Technical Presentations

This afternoon

e Signature Detection
* Logo Detection and Recognition
o Stamp Detection

e Font OCR




Observations

 Many documents use structure to convey function

« Salient structure of entries is significantly important to the
content parsing

« Traditional document analysis approaches don’t capture the
iImplicit repetitive structures that publishers use to convey

Information
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Definition of Success

 Provide retargetable document analysis capabilities
— To improve performance through optimization
— To provide new capabilities — Scripts, languages, layouts, etc
 Provide solutions for the desktop

— Make use of “user in the loop” to make key decisions in the
process

— Bootstrap training and minimize tedious feedback from user
 Provide rapid solutions, consistent with task
— Layout capabilities in minutes

— Font (faces and styles) in hours
— Language capabilities in days




Target Application: Bilingual
Dictionaries

o Key source of lexical knowledge for language systems, useful for CLIR,
MT and new language learning

o Primary example of structured content
o Layout
e Language
e Tagging

HRTIITTAT srgbugdna, vii. collog. to quiver, to

flicker, to show a trace of life.

sugbugana, v.i. collog. to quiver, to
flicker; to show a trace of life.

HIMHA  su-gam [S.], adj. 1. easily traversible.
*2. easily accessible. 3. attainable (a goal);
easy. 4. intelligible (a topic, a style of
language). language)-

TITHAT su gamard [5.], £ 1. accessibility.

2. casc, facility (as of spcech in a forcign

HITH seegarm [S.1, adj. 1. easily traversible.
*2. easily accessible. 3. attainable (a goal):

casy. 4. intelligible (a topic, a style of

su-gamaia [S.], f. 1. accessibility.

2. ease, facility (as of speech in a foreign
language). 3. intelligibility (see TH). language). 3. intelligibility (sce TLITH }
TT‘-T[ su-gamya [S.], adj. = g, IATTH 52 gamya [5.], adj. = TITH.

I~ suga- [cf. H. sog ad. soka-], v.i. Brbh. (?) IATT. - cuga- [of. HL sog ad. soka-j. vi Brbh (?)

S N
to be vexing (to).

T"TT sugga [ad. suka-, Pk. suga-], m. a parrot.

to be vexing (to).

HTIT sugga [ad. suka-. Pk suga-]. m. a parrot.

ﬁ!ﬂa su-griv [S.], m. mythol. having a
graceful neck: name of a monkey-king who
assisted Ram in his conquest of Lanka and
defeat of Ravan.

su-gharir [S.], adj. 1. well-formed,
well-made. 2. well-contrived or arranged.

su-ghar [cf. H. gharnal, adj. 1. well-
formed, well-made. 2. of attractive or graceful

@T{ ste-grev [8.], m. myriof. having a

graceful neck: name of a monkey-king wheo
assisted Ram in his conquest of Laizka and

deteat of Ravan.

AT seoghatse [5.1, adj. 1. well-formed,

well-made. 2. well-contrived or arranged.

AT v, su-ghar [ef. F. gharna], adj. 1.

= formed, well-made. 2. of attractive or graceful

_ D



Challenges

e Layout varies between source
 Multiple scripts appear on a single page
« Lack of OCR for some languages
 Available OCR not optimized
 Unreliable font and style information

e Goals
— Limited amount of training data
— Make efficient use of user in the loop
— Get it done quickly—new capabilities in 24 hours




Presented Framework
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« Goals
— Improve the performance of OCR

Script Identification

— Useful feature for logical and semantic segmentation
— Extremely useful for content parsing

 Challenges

— Different scripts are interlaced on a single page

— Published approaches work at block or page level

— Different scripts require new features

— Local features requiring script knowledge not applicable

— Limited amount of training data

accordingly [o'kodmli] adv 1 & (Jp 8% ) s H5
#i: We must ascertdin the actual conditions and ar-
range ~. RIJUA T HEEHR EHHENEH, 2 8
s MTi : The weather has changed suddenly, and we
must alter our plans ~. R{ERET , BB T4 M
BAE TR,

accordion [o'kodien ] n FRE —adj (RFREFE—
FEYATH & E . an ~ door #7(&)IT || accordionist n
FREF | accordion pleats (5] n ﬁi&?ﬂﬂ -2
skirt with ~ BHEH

?ﬁiﬁiﬁf a-kampir [S.], adj. unshaken; firm.

-] -ak [S. & H.], suffix (forms chiefly m
agent nouns from verb stems, e.g. m,

writer: fem. -. f. sitting-room, session,
&c.; also forms diminutives, e.g. m.
small casket).

akaj- [cf. H. akajl, vi. Av. 1. to suffer

harm, a wrong. 2. to die.

Interlaced words with different scripts in an
English-Chinese dictionary

Identified scripts of word is useful for entry
segmentation




Our Approach

 Global texture features

e Gabor filter bank

— Optimal in minimizing the 2D uncertainty in space and frequency
— Orientation and scale tunable line and edge detector

e Feature vector construction
— Orientation-invariant
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Word Image Replication &
Scaling

@ Segmented word images are normalized into images with size 64*64
by replication and scaling to guarantee features to be extracted under

the same condition.

R eese.c

7 B e )bf‘ eese.c
f'u* S Ty cheese, gg:gﬁ
- £, )L’f‘ eese.c

(a) (b) (c) (d)

(a,c) Original Image, (b,d) Normalized Image




Experiments

 Four bilingual dictionaries (each has 20 pages)
— Arabic-English
— Chinese-English
— Korean-English
— Hindi-English
 Four classifiers
— Weighted Euclidean distance (WED)
— k-Nearest-Neighbor (KNN)
— Gaussian mixture model (GMM)
— Support vector machines (SVM)
« Two protocols
— Leave one out
— Single page training




Accuracy (%)

Accuracy (%)

Leave One Out Results

Comparison of Results (Arabic, leave-one-out experiment, sorted by KNN results)

—8— WED (avg=86.208%)

—&— WED (avg=86.208%)
—&— KNN (avg=94.081%, K=3)
—¥— SVM (avg=93.812%)
GMM (avg-86 841%)

% 2 F 8 10 n
20 Pages of the Four chtlonarles

Comparison of Results (Korean, leave-one-out experiment, sorted by KNN results)

0
B & &

—#— WED (avg=84.8115%)
—e— KNN (avg=96.0595%, K=3)

—¥— SVM (avg=94.0475%)

GMM (avg =91. 5525%)

20 Pages of the Four chtlonarles

Accuracy (%)

Accuracy (%)

Comparison of Results (Chinese, leave-one-out experiment, sorted by KNN results)
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—a— WED (avg=85.123%)

—&— KNN (avg=94.4585%, K=3)

=—¥=— SVM (avg=94.709%)
GMM(avg 91 536%)

20 Pages of 1he Four chtwnarles

Comparison of Results (Hindi, leave-one-out experiment, sorted by KNN results)
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—=— WED (avg=86.5215%)

—e— KNN (avg=97.8745%, K=3)

—¥— SVM (avg=97.8265%)
GMM (avg=94.078%)

10 0

20 Pages of the Four chtlonarles




Sinale Page Tralnlnq Results

Comparison of Results (Arabic, use-one-training experiment, sorted by KNN results) Comparison of Results (Chinese, use-one-training experiment, sorted by KNN results)

3 3

g —a— WED (avg=82.243%) i" —=— WED (avg=86.641%)
—e— KNN (avg=87.5835%, K=3) —e— KNN (avg 90 033%, K=3)
—y— SVM av=89.896% .
) “Identifying Script on Word-Lavea| witr ]f”Offf]c'[JOﬂf'
Jorificle; , 9in it I Conf. or Dochr ent Analysis rlmrl Recognition (ICDAR), 2005, oo 416-
rl. Ma aind D, Doerrranr, "Application of Trnree Classifiers to Word Lavel Script [deniificatior)
on Scanned Docurnent limages”, SPIE Conf, on Docurnert Recogrn] rlor ) el ”errlevrll SElf
Jose, Januzary 2004, 9o 124-13%5,

z Ve a‘mrl D. Doegrrmarnn, "Gaoor Filter Based l\/JIJIr Jassifier for Scariried Docurrieri

E,ﬂ; Irnages”, 7in Int'l Conf. on Docurnert Arlelysis ¢ fitio DAR), Edinouryrl,

g Scoiland, August 2003, 0p968-972.,

—e— KNN (avg=92.88%, | /| —®— KNN (avg=95.138%, K=3)
—— SVM (avg= 90 5195%) ||| —— SVM (avg=95.8035%)
GMM (avg-91 8655%) " GMM (avg 91 324%)

* 2 4 8 8 10 2 0 2 4 0 s 20
20 Pages of the Four chtlonarles 20 Pages of lhe Four chhonarles




Agenda

« Background and Motivation
 Challenges

e Our approach

— Analysis of text properties
o Script identification
 Font identification
« Style classification

— Recognition of text content
« Adaptive optical character recognition (OCR)
 Automatic training sample creation

— Extraction of page layout
 Bootstrapped logical and semantic page segmentation

e Conclusion




Font Identification

« Locally analyzed typographical features

e S. Khoubyari, J. Hull (CVIU’96) and H. Shi, T. Pavlidis
(ICDAR’97): identify function words such as “the” “of” “and”
and perform classification based on the font of these words.

o A. Zramdini, R. Ingold (PAMI'98): projection and connected
component features
* Global texture features

e Y. Zhu, T. Tan et al. (PAMI'98, PAMI'01): Gabor filter bank to
extract texture features.

The identification approach using global texture features is easy to be
tuned to work on different scripts and fonts.




Our Approach

« Also use global texture features
 New texture operator: grating cell operator

 New classifier: back propagation neural network (BPNN) to replace
the simple weighted Euclidean distance (WED) classifier

e Result comparison with Gabor filter bank texture operator
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Response of Gabor function Gabor filter response



Frequency Selection

e Operator is slow
e Speed is crucial
 Minimize number of frequencies
 Maximize the performance
i ]

4-font Example Ground Truth 3-frequency Result 4-frequency Result
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Cyrillic Example

Cyrillic Font Images Ground Truth Result of Grating Cell

PYIHHAPECTOBAHTEHHEI M DS KT oD KO
Habanmukaceayaba EnynEansrapan:
uul pyauul locnosan il pyanm oo
OHIHCHBRIHESPEIIEN C Ko opalioHaTe
EOMHaMeeA A poMeiDe KT opa KoMITAT
pueckuiiaperTHA | BMIicnyEpe e H
EMaBo30oVA I NAHMMMNEKM = e DRk
TEVIPOAYKLHWUBBLNAPECTOBO ha K T T
5Fonts  messsenamisccions i
b'BDGMKCSbmHVnnaueHbmrE%E‘W‘
NUBAHEMycTpubbroTopabd DANTHKE
J’\GHEHblGK-.’jToymem nep OHHOHHH}'
PURBICTOR ) NeTou .5|c|<0ropan
HbIBTD';DKEHg: eI Kropakomnar
K alk3QaBMAMCTOSMYBpeMeHNBEINaL
CCTAKKEANCTDMPBIKOMNAHWWa pec
IMMTBICACRMOKOAXNKoOMNaHnennn|
BOpAroACnoaeryObinMynnadveHbl ak
ekLuMinAekACDALCToMBRITODA Ban

PYIHHAPECTORAHTEHH M MM D& KT D Hal
uabantukaeemyabapnyoEanzrapans
HHl pyauul locnorantnmml'py=2mullocs
OHIIHCHBRIHECPEINED C KOT opafioHa T
KOMHaMecAna poMit e R TopaRaMIal
pUecKHHIHpeRTOpl O CROMYBDEME HL
EIaBoOVIK ISHHOTOUT S =Me He e DhlK:
TEYIPOIVEIHACKOTH HOTO T OQa K Ty
ﬂ,r[owmg:,mau HAIHG 1 TIDO I KL A C K
4 Fonts T K e R SiAia pec o s aHr
I'Il/1E!-CJHE‘:I'IDOLLIE‘ﬂ.LI{OMI'IaHHH_EanTHRE
ACHEHBICKLM3BIBMHaHCOBONNOK LML
pHbbioToRdbasTaKpUaHUckoropan
HbIDTOYKEeHeneanpekTopakoMnar
K Qk3gaemamcToY My BpemeHnbeinag
CCTAKAEAMCTR M pEIKOMNaHnapec”
IATRICAQRMO KA MKoOMNaHNen K|
BC‘IDHFD.&OHOGBFYEHHH nadveHblak
ekLMABKAQDALeThMBRIOTODARBAM




Results of Five Fonts, Three

CArArrinte
Font ldentification Results of Cyrillic (2 Operators and 2 Classifiers)
110 T | T T

Avg=B88.88"% Avg=70.988"% Avg=53 388%

100 -

90~ Avg=58.482%

I A rial _
B ¢ entury Gothic
[ lcomic Sans MS _
[l courier New

B Times New Roman

WED of Gabor Filter BPNN of Gabor Filter WED of Grating Cell BPMN of Grating Cell

o H. Maand D. Doermann, "Font Identification of Scanned Documents Based on Texture Features
Using a New Texture Operator", SPIE Conf. on Document Recognition and Retrieval, San Jose,
January 2005.




Agenda

« Background and Motivation
 Challenges

e Our approach

— Analysis of text properties
o Script identification
« Font identification
o Style classification

— Recognition of text content
« Adaptive optical character recognition (OCR)
« Automatic training sample creation

— Extraction of page layout
 Bootstrapped logical and semantic page segmentation

e Conclusion




Style Classification

e Motivation
— Provide additional implicit information
— Represent different functionalities

— Feature useful for page segmentation and
content parsing

— Significantly depends on image qualities

man-or ['mans] seigneurie f; see
~~house; lord of the ., seigneur m;
chételain m; '~~-house chateau m
seigneurial; manoir »; ma-no-
ri-al [ma'no:risl] seigneurial (~-aux
m/pl.); de seigneur,

endow.speech..prisoners




Possible Features for Style
|dentification

e Stroke width

* Foreground density

e Aspect ratio

* Vertical skeleton pixel ratio

* Possible slant angle

* Nine-zone foreground density




Approach for Style Identification

Initialization

"—J\/Je:ms
stering (K=2)

Gausslar) ¢ re
Modal (GIMIV])

Mlevdlrrurrn Lkaliriood)
Clagsification (ML)

Lyle Normal
Style Normal

Styles uj Welgnitge Vatirig
Warcls for Eacn Word

it
A




Accuracy ('

Experimental Result Comparison

Style Identification Result Comparison

110

B GVIM (Bold)

@ SDK (Bold)

B GVIM (Italic) O SDK (ltalic)

100 -
90 -
80 -
70 -
60 -

50 A

30 A

FrenchEnglish

97.4
89.21

CebuanoEnglish

SwedishEnglish

Four Bilingual Dictionaries

99.18 08.36

TurkishBnglish

@ H. Ma and D. Doermann, "Adaptive Word Style Classification using a Gaussian Mixture Model",
Int’l Conf. on Pattern Recognition (ICPR), Cambridge, UK, August 2004, pp 606-609.




