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Short edge vertices regression network: A new natural scene text detector

YOU Yangbiao, SHI Fanhuai
(College of Electronic and Information Engineering, Tongji University, Shanghai 201804, China)

Abstract: In recent years, many scene text detection methods based on generic object detection framework have
been proposed. These methods usually predict the entire bounding box of the text directly, while it is difficult for
them to detect long text effectively due to the limit of receptive field. To solve such problem, a scene text detection
method based on short edge vertices regression network was proposed. The method divides the text region into three
kinds of regions, namely regions near two short edges and middle region, where separate text regions are firstly
predicted and then combined, whereas the entire bounding box of the text is not predicted directly. Specifically,
three kinds of regions were segmented on a residual network combined with multi-scale features, and two vertices of
a short edge were predicted at each pixel in the region near the short edge. Then the regions near the two short
edges were combined on the basis of the adjacent relationship between middle region and short edge regions in the
post process, and vertices of short edges predicted by the two regions near short edges were combined to generate
complete and accurate detection results. Finally, experiments were performed on a long text detection dataset and
several public scene text detection datasets such as MSRA-TD 500, ICDAR 2015, and ICDAR 2013. The proposed
method outperformed most of existing methods in accuracy and speed. Experimental results demonstrate that the
method has advantages in text detection, especially for long text.
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Fig. 1  Flowchart of scene text detection with short edge vertices regression network
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Fig.3  Flowchart of post process and illustration of intermediate results

2 RIS oA

BT RIEA SO R B ROR AR SORAE R I 3
DNTFER) A SR s SRR B 48 B — SO %R
7 S b v plll N W AL 2
2.1 HIEK5ITFMIER

D) KSCARBESE . R WA, S —A 30k
SH S MR Z KT 7 B, A ISR S R
KA, M MLT #dlg 4270 Pk i 742 Jk & A K X
A S 0 R AR SCAS B 4 B A Y SOAR
SEBE S, BRI

2) MSRA-TD 500"/, MSRA-TD 500 1% 500 i
B, el ZR46 4 300 5K, AR AT 200 5K, %%k
P ARAL B T SC G S SO RSB SCOA R H bR A
SCARAT  BRTE RSB N e Y o 1 A (9 5

AREA K/NERIZL KT8 L ASRRIZL 205 7]
M EARE TSR SCR I EMS Y 40% 1K SCAR L
18] o5 S SCAS S Y 27.3%

3) ICDAR 2015 %% ¥ 42 % H T ICDAR
2015 ERb Ew e, ZBUREM S 1500 KK F,
YIZREEA 1 000 5K, T4 500 7k Rk 4E, %5
i AL 157 1 SCAR S 3, SCAR S B s 1 2 B S BRL]
FI AT . 5 MSRA-TD 500 #H L, 2808 5 1
SCARRIRERA 277 [ R A (R R/IN K58 L AR kAR
BN, ZBEE TR SCARTH H S 1.5%

4)ICDAR 2013 %% dls 5 — A 462 5K A
R IZREEA 229 9k REEA 233 5K, 18R 41
SCAR RS, Kt — R T AR , bR 25 A i )
R, HA R SCARSB Y 6%

2 — AN SRS B ARG 25 S5 B HARSE i b



- 94 . Mok EOT Ol KR 4R

553 4%

KT 0.5 A S5 RN N 2 IR A A 45
IR — D FE RN ZE R SURAKG I PPN 5 bR
34, BEER(r, recall ) , #EHT R (p, precision) , £
BRI (f, f-score ) , HAH5 700

_ | TP

r_‘GT‘ (13)
_|TP]

_2XrXxp

R (1)

Ko | TP A IEH RN ES LA H 5 | GT [ EH LY
SCASEIPE H | DT | A 25 %k
2.2 EIEKHEET

H & B N SR AR /N, AR T ik S
2T LR SCARKG I gy 308 e S e i A H
S 5 0 58 e 1 T X RN R B8l i, B e A
RIFZALRE F, HUST-TR 400 H¥i 8 2 il 1] SeA A 7
BRTE, 7k 0 R R i R B i A #]
MSRA-TD 500 YIZh4E f, S35 Jyikts om0
7E ICDAR 2013 Il 2548 oin A LA I R A 4356
4y MLT ¥4 42 i A 2] ICDAR 2013 YIZkdErh, ATy
Dol e e fs  BE LB 3 oy kAT B i
%, % ICDAR 2013 5 ICDAR 2015 Y254, 7E44
R TE LA AT, B K 2 5 Bl ML 4 i 3
[640,2 560 | Z[H], $RIGTE[ —10°,10° ] Z[H] BEALE
FERR , R BEALEE 512 x 512 K/ R B Ak
FINGREA . T MSRA-TD 500 $¢¥i 4, K il
BB BB R AR K R [0.5,2. 0] f%, ) Bl
PLAERHO 024 x 512 ARG HAE I ZRFEA

ARl Adam ™ AR R RN ZR AL 7 ,
2RBE N 0.000 1, f H 225 P55 Ry 2 2] Rl %
Felg B2 ad 10 000 YRR, 2% 2 W8N [ R 1Y
0.944%, f#i FI7E ImageNet™' I 251 Resnet 50
BRI Ufs Al A D0 266 v REAE 2 BGRS 43 A AR 7R S 8, B
AR Z S HUE AT 6 YME R 0, 757220 0. 01
1) e 3 o3 A B BED LA TR AR Ak

FEMR I, 4 3 28 DX B0 AY 43 25 B (8 24 % B
0.9, SCEFORETFEASE & Intel Core 7700 CPU,16 GB
RAM, Nvidia GTX 1080 &, #:1E & 4N Ubuntu
16.04
2.3 HERRESW

1 AE T ARSI FINRE5 R, &
Hh& 7 B4 2 7E ICDAR 2015 IR 4E 1790 45,
FERSCARBARAE Eat ATk, i FUIghE St
FEAE—E 25, BT DL SR iR B AR, HEA
T EAEER R S A R s T H AL, S5 15450

BT HAMTTVE 5% o XTI RW TAITEAERK
SCA KGN J5 ThT B
R1 BAERERNAHREEHMLER LR

Tab. 1  Comparison of performances of different methods on long

text dataset %

ik R A Il LA
EAST!] 41.56 66.28 51.25
TextBoxes + + [*] 39.33 47.20 42.91
PixelLink 2] 37.22 65.61 47.49
Proposed 47.98 69.24 56.68

[l 4(a) (b) 43— FIRHER /53 TextBox + +
5 R E BT )7 EASTH Rl — A e K SUAR
BORIRG . B4 (a) il 2060 1 RE L HE g I AE | 35
CHEA RIS R, TextBox + + 1 BTN £
SCAS g — &5, B4 (b) il 206 /9 DY LB 2
EAST ™ 75 SCA DX e A 0355 15 3R A T80 A )
SR, IR SO DX ) 20 0 R ol T
AR PRS2 BN R S BTN 235 2R rp 22 B4 T
R (K5 JEE A 22 , T2 et 88 A 0 300 SR 50, A
WG N BRHER

K 4 (o) AARSOTTIER IR SRR, b 2@
HE DA R J AT 2 2R | (8 20060 B i 2 DX e 33l o SC
e J 300 DX A R DX e SCAS H ] XK, 7 e
DX A B R s IR TN SCAR 20 S 300 1) A TR, A
11 DI A Y A B A R I AN TR, 5 A
5 5 HOAE AP0 SCAR 1 FAE T i, AR S5k R
it B T SCAR R 11 B 30— /NBR DX T A FH S T
ANSCAR DX, Xof 0 245 1) sz B ORI, e DAAEAS:
DA SCAR I AR SCT7 VR AG DRG0 T o) o
S FITT

(b) EASTUIRG I ST AR R

I A AN
(© AR AR
B4 KA RO

Fig.4 Ilustration of comparison of long text test results




LERVR | BFrese, 55 BT I U 2% < B0 1 SR 55 SOR RGN 2% - 95 -

%2 NI VEAE MSRA-TD 500 Kd4E s
ghEIL A T A5 ok B 45 A B STk, AT
I7E MSRA-TD 500 P48 b3 5 H T RS
22 ROBE MG EA 70 3, o R PR A 9 4 4 ok i
EURHY 0. 6 i, 22 KRB G 53 3 8% 46 3R Dt R 1)
0.25.0.50.,1.00 f5, 2 h—2675 vk i HEif 5
TAT B ERE T e T —ErFmE, K
IR EEEAT18 M 82.66% , T 3CHk[ 27 ] Hy
1% . MSRA-TD 500 ¥4 S 450 H A5 AT, H
T EAFEZRIOR, 3R 2 MERFIREW TR L
FEA SCASKG I 77 THT AT 3Pk

R2 &FELE MSRA-TD 500 #iz&Ehillit & R LR
Tab. 2

Comparison of performances of different methods on

MSRA-TD 500 %

WikeS % PEIEES LA
RRPN'®! 82.00 68.00 74.00
DDR!"J 77.00 70.00 74.00
EAST!) 87.30 67.40 76.10
Seglink > 86.00 70.00 77.00
PixelLink 2! 83.00 73.20 77.80
RRD (%! 87.00 73.00 79.00
SCHk[27] 87.60 76.20 81.50
Proposed 86.30 74.60 80.00
Proposed * 86.63 79.04 82.66

TE: " 2 RS

%3 F/R M4 7 AE ICDAR 2015 503 4E /Y
DRZE S s, Forb A 5 ik A 25 Rk 1 & H S
BRo ATTEMENR RN A 1 728 x972, 33 5K
PEATLIE R, BARSCHR [ 27 | MM R T A, H
HA FRAL, BT RS ERE IS G TA T, 543
B0 N 2 5 RRD PO AIHE AR T sk 25575
53N 85.44% i T H1.6%

%3 £KHETEICDAR 2015 HIEE K& REL B
Tab. 3

Comparison of performances of different methods on

ICDAR 2015 %
Tk e 2R A % Loy
CTPN!2] 74.00 52.00 61.00
RRPN!® 84.00 77.00 80. 00
R2CNNM~ 85.62 79.68 82.54
TextBoxes + + %1% 87.80 78.50 82.90
Seglink > 73.10 76. 80 75.00
DDR[!3! 82.00 80.00 81.00
EAST!H4)* 83.27 78.33 80.72
PixelLink ] 85.50 82.00 83.70
RRD(%! 88.00 80.00 83.80
k[ 27 ] 94.10 70.70 80.70
Proposed 89.42 81.80 85.44
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Tab. 4  Comparison of performances of different methods on

ICDAR 2013 %
Fik AR # Il % ey
CTPN!2] 93.00 83.00 88.00
R2CNNT~ 93.55 82.59 87.73
TextBoxes + + % 88.00 74.00 81.00
TextBoxes + + 81* 91.20 84.40 87.60
Seglink [ 87.70 83.00 85.30
DDR!'3! 92.00 81.00 86.00
EASTI 4] * 92.98 82.98 87.69
PixelLink 2] 86.40 83.60 84.50
PixelLink 241 * 88.60 87.50 88.10
RRD!% 88.00 75.00 81.00
RRD[20!* 92.00 86.00 89.00
Hk[27] 93.30 79.70 85.80
k(271 92.00 84.40 88.00
Proposed 89.47 85.49 87.38
Proposed * 90.43 89.77 90.10
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Tab.5 Speed comparison of different methods

Fik WG GPU A iR/ (i-s—')
R2CNNE! 1280 x 720 K80 2.2
TextBoxes + + %) 1024 x1 024 Titan XP 11.6
Seglink % 768 x 768 Titan XP 8.9
EAST!) 1280 x720 Titan X 13.2
SCHER[27] 1280 x 768 Titan XP 3.6
PixelLink 2] 1 280 x768 Titan X 7.3
RRD'?% 1024 x1 024 Titan XP 6.5
Proposed 1280 x704  GTX 1080 13.0
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