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Time | Methods Target/Application Events
1920s | Optical template matching | Printed digits/letters 15t patent on OCR
1950s- | Correlated matching, Printed digits/letters 15t PR Workshop in
1960s | simple structural analysis | Printed Chinese (1966) 1966
1970s- | Feature matching Handprinted digits/letters | 15t ICPR in 1973
1980s | (normalization, feature Printed/handprinted IAPR founded in 1978
extraction), Structural words
matching, Statistical PR Handprinted
Japanese/Chinese
1990s | Research of various issues, | Practical applications in PC got popular
including layout analysis various areas (document Internet
and segmentation, HMM | entry, mail sorting, forms, | 15t IWFHR/ICDAR/
business cards, text input) | DAS in 1990/91/94
2000s | Re-inventing existing Remaining hard problem Google, Baidu

methods (e.g., HMM)
Borrowing from ML and
CV (e.g., BoW, deep
learning, RNN)

Improve existing apps
Explore new apps (e.g.,
camera-based, ink
documents)

Facebook, twitter
Smart phone, GPU
Mobile Internet
Weibo, Weixin
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Modern: to handle variable complex documents

— Deformable models
— Graph-based clustering

— Structured prediction, such as CRF (conditional random graph), GNN

(graph neural network)

— FCN (fully convolutional network)
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— Character recognition

P

BERR: AR

e Early research mostly focused on isolated character recognition, esp.
for Chinese characters (large category)

Normalization: linear, moment-based, nonlinear, pseudo 2D
Feature extraction: direction histogram, Gabor, structural
Dimensionality reduction: PCA, FDA, DFE (discriminative)
Classification: statistical, neural (MLP, RBF, polynomial), SVM

— Large category set: MQDF, LVQ, hierarchical
Deep learning

Character
Normalization

Deep Learning

l‘!

Feature
Extraction

Classification

X — P(c|x)

P

T~

—_— = Y

—

P ¥

LN

ey, e, HrJ

0.7, 0.1, 0.1

Multiple candidate classes for integration in string
recognition incorporating linguistic context



* Text (word/line) Recognition
— Explicit/over segmentation

e Relevant to human cognition
* Good for fusing contexts and knowledge

— Implicit segmentation: sliding window
* HMM

T TTTTTTATTTI TIT ResulSequence “HOPE”
i‘*:::‘EZLilvﬂlllfﬂluez:;.xcmll_\)wi 1
“““““““““““““““““““ [~ Tn]-Jo[o]-[¢Te]-]
* RNN, BLSTM 1 o
(bidirectional long short-term memory) i [ 000 '
* BLSTM combined with CNN (CRNN) . E
= J

* Sliding window classifier
(Applicable to large category set)

Input
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* Candidate segmentation-recognition path evaluation

 CNN for cut detection, character classification, geometric
context

« RNN-based language model (character based)

Input text line

l

Over-segmentation

Consecutive
P! imitive segments

Segments combination

Segmentation
candidate lattic
v
. .. Character
Character recognition |« .
classifier
Character
L candidate lattice
Geometric Language
= Path search =+ guag
model model

!

Result string

Y.-C. Wu, F. Yin, C.-L. Liu, Improving Handwritten Chinese Text Recognition Using Neural Network
Language Models and Convolutional Neural Network Shape Models, Pattern Recognition, 2017.
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Dictionary and
Language Model

e LSTM (long-short-term
memory) units to better
model long-range
dependency

* Decoding by CTC
(connectionist temporal
classification)

e Superior performance in
text recognition of
various styles
(online/offline
handwriting, printed,
scene texts)

CTC Outputs

BLSTM Layers

Preprocessed
Inputs

Handwriting

A. Graves, M. Liwicki, S. Fernandez, R. Bertonami, H. Bunke, J. Schmidhuber, A novel connectionist
system for unconstrained handwriting recognition, IEEE Trans. PAMI, 2009.



file:///D:/Liucl/DigiLibrary/OCR/Word/Graves09-connectionist_handwriting-PAMI.pdf

ETERREAHE
P 4% B9 S AR A

Conv-RNN (LSTM)
now dominates in
text recognition

Transcription
Layer

Becurrent
Layers

Convolutional
Lavers

L

t

e
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B
.

o e
)
-
TR

Predicted
SCqUCTeES

Per-frame
predictions
(disbritutions)

Deep
bidirectional
LETM

Feature

sequence

Convolutional
feature maps

Convelutional
feature maps

Input image

B. Shi, X. Bai, C. Yao, An end-to-end trainable neural network for image-based sequence recognition
and its application to scene text recognition, /IEEE Trans. PAMI, 2017.



file:///D:/Liucl/DigiLibrary/DocProc/TextDet/ShiB2017-end%20to%20end%20scene%20text%20recognition-PAMI.pdf
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— IAM (University of Bern, Switzerland)
* English paragraphs, 6486/972/2915 lines in

e Datasets

training/validation/test

— RIMES Database (French handwriting)

* 12,093 lines
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Results on IAM Dataset

Method Seg. Decoding WER | CER
Krishnan et al. [33] 16,10 | 634 Results on RIMES Dataset
Wigington et al. [18] Unconstrained 19.07| 6.07 Method S Decodi WER | CER
Sueiras et al. [14] ) 238 | 88 W_",“t T TiE] = coding o
. igington et al. }
gllllr:s ;‘;}rl[{l 3] ﬁg} 4.8 Sueiras et al. [14] Unconstrained | 15.9 4.8
Wioi : - This Work 7.04 | 2.32
igington et al. [18] 5.71 3.{]3 Wie
. gington et al. [18] 285 | L.36
Stuner et al. [25] Full-Lexicon 593 | 2.78 i Word
. Word Sueiras et al. [14] 6.6 2.6
Poznanski et al. [20] 645 | 3.44 :
This Work 480 | 2.52 Stuner et al. [25] Comp. Lexicon | 348 | 1.34
- Poznanski et al. [20] 390 | 1.90
Sueiras et al. [14] 12.7 6.2 .
. . This Work 1.86 | 0.65
Wigington et al. [18] 497 | 2.82
. . Pham et al. [16] 28.5 6.8
Krishnan et al. [21] Test-Lexicon | 6.69 | 3.72
. Chen et al. [17] . : 30.54 | 8.29
Krishnan et al. [35] 5.10 | 2.66 Puigcerver et al. [19] Line | Unconstrained 9.6 23
This Work 407 | 2.17 | | This Work 14.70 | 5.07
Pham et al. [16] 35.1 10.8
Puigcerver et al. [19] 18.4 5.8
Chen et al. [17] Line | Unconstrained | 34.55 [ 11.15 .
Krishnan et al. [35] 32.89 | 9.78 Lexicon matters a lot!
This Work 17.82 | 5.7
b
Improvements: Pre- — s — LSTM -— |c ]
processing, pre-training, | | word |~ . > E> & - I_?’ ¢l
. Image u
data augmentation g LSTM o
Residual Conv. Feature Recurrent s
Blocks Sequence Layers #

K. Dutta, P. Krishnan, M. Mathew, C.V. Jawahar, Improving CNN-RNN hybrid networks for handwriting
recognition, ICFHR 2018.
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Handwritten Chinese Characters
— CASIA OLHWDB/HWDB

LR A o oooam  ORA ERAUA JHop A
Mo MR iy ow MBI LS
4% WE X A4 AR LR § T
S AL @i R g S KAl g
g% F g R ok kb ENTARDE N R
ModD gk Hoth F 4 M4 B MACIK S A T h B
% Ao MR YR BB g B T I
oot AR R BT Bk ph a7

— ICDAR 2013 competition
* |solated: 3,755 classes
e HWDB1.0+HWDB1.1 for training
e Data of 60 writers in testing

15



« FEXFHAMRE
— ICDAR 2013 competition

Table 4. Results of online character recognition (%).

Offline character recognition

System CR (1) | CR(10) | Ave time | Dic size
UWarwick | 97.39 99.88 355ms 37.8M
VO-3 96.87 99.67 153ms | 87.6M¥*
VO-2 96.72 99.61 4.1ms J6M*
VO-1 96.33 99.61 |.6ms 1OM*
HIT 95.18 99.39 2.3ms 120M
USTC-2 94.59 99.14 3.8ms 5.25M
USTC-1 94.25 99.06 2.0ms 3.19M
TUAT 03.85 09.24 5.3ms 96.2M
Faybee 92.97 08.87 0.5ms 4.48M
Ref[1] 9531 | —— | -
Human 95.19 | T S e
CASIA |[dirMap+CNN| 97.55 |295ms |23.5M
(PR2017) | Ensemble-3| 97.64
SCUT CNN+DD+PS | 97.55 | 295ms |23.5M
(PRL2017) |Model acerage| 97.64
CASIA RNN 97.89 10.38M
(PAMI2017)| Ensemble-6 | 98.15 78.11M

System CR (%) | Speed (ms)
Fujitsu, CNN | 94.77 | 55 (GPU)
IDSIANN (8) 94.42 | 315 (CPU)
'CCODrfsjgtliin IDSIANN-1 94.24 | 197 (CPU)
HIT 92.62 | 4.6 (CPU)
Human 96.13
IDSIA Tech CNN 94.47 | 3.03 (GPU)
Rep 05-13 Multi-CNN (8) | 95.78 | 22.04 (GPU)
Fujitsu ATR-CNN 95.04
(ICFHR2014) | CNN voting 96.06
CASIA dirMap+CNN | 96.95 | 298 (CPU)
(PR2017) Ensemble-3 97.12
SCUT CNN 97.30 | 1368
(PR2017) compressed 97.09 | 9.7
CASIA (PR’19) | Lightweight CNN | 97,19 | 2.8

Isolated character recognition is solved very well based on deep learning.




P FEXARIRA
— ICDAR2013 competition: given text line segmentation

z % m; BREZAMY 0B, E4E 2 fagk b, #rb R .
\  Ipd e L - “r

R B f’zjtffj‘fﬁ 2ARER He B ER o A
?’7@;’7“?5‘ wad, ERE R gahadast 52734 580 1g p4t
A BEUD A ELETTOR L POt Cripd 3 816 5 Bl
ﬁ/bj%ﬁ? f/i&-‘, Abe N4 S0RS $E68 5 Cn. 00 A EH4A 6. §F S L
7§: %%ﬁz‘i Yo, $ B % B TR B4, o NB B SR E opn udb.
IHCRE 6% vh boam 914 sidfphm 8 84634

Performance metric: character correct rate (CR), accurate rate (AR)

CEAER T LAl

4 % ¥ # 5. 8 . A BX
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ICDAR2013 Competition on Chinese Handwritten Text Recognition

Offline

Online

Table 5. Results of offline text recognition (%).

CR AR Ave time | Dic size
HIT-2 88.76 | 86.73 [.2s 309M
HIT-1 86.15 | 83.58 0.64s 111M
THU 82.92 | 79.81 0.85s 102M
SCUEC | 42.05 | 35.14 0.15s 442M
Ref]6] 90.22 | 89.28%
Wang&Du | 93.27 DNN-HMM
ICFHR’16 | 94.86 Writer adaptation
Fujitsu’16 | 95.53 94.02 Over-seg, CNN
CASIA'17 | 96.32 96.20 Over-seg, CNN
Jinetal’'l9| 96.70 | 96.22 CRNN, ACE

Table 6. Results

of online text recognition (%).

CR AR Ave time | Dic size
VO-3 95.03 | 94.49 [.72s S56M* 4
VO-2 9494 | 9437 [.23s 37 .9M*
VO-1 93.11 | 92.57 0.72s 20.8M*
TUAT 88.49 | 87.66 [.42s 246M
USTC 82.20 | 81.57 0.25s 29 3M*
Ref [29] | 94.62 | 94.06
"'suetal'l6 | 94.43 93.40 Deep BLSTM
Jinetal’l7 | 96.58 96.09 MC-FCRN

Over-segment
L

and NN
classification

18
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by straight-like strokes

A.-B. Wang, K.-C. Fan, Optical recognition of handwritten Chinese characters }
by hierarchical radical matching method, Pattern Recognition, 2001. VODULE 1
i 12 1 | ]
MODULE 2 Character features
Feature extraction Radical features
Radical databa:
VODULE 3 -
Hierarchical radical matching
| Recognition result , |
s ¥
—iﬁﬁ Ceno ]
FAR Y

&
Rt

o EXVIZENEXME, $uH
-ﬂWﬂﬂ%AI&E

ETFINEE
- ETREHZMEZEYERE 2
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file:///D:/Liucl/DigiLibrary/OCR/Chinese/WangAB01-Chinese_hierarch-PR.pdf
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UERARR T E X BELRTBE DT
— L == Bobs 3 wm £ BA g T m i
PRELE). MERFIRS, FAMEEREE RG0S0
— s — v #Y F ERAERAE B F EA -
ERFULERETERS 0 8B, B . diiging Lo @e}:
wi ZX2H R FE G AT w e
. . K JB A %4_;5;4\@:
e Currently experimented on printed ey e B E P
RRM L | F e BT G E
characters ﬁ&:sf:!;f&? ?é n) 2= | 3<_uj~ ¥
. . era A F AR
e Residual network by multi-labeled AT X |2 N Fgmii |
o B M B s e
learning for position-dependent radical Fun 2 %iiﬁ“;’li ]
detection TR | ARe
1&;5 y,{ ¢ e F B 1A
A %5 B3 | ﬁ WR | oF Il-”’fufé’s
Model ) Character Radical Training Testing Set ) ) .
Version Character Set Number Number Set Scale Scale Accuracy Recall Precision
RD-Net-v1 HF SE 3755 1718 001290 225213 099.43% 09.58% 99.63%
RD-Net-v2 HF SE LF 6363 1869 1427125 375643 99.10% 99.15 % 99.17%
RD-Net-v3 HF SE LF RU 7697 1889 1675464 389544 08.92% 09.01% 99.04%
RD-Net-v4 Us 9820 2018 2386513 358762 08.85% 08.90% 08.94%
Testing on novel characters (zero-shot learning)
Net Version Training Set Testing Set | Testing Set Scale | Accuracy Recall Precision
RD-Net-v1 HF SE LF RU 126372 08.67% 98.73% 98.71%
RD-Net-v2 HF SE LF RU TC 117875 07.35% 97.52% 07.40%
RD-Net-v3 | HF SE LF RU TC 79024 97.93% 98.11% 97.95%

Wang & Liu, Radical-Based Chinese Character Recognition via Multi-Labeled Learning of Deep
Residual Networks, ICDAR 2017.



Radical Analysis Network (RAN)

Input character

(7
. = R
image 1. CNN encoder _ . Bi M = [
gﬁ @’1\ j:)j—- DenseNet e @ H eoc [ eoc + eoc
< GRU - ¥
— u:t:a:lt‘a: = : % A
/ \X | gﬂenseRNN D ey )
I iEncoder : :Decoder with : 7
2.RNN decoder : Semsennl 5 MHCA
I E X with attention :
|
: EX\ P IDS :Iu:tn:lnz-lr';r
| E& v ®EDHE X R
: 7S ERY «— BODEBEEHBAN7 «—
; | 3. IDS sequence .M+ F
(0 B AE . . ey
: oo 1 ~ ’”‘|4 . Extension to text line recognition
: f%:%i:____ﬁ_ 1_'11__"' dictionary
i F_&l T o go X H !
E‘x | b all= j\ AL x J Accuracy Rate (in %)
Output character :gé____ﬁ_ g_’ﬁ______J ZZ go.6 553 87.2 88.8 90.3 903 .‘-’115
category e ""77 . o s 833 84.2 85.1
65
. 55
Experiments: 27,533 characters . —e-Dense Encoder
composed of 485 radicals, 10,000 in - VGG Encoder
training, the others (unseen) in 15
testing ° 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000

Number of training Chinese character categories

J. Zhang, J. Du, L. Dai, Radical analysis network for learning hierarchies of Chinese characters
Pattern Recognition, 2020.

724


file:///D:/Liucl/DigiLibrary/OCR/Chinese/ZhangJ2020-Radical analysis network for learning hierarchies of Chinese characters-PR.pdf

ETRERBMANTG X

Images Features Embeddings Labels
/ \ X X Y y
/D\ F[:I-'i_,_y.}'_, -“-'1)

W
g B
0(x:)
Hi1

i 5. Y; B
Tree layout of primitives i )
 Embedding: one-hot encoding for each node,
then combine all vectors in one tree to the performance comparisons on fevel-1 unseen handwritten charac
hierarchical decomposition embedding (HDE). tain st DemscRAN [8]  FewshotRAN [4]  Ours
e Convolutional Neural Network (CNN) based 500 1000 1.70% 33.6% 33.71%
. 1000 1000 8.44% 41.5% 53.91%
framework to learn both radicals and structures 1500 1000 12712 63.8% 66.27%
of characters via the semantic vector. ey loce soony s g
e Can recognize unseen characters given the tree
layout.

Z. Cao, J. Lu, S. Cui, C. Zhang, Zero-shot handwritten Chinese character recognition with hierarchical
decomposition embedding, Pattern Recognition, 2020.



file:///D:/Liucl/DigiLibrary/OCR/Chinese/CaoZ2020-Zero shot HCCR with hierarchical decomposition embedding-PR.pdf

ETENRIEFRENFEXF R

e Large set Chinese characters, hard to get samples for all categories
* Recognize new-class handwritten samples using printed template
* Feature space learning to make handwritten samples close to printed

template
~
()

offline
/ \ lass 2
/ class
oo i S
& 4 class 3 h h{\ (‘\3254 ,r - -
.-r - ass 4 4
—:F il v | ° ;!}- P \‘\ class 6
ane per class pr‘lln'red (p ( .) S class 5 - -k\.,_’_‘_‘
T T ® )
¥ — [AlfAllAF——[A] ~
" & &
¥
online

- SERR, ABRR—AERIEL, ERFSHAVIGHER
BFEFY
— RIESIERELENISRS L x € argminlin(x) — o(DII3
Ao, Zhang, Liu, Cross-modal prototype learning for zero-shot handwriting recognition,
ICDAR 2019.
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Results of bi-modal (printed, online) learning

Accuracy on all 3755 classes

1

09 F

0.8 F

0.7 |

0.6 |

0.5 |

0.4

(o} 500 1000 1500

2000 2500

Number of training classes

Results of tri-modal (printed, online, offline) learning

N Seen Unseen All
Training Online | Offline || Online | Offline || Online | Offline
classes

500 0.92 0.86 0.70 0.72 0.73 0.74
1000 0.95 0.89 0.84 0.81 0.87 0.83

Unseen: un-trained classes, printed template only.

e 77 A AT HET B SRS IR A

3000
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