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 Thousands of UNIQUE documents are DOCU M ENTS

stored unpublished in archives
e e.g. Birth/marriage/death records

« Digitizing of archives is expensive
e Physical access Is necessary

Image Acquisition

 Crowd scanning (ScanTent)
 MS-Imaging

* Professional mass digitalization

Recognition






CURRENT TREND

 Hessian State Archive allows to use cameras in reading rooms (6.1.2017)
o State Archive of Austria allows to use cameras in reading rooms (1.9.2017)
o [taly allows to use cameras in archives and libraries (11.09.2017)

Conference of the head of the archive administration of the German
federation state that archives plan a medium-term digitization of 5-10% of
archives holdings.



CROWD SCANNING



DOCSCAN AND SCANTENT

LOW COST MOBILE SCANNING SYSTEM

» Digital copies of historical documents are
needed for the digital humanities

« Cameras of mobile phones allow ~330 dpi
for 297x210mm (DIN A4)

e Take pictures yourself in the archives
 No waiting time
* No digitization service needed
 NoO cost intensive equipment needed







Transkribus ~ ScanTent read&search The COOP v Resources w

The ScanTent

Professional scanning with
your smartphone




DOCSCAN

— Brockhaus [ |§ O

Series

e Document scanner app
 Focus Measure
 Learns background model to detect page turns
 Page detection

 Available on Google Playstore and Github (OpenSource) GET ITON
e https://github.com/TUWien/DocScan » Goog|e P|ay
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Image Enhancement

BMBpAmdant Subspace Analysis
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DOCUMENT ANALYSIS AND
RECOGNITION
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Image Segmentation

= The objective of image segmentation is to group image pixels
according to pre-defined rules.

= Segmentation is often considered to be the first step in image
analysis.

— The purpose is to subdivide an image into meaningful non-
overlapping regions, which would be used for further analysis.

— It is hoped that the regions obtained correspond to the physical
parts or objects of a scene (3-D) represented by the image (2-
D).




Robust Skew Estimation of Handwritten and Printed
Documents based on Grayvalue Images
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!bxrra\c.r ke w csumﬂ]un isa pn:prwcssmg step in docu-
the global

lysis to el arientation
ofa ﬂucumt.m ‘s lext lines. A skew angke ean be introduced during
scanning, or il a document is photographed The correction
of the skew angle is necessary for further image analysis, Lo
avoid an influence to the performance of skew sensitive methods,
.z Optical Character Recognition (OCR) or page sepmentation.
The performance of current skew estimation methods is shown
at the ICDAR2013 Document Image Skew Estimation Contest
{DISEC), which uses a benchmark dataset of hinarized printed
documents with warying layouls and languages like English.
Chinese or Greeke The proposed method is based on 8 Focused
Nearest Neighbour Clustering (FNNC) of interest points and
the analysis of paragraphsflines and achieved rank 5 at the
conlest. In this paper it is shown, that the wse of grayvalse
images can oulperform the reswlis restricted (o binarized images.
thus the proposed method avoids the binarization step which is
still an open research fopic in docoment image analysis. The
robostness of the method is also shown on a datasel comprising
historical documents and on low resolution images. The method
is evaluated on the DISEC datasel and three additional datasets
{historical low and machine
printed documentsi.

A digitization of documents 15 done on individual docu-
ments or in projects which are dealing with the mass digital-
ization of librries or national archives like Google Books of
Google Inc. or Improving Access to Text (IMPACT'). While
mass digitalization projects use mainly scanners, singke docu-
ment images are also aquired using cameras of mobile devices
{ie. smart phoncs, digital cameras). Using mobik devi
as aquisition device lead to a skew introduced by mi
alignment mechanisms, and even in scanned documents a -.L,Lu\
can be present [1].

A skew comection s a preprocessing siep in Document
s, since an introduced skew can
ct the pcdormamt of DIA methods like Optical Character
ecognition (OCR) or page segmentation [1]. [2]. Papandreou
et al [1] state, that the threshold for the human peroeption
. The first Document Image Skew Estimation Contest
i[)i'i[—(_l [1] was held within the “International Conference on
Document Anal and Recogmition (ICDAR) 2013 shows
results of state-of-the-art skew estimation methods and that
skew estimation is still an open rescarch topic.

|| 'wwwimmact projecten. accessed 200122013 |

Goals

Skew estimation methods can be mainly categorized in
methods based on Docstrum (nearest neighbour clustering )
[3], [4], projection profiles [3], [6], [7], Hnuﬂh wransform |S‘.
[9] and cross correlation [10], [11]. Fabrizio [1], the winner
of the DISEC contest, uses the magnitude rum of the
Fourier transform of clustered image regions. Carlinet and
Fabrizio [1] {3rd place at DISEC) use a combination of a line
detector and a clustering of connected components to which a
Hough transform is applied Hyung 11 Koo [1] (2nd place at
DISEC) uses a line detector and applics a maximum likelihood
estimation to the lines detected. Beside a methodologoical cat-
egonisation, a classification of methods based on the document
image mequirements can be done, Le. detectable angle range,
document layout, type or size of fonts, image type (rsolution,
binary image). Epshtein [12] states, that current skew detection
methods have to deal with all image classes due to images
of mobilke devices which are applied to mobile applications
like Google Goggles or Microsoft iBing Vision. Although the
benchmark dataset consists of binarized printed documents,
which have varying layouts, fonts, ]anﬂua_e_» and consist of
different document types, scientific books,
comics, the skew angle has hu.n nntm&d to 157,

The proposed method (rank 5 at DISEC) is
Focused Nearest Neighbour Clustering (FNNC) of Interest
Points (1P}, which was originally introduced by Jiang et al
[13]. The IPs are detcrmined as maxima of the Difference
of Gaussian (Do) [14]. At DISEC only binarized images
have been used, to show results of skew estimation meth
independent from the binarization method. Due to the use
of a binarzation. information present in the grayvalue/color
image is discarded. Thus, since the detection of [Ps is bina-
rization tlu the pmpchcd method can directly be applied to
It shown, that the addluc:nnl mtormallon

open rcnr_a:ch topic. which has been shown during d
Document Image Binansation Contests (DIBCO) [13].
shows an c'umpk page with bleedthrough text of the d:mm.l
with historical documents. A combination of the proposed
method with the gradient information for sparsely inscribed
documents without an angle restriction has been presented by
Diem et al To achieve a higher accuracy compared to the
basic F! siering, the proposed approach is combined
with a line detection and the analysis of paragraphs.
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Document Layout Analysis vs. Understanding



e Extract the layout structure Layout Analysis
e Segment a page into homogeneous regions

 Map the logical structure Document Understanding
e Label regions according to their function (e.g. author, title, abstract, footnote, ...)

Page Segmentation Document Understanding

=il — Page number

Title «— Lorem ipsum dolor
Author +—

rlze 8 i

=Col = Abstract,
Headline +— paragraph

EE—

| = Main text,

paragraph

Main text, ~— 3228 —> Natural image

paragraph

Original Document Geometric / Physical Structure Logical Structure



Complexity: Restricted vs. Freeform Layouts
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Typical Applications — Form Processing

e Performance depends on
e Form complexity
e Form variability

* Fields are located easily
 |If their positions are fixed
e When using different colors

* Challenges of content recognition
e Degraded images
e Approximate positioning of symbols
e Variability of handwriting




Document Analysis Tasks
Preprocessing



Document Binarization

* Image Segmentation consists of 2 classes: foreground
(written text) and background (paper)

* |t converts a gray-scale document image into a binary
document image

 Document image binarization is [was] usually performed
in the preprocessing stage of different document image
processing related applications:
* OCR
e Writer Identification
e Layout Analysis, ...



Effect of Binarization on OCR
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Global Binarization: Otsu

 Nobuyuki Otsu: A threshold selection method from grey
level histograms. In: IEEE Transactions on Systems, Man,
and Cybernetics. New York 9.1979, S.62—66. ISSN 1083-

4419
e Otsu is a statistical method which assumes a bimodal
histogram
e Find a threshold that minimizes the weighted within-class -
variance/maximizes the between-class variance. 18
e Example: :j

http://www.labbookpages.co.uk/software/imgProc/otsuThreshold.htm]
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Otsu Example

Background Weight W) — % — 0.4722
8 Lrd
. Mean i — [D"E}Hll’i’}Hz" 2) _ 06471
{
4 . s (00— 06471)% % 8) + (1 — 0.6471)2 x T) + ((2 — 0.6471)* x 2)
Variance o = T
2 {
0 (0.4187 x 8) + (0.1246 x T) 4 (1.8304 = 2)
012345 == 17
8 pixels 7 pixels 2 pixels = (0.4637
Foreground Weight Wy = % — 0.5278
j Mean iy = (3 % 6)+ (4 TE}E}) +(5x4) _ 18047
2 . 5 ((3—3.8047)% x6) + ({4 — 3.8047)% x 9) + (5 — 3.8047)% x 4)
] Variance o} = T
R (4.8033 x 6) + (0.0007 x 9) + (4.8864 x 4)
6 pixels 9 pixels 4 pixels =
19
= 0.5152

Within Class Variance o = W of + 17 a? = (L4722 % 0.4637 + 0.5278 = (1.5152
= (.4909



Otsu Example

T=2 T=3

T

8+ 8 8
6+ 6 6
4 4 4
24 2 2

Threshold T=0 T=1

.
. |

"4
T§]

0

512345 012335 0123345 012345 012345 012345

| I | I L | I | I | I L | I
Weight, Background Wy = 0 W = 0.222 Wy = 0.4167 Wy = 0.4722 | Wp = 0.6389 W, = 0.8889
Mean, Background My = 0 My = 0 My = 0.4667 Mp = 0.6471 My = 1.2609 My = 2.0313
Variance, Background o%p = 0 o%p = 0 o%p = 0.2489 | 6%, = 0.4637 o°p = 1.4102 | ¢°p = 2.5303
Weight, Foreground We =1 Weg = 0.7778 We = 0.5833 We = 0.5278 We = 0.3611 We = 0.1111
Mean, Foreground Mf = 2.3611 | Mg = 3.0357 @ Ms = 3.7143 | Mg = 3.8947  Msf = 4.3077 Mf = 5.000

Variance, Foreground | o%s = 3.1196  o%f = 1.9639 o = 0.7755 | 0% = 0.5152 o2 = 0.2130 s =0

0.5561 oy = 0.4909 o’y = 0.9779 | o’y = 2.2491

Il
=
|

1.5268 oy

Within Class Variance o2y = 3.1196 | o2y

T=3
N




Otsu Results
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Deep Learning based Binarization

 Tensmayer and Martinez, 2017
e Suggest FCN for image binarization, Architecture has U-Shape

e H-DIBCO performance improvement of 0.5% compared to
97.5% (p-FM)

2x Cony. % Sigmoid Probability of

I | 'l Foreground

6x Conv

Threshold
at 0.5

Nkl

Binarized hmage

256x256 Grayscale Image

__\ JUl
5x Cony

ajdwesdpy

256x250
Relative Darkness Features

Figure 2.9: CNN architecture proposed by Tensmeyer and Martinez [TM17]. Image taken

from [TM17].



Skew Correction

e Pre-processing step of document layout analysis and

OCR methods

o ,For Humans, rotated images are unpleasant for
visualization and introduce extra difficulty in text
reading” [Rafael Dueire Lins and Bruno Tenrio Avila,

2004]
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Example: Gradient and Projection Profile based -
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Document Analysis Tasks
Layout Analysis



Idea of Layout Analysis

e Page segmentation: split page in regions of interest (ROI)
i.e. find homogeneous regions in a page

e Segment into regions of one type (e.g. text, figure, formula, ...)

e Different granularities (e.g. characters, words, text lines,
paragraphs)

e Baselines

e Text, graphics and images separation
Hairlines and frames detection

e Furthermore
e Recover paragraph formatting (left, right, justified, ...)
e Line height, line spacing, character size, ...



Objectives
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Granularity
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Document Clustering

I 50558 5 mp

37

Institute of Computer Aided Automation, Computer Vision Lab



Segmentation

—

Strategies

* Top-Down

* Bottom-Up

e Hybrid
Segment into regions of one type (e.g. text, figure,
formula,

Different granularities (e.g. characters, words, text
lines, paragraphs

Text, graphics and images separation
Recover paragraph formatting (left, right, justified,

Line height, line spacing, character size,

Angelika Garz Andreas Fischer
Computer Vision Lab Insi. of Compuier Science
Vienna Univ. of Technology  and Applied Mathematics
1040) Vienna, Austria 3012 Bern, Switzerland
garz@caa.twwien. ac. at afischer @ iam.unibe.ch

Absmd—Segmenlmg page images into text lines is a (nl:
cial pre-pi g step for d reading of histori
documents. Ch:l]lellg;lng issues in this open research field are
given e.g. by paper or parchment background noise, ink
bleed-through, artifacts due to aging, stains, and touching
text lines. In this paper, we present a novel binarization-
free line segmentation method that is robust to noise and
copes with overlapping and touching text lines. First, interest
points representing parts of characters are extracted from
gray-scale images. Next, word clusters are identified in high-
density regions and touching components such as ascenders
and descenders are separated using seam carving. Finally, text
lines are d Y. ighb ‘word clusters,
where neighborhood is defined by the ]nevzlhng orientation of
the words in the document. An experimental evaluation on
the Latin manuscript images of the Saint Gall database shows
promising results for real-world applications in terms of both
aceuracy and efficiency.

Keywaord ical i ancient docu-
ments, handwritten, mn line segmentation, binarization-free

L. INTRODUCTION | |

Automatic segmentation of historical document page im-
apes is an open research field; algorithms are required to be
robust with respect to background artifacts such as clutter,
stains and noise, as well as artifacts due to aging, and
touching or interfering lines [1]. Text line segmentation, in
particular, is typically needed for handwriting recognition in
historical documents. Handwritlen documents do not have
strict layout rules and thus line segmentation methods need
o be invariant to layout inconsistencies, irregularities in
script and writing style, skew, and fluctuating text lines [1].
Furthermore, robustness to low contrast and rippled pages
is required [2], [3].

Likforman-Sulem et al. [1] provide a detailed survey
about segmentation of text lines with respect to historical
documents. Well-known methods for text line segmentation
in binary images include smearing [4]. [5] and Hough-
transform [6], [7]. Another commonly used approach is

This work has been supported by Austnan Science Fund (Grant P23133)
and Swiss National Scienee Foundaton (Project CRSI22_125220).

Robert Sablatnig Horst Bunke
Computer Vision Lab Inst. of Computer Science
Vienna Unmiv. of Technology  and Applied Mathematics
1040 Vienna, Austria 3012 Bern, Switzerland
sab @ caa. tuwien.ac.at bunke @iam.unibe.ch

based on Projection Profiles (Pp) [2]. [8]-[11] for both bi-
nary and gray-scale images. Various authors [8]. [9] adapted
the global PP such that skewed text blocks, converging or
merging text lines are segmented correctly.

Recent approaches [12}1-[14] introduce seam carving [15]
known from image retargeting for text line segmentation.
Nicolaou and Gatos [14] use so-called local minima tracers
which follow the line spacing in order to shred the document
page in lines. Originally proposed for on-line documents
[16], Indermthie et al. [12] use Dynamic Programming (DP)
in order to find a path with the minimum cost between two
lines in historical manuscripts. Asi et al. [13] apply their
approach directly on gray-scale images, where a distance
transform is computed from a Gaussian-blurred image, and
the separaling seams are established using Dp.

In this paper. we introduce an efficient binarization-
free method for line segmentation applicable to historical
manuscripts. Thus, binarization-caused errors [requent in
historical document images are not inherited. Furthermore,
the proposed method follows a bottom-up approach by
grouping pans-of-character interest points into text line
regions. Hence, it is not necessary to extract text block
regions beforehand. which can also be prone to errors for
special page layouts encountered in historical documents.
Touching components such as ascenders and descenders are
locally split by means of seam carving.

The experimental evaluation of the proposed approach
is carried out on the Saimt Gall database' [17], which
contains 60 pages of a Latin manuscript originating from the
9" contury writien in Carolingian script by a single writer
with ink on parchment. Two sample pages are illustrated
in Figure 1. Besides the main text body. the pages contain
colored initial letiers and annotations located in the ouler
margin, which were added to the manuscript laier. The
text line spacing is relatively large compared to the word
height and a regular page layout is present for all pages.
However, there are line interconnections caused by ascenders
and descenders. Stains, holes, and ink bleed-through pose

! Available at http:/ /www.iam.unibe.ch/fki/databases

e

Computer Vision Lab m n
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Page Segmentation — Strategies

—

Segmentation produces a hierarchy of physical objects

* Top-Down

e Start with entire image, recursively split to elementary shapes
* Bottom-Up

e Start at pixel level, group to structures such as words, lines, regions
e Hybrid

e Combine both strategies

* Deep Learning based (e.g. UMAP, ARU Net)

 Model-driven
 Knowledge about the expected layout

e Data-driven
* No expectation about the layout, use only data properties

e

40 Institute of Computer Aided Automation, Computer Vision Lab 6 C'VL mn
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degraded documents




Document Analysis Tasks
Writer Identification & Retrieval



Writer Identification

—

Writer Identification is the task of determining the author of a sample
handwriting from a set of writers

* Given:
e Set of documents where the writer of each page is known
e Document from an unknown writer

e WWanted:
e |D of the writer of the document

[]1

|
Jo bo o

L1 J
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Writer Retrieval

—

Writer Retrieval is the task to obtain all documents of one writer out of a set of
documents

e Given:
e Set of documents where the writers are not known
e A reference document

I
g
I
g

 Wanted:

e Ranking of the documents
according to the similarity to the
reference document

|
1

|
L1
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Use cases for Writer Identification

—

e Forensics (e.g. threat or ransom letters)
 Smart meeting rooms (online identification)

e Historic Document
e Digital libraries

. . ﬁﬂﬁﬁ ' s . = t. ; » : 3
e Follow trace of medieval scribes T 0T40N0000% : wrnaR ADAN DAV D EDL v o0P p
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Use cases for Writer Retrieval

/— Wl Layout Clustering - Vienna UT & Fraunhofer IPK
Cl

* Finding more documents of the same writer
(e.g. unknown document of a writer in
archives)

e Forensics

 Clustering of not indexed set of documents
(e.g. Stasi files)

e Preprocessing for other applications (e.g
Handwritten Text Recognition)
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Offline vs Online Writer Identification

— Wed el Tom f\v.y-\b{‘dﬂi Soges -

. e, e [ oy i \ v .\ lb. : SC ’_) \
e Offline handwriting el 2ok & A B gm Slohd

e Scanned images of handwritten documents BEsh il @ ath 6 ‘:“fg""“ sk,
Dunn il i geen 2o brode gea!
Dann  wiag  dic  Todf glock _sc,L.Al\k\l

Donn bt v dene,  Dings ﬁty,

Dic U wwp skhn dhe Zig folly

£s Sy ok Luif TC\,\ v ey YOy \90/ l\

* Online handwriting

e Collected in real time
(at the same time it is produced)

e Additional dynamic information
e Velocity

Acceleration
Pen-pressure

Writing direction

Strokes order

( j

1
LW

.
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Variations of Handwritings

—

* B allographic variation

A
e A affine variation QNM
2Gptin

Al

e C neuro-biomechanical variability

* D sequence variability B |

y—3 /3 (— 2
” e A 4 - Il\\_,_.‘

Schomaker, L. & Bulacu, M. “Automatic writer identification using connected-component contours and edge-based features of uppercase Western script”, PAMI 2004, 26, 787-798
_——-—-'---—-.-
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Handwriting Samples / Challenges

191-1

Imagine a vast sheet of paper on which straight Lines, Triangles, Squares, Pentagons,
Hexagons, and other figures, instead of remaining fixed in their places, move freely about,
on or in the surface, but without the power of rising above or sinking below it, very
much like shadows - only hard and with luminous edges - and you will then have a pretty
correct notion of my country and countrymen. Alas, a few years ago, I should have said
“my universe”: but now my mind has been opened to higher views of things.
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Handwriting Samples / Challenges

201-3

Mailiifterl is an Austrian nickname for the first computer working solely on transistors on
the European mainland. It was built in 1955 at the Vienna University of Technology by
Heinz Zemanek. The builder plays on a quote on an operating computer: "If it is not. the
rapid calculation speed of American models that Whirlwind or Typhoon can achieve, it
will be enough for a Wiener Mailiifterl”  Tha full nama & -

Maidafterd i an Aurtvion nickname. for e fish
Corynter WM solely en Yrapsistors on We.
E:J*"Opem manlond. [ voan ,@-u,&ﬂ- wt AASS af dbe

Vienna, Uhiverscly f Techaology. by Hewn. 2emanek
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Handwriting Samples / Challenges
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Bag of Words

e SIFT features (describes the neighborhood)
e Comparison with cluster centers of training data
e Generation of occurrence histograms

 ¥2 distance

Wine — Wiew - HDDDDH:D

Fiel, S. & Sablatnig, R., “Writer Retrieval and Writer Identification Using Local Features”; DAS, 2012, 145 -149
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Vocabulary Generation

=

=_ ~-

| Feature Space
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Histogram Generation

Feature Space
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READ

Recognition and Enrichment of
Archival Documents

Virtual Research Environment

Automated recognition, transcription,
indexing and enrichment of
handwritten archival documents

I'L'.lf
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Partners (amongst others):

* UIBK (Coordinator), NCSR (Greece),
UPVLC (Spain), National Archives
Finland, Zurich State Archives, ... (13
partners in overall)

Details: 1.1.2016-30.06.2019
Funded by: EU H2020
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time, and in any language.  Morir i

Download Sign up for free

Transkribus Lite

Use Transkribus in your browser. Many of the features from




Cloud Platform offering document
analysis services

Manage collections
Layout analysis

Transcribe HANDWRITTEN documents
automatically

Search in documents (keyword
spotting)
https.//readcoop.eu/
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