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Review of Natural Scene Text Detection and Recognition Based on Deep Learning

WANG Jian-Xin'?, WANG Zi-Ya*?, TIAN Xuan'?

!(School of Information Science and Technology, Beijing Forestry University, Beijing 100083, China)
Y(Engineering Research Center for Forestry-oriented Intelligent Information Processing of National Forestry and Grassland
Administration (Beijing Forestry University), Beijing 100083, China)

Abstract:  Natural scene text detection and recognition is important for obtaining information from scenes, and it can be improved by the
help of deep learning. In this study, the deep learning-based methods of text detection and recognition in natural scenes are classified,
analyzed, and summarized. Firstly, the research background of natural scene text detection and recognition and the main technical
research routes are discussed. Then, according to different processing phases of natural scene text information processing, the text
detection model, text recognition model and end-to-end text recognition model are further introduced, in which the basic ideas, advantages,
and disadvantages of each method are also discussed and analyzed. Furthermore, the common standard datasets and performance
evaluation indicators and functions are enumerated, and the experimental results of different models are compared and analyzed. Finally,
the challenge and development trends of deep learning-based text detection and recognition in natural scenes are summarized.

Key words: deep learning; natural scene; text detection; text recognition; end-to-end
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AU FE A A AR AL B AE SR B 10 BHE o (9 SCAR P25 AN IR 1 3RS B G H 09 STAS I, 11 AR 3% 35 SO A TE
TEFARRAN S FARSEGN HEFU T 10 PAREE . SUASHR B R B AT AR ORI 22 ek TR B 52 21D SR B R TR . &2
ZR 0 SRR R A P SRR R T R, AR BSOS 5 UM B R BIE R AR KW BH 7. B i A2 48 OCR ARG
TG T2 A B AR s ENR IR SCAR T BE G 15 R AR I R R R R . 114 7% Sk S B S 0, A B 2R 3% 5N
FERI CSCAAE B R AR B A RS P TR, B 9 ST G AR L I e SRS A A AN U [ BR 23 (It
Conf. on document analysis and recognition, faj Bk ICDAR) 2 i 5 1% 4 /N W A i (1) 75 25 (] o2 330, |l R 7 2 K 2
Fuep E R A ST T AE 2011 AL R8I0 T 5 10 Jm SR 20 B A AU <2 1 (ICDAR 2011).

B 25 R 2 ST B R (R AN TR i J 2 TR B 2 2D 1) B8R BRI SO W 5 TRl 2 1 A 224 T SCRY 43 A 5 U0 40
I ARSI VR T 8 I it A B T L 4% (R AR B ) AR £ B0 BB ) BS B mT DU SR AT S A I pR B, B R 5
PR e 1. DAL O RO T4 8 1 S AS A W 5 TR 77 3k TR B A 48 I 288 e 406 iR 1 2 9 L AR 37 5 IR SOR IR 3 S A
A7 BRIV SCAR P 25 1 e S i 0 B8 AR SRR L, 21068 SCAAS U (I 58 5 & R AR T 48 0 R 4 11 ) 3R R0 J &5 (H 8 0 3
TR BE 2 30 10 SCAAS I 55 TR0 40U KA S B AR HEAT A THI (W 2638, DRtk AR SOKE R 40 Hh 508 1% 08 B i AR R
JEARIL UL R Hk i, A5 B2 Sk 0 90 3 BRI — s 2 2 RS By AR SCHE SR A DR SCHR AT T 3 BRI 0 &5 )5 G B TR 2 )
[ 19 AR 37 S SC AR W5 R 590 AR 94 A 28 )y 58 Ay SCAR AT I 7 ¥ s SC A R 7 8 A i 81 s (4 R0 7 25, an B L TR
BT VEARYE S BRI SR X434 22 R 20, S5 SN 40 A 48 AN 43 AT 1 LRy

% B XN MEE F—

 EFRARMRLE

H sTiaamemnk

¢ KFMELEENAN;L
BTRES I l 33 o i+ l_ 5 e
vk 1 sTEOENEE | § mFanmmms

T il REHER M E

-

L) BTFEEERmE R
EEMFE

—+3$ﬂm&mm§mﬁm51|

AR INAKGR EFREE50 [
SRR SIS TraiRsIH 1

BTMBSES 2% [

—+5+%Hmmmwmm5m[

ETREEIN
HTER T AR R

Fig.1 Ataxonomy of natural scene text detection and recognition methods based on deep learning
1 BETVREES: 2T B AR 5t SRR I 5 R 0 7145 28

ARICH 1428 A AR 5 SCARRE I 5 PR A DG 1 SR R IHA 9.5 2 1R TR 2 2 0 B AR RO KS
WIFERAT 43 T AUR S5 .58 3 90 T IR B 25 20 18 B AR 5 SRR T ik AT 2 A AR S5 28 4 5 A R TR
JEE 2 20 1 i 30 3 1) SCAS RO VAR R S5 44 58 5 49 - i AU AH DG A SRR AR ANV Uy vk, R B TR AR X
(1) B SR I 5 SCAR I 5 YU VA I SER A5 SR AT 0 T 5 EUE S 6 20T B AR s SOACHRS I 5 DR 1 e R Ok g
HHeik. 28 7 R4S R4
1 HXEEREHEARNA

1 AR 37 55 1R SCAS YR 3 2 8 A TG 24 SRR A 05 v e B PG S AR A IR 2 W RIE U K 1 AR I S SO U 43
PGS A0 RS A A I (text detection) AN SC AP il (text recognition), RITSR A5 A F 43 A S 32 B 1 45 v SC A 552491
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HE By B ARV 5 AR BEEARKIRAG L R 37 A 2% S AR TP 20 R B 5 A S, S 0 485 2R 1) sy P T4 S
I 25 M SCAR YU 45 2R B AR 7 55 B R 1 SO B TN 5 BUN AR B T3 5 AE BRI 0 A
TREEGRRET . T AR S5t RE ) 3 BA 25 S N T A sh 2 B, 42 i )
BREMLE N B RIR . KB 55 5t H O, B AR 5O RIS PR Ok v SRR 5 88 R G

2010 4F,Neumann %5 A B2 ¥4 MSERs(maximally stable extremal regions) /7 vE 5 H T+ 15 4R 3% 5 SCAH I,
R 3 X P 45 v 8y 21 i K R T X s P R 00 SR 45 SO A 0 X . 2012 4, Waing 25 APV S5 4% 45 1) bkl
SEAR R T — A iy 80 oy SCAR TR B A AT S8 T B AR T X R T A B R R TN,
ot S5 U 395 22 0] f 72 ) 249 TR R 45 38 SCAS B 1] P 28 A4 495 1 SCAS RS IR R 00 T 75 22 T vk B2 2R I AR 1
53 225 DL K 5 Ak B0 TR SR A WO R R 50 P A SO P 7% 3 S A AR LA 2 52 = 1 B AR ) 5 SUAR UM R

Bt 5 VR & 2% > (deep learning, f&i Bk D) A [ AN 42 Ji& RN T 28 1 2% (artificial neural networks)Hf 5% ()
AN A5 R R 2 TR 5 3 A0 R 8 2 o AR I AT 8 1) TG SO AR N SRR I AT T AN I R IR B 22 )
ML A HA R B AT 2R IE H S 3 £, 30 5 210 512 R A0E A B 0 4ih 52 10 10 2 38 78 J8 2 2 1 s e i
DAL T L A 5 2 P S e i 2 7 AR s 0 L fy R

TR AN L8 W 2% 32 B0y Sk 2 B 48 k) 2% (convolutional neural networks, {8k CNIN)FIAE 24 411 25 1% 4% (recurrent
neural networks, & # RNN).CNN F] H %5 #1312 £ (convolutional layer)$i i S ABL I ¥ 45 K 1B 455 4F 380 3 N SR A
(pooling layer)fi & 3= BRFAE B 1l P4, 5 Hoysk > 2 ORI UF 582 [7) o)A 753 588 H 1) R L A g e R 1 AN ik
BT CNN [R4E 25, FEAE 43 BT A 21 P18 G R A ST A B A 32 (R F.RNIN 52 KRR A 7E T I 45 By 2 11
A N AL 2 T I T A R 2 O B N R b I ) T R 2 O i R P A [ I T 5 S S A Y 48 L AT
S I T ) J PR 4, M DA 2 ) LA N 1 50 R R R U0 24 iy, 2 S PR A0 B b 8 S i K e AZ S i
(long short-term memory, i # LSTM)®., |14 ¥f & 7t (gated recurrent unit)!™ 1 X2 i K- 4 I} 3¢ 1Z (bidirectional long
short-term memory, & #% BiLSTM).RNN F=ZZH T AL 3G & . WA, SCASE B A WP HERFAE £, iz N 7EAL
BN FELRRHPE. 15 DU S A

TREE 5 S HAR B AW R R A A5 K 8 22 (R T3 1 55 T CININ I R AR AE SR B AR R EE T RNIN ) 1 4R T
5 Ak BB AR N F AR 3 5 SO -5 R AT, HE B A 12 A3 AN TR T R R TR AR SR X R TR 2 ) 1
H AR 3 5 SCASHE I 5 YR 00 7 v AN AR EAT S50 45 A 8, 40 A7 R R 1 R 2 S BORAE B AR I B SO I 5 3R
S0l 018 I T, R AR IR 2% 30 AR A A AT AT 5 T I 1 Bk ik, DAy A SR 5 3 B A 1D ik e [ AR 3 o ) SCAR ARG
SRS % 58 B

2 ETREZFIMBRGRIKRENTE

FHT, 3R 3 5 AT I 2 AR 500 1) 4 LD TR 5 0] B o 18 SCARIEAT 28 ARG IR 15 SCAR X 301 s 1R A3 T )5
SRR SCACR . 18 AR 3 st SCAS AL I A B 3 e PG v A3 AR S 481 DX s A A A A 3 R, R SR A P 5 P AN [
T B SOARAT DX Ak ) I . 20 tH 20 90 AR AL AFF 7T 35 R A% e 1K E SN B TE B 3R ) 55 SCAR RS T Al B A5
— 5 W R b s ELAR SR MR U v A FE 3 0% 3 8 4 AT 1 28 ) 0 T AR 6 (stroke width transformation, i B
SWT)BILL K 5% K et 5 A A8 X 45 (MSRES) WV 325 13 1 18 3 8 101 1) B B 21k 4 24 5 ik O MR i 32 16 F B 4R 37
SR BB SCAR RN S5 10 52 2 Mk LR PG M 75 I 46 B 38, 5 T S B AT AR DA v M A A I AR 3 =
H ) SCAR S

T 10 4F ke, VS HUIL S AR 1 2 R 5 AU — H A5 A% I (object detection) it /& Jié, SCAS kY I 450 H iy
LRI — R A3 TR 55 2% S0 10 H ARSI 503 SCAR MR Dy H b AS I 5 P 25 1 s o 408K, 1 22 0 9 3 1
YT H BRI R B AR ST K TR BE 2 S AR SO M AR 45 & B B AR 3 5 SUAR IR 53 R AE 30 Ik R B2 i 6 Y
LRSI 17 4R 37 35 SCAR S

AR S A AG WU ASE 28 [ ARSI IR o0 AR SO TR 2 S [ AR S SO I R A o 3 Rk 1) T
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X 3542 1 (region proposal) ) B 283 s XA I 7778 31 X 4-# (semantic segment) 1 B 28 3 st SCAS K I 77

ey BB DS ORI S 145 6 1K) B AR SEOCA R N 7 ik, 1 TR XX 3 SRR ARy s SRBE RO 3 4R
B AT T AL

Table 1 Natural scene text detection methods based on deep learning
R 1 FET RS I B AR 5 ORI Tk

R TrERE A TSI TR
FET SR b R A L 7T v E——
Ui ik ST ASHE A [12] .\ TN 14
SCAHRIEAE KA I 1o
RT3 : whIE A ”: .. :
Y| T AL R T ;/ (s
7 i AR 2L 1 06 AE A0 451 . b r__“__%f?fﬁ%E@@ﬁ%__l:__;i_J
9 H A1 23 A P A
41 e, P41 P Segink {(?héé\ E
AN L (e Het
HEB A A N ATk E
T AL AR ik -
U @ 44 FL R | EASTES / B% / 6
WRAME DA ST | AF-RPNT »CRIELR,
eI SCAE L L & 3*1
TET 23 BN T AU Y S ot e s e e sy
ey | RS RRE AR TR A PixelLink!"®! (R e Jainipm )| | 1248 |1 e |
Bl | s PSENet!™! ~— nhnf):ggi:ﬁgi:ﬁﬁi
Sk ZALE N RER ! | Map [ 1] Mo |1i] Mep |
- ! i | |
: b wem LT T
ALk | [ T Tal iRl
o T e | TextMountain®! HEIDIEL BT S RASIL
YA 5% AR AL S A eREEEINE b A -
T
Cesii) R
TR | B -
MR | R L b EreE . ,le
W Y | STV S 4y _ 7= A -\)_.
Jrik S0 KB 45 _ "
‘ G

21 EFRXERWHBARGRIAEN %

12 A DN 092 3 S5 ok X3 4 4 W9 2% (region proposal network, i #k RPN 532 <38k 2 e 530 92 1 HG At 77 =X
P SUANTR] ST B 22 Mg IR HE, I I CNIN 19 2 32 B i 36 [X 45 (region of interest, 8] #% ROI) B 45 45 1iE 1) T 1%
DX KA 77 i T SCASIE ] g A, BT SCASREAS RS A5 2 5% 1 SCAS TR 3 36K 22 501 28 0 A8 R 320 A ) (bounding
box regression) £ i J5 SR 1 130 DX 35, A= o B A fify 11 SC AR AEE AR A 3 28 B SCAR DX AL Dy VR B N AR 4
FIBRRY I 4532 5L 4t 1, 1 RCNIN(region proposal cnn)?4!| Faster-RCNN®!, SSD(single shot multibox detector)i?®!.
R-FCN(region-based fully convolutional networks)?" /1 YOLO(you only look once)814s, LA V4 Ji fih 28 b 4% 12 HY
PG5 AT 0 B 1, A7 265 R 0 2850 SR ARG 24 24 B0 0 S MR 55 0 AN T A Do 024 IS B DA T SR X 1L
[ 7 VR0 BE T SCA AL A FR R 5 i AR S I P R BR R A DR RR . AR E S AT i A 4.
211 He T SOR I A U 7 ik

A 258 1) SCAS S I 0000 i R A b B« D7 T 5 1577 Bl (histograms of oriented gradients). J&# —{E {k
(local binary pattern)& = T ¥ 1 F 45 AL 15 05 35 X 4% X 49 S SCAS XA A AR S0 A I Sl 7, i 28 D bR 1E 8
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TEUERG RS IR 1 AR 3% 5orh 1052 2 ORI 52 1) H AR RTINS VR IR )8 R VP 2 W0 K A5 IR 2 SR AL H bR
T3 1 FA B SCAAS I R FE o AR 228 ) 8% A Bl S A A 34 X 3, SH AR A1 A 32 DX P4 A A0 97 B S AR 3 IX 3 X 2R B
TR A T SCAR X 3 3L 7 s

SCHR[29152 2 H ARKL I YOLOPESE 3 1) i %, 1 VAR HY T — ol i 7 X sl g 30 110 4 % AL [ 0 A % (Fully
convolutional regression network, fij i FCRN)A R 15 7Y 5 K2 45 4= 25 R ) % 2 I P45 (045 1 1), P oo R A1 1) kA
A R A (AN B 157 W R 50 1R W 03000 A A A A7 5 3T i S A DR 3 ) v Lo AR AR RS 5 e R A FE AR R 55 YOLO
I 245 v B i A A3 2 2 FR A 1 A SR AR AR AE PR 7 VAN TR, T35 A2 SCAR oy R IR AE 1) = 3 B AN AR
FCRN 18 o 45 B2 M PG R FiE, AN M 57 2 P40 R O 0B 35 M A 7 82 BRI (904 JEL 26 STk 00 — A R ZE DTk 2 2
TR BE 2 ) R4 R AN TR 383 5 UG P A e o, 5 - SCASRG A5 28 09 11 5 o B T Wi B
AR TAER.

SCHR [3014T 56 AN 7] R L A9 () SC A K S5 1L — il TextBoxes [R5 0y, il 2 Fiia.i% B0 4% 46 kg 3 T
SSDICHE IR Tl W4 AN [R5 BUZ 1) 20 RBE R A 00K AR )R~ SO, 9 T MR SCAR (X 358 1 S LA A A2 6
Tl A ) 2P A L BRI 1D S A 0 3 AE . 122 SR 340 K 22 it B A9 48 T3 1 1 R 1 kg G0 3000 190 B N 0090 SR 4 v AN TF) R/ S0 A
)T 00 A 2. 15 SR [30] Hh A8 FH I T P 6 T 2 s SCASHEAS [, SCHR [0 1 vk 4t 77 2 T DU 3 T 11 S AR ST 43 sy
P %A A SSDPOIER 3N T 6 FhAS [RIBUAL A J8 0% 348 SCASHE, I FH DU T 6 4 AN A8 bR 6 5L
A AR HE £ 6 PYI4TE loU(intersection over union) DUFRGE T S50 (10 S s 12 SCHREE B T 5 TSR S s 1 2 58
BRI TVE B T loU R E.

VGG-16 -
VoGonva_3 Text-box Layers

£ 72
i’ A ——— 1
WB_

NMS

Fig.2 Architecture of TextBoxes®”
2 TextBoxes f5i %1 4% {10

X SCHR[30, 3110 AR L A T 1 4R 37 55 15 R4 0 5 K 110 SC AR SEE 491 1 i) R, SCHR[32] % 1 Faster-RCNINE!
FF RPN 2L i fi 32 [X 455 1 JELAE 352 e 5 1 3% HE (rotation region proposal). e %% 2% 8 [X sk jth 1k (rotation region-of-
interest pooling) A A i3 XL AR 1K) 10U T35 5 vk 38 i 8 I % £ 85 25 B0k s ) Ak OB E 1180 7 1), o T 2 413 6 AT ) 120
A ] 3, 18 8 T A S AS (A 00 2 SR SCHR[33] [T FE T Faster-RCNINIPME T AT 3 7 1) A 9 S5t S0 ASHG s
T, 5 SCBR[B20A [R] 1) A2 12 A5 B AN A 82 2 5 SCARAE 1) 7 i) T 2 A5 P WEIST 46t 075 1) (00 0 WA 50 118 A e T i 5
HE (1 155 B S R A AN [R) 7 1] (9 SCASHE. SCR[12] )46 SCHR[30] 0 ki 42t 7 — R RS A I A R e P B RO W)
SCARTE) TextBoxes++SCAA ALY, 12450788 1) FH DY 120 % SCASHE 555 40 55 TR A B8 (1 SC AR AE S5 BIAN R 0 AR 1 52
AR

AR AT HE Al SR b M) P R T 550 DU 320 T8 Sk 36 78 SCACHE, SCHR[B4]42 i e T+ 3 42 s [l Y 1189 S A e 00 A5
R AZAR Y T 22 4% 7K1 i T 45 B e Kl 70 R T SCA sk a2 DX 38, I ELIRDA TR0 SCAC 720 515 /K7 S5 BE 2 AT k) x
AR B LA B SCAR X 33k 55 0 1 55 0 2 A8 UKy AL R, 55 S AR AR TO0IN (14 66 T SCAR X 35l AR s 1 458 B 28 B SCAR 1 A8
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RCAA B A SCAHE. T I Ph 7 VR IN T 2 A SCA T S A b I T U2 T, A5 45 12% 77 ¥k B BE RS A b ARG 0 ST A

SCHR[13,35] ) = B3 de 5t 0 45 25 ) O A0 SO AR ARG U AR Y, DA b 4 v AR RS T HE A 2RI o, SOk [35] 2 %
GoogleNet™®®1 5 % t1 ] Inception %44, F i 4> 2 Inception Ktk (hierarchical inception module, fAjFx HIM) g &
B RUERAE A% I 3 A 4 S0 AR TR 7 ) B E (text attention module, TR TAM), TAM #4232 3] 15 31 ({114 25 90 S0 AW %
FEAE B 5 AN R 2 HIM B B R R HE 454 75 31 (1) AIF(aggregated Inception features)idE AT Hc & Alia 5, DL om0
AR DX IR AIE, B AT PR S 0 1 SCANART DU 0 48 b SCAR X 35k 43 24T 45 0 e e AN S0 ), 1T S [0 VAT 45 T AH
S, SR [L3]0A A 3 9 28 AN e 25 (9 AT 45 3k SRR AE 25 5 S0 DU B8 190 1 B4 B2 B 77 T 6 A U 1 [ 0 A ) A5 7
(rotation-sensitive regression detector, fii# RRD). %45 540, E5 12 HE [9] U5 43 32 1 SCAR X 358 4328 43 =, vy T AE 9] )5
93 SR 35 5 i 8 A AR HOUE Y R0 R A 484 0 2 S O IN  AfG 28, SCAR 43 SO o v A R T 2 KR E T ST
PN IR

Wy 5 SUASKE W 7 15 R AR A 1 F Bl 1 V1 A [7) L A9 RS (90 26 A 4K i 388 Jod 32 A ] ) 18 38 1 o E . ST iR [37]
PR R B 15 3 A e SO DX sl DUASE 28 A R I A S I SR B AR DX AN [R] A A A
T AE A Ffy 0 DS 7 1) 88 3ok DG P 356 A et 45 280 W0 300 T S AR DX 354 3 A, S J R PR S0 [ ) 3 38) 8 L i 11 53¢
AHE . [R HF, SAy T 398 s A SRS 0 AR [7) 77 i) SCAS P 65 A 2 LA 394 T ) 6% A5 20 0 1 5 5030 1) AR, 2 455 20 DY) 8¢ &5 44y
FR T R R X 8 i AE A5  (dual-Rol pooling module), i i gl AN 7] 7 [f) PRIt Ak AL, B v A 2R f G P i
2.1.2 FETSUARA R T

T, 2 T SCAR DR S AT 1B AR5 5 SO I 5 42 K 22 B8 T3 H e U 09 1) e adt i DA e % 28 B0

S SCARSE AR 1T AE [ VA B B8 S AE ()7 B HEAT B/ B T, 5 B0 S B VR AR [ AR I S SO I o s IR A
B PR RIS T SCA 2 At JE SN 9% S R A o AR DX A g — 2 3 82 1 SCAS 2R A, 3 o R O A B SOR
19— 584, 1) PR DXt A 3 YA ) S A S DX 3, e s SCAS 2 A3 4 kg SCAR DX 3 LI 38 SCAR A I (¥ H

SCHR[38E & R 28 I 4% [ At b3 tH — PP SRR 72 01 B AP 48 I 4% (text-attentional CNIN), I ik M 2% i
SCAZH A X S R B AR AIE AR T T T AR AIE 19 2K B 8 10 308 SR A 1) 43 S HE A % % P 48 JL AR 2
LR AIE, B B AT IR 8 R 28 SO KARSUAR 43 28 (19 24T 45 I B 2% )R A AP R A 28, f
PRI ) SCAR F-RF I BCE R I R T S AT B U LGSR B 72 R e b B 1] AH X R 3l o 0 )
5 3T LG B 9 A S P G A 0 T

L5 SCHR[38] F A T 3 3 7 10 R0 A5 A 194 4 A0 ) <7 44 DX S A [+, Sk [1 4T R Ao 1 JEARL s SCAR IX 34k Hh %
A TR B TR I 350 3 AR S SCAS LA T 50, 1 65 - B A 0 7 A D0 S A S AP % 5 1 Ak A 1 A T
BT AN [ v TS V) AL A 2 A, 5 o TN A% 3 AT (1) T RN K YA i B RS /N 1) SCAR X I AL, T
J A B — RN SCAR A AR IE B R % 7 VE B K I UK RNIN 51N B SCACR I o R F 3 Ak 22 5 21 $di (0 A1
SURLIN SCAC LA P 81,12 710 BE 1 50 AR AT 2 A 88 S AR ARG W it (2 et R W S8 s OSSP SC A AL 7 971
(9 77 72 BB DU T 3 AR SO AR IX 3, 3 Bl TR N BILSTM 4544 5 35UM 4% S HOK =38 i, B A% T4
M2

SCHR[AS]7E CTPN ARSI SLA 14t 7 T 170 4 385 SC A J 1) 1 4 BB 6 M A 784 (segment. linking, fi] #k
SegLink), 4 & 3 iR, 3 = T2 SUARR B SCAKE I 438 by 43 BORE WU A0 43 BEBE B AN 4 AN AT SR [14] 0 R
RNN A SC A LA BT A VGG L6 o 255 45 Ky 1) STtk R AN [ £ v 2 AR5 A0 MU A AR AT A P v 4 A1
AT () IR I AS [ RS F9 SCAS 4 BE o KRB SEA /N R SCARAS AT AR BT 10 B k. T Sk CTPN A7 (24]
TS TG A} SCAS (1 e i AR S e T o3 B 8 AN U7 TR A AR 4 BUOE 2, A TN 43 B Rl DARE 2 AR AT
T 1) R SCASHE N 285 2 10 SC A DX 35, SegLink Tl SC A 43 B 15 55 42 11 7 3 IR ATH 4R mT B8 JTo vk 1E ) X 43 B
I3 AR 545, SCHR[40]4E SegLink FIERS 1ol 1 SCA L1 43 20 10 7 =X, 38 3ok 2% 39 SO AR 43 Be 2 1] i 5 | 5 4
J& R B 3 4H SO 4y BE A A SCAS 43 B 22 1) (49 40 28 58 e, B - IX 40 HEB) S5 2 (1 S0 AR, 7 HLAE S AR 27 b IR S5 AR
FHU) £ SO
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K22 BT SO X 3k 8BRS AR 2 8 U 7 9 S B T L S B A A B REAS N I s R B DY
T X35 1) SC AR 35 SCHR [ 119N g, 0 SFASE W00 R SR AS 2 455 1 L vl LR B e 11 40 4L 2B e SO AR (¥ 77 3K, ) ] LUAR 25 5
R0 - 43 P9 320 AE 75 2] STAR FR9 20 AE L TR] 1, 12 SRk 3 ol S B 17 D 2810 10 4R 3 i v 28 Al %) S 00 D01 S A A 0 o, 3
H— il 45N W 45 (character embedding network, i #% CENet), 15 60, 2 AN 2% 34T 5% 56 T A 45 3 1) 7 4%
DX AR WU AT 45 0 F 7 5 RN PR RN 1] B SR AT 45 2 ey 7 AR DX Sl 00 AT 25 A 00 A% 1 =7 45 2014, 7 el 7 AR fk
N 1) 4 58 AT 45 8 el A5 280 R R N 19X 488 040 2 R A AT N 81 1) 2 ) o 5 2 S AN BN ) 2 T D DG o 2R, B
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Fig.5 Architecture of PixelLink!*®
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Fig.6 Text detection pipeline of TextField™”
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Fig.7 Architecture of DSTDP®
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Fig.8 Text recognition models with different encoding types!®!!
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B — AT R, 4 T B AR U N A AR ) 2% i SR BUCRFAE [n) 42, 4R 5 45 31 55 06 B () — A4 40 )7 #1).DTRN
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Fig.9 Structure of CRNN®?!
9 CRNN #7163
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3.3 ETRADFMMBADI[ATTE
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Ha:58 122 RNINCRR 8 T I 20 10 4 A B3 1 2 >0 75 PP SR AIE, 56 2 )22 RNINCRRGE 55 1 J28 10 745 P SR AL AN
PR IBTE: T 0 A5 301 249 7 I 220 10 AR A9 e 5 R T ol s DFL A Ao 2 I 246 FK) AP35 A EE STHR[62] 41 K I 3 T
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fr R TR P ME A 2.

Docoder 1

1
1

1

1

¥ ¥ 1

1

M LSTM | { LSTHM | 1

& a I

Z2 <3 1

= 1
1

1

___________________

Fig.10 LSTM-based recognition framework with visual attention model("!
110 T LSTM (ML BE v B 0 R L) fiE 207
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AR 2% ) L2 > 45 21 B 9 A DXSURR AL SCRK (6514 4 12 JEABUERE Hhy 1 366 T 2l A AR I 5% 10 SCAS T A5 20 A6 Y
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PGB 4 AAFETT R, A I DE T TS 5 4 AN T5 10 (1 4 ANF A0y 51240 5 72 R A 28 P 5 G i ks
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AT AT 1) G A 4 SOASE LR R TR 225 N VGRAR A8 1 6 TR 45 A N S PR B R0 AR SCAS A 2
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2 AR A RE IR T AR 0 T ARORE 2 AR A RE R A8 T TR A5 A S SRR (78K 4y, 117 5 7 0 T V25306 A 22 il 45 K0 A2 T ) B2 2% S
AT (K48 12 2K, DA, 2% SCRR B 1 17 T8 3% 007 48 1E 10 SOAC TR S B2 TR e Tl 45 20 1 0 2 A 23 i ik
PP T A 20 T 5 PG 23 5 31 o 18 I AR I R , 2% 75 80 A 0 P 450 3% O A IO AR 908 15 3% Ml
T R 0 SR 443 30465 T I 1 PR A5 33 2 SR 40100 T TSRy A 7 - U0 o Pt AN 7 e A R DU () S AR JEAT T T AL 2
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P A5 mF OGS I 10 H AR DI R IER, A T SR 00 PR A - AN 8 10 2 st DR Dy 7 AR e 2% ) 0 A B vy SCAS UM HE A 3, 1%
SCHRER T 2R AR TE T 0 199 238 SR RO AR P A5 v ) SO G o 384 28 A8 o 4408 A TR OR A DI g A 5% (1403 R %
T DX 75 AN G R IR H AR 57 0T 2, R U 9 55 SR DXk, A 5 5 190 % A i 2R AR AT SR IX k.

SCHR 67145 SCHR[79 1A E Aty 4% 77— bl T2 48 MR 4 1) SCA IR ) T SR At v 7 0 i B8 3 B80T &5 2R
TR R B A ()% R AT T D BT S BN 2 A FO IR . AT AT R U N
REZAIX 3 P DL IR L AR v 0 B 2 T SR 3 i D0 R U 5 4% 1 51 R 2 AR B R AR A, D08 e /D
G BB AN A A BT A o U 5 9 8 AR ¢ T SCIR (79042 HH 190 J7 ¥k, 35 1 G 8 W 3R (1) SC AR VR 01 7 V2R 75 L
B i BB A5 3R SO bR

4 BTREZFI MmN B RIARIARIRANTGTE

HBIF, K P8 23 00 S0 4 19 R 32 S5 SCAAGL I R 53] 7 0 D0 13 A ST PR AT 55, B S R R ASE B0 199 0% 45 21 (&1 45
SCAHE, PR AR 8 SCAHE A5 21 BY 3 1) S0 AR S48 Pl 45 A N 31 SC AR P ) 199 206 R0 SCA P . SR [80] 25 1 4 SC AR Ko
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HSCAS YU 55 G5 A AE S8 — ) I 2 A58 8 oy A% 98 775 305 300 0 3 52 i J2 A5 BURFAIE MR 0 36 5 R TR AG I SCAR X 5K, 15K
SO D 2 i AR AR B PR 3 A B SR SCAS P 0 A B T SCAS ARG I A U3 73 B D AN R AT 55 (14 7 35 i 1)
FRR 7 vk S B B, A0 A AE T S SRR AR AR A U7 AR AR T SO I B U R s S S 8 OF L
AR 457 SRR S T A 478 S35 0 0 JER 22 45 A £ 5 BB SCAS AL AR 45 g o0k iy 383 749 1 4R 30 ¢ SCA IR T
PO B)IHE iy BB AR 1 SRR (B AT 43 A2
Table 3 End-to-end natural scene text recognition method based on deep learning
F 3 LT URRE: > I B g ) 19 AR 55 SCAR YU TV

e TR RESLE TR
@ B SRR i Y [ son | (S
TR B SR o L2 /G @
% 33 1) posia s | TexSpoter P
TR t tt I
wi | s | T | g o
A (2) U R FOTSE R/
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I 245 (1 487 ¢ PG 22 A B IR A 2 2 A R o P B A GG S B AT 5 RS A SR B G AR A, Il 1ot 4
T 2 B PO AR TR i TR 55 3 s s O R R BT K EE 3 0~5 BLRCOKT 5 3% 7 Fifil o, 44 R
FR PR A R R A B 1) 22 AN B AR DA TN 5 S e ¢ 3 T A R N R RS I K B K M R R B K ) A
T &5 SR 7R G By BT T N B K T B RS B A 1, S B R Re R g s R B KR
T 5 W2 A 50T A 43 H N 37 5 AR 32 R

SR [8 204 3L A I FH YR 0] 4 -5 1) ity 1) ity P37 s SCA YR P 246 o G B 11 s % 9 245 R FH 4 — I R
LRI G >) SCAKLII AT S B, rp SCAS R DA B 35 T3 ) AR AS I HEZE YOLOV2I™L RPN I 44 16 131 ¥ SC A
i HEHE R A k-means 5772 I 254 115 21 1A (] LU A /N HE T A RO A SR Al FH 88 T W P R AiE 43 RSO AR U
VEXTYR I SCASHE Py 25, FLAR I TR 45 S0 IR AT 1 1 SCART I &5 S0 T SR BUAS FMBUARE A1 88 1 S0 AR 45 BRUARR AT, 1%
FELTE 07 5 A 40 2k M RBEACE YOLOV2LT [y ROI Ak Jy 3.
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Fig.11 Structure of Deep TextSpotter!®?
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SCASHE R AIE DX ISR AR 0 1] 72 665 FSE RN ey FEE PR AR AL, P70 P 38 T I P i 23 8 1) 5 TR SCACHE 1Y 2

N T R AS KT AR SCAS B P 2%, SCHR 8514 H — it BE A% e il TR A 5P R SCAS S 9] A A 2R i A8 20 1) S
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T TR TR N R B0 b 28 A 5 A SOA B 28, AN A8 AT ] A 28 SR I SC AR DM ASE B A2 58 204 (1 SC A A A8
B IR 25 A BILSTM  F — 21 2% ) A2 45 2 50, M4 A2 45 2 BRI GRS A R I, T AR SR I A%
S5 P P 8 RS D, SCA G I ASE A P SR A5 28] 110 SCAS DI Pl 45 TR P 5 1) SAR. B AR A% T 12 1A TR o
AN B HEA T AR DA S 0 i (14 SCAS U B0 A e FRg B 1 11 S i

5 BRMRIXAENSIRANGES X

P BRI ) S A R )RR AR L S ARG 0 % R AR A N DRI S A AR 0 R S A YR A R 4 1) i) 482 R T 4 R
B A W37 S AR B SCA R S5 R T 8T 5 B 4R 5 ORI 5 R B 5 VRS T S AT AT e A
SR 5 S AR I 5 YR B A0 ) B N SRR A T LR = e A R e 20 [ SR 3 B S A T 5 AR O
5 R S 5 SREAT X R A AT
5.1 ERAA#EIESE

FI R PR SCAS R I 53R 501 28 L 808 45 3% 4,357 ICDAR2013 1 ICDAR2015 & 3= B2 [ 45 1 Se A K i 5
YU HCH A b TR G SO ARG 5 R B A 9 75 2, CTW-1500 Fil Total-text C028 Ak 25l SCAS I 55
WU ) RO 4R
(1) ICDAR2003PM: i 35 [ 48 37 5t v ) SCA KL I 55 YL 50T 5 Ay B 3ok 8 T 9 8 3 1) o Bt a7 — 25 0 T
FRAESCHE 22 ICDAR £ T 2003 4E47 1 T 3 T robust reading 5% S8 404 4, H 1% 5% J8 40 & SU A 2
FSCA RIS

(2) ICDAR2013V2:i% ¥ #m 5 & 2013 4 ICDAR 2%17 [ ik i 1 % %€ (robust reading competition, fii #
RRC) T $& Ak 1 2 SR A K a4 100 160 B 55 b o 10 68 S IR R T 725 JL 45355 Whi 1) 3 53¢ SCK (focussed
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Table 4 Common datasets of natural scene text detection and recognition
F 4 W ARG OCA KIS R o 4R

- . K3 N T
EAETTES SCk TG T r EE SCATEAR Beiita
ICDAR2003 [91] 258 251 509 B 2tk AR+ T3]
ICDAR2013 [92] 229 233 462 YL 2tk A I +3R 51
ICDAR2015 [93] 1000 500 1500 e B AR+

MSRA-TD500 [94] 200 300 500 HH+ 2tk il
ICDARMLT [95] 248 239 487 ZHEE &t S+
COCO-Text [96] 43 686 20 000 63 686 55 B AR+ 531

SVT [10] 100 250 350 P & A I +R 5
RCTW-2017 [97] 8034 4229 12 263 s &k o+
CTW [98] 25 887 6 398 32285 LI5S 21 A I+
CTW-1500 [99] 1000 500 1500 e 2P+ o+ 53
Total-Text [100] 1255 300 1555 B 1+ Ao+

(4)

®)
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®)

9)

(10)

11)
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B IRAE L TS RIETIE S st h W B R BRI SCAR B AR 7] 7 ) 14 e SCORITSE SC A AR
ICDARMLTI L2504 45 5t ICDAR T 2017 4441 ) £ 35 75 % 5 SCA (multi-lingual scene text) 1% %
P48 B 4R PG P I SO B b e, BESC. H S0 RS0 9 SO S A s B 2R i B B
5 I A TR v A R U R TR 2 T SO g
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J IR R SO B bR RS /N B2 B AT AT, B A v b AT REAS B 5 SO P 2.

SVTUY:Street View Text(ffi i SVT)EHE 4 5 11 Google 15 5 Kl 1% % 50 4 v 1) P 1% Sc A 4 ok 1 7
M P 1R S 2 S AR K FLK 40 B e AT AR A 4 R S ST 2 B FH 1 7 A 5% B A5 v U ) B
I F A F 44 B

RCTW-201717: 1% %4 42 & 1 Reading Chinese Text in the Wild 5% &4 £t (R4 ] v Sz 0 3 31 1 4
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ENEES
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CTW-15000°1: S Ay K 4f5 SR AR A4 5 il 2k SCAR, g 7 A B A LA S A (0O UV e, i 28R T 2 56t il
2B UK AR AL T Curve Text in the Wild 1500(f#iFk CTW-1500)54 42 1% B 445 K 1B & /b 5
AN I SO L DR S KPR 2 T T (R SR

Total-Text!0%: 25 fHy (1 307 2 — MR 258 55 il 200 1) 17 15, Total-text & 5 — N1 56t i 2 SCAK M 1 24 TF
Kdfn G2 B 42 B R AL B AR IR AR ON T SR S AR 3 S A i SO

5.2 SCAHE NI BE T
5.2.1 SCARKCIITE BE VEAL i b

AT R0 g 25 3 ANVEN e b A 181 3R (recall) « #ER R (precision) A F1-F- 2 (F-measure), 3L 1 1
PRI ST A (D FTR.
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)

T VR AN ) SC A I 7 vk ) PR R, AT [R] 28 R ME B 22 O A A PG 7 2, TR TR A 48 43 [m] 26 R0
HERf 2R 10 3 Pt 85 5 7%,
(1) Recall F1 Precision [J45 1 Fh it 65 5 i 12 3 % 58 BLEHE (ground truth)-5 A% ITHE 22 [ () 3 Al G i 475 1 (104,
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Fig.12 Different match types between ground truth rectangles and detected rectanglest*®!
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AR I FUI0 AEE ) 7 45 LG A (overlap) 38t AT t, 23 3 HU{E 0.8 il 0.4;Matchg A1 Matchp /& HI T VAl A [1] UE e 155 40 11
o i, 5 A ()R A (BT s,
1, A G MG IIEDL A
Matchg (G, D,t,,t,) = {0, A G AN 5 AR TR UALE D i 4)
f (K), 75 G 5K U i
r, #HD, 5 A HAEHEDL A
Match, (D;,G.t,,t,) =10, D AN A AR AE G (5)
f (k), # D5k EAHHEILAC
FLrr foo(K) 2 7 % DT TG 7 11, 38 5 HU(E b 0.8.
(2) Recall A1 Precision %% 2 i 5759577 ELEA ] BB AEAR M AE R Intersection over Union(fi 7% 1oU)
SRV A SR 1 R U e, T % HE 5 1 Wby V1 52 46 UC PEAYS B Recall A1 Precision LU b 4277 101 4 3R (6) il 4
KT,
> IF(max(louMat; ;) > t)

Recall(G,D) = - 9 (6)

D" IF(max(louMat; ;) > 1)

Precision(D,G) = - 5] 7

Hoh, G KR FAEMEEA D R M HESE G5ty B AE, 0 5 BUHE 0.5;1F sk 32 55 i 8. 28 X(8) T B FL (I AE 5
JUHERT 10U X5 BE,RBI loUMat.
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area(intersection(G; ,G;))
loUMat; ; =

®)

area(union(G; ,G;))
(3) Recall FI Precision )5 3 Ff vl 4 7 v 2 B4 4 MSAR-TD500 $2 i 2E g ¥ b U155 7 7%, G R D43 il R om
o8 AR ATE FASE U ATE T % 32 7K 17 T ) R T A, B (B G RS I AE D M EE B Lh il 10U 2 L an A X (9) .
area(intersection(G’,D")) ©)
area(union(G',D"))
BT~ MSAR-TD500 #4548 S HEARVE AL A S, TRk, M BL(EHE G AR AR D At 2 22/ Tni8 A
Overlap KT 0.5, 1iA >k D A iF# (ks I HE . Recall I Precision FL A+ 5777 1 4 24 2 (10) 1 2 2 (11) BT s,

loU (G, D) =

Recall = % (10)
Precision = ITP| (11)
El

o TR,T Al E 43 5l 37 IE A AR I RE 4R &« AGH D HE B2 45 AN LA AE S &5
5.2.2 SCAKLIN 7253 M oe) b

KEBOCAK M I %% A ICDAR2013. ICDAR2015 F1 Total-Text 14 Jy Il 25k St 42, A1 v b 48 &
TS AR I 7 VAR I S AR 1 ) S 45 L.

(1) SCASKY I 75 1 AEHd 4 ICDAR2013 I ICDAR2015 b 4 g W22 5, 3 oy 25 T B 8 e 18 f) 7 vl o £
% RCNN. Faster-RCNN. SSD. YOLO %&£ 8t H brAsr WA B, Tax 28 B Arosr DA B0 B AT 0 55 (1072 A0 1%k R, DALt
LA SCACH I 7 1K 22 S A BT (R AEAf 25 R 1] 2%, 2L F-measure 885 0.70.FCRNIEE T YOLO (1) i3k i
T7E ICDAR2013 34 4E I (1) F-measure 15 %] T 0.83.TextBoxesEOU7: SSD (1 FE i b Mk T 4 106 HE R 2 U 1) L
19,473 H:4F ICDAR2013 $#4E -] F-measure 3£ %] 7 0.85.DMPNetPJE T SSD #5571 - fff Fif DU it 6 & i SC A
HE AT 45 H e 4 75 ICDAR2015 $i#i4E FH4S 0.706 4 [¥) F-measure.RRPNEZ, R2CNNE, sSTDE®! | RRDIH
TextBoxes++M 2V 3ot B 4% b SCABUR} R 538 00 T 154 SCAHE Fro A 90 7 5 K 00 ok e EAS T AR IR R B R T
HLrp R2CNINERE FE I B 1 Rl 9 AN A8 b B i 85 1 by SCASHE 1 26 o8 7 o, S IR T AR B e I S il g
ICDAR2013 Fil ICDAR2015 #4545 b1 44 [ 4> 535 8] T 0.935 5 Al 0.856 2.SLPRIPNH i 460 £ 4 /K~ 1k %
T A5 B 5 SC AT AT A5 B SCAHE, 7 (8] 2 5A F) 0.836, 18 TR 43 SCASK I 75 s CRPNETM 3 T S0 A X
SRR I PR 7 A, U A 32 S A HE S 0 A Tty 2R 32k 39 0,887, b JH Al B 42 315 K B SCARHE f) 5 s AR ME R % b & /b
s 7T 0.1,

BT SCA AR (77 124 CTPNEIZE ICDAR2013 ##i4E 1) F-measure X% 0.88,1H 1 T~ I A%
25, CTPNAIRE i 430 52 A (K I i AN, 76 ICDAR2015 $i4fi 4 I 1) F-measure 2 4 0.61.SegLinkM 17 [ 4% 4 77
rh BT 6 AN )RR SCAS B R I B P, S I T CTPINEM LB K 0 A S S A R B A8 45 AR S 4R
ICDAR2015 ff] F-measure A% T CTPNMMR 2 7 0.14, 117 SegLink-++CVe o 73 28 ¥ () 2 3k AR 42 T SegLink™®!
TE 504 ICDAR2015 [ F-measure £ T 0.07.CENets!“ 5 ob 5 b U A 7] 1 545 2 75 )@ T [ — AN SCAR 1 5
VR T4 4L 45 o SCAS, 5 SegLink MU LLsk /b T 485 40 21 45 S, A $E 42 1ICDAR2013 Hl ICDAR2015 L[
HERI 2 b SegLinkM™1 43 5142 %5 T 0.05 F1 0.13.

He T P KE [B] U5 1 7 v b DDRVSIZE $ 44 ICDAR2013 FiAH| T 0.92 (LRI LK T AF-RPNIT
EASTICURI DDRMVA ] 2 U fil 45 AiE 15 332300 M [l )1 S 00 SCAS HE, 70 ¥4 4 ICDAR2015 |- () F-measure 43l
KT 0.807 2 A1 0.81.DFARMZE B F2 0 ME [ IR0 (0 S ik b= 888 T 31 SCAC UL 51 (9 Refinement §if i Ak 2, U5k
D T HER IR 45 9L, 70 $0d 4 ICDAR2015 ¥ #ER R A1 F-measure 5 DDRUSTHI L 43 4% /5 7 0.04 1 0.02.
AST D15 3% 488 0 S0 A HE K 320 55 AR U0, o IR T 7 485 220 [ 7 9 10 S A 00 55 K S AR Ry e i, 73 (] S0 A
T DDRMME 5 T 0.061.AF-RPNIYIZE %4 4 I ICDAR2013 1) F-measure iA %] T 0.92, 1% 1 3 Fil A ] K
JEE T SC A 00 R e A 45 JHC 7 R 00 v 0 3 R 9 (] R B T At R T R ME R U 1 U 5 M T ASTD),
AF-RPNIYIZE %4 4 ICDAR2013 - F-measure 4% 7 0.028.
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Tabel 5 Performance comparison of text detection methods on ICDAR2013 and ICDAR2015
£S5 UAKNITEAE ICDAR2013 FIl ICDAR2015 L {4 fE Xt Lt

o e o ICDAR2013 ICDAR2015
RESEES IR AR Recall Precision | F-measure Recall Precision | F-measure
FCRNP 0.755 0.92 0.83 _ _ _
TextBoxes% 0.83 0.88 0.85 - - -
DMPNet*! - - - 0.6822 | 07323 0.706 4
STk RRPNIB[?S] . . - 0.7323 | 08217 0.774 4
X B R RZCNI\[I35] 0.9355 0.83 0.877 0.8562 | 0.796 8 0.8254
TR | 0k SSTD13 0.86 0.88 0.87 0.73 0.8 0.77
S RRD™! . 0.86 0.92 0.89 0.8 0.88 0.838
ik TextBoxes++1*2 _ — - 0.785 0.878 0.829
) SLPRP4 - - - 0.836 0.855 0.845
CRPNE 0.839 0.92 0.876 0.807 0.887 0.845
L CTPNI 0.83 0.93 0.88 0.52 0.74 0.61
%géﬁ SegLink!*® 0.83 0.88 0.853 0.768 0.731 0.75
oo SegLink++L0] - - 3 0.803 0.837 0.820
7y ik CENet!*Y 0.859 4 0.93 0.894 0.792 0.861 0.825
EASTI _ _ — 0.7833 | 08327 0.807 2
T HE DDRU“8! 0.81 0.92 0.86 0.8 0.82 0.81
T HE[R] ) DFAR!! - &, . 0.8 0.86 0.83
H ASTD! 0.871 0.915 0.892 - _ _
117]
- Agcl_?rli\ll\[lsu O0.893 00.994 ggg 0.533 o.fsg o.fse
SEN | FET 52 : . '
) " sTDl? 0.78 0.91 0.84 - - -
ik PRI pixelLink™ | 0875 | 0.89 0.881 082 | 0855 0.837
7 PSENet!*¥ L - _ 0.852 2 0.893 0.8721
EESvE, ] TextField® 7 _ - 0.805 0.843 0.824
KR | TextMountainf?! - - - 0.8416 | 0.8851 0.862 8
{1 5 ¥ MSRE 0.885 0.92 0.901 - . .
DSTDEY 0.915 0.92 0.919 7 _ -

BET X CLRsP 0.920 0.844 0.880 0.895 0.797 0.843
I S5 FTSN - - - 0.8 0.886 0.841
LEA TR PixelAnchor!?] - - - 0.8705 | 0.8832 0.876 8

IncepText!>®] - _ — 0.873 0.938 0.905

SO ST (4 5 95 PR A% 4 JR e A 0 4% 25 3 25 1 2 vh , CCTNBY STDE? PixelLink!™ 1 PSENet™!
742 ICDAR2013 FI#E 4 ICDAR2015 | (1) F-measure ¥ 0.8.CCTNIBUL Sr Ak Il [X 45k K BE #5893k
K AR ST A r e £ MSC AR IX S5 1) 5 32 M 5 T STDP2 /5 T 0.2 19 F-measure, H 1 -3 2K 78 732608 X 1
FLA AN PR (B0 X T 345 0k BB X 4 3L 130 A s SR X ), 3 A [ AR B CCTNBYURE R T 0.05.
PixelLink!®I7E ¥4 42 ICDAR L () F-measure ix | T 0.881,1% J7 v: 7 XU A 43 J T ) St b 38000 7 4% 2534 3
PER I, e % S AR B X 20 A 7] 1 SCAS S T ICDAR2015 %54 42 1) SCAS A2 AE BB 1 15 10, 5 3 Pixel Link!*8)
A7 AR R A% 220 T 0, A LA 00 4 i 0 R0 9 (] R T e 1 S5k PSENet™ LR FH 2 48 SCAR X Sslkd L 4 7 9 v TR T
P 45 0T o AN 17 400 PRI AN [ SCAR S 451 DA DX 43 (1) i 7R 3P 42 ICDAR2015 _E1¥) F-measure iA %] T 0.872 1,
T LA I 0% 3 DX LA B I -1 A Uy ik

S 300 FURE ARSI £ 75 325 o TextField O S0 A X 3sf 43 24 T () JE At 1389 00 T SCAR X I8 Ay 00 5 o0 1)
ke 75 %4 45 ICDAR2015 | [#) F-measure 353 T 0.824. TextMountaint?Mg B 3 T 12 LML IR0 S0 A 0 Iy
li T 14 7532, 76 4045 48 ICDAR2015 | (1) F-measure $ 7 0.022 8. MSRBH ixf 4 i 121 4 15 15 SC A [X 38 45 1)
AR R A, BB 1T B SCAR T T A AR A A A T T (R 0 9 SRS T S A HE T O RS 1 5, A Bl 4R
ICDAR2013 I-[f] F-measure {7k - AF-RPNI 3£ %) T 0.901.

Xt 366 T X 3 ORI SC s A5 10 5 T, b T ol P DX 301 7 T I S s B0 T R SCAR 4 B B
T £ SR F S ASHE [ 5 395 Adk B G D00 i D K 2 38 T IX S U A I T3 43 1K D 1 DS TN S 47
£ ICDAR2013 | (1) F-measure 353 T 0.919,5 AF-RPNIAH 24 CLRSET 1o K I £ 25 ok 3 B S0 AHE B g 55 />
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FEER IR (1) SCASHE 1% 07 146 203 45 ICDAR2015 Il ICDAR2013 _E ()4 [0 2R 53 5iliA £ T 0.920 AT 0.895,4 T+ 4
A 75 13 FTSNZL )5 3 8 0 7 o7 5 Mot =5 P T30, i MR 77 38 0 X 4 412 B 16 4 Ja3 A A 169 225 ) AR T AS e v, 7
JE4E ICDAR2015 | g i ffi %35 8] T 0.886.PixelAnchor®l TextBoxes++I1 2 fI EASTIO &: 4 78 4t 4=
ICDAR2015 ) F-measure #1# T TextBoxes++M2f1 EASTI /5l & T 0.047 8 1 0.069 6.IncepText8I7E
FTSN [l 3 hn 7 a) 48 JE 2= BRIt Ak, 35 51 N T Inception 5%, 7 24 4 ICDAR2015 L[] F-measure 25
T 0.0282.

(2) SCAK I J5 LA i 22 SCASKY I B 4E Total-Text Al CTW-1500 _E {1k AE WL 6. H Wi, 1R 2 SCAH I A%
N SR DX 1 2 R E AR A S 560 4% A W00 7K ST B8 T4 £ SCAR HE 3 BT VR B A 1A ARSI it 4 S AR S v
DMPNetE, CTPNE4, SegLink!®, CENet"™fil PixelLink! 8175 4 £ Total-text b (% F-measure A id 0.6,7F
K44 CTW-1500 | 1) F-measure 55 i M 45 0.604.SegLink++HO i o ik 4 3L 75 Total-Text £#i 4 I [¥) F-measure
LF| T 0.815EH 4 CTW-1500 ¥ F-measure HI# T SegLink!™ i 7 0.405,{m% ¥ T TextField?%,
TextSnakel* ¥R FH AR [7] A /1N A1 422 #11 J3E 14 [58 28% 32 7 SCAS X3, WA T A6 0 6 00 1 286 0 oty 4 SC AR, 76 U4 4R Total-
Text fil CTW-1500 |- (#] F-measure 43 %35 %] T 0.784 H1 0.756.PSENet!™ M fi 1L i B 1) £ 2 S0 A X I 43 2%
TR, 75 K 8 CWT-1500 EHUAS T R AE (1 fig, 3 F-measure 35 3 T 0.811 7. TextField 1 MSRE4IE T+ L
LRI £ 75 46 50 45 Total-Text M1 CTW-1500 _F (R viERf & AR T T 0.8, 2L+ TextField@OMi il Jy 7 1) & 37 4
M7 UAE K diE 4 |- Total-Text Al CTW-1500 43 5| B 73 T 0.806 Fil 0.814 ) F-measure; ifii MSR 5 7 4 i v
T 2 UL T oAt 7 ik, 76 04 45 Total-Text b FIERG ZE A X TextField®42 = T 0.04.

Tabel 6 Performance comparison of text detection methods on Total-Text and CTW-1500
R 6 SCAKIN T AE Total-Text A1 CTW-1500 _F {11 GEXT L

. . Total-Text CTW-1500
IR AR Recall Precision F-measure Recall Precision F-measure
DMPNetPH - B — 0.56 0.699 0.622
CTPNI4 L - 0.538 0.604 0.569
SegLink!*® 4 - - 0.4 0.423 0.408
SegLink++“° | 0.809 0.821 0.815 0.798 0.828 0.813
CENet! ! 0.544 1 0.598 9 0.570 2 - - -
EAST!S - - - 0.491 0.787 0.604
TextSnake?! | 0.745 0.827 0.784 0.853 0.679 0.756
PSENet!*] - - - 0.798 9 0.825 0.811 7
PixelLink!8 0.354 0.54 0.424 - - 2
TextField!?” 0.799 0.812 0.806 0.798 0.83 0.814
MSRI>4 0.73 0.852 0.786 0.778 0.838 0.807

5.3 XAIRBIERITAE
5,31 SCA BT AE (i Hi b

SCACUL BT P VA ER BT 7506 T i B 8 2 056 LB i 85 S A
SR CH A R 0 50 B 0y 95— 5 32 AN B T b B 2 5 1 L0
5 EUAL2 07— S S 20, 5 o S ;1601 — i B 5 4 5 (12) .
edit_dist(S,,S,)

NED(S;,S,;) = = TR
in']

(12)

SErb A0 0 23 BRSO S) KB

B U AR Iy — OB P Mt SCAS RO ASE B 1) 1 B DA i e, S0 3] D a1 3 B A 1B A R ) ] U B S B
A A U B R] PR BT RO D7 VEALE VPSS IR SR B I A8 P P e e s T TG ) g e s T ORI R T 4] i £
e S T AN R R A 5k T3 OV A 45 RN T, 2L 3] S (191 401,50-lexicon £ 50 AN P 5 mh i T A7 1] LU I 45
R AR PR FC A% F 23 I BT S0 1A), full-lexicon 27 I ZhoMIN B rh B A 80 3 21 A8 0 3 Y 3) F 1 1000 45 2R 14
PR O LA TR AT T S 24 TR e S5 M) o S B T A LA /0 G P 11 ] A ] i PR e s O LR
K I TN ) doe KR AR BEAELAE o 2R
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5.3.2 SCAYUN 750 M hf L

A A 4 B 4E 45 ICDAR2003. ICDAR2013 F1 SVT b 4% S AR 51 7 325 (K P BE It 45 R 0 bE 45 S din
7 PR AEHE 4 ICDAR2003 | K 2 HOU AR F32:7E 50-lexicon F1 full-lexicon £ 5444 1 PR i vE i 2% v
F 0.9,{0H CHARPHL G 71 50k-lexicon 2934 1F NI K T 0.9;111 full-lexicon £ 5 4 14 ) R I HE B 2 1
17 DTRNOHE ) AE Ay %% T 0.95.

Tabel 7 Performance comparison of text detection methods on ICDAR2003, ICDAR2013 and SVT
RT UAGTTVESE ICDAR2003. ICDAR2013 fll SVT L f kBT Lk

] ICDAR2003 ICDAR2013 SVT
REERES ST 50 50k Full None None None 50

DICT+ICO3F! 0.992 - - 0.981 « 0.87 0.961

HETHhE DICT+90k[®Y 0.987 0.933 - 0.986 0.908 0.807 0.954

R 4% CHARP®Y 0.967 0.895 - 0.94 0.795 0.68 0.926
1) 5 12 NGRAM!®Y 0.965 - - 0.94 g - -

CHAR+NGRAM!®? 0.978 0.934 0.967  0.896 0.818 0.717 0.932

HT I CRNNT 0.978 0.955 0.976  0.894 0.867 0.808 0.964

4300 DTRN®4 0.97 - 0.938 L. - - 0.935

7k RsD! 0.982 - 0.958 F . _ 0.946

VAMI™] 0.962 _ 0.957 - — _ 0.954

SCAN®S! 0.983 - 0972  0.921 0.904 0.85 0.957

T S-SANG[Z“] 0.985 - 0.977  0.929 - 0.855  0.971
e AON! 7; 0.985 _ 0.971  0.915 - 0.828 0.96
P, RAREL™! 0.983 0.948 0.962  0.901 0.886 - -

e ASTER™ 0.988 - 0.980  0.945 0.918 0.936  0.992

RRES ESIRU - . . - 0.913 0.902 0.974

FANL™! 0.992 - 0.973  0.942 0.933 0.859 0.971

EPL] 0.987 _ 0.979  0.946 0.944 0.875 0.966

DICTH L S 4 780 4 F1] 90K L] £ ok 10 1€l 45 A1 Ay VI 2 ¥ 4, i 73 L4 ICDAR2003 _F JE 249 s U3 R 3k 3 T
0.986, 1H 35 T 1] it 23] 4 24 P 7 27 TR 0 P S0 ) 8385 3] i o S A7 7 B N 3E RS H.CHARBYAT NGRAMEE!
FER RS ICDAR2003 b R HEffl A1 24, S b JE L s UL RIUE R R K3A 8] T 0.94.CHAR+NGRAMIA 7 i 7 i 4l
4 ICDAR2013 A1 SVT _E U5 figt T CHARPM b JE 20 9 L I A 22 43 5314 5 T 0.023 A1 0.037,50-lexicon
LY G PUER R 42 5 T 0.006.

T T I PR 2 2810 7 R AE B 42 ICDAR2003 | 50-lexicon 2y &R iR Rl d T 0.97 e a4
ICDAR2003 il SVT _I Jo 29 o 4% A 1R 5 e % 5 T CHARPY NGRAMPUHI CHAR+NGRAMI®? {7 7k - DICT!Y,
CRNNIE$ 45 42 ICDAR2003 | 50k-lexicon £ i 4 £ UL ERG R A 2 T 0.955, i T3 1 b 32 45 L4 4 o) 2%
{177 72:. DTRNIRT RSD 7 %41 45 ICDAR2003 - full-lexicon £ 5 4« £ R % 42 SVT I 50-lexicon £ 5 4% 1F
[ UE i 2245 T- CRNINI®T {7 RSDI¥77 %42 42 ICDAR2003 | 50-lexicon 135 5 ki %t CRNNISHZ & T 0.004.

5L T 2 ) 45 RV AR 9% 169 5 30 R PR 26 9 6 g AL i e 42 o 2% 41 ) v 1) & ) 3 A0 A6 45 AR [ A 2 I 221
ST 5 N R 56 TR SCIN R AL, 1% 25 77 vk VR S v A R S v T TN R AIE 43 2K 1) 7 75 .SCANI®ST
S-SANI ASTERUL, ESIRUT, FANVIFN EPIIEH0 4 45 ICDAR2013 | JE 41 41 1R B R 4 T 0.9, 78
Bt SVT b SAF R BIER 2 i T 0.8, 1 ASTERVCIE ¥4 42 SVT 4 SR1 50-lexicon £ 38 iH 5 HETf
AL F] T 0.936 A1 0.992, i T HoAth SCAR B Ty 25 3 T g BRS040 B3 2% BR B 7 i EPLOIZE B g 4R
ICDAR2013 b JE4Y A4 A4 K R HE i k2] T 0.944, 7E £ 4 4 ICDAR2003 = full-lexicon £ 50 4% £ 15U i ff
HIEH| T 0.979,5 ASTERIIA Y,

5.4 i %] im A9 SCAIR A 1 BETT
5.4.1 i 2 19 SCA O L BEVE AL 255X

JHH L ICDAR iy 213 ) SCATRUNAE 55 5% F SCHR (4] AP Ak 75 2K, 2 SR P 5 A e 00 HE g e A o 5 0o
BREL(— Bk 509%0) 1 ELAS A F (10 5] T ) T 180, DU a2 00 AE SCAS TR Bl 5 0 g U030 5 W PP A 77 220 b
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Z%:end-to-end 1 word spotting, 11 ,end-to-end Z 7= A5 I P51 B 45 b 1K) SCAR ,word spotting 2 i I TR 48]
V2 BT (RITR A AN 5 3 AR T i v T L 3 A0 R I D T, 12 3 R 1) & SR AN 5 e VAl 45 ). 5 SCAR R 1 28
AR, i B1) 3ty P SCAS R AR S5 $& 1t 3 ol AN [+) 1) 240 ] 26

(1) Strong: %7k 5 )55 15 358 1] 71 38 (100 A B aal ), £ 45 G R () T A 5 1] L B A U1 2 AR 2 1) L 4% 3

53 BRI T4 (S W SCHER[4]).

(2)  Weakly: £ $5 Il 2 AR 4 A BT A B i) 1) 59 15 358 1] 9 3R

(3) Generic:J5 [1 Jaderberg 2 A2y $odi 4, K2 Q0K i ()3 FH] 3l 2.

AT, K0 43 S0 AR TR A 5 3 T 1T o) S P ST AT 0 RBP4 7R A gt 4 R ity 81 i P S AP Y
ZE AT (R ARG FR AT T TEAS 22 AT A 48 UM 32 B0 o B3 1) SCAS UM 7 VETE#HlE 42 ICDAR2013 1 ICDAR2015
AR R
5.4.2 iy B3 IR SCAS P 772 4 A 0] L

ity 381 ity 1) SCAS YRR 77 V2 AE B0 45 ICDAR2013 L Mg L3¢ 8,30 A 1] B« 559 15 455 1) 0 R 1 5 45 1) L 24 R
A 1) SCA R B F-measure 32 Wi 4% 1. T word spotting A 77 20K B A A8 A2 7455 1Y SCAR R A T6 5% S0 A,
{443 word spotting 144 77 3 /] F-measure i T end-to-end.Deep TextSpotter®25 ] RPN A1 A I 5 43 2511
MG A N A 7E end-to-end FiT word spotting VTt 77 2 158 15 55 20 R 25 £ T 1) F-measure 43 313A %] 7 0.89 F1
0.92. TE-CRNNIR ] Faster-RCNN LA HE T LSTM () 4 i 5% 0 A i 8% 1 50 SC A A 28, 1% 7 v 7 S04 42
ICDAR2013 _b (¥ S il P4l 77 20 4 AF 1K 3R 5 F-measure #5755 T- Deep TextSpotter(®? TextSpotter® i
ESATUVE oAy M SC A HE 37 A% A 3 38000 13 8 7 6k 55 Rl igg o, 2L F-measure 71 %(# 4 ICDAR2013 |15 TE-
CRNNEHIT . Mask TextSpotter(®7J5 : 7 %42 4 ICDAR2013 | end-to-end $F4i 7 X 1) F-measure iA ] T 0.922,
0.911 FlI 0.865,1% J7 V2 HE T 7445 S 49 k26 F&1 1 1R 7 s AE 44l 48 ICDAR2013 E Y word spotting P4t /7 =X )
WREL K F-measure fICT Hift 77 7% FOTSIBIE T ESATIIAN I PR 1E 43 25 (R BB A 75 ICDAR2013 11K
F-measure 15 TE-CRNNEA] 24 1L v word spotting 34t 772X 1 9 15 55 F1 55 5 35 20 5 1) F-measure i - 3o 75 3.

Tabel 8 F-measure comparison of end-to-end text recognition methods on ICDAR2013

=8 I SCAI A I 7E ICDAR2013 (¥ F-measure %t
ICDAR2013 ICDAR2013
Ji 4 End-to-end Word spotting
Strong Weakly Generic Strong Weakly Generic
DeepTextSpotter™] 0.89 0.86 0.77 0.92 0.89 0.81
TE-CRNN!! 0.9108 0.898 1 0.8459 0.9416 0.924 2 0.882
TextSpotter!®! 0.91 0.89 0.86 0.93 0.92 0.87
MaskTextSpotter®®! 0.922 0.911 0.865 0.925 0.92 0.882
FOTS!® 0.919 9 0.9011 0.847 7 0.959 4 0.939 0.877 6

i 31 iy 1) SCAS YU T VAL B 45 ICDAR2015 L PEfig L& 9.

Tabel 9 F-measure comparison of end-to-end text recognition methods on ICDAR2015

RO IR SCAI A 7R ICDAR2015 (¥ F-measure %t
ICDAR2015 ICDAR2015
T4 End-to-End Word spotting
Strong Weakly Generic Strong Weakly Generic
DeepTextSpotter™T 0.54 0.51 0.47 0.58 0.53 0.51
TextSpotter!®! 0.82 0.77 0.63 0.85 0.8 0.65
MaskTextSpotter!®! 0.793 0.73 0.624 0.793 0.745 0.642
FOTS!® 0.835 5 0.791 1 0.653 3 0.870 1 0.823 9 0.676 9

h $UHE 42 ICDAR2015 1) B4 A 5B AIK - ICDAR2013, 37 LA Deep TextSpotter!®?, TextSpotter®f1 Mask
TextSpotter® K] F-measure 347 T 4. Mask TextSpottert®15E T2 4 S 451 M 22 [ (1R 59 5 12 B0 78 43 F) ) 8 3A]
FAFZ A B R SCRFRAE A% AT AN T EAEME BT F-measure N TR LR AT
TextSpotter®. FOTSE4ZE $ 4 4 ICDAR2015 |- 4/38% B AT B4 fl PE g, L F-measure /& T~ 2 Ath 77 7.

© PEBEEG T

http:// Www. jos. org. cn



1490 Journal of Software #t#F%4% Vol.31, No.5, May 2020

6 AR5

SRAZE AT A A ok ik e

(1) SCARKTIBA R TRk i

SCAK AR g HRRAS BIF 5T AT A 7 ) R B A BRI B AR B % i, W - Faster-RCNNE®L, oL O8I
SSDP1, FPNM3L, FCISMIT Mask-RCNNMO3IAE (3 4 4500 Sy 37 5% SCAKY TR AL T B0 A L 361 DX sl LI 0
P T A i 3O AE 2 E I 8% 5 ORS8O /I AR I 0 08 K, S AR ARG U S B 52 8 K 4D R W 3 4] 9 2> S AR ARG
LT LR Ol A P A AR 1) B R AR OK (1) AN I 1) 3 T SR Xk S e T TR Ak S AE R ) L
A81) 2 TN 658 R (1) S AR A P G 0 4 B 238 AN s i 4 v 12 288 U 0 RO 28 St B K SR TG I 8 s e — ki 3
T SCAR AR VAR — e R S T B T SCAR DX R 5 VR 1 ) AR A B AN AR I R 4
S T T R T 2 1 5 A 1) ) R 3 38 SOy B O v T L3 T SR IR IR AE 1) 0 IR A — e R BT LA
I SCAAG I TH B A2 5% B IR A2 B N IR S, 2% 7 2 K SO (R 32 s A TR R 2 K e R I T U IX
Ja e S ) TR 42 320 HE (R U0 2 22 T8 S50 0 1) 2 0 AT [ W 90 g v A S L S AR (1) 6 1t TR A 6 3 4% A1
B v TE A IS R AS JRU) 6 SC AR R P L AN [ VA 00 S A 21 £y O figt i ) AR A T —
ot e S it DR UL, T 1 T R I SR DX 3t ik OB B SO R M P B ) DS . — s b H AT TR
a3 T 00 7 105 SCAR DX P 5 35 b i A SCAR 28 Y SR i 7 1) R B BB X 43 SCAR X 3 P 1) SC AR 38 R
15 10N A By TR 180 S 1 SO TR S A 2R3 T4 ST 1) 7 AR B ) S A £ L T A 4% 2%
A TR DX 43 P A5 o 108 ST AR 0 A SCAR DI, ST s S0 AT 25 DX 4 AN [R] [ SCAR S 9] 2 9 38 5 B 0G0 [ T
FE 0 SR AEAS I (3 T3 2R FH SR X 330 S 55 Hp 0 DI R A DG 2R X 43 AN TR 1) SC A s 91, AT g 8 7 o HLAT
2RI T FHRFAE & 1% 2 T M A

H AT, K 20 SO AR DA SRR T TR B 2 ST E AR R AR 2R A A3 20 T SR B oAt H AR 4 1R R AE
72 5 M R ARG I R~ 22 S K PR 3 55 SC AR, AT DL SC AR i 28 T B S 4 T AL ) A T e RS AE RL
A 3 EE LA I ST AR P AT 330 3 (K A B S AR AIE ) 3 A 4 T 5 7 SR 244 3 UL ) 7 ¥ gk — 20 4 /N A I (e
JEE | 986 1K A1 346 AE R0 B ARLAE 1) 28 S5 G A0, A 77 i A 00 T 5, ) LAt 6 R T e [ 1 6 B L A ) A S A
A F- ) FE 48 N5 1 9 8¢ 300 43k S A HE 1 43 41

(2) STARVUN B A K i FHk i

TRPE 2 Y BRI PP AR AR 43 28 1) 5 vk LA R 6 T fft A 85 R G R 35 114 7 325 IS A0 PR A9 B I 8 2 3] 1
SCAS I F R SCREAE S A PR SC AR, R R LA e S A R R R SCRFAE () — AN 9 R
255 )P o A 2 40 2 TR B R v e g A 5 VTS g v 0 5 ) O T S S AR T S SO AS LR R ) B
ONIEH Ok [ S AR USSR 11 A 0 P R O A 5 AL 300 281 TR 31 4D o )ity FRD SC A R0 7 ¥ R oK T BRI 5T
7 10 RIS 3 S ) SCAS YU G5 — B R AR 2 3% 24y T80 8% 883 i L e SO R S A TR W 2 SIAT 4
A7 PR IR HE S 42— AN 2% R M8 T AR 3% 5 SR S5 L7 ) T SCT REAT ALE 1R I 01 G i B B VK SCAR AR R
B R R U R DL R I 1K) SO P AR T A RS S TR b, T DL S A 1 i 114 SCAR TR D9 8 A (1 A
PR e e 388 3o 2 ) 3 B ) ML B I SCAR X 3 b SCRFAE, K LA DA TR A B N 11— 38 4, LB v A 20 11
PR R X AR K R T R 2 —.

(3) SCAK I L5 U B A g

T T, SCASAR I R TR 8 A T R A A BRI B Do) 8% 1 IS B 2 50 5 vk A E A 1 R S A O
HHm A TP B R B s/ LR AL AR R 5 T B S 284 D0, 9 B2 I R 5 R 0 Sk B AN ) ) A e B
ST G S B B PERE T B X T SE BRI T SCAR B AR 1k . H R, 6 BT AE R 4% (generative adversarial
networks, fii FX GAN) LU 4 i 105 K 15 FHARe AE DA Y5 4T85k 4% 6 25 ) s AR, 56 06 i e 25000 AN A2 1) F7 100 4K T 4Tk
2Z VBT JUART 25 ) 4R A0E O 2 428 5 2 ol 220, 3 500040 o o AN AR 8 SR [L05] 42 7 — oo 300 1 5 A W0 225 [) K L
AT 2% ) 5 A0E 5 4% 1R A 6 T 242 B D0 4%, A A A 900 P 4% AP O 25 T 0 L ART 25 T PR i AR Ak, 2B i B 5 6 o = & 1 40
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SRR s o6 B B2 1 8800 D i A 2 28 T Bt 4 B (K DR R RE, I8 SOAS R A ) (19 50K 15 Bk

AT T B B R AR AR 10 A S USRS B R N TR BE IR R A 2 BOR B AT A R S AR )

N kil RSB DA R E i S R I U E SN (7T S
Table 10 Source code links for mainstream detection and recognition models

R 10 EFURII TR B R AR B

Jiik e B
TextBoxest™ https://github.com/MhLiao/TextBoxes
TextBoxes++'? https://github.com/MhLiao/TextBoxes_plusplus
CRPNEY https://github.com/xhzdeng/crpn
RRD™ https://github.com/MhLiao/RRD
CTPNU https://github.com/tianzhi0549/CTPN
SegLink!™! https://github.com/dengdan/seglink
FCRN#! https://github.com/ankush-me/SynthText
EAST!® https://github.com/argman/EAST
TextSnakel*"! https://github.com/princewang1994/TextSnake.pytorch
PixelLink!*¥! https://github.com/ZJULearning/pixel_link
PSENet!t% https://github.com/whai362/PSENet
TextField!*” https://github.com/YukangWang/TextField
CLRsE" https://github.com/Ivpengyuan/corner
CRNN!® https://github.com/bgshih/crnn
N68] https://github.com/huizhang0110/A0ON
MORANU78 https://github.com/Canjie-Luo/MORAN_v2
ASTERV® https://github.com/bgshih/aster
DeepTextSpotter!®?! https://github.com/VeitL/OCR
MaskTextSEotter“‘s' https://github.com/lvpengyuan/masktextspotter.caffe2
SEEPY https://github.com/Bartzi/see

References:

JEN
'

[1] LiYX, MaJW. The developments and challenges of text detection algorithms. Journal of Signal Processing, 2017,33(4):558-571.
(in Chinese with English abstract). [doi: 10.16798/j.issn.1003-0530.2017.04.016]
[2] Wang RM, Sang N, Ding D, Chen J, Ye QX, Gao CX, Liu L. Text detection in natural scene image: A survey. Acta Automatica
Sinica, 2018,44(12):2113-2141 (in Chinese with English abstract). http://kns.cnki.net/kcms/detail/11.2109.TP.20181010.1713.

003.html [doi: 10.16383/j.aas.2018.c170572]

[3] Neumann L, Matas J. A method for text localization and recognition in real-world images. In: Proc. of the Asian Conf. on
Computer Vision. 2010. 770-783. [doi: 10.1007/978-3-642-19318-7_60]
[4] Wang K, Babenko B, Belongie SJ. End-to-end scene text recognition. In: Proc. of the Int’l Conf. on Computer Vision. 2011.

1457-1464. [doi: 10.1109/ICCV.2011.6126402]

[5] Hinton GE, Salakhutdinov R. Reducing the dimensionality of data with neural networks. Science, 2006,313(5786):504-507. [doi:

10.1126/science.1127647]

[6] Hochreiter S, Schmidhuber J. Long short-term memory. Neural Computation, 1997,9(8):1735-1780.
[71 Cho K, Van Merrienboer B, Gulcehre C, Bahdanau D, Bougares F, Schwenk H, Bengio Y. Learning phrase representations using
RNN encoder-decoder for statistical machine translation. arXiv:1406.1078v3, 2014. [doi: 10.3115/v1/D14-1179]

© PEBEEG T

http:// Www. jos. org. cn



1492 Journal of Software #:#F%73& Vol.31, No.5, May 2020

[8] Epshtein B, Ofek E, Wexler Y. Detecting text in natural scenes with stroke width transform. In: Proc. of the IEEE Computer
Society Conf. on Computer Vision and Pattern Recognition. 2010. 2963-2970. [doi: 10.1109/CVPR.2010.5540041]
[9] Matas J, Chum O, Urban M, Pajdla T. Robust wide-baseline stereo from maximally stable extremal regions. Image Vision

Computing, 2004,22(10):761-767. [doi: 10.1016/j.imavis.2004.02.006]

[10] Wang K, Belongie SJ. Word spotting in the wild. In: Proc. of the European Conf. on Computer Vision. 2010. 591-604. [doi: 10.
1007/978-3-642-15549-9_43]

[11] Tian S, PanY, Huang C, Lu S, Yu K, Tan CL. Text flow: A unified text detection system in natural scene images. In: Proc. of the
Int’l Conf. on Computer Vision. 2015. 4651-4659. [doi: 10.1109/ICCV.2015.528]

[12] Liao M, Shi B, Bai X. TextBoxes++: A single-shot oriented scene text detector. IEEE Trans. on Image Processing, 2018,27(8):
3676-3690. [doi: 10.1109/T1P.2018.2825107]

[13] Liao M, Zhu Z, Shi B, Xia G, Bai X. Rotation-sensitive regression for oriented scene text detection. arXiv:1803.05265, 2018.

[14] Tian Z, Huang W, He T, He P, Qiao Y. Detecting text in natural image with connectionist text proposal network. In: Proc. of the
European Conf. on Computer Vision. 2016. 56—72. [doi: 10.1007/978-3-319-46484-8_4]

[15] Shi B, Bai X, Belongie SJ. Detecting oriented text in natural images by linking segments. arXiv:1703.06520v3, 2017. [doi: 10.
1109/CVPR.2017.371]

[16] Zhou X, Yao C, Wen H, Wang Y, Zhou S, He W, Liang J. EAST: An efficient and accurate scene text detector. arXiv:1704.
03155v2, 2017. [doi: 10.1109/CVPR.2017.283]

[17] Zhong Z, Sun L, Huo Q. An anchor-free region proposal network for faster R-CNN based text detection approaches. Int’l Journal
on Document Analysis and Recognition, 2019,22(3):315-327. [doi: 10.1007/s10032-019-00335-y]

[18] Deng D, Liu H, Cai D, Li X. PixelLink: Detecting scene text via instance segmentation. In: Proc. of the National Conf. on
Artificial Intelligence. 2018. 6773-6780.

[19] Li X, Wang W, Hou W, Liu R, Lu T, Yang J. Shape robust text detection with progressive scale expansion network. arXiv:1903.
12473v2, 2018.

[20] Xu Y, Wang Y, Zhou W, Wang Y, Yang Z, Bai X. TextField: Learning a deep direction field for irregular scene text detection.
IEEE Trans. on Image Processing, 2018,28(11):5566-5579. [doi: 10.1109/T1P.2019.2900589]

[21] Zhu Y, DuJ. TextMountain: Accurate scene text detection via instance segmentation. arXiv:1811.12786, 2018.

[22] Dai Y, Huang Z, Gao Y, Xu Y, Chen K, Guo J, Qiu W. Fused text segmentation networks for multi-oriented scene text detection.
In: Proc. of the Int’l Conf. on Pattern Recognition. 2018. 3604—3609. [doi: 10.1109/ICPR.2018.8546066]

[23] LiY,YuY,LiZ LinY, XuM, LilJ, Zhou X. Pixel-anchor: A fast oriented scene text detector with combined networks. arXiv:
1811.07432v1, 2018.

[24] Girshick RB, Donahue J, Darrell T, Malik J. Rich feature hierarchies for accurate object detection and semantic segmentation.
arXiv:1311.2524v3, 2013. [doi: 10.1109/CVPR.2014.81]

[25] Ren S, He K, Girshick RB, Sun J. Faster R-CNN: Towards real-time object detection with region proposal networks. IEEE Trans.
on Pattern Analysis Machine Intelligence, 2017,39(6):1137-1149. [doi: 10.1109/TPAMI.2016.2577031]

[26] Liu W, Anguelov D, Erhan D, Szegedy C, Reed SE, Fu C, Berg AC. SSD: Single shot MultiBox detector. In: Proc. of the
European Conf. on Computer Cision. 2016. 21-37. [doi: 10.1007/978-3-319-46448-0_2]

[27] DaiJ, Li Y, He K, Sun J. R-FCN: Object detection via region-based fully convolutional networks. arXiv:1605.06409v2, 2016.

[28] Redmon J, Divvala SK, Girshick RB, Farhadi A. You only look once: Unified, real-time object detection. arXiv:1506.02640v5,
2016. [doi: 10.1109/CVPR.2016.91]

[29] Gupta A, Vedaldi A, Zisserman A. Synthetic data for text localisation in natural images. arXiv:1604.06646, 2016. [doi: 10.1109/
CVPR.2016.254]

[30] Liao M, Shi B, Bai X, Wang X, Liu W. TextBoxes: A fast text detector with a single deep neural network. In: Proc. of the
National Conf. on Artificial Intelligence. 2016. 4161-4167.

[31] Liu Y, Jin L. Deep matching prior network: Toward tighter multi-oriented text detection. arXiv:1703.01425, 2017. [doi: 10.1109/
CVPR.2017.368]

© TEBREEEEIEDT  htp/ www. jos. org. cn



FEH FATRAFINORGFIALNE AR 5L 1493

[32] Ma J, Shao W, Hao Y, Li W, Hong W, Zheng Y, Xue X. Arbitrary-oriented scene text detection via rotation proposals. IEEE
Trans. on Multimedia, 2018,20(11):3111-3122. [doi: 10.1109/TMM.2018.2818020]

[33] Jiang Y, Zhu X, Wang X, Yang S, Luo Z. R2CNN: Rotational region CNN for arbitrarily-oriented scene text detection. In: Proc.
of the Int’l Conf. on Pattern Recognition. 2018. [doi: 10.1109/ICPR.2018.8545598]

[34] Zhu Y, DuJ. Sliding line point regression for shape robust scene text detection. In: Proc. of the Int’l Conf. on Pattern Recognition.
2018. 3735-3740. [doi: 10.1109/icpr.2018.8545067]

[35] He P, Huang W, He T, Zhu Q, Qiao Y, Li X. Single shot text detector with regional attention. In: Proc. of the Int’l Conf. on
Computer Vision. 2017. 3066—3074. [doi: 10.1109/iccv.2017.331]

[36] Szegedy C, Liu W, Jia Y, Sermanet P, Reed SE, Anguelov D, Erhan D, Vanhoucke V, Rabinovich A. Going deeper with
convolutions. arXiv:1409.4842, 2014. [doi: 10.1109/CVPR.2015.7298594]

[37] DenglL, Gong Y, LinY, Shuai J, Tu X, Zhang Y, Ma Z, Xie M. Detecting multi-oriented text with corner-based region proposals.
Neurocomputing, 2019,334:134-142. [doi: 10.1016/j.neucom.2019.01.013]

[38] He T, Huang W, Qiao Y, Yao J. Text-attentional convolutional neural network for scene text detection. IEEE Trans. on Image
Processing, 2016,25(6):2529-2541. [doi: 10.1109/T1P.2016.2547588]

[39] Simonyan K, Zisserman A. Very deep convolutional networks for large-scale image recognition. In: Proc. of the Int’l Conf. on
Learning Representations. 2015.

[40] TangJ, Yang Z, Wang Y, Zheng Q, Xu Y, Bai X. SegLink++: Detecting dense and arbitrary-shaped scene text by instance-aware
component grouping. Pattern Recognition, 2019,96:Article No.106954. [doi: 10.1016/j.patcog.2019.06.020]

[41] Liu J, Zhang C, Sun Y, Han J, Ding E. Detecting text in the wild with deep character embedding network. arXiv:1901.00363,
2019.

[42] Long J, Shelhamer E, Darrell T. Fully convolutional networks for semantic segmentation. IEEE Trans. on Pattern Analysis and
Machine Intelligence, 2017,39(4):640—651 [doi: 10.1109/TPAMI.2016.2572683]

[43] Lin T, Dollar P, Girshick RB, He K, Hariharan B, Belongie SJ. Feature pyramid networks for object detection. arXiv:1612.
03144v2, 2017. [doi: 10.1109/CVPR.2017.106]

[44] LiY, Qi H, DaiJ, Ji X, Wei Y. Fully convolutional instance-aware semantic segmentation. arXiv:1611.07709v2, 2017. [doi: 10.
1109/CVPR.2017.472]

[45] Tian X, Wang L, Ding Q. Review of image semantic segmentation based on deep learning. Ruan Jian Xue Bao/Journal of
Software, 2019,30(2):440-468 (in Chinese with English abstract). http://www.jos.org.cn/1000-9825/5659.htm [doi: 10.13328/j.
cnki.jos.005659]

[46] He W, Zhang X, Yin F, Liu C. Deep direct regression for multi-oriented scene text detection. In: Proc. of the Int’l Conf. on
Computer Vision. 2017. 745-753. [doi: 10.1109/ICCV.2017.87]

[47]1 Song Y, Cui Y, Han H, Shan S, Chen X. Scene text detection via deep semantic feature fusion and attention-based refinement. In:
Proc. of the Int’l Conf. on Pattern Recognition. 2018. 3747-3752. [doi: 10.1109/icpr.2018.8546050]

[48] Xue C, Lu S, Zhan F. Accurate scene text detection through border semantics awareness and bootstrapping. In: Proc. of the
European Conf. on Computer Vision. 2018. 370-387.

[49] Long S, Ruan J, Zhang W, He X, Wu W, Yao C. TextSnake: A flexible representation for detecting text of arbitrary shapes. In:
Proc. of the European Conf. on Computer Vision. 2018. 19-35. [doi: 10.1007/978-3-030-01216-8_2]

[50] Zhang Z, Zhang C, Shen W, Yao C, Liu W, Bai X. Multi-oriented text detection with fully convolutional networks. arXiv:1604.
04018, 2016. [doi: 10.1109/CVPR.2016.451]

[51] He T, Huang W, Qiao Y, Yao J. Accurate text localization in natural image with cascaded convolutional text network. arXiv:1603.
09423, 2016.

[52] Wu Y, Natarajan P. Self-organized text detection with minimal post-processing via border learning. In: Proc. of the Int’l Conf. on
Computer Vision. 2017. 5010-5019. [doi: 10.1109/iccv.2017.535]

[53] Polzounov A, Ablavatski A, Escalera S, Lu S, Cai J. Wordfence: Text detection in natural images with border awareness. In: Proc.
of the IEEE Int’l Conf. on Image Processing. 2017. 1222-1226. [doi: 10.1109/icip.2017.8296476]

[54] Xue C, Lu S, Zhang W. MSR: Multi-scale shape regression for scene text detection. arXiv:1901.02596v2, 2019.

© TEBREEEEIEDT  htp/ www. jos. org. cn



1494 Journal of Software #:#F%73& Vol.31, No.5, May 2020

[55] Bazazian D, Gomez R, Nicolaou A, Bigorda LGI, Karatzas D, Bagdanov AD. Improving text proposals for scene images with
fully convolutional networks. arXiv:1702.05089, 2017.

[56] Jiang F, Hao Z, Liu X. Deep scene text detection with connected component proposals. arXiv:1708.05133, 2017.

[57] LyuP, Yao C, Wu W, Yan S, Bai X. Multi-oriented scene text detection via corner localization and region segmentation. arXiv:
1802.08948v2, 2018. [doi: 10.1109/CVPR.2018.00788]

[58] Yang Q, Cheng M, Zhou W, Chen Y, Qiu M, Lin W. IncepText: A new inception-text module with deformable PSROI pooling for
multi-oriented scene text detection. In: Proc. of the Int’l Joint Conf. on Artificial Intelligence, 2018. 1071-1077. [doi: 10.24963/
ijcai.2018/149]

[59] Bissacco A, Cummins MJ, Netzer Y, Neven H. PhotoOCR: Reading text in uncontrolled conditions. In: Proc. of the Int’| Conf. on
Computer Vision. 2013. 785-792.

[60] Goel V, Mishra A, Alahari K, Jawahar CV. Whole is greater than sum of parts: Recognizing scene text words. In: Proc. of the
Int’l Conf. on Document Analysis and Recognition. 2013. 398—402. [doi: 10.1109/ICDAR.2013.87]

[61] Jaderberg M, Simonyan K, Vedaldi A, Zisserman A. Synthetic data and artificial neural networks for natural scene text
recognition. arXiv:1406.2227v4, 2014.

[62] Jaderberg M, Simonyan K, Vedaldi A, Zisserman A. Deep structured output learning for unconstrained text recognition. arXiv:
1412.5903v5, 2014.

[63] Shi B, Bai X, Yao C. An end-to-end trainable neural network for image-based sequence recognition and its application to scene
text recognition. IEEE Trans. on Pattern Analysis Machine Intelligence, 2016,39(11):2298-2304. [doi: 10.1109/TPAMI.2016.264
6371]

[64] He P, Huang W, Qiao Y, Loy CC, Tang X. Reading scene text in deep convolutional sequences. In: Proc. of the AAAI Conf. on
Artificial Intelligence. 2016. 3501-3508.

[65] Wu Y, Yin F, Zhang X, Liu L, Liu C. SCAN: Sliding convolutional attention network for scene text recognition. arXiv:1603.
09423, 2018.

[66] Cheng Z, XuY, Bai F, Niu Y, Pu S, Zhou S. AON: Towards arbitrarily-oriented text recognition. arXiv:1711.04226v2. 2018. [doi:
10.1109/CVPR.2018.00584]

[67] Bai F, Cheng Z, Niu Y, Pu S, Zhou S. Edit probability for scene text recognition. arXiv:1805.03384v1, 2018. [doi: 10.1109/
CVPR.2018.00163]

[68] Graves A, Fernandez S, Gomez FJ, Schmidhuber J. Connectionist temporal classification: Labelling unsegmented sequence data
with recurrent neural networks. In: Proc. of the Int’l Conf. on Machine Learning. 2006. 369-376. [doi: 10.1145/1143844.114
3891]

[69] Yang X, He D, Huang W, Zhou Z, Ororbia AG, Kifer D, Giles CL. Smart library: Identifying books in a library using richly
supervised deep scene text reading. In: Proc. of the Joint Conf. on Digital Libraries. 2016. [doi: 10.1109/JCDL.2017.7991581]

[70] Yang C, Yin X, Li Z, Wu J, Guo C, Wang H, Xiao L. AdaDNNs: Adaptive ensemble of deep neural networks for scene text
recognition. arXiv:1710.03425, 2017.

[71] Wojna Z, Gorban AN, Lee D, Murphy KP, Yu Q, Li Y, Ibarz J. Attention-based extraction of structured information from street
view imagery. In: Proc. of the Int’l Conf. on Document Analysis Recognition. 2017. 844—850. [doi: 10.1109/ICDAR.2017.143]

[72] Lee C, Osindero S. Recursive recurrent nets with attention modeling for OCR in the wild. arXiv:1603.03101, 2016. [doi: 10.1109/
CVPR.2016.245]

[73] Ghosh SK, Valveny E, Bagdanov AD. Visual attention models for scene text recognition. In: Proc. of the Int’l Conf. on Document
Analysis and Recognition. 2017. 943-948. [doi: 10.1109/icdar.2017.158]

[74] Liu W, Chen C, Wong KK. SAFE: Scale aware feature encoder for scene text recognition. In: Proc. of the Asian Conf. on
Computer Vision. 2019. 196-211. [doi: 10.1007/978-3-030-20890-5_13]

[75] Shi B, Wang X, Lyu P, Yao C, Bai X. Robust scene text recognition with automatic rectification. arXiv:1603.03915v2, 2016. [doi:
10.1109/CVPR.2016.452]

[76] Shi B, Yang M, Wang X, Lyu P, Yao C, Bai X. ASTER: An attentional scene text recognizer with flexible rectification. IEEE
Trans. on Pattern Analysis Machine Intelligence, 2019,41(9):,2035-2048. [doi: 10.1109/TPAMI.2018.2848939]

© TEBREEEEIEDT  htp/ www. jos. org. cn



A FObFRASE D 00 8 RS F IS BRI Gk 1495

[77] ZhanF, Lu S. ESIR: End-to-end scene text recognition via iterative image rectification. arXiv:1812.05824v3, 2018.

[78] Luo C,Jin L, Sun Z. MORAN: A multi-object rectified attention network for scene text recognition. Pattern Recognition, 2019,
90(12):109-118. [doi: 10.1016/j.patcog.2019.01.020]

[79] Cheng Z, Bai F, Xu Y, Zheng G, Pu S, Zhou S. Focusing attention: Towards accurate text recognition in natural images. In: Proc.
of the Int’l Conf. on Computer Vision. 2017. 5086—-5094. [doi: 10.1109/ICCV.2017.543]

[80] Wang T, Wu DJ, Coates A, Ng AY. End-to-end text recognition with convolutional neural networks. In: Proc. of the Int’l Conf.
on Pattern Recognition. 2012. 3304-3308.

[81] He T, Tian Z, Huang W, Shen C, Qiao Y, Sun C. An end-to-end textspotter with explicit alignment and attention. arXiv:1803.
03474v3, 2018. [doi: 10.1109/CVPR.2018.00527]

[82] Busta M, Neumann L, Matas J. Deep TextSpotter: An end-to-end trainable scene text localization and recognition framework. In:
Proc. of the Int’l Conf. on Computer Vision. 2017. 2223-2231. [doi: 10.1109/ICCV.2017.242]

[83] LiH, Wang P, Shen C. Towards end-to-end text spotting with convolutional recurrent neural networks. In: Proc. of the Int’l Conf.
on Computer Vision. 2017. 5248-5256. [doi: 10.1109/iccv.2017.560]

[84] Liu X, Liang D, Yan S, Chen D, Qiao Y, Yan J. FOTS: Fast oriented text spotting with a unified network. arXiv:1801.01671v2,
2018. [doi: 10.1109/CVPR.2018.00595]

[85] Lyu P, Liao M, Yao C, Wu W, Bai X. Mask TextSpotter: An end-to-end trainable neural network for spotting text with arbitrary
shapes. arXiv:1807.02242v2, 2018. [doi: 10.1109/TPAMI.2019.2937086]

[86] Goodfellow 1J, Bulatov Y, Ibarz J, Arnoud SC, Shet VD. Multi-digit number recognition from street view imagery using deep
convolutional neural networks. In: Proc. of the Int’l Conf. on Learning Representations. 2014.

[87] Redmon J, Farhadi A. YOLO9000: Better, faster, stronger. arXiv:1612.08242, 2016. [doi: 10.1109/CVPR.2017.690]

[88] Sui W, Zhang Q, Yang J, Chu W. A novel integrated framework for learning both text detection and recognition. In: Proc. of the
Int’l Conf. on Pattern Recognition. 2018. 2233-2238. [doi: 10.1109/icpr.2018.8545047]

[89] Gehring J, Auli M, Grangier D, Yarats D, Dauphin YN. Convolutional sequence to sequence learning. In: Proc. of the Int’l Conf.
on Machine Learning. 2017. 1243-1252.

[90] Bartz C, Yang H, Meinel C. SEE: Towards semi-supervised end-to-end scene text recognition. In: Proc. of the National Conf. on
Artificial Intelligence. 2018. 6674-6681.

[91] Lucas SM, Panaretos A, Sosa L, Tang A, Wong S, Young R. ICDAR 2003 robust reading competitions. In: Proc. of the Int’l Conf.
on Document Analysis and Recognition. 2003. 105-122. [doi: 10.1109/ICDAR.2003.1227749]

[92] Karatzas D, Shafait F, Uchida S, lwamura M, Bigorda LGI, Mestre SR, Mas J, Mota DF, Almazan J, Heras LDL. ICDAR 2013
robust reading competition. In: Proc. of the Int’l Conf. on Document Analysis and Recognition. 2013. 1484—1493. [doi: 10.1109/
ICDAR.2013.221]

[93] Karatzas D, Gomezbigorda L, Nicolaou A, Ghosh SK, Bagdanov AD, Iwamura M, Matas J, Neumann L, Chandrasekhar VR, Lu S.
ICDAR 2015 competition on robust reading. In: Proc. of the Int’l Conf. on Document Analysis and Recognition. 2015.
1156-1160. [doi: 10.1109/ICDAR.2015.7333942]

[94] Yao C, Bai X, Liu W, Ma Y, Tu Z. Detecting texts of arbitrary orientations in natural images. In: Proc. of the IEEE Conf. on
Computer Vision and Pattern Recognition. 2012. 1083-1090. [doi: 10.1109/CVPR.2012.6247787]

[95] Nayef N, Fei Y, Bizid I, Choi H, Ogier JM. ICDAR2017 robust reading challenge on multi-lingual scene text detection and script
identification—RRC-MLT. In: Proc. of the Int’l Conf. on Document Analysis and Recognition. 2018. [doi: 10.1109/ICDAR.
2017.237]

[96] Gomez R, Shi B, Gomez L, Numann L, Veit A, Matas J, Belongie SJ, Karatzas D. ICDAR2017 robust reading challenge on
COCO-text. In: Proc. of the Int’l Conf. on Document Analysis and Recognition. 2017. 1435-1443. [doi: 10.1109/ICDAR.2017.
234]

[97] Shi B, Cong Y, Liao M, Yang M, Xiang B. ICDAR2017 competition on reading chinese text in the wild (RCTW-17). In: Proc. of
the Int’l Conf. on Document Analysis and Recognition. 2017. [doi: 10.1109/ICDAR.2017.233]

[98] Yuan T, Zhu Z, Xu K, Li C, Hu S. Chinese text in the wild. arXiv:1803.00085v1, 2018.

[99] LiuY,JinL, Zhang S, Zhang S. Detecting curve text in the wild: New dataset and new solution. arXiv:1803.00085, 2017.

© TEBREEEEIEDT  htp/ www. jos. org. cn



1496 Journal of Software #t#F%4% Vol.31, No.5, May 2020

[100] Chng CK, Chan CS. Total-text: A comprehensive dataset for scene text detection and recognition. In: Proc. of the Int’l Conf. on
Document Analysis and Recognition. 2017. 935-942. [doi: 10.1109/ICDAR.2017.157]

[101] Wolf C, Jolion JM. Object count/area graphs for the evaluation of object detection and segmentation algorithms. Int’l Journal on
Document Analysis, 2006,8(4):280-296. [doi: 10.1007/s10032-006-0014-0]

[102] Jaderberg M, Simonyan K, Vedaldi A, Zisserman A. Reading text in the wild with convolutional neural networks. Int’l Journal of
Computer Vision, 2016,116(1):1-20. [doi: 10.1007/s11263-015-0823-z]

[103] He K, Gkioxari G, Dollar P, Girshick RB. Mask R-CNN. IEEE Trans. on Pattern Analysis and Machine Intelligence, 2020,42(2):
386-397. [doi: 10.1109/TPAMI.2018.2844175]

[104] Wang T, Jiang JH. Text recognition in any direction based on semantic segmentation. Applied Science and Technology, 2018,
45(3):59-64 (in Chinese with English abstract). http://kns.cnki.net/kcms/detail/23.1191.U.20170704.1807.006.html [doi: 10.119
91/yykj.201705006]

[105] Zhan F, Xue C, Lu S. GA-DAN: Geometry-aware domain adaptation network for scene text detection and recognition. In: Proc. of
the IEEE Int’l Conf. on Computer Vision. 2019.

Bt R 325 2 SR
[1] 25280, 1 RS0 SR I B9 (R 5 Pk 45 5 A B, 2017,33(4):558-571. [doi: 10.16798/j.issn.1003-0530.2017.04.016]
[2] EdEI,FAR, T T WA, i SE A, i 8%, ). A AR 3% s BB T I SOAR K W 2. A 34k 43R ,2018,44(12):2113-2141. http://kns.
cnki.net/kecms/detail/11.2109.TP.20181010.1713.003.html [doi: 10.16383/j.aas.2018.c170572]
[45] B, F 58, T BB TR BE 2% 23 1) R TR o 8107 ¥k 250 4 A 27 416, 2019,30(2):440-468.  http://www.jos.org.cn/1000-9825/
5659.htm [doi: 10.13328/j.cnki.jos.005659]
[104]  “E ¥ VLA HE T8 SCo BB A 2007 ) 3053000 3 R, 2018,45(3):59-64.  http://kns.cnki.net/kems/detail/23.1191.U.
20170704.1807.006.html [doi: 10.11991/yykj.201705006]

FEH972—), T, LK HF A L H
218 A S, SR 5T A 8 Ol B dE
53,

B & (1976 —), &, 1 & {l ##%,CCF ms
23 08, B AR BRI S R R A
S,

FFI(1992—), % A+ 4 ,CCF =44

b, BT AU B A S RS 2 >

© TEBREEEEIEDT  htp/ www. jos. org. cn



