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O Backfed Input Cell

Input Cell

Noisy Input Cell

. Hidden Cell

. Probablistic Hidden Cell

. Spiking Hidden Cell

. Output Cell

. Match Input Output Cell

. Recurrent Cell
. Memory Cell

. Different Memory Cell

Kernel

Convolution or Pool

A mostly complete chart of

Neural Networks ..o
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Neural Turing Machine (NTM)
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Competitions Datasets Notebooks Discussion Courses e

Featured Code Cqmpetition

Classification

Severstal: Steel Defect Detection ({8 " $120,000
Can youdetect and classify.defects in steel? ; ~ s

'0 . 26 m Severstal - 1,558 teams - a month to go (a month to go until merger deadline)

Overview Data Notebooks Discussion

0 . 2 Public Leaderboard Private Leaderboard

0.16

Classification error

This leaderboard is calculated with approximately 33% of the test data.
& Raw Data £ Refresh
0 1 2 The final results will be based on the other 67%, so the final standings may be different.
M In the money M Gold B Silver M Bronze
0.1
0'07 # Team Name Notebook Team Members Score Entries Last
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3. *Hﬂﬂﬁi (Recall, Precision)
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End-to-End
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(1-NED : Normalized Edit Distance)
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EAST: An Efficient and Accurate Scene Text Detector (Xinyu Zhou, et. al, CVPR2017)
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EAST PixelLink
R(1.00), P(1.00), H(1.00) R(1.00), P(0.67), H(0.80)

EAST: An Efficient and Accurate Scene Text Detector (Xinyu Zhou, et. al, CVPR2017)
PixelLink: Detecting Scene Text via Instance Segmentation (Dan Deng, et. al. AAAI2018)
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22 249 113 286 "The"
142 249 287 286 "Photo”
326 245 620 297 "Specialists”

N

<y 3 e
GT 1.txt

158 128 411 181 "Footpath”
443 128 501 169 "To"
64 200 363 243 "Colchester”
394 199 487 239 "and”
72 271 382 312 "Greenstead”
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el H=J|(EAST, PixelLink)

EAST: An Efficient and Accurate Scene Text Detector PixelLink: Detecting Scene Text via Instance Segmentation
Dan Deng'©°*, Haifeng Liu', Xuelong Li*, Deng Cai'*
Xinyu Zhou, Cong Yao, He Wen, Yuzhi Wang, Shuchang Zhou, Weiran He, and Jiajun Liang 'State Key Lab of QAD&C("_'J, College of Computer Science, Zhejiang University
2 Alibaba-Zhejiang University Joint Institute of Frontier Technologies
Megvii Technology Inc., Beijing, China °CVTE Research

4Xi’an Institute of Optics and Precision Mechanics, Chinese Academy of Sciences

{zxy, yaocong, wenhe, wangyuzhi, zsc, hwr, liangjiajun} @ megvii.com dengdan.zju@gmail.com {haifengliu,dcai} @zju.edu.cn xuelong_li@opt.ac.cn
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EAST: An Efficient and Accurate Scene Text Detector (Xinyu Zhou, et. al, CVPR20"
PixelLink: Detecting Scene Text via Instance Segmentation (Dan Deng, et. al. AAAI20
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Gated Recurrent Convolution Neural Network for

OCR

Jianfeng Wang*

Beijing University of Posts and Telecommunications

Beijing 100876, China
jianfengwang19910@gmail.com

Xiaolin Hu

Tsinghua National Laboratory for Information Science and Technology (TNList)

Department of Computer Science and Technology
Center for Brain-Inspired Computing Research (CBICR)
Tsinghua University, Beijing 100084, China

x1lhu@tsinghua.edu.cn

GRCNN

Yl &

Feature map

BLSTM

Transcription
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QIA1J]1(GRCNN, ASTER)

ASTER: An Attentional Scene Text Recognizer
with Flexible Rectification

Baoguang Shi, Mingkun Yang ™, Xinggang Wang, Pengyuan Lyu, Cong Yao ", and Xiang Bai

Input Image Rectified Image
Text - Text
Rectification [ ————————| Recognition —>"Storgge"
Network Network

=) “Action”

Gated Recurrent Convolution Neural Network for OCR (Wang, et. al, NIPS2017)
ASTER: An Attentional Scene Text Recognizer with Flexible Rectification (Baoguang Shi, et. al. PAMI2019)
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One-to-Many, Many-to-One 2X||&= S 0fL} LHAHSH}?
«  TH| HIAQ| 2~9%0| SHESHH,

+ O|l= 2[HEE Top10 L =?/0l Y= == w2l0let =X

Split Detections Merged GT's

(one-to-many) (many-to-one)
EAST - ICDAR2013 3.84% 1.46%
PIXEL - ICDAR2013 6.09% 3.29%
EAST - ICDAR2015 1.13% 1.54%

PIXEL - ICDAR2015 2.05% 0.35%




DEVIEW

6.3 A7 ol T3t AZ A

J|E HIIAI(=EH0] TH)T} S310] IH5 B
»  LHO| ERRIOIM OHE 2 X12| &A17t FHHH = X3 (Permutation)

©®D2e®BR®®O®W®® T

O
M Z\%\o oo e
9E 3R 3 _ 10 *

2= 22X 10 10
]
=

-l
1
o

o 0
Veewee  we®O©©  Predson = gEa a5 len(DEVIEW2019) ~10 O



DEVIEW

6.3 A7 ol cifgt A3 A

AN — re =) o)
|E BIMA(=E0] BHl) 22t0] OF58It?
.+ CHO] EERIOIA e 2XEQ| M7} FIHIFE HRE Aol gl

AMONG THE RECOGNITION RESULTS WHICH COMPOSED OF THE SAME

ALPHANUMERIC COMPONENTS AS GT, THE PROPORTION THAT DOES
NOT EXACTLY MATCH GT.

ICDAR2013  ICDAR2015

ASTER 0.00% 0.05%
GRCNN 0.00% 0.14%
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For ICDAR2013 Test Dataset

me (22 st

Word Level  Character Level Diff
EAST - ASTER 0.8649 0.8616 0.0033
PIXEL - GRCNN 0.8562 0.8531 0.0031
EAST - ASTER 0.8540 0.8513 0.0027
PIXEL - GRCNN 0.8552 0.8538 0.0014
For ICDAR2015 Test Dataset

Word Level  Character Level Diff
EAST - ASTER 0.8017 0.7991 0.0026
PIXEL - GRCNN 0.7696 0.7661 0.0035
EAST - ASTER 0.7792 0.7783 0.0009
PIXEL - GRCNN 0.8003 0.7986 0.0017
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For ICDAR2013 Test Dataset
PopEval  PopEval at

Vocab AP [-NED at word character
EAST -
ASTER 0.7858  0.4595  0.8884 0.9305 0.9340
EAST -
GRCNN 0.7910 0.4437 0.8800 0.9457 09461
For ICDAR2015 Test Dataset
Vocab AP 1.NED PopEval  PopEval at
at word character
EAST -
ASTER 0.7776 0.5792 0.8124 0.9272 09213
EAST - 0.6870 0.5410 0.7262 0.8221 0.8204

GRCNN
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. https://arxiv.org/abs/1908.11060
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https://arxiv.org/abs/1908.11060
https://github.com/naver/popeval
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TLcvpr2019)2| CHE-E0| Arbitrary Text Shape0f| 25t 2

Text localization Text recognition

Xiang Bai et al. ICDAR2019
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[terative Rectification Network

g CorsiLg

[ter =1 [ter = [ter =

ESIR: End—to—end Scene Text Recognition via lterative Image Rectification (Fangneng Z. et. al. CVPR2019)
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seacrest seacrest seacrest seacrest seacrest seacrest seacrest
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london london london london london london london

N - e . -
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coffee coffee coffee coffee coffee coffee coffee

-
wildcats wildcats wildcats wildcats wildcats wildcats wildcats

.' 'S
oo oe g - ;
7
-

chocolates chocolates chocolates chocolates chocolates chocolates chocolates

2D Attentional Irreqular Scene Text Recognizer (Pengyuan L, et. al. arXiv 2019)
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Precision = st =zt~ len('NAVERPAPAGO") ~ 17 ~ 100
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