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AUTOMATIC HANDWRITING FEATURE EXTRACTION, ANALYSIS AND
VISUALISATION IN THE CONTEXT OF DIGITAL PALAEOGRAPHY

Y. LIANGA, M.C. FAIRHURSF, R.M. GUEST®}, M.ERBILEKP
abcdSchool of Engineering and Digital Art, University ofrikeCanerbury, KentCT2 7NT, UK
Email: {M.C.Fairhurs?, R.M.Guest M.Erbilek"}@kent.ac.ukyl67 @kentforlife.nét

Digital palaeography is an emerging resear@aarhich aims to introduce digital image processing
techniques into palaeographic analysis for the purpigseuiding objective quantitative measurements.
This papeexploreghe use oafully automated handwriting feature extraction, visualisationaaradysis
system for digital palaeography which bridges the gap betiveditional and digital palaeography in
terms of the deployment of feature extraction techniques keandwriting metrics. We proposiee
application ofa set of features, more closefyated taconventional palaeographic assesnmeetrics than
those commonly adopted in automatic writer identification. TFessteiresare emprically tested on two
datasets in order to assess their effectiveness for automé#c identification and aidtaibution of
individual handwriting characteristics in historical manussriinally, we introduce tools to support
visualisation of the extracted features in a comparatayg showing how they can best be exploited in
the implementation of a contebased image retrieval (CBIR) system for digital archiving.

Keywords: Digital palaeography, manuscript exploration, image analysis.

1 Introduction

Palaeograph analysis concernshe study of ancient writing, of which the most prominent
applications includédentifying the date, place of origin, writer(s) and other information about a
specific script.The importance of using digital image processing techniquéiseianalysis of
digitised cultural archives has been noted by both the scientific arahitierbased communities
[1]. In this respectthe desirability of introducing image processing techniques intoquakaatic
analysis for the purpose of providing objective quantitative oreasents has been identified by a
number of researcherfR-6]. A palaeographer’s work commonly involves the analysis of
handwriting features with regard to three important questions abowtitten text:i) “When was
this written?”, ii) “Where was this written?andiii) “Were these different texts itien by the
same person?4]. A number ofguantitative technologpased metrics have been reported in the
literature, buthe technology is not yet matuye, with most of the work ithis field to date hang
been carried out bymallgroupsof inter-disciplinary researchefg-7].

In order to address these important issues, in this papenwedigate methods inspired by
conventional nofCT-based palaeographic evaluation of documaptscifically to assess the
guestion of writer attributiofquestion iii in the above listOur methodlogy is novel in that, by
using recognised methqdse aim tobridge the gap between traditional and digital palaeography.
We initially trial our methods within the historical document domaid@monstrate the range of
information that can be extracteut the fully automated processes of feature extraction and
aralysis allow for easy adoption by different reseatommunities Furthermore visualisation
enables intuitive interpretation of results between diffee@diuse scenarios and discplines

2 RelatedWork

2.1  Traditional palaeography analysis

The analysis of thénandwriting style of a written segment constitutes an important part of
palaeographic analysis. Over the years, considerable effort has been madeddodisa a
particular methodlogy for this purpose. In 1952, Jean Mallon described handwriting withidega
to seven aspeciS]: (1) Form- “the morphology of the letters”, (Ben angle “in relation to the

1 Corresponding author. Tel.: +44 (0)12823717 fax: +44 (0)1227456084
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base lir”, (3) Ductus- “the sequence and direction of a letter’s different tracesM@ulus -
“the proportions of the lettérq5) Weight- “the difference in thickness between tzédr lines and
the shadow lines”, (6) Writing support and (7) Interctadracteristics “the nature of the text”.

Although quantitative and objective descriptions of these aspectillanadefined this list of
features provide the basis for a palaeographer’'s wemce these particular methods have been
adopted widely over the years, and the validity of his theory has been accegaidéographical
examinatior{5]. Following the Mallon proposal, several other attempts have been made @ exten
the defined list with new elements. For instance, new criteria weregedmylothar Michelin
in 1982 andlan Burgerén 1995 Thee criterig, as described if#, 8], areillustrated inTable1.

From an assessment oetefeatures and methoda trend towards detailed, quantitative and
objective metrics has been obshin the development of todier palaeography analysis over
recent years. In the light of the popularity of computer assistésidad the availability of digital
representation ofistorical documents, the development of palaeography is taking astdiper
forward with the adoption of digital technology.

Tablel: Proposed Criteria

Lothar Michelin’s Criteria [9] Jan Burgers'’s Criteria [10] [4][34]
e Quality of the stroks e Slant
e  Change of pressure exerted on the pen e  Writing angle
e Writing speed e  Weight
e  Movement and form e  Modulus
. Direction of movement: a) ductus, b) angle . Format
of inclination, ¢) form and direction of the e  Width of the margins
base line e Ruling and irregularities of the base
e  Vertical proportions e  Flourishes and other decoration
. Horizontal proportions . “Text structure”, punctuation and use of
e  Vertical division majuscules and capitals
e  Horizontal division e  Abbreviations
e  Other characteristics e  Cursiveness betweestters
e  Cursiveness within letters
. Characteristic letter forms

2.2  Digital palaeography

The adoption of statistical and mathematical methods in palaeggh#shbeen proposed in a
number of studiesn recent year§2, 3, 7, 11-14]. Two different pproaches can be identified in
these studiesvith respect to the type of measurements taken from the manuskrgatsand
global.

The approaches ithe local category attempt to replicate the work of palaeographers, which
requires the analysis of some particular leftershe descender/ascender paftletters. Without
successful character segmentation and handwriting recognition methodan iteractionis
necessary in these approaches. In contrast to these local approaches, the im¢tieogmbal
category are identified by the automatic extraction of global chaistite of the text within the
manuscript.

For local analysighe ‘System fa Palaeographic Inspections’ (SRdpl was developed if8,

7], in order to assist the manual segmentation of individual charactersigahgrds from
handwritten text. Following segmentatiaand labelling, quantitative measurements of the
characters (e.g. width, height, vertical histogram, etc.) are taken aed ffeitlels’ established.
The letter models, in combination with other domain information ctelteby the user, assisted in
the process of a palaeographer’s work. Althosgimiautomatedpproaches are welcomed by the
palaesography community due to charasjeecific feature extraction, not all features considered
in traditional palaeography are available in the SPI tool. Moreover, theradk afl systematic
support by the SPI todbr the various abstraction stages within the lettedeling process
(including the segmentation process, model generation, setting of morphologiGahgt@rs,
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comparisons and measuremgntghich led to an interruption of the development of the tool itself,
asacknowledegethy the author§/].

In the case of the global category, the worKlitj, for example, aimed to differentiate the main
categories of writing styles using quantitative measurements odbtiroma the manuscripts in a
trained classification system. The result[@f] suggested that the handwriting styif well
presented iterms ofstatistical measurements, can be connected to the historical period aad/or th
geographical localisation independently of the writer's personal styterdatic feature extraction
and machine learning methods are also abpt[12] for the purpose of scribe distinction. The
main feature adopted [d1] was a joint probabily of observing the same intensity value between
two different pixels in relation to their spatial location, named Spatial-Geagl Dependence,
while those if12] relate to the page margins, int@lumn and row spacing.

2.3 Automatic writer identification

Forensic document analysis is a topic directly relevant to palaeografinespect tohe question
“Were these different texts written by the same person?”. The hiimgwieatures used in the
forensic document analysis community include class of allograph (ttiegifiorm of a grapheme
- a character or a part of a character), desigdlofraphs, dimensions, slant, intnerd and inter
word spacing, baseline alignment and line continiii§]. Similar to the study of palaeography,
the work in forensic document examination suffers from possible ctisifg and the lack of
standardisation. Also, for legal reasons, researchers areatedtito validate the individuality of
handwriting through th implementation of objective quantitative measuremdats17].
Automatic writer identification systems using pattern recognition methade been implemented
in a number of studigfd 8-24], with directapplications in historical manuscripts[it2, 19, 25].
The approaches established in the studieted to automatic writer identification are in fact
similar to the solutions to digital palaeography in the global category.

2.4 Analysisof the handwriting features

The extracted features may not all show the same level of distinctivaaress the entire range of
writers. For example, two writers may show differesioethe word proportion but share common
characteristics in word spacing, while the word proportion may distiactive pattern of a third
writer. Instead of developing a universal modeliftentifying scribal hands as in previous works
in automatic writer identification/verificatiofil2, 18-25], we suggest that it is more useful to
analyse the handwriting features individually.

As previouslydiscussed, scribal hand identification/verification is only one of tiestipns in
palaeograpie analysis, and the handwriting features can be analysed in relation to iffiergnd
questions. When comparing two handwriting samples, for instanceyelséan can be abstracted
to “Are these two samples similar enough that they can be considered ag fmmirthe same
population?”. The “population” represents each of the subgroups undevathtserin order to
evaluate the usefulness of each individual feature, however, it is esteatalyse them within a
well-defined context. Forhe purpose of benchmarking the usefulness of individual features
compared with those described in the literature, we relate our analysis toest®ig of scribal
hand verification.

25  Objectives

It can be concluded from tladovediscussion that the adopti of computerided methodologies

by traditional palaeographers is hindered by the fact that most of tHevtitamy features are not
available in a digital platformLocal approaches have attemptedattdressthis problem by
providing charactespecific handwriting features, but they have required intensive human
interaction in the process. Automation of the process being a primakygipbal approaches are
intended to provide a rather different perspective on palaedgrapdlysis.



Another possible reason for the slow adoption of comgaitied methodologies is that there is
little support for the analysis of the featuiresspectiveof the applicationi.e. writer identification,
dating the manuscript, or identifying the source of origin of the swipt. The work reported in
the literature to date has focused on one specific application of palaesographgal bédjgital
palaeography, aslentified in [13], is not to replace, but to enhance and extend the traditional
methodology. Therefore, it is useful to provide a tool to compare the indMielatures between
two different samples regdless of thend-use scenario

In order to improve the acceptance of compaided methodology in thpalaeographic
community, we will introducea range ofhandwriting features that have been successfully
implemented in automatic writer identificationandigital palaeography and also propose a set of
new features that directly or indirectly measure some of the caomehteatures used by forensic
document examiners, while at the same time stressing the importanceullf automated
extraction and vigalisation process. The visualisation tool allows the palaeographelyigua
compare a single feature between two samples. Additionally, a set of expiriisidesigned to
assess the features for the task of scribe distinction, namely ideqtifid mmber ofwritersin a
manuscript. Conventionally, a training process is required to establishutamatic writer
identification/verification system, wherein the number of existingers isknown apriori and a
model is generated for each writer by conmpgthe interwriter and intrawriter variation in the
feature values. However, this trainitesting paradigm is brought into question in the context of
this study, due to the fact that the number of existing writers igemrally available priori.
Hence, an alternative trainiffgpee paradigm for establishing an automatic writer verification
system will be presented and discussed irffdb@wing sections.

3 Datasetsand Pre-processing

31 Datasets

Two datasets are adopted for the experimental study described in this Tapdirst dataset
consists of four Medieval/EarljModern manuscripts of the 16 century, provided by the
Canterbury Cathedral Archives. These manuscripts incllade Bargrave's travel diary (in
English, known writer), records of the Canterbury French Huguenot CharEhefch unknown
scribes) and a court deposition (in Latin, unknaeribe3. For ease of subsequent reference, we
designate this dataset MEMDB.

Although the context of the current study relates to historical documendsder to report
comparativeesultswith respect tdo previous studies, a commonly adopted and publicly available
contemporary multivriter database IAMDB[26] is utilised as the second dataset for our
investigation.

The MEMDB and IAMDB databases consistspectively ofive (as verified by an expert with
detailed knowledge of the documents adopted) and 200 writers, and provide 24 and 4Qff page
text respectively Samples from each dataset are illustrate&igure 1 and Figure.2As can be
seen, the two datasets demonstrate very different characteristics in témag@fquality, colour,
type of ink, etc. These characteristics are largely irrelevant to handstites, and hence, for
the purposes of this particular study, are removed during therpcessing stage. Additionally,
since typically, the number of scribal hands may not be known, we develop, using the REMD
dataset, a newaradigm for a writer verification system that does not directly depeadraming
process using samples writtey known writers. Our groundtruth knowledge for this database,
noted above, is important in supporting this development.
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Figure t (a) Sample 1 and (b) Sample 2 from MEMDB dataset
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Figure 2 (a) Sample 1 and (b) Sample 2 from IAMDB dataset



3.2  Pre-processing

The preprocessing stage of the manuscript images consists of three taskssabon, line
segmentation and directiorehaincode[18, 27] extraction. The localised binarisation method
described in [35] is adopted in this work for the first task. The oadstlor the second and third
tasks will be described in more detail in this section.

3.2.1 Linesegmentation

A simple Fourier Transform on the horizontal projection of ink pixelsripleyed in order to
find the body of a text line and the gaps between text lines. The hatipoojection of ink pixels
of the manuscript image in Figure (&) is shown irFigure 3 where the peaks correspond to the
bodies of the text line and thmughsare the likely gaps between lines. The stadke text line
segmentatio@reas follows;

1) The number of text linearefound by analysing the frequency components of the profile of
the horizontal projection as the result of Fourier transformg@&h Exceptfor the zero
frequency component, the frequency component with highest energy is themafriiext
lines, because it represents the number of times the most significarh papeats itself
within theimage.Indeed, there are 33 text linesthe manuscript image shown in Figure 1

(a).

2) Theaverage height of a text line is calculated as the height of the writing bltgk thie page
divided by the number of text lines.

3) The local minimgthe main body of text linegnd maximgthe separation between text lines)
within a neighbourhood of the average height of a textdime¢he horizontal projection are
calculated.

4) The page is initially segmented into lines according to the local maximex#@mple text line
from the MEMDB as the result difie initial segmentation is shownhigure 4(a)and as can
be observed, some text lines are slanted. In order to adjust the slantt timeseare rotated
to an angle at which the local maxima above and below the current text line arasedxim
Theresult after slant adjustment is showrFigure 4(b).

5) The local minima and maxima are recalculated due to the change induceddigtibe. The
local maxima above and below the text line are considered as the separatiotigefimes
above and below. The connected componaitahich the centroid is outside the boundary
set by the local maximare considered as writing from the lines above and below, and henc
are erased. The result is showrrigure 4(c).

With this methodlogy, the bodies of text lineis our test datasetsere identified with 100%
accuracy However due to the cluttered handwriting in the MEMDiataset some residue of
writing from the adjacent lines can be found in all of the text lines aftesdhmentatigrwhich,
in all likelhoodwould probably be a contributory facttw the degradation afveral feature
performanceThis methoddoes, however, represent a generic solution to assess the number of lines
thereby giving consistent application of assessment rules. Thishoagver, need tuning to
particularmanuscript case$orming the basis for ftiner experimentation with this method.
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3.2.2 Directionalchaincode

The Freeman directionghaincode (DCC) has been utilised riepresentinghe contour of
handwriting for the purpose of feature extract[@B, 27]. The handwriting contour is initially
represented as a chain of consecutive pixels. For example, a hanlwdthple of the word
“Duke” is shown inFigure 5(a), and the contour of this sample in Figuréh The chain of
consecutive pixels, starting from thepmost leftpixel is shown in Figure %c). This subfigure
shows the letter ‘e’ of the word “Duke” from Figures 5 (a) andAbpleso andp are defined in
Section 4.2

The contents of thé&CC indicatethe direction between thaurrent pixel and the subsequent
pixel. In the original design, there are only eight possible value$idoditection, because there
are eight pixels in the immediate neighbourhood. In order to refinettge of directions, it is
common to define the diction by n (n>1) consecutive pixels, i.e. denotingithepixel in the
chain of consecutive pixels ag the DCC is expressed by the angle between the vector starting
from p and ending api+»and the vector starting from pointing to the right horiontally. When
n=2, for example, thBCC at the &' pixel is corresponding to as in Figure 5(c).

In many cases, where the categorisation of the direction is more useftii¢re@ct value, the
angle value will be replaced by a numeric code. The term “code” in DCC refers tadthg 0b
the directionsUnder the configuration=2 there are 16 possib[l@CC directions signifiying the
number of perimeter pixels a distance of two pixels away from a pixeldoaatider investigation.

It is important to note that the order of pixels in the DCC does not refleeaheriting motion
because the sequence of the writing cannot be reconstructed ‘BtaicAimage of the completed
sample. FronFigure 5(c) taking the two vectors; andvs as examples, theounterclockwise
directions in relation to a horizontal vector pointing from left to right af@d8 223 respectively
They are, however, the left and right boundaries of the same strokieeaceivere produced at
the same timeTherefore, the actual writing sequence at these two vectors must be thdsame.
facilitate this, pixel writing angles are all mapped to the raid@® to 180, i.e. fromQ°inclusive
to 18 exclusive Therefore, théirection for \s in this case is considered 225’ - 18(° =45°. The
total number of discrete codesdlsoreducedby half. For instance, when n=2, there are eight
unique discrete codes within the rang@®dtio 180 mapped into cods) to 7.

4  Handwriti ng Features

Having defined our datasets, in this section a number dfyreposed handwriting features will
be describedhat aim toaddress aspectsf traditional analysis which are not yet generally
implemented in digital palaeography, together with some tools taligsuthe resuitof feature
analysis.

For each feature, two samples written by different hands are chosemtmstrate how the
feature can be visualised in a comparative view with regard to the meaning péc¢ifec $eature.
As expaind in Section 2.4, no single feature is universally distinctive acrossitles. Some
writers may show distinctive values in one feature, while anothiggrwnight be distinctive in
some other features. The purposélostrating our featurem thissection is simply to demonstrate
the visualisation methods. They are not used to evaluate the overailreffess of any particular
feature at this stage. Nevertherless, the comparative view is most osefseifs to visually assess
the difference between two samples in terms of a single feature.



16| 17] 18
15 19
4
? vV, 20
z. 13/ 21
12‘/ B, 22
a) Word Image 11\:’ 23| 24| 25| 286
10| 9V v, 27
8 28
7 30| 29
6_|V, 31
b4
| &
03
4 1 (-aq N\
/|
b) Contour 3 )4
/|
2 asgf
1 V| 36 45| 46| 47| 48
67 37| 38| 39| 40| 41| 42| 43| 44 49
66 53| 52| 51| 50
65| 64 58| 57| 56| 55| 54
63| 62| 61| 60| 50

c) DCC example

Figure2: Handwriting features based on directicohhincode

4.1  Writing direction (d)

Definition: The histogram ofvriting directiorsis a frequency distribution of all writing directions
expressed by the DCC. It is amaihg features described [18], for examplefor the purpose of
writer identification. It is relevant to theverall slantassociated wittan individualwriting style,

i.e. the direction with the highest frequency within a writing stgldikely due to the slant.
Employing the same configuratiasin [18], the number of successive pixels in the calculation of
DCC is set to 3 (i.e. n=3), resulting in 12 discrete cadeging from 0 to 1vithin the range of

0° to 18C°. In other words, a histogram of writing directions, denotedl,big represented by a
vector with 12 elements.

Visualisation: With asmallrange of discrete values, the distribution of writing directions is bes
viewed ina histogramform. Figure 6 shows this feature extracted from four text line samples,
written by twodifferent writers identifiedas ‘Sample 1' and ‘Sample.2WVhile similar patterns
are observed within the samples written by the samiter, a clear distinction is also obsedve
between the samples written by different hands.
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4.2  Roundness of handwriting (r)

Definition: Based on the writing directions described above, the roundness of harglwais
measured indirectly if18] by the ceoccurenceof two successive directionrahaincodes. In
comparism, a more intuitive measurement is proposed for the roundness in thisretotythe
angle between two successive sequenceikls (in this study=3). For example, the roundness
of writing at the 12 pixel in Figure 5(c), denoted by, is calculated as the angle between the two
vectors starting from the T2ixel and ending at a point three pixels away along the contour in
opposite directions.

In order to distinguish between the concave and convex curves, the angkesimgethe
roundness of handwritings aassesseth the rangeof 0° to 36(°. As explained irSection4.1,
when n=3, the angle values within the rang8°ab 18 are discretisg to 12 unique codekence
there are 24 discrete codes for the rand® & 36(°. At the same time, as the roundness angle is
measured by two consecutive vectors along the contour, it is impo&sigsult in an angle 6f,
thereforethere are 23 discrete codes for the resulting roundness afigidar to the formulation
of the writing directionhistogram the frequency distribution is implemented as a feature
describing a general behaviour pattern of a single wiiitegrefore, the roundness of ldavriting
is represented by a vector with @8de bins

Visualisation: The frequencyalues othe discretised roundness angles of handwrénegriewed

in histograms, as shown kigure 7. Though less distinctive thdndifferences can be observed
between the samples written by different hands.
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4.3  Thickness of strokes (w)

Definition: In addition to the type of pen being used, the thickness of strokes istivelichthe
pen pressur§lb]. Based on a binary image representation of the handwriting, the thicthes
strokescan be measured lmalculatingthe distance between the minima on the upper and lower
contours if25], or by the count of the number of foreground Exel[15]. While the first method
may be affected by degradation in the manuscript afifgdigatures or by thdift -off and pen
landing movementsithin ahandwritingsample the lattermethodis not a direct measurement of
the thickness of strokes. Based amevolution ofthe image dilation method adopted [&9],
measuring the areas of the successive dilation as an indicator of writiny,cualéw method is
proposed in this study to measure the thickness of stroke

In ourproposed method, the text lines argally skeletonised. The skeletonised text lines are
thensubjected to a successive dilation process, where the diameter of the dikkiorcibases
by a minimum increment ofwo pixelsat eachiteration(i.e. the radius increases by one pixel).
Taking the character “e” in the word “Duke” Figure 5(a) asan example, the original image
along with the images at each iteration of dilationstui@vn inTable 2 The area within the original
image that does not overlap with the dilated skelétanableu in Table J represents the pixels
where the strokes are thicker than the diameter of the dilated skeleton. Thegperoémtrea of a
text line that is thicker than the diameter of the dilated skebatdrthiner than the diameter of the
next iteration of dilatioris recorded after each evoluti¢mariablew; in Table 3. The dilation
process stops when the entirety of the original text line image ovevltpthe dilated skeleton,
indicating that all strokes are thinner than the diameter of the dilatioatttskcurrent step.

Hence the thicknessf strokes, denoted hy, is a vector of which the length is related to the
thickest stroke in the sample, and the position of the elements relateshakiness of strokes
starting from one and incraag by two. The values of the elements represent the percentage of
pixels where the strokes are thicker than the thickness related to therpokihe element. For
example, the values far extracted from four text lines written by two different writers arexsho
in Table 3 Notethatw; andw, are zerepaddedo providea comparative view with other samples.

Visualisation: A barchart can be generated to visualise the values in Taileethe vectors are

all adjusted to the same length. However, the small values in somenédeimw result in very
short bars that are hardly visible. Therefore, in order to maximgséaghalisation effect, the values

in each column ifTable 3are divided by the maximum value of that column. As a result, the bars
in each group arscaledproportionaly so that the longest bar reaches 100, as showigime8.
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Note that the purpose of the scaling process is to maximise the visual effeitte aadlues iw
remainthe same for all samples.

Table2: Calculation ofw —the thickness of strokes

Iteration | Original t,=1 t,=3 t3=5 t,=7 ts=9
Image ! é z z ! !
o? 145 38 117 138 142 145
ub 0 107 28 7 3 0

w; © (107-28)/145=54% | (28-7)/145=14% | (7-3)/145=3% 3/145=2% | O

a) Overlapping area
b) Non-overlapping area
c) Percentage of area where the thickness of stroke is greatertibarhaller than.t

Table3: Thickness of strokes

a) Values ofw calculated from four text lines

Thickness of strokes (t)| 1<t<3 3<t<5 5<t<7 7<t<9 O<t<11l | 11<t<13
Writer 1 sample 1 (V) | 49.58 28.04 3.40 0.10 0.00 0.00
Writer 1 sample 2 () | 46.95 30.69 4.61 0.11 0.00 0.00
Writer 2 sample 1 (W) | 42.10 31.71 9.54 1.60 0.17 0.02
Writer 2 sample 2 (W®¥) | 42.20 31.99 8.91 1.69 0.24 0.02

b) Values ofw converted coluniwise as the perceage of the maximum value within

column
Thickness of strokes (t)| 1<t<3 3<t<b 5<t<7 7<t<9 O<t<11l | 11<t<13
Writer 1 sample 1 &%) | 100.00 | 87.65 | 35.61 5.73 0.00 0.00
Writer 1 sample 2 ?) | 94.69 | 9592 | 48.31 6.42 0.00 0.00
Writer 2 sample 1 &%) | 84.91 | 99.11 | 100.00 |94.47 |71.65 |98.89
Writer 2 sample 2 ) | 85.11 | 100.00 | 93.36 100.00 | 100.00 | 100.00
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Figure8: Thickness of strokes

4.4  Word proportions (p)

Definition: The word proportions, or proportions of letters, have been recognised asctidesti
feature of writing styles. In traditional palaeography or forensic dostiamalysis, the proportions
of individual letters are examined, i.e. the proportibtheascender itheletter'b’, thedescender
in theletter'g’, etc. Since the automation of the process is a primary objective in ouywtrdy
proportions araveragedor all letters from the line proportions with regard to the upper partitio
(containing ascenders), main body and lower partition (containing mtbsdas shown irFigure

9.

I;c;::::;af_’ég:@f:a}tIﬂzmﬂiﬁzﬂzz&eﬁﬁ#ﬁi&::z

Figure9: Separation of three line partitions: upper, main body, and lower pastiti

The local extrema of the upper and lower contours of a texalia first of all extracted. Using a
Fuzzy Clustering Metric (FCM)30] algorithm, the local extrema are classified into three groups
corresponding to the three partitions identified abdweorder to be able to detect missing
partitions, typically in a short text line where there is no ascemdirszender, a validity maas

on the optimahumber of cluster§as described ifi31]) is adopted to evaluate the possibility of
missing upper atior lower partitionslf, for example, the text line contains a single wdedike’,

it is obvious that the lower partition is missing. The extrema extractedtfr® contour of this text
line are illustratedby the dotsin Figure 10 The validity measurement assesses not only the
compactness of individual clusters, but also the distance between ¢lasttresultin the two
clusters as indicated by the two circlesigurel0.

The result of separation of the three line partitions is showv#igtre 9®. The proportiorof
each class is calculated as the height of each partition divided by the heibbt tekt line.
Therefore, the word proportions, denotedpbyre calculated for each tdine and contain three
scalar values.
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FigurelQ: Clusters of extrema of a text line containing a single word “Duke”

Visualisation: Because the values of the line proportisas to a value aine, one of the elements
within p can be expressed linearly by the other two. Therefore, it is sufficieigualise two of

the elements contained m Viewed in a twedimensional scatter plot, as shownFigure 111,
except for a fevoutliers most of the values extracted from the samples written by the same hand
form a cluster.

04
I %
So3s- * . R
:E L) U"
g 03 R i
5 A
2 0.25-
o
Y
o 02
=
°
= L
= 0.15
D_ 1
g 01F . * ¢ Wiiter 1 sample 1|
. = Writer 1 sample 2|
0.05 * Wiiter 2 sample 1 |
v Wiiter 2 sample 2|
I | ) |
8.2 0.25 0.3 0.35 0.4 0.45 0.5 0.55

Proportion of upper partition

Figurell: Word Proportions

45  Character and word spacing (s, Sv)

Definition: Without explicit word and charactsegmentation, character and word spacing are
estimated from the horizontal distances between twdrades within the main body of the text
line. Intuitively, a horizontal scan line is placed across a text line, atid igertically through the
main bog of the text lineTaking the text line in Figure &anexample, the horizontal scan line
will be placed between the two dashines indicating the boundary of the main body of the text
line. Along the scan lingthe widths of all continuous white sg&clong the scan line are recorded
including, for example, the white space inside“o” in the word “About”, between “n” and “e”
in the word “next”, as well as the space between words

It is anticipated thatvidths shorter than averageorrespond to # space within individual
characters or between characters within a word, and lamgsto the space between words.
Therefore, lhe widths are taken as inputs té&-eneans clustering algorithnk<£2) to distinguish
between the word spacing and inter intra character spacing within words. To better describe
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the range of values within each class, the following percentiles are chasqréss character and
word spacing: 8, 10", 25", 50", 75", 90", and 9%. Therefore, the character and word spacing,
denoted bys ands, respectively, are formulated as a vector with seven elements.

Visualisation: An empirical cumulative frequency distribution function (ECDF) ugtable to
describe any typef distribution function. In fact, the percentiles of a distribution (valnesand

sw) can be observad an ECDF. Therefore an ECDF graph is chosen to illustrate the approximation
of the distribution of word and character spacing.

Figure 12shows theword and character spacing extracted from four samples written by two
writers. The values irs for each sampleorrespond to the-goordinates bthe ECDF when x
coordinates take the value of 0.05 (tfgpBrcentile), 0.1 (the 1percentile), and sorolt can be
observed from Figure 1that there isa notabledistinction between samples written by different
writersboth in word spacing and in character spacing.
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46 Linespacing (s)

Definition: A direct outcome from the line segmentation as describ&ebdation3.2 is the local
maxima that are classified as the main body of text linesv@itieal distances between these local
maxima are measured as the line space, denotadThe features is extracted from a page or a
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region containing multiple text lines, resulting in a vector of scalaesaThe length o is not
consistent beteen different samples becausis #qual to the total number of text lines minus one.

Visualisation: An ECDF is suitable to visualise the similarities in line spacing betwaeples.
However, when there are only a few lines available for the analysis, the EGRFE significant
step effects. Assuming that there is some consistency in the linegpattim each writing style,
the values o§ should follow a normal distribution. Therefore, a theoretical cumuldistebution

function (TCDF) can be estimated based on the parameters of a normal distrifaltulated from
the values o§, as shown irHgure 13
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Figurel3: Line spacing

4.7  Connectivity (c, 0

Definition: The aerage number of interior and exterior conto(it$] are indications of
connectivity in cursive handwritingamples In this work, the connectivity is expressed by two
features 1) the &, 10", 23" 50" 73", 90", and 9% percentiles of the width of connected
components in a text line (denotedd)yard 2) the ratio of the number of loops to the number of
connected components in a text line (denoted)byhe possible range of values fois unknown
and the values far vary within a continuous range between 0 and 1.

Visualisation: Similar to the mdtod of visualising the line spacing, in order to avoid the step
effect in an ECDF graph, a TCDF is calculated using the parameters of a notnilalitths
estimated from the sampled values. As can be obs&omd-igure 14 the samples written by the
same hand show more similarities than those written by a diffeagwt
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5 Distinctiveness ofHandwriting Features

As noted earlier, the distinctiveness of the handwriting features will dleaed in the context of
scribal hand verification, and a new paradigm of writer verificatictesy that does not require a
training process will be introduced in tlsction.

51  Methodology

The features introduced iBection4 are extracted from individual text lines, except line spacing
(s) which is extracted from two adjacent text lines. Therefore, given a patgning multiple
text lines, a small set of samples are available for each feature. The hizdeatttre set is-1 for
line spacing and for other features, wheres the number of text lines in the manuscript image(s).
A probability distribution function (PDF) can be estimatezin the set of samples available
for a single feature. It is assumed that if twe sétfeatures are taken from handwriting samples
written by the same writer, there is no significant difference betweenRbéis. In other words,
if two sets of feature samples show significant difference in theisRB& handwriting samples
from whichthey are taken are likelp have beewmritten by different writers.
A simple KolmogorovSmirnov (KS) tes{32] can be employed to test the equality of-one
dimensional PDFs, which applies to features expressed by scalar valuevercexceptor the
two features representing the connectivity of a text kvidchare expressed by scalar values, the
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features are all represented by vectors. In statistics, adapting ttesti8 assess the equality of
multidimensional PDFs is still a challenging t488]. Several methods have been proposed, but
they are computationally expensive. For a set shmples, the computational complexity is at
leastat the order of ©h[33]. Therefore, a method is proposed to convert the multidimersiona
feature space intaonedimensionatepresetation

A number of techniques are available for the purpose of projecting a highglonal dataset
to a low dimensional spad&4]. Several methods, includi Isomap, Metric Multidimensional
Scaling,and Maximum Variance Unfolding share the same underlying principle: jmiagethe
pair-wise distances of the data samij&4. The same principle is adopted in this study to reduce
the multidimensional feature set into a @hmensional space.

Following scaling the range of values within each dimension to betweenandronea
Euclidean distancenetric is usedto calculate the distanckeetween a pair of feature samples.
Regardless of the number of dimensions of the feature, for asé&atiire samples, the result of
dimensionality reduction is a set @f scalar values, and henttee KS-test is suitable foretsting
the equality of the PDFs of the dimensionally reduced feature sets.

When comparing the similarities between two sets of vdideed feature samples, not only
the pairwise distances within each feature set are calculated but also those cross featuee sets
us cenote the two feature sets as{fi1...fim} and ={f21...%}, wherem and n represent the
number of feature samples in each set respectively. The reghié afimensionality reduction
conducted ors; ard s, can be expressed by three setsazlar valueslis, dz, anddiz, whered;
represents the pawise distances between the features withinisatsl].

The hypothesis on the equality of the PDFs of these two feature sets can egpréssed as
follows: if s and s, are taken from handwriting samples written by the same writer, ihere
significant difference between the PDFs daf and di» or betweend,, and di.. The overall
hypothesis can be decomposed to two-lsyiotheses, both tested by the-t€St The overd
hypothesis is accepted only when both-Bypotheses are acceptaeddrejected when any one of
the subhypotheses is rejected.

5.2 Experiment and performance evaluation

In the context of this study, each manuscript page constitutendwriting sample.df each
individual feature, the writer verification method as described in @estil is employed to
evaluate the equality of the sets of values extracted from any mplesa Therefore, for the
handwriting samples within the MEMDB dataset, the total number of isi@l6. Futurestudies
may be carried out t@explore the relationship between the performance of the method using a
smaller sample s&z The current experimeig carried out using each dataset separately. Moreover,
in order to evaluate the scalability of the method on assessing the tlistiess of the handwriting
features, the experiment is repeatedr@msubset of the IAMDRBlatassetAlso, for the purpose of
providing a comparison of the performance between the two datasetsspiétt tgproblemscale
the size of the subset of IAMDBataseis formedto contain the same number of writers as in
MEMDB datassetThe subsesihence named as IAMDBdatasetand the full dataset is referred
to as IAMDB-200dataset

Similar to the situation with aconventional writer verification system, tlaeceptance rate
(FAR) and thdalse rejection rate (FRR) can ddoptedas the performance evaluation metras
shown inEq. (1)andEq. (9 respetively. In statisti@l trials, FRR is equivalent to type | ernate
and FARto type Il errorrate The evaluation relasto the hypothesis that two samples are written
by the same writer. oe | error or FRR increases if the hypothesis is true but is rejected inlyorrect
Similarly, type Il error or FAR increases if the hypothesis is falsabcgpted incorrectly.

FAR = number of times the hypothesis is false and accepted / 1)

number of trials when thigypothesis is false

FRR = number of times the hypothesis is true and rejected /
number of trials when thigypothesis is true

)

18



In relation to the FAR and FRR, two meg&giving amore intuitive interpretation of the feature
performance are proposeatthis paperinter-writer distinction(D), andintra-writer repeatability
(R). The interwriter distirction measures how distinctive a feature is between handwritingesmpl
produced by different writers, and it increases when the hypothdalsé and is rejected correctly.
Conversely the intrawriter repeatability assesses whether a feature is rdpeatathin the
handwriting samples produced by a single writer, and the value incrghsaghe hypothesis is
accepted correctly. From the description above, the relations between FRRNER andR can
be expressed as follows:

R=1-FRR
(4)

A third metric—the verification rate\() — is introduced to assess the overall performance by
averagingD andR. V can be expressed IyandR or by FARandFRRas follows:

V= ((D+R)/2) = 1~ (FAR+FRR)/2) ©)

5.3 Resultsand discussion

The results obtained from thexperimens on both datasets ashownin Table 4 The first
observation is in relation to the first two features, which wetr@dunced in[18]. The« in this
study is a direct implementation of the same featuf&8h and the extraction afis based on the
writing directions of two adjacent sequence of pixels. The reported performanci ofriter
verification in[18] based on the IAMDB dataset is BRER(equal error rate) of 7.1% or 92.9% in
terms of correct verification rate. In our study, when tested on IAMD®, V is 89%. The two
featuresd andr show the besperformance within the modern dataset, and therefore canfirm
the findings in189].

The second observatidrom the obtainedresults inTable 4is with regard to the scalability of
the method employed in scribal havetification in our study. In comparison with the test on the
subset of IAMDB, the decline in performance is less thanT®refore, it can be concluded that,
first of all, the performance of the features are consistent whesizthef the dataset scalas.

Looking at the performance of individual features when tested usgnigtHAMDB dataset,
we find that sevefeaturesd, r, w, p, Sw, C, ando, showgood performance), R, V>50%) while
the other two features; ands, showpoor performance. Theame phenomenon is observed when
tested using the subset of IAMDB, i.e. IAMEB

On the other hand, when reviewing the results obtained using the MEMB&eta general
decline in the performance can be observed in most of the features. Howeveg,iatenesting
finding is that the two features associated with the worst perfaenanlAMDB: s and s are
among the top three features showing the best performance in MEMDB. Wdstwd features
showing the best performance when tested on IAMBBnd r, are among the less effective
features when tested on IAMDB.

The last observation suggests that the handwriting featineitar to thoseadopted in
automatic writer identification/verification systedescribed in18], namelyd andr, are less
beneficialwhen applied to historicamanuscriptsin comparisonthe featuregproposed in this
study are closer to the metrics adopted in conventional palaeography analysisofe)etted
observation furtheindicateghe importance of learning from the established metrics in the analysis
of historical manuscripts.
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Table4: Results of writer verification

Feature IAMDB -5 IAMDB -200 MEMDB

D R \ D R \ D R \
d 98.3% | 81.8% | 90.0% | 97.8% | 80.1% | 89.0% | 85.1% | 52.1% | 68.6%
r 96.9% | 82.1% | 89.5% | 95.5% | 81.5% | 88.5% | 94.3% | 35.4% | 64.9%

63.8% | 88.8% | 76.3% | 60.2% | 88.9% | 74.6% | 53.5% | 95.8% 74.7%
64.1% | 80.8% | 72.5% | 58.8% | 84.7% | 71.8% | 63.6% | 66.7% 65.1%
18.2% | 100% | 59.1% | 18.0% | 100% | 59.0% | 51.3% | 97.9% 74.6%
67.0% | 78.3% | 72.6% | 61.4% | 82.2% | 71.8% | 69.7% | 60.4% 65.1%
3.3% 99.8% | 51.5% | 3.8% 99.1% | 51.4% | 80.7% | 77.1% 78.9%
75.7% | 95.1% | 85.4% | 71.2% | 96.7% | 84.0% | 77.6% | 81.3% 79.4%
61.8% | 91.1% | 76.4% | 61.8% | 91.1% | 76.4% | 64.0% | 64.6.0% | 64.3%

olo|lov|ly|lo|s

o

6 Conclusion andFuture Research

This paper has introducedhavel handwriting feature extraction, visualisation and analysisrsyst
for the purpose of digital palaeographnalysisinitially, relevant studies in three different fields
have been reviewedand discussed including traditional palaeography analysis, digital
palaeography, and automatic writer identificatiteading to th opportunityfor a synthesis of
ideas and techniques.

Addressing the gap between traditional and digital palaedgrapbroachem terms offeature
extraction technigueandappropriatehandwriting metricsfirstly, a fully automated process has
been mplemented for feature extractiandvisualisationas well as analysiSecondly, a number
of new features have been introduced that are more closely related to the hestaliétrics
typically adoptedn traditional palaeography than the features conmlynadopted in automatic
writer identification.

The set of features have been tested on two dsatd&dDB which isa contemporary mukHi
writer handwriting database and MEMD®iich contairs four medieval/early modern manuscripts
written by an unknown nuber of writers.The results ofour experimerg have confirmed the
effectiveness of the features adopted in automatic writer identificatiod at the same time
showed that the new features are more revealing of the individuafitiesdwriting in historical
manuscripts.

Compared to previous work in digl palaeography where manual feature extraction is required
or where the goal is specific to the task of automatic writer identificatienadvantage of the
features introduced in this studty that they carbestbe exploited in the implementation of a
contentbased image retrieval (CBIR35] system in the context of digital archivEsture research
building upon this current studgan be developed tmclude aninvestigaion into the image
clustering problem for the purpose of accelerating a CBIR sysi&is may use théeatures
introduced in this study as well as those adopted in previous wortoimatic writer identification.
Furthermoe testing on @ditional datasetghe tuning é algorithms to sutlasses of documents
and the multfeature fusion of decisiemaking procesasmay lead to improved performance.
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