Scene Text Detection and Recognition
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K| =25 H Text Detection2| CHEZX QI 2 2 9l EASTS} Text Recogniton2| CHE A Q1 2 & Ol CRNNO]| CHSH
A0Sk 0 S},
EAST: AN Efficient and Accurate Scene Text Detector

StLtel coNv 52 MM RBOXL QUADES 0| =5t= 23,
SegmentationOfl 20| AL E|= U-Net T+ = 2F A

concatenate

[ 1

1
=
=
Scoremap (R
L =
. 5 geometry g‘
128 : (=]

128 b4

32 32 32
<Input>
Encode Decode

U-Net2 O] 2] Conv® 2 AKX A Feature Mapa 7| & & =1 O =722 HE DeConvPLZ A
Feature Map3 7| & CHA| 37| PtE &= T2 0|12 Skip Connections & 8lf fine-grained?t SH = &
ot= WERIZO|CE EASTE U-Netdf H|=ot #2F &3l RBOX, QUAD 0| 50 2ot £F
FSHA QUL

O| [t} Feature Extractor(Encoder)= PVANet S = VGGNet= X EfSHCF10 SHCY

EAST2| £33 2 2+ Score map & 5 geometryO| ULt (RBOX 7|&)



box edge
distances

Buipjoysauyy

AH label

Score Map (T 2:6)2 2t TA0| EHOj 49 Ljojl 9 HBO| H7I MapO Z 2E0| £2 +5 10 7H7H2L 2
MO 2 LIERH 4 QITh 2HE0| 2 T2 00 F7HP L] YA O R LIEFHTE 2Lt O] Score Map0] 3|
B M2 MO LIEHYRIE 22 2R gct

H2tA 5 geometry= F7+E O| BHLE

5 geometry+ text box 2} text rotation angle S 2 EM 12 (d)2t (e)S HISHH =ICH

text box(d)= Zf T =7 box2| 471 B ALO] AH2|7F 7 QUCH O E S0 A HKY x-S = A0} box &
Batol AHe|, & HM A 22 T box R HIC| HE| S22 O|ROXEZ F 4712 E = O|FO{ M UL,
Of lf 2= M 22| gtO| =/ LIEfLIEH BtAo] S0z FFL 4= UL

text rotation angle(e)= & L2 F St box 7t 2| ™ =l ZH = 0| L},

i
Jal
I

Of

=

P
ot

o

ot score mapf 5 geometry ottt 5 £ AAKIE HE T boxes XM box2t D 0|5 S

(’%* £5P7ﬂ et W E HF SR 2 AEFSL) CHEF ZHLEX] B2 37 box box2| S 0|L} angles
ESES

4 0f(score map, 5 geometry)E 7tA| D boxs 2 T Fl 244 E+E AN £ B 0|42

box= 2t *.j 2ot= | F0[2t & = QUL

ny
A H
o
|l
10
ET

2I2EF 2 AN E AA boxS1 XHO|7F LS EH|L lossE A4t 2 backpropagationSi Al O H =5t

| &
HYEE X =L} Ls= score_map2| =4, Lg= 5 geometry2| =4 0| EIC}

r

= EAST 2 29| 4 ZA1O[Ct (ICDAR 2015)
SOTAE E 9| F-Score= 90% O| &= 7HX| X| Bt EAST= 80% & 7+ EIC} SFX|2F Scene Text Detection = OFO| A
oot gtk dZ MAIgH =&0| 2t Lt

— o

| Algorithm | Recall | Precision | F-score
Ours + PVANET2x RBOX MS* 0.7833 0.8327 0.8072
Ours + PVANET2x RBOX 0.7347 0.8357 0.7820
Ours + PYANET2x QUAD 0.7419 0.8018 0.7707
QOurs + VGG16 RBOX 0.7275 0.8046 0.7641
Ours + PVANET RBOX 0.7135 0.8063 0.7571
QOurs + PVANET QUAD 0.6856 0.8119 0.7434
Ours + VGG16 QUAD 0.6895 0.7987 0.7401
Yao et al. [41] 0.5869 0.7226 0.6477
Tian er al. [34] 0.5156 0.7422 0.6085
Zhang er al. [48] 0.4309 0.7081 0.5358




An End-to-End Trainable Neural Network for Image-based Sequence Recognition and Its Application to Scene
Text Recognition (CRNN)
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ABBYY [14] 24.3 - 5.0 - a0 550 -
Wang ef al. [11] - - - 57.0 - w0 a0 - - -
Mishra ef al. [15] fi4.1 57.5 - 732 - A1.E A7E - - -
Wang et al. [17] - - - 00 - 900 B4.0 -
Goel eral [17] - - - T3 - 9.7 - - - -
Bissacco et al. [4] - - - 9.4 TH.O - - - - L]
Alsharil and Pineau [] - - - 743 - 031 BRs 851 - -
Almusin et al. [5] 912 &2l - 39.2 - - - - - -
Yao et al. [74] 0.2 693 - 759 - B85 803 -
Rodrguez-Serrano e af. [11] 761 574 - T0.0 - - - -
Juderberg eral. [17] - - - 86.1 - 962 915 - - -
Su and Lu [57] - - - 310 - azao BLO -
Gordo [14] 933 Bob - ol.8 - . - . - .
laderberg ef al. [21] 971 927 - 954 ROTE 98.7 9846 933 930+ Ol.8*
laderherg ef al [21] 955  ROB - 932 7.3 U978 970 934 ROA B8
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Fig. 3. Example of blurred images in Gaussian set (a) and Motion sct (b).
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