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Abstract
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convolutional recurrent neural networksE HIE 2 E text detectionf recognition= 2+ HOf| =
Ct.
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image croppingO| Lt feature re-calculation, word separation, character grouping 2| =7t 1t
0| single forward passZ end-to-end & 0| 7t53|C},

O|O[X| 2}, ground-truth, text-label2t 7kX| 1 = frameworkE StEA|Z = A0, o B9
convolutional feature A4S 2 detection2t recognition 25 AHE3}H7| 20 processing time0| &
Ct= 20| AL,

0 2{ benchmark datasetO| A @3t d52 2RACt

1. Introduction

A A9 scene imageE Crfot I F B A S 7HK| 0 U7| W20l F&EetE A O|0|X| 2Lt & 022
task7} E| 1 YT DNNOZ O H &k |°*X| Of%| W2 |7t ot UCt.
7|1 E2| text detectlonJ-f recognition M & CHE F tHAZ O| R0 M AJA=0|, HH 2 text detection

I} recognition correlatedtCt, -2 0| feature |nformat|on0| T B0 0 SFE = A1, HEO
£ taskZt M2E complementdtH silE == QUL (text regionS & &= 20| recognition 240 ==
O] &|13, recognition= & t= Z0| detection2 refinedt=0 = &)

detection2t recognition2 &M spottingO|2t11 &L},
2 =20 M= & 37HX|E N A|IBHC]

1. convolution featureZ text detectiondt recognition0f 3722 A 012 taskE simultaneous
SHA stEe 5= A0 processing time2 =Y == UL (single-end-to-end trainable network)

2. M2 & region feature extraction. 7| =2| ROI pooling layer= region2 02 ALO| =2} aspect
ratiog 1°JEl AIO|=2 feature mapa HEHX|TH 722 71 £H 2 7K = texte| S84 =7t
02l sub-optimalO| E 23t} I Z 0]l ROI pooling0| HEH O 2 CHASH Z 0|2 feature map=
43510 RNN encoderg &6l &2t AtO| =2 SHaFC,

3. learning strategy: synthetic images with simple appearance and large word lexicon to
gradually more complex training data. & £%¢t 0|0|X| & st&35t0] H& g4,

2. Architecture
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network architecture= CHS1t ZHC}.

convolutional layer@t TPN, RNN encoder, MLP, attention-based RNN decoder

TPN2 text2| region2 75t7| ?I3l, RNN encoder= 02 fixed-length vector2| AtO|=E H|Qt5t7| 2
&li, MLP+= detectiont bounding box reggresion= ?|3l, attention-based RNN decoder+& word
recognitiong /s ALS3HLCE.

O|E HIE 2 2 detectiond} recognitionO| $+ H10j| O] 2 O{ ZIC},

Model

Convolutional layer2 VGG-160| A FC layerE M 2|2t £ 23 AFE L} o LBH O 2 text= %f7|
I} Z0fl 57H2| max pooling & 1, 2, 4#H M layerZt 27X down-sampling ratioE 1/3201|A 1/82 7}
A|ZACE,

conv layer &1t 2 TPNOJ|A| 04 2f scale?] sliding windowE feature mapdl H-&3}0{, local X
contextual 2 E A ElC} 0| Z HIE 22 text bbox =2 EE|EIZ &S = UL

0|%, M X RNN encoder(region feature encoder)= 0 Xl convolutional featureE fixed-length
representation 2 #2511 0| & MLP(Text Detection Network)0l|  2tCt,

MLP& bbox offestd} textness scoresE Al 4totCH O 2 A A4t HE = CHA| RNN encoder0f T &
O, O| £ HtE 2 2 OtX| 8t attention-based RNN decoder| Al text recognition2 =82t L|Ct,

TPN(text proposal network)
RPN textOf SHAH HH

T &4t fully convolutional network HEHE &[0 QULCE,

textl| 544 7t27t 27| WE20] E 6712 aspect ratio(1,2,3,5,7,10)2t 474 2| scale(16, 32, 64, 80)=
E k=247l2] anchorZ bboxE O FgL|Ct E3H W,HE CHE A convolutional filterE &1tA|7{ local
I} contextual & = Ct 7k Z 5= Q=S SICH O 7| M (5,3), (3, 1t 22 ALY 2YO| filterE At
23l=0| 0| = texto| 21t H|==3t receptive fieldE 2H=0] 2 aspect ratio2] &= & S2{FCt.

RNN encoder(Region Feature Encoder)

M dHUE LY Z textl| ratio S0 X3 2] ROI poolingE TSt O| A ot feature
map= LSTMO|| =XtE 2 2 E0| key 242 hwE Al&tetCt 55| Chet 27|12 ROI pooling2 = QI3
CHFSH AFO| =9 feature mapO| MM E|=H|, LSTMO| @O0{F7| M HE fixet 22 A MZ CHE 37|9
feature mapO| A& E|H2HE vectorl| Z0|7t YHSHEF SHCf

MLP(Text Detection Network)

2t M Region Feature EncoderOf A LSTM2 &3l T3 hw(extracted region feature)E HIE 2 2 0| =

o ROIZt text @1X| OtHIX|E F-ESL1, bbox2| ¥/ X £ refine L 0 7| A refine oFEf= 2|0]= TPNO]|
A 0|0] BHH bboxE O|E3H 1, 0| Z encoderOf| A A AtSiA| CHA| TDNOJ A O Z5H7| 2 0] refineSHCt
i)

Attention-based LSTM (Text Recognition Network)

M encoderO A 22 hw ¢f=2 attection 7|2+2| LSTM decoder0| E0{F 11, ground truth 2f2
input2 2 adoptsto] AHE LY,

Loss function

TPN-2 TDN2| bbox2f textnessE Al4tdt= At 22 A2 +=&5H7| U Z0]| loss?t Ch=1t 20| Fo| =
Ct.

TPN loss = binary logistic loss (classification)/N + smooth_L1 loss (regression)/N(+)

N2 A anchorQ| 7=, N+& positive anchor?| 74

0 7| M postive2t negative= mine hard negatives 28O 2 A ASHC,


af://n22
af://n25
af://n28
af://n30
af://n32
af://n35

OfX|2t2 2 decoderd| AFEEl LSTME| cross entrophy loss 7HX| 274 A 4tSHH total lossE 718 =
Ct.

total loss = binary logistic loss (classification)/N + smooth_L1 loss (regression)/N+ + cross entrophy
loss/N+ (recognition)

learning curriculm

1. 48k images containing words in the Generic lexicon of size 90k (lock TRN initially for 30k)

2. after 30k train TRN with Ir of 10-3

3. for next 50k, used Synth800K dataaset with average 10 synthetic words placed on each real
scene background

4. 2044 real-world images from ICDAR2015 dataset
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