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Review of scene text detection methods based on deep learning
ZHANG Jing, SUN Qiaoyu, LIU Zhenbing

(School of Electronic Engineering, Jiangsu Ocean University, Lianyungang Jiangsu 222005, China)

Abstract: Text detection technology has a wide range of applications in society, and with the integration of deep learning, it has
been further enhanced. In recent years, the number of detection algorithms based on deep learning has gradually increased, and
corresponding solutions have been proposed for various problems in scene text detection, improving the performance of these
algorithms. This paper summarizes, analyzes, and concludes these algorithms, categorizing them into two main types: regression—

based and segmentation—based. Their performances are compared, and based on the research on these algorithms, new research

directions are proposed for the future development of the text detection field.
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1.1 [E#EEE®

7K S SCAS 1 BF 5%, CTPN ( Connectionist Text
Proposal Network ) >R FH T Ff % 4 HE A I 78 53 SCAS 1
(L, AR SO B R AE AT 3 e 40 4L, 153 5C
AX I ; Inception RPN (Inception Region Proposal
Network ) SSD (' Single Shot multibox Detector) Y 4=
R RGP EBO T T RAERY He i
B3 KO SCAR B G

XF 2277 18] SCA BRI ST, TextBoxes + -+ < 45 1
BARIBCCASFE AR TEHESEAT [0 I, 45 31 22 11 B2 1)
SCASHE [8] )5 475 4.2 RRPN ( Rotation Region Proposal
Networks ) ¥ fi £ 15 B M T RPN H | i FH 19 A AE
SMEUNE 1 R, TextBoxes++ 1 RRPN 1 # Jy 20 4E
275 KR AR EHE 5 SBD ( Sequential —free Box
Discretization ) o DX Jal 2 0 Y 30 B U 8 A SR s
M35 2] P A bR i DR TC 26 A o SCAS I | sk B T
SR ARE

Bl 1 RRPN H9%# s 5K BE
Fig. 1 Anchor strategy of RRPN

Xf T4l SR FE B RSO W 58, CTD
( Curve Text Detector ) 53T [l A #MNEFEIE 1) 155 Fl 98,
TN KE B A DG AE [ 14 /> 808 R 58 00 i 3% it R A8
IESCARKE, SR AT 14 s AR PR RS 25 it SCAS, &l 2 fr
75 SLPR(Sliding Line Point Regression ) X % ! Y
Al R RE T E T 24 R 1) R 1) 198 3, i 5 3C
AN GANZE N B IEME I SCAKE , FTLUARIRAE &
JE MR B SC A7, ATRR ( Adaptive Text Region
Representation ) fifi 1 LSTM ( Long Short — Term
Memory ) X5 e 4G FAE b 14 5 AL AR E AT 1A 7]
U9, 75 31 BE % 56 B 7R SCASHE 1 JiT 181 45 £ HUHE R
£k[8) . CSE ( Conditional Spatial Expansion ) % [X 5 4
W SCAS DI E R 7 %, I A 015k H ToU
(Intersection over Union) it 2% .4t RPN /9 8] I 45
2R, o3 DR BRI IX S8R ) 3 T AR P 7 1) 1) JR) P S B
PEAT R 75 2 HE B A, X 48 B AT A E AR A 4
SEALER WD SCAR AR AE L

B2 AT
Fig. 2 Coordinate representation of curved text
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X 7K SCAS B BF 5T, RRPN ++ 4 435 10E 18] 43 1 i,
PR, XoF IO A H A A 1A T[] 05, D 2> F s )1
AF-RPN ( Anchor—Free Region Proposal Network ) %%
4 FPN(Feature Pyramid Network ) & 3 4~ A [A] R
SPRORFAE IR, 20 A R (R N 3 R RS A SCAS A
Jo g Ok ) SCAR I IXC I

Xt 2 77 1) SCAS [ WF 5T, EAST ( Efficient and
Accuracy Scene Text detection pipeline) E % H £ i
AP G HEATRAAE SR I, 75 3 SOARMER I SR
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TR P T SORKLIN 1 R (H R TR Y SRS
TR ATEAR 2] . RRD ( Rotation sensitive Regression
Detector) FHXS SCAS T ) SRR AS BEURR 4 T3 e A1 ]
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R PERE  AEJE X T3 T 20 B SO JF-HERY 2 B 3C
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ANHER B B /b 0 1) 8, SCHR [ 16 ] RS SCAR
T30 Be BN ae s SRR B SO 4 S5 B
4 ARG AT NS, AT LUA 80 AG ) 2ok 1 5 3
MSCAAT, IncepText 7E FFfiE 4 B B Bt Al PSROL
Pooling ( Position Sensitive ROI Pooling ) B Bt H il A
FIASTEAR AR, 18 R 00 2% 11 J A2 B AR o DXl 1) i 7%
DA SRR SCAR

X BB IR SCA [ iF 58, ABCNet ( Adaptive
Bezier—Curve Network ) & Jf] Bezier &) G 1L B2
ARBYSCAS | AR e i 4xf th A7 e 4l 2
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TD500 |-, #5323 [m1H J7 3 iy PEREXT L L& 1, %k
PE4E ICDAR2013 3= %y /K S SCAS 41 i, 98 4

ICDAR15 1 MSRA-TD500 {1, & 4} SCAS ; 75 2 4R
PEAE CTW1500 Fl Total —text |-, #5433 T[] )4 )5 ¥:
IPEREXT L WL 26 2, B9E 45 CTW1500 Fl Total —text
(2R B N

F 1ML 2 P RINUENF R TG EEF
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Table 1 Performance comparison of regression—based methods on ICDAR2013, ICDAR15 and MSRA-TD500
ICDAR2013 ICDAR2015 MSRA-TD500
J7i:

P R F P R F P R F

CTPNIY 0.93 0.83 0.88 0.74 0.52 0.61 - - -

Inception RPN'?) 0.87 0.83 0.85 - - - - - -

TextBoxes++3! 0.74 0.86 0.80 0.76 0.87 0.81 - - -
RRPN[# 0.95 0.88 0.91 0.84 0.77 0.80 0.82 0.69 0.75

SBD (3! - - - 0.88 0.92 0.90 - - -
CTD'®! - - - - - - 0.77 0.84 0.80

SLPR!7] - - - 0.85 0.83 0.84 - - -
ATRR'® 0.89 0.93 0.91 0.86 0.89 0.87 0.82 0.85 0.83

RRPN++10] - - - 0.86 0.87 0.86 - - -

AF-pPNI!] - - 0.92 - - 0.89 - - -

EAST!'?] 0.90 0.94 0.92 0.83 0.89 0.86 - - -
RRD!®! 0.78 0.83 0.80 0.67 0.87 0.76
GNM!™] 0.75 0.88 0.81 0.79 0.85 0.82 0.73 0.87 0.79

ITNI13] - - - 0.86 0.90 0.88 - - -
Scikte) - - - 0.85 0.74 0.79 0.90 0.72 0.80
IncepText!!”] 0.87 0.91 0.89 - - - 0.77 0.83 0.80
TextBPN!'?] - - - 0.80 0.90 0.85 0.79 0.87 0.83
CTPNIY - - - - - - 0.84 0.86 0.85

£2 #HHETFEVEAMF AL CTWIS00 0 Total—text R HEEER LE
Table 2 Performance comparison of regression—based methods on

CTW1500 and Total—text

CTW1500 Total —text
ik

P R F p R F
CTD!%] 0.690 0.77 0.73 0.71 0.74 0.73

SLPR!7 0.80 0.70 0.74 - - -
ATRR'® 0.80 0.80 0.80 0.76 0.80 0.78
CSE!! 0.81 0.76 0.78 0.81 0.79 0.80
ABCNet!'®) 0.84 0.83 0.83 0.83 0.86 0.85
TextBPN! " - - 074 - - 075
CTD!o] 0.83 0.86 0.85 0.85 0.90 0.87
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FRESRBGE R In AT B 1 2 RO R B R E 1
SRARFAE X 22 RUBE SCAS (A R BE ), IR 48 SCA L
AT RRAE $2 B SCAR AT, FH K 4G T 7K 7 SCAR P MCN
(Markov Clustering Network ) , K SE7iF AR 4 SC A 19
JRIFSAE DA RS SUAE B HEAT g R, 2B B Bl AL O 15
( Stochastic Flow Graph,SFG) ,7E SFG % H & /R %
FE 2 (Markov Clustering, MC ) ¢ J& T [f] — XA 47
MG R HEATIRIS AT LIAG I R A2 A IR e 1) 3¢
A2 PMTD ( Pyramid Mask Text Detector ) 15 %
SR B AR B [0, 1 ] X Ta] AR A 15
A BE BRSBTS
T - T SR 2R B 0] 48 7 B 0 ISR AT R AR, 15 3
IR A Y SCARAE | sk A, 1 R R AT X il o3 3]
E AR AR Y 4 A rh ik AT U 25 (9 ] 85 DBNet
( Differentiable Binarization Net ) PR i — 84k
By Al 1 302 oL pR B, i — 2P IX A3 SA 59k
SCAS 2 v K I R R, JE R3S T ASF ( Adaptive
Scale Fusion) #3125 [0] 1 & 1 2 2 AR R RY
REAE P AR, 380 R Rl B I B e

BT X AH I SCAS R % R0 SCAS &G I 1) 75T, SC ik
[25] 51 AT AR B A1 ik A ( Learning Shape — Aware
Embedding ) R0 SCA | — A3 SCFERHE B IF AL o
IMAALEAR BAF BN AR, — 473 S A
O BRSO A HEAT SCA 73 ) ARE AR R Ak A RE
BEXHG R 17 R A5 B SCA X 48 ; TextMountain 7
FET AT B SCA G 3 B SRR SCA L Oy T B
BRI T A5 2 O SRR aniEl 3 TR
AR PG R ML 1 A T o) 1 SCAR HO T ) % SC
AT e T IR SCAS T 1) FUERSZ B o /Ny ok
HOTETE TR

3 TextMountain B 7]

Fig. 3 Example of TextMountain
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SegLink ( Segment Linking ) A6 7 £ & (1) 5.4~
A5 RPN R R AE |45 2Z 18] B8 5 308 747 1
PR SCARAT ; TextSnake AR5 SCAS X IR HY S A
HULER TE G2 b im— ZR 5 Y IR 2 4 60 2 8 ) e

INZHTE A5 B SCARMEY ; CRAFT ( Character Region
Awareness For Text detection ) 3 1 /& 2 #4 & 4 1514
F I DX IAG A3 FIE RS 53, 23 0145 2 A5 HE FIAH
SRR AN BEHE , IR % B AR B SUARAT 5 3
HR[ 30 145 SCAR AL 22 18] 1 5C 28 2 I BRBE S, 120k
IPS( Instance Pivot Subgraph) , 5 BAAN SCACZH 454 H
JSR AR D — AT R, SR A AR 1Y AL B RROL
(Rotated Region of Interest ) 41 F1 JL A Jg& P {fi FH
GCN X 45 U FEA TR BE O ZR PO 4 2B AR T
2.1.3  RFICAFLY R TTE

N T Gefigtaed 58T Y SCAS B ER A6 ], PSENet
( Progressive Scale Expansion Network ) 7F fic/MZ R
873 T P LA AR b 73 B 8 SO X, SR 0 R T
TR R SCAAZ 53 1 D SOA XA T e S ik
J&, 4 frRPY . PAN ( Pixel Aggre — gation
Network ) R FHF =B T ML, 455 FPN HEam by
TEIZIRRE Ty, I B Rk fl 5 10 7 2, il iz 5
5 AR SR R0 5 SOAR 3R A B B X SCAR B R
FYERIE, DT 8 AN B ATORS B2 1 2% 40 T 2 A6 )
B

WA XS 5| AL PTG 58 19 77 1%, Guided CNN
TEMZE P INABEHL G BSCA Y 5 | S, it
TR 225 S5 DX, B e A
22 EAETHRERMMERERTE

TEATTFECIEAE CTW1500 F1 Total —text |-, #43
FEF 3 BB L B BT L L 2R 35 A T EidE 4
ICDAR2013 ICDAR15 #i1 MSRA -TD500 I, &/ %
T ISR PEREXT L WK 4,

®3 BMAETHBMAEE CTW1500 1 Total —text _E I {4 A
XfEE
Table 3 Performance comparison of segmentation—based methods

on CTW1500 and Total-text

CTW1500 Total —text
ik

P R F P R F
DBNet! 2] 0.86 0.80 0.83 0.87 0.82 0.84
kL) 0.87 0.82 0.85 0.88 0.83 0.86

TextMoutain ¢ 0.77 0.82 0.80 - - -

TextSnake! %] 0.82 0.83 0.83 - - -
CRAFT!®! 0.67 0.85 0.75 0.82 0.74 0.78
SCHk[30] 0.81 0.86 0.83 0.79 0.87 0.83
PSENET!3!] 0.83 0.85 0.84 0.84 0.86 0.85
PANI3] 0.84 079 0.82 0.84 0.77 0.80
DBNet!?*) 0.86 0.81 0.83 0.89 0.81 0.85
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Fig. 4 Architecture of PSENet network

F4 BHYETFHEMTETE ICDAR2013, ICDARLS 1 MSRA-TD500 L fyi et bk
Table 4 Performance comparison of segmentation—based methods on ICDAR2013, ICDAR15 and MSRA-TD500

ICDAR2013 ICDAR2015 MSRA-TD500
Ik
P R F R F P R F
CCTNE2! 0.90 0.83 0.86 - - 0.65 0.79 0.71
MCN!2] 0.88 0.87 0.88 0.72 0.80 0.76 0.88 0.79 0.83
PMTD!%! - - 0.85 0.72 0.78 0.91 0.87 0.89
DBNet 2 - - - 0.91 0.83 0.87 0.91 0.79 0.84
SCHk[25] - - - 0.90 0.83 0.87 0.91 0.83 0.87
TextMoutain 2] - - - 0.85 0.88 0.86 0.81 0.84 0.82
SeglLink "] - - - 0.88 0.84 0.86 - - -
TextSnake ) 0.87 0.83 0.85 0.73 0.76 0.75 0.86 0.70 0.77
CRAFT!?! - - - 0.84 0.80 0.82 0.83 0.73 0.78
SCHR[30] 0.93 0.97 0.95 0.84 0.89 0.86 0.78 0.88 0.82
PSENET?!] _ - - 0.84 0.88 0.86 0.82 0.88 0.85
PAN(32 - - - 0.86 0.84 0.85 - - -
SCHR[30] - - - 0.84 0.81 0.82 0.84 0.83 0.84
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LT [B1H J5 ¥ A REAR G 1l A B4 s RUST 19 5C
A T BN I AR RS 2 1Y SR A BB R £ X ik
B/, SCHR [ 34 ] 45 & B bR Ay %1 07 2 1 B AR,
P TR AR SR AR X 7 B A I s EEXT
—BERTRTENS 55 SCA 5 SCARHER 12 53 ik RS2
AN 2 B9 [R) @1, MOST ( Multi — Oriented Scene Text
detector ) TEXT 5 SCAREAE B B, Al 17T A2 T8 45 BN
REL WS ARG I 545 SR A | TRUI SRAE LA RS, SR R SRAE A

S SCA s RUSE ) ), 42 3 1RSI SR ohy
TP X A SCA FIAT: BB AR SCA 19 46 I, LOMO
(Look More than Once) 5| Aff .3 % 1 BlH U1 B
SCAHE A RABBR I IR AL , 2 AL 13 31 UK IX
S, PR SOA X, SOA P GO S m s S 2
J7 18] SCARAT I AT BN SCARKE , 280358 1 X SR A
m &5{%[36] ; PCR ( Progressive Contour Regression ) X
DI S S F 58 B A R AT 1 50 SR ARl A 0 B R
S SCA R TN A1) i B 45 28T 1 8 B AE | X B
FEEAE TSI A7 A U RS RO AR AE | 5 R 1T 4
JERAGI | SR FI%E BR A 3 61 746 S, 2 Uk AR AT 56 R
SR B 2 (0 SCA RS B, A T TUAR m M P R
A B BB 5 YT, FCE ( Fourier Contour
Embedding ) >R {5 HL 25 45l DX IR SRR 58 1) SR A
R B A R I U, 5% SO IX RS R i
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FHAREAIE )t , X0 SRAE AR A1 AR B P AR A [ 306 72 46
(Inverse Fourier Transformation, IFT) %23 [a] 48, 15 5|
B SCARFE B AP A (AR SOARHE T Ry s
3.2 EEEXTEE

TEATFRAREAE CTW1500 il Total—text |,3.1 75
TR Bk i ME BB X BB L 3R S, 7R A IF U 4R
ICDAR2013 ICDAR15 #il MSRA-TD500 [-,3.1 5 fif
WAL EREXT L LR 6,

®5 HfttxARMELAE CTWI500 70 Total-text EHIIEREXTEL
Table 5 Performance comparison of other text detection algorithms
on CTW1500 and Total—text

) CTW1500 Total ~text
i P R a P R F
LOMO!3 0.69 0.89 078 075 0.88 0.81
PCRI¥ 0.82 0.87 084 082 0.88 0.85
FCENet ) 0.83 0.87 0.85 0.82 0.89 0.85

F6 HxA#KNE X7 ICDAR2013, ICDARI1S F1 MSRA-TD500 Ay 3T L
Table 6 Performance comparison of other text detection algorithms on ICDAR2013, ICDAR15 and MSRA-TD500

] ICDAR2013 ICDAR2015 MSRA-TD500
i P R F P R F P R F
SCHK[ 34] 0.93 0.79 0.85 0.94 0.70 0.80 0.87 0.76 0.81
MOST!?! - - - 0.89 0.87 0.88 0.90 0.82 0.86
LOMO3¢! - - - 0.83 0.91 0.87 - - -
PCR! - - - - - - 0.83 0.90 0.87
FCENet:* - - - 0.82 0.90 0.86 - - -
Proceedings of the 2017 IEEE International Conference on
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