BE 2 ) Bk IE e TIRZ A
Yr AR SE. A0SR [74] $2 ) — g i S5 401 5 46
% 2% (Instance transformation network, ITN) , ‘& fifi i
— Pl o PN % i A7 3% (In-network transformation
embedding) , X} [ 2R 5 50 i ) SCARAT HEA T H 3G N R
fiE, [RIBS 4 0 T RAE SCARTT Y R JLAT 4548, o5
Je Ab L BRI AT SEI XS 22 RUEE . 205 W), 2155 3¢
AS 1) g 2 s A I . SCHR (751 2 B XT A AR = R
SCFRI A JLAAT ) — K X 2% ( Geometry normalization
networks, GNNets). GNNets i 33 %f £ 4b 3 F 1% 19
SR B ST TR A2 46, K TU AT 23 A 25 7 3 K SC
AHEH — B — 5 0y JU] o3 A JE L, 328 T H
SRt T SORMNES PR AR E 9T T LA 20 A
XoF 5 e SCAS K I 1) 52, & IS T CNIN ) Az ) 4
HREAHARA FR A9 SCA JUA] 43 A, (B 7843 R A )
GRBFEA T DL HZ AR ). SRR T —
ol 35 A9 B JLART M 3 A6 A5 B ( Geometry normalization
module, GNM) F F 5 — 1k SCASE ], 1 4% 19 — 1k
P —2H S R 4 T U R e =2 0 SOARRG I 2. XS
ANFRNIEAR - RUBE B iy 2 S0 46 I 0] @, SR [76)
P& —Fh Z5 423 [A] 2K (Conditional spatial expansion,
CSE) ML, B TAE G HE M) 5% 735 5%, CSE
Bifi AL AE SCAS DX 38 0] i A b - DX, 4R 5 45 BN
2 U DXCSUCREAE AN L Rl X TR SO B
Il 3 0 DX B AT 3 — 2P Rl A . SCk [77] £ A iE
R D1 ZE IR il 26 I 2% ( Adaptive bezier-curve network,
ABCNet) X 3 5 SCACSL B K. 3% 07 v i i 2 4K
A1 D1 ZE IR i e AR 19 1133045 B 3 0 815 5C
ARICAR. ST T B #i i Bezier Align J2, I 21K
T IR R SCA S0 1 45 AR AR . SCRR [78] 42
0 5 SRR BB R SCAR B J7 i, IR A

T 2207 In) FEY G B ARG I 2% L 320 A SRS 2 TR
S 48 = A 4. 2 07 ) HE R A 1R AE A6 DU 2% 7E
RPN # B 1 X e A 3 X H b HE 59 A0 s 52 &
B BE L e BE RV RE AT RS DL A 2 T 1) Y
FEIEAE, [R] s ) 9% X R A X S0 52 3 A A gk A7
105, T 75 20 04 3 A Bk — 20 % SOA XSl R
AEFEATHE IE, — 7 1 R S 15 K 1 1 SCA B AR, T
B T S5 W 7 T 2 > 1) 070 TT S W 5 5 — 1T PR T3
LR N S Y [ S a5 DO K vl EEE b
o BE R I AR LAk, SCHR [79] 91 ARRAE 4 7 35 25
a1, 2R FH 22 IRUBE SCAS 40 1 4 B R0 2% il 5 TR )2 1 X
HE L RIEMEGS, W T SUR KNG Z R
Rt B 200 . SRk [80] 4 H T —Fh 3T YOLO
BB YOLO BOX @AY, BRI R 5
T FEHESEAT I BE AR AL B, SR 5 38 i T BR R K
JE AL 9 7 22 A5 31 SCF R R} A B O 2R 4T A B T
1E, S TF T WA SCAS X0 7 I HERR B . Sk [82]
1€ BASTIVE 1L 1 3 T W 4% PVANet™ 15| A iE
B HLHIRE R, ) 2% L6 RRAE B2 BT Be 68 G 250H
PEM AR BME B, XA A T EAST Bk
TE TN SCA Ty v A5 JE s 400 B A A2 (1) R

4 FTHHIEE£.OCRIESHFEmMAB

41 ERHBES

H AT A5 Y 8 983 5 SCA G I S v 45 s 4
A CTW® ICDAR® 3 MSRA-TD500!"*, COCO-
Text®) RCTW!" | Total-Text™®”, MLT® % CTW %%
P AL R i 3 e K 5 I TR [R] 4 s i b S A AR
Yy SCARBOYR 4R, £ 32285 Tk FI{E A1 1018402 4
SO, B AR B R, A TP
SCAS O SOA | T OO S AR OO
55 BB 2514 F B SCAR | 3 R B SO L 43 d R ST
ARG A SCAR Y. RS BB E S AT i
FAESN, B E R EPEY . A RE AN = 2
A 2T SRR RITEIRE B, BT e
K, ZHEVESR, CTW 8 12 b 8 3 ST #a i A
SCAR UL g Y1 R A IE .

ICDAR F §1) 548 48 4172 dy [ bR SCRY 43 Hr #il
PUN SR, H 2003 4EFF 4R, ICDAR 357 T 4
W R 2 155 38, IF 1IE & i T ICDAR2003 £ 4
AR R AR T RER 3 SUAE KT, B e
. ICDAR2011PY, ICDAR2013P 2%} ICDAR2003
AR YR, BN T 2 07 ) 3 55 SCA R
W0 3 5 SCAR K R, DL SCAS | ) T 4
ICDAR2013 BRIESCHL, 478 T PHPEA S, 3 .
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IR RCTW-175¢ Total-Text®” . MLT®* COCO-
Text®™, ArT* ¥t & i T ICDAR 43, RCTW-
170 B 4 4 36 12263 9 B, v 8034 5K il 45
48, 4229 5K R4 5 X se R 2 FHLRAR L F
AR AR, WES . A B SRR
EY M kRS E N 5, A — /N2
FREEA K. Total-Text™ 2 & F B ) 2% 1] ) P 1 il
ROUARR YR AR, B TR S SCR MR f, 3
1555 sk EI%, o 1255 VE I ZR4E, 300 1 it
£E . Total-Text™” i & 3K W K24 & 7 T ICDAR, H
FAL B SCAR AT 55 P B, AT
Total-Text., SCUT-CTW1500 i1 Baidu Curve Scene
Text = ML A AL, ZEIEEHIE 10166
ik EE, Hir 5603 5K Al 2R 4, 4563 ik Rl ik 4R .
AR T A SCARTE AR ZHE, BARIKF- SO L 2101 3L
A FAS i SCAS . MLT £ 5259 ) ICDAR MLT
Challenge Fk & 2%, M| & T 22 15 Fl 37 5 SCA B9 A .
COCO-Text %54l 427 i Sl 4 28w $2 41k, 5 F KA
B SR 5% UG B 45 MS COCO™, i F &1 &
FE AN TR SCA A G0 T WCEE 1, BRI S oy B R
R H SO H AR R RE /N 25 OR 5 0, 1 A ot T
AL B A BOSCAR AR,

SCUT-CTW1500°% Hy 48 g B TR 4 48 i,

1500 5K EMR, E2 R LS CAR RS, Horb 1000
sk H T U2k, 500 5 H Tk, 280 4 0y KR
gk H T EEEM 58 i F LRSS IR, Rk
BHR 2 DA — A M2 SCA, AL 46 K 1 7Kl
Z [0 SUAR.

MSRA-TD500 % 5 48 " iy 4 rp B8 K27 T
2012 4F & A0 T CVPR, B & M. 21k
Ay 500 5K K F, 300 5K F T Il 2k, 200 5% T 000
. XEEE R B2 T EN . B0 5,
ENG R E R DR, TIRAVE RN 3, =406
s R WG KO 2 Serh bl T AR 4
IR 53 HE 3R DN 1296 15 % <864 15 F FI] 1920 15 % x
1280 15 2= A4

F gt T R R BAARE R

SCAS K I 6 2R 32 2R ) A2 I L (Intersection-
over-union, IoU) $§ F5 K FFHY, AR 806 45 F A R 1Y
VDU 5 3, AH B0 A 4G I B 2 vk 0 S B % R
=MERES S MR (Recall), #ERH R (Precision),
%54 55 (F-measure) . 3 [ R JE 38 78 3L 4 1E
) A gl 500 Ay TE AR AS B ABE S, ME R R R AR AR
BT A U Ry TE A A S R R TE R AR 1 HE
ZEATE AR A (0] 30 B SR 09 B A 1, %
TRV SCAR KL T Ik PERE I 2R B F8 bR, — Bk

F 1 ORI EOR4E

Table 1 Common datasets for text detection

Dataset Presenter Type Sample size(Training/Test) Language Direction
CTW THU, Tencent Scene 32285 Chinese Horizontal
ICDAR2003 Scene 2276(1110/115) English Horizontal
Scene 484(229/255) English Horizontal
ICDAR2011
Graph 522(420/102) English Curve
ICDAR
Scene 463(229/233) English Horizontal
ICDAR2013 Graph 551(410/141) English Multiple
Video 28(13/15) English, French, Spanish Multiple
English .
MSRA-TD500 HUST Scene 500(300/200) Chinese Multiple
COCO-Text Microsoft Scene 63686 English Multiple
Chinese
RCTW-17 HUST Scene 12263(8034/4229) Horizontal
English
MLT2017 ICDAR Scene 18000(7200/10800) Multi-lingual Horizontal
MLT2019 ICDAR Scene 20000(10000/10000) Multi-lingual Horizontal
Total-Text UM Scene 1525(1225/300) English Multiple
SCUT-CTW1500 SCUT Scene 1500(1000/500) Multi-lingual Multiple
English
ArT UM, SCUT, Baidu Scene 10166(5603/4563) Multiple

Chinese
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