;.ﬁl,: %_‘%‘ i} % 5 ,H : - \ S v
PERE: FERE 20184 H48% 5 531-544 ¢ CPIEREY Jekit
SCIENTIA SINICA Informationis SCIENCE CHINA PRESS

AIE%Eﬁt%%*IJ O iﬁj{ @SrossMark

ETREF IR FRMS5IR 7

B, MR, Gk, BE

farp Rl K2 H 5 B 5B E 2R, 5 430074
* J@{E{E#. E-mail: xbai@hust.edu.cn

Wk H 393: 2018-01-02; #32 H: 2018-03-12; MI&% HY R H 3¥: 2018-05-11

F X E AR RS (S 61733007, 61222308, 61573160) A% H AR B [ 5 2 5 S2le =T MRS (S : F2016001) %0
TiH

WE  IF=XFRIERAZE &R T RABA, B EF R BN G AL 5 A Gk
MRB AT . B R MR T B R AL, FREIRA AL R EGE. AR T SR SO ST R
FRA, FEXFETER RE. #F. FFFFEEME B2, FEF T HOARA i T2 A 1 ft
BAZTBE R T . AXEREBR T FF 2T HREF T ERIUREG 8RR ERR, 310
BAXRRAREHRTT RE.

KR REFA, FEXT, XFRA, XFRA, T EARE

il

1 3

S AR AR TCAANE, R NKIAIE BARE 5L LR R R ieZ —. IR, 5 OCR (optical
character recognition) FoR, RPN G oA I 5 R 00 S C B T ARG« SORS 73 b 85 45T ) 4
WHFLTT ), 433 7ok B RS DAL AR R EIGE. Moy — M@ FHEOR, 5% OCR T h Rk i
TR, eI T B R PR SCT, WsGEbRR BigE . SRR BT AR A AE. 375% OCR H Al
O BN IEAFIER G SRR IR (5 R AR e RS Ty, BAT R R S M ME.
i, RPESA S BOR CAAE OCR UK B AHE 7 =M, S TR 2 OCR BORLE SR A AR
AR AN T T AT T 23 5T, BT IRE S 211 OCR HARE G H University of Oxford VGG
W ASE I, RIZIAE SR 1 AN FAT AR R O, ST 0k, AR SCEE fio AR 3 AR L A IR
JEE 2 STHE 2R S5l I A ) L AMARER A R, 0 1 &0UsR ) A ke 34 A0 9 0 BRI 92 07 ) 1HEAT 1 R 2R,
A A BT RNARZE 2] ) OCR BORBOG B 132

S| AM, B, AAt, & BETIRES I RoCAN 5 iR5]. HEREE: 5 B8R, 2018, 48: 531-544, doi: 10.1360/

N112018-00003
Bai X, Yang M K, Shi B G, et al. Deep learning for scene text detection and recognition (in Chinese). Sci Sin Inform,

2018, 48: 531-544, doi: 10.1360/N112018-00003

© 2018 (PERZE) it www.scichina.com infocn.scichina.com



A B TR 1 5O Rl 5303
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Figure 1 (Color online) Visualization of different detection targets

2 HRXFERVSRANEEX

W ROCTF AR FCE & 2T in L b, SCFRINAT SO IR A% O B FE AR P AME 55

CEFRM. 2 MR N B G e A SO B, SCHE A E B SRR, —RIBOL T, KF
PIEE & 4 NMEIERARKR (z,y, w, h) SR 75— n) @k 75 Z R 22 5 [ (1 G0 BBl 4, bt 6 )
BEH (,y,w,h,0) 5 NSEEE (v1,y1, 20, Y0, T3, y3, T4, y4) 8 NSERR, Hh 0 B EEKF
TIRIRIARE, (2, y:) (0 =1,2,3,4) ZMIEH 4 AT, G0E 1 PR, SO A kiR - 2ok H
T HR SR E RN, B P AR 2R TR/ MO, FlanmesE . 2S5k B fscs
RS, Bbsh, BT FERN AR ], SCFARI SEE AR IR W SO e B R R] (EER]),
B R REAT SOy R (23 1)) ARV

SCFIR AN R ] R LS SO I MR A U LS AT SRR A e A R — A
T H A AR K AN 4. T M ) R A S e A B A s TR R 2 R [ E 1. A, A
DGR B R A ) R 25 s B T R A

FESERR N 55 S0 B I AN U R A AT 75 B A ICAE — S . — e H A ) s ) 1) S 1
ArE, ER LA B E U SO N 2. REIR] I ARSI 21 S B FF 0] I EAT TR 1) T V48P AR A2 i 21 o
R

KTy LRI 5 R B g SRR 71T 22 il I RS 2738 18 5 020 RSO B VR4
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3 REFIFZEAAL
3.1 &

FETAR G D2 450 B, BRI 507 BRI RIS SCT AT SR AR R R, el it
ARG A RS I 5 AR 3% 5 UG Hh 1) S0 8 Bk

AR RS A B H AR BOAN R, AT A B 2R3 50 Rl 7 i m] DO 7 0 3 26, (1) 21 Rl
SCFHITTE: RATTi B A I T B SO R, SRR e A R A A Heh — MR
IJTVAAEESCHR (5], B ST ) FARAR DX SRER B SO (K R AR IX 3, AR5 8 5 28 R (1 VA e
AR, T B ] X A R . (2) 2 T Bpanl 710 128050k T~ dlad SR B0 T H bt il o i) 75
12 DO~ e TR R L ik, LR A B DO L L . AEARER ISR (8] th, AEEANEN T —
AT R-CNN U2 e IHESE. 1k, a8 i DXag™ 28 &7 AL KR i ik X 3 AR5, I —1 N
HUARMR 73 2 2 JE e 748 70 L] 50 DX 3 d i, A5 P A5 R 22 X 4% 1] 5% 3 DX 4sl s 1 ) € BT
(3) ZET AT TTiE: X IT7IE M 15) Sl SCARAT, SRR SCAAT 20 1A 13 2 i i) L Bl .
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VGG-16 backbone

Text-box layer

L]
-

;:7?3 i

———————— 1x5 conv s==asees]x] cONV

B2 (MEKFE) TextBoxes MIMGKAERREE [: A—MEIENSEMNMERILENIESR X EMFIRIELR
Figure 2 (Color online) Architecture of TextBoxes: a simple fully convolutional network and a standard non-maximum
suppression

ARG TAE R SOk [14], B 2B L 16 15 B SORIT I/ #1453, B0 SCARATEAT 4310,
FEROR, A HIATBL R RPN B AR5 S0 IR D735 e AT s T 5 T SR A TR
RS T,

3.1.1 BT IFERIRE IR AR M AN =R

TRGER B AR 50T T3k 1581 1) TR AP, Bt (1) SR ECHR %148 10 7 7 B R XK
(2) IIEMRIEXIL; (3) BEE ML XK. T PR E, f BACRARKNIRG 5 MBS LR R 2R
FUIN, SN B 20 RE A6 R A, X RNt R A DI . T, A i) H AR LA Y R K,
AR T —A s 23 7 I ZRA H AR BT IS, BARIE TextBoxest 7). &N 7 BE—MME% AT
[ % 3 20 PR — AR UE R AR S ORI R AR, o7 R e Je R A, AURE PR HEf 7 B 2RI I
Fi RN H S X

TextBoxes K JH B 2% 454 17, Jld F S 7 B G i B A AZEE & S BOAE & (7
Jeveit IRAG EE &) Y RAbR I E, B 2RI i R S E S R AR B TSRS
R I 24 BB B RT R IETT T, B DA I A 2 B 2 IR T 7%, (H R SO X — R KT 7.
BERE ST BRI AN L, BATX R BEAT T BRI PERG BT, — 5T, SR TR A RS AR I 4
HIIETT AR, CABLAE AT W48 R I 2 B BE0E & T TN 305 5 — D, i 7B VR B &K
TE, A TR R AR K BOA B &, X RN B & EE T SR sc B &, 8 1M
R MR, E R A, Wl 2 PR, EEZ N RERRILZ L (SRORILZR) M AE, i gl
KRR ) —A> 72 e &, Z A ERR 12 DERAGLE G B SCFHER B AR L (4 3
THIBER AT SAORER) FASAR M E (PU4E: B H T OMtR. KRAMTERME). &5, XS
AL &R AT AR OB I B0, DB R E B BRI B R &, B2 IZ R

o T A 7 BRSO BT B RS MEBOA B &, TextBoxes £ 2 MUEE IS L (B4
ICDAR 2011 8] ICDAR 2013 "9 £8) PEREFLHL. LI M, B MR REAN s R IR 5 LRI,
75 8 T Ui 1 iy (R X 2% 25 440, TextBoxes i 550, BT BB F 312

1) https://github.com/MhLiao/TextBoxes.
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Detections

Input image (512x512)

3 (MEIEFE) SegLink HIMMBIERREE 0. IR Z AMETEEERA «CERRER), b (BRERT),
s (BREK)” kTR, 8%, XFRER (REEEER) REEEXR (RET) BEZMHEETN (WL | ARKS);
RiE, BE—MEREERENEKEA— 1 2EANEER

Figure 3 (Color online) Architecture of SegLink. Convolutional filters between the feature layers (some have one more
convolutional layer between them) are represented in the format of “(#filters), k (kernel size), s (stride)”. Segments (yellow
boxes) and links (not displayed) are detected by the predictors on multiple feature layers (indexed by ), then combined
into whole words by a combining algorithm

3.1.2 ETXFRERXFRNER

K2 B B AR SO R T o XL T 305, PEINSESC R 3CAE, AT &1 B3R 2 8] 4 m]
S A XIRE T, 2RI, X ARR T 30T, B e, HSCEE, AT AR R 2 (B AR AR BOA R I
1R, WA eI T8 SORBEAT 20, BRI, AR T 3O BG T B E — fio DOCARAT IR 2R RIE .
H T3 s A 22 X 2% Y IR B2 2 A T PR BB, B R B A Wi PR 58 EU A SCAAT B T ox 2 T
BRI P28 1 ST R A5 R B2 — ORI B, AT, TS IR B SR LL R A PR, RE
B Dy B K AR W AT R PRI, SRATERH T — AN A B M HE R R R 2 75 1R 307
Kl g%, #RZ SegLink® 201,

SegLink 4% Ca F AR AN ELFAS I 48 A9 BOE SCARAT, T A2 Sfe e I R3] B3 SOARAT 10 ) i X3,
AR A oy 3 X O B R B — A 58 B 1 AR B SOARAT . R SO IR 55 3 i P A T AR 55
R SC7 e BOMPEN Fr Be 2 18] R & Herh, r BOR A 7 R RE T B B &, B 8 o i) i
SCARAT I —HB oy Fr BCZ B R SR R AR BOR B & T Al — A A 8OO AT, SRR, W1 3
Jrs, — AT 00K [11] FIRIZR ok 22 RO < S AR 0N SCA P B HOERESR &, Herb v BRZ A
ERR R EIER WERNE R, DEN 2 REMNCT. &5, —PMETHRENE RS &5
RIRAEEEFTA Iy BOR IR AR, R 8 T A — Ba] Bl SOARAT 1)y BOERE & JF i ia] Bl SOARAT I
B

SegLink JFL A 5% 1 FI 1, BERER 80 T SO e M TR T 307, T H AR RT3 H bR
KA ). S UER, SR s R 5 R, BET 2 SE BRI 7K.

2) https://github.com/bgshih/seglink.
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% 1 ICDAR 2013 $iBENXFHRMLER
Table 1 Text detection results on ICDAR 2013 dataset

Method Accuracy (%) Recall (%) F-measure (%) Frames per second
Zhang et al. [15] 88 74 80 <0.1
Zhang et al. 14 88 78 83 <1

Jaderberg et al. (8] 88.5 67.8 76.8 <1
Tian et al. [21] 93.0 83.0 87.7 7.1
TextBoxes 7] 88.0 74.0 81.0 11.1

TextBoxes Multi-scale [7] 89.0 83.0 86.0 1.4
SegLink [20] 87.7 83.0 85.3 20.6
SSTD* [22] 89.0 86.0 88.0 7.7
Wordsup* [23] 93.3 87.5 90.3 2
He et al.* [24] 92.0 81.0 86.0 1.1

a) Our methods and the state-of-the-art results are highlighted in bold.

% 2 ICDAR 2015 #IEENXFRMLER
Table 2 Text detection results on ICDAR 2015 incidental text dataset

Method Accuracy (%) Recall (%) F-measure (%)

HUST_MCLAB 47.5 34.8 40.2
NJU_Text 72.7 35.8 48.0
StradVision-2 77.5 36.7 49.8
Zhang et al. [14] 70.8 43.0 53.6
SegLink [20] 73.1 76.8 75.0
EAST* [25] 83.3 78.3 80.7
SSTD* [22] 80.0 73.0 77.0
Wordsup* [23] 79.3 77.0 78.2
He et al * [24] 82.0 80.0 81.0

a) Our methods and the state-of-the-art results are highlighted in bold.

3.1.3  EEEITEE
N 1 A 2 Fizs, TextBoxes F1 SegLink K11 REAI R AE ICDAR 2013 191 A1 ICDAR 2015 261 %

AR UEECE AL A0 T R A R, 3 1 R0 2 Hpalg o (DN R R I AR, ARATIAE [ UH A
Fl RN . ISR RIZ S5 JT TS T A Rt s, BE— B4 T 1A IR R RE.

3.2 2%

SCFRR N SC R AR B SO P AU R . 8, N PRSI B ) S R R BT H e B
F bwAa 2 AZ AR o T B8 ST 8. SRR BRI R SO A IR R GE R B35, HAk
REVRIE T AR GEHE PR TERE. ARSI (n] L — 4, U3 1) R the 2 32 21 B AR 7 5% O 7 5t OBTIRAR
By R SO HEA A VRS R R A PR LR Ak, AT R B R R I RS [, SO R A e
KPEANA SE PP F, 1 {4 [ 5 FIAR 2%

H 3% 1) A N F AR DA R B, SRR A KR 7R R e . BT AR IE AR 3

535



FUAAE: TR 2 ST 3 5074 I 5 R0

Wk [27~32]. SERTHITE KRBT LA NS, — SRR T /P RIR BT %, 51— @3 T 8Am Ry
% TR RARBIT B AR AR, ORS8N PR %I AR
Bz, MM ZREON R k. TR0 55 BRI 745 200 AR E s, SRIBOX LB+ S KNI

e B3R AR 5 VR BRI D AR ARG, Bk 1 A SO A AR B R 12T IR AR AT
MEIA] B rh BRI SRR AL, I B A AR BRI BEAT MR R, TR A M 2 SRR 1) H A B3] [7]
BTSRRI R AR LR Jaderberg 55 8 52 H 17 25, ARATTFH IR BE B A 22 X 28 o) H
W EE IR, FCPRAH 9 HHE R, BENEPAE N — A ARSI, 1% 2% 5\ A2 Bk i
] P, i R B (K S R R, HL P R A R O SR S L 1 BT IR (1 B R A R
W28 RUR HERf 3 i, (ERTR R B v, 7 B KA S ST AR,

ST A THERME MBS, AR T HF PRS- RBINE, T REBMANE. 1R
TIERETIR AN S, BAETRI R AIVERE. (IR g fe 1l m i S 2% 2, JF H X RE WU =
() ORAE 7 i H IR - B Ky Fr 81, A AR 5 A S AR

3.2.1 ETEGHXXFFINRAMNEE

AR T — P BU R AR 2 2B 22 NG AREIA A Z N4 (convolutional recurrent neural
network, CRNN)?) B3] {Z W2 (&5t un & 4 fs, W TERm B G N, 213 2 2R
ZEFAT RSO R, 13 31 8 B RURHE. X — PR RONRAESRIL. #2 ok, RRIE BBl 46 s
AR A, FRAE B — SN e A MR U, TR — BURFIE P 51, %P7 B B S5 [R] TR AIE 11 19 58
JE. FP 5 AR A [ P A4 45 T AR AAE P P v e AR

HH T U 22 ) S8 R AIE 1 R B 1, AR AE SRS 3] (R RRAE /5 414 B 225 DL ok 1 i N 18
1) — A 8 X 3. ﬁTibﬂﬁ%@iﬂzEﬁ%ﬁﬁﬁﬁ, KA KR ICZ N 2% (long-short term memory,
LSTM) B4 XHRHIEFF FIEAT T 4041 LSTM 2% F G W 2% 251, N il 5 fos. e &
CAZRAE R A RURRAE, PR AT DA 4 2 51 v 3 T o) A EE B AR 5o, JRATBEE 1 AN T AR
(1) LSTM, If HoR e AT TR A 9, 1928 — AU KA RRICIZ M4 (bidirectional LSTM). 1XA™ 2% A]
VAN 2341 B 22 1) BAR B A a2 AT 1) B R BE B AR OGN Lk e tH R E B T 8
LR SO B XA BN 51 3

R JE, BRI TC 2 9 4 i R RFAE o) B2 P R U B4 e AU AT 5 15 5 B & e &
BN TR, L —ANRRE S8 759 (TR < 48080, FEF RS0 B, R L
B IOV T B, RE I “FH” /5 2 ERR. Gl “s-t-aattee-” LRIFEMG )5 2153 5
T “state”.

BREIA NS & — Do E (end-to-end) FRIMIZSBIAL. CORAFAESREL . FFHI 5047 AU ARY 3 A
SR, AE AR B W 238 R BRAE T [R)— 26 rh . FE AN, 2B U R AR ot N, A2 TS L
et - BERE A1, RIS, AR A 25 5 I At L A Rl ARy B AT, ANTR R O IRRIE S

TN TRAZBRAE Z A [ b A TR B g _EREAT RO, AR HER 2 K 2 BRI 2 1 8%
B WSS RAER 3 P, Hop 78 TITT5k 27, SVT B3] ICDAR2003 B9 |, CRNN [ 76 1] HEff 2%
Iy AIEF] 81.2%, 82.7%, 91.9%, W56 B[R] IS 1T i HAth 5L TR BE A 22 I 25 1R 7 2. ARV AR HERR
EEL 95%, #A 5 1ER). IAh, CRNN it RGBS HU LIS, & BIA K4 8.3 M M3,
et/ TR (8] R T (490 M NS4, T CRNN BA LR RS, B 5 TR

3) https://github.com/bgshih/crnn.
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Figure 4 (Color online) Network structure of CRNN
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Figure 5
bidirectional LSTM network

(Color online) (a) Structure of LSTM and (b)

% 3 CRNN ZEXRE#HESE. ALK LEMIRZIER

Table 3 Recognition results on different datasets with different lexicons

Lexicon (%)

Method IIIT5k [27] SvT [33] ICDAR2003 [36] ICDAR2013 [19]
50 1k None 50 None 50 None None
Bissacco et al. [32] - - - 90.4 78.0 - - 87.6
Bai et al. [29] 85.6 72.7 - 81.0 - 90.3 - -
Jaderberg et al. [8] 97.1 92.7 - 95.4 80.7 98.7 93.1 90.8
CRNN 97.8 95.0 81.2 97.5 82.7 98.7 91.9 89.6

a) The state-of-the-art results are highlighted in bold.

&, ERAIRGRM L.

3.2.2 ETEGHARMNZFFINRANES

HAR 5o, TARA I ZAR 4705 W 1B 6 JRa T W AR WG T W0 A4 i A0 7 HE A
X PR T E ARG BRI AE. D T RIXTZE R, FATTHR HR SO RSB UTR I, 18 BRI K S0
JE AT, B, AR — 45 A T R IE AR B I RE AR 22 2% 1871 1% 0 25 6 B I IE N
ZE RV IR £ PN 43 IR 2% 35 T Jaderberg 45 381 51 H 14720 (] AR 0 X 2% SEIIL. 9 2% F) 5 K ] 7
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B 6 (MEEMFE) FHMZF
Figure 6 (Color online) Samples of irregular text.
(a) Perspectively distorted text; (b) curved text

Localization C Grid
network generator
m P
Fiducial points
Input image [ Sampler V Rectified image I’

7 (MEARRE) SCFHEMBGLEHE 57

Figure 7 (Color online) Structure of the text rectifying network

PR, EHERLINES . PR A g% SREEES 3 DN ALk, S8 LI 2% 2 A2 S 1 b T T 58 o [ 52 £k
R )R, X SRR TSR TEAR. TR, WA A s R IR R R S AL B BR
FERIIALE. e, SRAE SR RAE S LB B R BEAT BLHRAE, 198 skR I Ja (B A IR0 2% 1
AL ER AR AT 3 ) 3 380 9 4% SR, BN BTIR ) CRNN. SEBR A 3RATIR A 7 —Fh 5 51 21 Fe 1) 1) 58 A A
RUR SIS T HITR A, 1 T% 1E 100 2% AR 190 2 #0021 T I 2RO R 26, 7T LR EATT R 5K, B
JS— A B APy 21 g T YRR R 26 T I 19X 2% T DA R AN RIS R0 1 . A3 05K T I 1 2% P R
LSRR R LI B 1 S S RS L. R AE AN SO H R £ SVT-Perspective 2
A CUTES0 10 |, 1277 A LR IE T U4 140 5% B2 4RETE. JF B, BrIE 28 AN TR Ao
(N AR, DA AR A R4 2% (1 55 2550 ) Rt BE 6 B Shihr > SCT IR IR T3,

4 NA: XFEEEERARE SR

SCFARRN G T N T OO A ST E OENR, e se g 44 R, BURRAT R SR
WS, BEE RS SJMEX, BARYS TS RMNAR T ERIED. 8 E AR =EEH 1
TR R UG B AE N 22 4 S B AR . PR B e . LB N T AN B AR REAC IE 4
A A RN AR, R, AR SOK 3 B SR AR AR UG oy TN . X T
BB TS, 4R E EE 53 1T (fine-grained image analysis) B2 5E TIAG 4N, ‘& ZRAE Y GEAE X
P AR AL S AW v P () — K28R BN B F- 2R AT X . X ik B R 1 2 S A A R AR I A 20
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B s (MEMEE) EBENNFRER TSR 4

Figure 8 (Color online) Structure of the proposed attention model

Z Ak, TR A% G AR 43 A B 2 AR e R B AR AR A X 20 1 S i DX 35 R, A~ 48], (H R ax
TR R T EUR X 2 FEAN RIS A5 B RT3 Lo AiRL i R S0, LG an S 4 5 7 v 1 128
(Eeamort s Aot in 45, XSS A 2 DR RN Py 2R ) B B AR DG I S0, I H L2 ) = B 1 SORR
TSR SE R X . TN, FAT22R H B b 1) S5 S8 S8 i AT X S ks 2 MR
IYHT, PEH T — NET B AR 458 FIAT (fusion of image features and attended text features) [44].

T SR TFIR A SCA I B TextBoxes [ FISCZ R H VL CRNN B3 SREEHUEME H 1507 R
JE R EHERN (word embedding) )77 2CKFHEHLK SC bt i m) &, VB RN AIRHER R, BTk
B R S 8 B A — g MR, B DL -3 1 77 20k — 5k B i B S 1] ) B SR ARk, AT
BN E R I SCFRER R T BRI SRR IR, R T 2 I GoogLeNet 491 i Hiilk4T
UL B, W SCTRHE AL R 5 B Rl & AT B JE I R 40 K. SRR R B, R4 & AR E B2 A,
VF 2 KL 73 R B K RAT 55 R e A5 R LF (K32 T

ST A S T B E BB U6 ST, AT RV S5,
TR DR B ) — Be B, — S SO B R R N, B IERRAS B S, A S E R
FIZREMAE AN K. I AN [R) S %) G i 2 TE A 40 R B DT R BE L% AN — AR, B R IR Bl 4
KEENISCF AL %N — L [z, IE#f ) I BAH R RIS R Mz K — 28, FrRLRAT5I N T
FENLASEITE . UGB b 2 A8 A B0 E R WL v SRR SO AR, d5 J K BT SO 1)l )
BORFIME R SCPHRAER R, WK 8 Fias. &7 EA R g 7 A /NI S, AT 4 SR Bl A &R
G5 RAS 3 Tt RRTE. ERRRAZE WA 9 PR, RS RIEB T TG, SCFRHIER IR
EUR LR AE SR I VR WL RHER G 02848 5 DN RIS AE T R — N2, i A
GRS e bl B2 bR

N BRSO VR A R, RPN BE AR AT AR, 43 i Con-Text 161 FIFRATTH L4
f#] Drink Bottle ##i4E 4. A4 28 M7 FI, 3L 24255 5K E Jr, QWARMIMET . FIERZ) L. J5
EAH 20 NMICRDRE N, 3t 18488 TR v, WAEIRFT K W HAIRAREFINGE R0, K 4 s T i
TIEAEA BRSBTS R, AT LA 2, INASCHE B2, W4 R a3 2R3 T, tst, B
L E S 2, LR TR AR R .
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Word
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Word —
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TRUCKEE]
DINER
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Detection Recognition

Eo (MEWTE) FIAT HAGERREE 44
Figure 9 (Color online) Structure of the proposed FIAT

% 4 Con-Text 1 Drink Bottle $#E&E FRIHHLER 2
Table 4 Classification results on Con-Text dataset and Drink Bottle dataset

Mean average precision (%)

Method
Con-Text Drink Bottle
Con-Text [46] 39.0 -
Words matter [47] 77.3 -
Visual baseline (FIAT) 61.3 63.1
FIAT 79.6 72.8

a) The state-of-the-art results are highlighted in bold.

5 REMARRE

AR FOCAR N SR AR O AR T 83 ndk e, (B8R0 A R 28 A5 WER L RA

(1) BHFESCASAE I 51803 B FEHES I SCATE IR AE LU — AN AL B e 25 58, TS R INE 2 17
BIHS L SCAATE B P, REE D BCEEE I BRI TG T 7T 481, (B H P A AT iz izt wfE LA 2
SR K.

(2) 2155 IRA I B SCA R, Z BRSO A & — P WIS O, (B SCAR R R4 H T
TR R, BRAS AR A, T EESCARRE RS SRR, R4, ANEREFT AR RS AR
[F R AR, X DU — NG AR I E R 25 52 B, WD B R S 5] o SCASK I . AN [ E e () R S A
G — 3| —ANRIEHELE & — /MER R R MR AR A PR EN 8. (EE RS, O8A¥ETE
ICDAR 2017 E4 U7 kb 384 49,

(3) 55 I BB M B SCAAS I 510 B ) SCAR R S5 1R 0 i, SR BE 5 I A H At 3z 5t S
PTG SUARRL, A T EREARE. HEABFEXZHEEENEZ, SECCABEG I RETAE
Se— B HE TS WA IEREARA 7T 1 2 A T B SCAKL I 5 059 77 2 — T 2L s ST 45

(4) SCARBE R A E A . SCARER 1 B 8 A RAME RS R SCAS I ZRRE AR DLFR A &, i B
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Deep learning for scene text detection and recognition
Xiang BAT", Mingkun YANG, Baoguang SHI & Minghui LIAO

School of Electronic Information and Communications, Huazhong University of Science and Technology, Wuhan
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Abstract Scene text detection and recognition is a universal text recognition technology, which has become a
hot research topic in the field of computer vision and document analysis in recent years. It is widely applied in
geographical positioning, license plate recognition, and driverless applications. Compared to traditional document
text detection and recognition, scene text varies more dramatically in font, color, scale, layout, and background.
Owing to its excellent performance, deep learning has been widely adopted in this field. In this paper, we mainly
review our representative studies based on deep learning in this field and describe the future research trends in
this field.

Keywords deep learning, scene text, text detection, text recognition, computer vision
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