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Abstract

The thesis concentrates computational methods pertainingancientostraca
- ink on clayinscriptions written in Hebrew These text®riginaie from the biblical
kingdoms of Israel and Judand dated tthelateFirst Temple period (8th early 6th
centuries BCE)The ostracare almost the sole remaining epigraphic evidence from
the First Temple perioénd are therefore important for archaeolagitistorical,
linguistic, and religious studies of thisefhisinoi sy o materi al offers
for the devel op memageamalysisimagepracassng, Gamputeu st o
vision andmachine learningnethodsdealing withthe challenging domain of ancient
document sThe ammnaoh gracédsreds modern epigraphersivolve manual
andlaborintensivestepsfadng the risk of unintentionally mixing documentatiafith
interpretation.Therefore, he main goal of this study is establishing a computerized
paleographic framework fdnandling First Templeperiod epigraphic materialThe
major research questiongaddressedn this thesis arequality evaluation of manual
facsimiles quality evaluation of ostraca imageautomatic binarization of the
documents and its subsequegfinement; quality evaluation of binarizations on global
and local levels; identification of different writers between inscriptigwe distinct
methods are proposgdmage segmentation (withmprovements over the classical
ChanVese algorithm); and | Ehedeelopednetisotisa pe pr i
were tested orealworld archaeologicadnd modermlata andheir results are found to

be favorable
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1. Introduction
What 0s kajeptied emathematicsand biblical archa&ology? This

combinationwould havebeen considered peculiarfewdecades ago. Yghese days,

the amalgamation of these disciplines is not only reasonable, but even-afieght

Indeed, from the archaeological side, an elegpeningcooperationwi t h A har do
scientific disciplinegincluding,yet not limited to physics, chemistry, material sciences,
geophysics, geology, genetics, botany and zodlpgywidesanswers to longtanding

issues andaisesnew quesbns (Shaus et al. 2017bFor severalexamples of such

fruitful multi-disciplinary studiesee Finkelsteinet al. 2012 Finkelstein et al. 2015

describing a majoresearchproject under the auspices of the European Research

Council with the currenstudyas one ofitstracks).®® t he ot her hand, HfAno
stemming from the excavationffersa fertile ground for the development\arious

il r o bamaytical methods, pushing the boundaries of science.

Interrelated research domains such as image processing, computer vision
pattern recognition,data mining, machine learning text processingand other
computational toolsre not exceptiaa, andalso becomeincreasingly applicable in
archaeological andhistorical setting(e.g, Gilboa et al. 2004Brown at al. 2008;
Lipschitset al. 2008. One of the fieldsesulting from this collaboratiors theemerging
challengingdomainof ancient documenbsnalysis(e.g.,Dinstein and Shapira982;
Schomaker et al. 200Bar-Yosef et al. 200;7/Ben Messaoud et al. 20l Beside the
already mentioned mathematical subjectss tfascinating topicalso pertains to
linguistics, philology, epigraphy, paleography, theology, history ahdcourse

archaeology.

This thesis concentrates guarticular type of ancient inscriptionsriginating

fromthe biblical kingdoms of Israel and Jud@hese texts, bearing the Greek name of
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ostraca(singular:ostracor), areinscribedon clay sherds, and in our case are written in

ink (and not incised)The majority of these documents were created toward=nithef

the First Temple period {8 early 8" centuries BCE), also known as Iron AgeTlhe

largest groups of ostraca were discovered in the excavations of Samaria (Reisner et al.
1924), LachishTorczyner et al1938, Arad (Aharoni 198) andHorvat 'Uza(Beit-

Arieh 2007, with several dozerelativelyflengthydo ( e n ¢ o0 mJRéinesof texty 3
ostraca in each corpuSome examples of ostraca from the desert fortress of Arad

(Aharoni 1981), dated to ca. 600 BCE, can be seen in Fig. 1.1.

4

Figure 1.1 Examples of ostraca (ink inscriptions on clay) from the Iron Age fortress
of Arad, located in arid southern Judah. These documents are dated to the latest phase
of the First Temple Period in Judaia,. 600 BCE. The texts represent correspondence
of local military personnel.

The ostraca are written in a language close to Biblical HebrewcierdarPalee

Hebrew alphabefTypically, thesetextsare offi mu n d mature oontaininglists of
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names, invemtries of food and other items, taxation recoms,well as dayo-day
administrative and military corresponden¢towever, wth the primarily religious,
literary andexecutivedocumentswritten on papyri and thereforanot surviung the
journey down the millennian the local humid climatethe ostraca are almost the sole
remaining epigraphic evidence from the First Temple period. Hence, their utmost
importance for historal, anthropologial, linguistic, philological andreligious sudies

of Israel and Judah during this era.

The practiceof modern epigraphers (experts on ancient texts) specializing on
Iron Age,compriseghe following stagesAn ostracon(or its photographis manually
drawn,resulting ina facsimile black and white depiction of ttlwcumenk. Facsimiles
of various ostraca are wutilized for t
containing firepresentativ@ letter instance for eachinscription Subsequently, the
paleographial tableserves as basidfor various typological studiesvhich compae
theh a n d wr sinilaritieg @& discrepanciestweendifferent documents, corpora
and localitiesand attemptdtrace the evolution of the letters across the atjedurally,
suchprocedures arextremelylaborintensive and moreover, face the almost certain
risk of unintentionally mixng documentation and interpretatioAn example of an
epigraphic procedure faistracon No. 1 from Tel Arachn be seen at Fig. 1.2. It begins
with an ostracon (Fig. 1.2a), depicted in a manually created facsimile (Fig. 1.2b).
Unfortunately, a close inspection of the facsimile shows a mixture of documentation
and interpretation (Fig. 2¢). Then, themost representative characters, chosen by the
epigrapker, populate the paleographic table (Figd),. utilized for further tasks of

typological analysis.
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Figure 1.2 Ostracon No. 1 from Tel Arada) an ostraonimage (b) hand drawn
facsinile; (c) zoomin onimage and facsimilghe utmost left word of the last line

The | edutdomacshtariact er i s documented, yet it i
a fragment of a paleographic t diffdre@et, cont ai
ostraca.

The main goal of this study isestablishing a computerized paleographic
framework for dealing witlrirst Temple perio@pigraphic material. Thiolboxcan
be compared with other similar projeatsd toolkitsdealing with histacal doaments
of other languages, erasd writing systemsExamples includehe Gamera project
(Droettboomet al. 2012, the Hadara framework for historical Arabic documents
(Pantkeet al. 2013), the Monkandwritten documestnging(Van der Zanet al. 2009;
Van Oosterand SchomakeR014;Schomaker 2016); as well as sevemituresiealing
with Hebrew writing from otheagesand media in particular theDead Sea Scrall
(Grossman 201Q;avee 2013; Dead Sea Scrolls 2pafdthe Cairo Genizah (Wolf et
al. 2010; Potikha 2011)JUndoubedy, inspiration capnand will be drawrbelow from
these and many other referencétowever,the distinctive challenges(e.g., small
amount of very short, fragmentary and higbdlgraded texfsunskilled authors with
significant intrac and interwriter charactes &ariability; stained, cracked,neven,
nonuniform fluorescent and difficult to image mediummany hotly debated issues

amongepigraphersleading tdaheabsence odinyagreedu p o n  fi-ig r v)als sied
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as theuniqueresearch questions relatedHebrewlron Ageepigraphy necessitatéhe

development oanoriginal computational apparatus

Below is a concise description of theajorresearch questionsandled by the

corresponding sections of the thesis.

1 Section2: How can the quality ofmanualy createdacsimilesbe evaluated

1 Section3: How can the qualityf various images of the ostraca be evaluated?

1 Section4: How can automatic binarizations, possibly encompassineheficial
information of manual inexact faaogsiles, be created?

1 Section5: How can binarizations be improved via sparse methods?

1 Section6: How can the quality of binarizahs be evaluated?

1 Section7: How can the quality of individual characters within the binarizations be
evaluated?

1 Sections8 and 9: How can different writers be detected within a given corpus?
(Two distinct methods are proposed.)

1 Section10: How can a fast image segmentation be achieved?

1 Sectionll: How can a | etterds prior be esti mat

A schematidlowchartof the overall frameworis provided in Fig. 1.3.

We aimed at making each section of the thesis asepthined as possible,
with links to other sections supplied whenever necesSame of the following results
were previously presented in papers quoted below, as well as within some brief
overview articles FaigenbaurGolovin, Shaus, Sober et al. 2Q0Bhaus et al. 2056
FaigenbaurGolovin, Shaus, Sober et al. 201 This thesis refines, improves, finalizes

and connects these developments.
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Figure 1.3 A summarizingschematic flowchart of the overall framewoontinuous
lines represent direct input, while dotted lines represexitiary information.

Unless stated otherwise, all the methods were implemented by the author of the
thesis via the Python programming language (Python 2010), utilizing librariessuc
NumPy {/an der Waltet al.2011), SciPy (Jones et al. 200%}ikit-learn(Pedregosat
al. 2011), scikiimage ¥an der Walt et al. 2034Matplotlib (Hunter 2007)PIL (PIL

2009)andPillow (Pillow 2010)
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2. Quality Evaluation of Manually Created Facsimiles

2.1Background and Prior Art

The discipline of Iron Age epigraphy relies heavily on manudiiwn
facsimiles (binary documents) of ostraca inscriptions. However, facsimiles crafted by
hand may unintentionally mix up documentation witherpretation. Surprisingly,
despite their importance for the field of epigraphy, to the best of our knowledge no
attention has thus far been devoted to facsimile quality evaluation. Some epigraphical
publications (e.gHunt et al.2001andBarkay et al. Q03; although they do not deal
with ostraca) superimpose the facsimile over the inscription image, but this is
performed manually with no attempt at measuring the quality of the fit. On the other
hand various methods from the domain of document analgsaling with quality
estimation ofbinarizatiors (e.g.Ntirogiannis et al. 200&ratikakis et al. 201,@atos
et al. 201}, require the creation of a manual or semiomatic ground truth (which can
be potentially influenced by the human factor, Beengy Smith 201(0. Candidate
binarized images (facsimiles) are then graded in one way or another, according to the

quality of their fit to the ground truth, with no reference to the inscription image.

As an alternative, we shall establish an effective facsimuality measure,
simple enough to be explained épigraphers The measure will be based upon
registering the facsimile directly to an inscription image (kept constant). The
performance of the measure will be tested in order to assess its relidlétgverall

approach was first presented in (Shaus et al. 2010, 2012).
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2.2 Facsimile Evaluation
Given a grayscale O(p) ostracon image, and the facsimile imagép), (in
both casepi [1,m 31, 1) several imagdit functions can be defined (as will be
explained later, given images of different sizes, a registration of the facsimile image to
the ostracon image is required). Natural candidates for comparing different serson
the commonly usedL andL, norms. While the latter may entail nice analytic
properties, it also has the tendency to heavily penalize large deviations, which might
lead to norrobust behavior. Thus, we gfer the L, norm. Since the facsimile
documents are binary we denotd ={p|F(p ®} (fAi nk pi xel so)
C={p|Hp 255} (fcl ay pixelsodo), whicO(pmdudedd f unct.

by F (p) . We begin with the following measure which we wislmioimize
E(F.0)= & IF(p) -O(pI. (2.1)
pilQC
As the facsimile image is restricted to O=ink and 255=clay values, it is easy to

showthatminimizingE, is equivalent tanaximizing
E(F.O)=8 Op -4A 9 - &R D. (2.1)
o C pi pil C
It is expected that among the various facsimiles depicting a gngeription,
the relative proportions of ink and clay pixels (as opposed to their location) would be
almost constant. Thus, the rightmost sum can be neglektpdssible problem with
this measure is the dominance of the | eft

pixels (within the facsimile image) are rel

to use averages (i.e1 = Averagg ,{ © J} , whereD is a domain within an image)

instead of sums, thus biasing the measure towards the ink. fi»edise:
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CMI(F,0)=m - p, (2.3)
where m. is the averagé c | ay n e snp i6 thenalverabg@i nknesso. The oV

measure i s abbreviated adheCMilindegx éxbibiteay ness m

connection to the Otsu binarization meaq@esu 1979)which is equivalent to:

o W (7 o)%' 2.4)
Here,jandmar e averages of t h(mourcasghepei X e | Ap
are m and ) and w,, w, =1 -1y are their appropriate proportions. Sinog, 1
reaches a maximum wheg = 1 .5, Otsu's criteria may be viewed as the square of

the CMI measure, biased towards the histogram mdudiaith splits the pixels into
two pqoulations of equal proportiopsOn the other hand, it should be noted that the
underlying problems are quite different: while Otsu deals &ithunknown pixel
populationseparatedy histogram thresholding, our mission is to evaluate existing

pixel populdions induced by another (facsimile) image.

The main difficulty of comparing two documents is that the mamnatfted
facsimile may depict the ostracon from a slightly different angle, or to be somewhat
rotated with respect to the ostracon image. Farrideson, there arises the need for a
registration between the facsimile image and the ostracon image, resulting in the
facsimile registered image fitting the dimensions of the ostracon. For registration

purposes, we use the same CMI target function. V&gdea registration thainly

allows for rotationqu(F) of the facsimile imagewith subsequent height/width

adjustments in order to impose the dimensions of the ostracon image on the facsimile
(the simplicity of theregistration minimizes our intervention in the work of the

epigrapher; see more sophisticated registration in SectjonTherefore, the
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optimization is only perfomed with respect to one paramethe angleg, (sampled

hereinwi t h 0.1 degreesd resolution):
Grnex = ATgMaCMI (R, (F) O). (25)
q

An example of an ostracon image, a facsimile image, their initial fit and their
CMI-based registration can be seen at RAdsand 22 (depicting Arad ostracon No. 1,

seeAharoni 198).
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Figure 2.2 Example of (a) initial facsimil@stracon fit, (b) CMibased registration
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2.3 Experimental Results

Methodologwerification |

We compare several facsimiles of the same Arad No. 34 ostracon (containing
hieratic, i.e. Egyptian, numerals; s&learoni 1981 Rollston 200é&nd Fig. 2.3), created
by different individualsTwo of the facsimiles were drawn by epigrapherd ane by
an artist. In order to avoid identifying these scholars, they are denoted below as A, B
and C. The results of the CNdased registration and evaluation can be seen in Figs.

2.4-2.6. The confirm the soundness of the approach.

Figure 2.3 Arad ostracon No. 34 |

Fig. 2.4 shows the ostracon image compared with facsimile A. The registration
of the facsimile is excellent (attesting to the effectiveness of the CMI measure). The
overall fit of the overlaid facsimile A is good. Nevertheless, the facsimile characters are
not always correlated with the ostracon image characters (see for exam@d kig.
the |l ower | eft), whi c h-obsteided ink). 3he istrokesayep i c a |
not dways long enough (e.g., Fi@.4, lower right). The strokes themselves are

somewhat wide. The resulting CMI score is 71.1.
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Figure 2.4‘Overlaidfacsimiléz, CMI = 71.1{
The overlaid facsimile B, seen on Fig. 2.5, again has good registration. This

time, the fit is also good and the facsimile characters seem to be in better correlation

with the ostracon image. On the other hand, the character strokes are sometimes a bit

too wide (e.g., Fig. 2.5, upper left) and the overlap is not always pelrfieatidition

notice cases where the strokes are not long enough (e.g., Fig. 2.5, upper left and lower

right). Overall, the facsimile is of better quality than he CMI measure, 8@, is

understandably higher.

Figure 2.5 OverlaidfacsimileB, CMI = 82.6

In the case of facsimile C, Fi®.6, the registration is outstanding. The

characters are narr ow a rcalentfiagreemenpvith thet hey s ¢
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ostracon image. The CMI score, 84.0, is justifiably the highest among the three
facsimiles. This is despite one possibly missing character, taken for a scratch or stain

(Fig. 2.6, upper right); owing to the fact that empiricalthe CMI measure prefers

mi staking ink for clay than vice versa (|

ichatriacvteenrt i ono, but will not heavily penal

Figure 2.6 OverlaidfacsimileC, CMI = 84.0
In conclusion, the procedure correctly indicates that facsimile C is the best of
the three. The superb registration, also based on a CMI index, is also a good indicator

of the soundess of tis measure.

Methodology Verificationl|

It follows from the definition Eqg. 23), that the CMI index depends on the
ostracon image. Hence, it is reasonable to assume that camera position and angle (vis
&vis the ostraca), as well as illumination charast@s$, are significant factors in the
image and so may change not only the CMI scores, but also their relative rankings. In
order to empirically test the degree of invariance of the CMI measurements and their
rankings to ostracon image change, we use@nether image of the same ostracon,

which can be seen in Fig. 2.7.
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Figure 2.7 Another image of Arad ostracon No. 34.

Comparing Figs. 2.3 and 2.7, it is obvious that the latter image is markedly
different from the former. It is viewed from a different angle, it is slightly rotated, the
background is brighter and lacks shadows, and the ostracon itself is darker. We repeated
the previous methodology verification stage, the protocol included the usatye
unchanged A, B and C facsimiles and an application of the same CMI registration and
quality estimation apparatus. Table 2.1 summarizes the results of the first and the

second methodology verifications.

Table 2.1 Results fortwo verificationsof facsimile qualitymethodology

Facsimile CMI score CMI score
using Image #1 | using Image #2

A 71.1 64.5

B 82.6 71.6

C 84.0 75.1

The change in the magnitude of the results is hardly surprising, as the image has
a different grayscale level distribution. What is important is that the order of the CMI
scores is maintained despite the completely different ostracon images. The A score is
lower than B, while the C score is higher than both A and B. Therefore, despite using

substantially different ostracon images, the relative results of the facsimile evaluation
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remain effectively the same. This current empirical validation shows, thizicgienile

rankings are fairly invariant undeertainostracon image alterations.

2.4 PossibleDrawbacks

T

Several shortcomings in the method and its verification ought to be mentioned:

In any given quality assessment metric, some cases can lead to meslesdilts.

The CMI index is no exception. As an illustration, assume an extremely faint
character, with gray levels comparable to typical clay gray levels. In such a case,
omitting the character from the facsimile might be preferable from the CMI index
point of view. A compromise could be to draw only a silhouette of such a faint
character (in fact, this is an accepted epigraphical practice). Another example is that

of a dark stain. From the CMI index perspective it may be better to record it on the

facsim | e as i f it were a character. As al

r ec

with respecitnventhiicchhaor,acared i s not expecte

from the addition of a letter.

The CMLkbased evaluation depends on registration of the facsimile to the ostracon
image. We use a registration of a very simple type, which empirically works for our
purpose. More sophisticated registrations can be consideredit®eandFlusser
2003for a survey on the subject). Registering on acperacter basis, for instance

(cf. Section4), may lead to another quality measure and allow for low scale
correction of the drawing. Such a method of registration may also compensate for
nonlinear camera distortions.

The results presented here were obtained from a limited number of test cases. In

addition to these, we successfully experimented with several othecaée.g. Fig.
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2.8, Lachish ostracon No. 3) and tested the technique on different scales (1/4 and
1/8). Subsequent usages of the CMI score (see betrengtheadthe confidence

in this methodology.

() ) CE
Figure 2.8. Another example of (a) ostracon imagachish ostracon No.; 3
(b) a fit to a highquality facsimile

2.5Summary

We presented a facsimile (or binarization) quality measure (CMI), based upon
registering the facsimile directly to an inscription image. folnique was tested on
different ostraca, scales, facsimiles and ostraca images. The CMI grades received for
the facsimiles reflect their relative merits. Based on the CMI scores, the raokihg
facsimiles are empiricallyvariantto the ostracon imge. It can therefore be concluded
that the proposed technique is sound and can be used to evaluate the accuracy of a

facsimile in relation to th original ostracon.

Despite its apparent simplicity, the measwas extendedand used as a basis
for the purpses of quality evaluation of multispectral images (Se@jpmutomatic
derivation of ostrachinarizations (Sectiod), as well as quality evaluation of such

binarizations (Sectiofi). Moreover, the facsimilesnd their contenvere utilized as a

rough dApreliminary draf8dl for further anal
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3. Potential Contrast Quality Measure with Application to
Multispectral Imaging
3.1 The Problem

During the course of the research, many efforts were invested in obtaining the
best possible images of thestraca, utilized as inputs for subsequent algorithms
described in this thesis. The most promising technique was the multispectral imaging
method (seeadditional details in Faigenbaum et al. 2012). The investigation
demonstrated that typicallghe most favorable signal wadbtainedby imaging in
particular wavelength, unique for each inscripti@mnmension reductiortechniques
such as PCAcommonly appliedn multispectral imagergontext turned out to be less
favorable than selecting the masgnalsaturatedmagingband with the remaining
bands containing traces of the same signal with increasing noise Bvaidasically
reduces the problem to an allegedly easier one, that of choosing the most contrasted
grayscale imagéom agivengroup of registered imagesoe that an RGB channel or

one of 10 or 50 multispectral bands

Establishing the contrast of an image is a wtidied problem in the fields of
Optics and Image Processing. Several measures have been proposed, for that purpose,
in the past. Among these are the contrast measures of \(Rddefl990) Michelson
(Michelson 1927 Peli 1990) rootmeansquare contrast and its enhancem¢Rts/el
et al. 1987, Shio 1989 CMI (see previous sectiongs well as measures based on
frequencydomain analysigPeli 1990, Li et al. 2009Wwavelet transform@_ai and Kuo
2000,Li et al. 2009)and edge detectidheu 1992 Négratel 992); seeadditionaldetails

regardingsome ofthese methods below
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However, the problem is complicated by the immesesteof transformations
which can be applied to the image, potentially improving its contrast. Given a
proliferation of the available Image Processing software solutions, applying such
enhancements is almost indispensable. Therefore, the real challencje wals not
dealt with in the previous literature,nseasuring the contrast of an image taking into
account all its possible transformatiartderein we will limit ourselves tdinding an
analytical solution tothe wide rage ofgrayscaletransformationsthe relevantesuls

werepublished in $hauset al. 20¥a).

3.2 Prior Art

Various algorithms were designed to give an objective contrast measure that

correlates with human assessment. In what follows, we consider grayscale images of

the form |:[LL]3[1M] -[0,25% (the intervals are assumed to be subsets of

integery. We revew several popular contrast measures, stating their relative

shortcomings.

A simple way of measuring a-population image contrast is calculating the

ratio between foreground and background:

SimpleContrase m/ g, (3.1)

where M, and M are the averages of the sampled background and foreground

luminance values, respectively.

A more commonly used measure (closely relategitopleContras) is Weber's

contrast ratiqPeli 1990)defined as:
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Weber="2"_#" 4 : ! , (3.2)
m SimpleContras

Another prominent contrast ratio measure is given by Michelsbchelson

1927 Peli 1990)

: [ -1 3.3
Mlchelsorpﬂinmax::w (3-3)

max min

wherel ., and |, are the maximal and minimal luminance values of the entire image,

respectively. This definition can be adapted to the case-pbdpilation images as

follows:

Michelson="8"_# (3.4)

m+
The ratiosn Eqgs. 3.13.2 and3.4result in different values for a single image.
Nevertheless, given a set of images, dhgering based upon them will be identical.

This can be verified via algebraic manipulations.

A different statistical approach is the reneansquare contragiPavelet al.

1987:
. u2 (3.5)
el . —\2 @
RMS=¢-o & (1em 1) g,
e I=1.Lm4.M u

where | (I,m)I [0,1] is a normalized gray level ard=_L_ 4 1(,m).Another,

I=1.Lm4.M

closely related statisticdlased measure is suggested®lyio1989.

A very simple, yet valuable contrast measutefined in Sectior? (and utilizedin

Sectiors 4-6), is the CMI index, restated here as:

CMi=m -n, (3.6)
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This measure will play an important role in the current section.

Some additional approaches are based on frequency domain analystel{e.g.
1990, Li et al. 2000 wavelet transformée.g.Lai and Kuo 2000Li et al. 2009)and
edge detection(e.g. Leu 1992 ,Négrate 1992 which also deal with contrast

improvements).

Popular image enhancements bear the potential of improving the image quality.
These include brightening and darkening, histogram stretching and equalizallion
performed by grayscale transformations. Unfortunately, all of the amewtioned
measures are affected, to some extent, by such transformations. For instance, the Weber
and Michelson ratios are not invariant to grayscale shifts, the CMI is not intviria
grayscale rescalings, while all the measures are not invariant to histogram equalizations.
This aspect is demonstrated in RBdL and Table.1 The RMS seems relatively stable
with respect to most of the grayscale transformatiomscept for histogam
equalizationsUnfortunately, &hough its definition represents the standard deviation
of the image, which is an important statisttie RMSdoes not quantify the quality of
separation between foreground and backgrolmttted, randorpermutatiorof pixels

within the image would yield the same RMS value.
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Figure 3.1 Example of images undergoing grayscale transformations.
(a) original image with sampled foreground @) and background (ihlue).
(b) the imag after brightness change (+70).
(c) the image after histogram rescalingd.@).
(d) the image after histogram equalization.
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Table 3.1 Contrastmeasures comparisoasedon Fig.3.1.

Image Weber Michelson | RMS CMI
(a) Original | 0.535 0.365 1.42<10* | 90.6
(b) Brightened  1+70 0.378 0.233 1.4210* | 90.6
(c) Rescaled 1-1.3 0.536 0.366 1.43%10% | 117.7
(d) Equalized  Eq(l) 0.33 0.197 1.27x10% | 72.1

3.3 Requirements and Measure Definition

Requirements
Given a contrast measura, andan imagel , the task is findinga grayscale
transformationgi G: 5{[0,254 -[ 0,25§ maximizingm(ge I). At first glance, this

may seem as a computatiotiaiensive undertaking, since the set of transformations of

B+logo B

a given image is immensQf for images of bitdepthB). The main contbution

of this sectionis a constructive procedure for finding the optimal transformagon

analytically, for a particular measuren. This would lead to a definition of a new,

fipotentiab ¢ o measuaespbssessing the following properties:

1. Quantifying the difference between foreground and background pixels (i.e. the
measure is a meaningful one).

2. Images will be judged according to thegiotential for improvements viaall
possiblegr ayscal e transformations (i.e. the m
perform image enhancements such as brightening, rescaling and equalizing its
grayscale levels).

3. In particular, the measure ought to be invariant inwertible grayscale
transformations (as the inherent information of the image is preserved and the

potential for image improvement after such transformation is maintained).
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Assumptions

In order to deal with this problem analytically, we restrict ourselves to the CMI
measure defined ikq. 3.6, m= CMI (the analysis presented below will not hold for
ot her s measur e.sFurtherndoreewe alealawite a case)of sampled

hi stograms (fAipopul ationso) of foreground art

255

3.1a. These are respectively denoted fp, (1)} and {p,(1)}>. (satisfying

255 255
0Cp-(t) @ 0¢p,(t) Wandd p:()= Aps() ).
t=0 tH

We begin with finding the maximaMI (g- |) for animagel , with the wealth
of optional grayscale transformatiorf, proceeding with the definition of a new
measure.

Proposition | Optimality)
255

For a given imagd , with sampled populationsp,. (1)} and { p, (1)} (as

denoted above), the optimal grayscale transformation with respect@ih@easure

is:
t €0 p(t)>p(t) (3.7)
oL () = xCMI @o | ) 5 .
O (=arg e CML 6 1) T 555 . )¢ py 1)
Proof
CMI(goI):'a_'_g(t)pB(t)—é_g(t)pF(i) =& RO RO
¢ & 255 () p-®)] +a O[m@ p (N =
s (07 e (1) B () ()

=a 9"Mr® -ag™OrR@ EMI(g™ )
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Definition of Potential Contrast
ThePotential Contras{PC) of an image is:

PC(1):=CMI(g™o ). (3.8)

Remarks

1. Due to its nature, the PC measure reflects the innate image quality, not necessarily
compatible with immediate human impression. Consider a pair of images created
from the same source (Figla), one with added Gaussian noise (Biga), while
the othebrightened to some extent (F&2b). Although the former may be viewed
as more contrasted, in fact the latter has considerably higher Potential Contrast
(PC=206.28 vs. PC=255.0). This is due to the fact that it possesses the same
information as the origal image, unlike the image with Gaussian noise.

2. Foreground and background selection can be performed in numerous ways. These
choices represent diverse, often incompatible, needs of human operators. For
example, in Fig. 3, what are the expected foregrouand background? Are they
respectively the kettle and the chair? Or maybe the writing and the whiteboard?
Therefore, in our Vi ew, no Aultimateo b
encompassing all feasible tasks can be defined. This explains our preféven
sampled foreground and background populatibnshe foreground and the
background are in the eyes of the behol de

automatic foreground and background estimation is proposed below.

52



Grwww 40y

: B
"
MANAGEMENT

(@) (b)

Figure 3.2 An example of misleading naked eyEwo images stemming from the
same source, with the sarsempled populations (Fig.1a).
(a) added Gaussi 0=206.88 se of ¢€=0,
(b) narrowing the dynamic range and btigning(l/4+200), PC=255.00

Co
1

3. The CMI was chosen as a basis for the Potential Contrast definition due to the
possibility of optimizing analytically the measure for all possible grayscale

transformations. We did not succeed to similarly utilize otheasures.

B i,
P %';r&g‘.ﬁ 1/mﬂ-’)

Figure 3.3 Example of ambiguous foreground and background. While it is possible
that the kettle is the foreground and the chair is the background, writing as a
foreground and whiteboard as a bgicund is another viable option
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3.4Measure Properties
Population Separability

The optimal grayscale transformatiof™ may be viewed as a function

separating between foreground and background populations. This function serves as a
classifier, denoted herein aBC-binarization If the populations are separable by a

certain threshold (e.¢wo nonrroverlappingmodes, the furction can be represented as:

60 t¢T (3.9)

(L) = :
9" () 1255 t>T

However, this is not the general case (which can be seen B\ gFig.3.4
provides an example of grayscale histogram not separable by thresholding, while easily
classifiable by the PC fraework.

TS OE WTSDE

(b)

@

o N
ITSDE  INSIDE DUTSIOE

e f

Figure 3.4 Example of go)reground and background n(o% separable by thresholding,
while easily classifiable by the PC framework. (a) origgralyscalemage (circle=0,
writing within the circle=195, writings outside the circle=127, other areas etitsd
circle=255);(b) example ofinimagethresholded by 15g) circle and its content as
foreground (inred) with the rest as background (iue); (d) PCGbinarization based on

(c); (e) writing as foreground (ired) with the rest as background @iue); (f) PC-
binarization based on (e).
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In fact, even a slight difference in gray levels between the two populations may
suffice to achieve a reasonable separation, i.e. binarization. See an example of
Achal l engi ngo cont 35sased enrthe R@GBcdecmmpoditioniolh Fi g .

the originalimage, with several resulting P@narizations.

Figure 3.5 A natural scene handled by gur method. A good contrast enhancement is

achieved despite the similarity inreground and background shade. (a) RGB image

of the scene with manual selection of foreground in red and background in blue; R

(b), G (c) and B (d) channels, with respective PC values of 244.8, 67.6 and 61.2; the
PCbinarizations for R (e), G (f) and B (g)
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Complexity

The calculation of foreground and background histograms is linear in the
number of pixelsML, which tends to be small. The construction gif' is only
dependent on the number of levels in the histogram. Therefore, for a grayscale image
of 256 levels, the overall complexity @(ML +256). Hence, the complexity is linear
with respect to theaumber of pixels
Equivalence to Error Eghation

The PC measurean be viewed as a measure minimizing the rate of false

positives (FP) and false negatives (FN) mistakes, i.e. confusing foreground for

background and vieeersa. This follows from the fact that

PC(N= & 255 () B (V]

t=0,
Pg (1)? pe (1)

255 255
255- J 2550, ¢) - 4 255p- @) 258 1F® FN)
Po (1< e (0 Peh 26 (0

In the cae of perfect separability of populations, the PC would be maximal, i.e. 255.

Note: this is the case in Figd2b, 3.4c and3 4e.

Symmetry between Foreground and Background

The last property proves that if we replace the foreground sampled histogram
with the background sampled histogram and-vieesa, the result of the PC measure is
the same. On the other hand, the respectivoRCn ar i zati ons woul d

negatives.

Proposition Il (nvariancewith Respecto Invertibleg)

Given an imagd , and an invertiblegi G, PC(1) = PC(ge I).
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Remark This defines the following equivalence relation between two images:

demonstrated in TabR2 This supplements and contrasts with the results in Bable

g is invertible, thereforég™ 1G. g*o g ddentity. Thus:
PC(1)=CMI(g™o 1) CMI(g®og’to go l)
Denoting:h:=g™ o g'andJ:=go I
PC(1) = CMi(he J)

Assumingh, g™, then:

PC()=CMI(ho J) <PQ) €M ) M ¢ g )

A contradiction to the optimality of™ . Therefore,PC(1) = PC(ge I).

I,~1,U $g invertible s.tl, gel,

The invariance property of the PC, with respect to the images oBHigis

Table 3.2 PC measure based on Fajl.

Image PC

(a) Original I 255.00
(b) Brightened  1+70 255.00
(c) Rescaled [-1.3 255.00
(d) Equalized Eq(l) 254.98
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3.5Automated Foreground/Background Selection

As stated above, theelectionof foreground and background largely depends
on the specific task and usage scenario. Nevertheless, one generic approach would be
to utilize one of the existing saliency estimation techniques. Fortunately, a useful and
enlightening comparison of the leadirglisncy methods is presented(Bylinskii et
al.201§. Sur prisingly, among the Al eadingo sal
dependent on the distance of each pixel from the center of the image. In this estimation,
255 (the most salient value) issigned to the central pixels, while O (the least salient
value) is assigned to its corners. The empirical success of this unsophisticated technique
probably has to do with either conscious or unconscious preference of human

photographers for images cem@ron the object of their interest.

Despite (Bylinskii et al. 2016)claim of using a Gaussian model in this
estimation, a reversengineering of their saliency image reveals a replacement of the

Gaussian with a secoratder polynomial approximation. In gigcular, given an image

I(x,y):[LL]3[LM] -[0,25}, the  saliency  (i.e.  foreground)  map

S(x Y:[1, 421, M -[0,25% is constructed via the following formula:

4 18x-L/2% yaM/2’ ¢ (3.10)
S(x yy=2558 — 3
2 28 L2 ¢ iz ¢t
It is easy to see that this formula satisfies

S(0,0)= S(LO) =50, M) L M ( S(L/2,M/2)= 255, as well as
0¢ S(x y ¢25E. Examples of such a saliency map used for the foreground, as well as

its complimentary255- S(x, y) used for the background, can be seen inF&.
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Figure 3.6 An example of automatically created salieth@sed foreground (a) and
background (b) maps

Naturally, utilization of such continuous maps comes with the small price of

adapting the masures. Indeed, apart from RMS (which does not rely on either the

foreground or the background), al |l t he

foreground and background popul ations.

easily adaptedforaf uzzy 06 case, in which each pixel

and the background with a certain probability (in f&t )/ 255 for foreground and

(255- S(x, y)) / 25¢ for background). E.g./ and /7, now become weighted means,

while { p. ()} and{ p, (1)} > represent weighted histograms over the entire image

i maintaining the properties of the PC measure.

3.6 Experimental Results
The purposefdhe following experiments is to empirically validate the behavior
of the various contrast metrics including the Potential Contrast, with an emphasis on

their invariant properties. The experiment consisted of the following steps:

1. The input for the experients were images belonging to the popular GRR®Aata

set, containing natural imagé®pelt 2006) This included all images under the

categories fnAbi keo, Acar o and Apersono,

files in each category, this resulted@O files.
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2. If needed, each image was converted to grayscale by averaging its cliarmels

1(x,y)=(R(x y) +Q %xy & x Y)/3). The histogram of the result was rescaled

between 25 and 230 (maintaining the full dynamic range in transformations applied

inthenexst ep). This rescaled image is denot e
3. Variousgrayl evel transformations were applied t
in 6 additional i mages for each dAinitial.:

negative of an imagegddition of 25, subtraction of 25, multiplication by 1.1,
histogram stretching (from 0 to 255), and histogram equalization (from 0 to 255).
In total, further 900x6=5400 images were obtained.

4. Five contrast measures (Weber, Michelson, RMS, CMI and PC) ywgliecon all
the i1images (fAinitialo and transformati on
background and foreground (utilizing ground truths fr@pelt 200§, or an
automated foreground and background selection scheme, as described above (the
results fo these two types of experiments are presented separately below).

5. For a given measure, the result for each transformation was divided by the result of
the Ainitial 6 i mage, in order to obtain e
resultsin2.718ofii ni ti al 6 i mage, and in 3.14 on a
produces a ratio of 1.1557).

6. Ratios within the range of [0.99,1.01] w
the measure with respect to a particular transformation, while othercaereed
as Amomriant o out comes. The percentage

calculated

Experiment Results for Manual Foreground and Background Selection
The results in Tabld.3were achieved by using existing ground truths, marking

foreground and backgroundls expected, the most invariant and wWethaving metrics
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are RMS and Potential Contrast. However, only the latter holds an gherbstt

invariance on histogram equalizati transformation, whose ndimearity breaks the

RMS record.

Table 3.3 Manual foreground and background selection: Ratios between the measures

of transformed I mages wit hinvarescpmackedint o A1 ni
red).
Transformation  Statistics Weber Michelson RMS CMI PC
Negative Minimum -2.8741 -1.7535 1 -1 1
Maximum -0.1468 -0.1842 1 -1 1
Average -0.8913 -0.7291 1 -1 1
Invariance % 0.0% 0.0% 100.0% 0.0% 100.0%
+25 Minimum 0.5663 0.6134 1 1 1
Maximum 0.8833 0.8666 1 1 1
Average 0.8167 0.8032 1 1 1
Invariance % 0.0% 0.0% 100.0% 100.0% 100.0%
-25 Minimum 1.1523 1.1820 1 1 1
Maximum 4.2715 2.7046 1 1 1
Average 1.3132 1.3391 1 1 1
Invariance % 0.0% 0.0% 100.0% 100.0% 100.0%
x1.1 Minimum 1 1 1 1.1 1
Maximum 1 1 1 1.1 1
Average 1 1 1 1.1 1
Invariance %  100.0% 100.0% 100.0% 0.0% 100.0%
Histogram Minimum 1.1523 1.1820 1 1.2439 1
stretching Maximum 4.2715 2.7046 1 1.2439 1
Average 1.3132 1.3391 1 1.2439 1
Invariance % 0.0% 0.0% 100.0% 0.0% 100.0%
Histogram Minimum -99.4991 -102.5043 0.7581 -100.0948 0.9727
equalization Maximum 20.0625 19.6348 4.5870 19.2820  1.0000
Average 1.3029 1.4134 1.5294 1.5560 0.9983
Invariance % 0.7% 0.8% 1.1% 0.6% 98.7%

Experiment Results for Automated Foreground and Background Estimation

The results, which can be seen in Tahl were achieved by using automated

foreground and background estimati®mce this experiment is based on an estimated

foreground and background, which may be quite far from a-clgapartition of an

image, the outcomes are expected to be less numerically stable. Indeed, the results for

many transformations are much more eggiout. Nevertheless, yet again, the

challenging

61

hi stogram equalizati on

provi de:



the stability of Potential Contrast was significantly hampered by the inaccuracy and

fuzziness in the foreground and backgrosatction.

Table 3.4 Automatic foreground and background estimation: Ratios between the
measures of transformed i mages with respec
marked inred).

Transformation  Statistics Weber Michelson RMS CMI PC
Negative Minimum -2.0264 -1.7467 1 -1 1
Maximum -0.1561 -0.1679 1 -1 1
Average -0.8588 -0.8406 1 -1 1
Invariance % 0.0% 0.0% 100.0% 0.0% 100.0%
+25 Minimum 0.5794 0.5945 1 1 1
Maximum 0.8723 0.8664 1 1 1
Average 0.8143 0.8138 1 1 1
Invariance % 0.0% 0.0% 100.0% 100.0% 100.0%
-25 Minimum 1.1715 1.1823 1 1 1
Maximum 3.6483 3.1459 1 1 1
Average 1.3161 1.3144 1 1 1
Invariance % 0.0% 0.0% 100.0% 100.0%  100.0%
x1.1 Minimum 0.2481 0.2481 0.9993 0.2730 1
Maximum 1.0399 1.0399 1.0039 1.1443 1
Average 0.9980 0.9980 1.0023 1.0983 1
Invariance % 96.7% 96.7% 100.0% 0.0% 100.0%
Histogram Minimum 0.5342 0.5342 0.9993 0.5426 1
stretching Maximum 3.6398 3.1516 1.0033 3.0089 1
Average 1.3175 1.3158 1.0001 1.2452 1
Invariance % 0.0% 0.0% 100.0% 0.0% 100.0%
Histogram Minimum -2977.8 -2740.18 0.7597 -2664.94 0.9718
equalization Maximum 351.1975 336.03 4.5821 326.7109 1
Average -0.8685 -0.6326  1.5308 -0.3027 0.9983
Invariance % 0.1% 0.1% 1.0% 0.4% 99.1%

3.7 Application of the Methodology

The PC measure received extensive-veadld usage, applied on multispectral
imagery of large corpora of ancient inscriptions. The first problem included a selection
of optimal wavelengths for multispectral imagery of Second Temple Period Dead Sea
Scrolls(Dead Sea Scrolls 20163ee Fig3.7a for an example of such a scroll, with a

correct channel automatically selected and binarized ir3Hib.
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(@) " (b)
Figure 3.7 Section of Dead Sea scrdlb. 124, fragment 00{Dead Sea Scrolls
2016.
(a) Image of a scrql(b) PGbinarization of (a).

Another test for our technique had to do with First Temple Period Hebrew, as
well as Late Bronze Hieratic (cursive Egyptian)-mkclay inscriptions. These were
unearthed during the excavations of Horvat Radum and HorvatBé#aArieh 2007
Sober et al. 2014; seigs. 3.8, 3.9), Tel Malhata(Beit-Arieh and Freud 2015,
Faigenbaunet al. 201%, Qubur elWalaydah Faigenbaunet al.2014; sed-ig. 3.10),
Jerusalenf{FaigenbaurrGolovin et al. 201%, Arad (FaigenbaurGolovin et al. 2017
MendetlGeberovich et al. 201 8ee Fig. 3.11and Nahal Yarmut\lendelGeberovich,
et al.forthcoming) The difficult and noisy medium of the ink written on pottery sherds
presented a good opportunity to test the new methodology. Again, our task was to
automatically select the Apotentiallyo
order to allow futher analysis by human scholars. See RBgs3.11 for examples of
ostraca handled by our method, in order to find an optimal imaging wavelength. An
elaboration of our experiments pertaining to this particular use case appears in

(Faigenbaunet al. 2012.
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(@) (b)
Figure 3.8 Images of Horvat Radum ostracon NgB&it-Arieh 2007, Sober et al.

2019. (a) optimal I mage
(b)subo pt i mal i mage

at
at

(@) (b)

2=620
=950

Figure 3.9 Images oHorvat Uzaostracon No. §Beit-Arieh 2007, Sober et al. 2014

(@) RGB image( b )

mul ti spectr al

mage

t aken

(Faigenbaum et al. 2014a) RGB image( b )

(a)
Figure 3.10 Images of ostracon No. 13.098-S01 from Qubur eWalaydah

selected by our method.
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(b)
Figure 3.11 Versoof Arad Ostracon 16. (a) current color image; (b) 890 nm image
taken via our multspectral imaging system

3.8 Summary

The current section presents a new approach for contrast estimation
necessitated by the need to choose the best ostraca multispactalsing available
Image Processing software, an image can undergo various grayscale transformations,
often improving its contrast. The common contrast evaluation methods, surveyed

above do not take this possibility into account.

Contrastingly, théaential Contrast measure encompasses an analytic solution
to the problem of finding the most contrasting grayscale transformation. The properties
of the Potential Contrast were tested and compared to other measures on a large data
set of 900 images, in twazenarios of foreground and background selection. The results
indicate the invariance and the stability of the measure with respect to various gray
scale transformation3he technique was applied on ancient inscriptions from various

corpora with impresse results.
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4. Binarization via Registration-basedScheme

4.1 Introduction

As previously noted, the discipline of Iron Age epigraphy relies heavily on
manuallydrawn, and thus conceivably biased, facsimiles of ostraca. Despite their
importance, little a#@ntion has thus far been devoted to automatiation of

binarizationdor Hebrew Iron Age ostraca

In this section, we first survey the performance of several known computerized
binarization techniques, either gengparpose (Otsi979;Bernserl986;and Niblack
1986, or specifically adapted for document analysis (Waitd Rohrer 19835auvola
andPietikainen2000;and Gatost al. 2004. The resulting binarizations are found to
be of insufficient qualityfor our purposesWe then propose a new method for
automatically creating a facsimile. It is based on a connexetghonent oriented
elastic registration of an already existing imperfect facsimile to the inscription image.
The registration will utilize a simple target fttion (explainedn Section2), on both
large and small scales. The performance of the new binarization will also beTésted.

overall method was first presented(Shaus et al. 202

4.2 Prior Art

Examined Algorithms

For the purpose of comparing the quality of the results stemming from available
binarization methods to a facsimile manually drawn by an epigraphgmaninenmt
binarization algorithms are considered. These include three g@uepalse
binarization algrithms with wide acceptance: Ot$Otsu 1979) Bernsen(Bernsen

1986) and Niblack(Niblack 1986) as well as the Whité/Vhite and Rohrer 1983)
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Sauvola(Sauvola andPietikainern2000)and GatogGatos et al. 2004nethods, which
focus on the domain of doment analysis, in particular in a low quality (e.g. historical)
setting.The algorithms of White and Gatos were implemented via the Gamera toolkit

(Droettboom et al. 2012).

In addition to being the most popular, some of these techniques also serve as a
bass for other binarization algorithms. This is apparent from the survey, performance
comparison and methodological artic{€gzgin and Sankur 2004; He et al. 20B&tos

et al. 2009 Stathis et al. 208x).

Otsu(Otsu 1979)maximizes the betweerlass variance criteria:

W '4’( {H o)%' (4.1)

where /} and /1] are averages of the two pixe8p opul ati onso (deterr
threshold), and#,, W =1 - Ij are their appropriate proportions.

Bernsen's method(Bernsen 1986)i s based on a Afcontra
C(X ¥Y) = Zy - %w i-€. the difference between the brightest and the darkest pixels. If

C(x, y)< | (| is a parameterTrier and Taxt1995recommend value ofl =15), the

local population is assumed to be homogeneous, and is marked as background.

Otherwise, the threshold is:

T(X, y) =( Z\igh +Zow) / 2’ (42)
Bernsen's criterion suffers from a nmbust behavior, especially in the presence of

saltandpepper type of noise.

The Niblack(Niblack 1986 )binarization uses the threshold:
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T(xyY)=nxy +k Ox Y, (4.3)
where m(x y) is a localmean, s(x y) is the local standard deviation arkd is a
parameter (with a recommended valuekef 0.2). Sinces(x y) >0, andk<0, itis
guaranteed thal (x, y) < n( % y. Therefore, given a reasonable distribution of pixels,

their majority is expected to be assigned to the (white) background.

The White algorithm uses a running average scheme, constantly updated by the
current pixel values in a nehnear fashion. Lookahead considerations in both image

directions are also present. For additional details(\Mite and Rohrer 1983)

The Sauvola methg@auvola andietikainer2000)is composed of two stages.
The first, a regpn analysis (extricating textual and ntextual regions) does not
perform well for our purpose. We therefore concentrate on the second stage, adaptive

thresholding. The local threshold is defined as:

o &S ¢ (4.4)
Txy=nxyh k3FP ;¢
e Q R =
where m(x y) is the local means(x, y) is the local standard deviatiok, and R are

parameters (with recommended value& 6f0.5 and R=128). Sinces(x y) < R, and

k>0, T(x y)< m( x y. Therefore, a majority of the pixels are again expected to be

assigned to the (white) background.

The Gatos binarization technique is intended to halosNequality historical
documents. In its original fornfGatos et al. 2004)it consists of a prprocessing
utilizing a Wiener filter, an estimation of
(see above), a background surface interpolation, a thresholding by comparing the

estimated background surface to the original image,saposprocessing procedure.

69



In the following, the last stage was ignored in order to compare the different

binarization algorithms on an equal basis.

Some additional binarization algorithms in historic documents se#igd3@ar-
Yosef et al. 2007Ben Messaoucet al. 2012 were also examined, yet found to be

unsuitable for our needs (e.g. found todativelyfitailor-madefor specific domains)
Binarization Results for Existing Algorithms

The experiments presented belawre performed on three imagef different
ostraca, Lachish ostracon No.\&Ksq Torczyner et al1938, Arad ostracon No. 1
(Aharoni 1981 both Lachish No. 3 and Arad No. 1 contain ancient Hebrew writing),
and Arad ostracon No. 3Aljaroni 1981 containing Hieratic, i.e. Egyptianumerals).

In all cases, the recommended parameters were used and the width of moving window
was chosen asV =101 (that way, the window encompasses even the largest
characters). No pr@r postprocessing was performed. The experimlamisults for the
ostraca of Lachish No. 3rad No.1 andArad No.34 can be seen respectively in Figs.

41, 4.2 an4.3.

The experimentdemonstratéhat no algorithm was able to achieve binarization
results that compare favorably to a manually drawn facsimile. The reason for that is the
degraded, exceedingly namiform medium (i.e. input image), the presence of-non
Gaussian and crogsxel-dependennoise, broken strokes, cracks and stains mistaken
for characters etc. Subsequently, in the redtsection, an alternative binarization

scheme, taking into account information from the facsimile itself, will be presented.

70



oy -38-:‘27 — '
(d)

N

N ees apy e

() (h)

Figure 4.1 Lachish No. 3 experimenta) ostracon imagéb) manual facsimile
Results of{(c) Otsy (d) Bernsen(e) Niblack (f) White; (g) Sauvola(h) Gatos
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Figure 4.2 Arad No. 1 experiment(a) ostracon imagé€b) manual facsimile
Results of{(c) Otsy (d) Bernsen(e) Niblack (f) White; (g) Sauvola(h) Gatos
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Figure 4.3 Arad No. 34 experiment(a) ostracon imag€b) manual facsimile
Results of{(c) Otsy (d) Bernsen(e) Niblack (f) White; (g) Sauvola(h) Gatos

73



4.3ProposedAl gori t hmés Description

We now present a new binarization algorithm. It is based on registering a pre
existing (not completely accurate) binary facsimile to the ostracon image. The ostracon
image is always held constant, while the binary imageerguks various
transformations. The registration procedure reduces the distortions imposed on the
characters within the registered facsimile (for a survey of less restrictive registration
algorithms se&itova andFlusser2003. Finally, the registered fagnile information

is utilized in order to produce an ostracon image binarization.

The algorithm steps, presented below, will be demonstrated on the Arad No. 1

ostraa and the facsimile images (Aharoni 1981

1) Preliminary Registration

This stage attemptat establishing an initial higlevel registration. The only
permitted degree of freedom for the registration is the rotation angle of the facsimile
with respect to the ostracon image. Following the rotation, the facsimile image is
automatically adjustenh order to fit the ostraca image dimensions. The target function

for this, and all the subsequent stages, is:

CMI(F,0)=m - g, (4.5)
where O( p) is the ostracon images (p) is the facsimile imagegi [1, M] 3[1, N]).
M and /M are respectively the averagessfraconimage pixels corresponding to the

clay (255) and ink (0) pixels of the registefadsimileimage, denb e d claysessi

a n dnknéss . The combined CMI (Acl ayness minus
maximize the clayness (averaging bright ostracon pixels), while simultaneously
minimizing the inkness (averaging dark ostracon pixef®)r additional details

regarding this measure and its properties, see previous Seztmd 3. Fig. 4.4
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illustrates the results of the registration on superimposed facsimilestiada images.
It can be seen that the target function performs well for registration purposes. On the
ot her hand, the remaining fAishadowsO0O near ce€

a better registration is needed, leading to the next regpstistages.

Figure 4.4 Example of ostracefacsimile correspondence before (a) and after (b) the
registration.

2) Unconstrained Elastic Registration
This stage attempts to achieve a more accurateldeel registration. The
preliminarily registeredacsimileis decomposed inteaonnected componen{€C).

Each CC is given al©®(p) wi ndow, within which ih is all
other words, the CMI index within the window is optimized with respect to the CC's

position. A bruteforce implementation of such a local registration withinva W

window would requireO(WZ) computations. However, due to the typically observed

convexity of the |l ocadl|l iCiWbi fgnctte ®omni q@u e i v
just as well (the exceptional cases handled, among other phenomena, on the next step),

considerably reducing the colegity to O(W). An example of an overall

unconstrained elastic registration is shown in Bi§. The improvement is apparent,
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though due to the unrestricted nature of the registration, some CC's settled on a local

CMI maxi mgo fvimehgitme ot hers.

@) ()

Figure 4.5 An example of ostracefacsimile correspondence before (a) and after (b)
the unconstrained elastic CC registration. The old and the new misalignments are
marked byred color. Notice thah (b),s ome CC' s wer e fAswall owedo

3) Constrained Elastic Registration

The goal of this stage is to regularize and synchronize the movement of the

facsimile image CC's. For every CC, tkeand Y movements of the previous stage are

documented. Each displacement, in each coatéjns then replaced by the median of

the movements of the surrounding CC's (akin to the median filter). Hence, the
displacements of CC's not correlated with the movement of the surrounding CC's (going
Aagainst the fl owodo) aAferwardssbeginging di¢che ewt ed an
(Amedi ano) starting position, -epamuzZed CC i s
location. Fig.4.6 illustrates the CC's movements before and after the application of

median filter and reegistration. Fig.4.7 shows the immvement in the ostraca

facsimile correspondence.
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Figure 4.6 An example of peCC movement (in pixels) before (a) and after (b)
median filter and reegistration. Note the disappearance of thenukhlignments,
marked by violet colom (a).

Figure 4.7 An example of improvement between the second (a) and third (b)
registration stages. Note theappearance of the missing CC's

4) Proportional Binarization

The last stage utilizes the current registration in order to achieve a satisfying

binarization of the ostraca image. For each CC, a bounding structure is defined. A

convex hull (which is more accurate than a boundaagangl¢ is a reasonable option.

However, in our case, lzounding octagoiBO) was preferredor simplicity reasons.

The BO's can be thought of as image areas within either ostracon or the registered
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facsimile image. The BO's are somewhat dilated in order to acdourdertain

inaccuracies in the manual facsimile.

Binarization is then performed within each BO of the ostracon image. The
classical algorithms mentioned previous suksections performed at the BO level,
result in a binarization of disappointing quality. This can be explained by the fact that
within the BO, the ink pixeld proportion tends to be unusually high. This may
contradict the assumptions regarding the background prominence. Therefore, some of
the methodsvill eithercontinue to bestuck in suboptimal maxima, owill have to be

adapted by athoc modification oftheir parametefsuning

A different, simple option is therefore preferred. Though the manual facsimile
contains inaccuracies stemming from the epigrapher's cognitive world, within each BO,

the proportion of ink pixels to be expectedraighly the same as in the manual

facsimile. Therefore, we first calculate the ink proportlBpfor each BOJ- within the

registered manual facsimildRE( p) ):

p = Hplpl BO ORR p 8} (4.6)
j #{p| pi BQ} '

Second, for eactBO, of the ostracon image, we find the appropriate threshold

Tj such that:

#pl pl BQ @q p <} aP .. (4.7)
#{p| pi BO} :

Finally, everyBO, within O(p) is thresholded according to tHe in Eq.4.7.

In addition, small denoising procedures (e.g. morphological operations) can be

performed, either within each BO, or on a global scale. In what follows, we present
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results without denoising, as well as resulith simple staiCC below certain size)

rempval.

4.4ProposedAl gori t hmés Resul ts

Following thepreviousexperimental setting, the ostraca and facsimile images
of Lachish No. 3, Arad Nal and Arad No34 were analyzed. The results of the new
registration and binarization algorithm can be seepeds/ely in Figs4.8, 4.9 and

4.10. In all cases, the ostraca border pixels were removed.

The quality of the output, albeit not ideal, clearly indicates that the new
binarization compares favorably to other surveyed algorithms, and in some cases, to the
manual facsimiles. This is not surprising, as harvesting information frofadkienile
however imperfect it may be, appears to be beneficial for identifying the interesting
ostracaimage areas and their properties. On the other hand, cracks and dtéths, w
might be mistaken for characters, are avoided unless they fall in close proximity to real

letters.
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Figure 4.8 Lachish No. 3(a) ostracon imagéb) bounding octagons
(c) binarization result(d) binarization result with stain removal.
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Figure 4.9 Arad No. 1: (a) ostracon imagéb) bounding octagons
(c) binarization resujt(d) binarization result with stain removal.
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Figure 4.10 Arad No. 34: (a) ostracon imagéb) bounding octagons
(c) binarization result(d) binarization result with stain removal.

4.5 Summary

Six prominent binarization techniques, several of them specializing on low
quality historical documents, were tested on a set of three quite different ostraca. Their
overall results are far from s$sfying. Our new binarization algorithm, based on
registering a prexisting inexact facsimilécontaining an approximate depiction of all
the charactersjo an ostraca image, was also tested, with superior results. It can
therefore be concluded that theoposed method is sound@his technique will be

further improved in Sectiob.
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5. Binarization Improvement via SparseDictionary Model

5.1 Problem Statement

In the pevioussection, a binarization algorithm for diverse types of ostraca was
presented and tested. The resulting binarizations are of superior quality comparing to
several other prominent algorithnmi$everthelessan our view,this qualitycan still be
improved via modern dictionarpased denoisingnethod Our approach was first

demonstrated i(Shaus et al. 2013)

In the last decade, there has been a rapid development in the field of sparse
coding methods, for various Image Processing tasks. We explorestibility of using

similar techniques in order to produce an improved inscription binarization.

Let DI R™* be an ovecomplete dictionary that contain§ atoms{d} le

for columns. A signalyi R" can be represented or approximated by a sparse linear
combination of these atomg? Dx, xI R¥. The approximation is chosen in the sense

that ||y - D>4|p te (P is commonly selected to be 1, 2 @), with the sparsity ofx

minimized by thd, norm, counting the number nbnzero codicients In other words:

minf, st |y DA, . (5.1)

Since an exact determination tife sparsest representation is an-hérd
problem (Davisetal. 1997), there arises a need ffledueng the size of the dictionary
D . This can either be performed prior to solving the minimization problem i&.Eq.
or in parallel. The most prominent methods for dictionary training aadtqation are
k-means (Gershand Grayl991), ML- Maximum Likelihood methods (Olshausand
Field 1996 Lewicki and Olshausenl999), MOD - Method of Optimal Directions

(Enganet al.1999), MAP- Maximum A-Posteriori Probability KreutzDelgadoand
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Rao02000), UONB- Union of Orthonormal Base&€sageet al.2000) and the highly

popular kSVD (Aharonetal. 2006).

In order to produce a binarization, we would like to use a dictionary containing
black and white patches. In addition, the representatioricshwaid any combinations

of such atoms in order to maintain the binary property of the resulting approximation.

Only one atomd; from the dictionary, with a corresponding coefficient xjf=1
should be used foeach approximated patch, whilel , ] X, 8. Therefore, the

problem is slightly changed: we set thenorm of x exactly to 1, while we wish to
find the best approximation df. Though it is tempting to approximate the inscription
image by itself (using it as a source %}, empirically its imperfect binarized image

perform much better in this role.

Thus, using the abowaentioned formalism, our problem is composed of two

steps:

1. Learn an ovecompletebinary dictionary DI {0,255}"“, representing black and

white patches.

2. For each patcly in an existingmperfect binarization, find min|y- D><||p subject

to [, =1.

5.2 Proposed Solution

The most demanding task is the first step of dictionary learning. It would seem
that after obtaining a large database of patches, one would be able-to @hygof the

above mentioned cfhe-shelf solutions. However, this is not the casknost all of
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these methods canbe essentially interpreted as generalizations of theelans

algorithm Thus, the constructed dictionary would almost certainly result in gray level,

rather than black and white values. Moreover, most of the methods assurdp dnat

part of a linear space (possibly coupled with an inner product), which is untrue in our

case.

One possible solution may be applying c¢
for quantization altogether and using a large patda&sbase as a dictionary. This may
not always be feasible. A more elegant suggestion would be the utilization of the k

medians (Jainand Dubes1981) or kmedoids Kaufman and Rousseeuwl987)

methodswhich results inK atoms with apropriate values of 0 or 255 (the uncommon
case ofl27.5can be assigned to either one of theim)what follows,the kmedians
and kmedoidsalgorithmswere implemented via the Pycluster toollde Hoon et al.

2009).
The formal description of th@gorithm, for each inscription, is:

1. Collect a large database of clean black and white patches. We use the above
mentioned handnade facsimiles as the primary source.

2. Learn a dictionary based on the database, using eithezdians or kmedoids
method. Alernatively (if allowed computationally), use the whole database as a
dictionary.

3. For each patchy in the existing imperfect binarization, find the most suitable

replacementd; [ D, chosen by the solution afin|y- D>4|p. If the patchesy

o=t

overlap, construct the binarization by prioritizing the patches with a better score.
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A collection of patches, illustrating stagel and 2, can be seen at Fig. 5.1.
lllustration of stage 3with reconstructed imagés f r a,gan éasten on FKHg5.2
and 5.3, demonstrating respectively the results for N@ad. and Arad\No. 34 ostraca

(Aharoni 1981).

w . VR |ad S

Figure 5.1 A collection of patchesllustrating stages 1 and 2 of the algorithm.

T

Fas

-ﬂ-' iy !

(a) (b)
Figure 5.2 Fragment of Aad #1 (a) binarizatiorfrom Section4i in blue good
patchegeflectingthe writing practice, imednonr e pr esent at i y() Anoi syo
binarization improvement, witfepresentative patches maintained with minimal
changes, while nerepresentative patches replaced.

\ tﬂ. &
R PR o
g\ -\

(a) (b)
Figure 5.3 Fragment of AadNo. 34: (a) binarizatiorfrom Section4, in red non

~

representative Anoi sy o p awithoaepresgntative bi nar i
patches replaced.
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5.3 Experimental Results

Our experiments tested the soundness andpaegnce of the technique with
respect to different algorithm parameters and various ostraca inscriptions. The
following parameters were kept constant: patch size x111pixels (in the initial
dat abase, patches ar e s amp% everlap) dictidhanpi xel s 6
size = 100 atoms (except for the extensive dictionary solution, where a typical number
of atoms was 1000 up to 30000), number of repeated random initializations for k

medians an&-medoids= 100.

The first experiment tested the adaship between the best binary images
available for our medium (see previous Section), and the improved binarization
obtained by kmedians, kmedoids and extensive dictionary methods. The results for
the ostracon of Arabtlo. 1 (Aharoni 1981)an be seem Fig. 54, while the resus for

the ostracon of Aratlo. 34 (Aharoni 1981fan be seen on Fig.%.

The results show that the performance of the sparse models rivals that of the
best binarization. In fact, when looking on figeined details likestrokes continuity,
deviations from straight line, edge noise and the presence of stamejians and k
medoids outcomes are superior to the available binarization, though not by a far margin.
We note that despite its heavy computational burden, thasexéedictionary solution
does not surpass thenkedians and 4nedoids in both cases. It may be that the
optimally fitting patches of the extensive dictionary result lack the robustness of the k

medians and the-knedoids solutions.
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Figure 5.4 Arad No. 1: (a) ostracon imagéb) binarizationfrom Section4,
(c) k-medans result; (d) knedoids result{e) extensive dictionguresult.
Zoom on rightcenter: (f)binarizationfrom Sectiord; (g) k-medans result;
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(h) k-medoids resultfi) extensive dictionary result
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Figure 5.5 Arad No. 34: (a) ostracon imagé€b) binarizationfrom Sectiond;
(c) k-medans result; (d) knedoids result{e) extensive dictionguresult.
Zoom on topleft: (f) binarizationfrom Section4; (g) k-medans result;
(h) k-medoids result(i) extensive dictionary result

The robustness of the different metls was put to a test in the second
experiment. The initial patches database was reduced by a factor of 3 by removing

duplicate patches (in a n@obust scenario, this may bias the selection of the dictionary
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atoms). It was then further reduced by 9 ap@®b by changing the sampling ratio. The

results of this test can be seen on bif.
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Figure 5.6 Arad No. 1: experiment testing thebustness ofdknedians, initial DB
size reduced by a factor of: (a) 3 (b) 21 (c) &periment testing th@bustness of
k-medoids, initial DB size reduced by a factor of: (d) 3 (e) 21 (f) 75.

The resultslemonstratéhat the kmedians algorithm has an impressively robust
behaviour, even nder relatively strenuous initial database shrinkage. On the other
hand, the performance ofrkedoids is less robust and hard to predict. It may be that
the medoids are prone to be altered upon changes in database (since medoids are

database members) ortlre random initialization.
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5.4Summary

We presented a method to improve an already existing unsatisfactory
binarization utilizing a sparse model. A database of black and white patches was created
from a clean source. Existing dictionary learnmgthods were found to be unsuitable
for our needs. Therefore, a dictionary was created wiged#ians, kmedoids and
extensive dictionary techniques. The results-nfédians and-knedoids were found to
be sound, with fingrained details superior to theadlable binarization, though not by
a far margin. Further tests revealed thamddians algorithm is more robust to initial

database shrinkage thasedoids.
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6. Quality Evaluation of Binarizations

6.1 Introduction

The established methodology of documeanthzation assessment relies upon
ground truth (GT) images (sé@arizationcompetitionsresults in Gatos et al. 2009;
Pratikakis et al. 2010, 2011, 2012, 2088rogianniset al.2014). This is motivated by
the need fobinarization quality criteriaA manually created GT image is presumed to
be a close approximation to the binarization ideal. Consequently, the different binarized
images are scored accordingheir adherence to theTGmage.Theentireevaluation

process, depicted in Fi§.1, consists of the following stages:

1 Preliminary stepA black and whiteGT is created manually, based upon a gray

scaledocument image This process is driven by humaperated tools (e.qg.
Ntirogiannis et al. 200&aund et al. 2009; Fischer et al. 2010; Clausner et al; 2011

Biller et al. 2013.

1 Algorithms application The samedocument imageserves as an input for the
various binarization algorithms, resultingbdmary images(herein: binarizatins).

1 Algorithms evaluation Thesebinarizations are judged against th€T, using

quality assessment metrics (such asdasure, pseudorfeasure, PSNR, Negative
Rate Metric, Distance Reciprocal Distortion Metric and Misclassification Penalty
Metric; seeGatos et al. 2009; Pratikakis et al. 2010, 2011, 2012, 2013 and

Ntirogianniset al.2014for details).

Due to certain drawbacks in this methodology (detailed below), we present two
alternative solutions. The first suggestion is eraluation of the binarizaions
directly versus the document imaggeavoiding the use of GT altogether. The second

option is strengthening the existing methodologybgessing the GT qualityrior to
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its usage. Both solutions rely on an identical mechanism and we therefore cthresider

together.
<
Ground
Truth
J
Document .
Quiality || measure
[ Image ﬂ ~
Binarizations

J

Figure 6.1 Standard binarization quality evaluation process. The document image is
gray-scale, while the binarization and the ground truth are black and white images.
The quality metric measures the adherence of the binarization to the ground truth.

-

Document Quality Binarization
Image
measurex

Figure 6.2 Proposed binarization quality evaluation process. The quality of
binarization or ground truth is assessed by measuring their adherence to the document
image.

The main contribution of the current sectienthe suggestion of several new
measures, enabling tlassessment of the accuracy of black and whitkepictions of
a document (binarizations or GTYirectly vs. the document imageitself (seethe
proposed framework ifig. 6.2). The originalpresentation was made (8haus et al.

2016).

6.2 Methodological Pitfalls

Several papers deal with the deficiencies of the existing methodology. All of
them emphasize the subjectivity and the inherent inconsistency of the GT creation

proces.
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In (Barney Smith 2010)the variability of five binarization algorithms was
compared to that of different manual GTs. Significarggulariiesin the GTs of the
same documenterefound. Surprisingly, the results revealed that the variance between
the binarizations was smaller than the variance between the &dated by diverse

human operators

The research presented(Bhaus et al. 20B2 see SectioB) deals with GTs of
First Temple period Hebrew inscriptions, created by several experts. Their GTs were

shown to beof markedly different quality.

The study in(Barney Smith and An 201erformed a binarization classifier
training, based on three variants of GT. The performance of the classifiers varied

significantly with respect to the underlying GT.

Therefore, existing evidence demonstrates that the GT is inherently subjective,
with large deviations between different human operators and creation techniques,
influencing the perfor man This problemvtahirotedal gor i t
already in(Brown et al. 1988 where automatic systems were found to be more reliable

thanthchuman Aground truthero.

6.3 Existing Solutions

Theaforementionednethodological pitfallsvere addressed by some articles in
the pastThis subsectionprovidesa brief survey of thee proposed solutionghich are

found to be inadequate certain scenaos.
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The research if{Ntirogiannis et al. 2008)aims atpresentingan objective
evaluation methodologyf document image binarizatioperformed in the following

fashion:

1 Preliminary stepsA skeleton of GT is created via the algorithfi{emel and Zhao

19®8; Lee and Chen 1992andcorrected manually. The document image edges
are extracted by the Carinymethod(Canny 1986)

1 Algorithms evaluationThe GT skeleton is dilataslithin each binarization, until

50% of the edges inside each connected componecbaeeed. This results in a

new, feval uated GTOo.

This approach has several shortcomings. First, it includes a manual stage.
According to our testghe impact othis stage is not negligihl&econd, the method
constructs a differenti e v a | GEOtfar dead binarization Therefoe, every
binarization is judged against its own GT, with no common ground for comparison
Finally, no justificationis givenfor preferring the proposemtricate scheméo the
currentmethodology The similarity of the outcomes ifiNtirogianniset al. 2008) as
we l | as Oc c a mGuggestlattie exispngimpiecmethddaogy should
be favoredA later article(Ntirogiannis et al2012 made attempts to improve upon
(Ntirogianniset al.2008) y et hasn't avoided the&emanuall
user shall verify that at least one dilation marker exists within the borders of each

ground truth componedt; fit he wuser shall close any edge

Another approach prested in(Ben Messaoudt al. 201)is an elaboration on
the same theme. The main changes are dropping the manual correction phase, and
dilating with respect to binarizationgeated by methodéSauvola andPietikainen

2000; Gatos et al. 200Bu et al. 20D). Thiscircumventsa creation of different GT for
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each binarization and the potential for human error. Howekier, approach merely
creates another, albeit sophisticated, binarization procedure. Though this is certainly an
Afobj ecti veo vbmarizatioo evdluatiord in &act it fraepposes that the
presented procedure creates the perfect binarizédioall scenarioswhich is not

proved by the authors.

A different proposal, specified in(Stathis et al. 20@b; Paredes and
Kavallieratou2010,istocr eat e an al gor it hmsthemanwa |l uati on
GT creation stepA clean, binary image of a document is marked as GT. This image is
combined with any desired type of noise, in order to creagnthetic document
image The evaliated binarization algorithms are activated on the synthetic document
image and are judged against the perfect GT. This elegant technique avoids the need
for the creation of GT images. On the other hand, it cannot evaluate binarizations of
already existinglegraded documents. In addition, if no clean version of a given type of
handwriting or typeface exiss.g. in case of ancient inscriptionsj if the noise model

cannot be adequately deduced, the method is also inapplicable.

Yet anot-tireate@ fag @ &Tieen and Jain 1995)also avoids
groundtruthing. The results of different binarization techniques are used as inputs for
other algorithms (e.g. OCR systems), whose outputs are the oneg &ealuated.
However, with any sufficiently complicad goal, the tuning of the parameters
Adownstreamo0 may have a major influence o
historical documents), the binarization may also be the desired end product, with no

further processing required.
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6.4 Preliminary Definit ions and Assumptions

This sectiorpropo®sseveralnew metrics assessing either the binarization or
the GT. A first step in that direction was undertake(Simaus et al. 20B2 see Section
2), where differenGTsof the samdistoricalinscription were caonpared. The technique
superimposethe GTsover the document imag&he quality of the fit was used in order
to rank the differenGTs In similar fashion, other metriosan be used in order to
evaluate the quality of either the binarizasdhemselvegbypassing the GT), or the

accompanyin@T (therefore, adding a verificati step to the existing scheme).
In what follows, ve assume:

1. A black and white imageBW( x y) (BW:[1, M]3[1, N] -{0,255}) which can be

either abinarization or aGT, is superimposed over a gragaledocument image

D(x, y) of the same dimensiorf$ needed a preliminary registration is performed,
see SectioR).
2. A measuream, taking into account certagorrespondences betwe8iVard D | is

used in order to evaluate the qualityBV .

In the considered situation, the correspondence betwedWiaed D images

defines thdoreground andbackground sets of pixelsF ={(x y)| BWM x y ©} and
B={(x y| BW x ¥y 255}, respectively (with#F +#B =MN). The measurem

may take into account the properties of these two populatihim D .

We use the following notations:

1 m and m, are the foreground and background mean values withidxhenage,

ie. m=pd D(xy) B¢sSfor S=F B
(;;(x,y)i S =
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1 s, ands, are their standard deviations, defined in a similar fashion.

T n= #F and ng = #B are respectively the proportions of the

#F + #B #F +#B

foreground and the background pixels.

#H(x.y)i FID(y) =} _#(x,y)I BID(x y) =}
= andb = s

g f= , 1=0...255, are

the empirical distributions (histograms) of foreground and background pixels within

D.

6.5Proposed Measures

We consider the following measures:

1 Adapted Otsu The aticle (Otsu 1979)used a thresholding criterion minimizing
the intraclass variance for backgroufiokreground separation. A similar measure
can be used in order to assess the-claas variance, dropping the requirement of

hardthresholding Thus:

—_ 2 2
Mhisu = Nk ‘Q: g ﬁ (6.1)
It is assumed that smaller valueshaf,, reflect better quality oBW.

1 Adapted Kapur: The mper(Kapur et al. 198pused an entroppased thresholding
criterion for binarizathn, maximizing the sum of entropie$ background and

foreground populations. Again, dropping the requirement for a threshotdhtaie

0 % (6.2)
rn(apur = a fi |Og( f|) + ab] |Og(t) ),
i=0 ji®
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with xlog(x) considered zero ax=0. Our expectation is that larger values of
M. indicate a betteBW.

1 Adapted Kittler -lllingworth (KI) : The study (Kittler and lllingworth 1986
presumed aormallydistributedforeground and background pixel populaticfise
derived citerion functiontries to reducehe classification error rate under this

suppositionAgain, we shall use a similar measure, with no hrcesholding:

m, =1 2 [ logs,) nHog(s] 2[n l&y(g ) p log(p]. (6.3
Our expectation is that small8k, values reflect betteBW .

1 CMI: The measuraleals withthe quality assessmeimélated tasks in historical
inscriptionssettings. It was defined and employed in Sectibaisd4. As suchthis
is not an adapted method, but a measure developed directly in order to handle

similarissues. It would be reminded, that the measure was defined as:

Mo =11 - 4. (6.4)
1 Potential Contrast (PC). This concept was presented in Sectoifor the purpose

of assessment of multispectral images. The rationale behind this measure is an
optimization of M, under all possible gralevel transformations of thdocument

image. It can be shown that this is achieved by:

mc.=255@ (h ). 65)

i-f, ¢b

As in the case off}, , it is assumed that bett8W is indicated by largef,..

Remark As seen above, different approaches prefer either small or large

measure valueg:or the sake of consistenay, the experimentasubsection (below)
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we negatethe Otsu and the KI measurd@us, it is assumed that the bett#¥ always

corresponds to a higher value of a given measure.

Addi tional Acl assi cal oinsmaekadolumnesasctorf o r
formaf) comparison can bdsa utilized for our purpose, in particulat,lL> and PSNR

measures.

1 La: Defined by:

m =& |D(xy) -BW x Y- (6.6)

(x,y)

1 L2: Defined by:

m, = & (D(xy -BW x 3)". (6.7)

(x,y)

Again, consistencyvise, these two measures ought to be negated.
1 PSNR Definedby:

Am 2 (6.8)
Mpg =10 tagmaez5§ /%
¢

-0 O

DefinitionofMeasur es 6 Equi val ence

Two given measurefl and M, are denoted as equivalert} ~ N, if for a

constantD and differentBW and BW' the monotonicity is maintaingdintly, i.e.:

m(BW, D> m( BW, D U ng( BW D> s BW ). (6.9)
Proposition | Equivalence of PSNR antl):

The PSNR measure égjuivalent to the negated,li.e. Mygyz~- M, .
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Indeed, due tatrictly increasingnonotonicity of C&x (0<C [R), log,,(x),

-1/x and x? (for x2 0):

o210 By 4255MN O 25BMN - (6.10)
SNR 0&@ m_zz 8— rn_zz b '
y

Proposition | (Equivalence of Land L):

If BW(x Yi {0,255} (like in our setting), them ~m .

Proof

The norms are influenced by the foreground and the background populations,

induced byBW. Indeed, on the one side:

m=8a[D(xy -BWMx¥ =84 Rxy +5(255 HEx) (6.11)

(x,y) (xy F (xyiB

Subtracting a constant (sum over the unvaryid¢x, y)) would result in

equivalent measure, therefore:

~a DX y)+ A255-D(x,y) - 8D(xy) =E55 2-DxY) (6.12)

(%)

On the other side:

m = [& (D(xy -BWx9)" ~ &( Bxy -BW x) (6.13)

(x,y) (xy)

And moreover:
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= & D(xy? + & (255 P(xy) (6.14)

(x.y)i F (xy)iB
= 8 D(xy)® 2558255 Dky)
(x,y)l FCB B

Since the first term is constant, and as a multiplicativezesa constant results

in equivalent measure, vodtain

~& (255 2Dk.y) (6.15)

B

y

From Propositions | and Il it follows that despite the seeming dissimilarity of

the last three measurs , they would in fact yield

Therefore, irsubsequent sugection we would only use th@g,z measure.

6.6 Experimental Setting and Results

This section compareséd performance of theix quality measures described

above We begin withthe experimental settings, continuing with the results

Experimental Setting

Goal: The goalof this experiment is to compare the performance of the
measures under controlled deteaibon of highquality binarizations of various
documents. Weequire the measures to maintain amonotonic decrease with
respect to the increasingvorsening of the binarizations. This may be seen as an
i a x i o nfand dertaioly reasonablequirement for the measuresWe stress that
in this experiment, the elements under examination are the different measures

and not the binarizations.
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Methodology We tested the measures on purposely engineered binary images
with gradually diminishing quality-or each doument image, its corresponding high
quality binarization was used in order to obtaisequencef progressively inferior

black and whitemages Three different types of deteriorations were pursued:

1. An addition ofincreasing levels alandomsalt and peer (S&P) noise(1%, 2%,
etc., stopping at 10%), imitating isolatedifacts of the binarization procegsg.
stains seeSections4, 5 for examples and methods for their handling). In order to
ensure the significance of the resukach noise level was added independ&#ly
times (thus 25 different binary images were created with 1% noise, 25 more with
2% noise, etc.).

2. A continuingmorphological dilation of the foreground (4-connectivity; dilations
of 1 up to 10 pixels), emulatina binarization algorithm prone to False Positive
errors near the edge (e.g. due to miscalculated threshold), or an operator with a
preference for wide strokes creating the GT.

3. A continuingmorphological erosion of the foreground(4-connectivity; erosions
of 1 up to 3 pixels), mimicking a binarization algorithm prone to False Negative
errors near the edge (e.g. due to miscalculated threshold), or an operator with a

preference for narrow strokes creating the GT.

As already stated,un expectation was a cdastly declining score,with the

continuing deterioration of the engineered binarizations.

Datases. Openly available data from several past binarization competitions
were used, in particulddIBCO 2009(Gatos et al. 200% handwritten and 5 printed
docunents), H-DIBCO 2010 (Pratikakis et al. 2010;10 handwritten documents),

DIBCO 2011 (Pratikakiset al. 2011;8 handwritten and 8 printed documentd},
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DIBCO 2012 (Pratikakiset al. 2012;14 handwritten documentspIBCO 2013
(Pratikakiset al. 20138 handwritten and 8 printed documents), 8RBIBCO 204
(Ntirogianniset al.2014;10 handwritten documents); a total of 76 documents. As the
measures require a grayscale document image, in case RGB document images were

provided, they were converted taagscale by channel averaging.

Within the datasets, each document image was accompanied by its
corresponding GT. The GTs were taken as a-higdlity basis for our deterioration

procedures, resulting in 2064 different binarizations tested.

Success criterioffor each image, each typeddéterioration and each measure

Monotonic decreaseof the scoressequence(e.g., maximal score for the original
binary image,tie next for 1% S&Roise, etg. A nonobservance of correct monotonic
behavior between two corseive deteriorated binarizations (e.g. the score increasing

~

between 3% and 4% &&Pn oi s e) wa s brealt of monetshicigoss. a

Note The abovementioned setting ensures the significance and the

reproducibility ofour results.

ExperimentaResults

Summaies of the results fodistinct typesof deterioration are presented in

Tables 6.1, 6.2 and 6.3.

Table 6.1 presents the results of the $®#Bing experiment. tan be seen that
Otsu, KI, CMI and PQneasure perform perfectly in this setting, with 0% ordering

mistakes in all the sequences.
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Table 6.1 Results for Salt and Pepper Deterioration

a : % of Breaks of Monotonicity
Dataset #Files | otsu [Kapur | KI | CMI | PC | PSNR
DIBCO2009 H 5 0% 26% 0% 0% 0% 0%
DIBCO2009 P 5 0% 82% 0% 0% 0% 0%
H-DIBCO2010H| 10 0% 22% 0% 0% 0% 0%
DIBCO2011 H 8 0% 41% 0% 0% 0% 13%
DIBCO2011 P 8 0% 71% 0% 0% 0% 13%
H-DIBCO2012H| 14 0% 30% 0% 0% 0% 0%
DIBCO2013 H 8 0% 26% 0% 0% 0% 0%
DIBCO2013 P 8 0% 80% 0% 0% 0% 0%
H-DIBCO2014 H| 10 0% 37% 0% 0% 0% 0%
Mean| 0% |43.4% | 0% 0% 0% 2.6%

a. H=Handwritten, P=Printed.

The PSNR measure albehavs nicely in most casedJnfortunatelyjt shows

2.6% of monotonicity break. On -tepthinspection, these cases correlate with the

existence of bright stripes across the document. In such cases, the PSNR (and

consequently the equivalent;land Lo measur es)

mi ght

Aprefero

foreground pixels mistaken for background, which may iddesgppen in this type of

noise.

Finally, the Kapur measurdwith 43.4% mistakes)s unreliable in this

experiment. Moreover, &do not consider this measure as si@linded,asit ignores

the graylevel valuesaltogether(a permutation of the histogram uv#s in the same

score)
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Table 6.2 Results for Dilation othe Foreground

. % of Breaks of Monotonicity
a
Dataset #Files | otsu [Kapur | KI | CMI | PC | PSNR

DIBCO2009 H 5 24% 26% 4% 0% 0% 0%

DIBCO2009 P 5 0% 20% 2% 0% 0% 0%

H-DIBCO2010 H| 10 0% 12% 6% 0% 0% 0%

DIBCO2011 H 8 0% 20% 1% 0% 0% 13%

DIBCO2011 P 8 0% 29% 0% 0% 0% 15%

H-DIBCO2012 H| 14 0% 19% 6% 0% 0% 0%

DIBCO2013 H 8 0% 20% 3% 0% 0% 0%

DIBCO2013 P 8 0% 25% 0% 0% 0% 0%

H-DIBCO2014 H| 10 0% 11% 4% 0% 0% 0%

Mean | 1.6% | 19.5% | 3.2% 0% 0% 2.9%

a. H=Handwritten, P=Printed.

Table6.2shows the results ofiorphologicabilation experiment. The CMI and
PC measurs still perform perfectly, with 0% mistakeOtsu (1.6% breaks of
monotonicity, all in a single dataset), PSNR (2.9% mistakes) and Kl (3.2% mistakes)
also exhibitsatisfactory performanced close examination shows that all the Otsu
mistakes are attributed to the presence of dark stains, coverargeapart of the

document. I n such a case, the OBopixelsmetric

to F , in order to reduce the variansg®. As before, the Kapur metric doest show

a reliable behavior.

Table 6.3 Results forErosionof the Foreground

: % of Breaks of Monotonicity

Dataset* | #Files — & 0 Tkapur | KI | CMI | PC | PSNR

DIBCO2009 H 5 0% 7% 20% | 100% | 60% 7%

DIBCO2009 P 5 0% 7% 0% 73% | 20% 0%
H-DIBCO2010H| 10 0% 37% 0% 80% | 47% | 47%

DIBCO2011 H 8 0% 13% | 21% | 88% | 71% 4%
DIBCO2011 P 8 0% 4% 0% 75% | 46% | 13%
H-DIBCO2012 H| 14 0% 31% 7% 71% | 50% | 24%
DIBCO2013 H 8 4% 25% 0% 75% | 46% | 21%
DIBCO2013 P 8 0% 17% | 21% | 75% | 46% | 25%
H-DIBCO2014 H| 10 0% 20% 0% 70% | 37% | 37%
Mean| 0.4% | 20% 7% 77% | 47% | 22%

a. H=Handwritten, P=Printed.

107



Table6.3documents a relatively smatalemorphological erosioaxperiment,
limited to 3 erosions (as 4 erosion would result in a compéiaination of the
foreground in some binary images). The almost perfectly performing Otsu measure is
foll owed by KI, with 7% mist akpmxslerosdo st of
stage, surely within the limits of the original GTs reliabiligapu, PSNR, and
particularly PC and CMI measures were confused by this setting. It is noticeable that

the CMI and the PC measures do not take into account the information regarding the

size of F andB. Subsegant | vy, a preference for Athinni

the foreground to only the most <certain

the background statistics) might be observed in these measures.

6.7 Summary

We presented several measuresctiguantify the adherence of a binary image
to its grayscale document image. The binary document can either be a product of a
binarization algorithm, or &T. Both cases are treated in the same fashion. In order to
check the adequacy of the proposed messuan experimental framework was
constructed utilizing a clean binary document with specifically engineered increasing

deterioration of the binarization.

The results indicate that the adapted Otsu and Kl measures present the best
overall performance fobinarizations evaluation purposes. The PSNR, PC and CMI
measures can probably be useful in scenarios with adequate stroke width. The adapted

Kapur measure is not a viable option for a quality measure.

We note thait is not incidental thasome of the measesmentioned in the

current sectiorare adaptations of global binarization techniquedgeed, n our view,
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assessing a binarization Al ooking back?o

dual problem to the task of arriving at the binarizatiorifitse

Finally, we may be tempted to eliminate the reliance not only on the GT, but
also on the document image itself. This may be possible utilizing the intrinsic properties

of i ndi vi dual charactersod® binarizati on
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7. Quality Evaluation of | ndi vi dual Char a

Binarizations

7.1 Introduction

This section continues the endeavor of the previous one, in providing@&T
method for evaluating a binarizatiohhis time, he effort will be based oanalyzing
theintrinsic properties of the binarizations. In what follows, we concentraifeesicde
of individual characters. Our methddcks direct predecessors, with the possible
exception ofTrier and TaxtL995) Theformer papeproposed @aechniquesomewhat
reminiscent of the one specified herein, yet it was performadually upon visual

inspection of binarizationsand not via a computational approach

In our schemethe document binarizations are judged automatically, based on
the intrinsic properties of theaharactersFour estimates are introduced: stroke width
consistency, proportion gtains, average edge curvature, and proportion of edge noise.
In certain scenarios, these may be utilized on their own right. Alternatively, these
measures can be combined in order to provide the relative ranking of the binarizations.
Producing such a metimay involve a traktest procedure, depending on the task under
consideration (human epigraphic analysis, alphabet reconstruction, OCRTle¢c.).
current section is a corrected and expanded versidraggnbaumShausSoberet al.

2013).

7.2 Suggeted Character Measures

We start by defining independent binarization quality measures, correlating to
common human perception. Four measures, pertaining to distinct aspects of binarized

images, are proposed and formalized. We will work on small binanmades, each
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containing a singleharacterThe chall enging problem of
along with its related topics of concern such as broken strokes and touching characters,
is outside the scope of this thesis, and can be handled by methods Dakey and
Lecolinet 1996 Breuel 2001; Shaus et al. 2012 see Sectiot). The foreground
(valued at 0) and the background (valued at 25&aswill be denoted respectively as

F and B, with p=(x, y) a pixel coordinate.

StrokeWidth Consistenclleasure

The local scale consistency of a character stroke width is closely related to the
quality of the binarized character. Indeed, partially erased letters, or the presence of
stains may introduce discontinuities in stroke width.example of such behavior can

be seen at Fig.1

Figure 7.1 Example of locakcale stroke width discontinuity due to stains and letter
erosion (discontinuities marked iiad).

The idea is not simply to measure the width of a strolevaty point, but to
assess the smoothness of its change between adjacent pixels. The measure is defined by
the following algorithm (though devised independently, our first step is reminiscent of

Epshteinet al. 201Qwhile steps 2 and 3 are original).

Step 1 - Evaluate the stroke widtswW( p) for eachpi F:

f For each angleai {0°,45,90 ,135 ], examine the line segments with inclination

a passing throughp and restricted toF. Among these, denote tHengest
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segmenfi.e. the one running from one edge of the character to another, as opposed

to its subsegmentsas seq pa).
71 Define:
SW( P =nlin|| seg m)|, (7.1)

In other words, after Step 1, each pixel F possesses an associated stroke

width SW( p; see illustration on Fig/.2.

Figure 7.2 A demonstration of shortest stroke width = segment selection for a
particular foreground pixel (ipreeni the shortest segment,iad i other segments
considered).

Step 2i Calculate the stroke width gradient magnit{ééep) :

f Calculatean approximation oflirectional derivativesSW( p and SW( P by

subtracting adjacent pixels along theand they axes.

1 Define the gradient magnitude with respecltp norm:

G(p) =max(|SW (P .| SW( pl (7.2)

Step 31 Apply the measure:

Mswe =mearl & p) (7.3)
Note that given a clean binarization with gradually changing stroke widths,

G(p) yields low values, resulting in a smdg, ..
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Stains ProportiorMeasure

The existence of black spots within a white backgroundjice versa, is an
indication of either an imperfect binarization or the presence of noise. In what follows,
we will considerthe stains relative area in pixgldenoted below als.| . While stains

count may be used instead, accordogur experiments, this measure performs poorly.

The image is partitioned into a set of Connected Compor@@ts{cc} .

these belong to eithertF or B. The set of Stain CCs is defined as:

scc={cq lcd|cg|| ¢rr. Throughout our experiments, the value thfe

threshold TNI' was set to 0.5% of theharacteimage size. The measure definition is:

(lf;ls CCHccj H (7.4)
M = CCJ"—
T A lesl

cgl cc

Average Edge Curvate Measure

The Aideal 06 |l etter i s expected to posse

to the average edge curvature (herein, we use its absolute value):

8y

where T is the normalizedangent of the edge curv is the tangent angland S

_|aT
ds

is the arclength parameter. The computation of the average edge curvature is as follows:

Step 1i Find the edge via-¢onnectivity erosion ofF :

E = F\erosior{ B (7.6)
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Step2i Calculatethelocal angle:

1 For each pixelpi E, and for each pair of its neighboring pixeR;, pzi E
(assuming &onnectivity), define the unit vectog (p) =(p, - p)/|| R -iﬂz for

k=1,2. Next, we findy (P), the angle betwees,( p) andV,(p):

y (p) =arccogy, )\ () (7.7)

1 The angleDg(p), used for the curvature definition, is:
Dg(p) =p - (p) (7.8)
Due to thedefinition of arccos, y (p)i [0, 4 and Dg(p) I[0, @. See an

illustration in Fig 7.3.

Dg

Figure 7.3 An illustration of Step 2 in average edge curvatasasureomputation.

Step 3i Approximatethe local curvature:

Using Eq.7.5, and pluggingn Eqgs.7.7 and7.8, the curvature is defined as:

k(p) @E[))Z(( z)) L- a“foivl e @) (7.9)
9:1” P - p”z

Step4 1 Apply the measure

a Ds(pk(p (7.10)
M pec = k() ==
aec = Meark( p) 2 Ds(p)

pl E
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It should bealsostated that in certain casep] E might possess more than

two neighboring pixels. In such a case, we account for all possible neighboring pairs in

Steps 24. An example with 3 neighboring pixels is illustrated in Figure 4.

Pz

Figure 7.4 An example of edge pixeh, possessing three neighbagss, p, and p;.

This requires an adjustment M ,_. calculations

AEC
Edge Noise Proportioivieasure

Another suggested property is the presence of typical edge noise, see
(McGillivary et al. 2009 for details. This type of noise is assumed to correlate with the
overall quality of the binarizatiof.he current parameter is calculated via a simplified

procedure. In what follows, we perform common morphological operations assuming

4-connectivity.
Stepli Define the edge utilizing dilation and erosionfef
E = dilation( F)\ erosioit B (7.10)
(Note E is different thanE in Eq.7.6)
Step2i Calculate a noise estimate

N =(closuré B\ B ¢ R opening ) =closu(e)k openifig) (7.12)

I n other words, the closure handles isol at ¢
attaching them td~ . Similarly, the opening removes secludedpixels, assumed to

be Apepper d\ptovyidesea set of astimatechoise pixels.
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Step3 71 Measure definition:

IN| (7.13)

Note For all measures, the cases where an insufficient number of Eitloer
B pixels exists within the character image, were detectedraatedin the following
fashion. If a dilation ofF (assuming 4onnectivity and performed twice) leavesBo
pixels, or if an erosion oF (assuming 4onnectivity and performed twice) leaves no
Fpi xels, the image was decl ared as possess

all the measures discussed above were sktftovalue (we usednf =32768).

A smallscale example of the four measures applied ¢im¢ddean and corrupted

characters is shown in Fig.5 and Tabl& 1.

(b)
Figure 7.5 (a) Clearcharacter(b) Corrupteccharacter

Table 7.1 Comparisorof quality measuresactivated on clean (Fig. 7.5a) and
corrupted (Fig. 7.5b) images.

Clean image Corrupted image

Measure Fig. 7.5a Fig. 7.5b
Stroke width consistency  Mg,c 1.185 2.413
Stains proportion Mgp 0 0.260
Average edge curvature M e 0.407 1.352
Edge noise proportion \V/ . 0.004 0.646
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As expected, the measurpduceconsiderably smalleresultsfor Fig 7.5a

(clean image) than for Fig5b (corrupted image).

Measuresodo Combinations

The measures presented above can be applied on their own right, each assessing
a distinctive charactdeature, susceptible to noida fact, in certain settings, wev&a
seen sme of thenmproducing judgments comparable to human appraisals. Conversely,
these measures can be combined into a joint score or classifier, depending on the task
under consideration. These may vary according to the type of writing in question
(printed or handwritten), medium, corpora, noise characteristic, binarizations end goal
(epigraphical researcleharactereconstruction, OCR), etc. Subsequently, we do not
suggest that the combinations derived below to be the ultimate model in all coreeivabl
cases. We do suggest a procedure to derive models for settings comparable to ours.
With certain adjustments, these ideas may also be applicable for training binarization

quality control apparatus for other tasks.

The combinations dealt with below aredar and tree models, used due to their
simplicity. These model s require training
estimations. Such a procedure is presented in the sudsdection.The trees were
implemented via the tree packafi@ipley 201§ of the R programming languagéR(

Core Team 2012

7.3 Experimental Design

Motivation
The motivation behind this research was an attempt at ranking binarizations
according to their suitability for human and compdiased handwriting analysis.

Visually appealing imarizations, faithful to the document images, were preferred.
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Dataset

Our database consisted of segmewtearactes, along with their binarizations.
We usedcharactes originating from two different First Temple Period Hebrew
inscriptions: 50 imageslaactes) were taken from AraNo. 1 (Aharoni1981) while
47 images¢haractes) were obtained from Lachidto. 3 (Torczyner et al1938. The
segmentation into individual characters was performethéalgorithmfrom Section
4. The state of preservation of these-over clay samples was poomepenting a

challenge for our methodology.

The 9 binarizationasal were: OtsyOtsu 1979, Bernser(Bernsen 198pwith
window sizes (in pixels) ofv =50 and w = 200, Niblack(Niblack 1986)with w=50
and w= 200, Sauvola(Sauvola andPietikainen2000) withw =50 and w= 200, as

well as our own binarizatiofsee Sectiod) with or without unspeckle stage.

From thed7 original grayscale imagea database &73 (97 x 9) binary images
was constructed. Each set of 9 binarizatio
was judged independently by three differe
1=high, up to 9=low) were based on their prior epigraphical knowledge. An example

ofasi ngl e expertds oppini on i s presented in F

Constructing such a data set with manual ranking information for different
binarization procedures is highly laborintensive procedure. This explains the

relatively modest size of our database.
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() (9) (h)

Figure 76 Ex per t 6 s r anKk r,imdecreasingqualégy odr.ar act e
(a) Original image, (b) Sauvola =200, (c) Shaus et ainc. unspeckle stage,
(d) Shaus et al., (e) Otsu, (f) Niblagk= 200, (g) Niblack w =50,
(h) Sauvolaw =50, (i) Bernsenw =50, (j) Bernsenw = 200.

Goal

The experi ment attempted at creating a

ranking. The model types undeonsideration were linear and treased regressions

(Tree 2011) These models used tfaur rankingsbased on the measurééswc, M sp

, MAEC and M ene - The utilization of rankings, rather than measure values, provides a

common scale across different letters. The experiment consisted ofsateagion and
model verification stages. Both necessiliatee prerequisites specified in the next-sub

section.

Input Data

As stated previously, each binarization block (containing 9 binarizations) for
each of the 97 letters, had 3 expert rankings. Ragultectors of lengt®7x3=873,
containing rankings of binarization blocks in a stacked marfner containing

concatenated rankings of the 9 binarizations of thenage, then rankings of thé®2

image, and so forthjare denoted adk, R, R (one for each expert). For training

120



purposes, a combined experts rankind?expe,ts was derived. First,

R .= meal( R R B :( R +R '9?/ 3, was calculated, possibly

containing norinteger values. Then, a-ranking of R..enforced scores of

within each binarization block, resulting iﬁexpens (e.g., if the mean scores wetr83,

2,3.33, 3.67,6.33, 5, 6.67, 8.67 andh&re-ranking results i, 2, 3,4, 6,5, 7, 9,8
Such processisdenotede | o w-r @ kii rneg  pndependentiyhe ¢ different

measures produced their own rankings for every binarization block, yielding the
corresponding vectorSsue, R, Raec and R .

Modek Bpecifications

Both linear and trebased regression models were considéoecestimation

purposes The independent variables weRe, Rsr, Ric and Ry, while the
dependent variable WaBexpens.

The linear regression models differed from each other by the presence or
absence of independent variabl&s possible combinatiohsA presence or an absence

of an intercept was meaningl-rankesl, since the

The tree regression models differed from each other by the presence or absence
of independent variables, as well as by their de@l®nfigurations weretempted:
default setting ofhe library(Ripley 2016)aswella a fAf or ced o.This ee wi t h

resulted in a total a30 treebasednodelsunder consideration.
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ModebkbScore Selection and Success Criteria

A model M was scored in the following fashion. A prediction produced by the
modelwas reranked, resulting inR,,, which was then compared with the experts

ranking via standard linea€0Ol') or Kendall (f ; Kendall 1938 correlations:
c, = pgli_g(cor(R, R)) (7.14)
tn=min( (R,R,) (7.15)

The model corresponding to the highéstandZ,, scores was selected. As will

be seen, in this experiment, both scores resulted in the same selected model.

Sinceoccasionallyeven human experts differ in their judgments, we rebt
expect the best model t o -IpiekdanrOGumgbldea wl es s | )

standardsvere theminimal correlations between pairs of human experts, denoted as

Cexpert @nd t expert- OUr optimal modelwas expected to adhere tioe following pre

established success criteria

c, ¢0.8 1S't'?l;ingt(cor(R R )) 68 ¢.Q (7.16)
i - 7.17
t,¢08 @in( R .R) B8 . (7.17)

Selected Model
The selected model, for bo®), and ,,, scores, was a tree with 9 leaves, of

depth 6. The tree used rankings from all 4 measures, with the most important one (used

for the upper splits) beinfReye , with ¢, =0.678 and ., = 0.543. The resulting tree

(@ Aforcedo t)rcanebe seentahFigya, while anvagreement with the
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success criteria can be seen at Talfe Sincec

expert

=0.76€ and [ e = 0.634,

both succesesriteriaweremet.

Rank E[\IP <6.5

Rank ENP <15 Rank_ENP <75

Rank_SWC <15 Rank HC <55

6.227 7974

)

ank_ SWC <85 Rank_ SWC <15

5.500 1.591

Rank_ SP <65
6.583 6657 4840

3.570 5200

Figure 77T he sel ected regressi on nibaleaves a
indicate the mean predicted raffcior tore-ranking afterapplying the ranking
function1.591 will become 1, 3.57 will become 2, gtblotethatall four proposed
measures are utilized by the selected model.

Table 7.2 Agreement with success criteria

Minimal model Mi ni mal € o
correlation correlation 0
C
C,=0.678 Coxpert = 0-76€ " =88.2% >80%
‘expert
l,=0.543 ! exper = 0.634 In_ =85.79% >80%

expert

SelectedVodel Verification

The selectedhodel typda tree with 9 leaves and all independent variables) was
bootstrapped in order to check its robustness. Each iteration performéd acsfi/train

separation on the binary blocks level (thus, all the binarizations of a simaleter
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were assigned either to train or to test data, avoiding possible bias). Subsequently, a

new modeWas trained and tested.

The bootstrap included 1000 iterations, resulting in pvalue=0.05 confidence
intervals of [0.582, 0.74] forC,,, and [0.454, 0.610] for,,. These indicate the

robustness of our model.

7.4 Summary

Following inherent obstacles in @ased quality evaluation of binary images,
we proposed a solution based on several intrinsic properti@sdvidual binary
charactes. Four binarization quality measures were introduced: stroke width
consistency, proportion of stains or edge noise, and average edge curvature. In certain
scenarios, these may suffice on their own right. Alternatively, a catidimof these
scores can be trained for specific purposes, such as paleographical acladysister
reconstruction or OCR. For our uses, a-trased model produced adequate and robust

results.

124



8. Wr 1| t lelentdfiéation via aCombination of Features with
Historical I mplications

8.1 Introduction

Based on biblical exegesis and historical considerations scholars debate whether
the first major phase of compilation of biblical texts in Jerusalem took place before or
after the destruction of the city blye Babylonians in 586 BCE (e,&chmid2012). A
relatedi and also disputed issuieis the level of literacy, that is, the basic ability to
communicate in writing, especially in the Hebrew kingdoimssrael and Judah
(Rollston 2010. The best way to answer this question is to look at the material evidence
i the corpus of inscriptions that originated from archaeological excavations (e.g.,
Adituv 2008. Inscriptions citing biblical texts, or related to them, are rarely found (for
two Jerusalem amulets possibly dating to this period, echoing the priesslirig in
Numbers 6: 226 seeBarkay1992 Barkay et al. 2004 probably because papyrus and
parchment are not well preserved in the climate of the region. However, ostraca
(inscripions in ink on ceramic sherds) which deal with more mundane issues can also
shed light on the volume and quality of writing and on the recognition of the power of

the written word in the society.

In order to explore the degreé literacy and stagsettingfor compilation of
literary texts in monarchic Judah, we turned to Hebrew ostraca from the final days of
the kingdom, prior to its destruction by Nebuchadnezzar in 586 BCE and the
deportation of its elite to Babylonia. Several corpora of inscriptionsfexithis period.

We focused on the corpus of over 100 Hebrew ostraca found at the fortress of Arad,
located in arid southern Judah, on the border of the kingdom with EdoAHaemni
1981 andFig. 8.1 below). The inscriptions contain military commandsgarding

movement of troops and provision of supplies (wine, oil and flour) set against the
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background of the stormy events of the final years before the fall of Judah. They include
orders that came to the fortress of Arad from higher echelons in theitéuadhary
system, as well as correspondence with neighboring forts. One of the inscriptions
mentions "the King of Judah" and another "the house of YHWH," referring to the
Temple in Jerusalem. Most of the provision orders that mentionKitigim 71
appaently a Greek mercenary unil@ 6 a @041 were found on the floor of a
single room. They are addressed to a person named Eliatglquartermaster in the

fortress. It has been suggested that most of Eliashib's letters involve the registration of

about one month's expensas(naire1977).

2
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Figure 8.1 Main towns in Judah and sites in the Beer Sh&ddkey mentioned in the
current section

Of all the corpora of Hebrew inscriptions, Arad provides the best set of data for
exploring the question of literacy at the end of the First Temple period: A) the lion's
share of the corpus represents a short time span of a few years ca. 600 BCE; & it com

from a remote region of the kingdom, where the spread of literacy is more significant
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than its dissemination in the capital; C) it is connected to Judah's military administration
and hence bureaucratic apparatus. ldentifying the number of "handsaiftleors)
involved in this corpus can shed light on the dissemination of writing, and consequently
on the spread of literacy in Juddihe currensectionis a refinement of theaterialin
(FaigenbaunGolovin, Shaus, Sobet al. 2016) supplemented witinformation from

(Shaus and Turkel 20&y

8.2 Prior Art

The problem of computerized writer identification within historical documents
exists in the literature for several decades. Several features and their combination
methods have been proposed for fhapose. The papébinstein and Shapirh982)
uses rudength histograms, combined via PCA (first two components). AlBiidacu
and Schomaker2007) continues the use of rdangths distributions, supplementing
them with allographic features (grapheowebook generated using setfjanizing
map); the feature fusion is performed via simple or weighted averaging distances due
to t he I ndi vi dual features. Simil ar all o
supplemented with edggti r ect i onad e d)e ad rue(Rgho(ndichet aht 1 n

2007, with Hamming distance measures between the normalized features.

The paper(Bar-Yosef et al. 200J presents another feature combination
technique; extracting 8 types of features pertaining to various relatianedre
foreground and background pixels of segmented characters, as well as their central
moments. The features are selected via dimension reduction techniques such as
sequential forward floating selection and linear discriminant analysis, classifying the

reduced feature vectors via a linear Bayes classifierrmed¢est neighbors. Yet another
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set of classifiers is based on grid microstructure, allogleydl and topological
features, combined via weighting procedure, is presentgdiafii and Giollo 2011).

Article (Feckeret al. 2014) provides a wealth of contodmased, oriented basic image,

as well as SIFT, features classified by a voting procedure and $+dkeret al.

2014b uses a similar setup, adding HOG features. An adaptation of SIFT features i
also used ifFiel et al. 2014, with dimensionality reduced via PCA, resulting in a visual
vocabulary. The features are clustered using a Gaussian Mixture Model and employing
the Fisher kernel. A recent use of KDA in a setting involving both et@die and edge

based directional featels can be found ifAl-Maadeecet al. 2018.

A thoroughly different approach is demonstrate(Pianagopoulost al. 2009,
operating on a segmented character level, and treating them as realizations of estimated
Al deal Prot ot ypes otion ambng writets asnnadet via sewaral di st i
techniques, employing comparisons of the contours of the realizations to various ideals,
and using heuristics and maximum likelihood estimations procedure combining
information from different letters in order to firsiimilar writers. A similar method is
described inPapaodysseust al. 2014, with comparisons between character or ideal

contours solved analytically.

A review of these papers, as well as surveys of the broader field of writer
identification (Schomake2007; Sreerajand Idicula 2011 demonstrate the common
denominators of most of these algorithms: a series of features (e.g. based on edge,
all ograph or topological information, oOr us:t
as SIFT, HOG and Gabor filtgrnis extracted. Optionally, the dimensionality is reduced
(e.g. via weighting, LDA, PCA or KDA methods), followed by writer classification of
the resulting feature vectors (e.g. by employing KNN, SVM, MLE or the Fisher

Kernel). Usually, the question is wther a given document, according to some metric,
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is written by the same author as the most closely matching document. Alternatively,
sever al (e.g. 5 or 10) nAclosesto document s
least one identical writer. Theggb r i t hmés per formance i s check

ground truth.

Although some of these methods perform reasonably well for their tasks and
datasets, their typical output is an abstract distance between two given inscriptions, or
else a table indicatgn the distances between several inscriptions. However, these
distances do not yield any probabilistic information. Thus, it is difficult to interpret such
an output outside a well growtdithed framework. In particular the distances, by
themselves, are @wifficient for the different task of analyzing a corpus of many
inscriptions, with an unknown number of authdrse main contribution ahe current
researchdetailed below, is a proposal of an entirely different approach, allowing for an

estimation of the minimal number of writers within the given corpus

8.3 Materials and Methods

This research was conducted on two datasets of written materidbrénsost
document assemblage was a corpus of 16 Hebrew ostraca inscriptions found at the Arad
fortress (ca 600 BCE). The research was performed on digital images of these
inscriptions. A second dataset, used to validate the algorithm, contained handwriting

samples collected from 18 preseiaty writers of Modern Hebrew.

The aim of ourcorealgorithm was to dierentiate between writers in a given
set of texts. This algorithm consisted of several stages. In the first step, character
restoration, the image of the inscription was segmented into (often noisy) characters

that were restored via a seautomatic recostruction procedure. The method was
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based on the representation of a character as a union of individual strokes that were

treated independently and later recombined. The purpose of stroke restoration was to

imitate a reep e n 6 s movement ully isampled keypoiats. &Ah manua
optimization of the penés trajectory was p
The restoration was conducted via the minimization of image energy functional, which

took into account the adherence to the original imdgesmoothness of the stroke, as

well as certain properties of the reed radius. The minimization problem was solved by
performing Gradient Descent iterations on a Ci#ptine representation of the stroke.

The end product of the reconstruction was a bimaage of the character, incorporating

all its strokes.

The second stage of the algorithm, letter comparison, relied on features
extracted from the charactersdé binary i mage
characters from different texts. Seudemtures were adapted, referring to aspects such
as the characterds overall shape, t he angl
gravity, as well as its horizontal and vertical projections. The features in use were: SIFT
(Lowe 2003, Zernike Tahmasbiet al. 201}, DCT, Kdtree Sexton et al. 2000Image
projections Trier et al. 199§ L: and CMI Gee sectiong-4 and6). Additionally, for
each feature, a respective distance wefindd. Later on, all these distances were
combined into a single, generalized feature vector. This vector described each character
by the degree of its proximity to all the characters, using all the features. Finally, a
distance between any two charactess calculated according to the Euclidean distance

between their generalized feature vectors.

The final stage of the algorithm addr e:
probability that two given texts were writ

by posing an alternative null hypothesis Hfibot h texts were writt
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authoro) and attempting to reject it by co
was unl i keal tgreshold® €stablighed in advance by our collaborating
archaeolgisty, we rejected thélp and concluded that the documents were written by

two individuals. Alternatively, if the occurrence bfo was probable (P>0.2), we

remained agnostic. The experiment testingHbgerformed a clustering on a set of

letters from tle two tested inscriptions (of specific type, ealep), disregarding their

affiliation to either of the inscriptions. The clustering results should have resembled the

original inscriptions if two different writers were present, while being random if this

was not the case. While this kind of test could have been performed on one specific

letter, we could gain additional statistical significance if several different letters (e.qg.,

alep, he waw, etc.) were prgent in the compared documents.

Subsequently, several independent experiments were conducted (one for each
letter), and their P values were combined via the-wedlt abl i shed Fi sher 6
(Fisher1925. The combination represented the probability tHatvas true based on

all theavailable experimentalata

8.4 Algorithmic Apparatus

The main goal of the current research was to estimate the minimal number of
authors involved in the scripting of the Arad corpus. In order to deal with this issue, we
had to differentiatebetween authors of different inscriptions. Although relevant
algorithms have been proposed in the paste offered a systematic technique for
establishing a minimal number of authors within the given corpus. In addit®pobr
state of preservation @he Arad First Temple period ostratche conciseness of the

inscriptions,and the high variance of their cursive texts of mundane nature, presented
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difficulties that none of the available methods could overcome (se.EigTherefore,

novel image proessing and machine learning tools had to be developed.

.B

Figure 8.2 Ostraca from Arad (Aharoni 198INo. 5 (A), No. 24 (B) and No. 40 (C).
The poor state of preservation, including stains, erased charauateblurred text, is
evident

The input for our systeris the digital images of the inscriptions. The algorithm
involves two preparatory stages, leading to a third step that estimates the probability
that two given inscriptions were written by the samthau All the stages are fully
automatic, with the exception of the first, sesmtomatic, preparatory step. The basic

steps of the algorithm are:

A. Restoring charactersvia approximation of their composing strokes, represented
as a splinébased structure, and estimated by an optimization procedure (for further
details se&ober and Levi2017).

B. Feature Extraction and Distance Calculation creation of feature vectors
desc i bing the <charactersd various aspects
character profiles); calculating the distance (similatigfween characters

C. Testing the hypothesis thattwo given inscriptions were written by the same
author. Upon obtaining a stable Rvalue (the significance level of the test, denoted
as P), we reject the hypothesis of single authorand accept the competing

proposition oftwo different authorsotherwise we remain undecided.
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As already stated, step A. is implemented via tblertigjue elaborated ifspber

and Levin 207). Below, wepresent am-depthdesription of stages B and C.

Feature Extraction and Distance Calculation

Commonly, automatic comparison of characters relies upon features extracted
from t he c h amages. tné¢his stddy, tve adaptedyseveral well established
features from the domains of Computer Vision and Document Analysis. These features
refer to aspects such as the characteroés o
char act er 0 sy, asevell tisaits horzdntalgamdavertical projections. Some of
these features correspond to characteristics commonly employed in traditional

paleographyRollston1999.

The feature extraction process includes
standadization. The steps involve rotating the characters according to their line

inclination, resizing them according to a{oefined scale, and fitting the results into a
padded (at least 10% on each side) square ofesizey, (with L =1,..., 22 the index

of the alphabet letter under consideration). On average, the resized characters were 300

by 300 pixels.

Subsequently, the proximity of two characters can be measured using each of
the extracted features, representing variaspects of the characters. For each feature,

adifferentdistance function is defined (to be combined at a later stage).

Table8.1 provides a list of the features and distances we employ, along with a
description of their implementation details. Some of the adjustments (e.g., replacement
of the L, norm with the L norm) were required due to the large amount of noise present

in our ma&lium.
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After the features are extracted, and the distances between the features are
measured, there arises a challenge of combining the various distances. Several
combination techniques (e.gAdaBoost Freund andSchapire1997 and Bag of
FeaturesSivic and Zissermar2003 were considered. Unfortunately, boostmajated
methods are unsuitable due to the lack of training statistics, while the Bag of Features
performed poorly in preliminary experiments using a modern handwritten character
dataset (see delsiregarding this dataset below). Hence, we developed a different

approach for combining the distances.
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Table 8.1 Features andistances used in our algorithm.

Feature Featureimplementation Distance implementation details
(reference) | details
SIFT For each charactey, we use | The distance betweeh®™" and f > is determined as
(Lowe 2004 the normalized SIFT descripton ¢oyi\ys:
1 128 . — -
d; I R™ (with Hdi Hz =1)and | 1. For each key poirk' f°", find a matching key
the spatial locatork | [L,a ]* | point m‘i £57 s t.m? = argmin dist(K , K ); where
for at most 40 significant key (df"f)" B
. a7 . .. 2
pointsk =(d,T), according td dist(Kk, ¢)=arccod( ¢ o)) [ . Thus, our
the original SIFT | definition augments the original SIFT distance by addir]
implementation. The resulting | spatial information.
feat . f SFT _{k|}40 : : ‘AL2 — : ; M
eature isaset = =Kj,,. | 2. The onesided distance i®_ " = meidlar{ dist K ‘)}.
12 + 21
3. The final distance i®g(1,2)= —= 5 L
Zernike | An off-the-shelf (Tahmasbi D,.mie is theL: distance between the Zernike feature
(Tahmasbkt | 2014 implementation was useq vectors
al. 2012 Zernike moments up to thé's :
order were calculated.
DCT MATLAB (R2009a) default Dycr is theL; distance between the DCT feature vecto
implementation was used.
Kd-tree An off-the-shelf Armon 2012

(Sextonet al.
2000

implementation was used. Both
orders of partitioning are
employed (first height, then
width and viceversa)

Dyq. ree iS theL: distance between the Kcke feature
vectors.

Image The implementation results in D,,istheLidi st ance between t
projections | cumulative distribution vecti)rS' this is similar to the Crariigon Mises criterion
(Trier etal. | functions of the histogram on (which t’Jse 4., distance)

1996 both axes. 2 '

L1 Existing character binarizations D | is theL; distance between the character images.
CMI Existing character binarizationg The CMI computes a difference between the averages

with values in{0, 1} .

the foreground and the background pixels/ of marked
by a binary masitM , CMI (M,/)=m - g, where:

m=meaf/( py M ph=k kol

In our case, given characteinarizationsB, B, , the one
sided distance i®>* =1 -CMI(B,,B,).

D%, +D

The final distace isD,, (1, 2)= >

Our main idea was to consider the distances of a given charactealfrim

other characterswith respect taall of the featuresunder consideration. l.e., two
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characters closely resembling each other, ought to have similar distances from all other
characters. Namely, they will both have small distances from similar characters, and
large distances from dissimilar characters. This observation leads to a no@on of

generalized feature vectédefined here for the first time).

The generalized feature vector is defined by the following procedure (for each

letter L =1,...,22 in the alphabet). First, we definedestance matriXor each feature.

For exanple, the SIFT distance matrix is:

a Dgier (1' 1) DSIFT( 1J L) 5 a- Ué”:T - (8.1)
_e . . . Oee )
Ugier = o) : " : 5ze : '
@sm (b1 - Dger(33) 988 Wer -

where J, represents the total number of charact@gFT(L j) is the SIFT distance
between characteisand j; while Uggr = (Dgpr (i,2)-+ Dy (i,d,)) is the vector of
SIFT distances between the charactard all the others.

In addition, we denote the standard deviation of the elements of the bhgirix
by Sqer =std{ Dy (i ) 1(i§) 1.9 } &....,d}}. Matrices of allthe other
features U semie:Uper » @and so forth) and their respective standard deviations, .,

Spcr, €tc.) are calculated in a similar fashion.

Therefore, ach charactek is represented by the following vector (of sVz@]L

), concatenating the respective normalized row vectors of the distance matrices:

(8.2)

SIFT ” Zernlke|| DCT || Ke| tree || PrOJ ”fu ”ﬂcrw ngL
§SIFT =

‘%ermke I§3T K‘§ tre Pro[S L1

In this fashion, eacbharacter is described by the degree of its kinship to all of

the characters, using all the various features.
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Finally, the distance between characteesd j is calculated according to the

Euclidean distare between their generalized feature vectors:
chardist(i, )=y |- (8.3)

The main purpose of this distance is to serve as a basis for clustering at the next

stage of the analysis.

Hypothesis Testing
At this stage we addresstkeyq u e st i o n rVdhatssehd prababitity e : i

that two given texts were written by the same a®ttior Co mmon |l y , similar
are addressed by posing aternativenull hypothesisH, and attempting to reject it.

In our case, for each pair of ostraca, tg is: both texts were written by the same

author. This is performed by conducting an experiment (detailed below) and calculating

the probability (Pi [0,]]) of affirmative answer toH,. If this event is unlikely (

P ¢0.2), we conclude that the documents were written by two different individuals

(i.e., rejectH,). On the other hand, if the occurrencehtf is probable P >0.2), we

remain agnostic. We reiterate that in the latter case we cannot conclude that the two

texts were in fact written by a single author.

The experiment, which is designed to tBst, is comprised of several sidbeps

(illustrated in Fig8.3):

1. Initialization : We begin with two sets of characters of the same letter type (e.g.,

alep), denotedA andB, originating from two different texts (Fig.3A).
2. Character clustering: The union AC B is a new, unlabeled set (Fi§.3B). This

set is clugered into two classes, labelddand Il , using a brutdorce (and not
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heuristic) implementation of-kneans (k=2). The clustering utilizes the generalized
feature vectors of the characters, and the distaheedist defined above (Fig.
8.3C).

3. Cluster labels consistencylf |I|>]ll |, their labels are swapped.

4. Similarity to cluster |: For each of the two original se®s,andB, the maximal

proportion of their elementsinclass( t hei r fisi m)iddefinedsy © t o «c |

g|AZI B A| (8.4)
|

MP =maxj —— ——— 1.
i B i

5. Counting valid combinations We consider all the possible divisions AC B
into two classes and i, s.t. [i|=|I|. The number of such valid combinations is

denoted byNC.

6. Significance level calculation The Rvalue is calculated as:

{iIMR 2 MR} (8.5)
NC '

l.e., P is the proportion of valid combinations with at least the same cdnsemal

MP. This is analogous to integrating over a tail of a probability density function.

The rationale behind this calculation is based on the scenatieocduthors

(negation ofH,). In such a case, we expect thenkans clustering to provide a sound

separation of their characters (F&3D), i.e., | and Il would closely resembléA

and B (or B and A). This would result inMP, being close to 1. Furthermore, the
proportion of valid combinations witMP 2 MP will be meager, resulting in a low

P . In such a case, thd, hypothesis would be justifiably rejected.
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Figure 8.3 Artificial illustration of H, rejection experiment (containing ordjepletters):

(A) two compared documents; (B) unifying their sets of chiarar(C) automatic clustering;
(D) the clustering results vs. the original documents.

In the opposite scenario osangle author

1 If a sufficient number of characters is present, there is an arbitrary low probability

of receiving clustering results resemblify and B . In a common case, thdP,

will be low, which will resllt in high P .
1 Alternatively, if the number of characters is low, the clustering may result in a high

MP by chance. However, in this cabéC would be low, and thd® will remain

high.

Either way, in this scenario, we will not be able to rejectthehypothesis.

Notes:

1 We assume that each given text was written by a single author. If multiptesut
wrote the text, bottH, and its negation should be altered. We do not cover such a

case.
1 In substep 3, the swapping is performed for regularization purposes, since the

measurement on stdtep 4 is not symmetric. Sidbep 3 verifies thdtis a minority
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class, and thus the value MP =1 is achieved only if the clusterimgsembles the

original setsA and B .

T Incases wherfi| =|Il | (substep 3), the results of sisbeps 46 can be affected by

swapping the classes. To avoid such infrequent inconsisten@eperfiorm the
calculations for both alternatives, and choose the Id#er

1 Note that in any case, the definition Bfin substep 6 results il >0,

1 Not every text provides a sufficient amount of characters for every type of letter in
the alphabet. In our case, we do not perform comparisons folsetsd B such

that:|[A=1&|B ® or |B|=1&|A ® or [A=2&|B 2.

As specified, sulsteps 16 are applied to one specific letter of the alphabet (e.g.,
alep), present (in sufficient quantities) in the pair of texts under comparison. However,
we can often gain additiohstatistical significance if several different letters (eatgp,
he waw, etc.) are present in the compared documents. In such circumstances, several
independent experiments are conducted (one for each letter), resulting in corresponding
P6 s . We e tbeodifferentnvalues into a singke via the wellestablished Fisher

method Fisher1925 in case no comparison can be conducted for any letter in the
alphabet, we assigp=1). Given pvaluesp, (i =1,...k ) stemming fromk independent

experiments, the method allows one to eatena combined-palue, reflecting the

entire wealth of evidence at our disposal. The technique utilizes the fact that

k
Cgk ~ 28 In( pi), i.e. the sum produces a @tjuared distribution witl2k degrees
i=1

of freedom. This al ws f or a <cal cul ati on oValuea si ngl e
Intuitively, if several experiments produce lowvalues (e.g. 0.1, 0.15 and 0.2), the

probability for such an occurrence, by chance, is very small, and the combiakep
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will also be low (posibly even lower than the originabhyalues; 0.071 for the last
example).The combined resulepresents the probability thét, is true based on all

theacquired experimentalata

The end produadf our algorithmis a table containing thié for a comparison
of each pair of ostraca. Prior to implementing our methodology on the Arad corpus, it

was thoroughly tested on modern Hebrew handwritings and found solid.

8.5 Results

Our experiments were conducted on two ladgeéasets. The first is a set of
samples collected from contemporary writers of Modern Hebiodérn Hebrew
2016. This dataset allowed us to test the soundness of our algorithm. It was not used
for parametetuning purposes, however, as the algorithm keggt as parametdree
as possible. The second dataset contained information from various Arad Ancient
Hebrew ostraca, dated to ca. 600 BCE, described in ddtaile (Ancient Hebrew
2016. Following are the specifications and the results of our expetinfen both

datasets.

Modern Hebrew experiment

The handwritings of 18 individuals=1,...,1¢ were sampled. Each individual
filled in a Modern Hebrew alphabet table consisting of ten occurrences of each letter,
out of the 22 letters in the alphabet (the number of letters and their names are the same
as in Ancient Hebrew; see Figj4 for a table gample). These tables were scanned and
their characters were segmented. For a completesdataf the characters, see the

supplementary Modern Hebrew characters dataset.
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Figure 8.4 An example of a Moderhlebrew alphabet table,
produced by a single writer (with 10 samples of each letter).
From this raw data, a series of HAsi mul at

need to test both samiter and differendwriter scenarios, the data for each writeswa
split. Furthermore, in order to imitate a common situation in the Arad corpus, where the
scarcity of data is prevalent (s@able 8.3), each simulated inscription used only 3
letters (i.e., 15 characters; 5 characters for each letter). In total, 25ptioss were

Asi mulatedo in the foll owing manner:

All the letters of the alphabet except fard (as it is too small to be considered
by some of the features), were split randomly intaqugs (3 letters in each group)
g =1,...,7: gimel het resh bet samekshin dalet zayin ayin; tet, lamed mem nun,

sade taw; he pe qop alep, waw, kap.
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For each writeri, and each letter belonging to gro@p, 5 characters were

assigned into simuled inscriptionS ; ;, with the rest assigned 8§ , , .

In this fashion, for constanandg, we can test if our algorithm arrives at wrong
rejection ofH, for §,, andS,,( FP = fAFal se Positiveo error,;
producing 126 tests in total). Additionally, for constamt 1¢i . j 18, and

b,ci {1,2}, we can test if our algithm fails to correctly reject, for §,, andS, ;.

(FN = fAFal se %E%Zg(mzxﬁz\/@&teasrinrtomab.;

The results of the Modern Hebrew experiment are summariZeahie8.2 It
can be seen that in modern context, the algorithm yields reliable results in ~98% of the
cases (about 2% of both FP and FN errors). These results signify the soundness of our
algorithmic sequence. The successful and significant results diidtiern Hebrew

dat aset paved the way for the algorithmds

corpus.
Table 8.2 Results of the Modern Hebrew experiment
Group of letters False False False Positive False
(corresponding Positive Negative % Negative %
to (FP out of all| (FN out of all| (FP out of all | (FN out of all
g-index of samewriter different samewriter different

simulated comparisons) writer comparisons) writer
inscriptions) comparisons) comparisong
gimel, het, resh 0/18 8/612 0% 1.31%
bet, samek, shin 1/18 5/612 5. %6 0.82%
dalet, zayin, ayin 1/18 18612 5. %6 2.94%
tet, lamed, mem 0/18 2 4612 0% 3.59%
nun, sade, taw 0/18 3/612 0% 0.49%
he, pe, qop 0/18 14612 0% 2.61%
alep, waw, kap 1/18 11612 5. %6 1.80%
Total 3/126 8 34284 2.%8 1.94%
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Arad Ancient Hebrew experiment

As specifiedabove the core experiment addresses ostraca from the Arad
fortress, located on the southern frontier of the kingdodudih. These inscriptions
belong to a short time span of a few years, ca. 600 BCE, and are comprised of army

correspondence and documentation.

The texts under examination are sixteen Ostraca 1, 2, 3, 5, 7, 8, 16, 17, 18, 21,
24, 31, 38, 39, 40 and 1IMhese inscriptionsire relatively legible and have a sufficient
number of characters for investigatidtoreover,Ostraca 17 and 39 contain writing on
both sides of the potshard, and were treated as separate texts (17a and 17b; 39a and
39b), resulting in eigieen texts under examination. As stated in the algorithm
description, we assume that each text was written by a single adthmncise

summaryof the content of the texts can be saemable8.4.

The seven letters we utilized weedep, he, waw, yod, lamed, skindtaw, as
they were the most prominent and simple to restore. In the abovementioned ostraca, out
of the 670 deciphered characters of these types in the original publicAkiarofi
1981), 501 legible characters were restored, based upon computerized images of the
inscriptions. These images were obtained by scanning the negatives taken by the Arad
expedition (courtesy of the Israel Antiquities Authority and the Institute of Archaeology
of Tel Aviv University). After performing a manual quality assurance procedure
(verifying the adherence of the restored characters to the original image), 427 restored
characters remained. The resulting |l etters
Talde 8.3. For a complete datset of the characters, see the supplementary Arad
Ancient Hebrew characters dataset. In addition, a comparison between several

specimens of the lettéamedis provided in Fig8.5.
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Table 8.3 Letter statisticsor each text under comparison.

Alphabet letters
Text | Alep He Waw | Yod |Lamed| Shin | Taw

1 4 5 3 7 3 3 8
2 6 3 3 5 3 1 7
3 2 4 5 4 4 3 3
5 5 3 1 3 4 2 4
7 1 2 1 4 6 8 5
8 2 1 2 1 4 4 2
16 6 3 9 5 10 3 2

17a 2 4 2 2 2 1 2

17b 1 2 1 1 2
18 2 4 4 5 6 6 3
21 5 4 6 6 12 5 2
24 9 10 5 8 4 4 7
31 3 7 6 4 1 1

38 1 1 2 2 2 1

39a 3 3 3 5 2 1 1

39b 3 1 1 4 1

40 4 5 3 4 3 2

111 4 3 3 3 1 3 2

Figure 8.5 Comparison between several specimens of the latteed stemming from:
Arad 1 (A,B); Arad 7 (C,D) and Arad 18 (EF). Note that our algorithm cannot distinguish
between the author of Arad 1 and the author of Arad heoatithors of Arad 1 and Arad 18.
On the other hand, Arad 7 and Arad 18 were probably written by different auPa915

for the lettedamedandP=0.004 for the whole inscription, combining information from

different letters).

We reiterate that our abgithm requires a minimal number of characters in order
to compare a pair of texts. For example, when we compared Ostraca 31 and 38, the
letters in use werbe (7:1 characters)vaw (6:2 characters) angbd (4:2 characters).
The three independent testspestively yieldedP =0.125, P =0.25and P =1. Their
combination through Fisheros Pm@32hootl result
passing the prestablished threshold. Therefore, in this case, we remain agnostic with

respect to the question of common authorship. On the other hand, the comparison of
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texts 1 and 24 used all possible letteakep, he waw, yod lamed shin and taw;
resulting in P's of 0.559, 0.00366, 0.375, 0.119, 0.0286, 0.429 and 0.0769,
respectively. The combined result wBs= 0.003, passing the threshold of Q&gain,

this threshold was establishedin advanceby our ®llaborating archaeologigts
Therefore, in the latter case, we reject bthehypothesis and conclude that these texts

were written by two different individuals.

The complete comparison results are summarizetalvle 8.4. The ostraa
numbers head the rows and columns of the table, with the intersection cells providing
the compaThdcsllewih0. 2 are marked in red,
ostraca are considered to be written by different authors. We reiterate the@»h2n

we cannot claim that they were written by a single author.

We can observe sixpavi se di stinct AgqAuag2danpl et s o
40; 1) 5, 173 24 and40; IIl) 7, 18, 24 and40; IV) 5, 18, 24 and40; V) 7, 18, 24 and
31; VI) 5, 18, 24and31. The existence of no less than six such combinations indicates
the high probability that the corpus indeed contains at least four different atitbars.
be claimed that the results do not take into account the multiple comparisons taking
place,necessitating an application of methods suclB@sferroni correctionDunn
1961) or FDR Benjaminiand Hochberg1995. However, avionte-Carlo simulation
demonstratethat given a random undirected graph of digevith an edge probability
of 0.2, the prolability for having at leass different cliques with at leagtmemberss

approximately0.00021 Hence the high statistl significance of our results.
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Table 8.4 Comparison

between different Aradtraca

Ostraca Content 1 2 3 5 7 8 | 16 | 17a| 17b| 18 | 21 | 24 | 31 | 38

q | Order to Eliashib, supply of 064 050| 0.91| 0.30| 0.64| 0.51| 0.98| 0.78| 0.53| 0.24 JXe MBI
provisions for the Kittiyim

B Order to Eliashib, supply of 0.64 1.00| 1.00| 0.72| 1.00| 0.39| 0.85| 0.78| 0.31| 0.75
provisions for the Kittiyim
Order to Eliashib mentioning

3 |Hananyahu, concerning 0.50| 1.00 0.77| 0.27| 0.94 | 0.72 oKL
provisions to Beer Sheba
Order to Eliashib, supply of

5 | provisions, probably for the 0.91| 1.00 0.40 0.46 [MKPARNoiE
Kittiyim

g Order to Eliashib, supply of 030 0.72 N 0.53 0.48 PR 0.05| 0.07
provisions for the Kittiyim

B Order to Eliashib, supply of 0.64| 1.00| 0.55| 0.60 [YeE! 0.68 [Nl 1.00 KA 0.33| 0.74| 0.42
provisions for the Kittiyim

16 Letter to Eliashib from 0.51| 0.39| 0.36 | 0.60 1.00 0.80 0.13‘ 0.38| 0.38 0.72
Hananyahu
Order to Nahum to proceed to

17a | the house of Eliashib in order to | 0.98| 0.85| 1.00 [MeKENMEYARA 0.33 1.00| 0.92| 0.36 Mokl 0.41| 1.00| 0.68| 1.00 [MONAl 0.68
collect provisions

17p | Note that Nahum provided 0.78| 0.78| 0.77| 0.40| 0.48| 1.00| 1.00| 1.00 0.40| 0.47| 1.00| 1.00| 0.33 Y 0.40
provisions to the Kittiyim
Report to Eliashib from a

18 | subordinate fulfilling an order; 0.27 [OKerANOXoZ IR VARNEN 0.92 | 1.00 NP AMPIN 0.32 | 0.94 | 0.86 [MN/N 0.73
mention of the Temple

Bl Letter to Gedalyahu from a 0.94| 0.46| 0.43| 0.33| 0.80| 0.36| 0.35 0.35 X0 0.23| 0.71| 0.21| 0.31| 0.90
subordinate, Yehokal
A royal decree ordering the

24 | reinforcement of Ramat Negeb (W#R 0.12| 0.05 oy 0.13 0.13 ONeY 0.73 | 0.38 olelep 0.92
against Edom

31 | List of names 0.10| 0.06 0.16 0.01‘ 0.01‘ ORCROEEN 0.35| 0.57

[ st of names (inc. the son of 0.27| 0.38| 0.61| 0.40| 0.27 e 0.33 0.77| 0.33| 0.70| 0.77
Eliashib)

39a | List of names 0.73 A 0.75

39b | List of names 0.38 [oKkE 0.33 0.42
Gemaryahu & Nehemyahu

40 |report to Malkiyahu mentioning 0.72 (OKo”8 0.31 eMed 0.35| 0.70 MONZN 0.42 0.67
Edom and the king of Judah

111 | Fragmentary, mentioning guard 0.68| 0.68| 0.40| 0.73| 0.90| 0.92| 0.57| 0.77| 0.75| 0.42| 0.67

and horses

Moreover,contextual considerations can ratlse numberof distinct writersup

to at least six. Among these, the different authors of the prosaic lists of names in Ostraca

31 and39' were most likely located at the tiny fort of Aiads opposed to OstraZa

! Contrary to the excavator's association of Ostraca 31 and 39 with Stratushdhogi 1981 also
Herzog 2002 rather than VI where most of the examined ostraca were found, we agreeritiéth
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18, 24, and40, which were probably dispatched from otlwarationg. As per the table,
Ostracon 31 differs frorhothsides of Ostracon 39; we can thus conjecture an existence
of two additional authors, totalirgg least six distinct writersSince a presence of two
professional scribes in such a tiny fort isplausible, thigmpliesthe compositiorof
Ostraca 31 and 3%y authors who were not professional scribes. For the full

implications of our results, séelow.

8.6 Discussion

Identifying the military ranks of the authors can provide information regarding
the spread of literacy within the Judahite army. Our proposed reconstruction of the
hierarchical relations between the signees and the addressees of the examined

inscriptions is as follows(see Fig8.6):

(Mazar and Netzer 1986; Ussishkin1988 that these strata are in fact one and the same. Note that
Ostracon 31 was found in locus 779, alongside three seals of Eliashib (the addressee of-O8taach 1

18, from Strata VI).

2 Ostraca 5, 7, 17a, lahd 24 were most probably written in other locatiokisafoni 198). Ostracon

40 may have been written by troop commanders Gemaryahu and Nehemyahu (see the following note)
with some ties to Arad fortress; their names also appear at Ostracon 31. This teedeommon
authorship of Ostraca 31 and 40 unlikely. Furthermore, from Ba#ll©straca 40 and 39a have different
authors.

3 We conjecture that the status of the officers who commanded the supplieKiiiyive (the Greek or

Cypriot mercenary unit)who wrote Ostraca-8 and 17a, was similar to that of Malkiyahu (the

commander of the fortress at Arad), and in any cac¢
Gemaryahu and Nehemyahu (Ostracon 40) athoeof Mal ki yahtu
Ostracon 16, also mentioned in ostracon 3), is prob

content of the ostraca also suggests differentiation between combatant and {ogestitesi officials
(Fig. 8.6).
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The king of Judah
(mentioned in Ostracon 24 as
dictating the overall strategy)

Combatant Unnamed Judahite military commander
(writer of Ostracon 24)

Logistics

Malkiyahu, commander of the Arad fortress Kittiyim officers
(probably mentioned in Ostracon 24; (authors of Ostraca
recipient of Ostracon 40) 1,2,5,7,8, 17a)

Eliashib, in charge of the Arad warehouse
(recipient of Ostraca 1-16,18;
author of Ostracon 31)

Gemaryahu and Nehemyahu
(authors of Ostracon 40)

Subordinate of Eliashib
(author of Ostracon 18)

Figure 8.6 Reconstruction of the hierarchical relations between authors and recipients in the
examined Arad inscriptions; also indicated is the differentiation between combatant and
logistics officials.

1. The King of Judah: mentioned inOstracon 24 as dictating the overall military
strategy

2. An unnamed military commander: the author of Ostracon 24

3. Malkiyahu, the commander of the Arad fortress mentioned in Ostracon 24 and
the recipient of Ostracon 40

4. Eliashib, the quartermaster of the Arad fortress: the addressee of Ostracd @
and 18; mentioned in Ostracon 17a; the writer of Ostracon 31

5. EI i ashi b6 s:adkledsingrElilashib as"ray lord" in Ostracon 18

Following this reconstruction, it is reasonable to deduce the proliferation of

literacy among the Judahite army ranks ca. 600 BCE. A contending claim that the

“Contrarytotheexcavatod6 s dating of Ostracon 40 AharonBl®8lat um VI I |
alsoUssishkin1988, it should probably be placed a century later, along with Ostracon 2M @gdea ma n

2003for details). Note that a conflict between the vassal kingdorigd#h and Edom, seemingly hinted

at in this inscription, is unlikely under the strong rule of the Assyrian empire in the region (8030

BCE), especially along the vitally important Arabian trade routes
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ostraca were written by professional scribes can be dismissed with two arguments: First,
the existence of two distinct writers in the tiny fortress of Arad (authors of O&taca

and 39); second, the textual content of the inscriptions: Ostracon 1 orders the recipient

( El i awriteithe hamé of the day; Ostr aconand writedatrheficaen d s i
yowé and i n Ostr acAharoniAIBIN a beackbOadsthteauthar t i on s
mentions that he had written the letter. Thus, rather than implying the existence of
scribes accompanying every Judahite official, the written evidence suggests a high

degree of literacy in the entire Judahite chain of command.

The dissemination a#riting within the Judahite army around 600 BCE is also
confirmed by the existence of other militemglated corpora of ostraca,orvatdJza
(Beit-Arieh 2007 and TelMalvata(Beit-Arieh and Freud 2015n the vicinity of Arad,
and at Lachishin the Siephelah (summary idvituv 2009 i all located on the borders
of Judah (Fig8.1). We assume that in all these locations the situation was similar to
Arad, with even the most mundane orders written down occasionally. In other words,
the entire army appatss, from highranking officials to humble vieguartermasters of
small, far from the center desert outposts, was literate, in the sense of the ability to

communicate in writing.

In order to support this bureaucratic apparatus, an appropriate educational
system must have existed in Judah at the end of the First Temple penoaie1981;
Rollston1999, 2006, 2010 Additional evidence supporting writing awareness by the

lowest echelons of society seems to come from th@Melashavyahu ostracddgveh

5In fact, Lachish Ostracon 3, also containinijtary correspondence, represents the most unambiguous
evidence of a writing officer. The author seems offended by a suggestion that he is assisted by a scribe.
See detail, including discussion regarding the literacy of army personnel in (2).
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1960) 1 which contains a complaint by a corvée worker against one of his overseers

(most scholars agree that it was composed with the aid of a scribe).

Extrapolating the minimum of six authors in 16 Arad ostraca to the entire Arad
corpus, to the whole militgrsystem in the southern Judabhite frontier, to military posts
in other sectors of the kingdom, to central administration towns such as Lachish, and to
the capital Jerusalem, a significant number of literate individuals can be assumed to

have lived in Judaba. 600 BCE.

The spread of literacy in latmonarchic Judah provides a possible stsgting
for the compilation of literary works. True, biblical texts could have been written by a
few and kept in seclusion in the Jerusalem Temple, and the illiterptéape could
have been informed about them in public readings and verbal messages by these few
(e.g0., 2 Kings 23:2, referring to the period discussed here). However, widespread
literacy offers a better background for the composition of ambitious worksasutie
Book of Deuteronomy and the history of Ancient Israel in the Books of JaeH(iags
(known as the Deuteronomistic History), which formed the platform for Judahite
ideology and theology (e.gN a 6 a aba@2n Ideally, in order to deduce from litena
on the composition of literary (to differ from mundane) texts, we should have conducted
comparative research on the centuries after the destruction of Jerusalem, a period when
other biblical texts were written in both Jerusalem and Babylonia accoalowgrent
textual research (e.goschmid2012;Albertz2003. Yet, in the Babylonian, Persian, and
early Hellenistic periods, Jerusalem and the southern highlands show almost no
evidence in the form of Hebrew inscriptions. In fact, not a single seedagly Hebrew

inscription has been found in this territory for the period between 586 and ca. 350 BCE

5 A few coins with Hebrew characters do appear between ca. 350 and 200 BCE.

151



I not an ostracon, nor a seal, nor a seal impression nor a bulla (the little that we know
of this period is in Aramaic, the script of the neyphesent Peian empire see
LipschitsandVanderhooft2011). This should come as no surprise, as the destruction
of Judah brought about the collapse of the kingdom's bureaucracy and deportation of
many of the literati. Still, for the centuries between ca. 600 andBZH) the tension
between current biblical exegesis (arguing for massive composition of texts) and the

negative archaeological evidence remains unresolved.
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9. Writers 6 Identification via Binary Pixel Patterns and
Kolmogorov-Smirnov Test

9.1 Introduction

In this researchwe advance the ideastbie previousectionto the next level.
The writer identificationanalysis is performed independently, not only on a level of a
single letter, but also on the level cdiagle feature, unleashing the full statistical power
of multiple experiments. The main changes are: an entirely different, and much larger
set of features (using 512 different binary pixel patterns instead of a combination of 7
features); a twsstep expemental process, working on both individual feature (by
comparing the feature distributions via Kolmogo®mirnov test), as well as
individual letter level in order to deducethem | ues, | ater to be comb
method (potentially, thousandsf experiments, equaling the number of letters
multiplied by the number of features, are conducted!); and an improvement in the
significance level of the results by lowering theglue threshold. All these allow us to
establish a robust platform for analyg corpora of many inscriptions, with an
unknown number of authors, while arriving at meaningful and statigtibaghly

significant outcomes. This approach was first suggested in (Shaus and Turka&l 2017

A schematic comparison of the various handwgtianalysis schemes is

presented in Fig9.1.
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Figure 9.1 A comparison of handwriting analysis schemest: common frameworks,
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validity. In such a case we remain agnostic, not being able to say anything regarding

the documsent sé aut hor

The estimation of the -palue involves an activation of the Kolmogorov
Smirnov (KS) test, a classical nonparametric test, allowing for a comparison of two

samples, not necessarily of the same grderandForeman2014. The main idea

of KS is a comprison oftheempiricaldistribution functions, and F, (produced from

the two samples), in order to calculate the observed staﬂ]stisudFl x) -F, (x}. The

p-value of this statistic, under the hypesis that the two samples stem from the same
distribution, can be either calculated directly (via permutations) or approximated (our
research utilizes th8ciPy 200li mp | ement ati on) . For exampl e,
are large enough, and all the valuathin the first sample are smaller than the values

of the second sample, thevplue should be low. A previous usage of Kolmogerov

Smirnov test in a signature verification setting can be se@driachisch et al. 2034

Another weltestablished technigu used by the algorithm i
for p-values combination@~isher1925 see similar utilization in Sectid8). It allows
for a calcul ation of avalusg ireprgsenting allotheb i ne d (
experimental evidence at our disposdébwever, in the currersection the pvalues of
multiple expeiments (stemming from different characters and features) are not
necessarily independeiitas assumed by, bl are bxpectédsto hmet hod)

positively <corr elcaotnefd.d eTnh uws ,i nwetbhree cfioonvbeirn e c

H,. A widespreademedy to this problem is to demand more significant results, by

substituting T with T@k #/2k (K is the number of experiments)a common

modification representing a mean of false discovery rd@esjaminiand Hochberg
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1995. In our case, this demand can be satisfied simply by lowering the threshold p

valueT from 0.2 (as irSection8) to 0.1 or even 0.05.

Prior Assumptions

We begin with two images of different inscriptions, denated and J. The
algorithm operates based on information derived at a character level. Herein, by a
character we denote a particular instance of a given letter (e.g. there may be many

characters, which are all instances of a letlep). As remarked above, we assuthat

the inscriptionsdé characters | gir=¢..Minarized
representing the instances of the letterithin | ); and J'h (Ji =L...N,, representing

the instances of the same lettavithin J), belonging to appropriate lettefis=1,....L

). In the current research, the binarization and segmentation was performed
automatically for Modern Hebrew, and in semanual fashion for Ancient Hebrew
document¢SoberandLevin2d). The resulting characters?o

a Lpixel white order on each side.
Histogram Creation for each Character

Our features are the 3x3 binary pixel patterns, i.e. image patches of the
individual characterd~or additional information on pixel patterns, see the examples in
(Akiyamaet al. 1998Ratnakarl9998; such patterns are a close, though less popular
firelatives ©of thelocal binary patterngsee Ojala et al. 199&honenet al. 2006; and
notably Nicolaou et al. 2014 inOptical Font Recognitiosetting) There are 2512

optional patches dhe requestedize. All such possible patches are extracted from the

imagesl, and J;, in order to create normalized
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frequencies of p &t (p)h and &; (pd, crespectivedy nfitre s ) |
p=1,...,512).

A simple, yet illustrative, example of two sua@hages and their respective
histograms is seen in Tab®&l Remarkably, despite a similar overall shape of the

character and only two pixéglifference in the character images, 16 out of 19

meaningful histogram entities are different.

Table 9.1 Example of character histograms

Q‘?Charactersé i mages, patdh
S

A £

iR 1 0.083 1 0.083
Ji 1 0.083 0 0
I 0 0 1 0.083
L 1 0.083 0 0
] 2 0.167 2 0.167
EER 0 0 1 0.083
i 1 0.083 0 0
[E= 1 0.083 0 0
JiE 1 0.083 0 0
H 0 0 1 0.083
IE.: 0 0 1 0.083
I 0 0 1 0.083
I"== 1 0.083 0 0
P 1 0.083 0 0
= 1 0.083 0 0
Bl 0 0 1 0.083
FH 0 0 1 0.083
a= 1 0.083 1 0.083
== 0 0 1 0.083

a. Only the meaningful histogram entries are provided. In both cases, the remaining
entries contain zeros. had 1 discrepancies between the two histograms.
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We stressthat the histograms only serve normalization purposes. In the
following, the histogramshemselves wilhot be compared. Instead, the comparison

will take place on an individual feature (patch) level, across different characters.

Same Writer Statistics Derivation
The experiments are performed in the fol

imagesi1 andJ with | | J:
1. An empty PVALSarray, to be utilized on a later stage,initialized.
2. For each letterl =1,...L, with sufficient character instances preseM, ¢ 0,

N, >0, M, +N, 24; we verify there is enough statistics for a meaningful

comparisonslightly lowering the requirements 8ection8):

2.1.For each patchp=1,...,51zZ, with at least one nonzero term present in the

histogram (i.e.$i,H; (p) % OR $j G, (p) >0), perform a Kolmogorov

Smimov (KS) nonparametric test between the two sam{oieIIS( p)}_M' and

=1

N _ M N
{GL ( p)} ji=1 pvallp B KS({ H, ( p}i‘ :1’{ q ( p}jl :1) )
2.2.Append the resultingpval'p to the PVALSarray.

3. If the PVALS array is empty (i.e. no experiments were performed due to the
scarcity of data), OR it =J , set: SameWriterP | J= SameWrite(P, J) 14.
4. Otherwise utilize the Fisher combination of all tR&/ALS instances, and set:
SameWriterP | J= SameWritefP, J) 1= FisherMett{od AR\)
SameWriterP | J represents the deduced probability of having the same writer

in both | andJ (the H, hypothesis).
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A toy-problem illustration of the whole scheme is shown in Big. In this
demonstration, twalep and fourbet letters are segmented from the first document,
while threealepand twobetletters are segmented from the second document. As a first
step, @tches histograms are extracted from the two documents. For illustration
purposes, it is assumed that in both cases, only the first two patches yieldermon
count. Since two types of relevant features and two different letters are involved, 2x2=4
KolmogorowSmirnov tests are performed, yielding fouvgdues. These are combined
intoasinglepr al ue via Fisherod6s met hod.

inscrption

LI GOKSAO KAMAGHE NJOGs 004 003 004 005
2 018 021 010 009 011 015

inscription I

LI 6OKSaQ KArAad23anef vyg05 006 010 = 009
2 0.07 0.05 0.19 0.14 0.20

Valid comparisons | Inscription Ipatches | Inscription lIpatches KS test pvalue

Letter=alep,patch=1 0.02,0.01 0.03, 0.05, 0.06 0.063
Letter=alep,patch=2 0.18,0.21 0.07,0.05,0.19 0.425
Letter=bet,patch=1  0.04, 0.03, 0.04, 0.05 0.10, 0.09 0.047
Letter=bet,patch=2  0.10, 0.09, 0.11, 0.15 0.14,0.20 0.242

—I =

SameWritefInscription I, Inscription 1) Fisher(.063, 0.425, 0.047, 0.242) =0.0397

Figure 9.2 A toy example of the same writer statistics derivation for two hypothetical
inscriptions. Inscription | consists of two instances of the letegy and four
instances of the lettéxet, while Inscription Il consists of three instances of the letter
alep, andtwo instances of the lettbet The only patches with enough statistics are
patches numbers 1 and 2. Four comparisons of appropriate samples (for each letter
and each patch) are performed via Kolmogesorirnov testyielding four different
p-values. Thespv al ues are then combined vi
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9.3Modern Hebrew Experiment

The Basic Settings

This experiment closely follows the setting describe8antion8. The dateset
(Modern Hebrew 2006contains aampling of 18 individuals€Each individual person
filled in a Modern Hebrew alphabet table consisting of ten occurrences of each letter,
out of the 22 letters in the alphabet (the number of letters amchtmaes are the same
as in the Ancient Hebrew in the next experiment; see &for a table example).
These tables were scanned and thresholded in order to create black and white images.

Then their characters were segmented utilizing their known bagibdix location.

From this raw data, a series of #fAsimul at
need to test both sameiter and differentwvriter scenarios, the data for each writer was
split. Furthermore, in order to imitate a common situation in theigkit Hebrew
experiment, where the scarcity of data is prevalent (see below), each simulated
inscription used only 3 letters (i.e., 15 characters; 5 characters for each letter),

presenting a welcomed challenge for the new algorithm.
Intotal, 252 nscri pti ons were Asimulatedo i n t

1 All the letters of the alphabet except fgod (due to its small size), were split
randomly into 7 groups (3 letters in each groupk1,...,7: gimel het resh bet
samekshiry dalet zayin ayin; tet, lamed mem nun, sade taw; he, pe qop, alep,
waw, kap.

{1 For each writek =1,...,1¢, and each letter belonging to grogp5 characters were

assigned into simulated inscriptid®, , , with the rest assigned 9, ,.
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In this fashion, for constark and g, we can test if our algorithm arrives at
wrong rejection for§,;, and§,, (FP = fFalse Positiveo err

groups producing 126 tests in total). Additionally, for constgntvriter g s.t. q, k,

andb,ci {,2}, we can test if our algorirtihmrfoail s

hypothesis for§ ,, andS,,.( FN = fFal se Negativeod error,;

Parameter Tuning and Robustness Verification
The algorithm describédn t he Al gor i t {secti@rgproMlesac r i pt i or
estimated probability forthél, hy pot hesi s (fAthe two given in

by the same writero). However, two i mporta
important parameter is the typical area of edw@racter in pixels, leading to the optimal

(or at least acceptable) performance. The second crucial parameter ivahe p

thresholdT , set for the purpose of rejecting thig.

As is common in statisticslowering T can result in fewer FP errors,
unfortunately increasing the likelihood for FN errors. Conversely, raisingight
result in the opposite outcome. In order to minimize the FP and FN errorspf set
simulations was performed. The simulations measured the behavior of the sum FP+FN,
with respect to the area of the charactero
and to the chosen value of (attempting the value 0.2 chenin Section8, as well as

the values 0.1 and 0.05, as explained above).

The results of these simulatioaseshown in Fig.9.3. Taking into account the
performanceof the algorithm describeth Section8 ( FP+ FN&a0. 04 3) , al | t
thresholds and all the areas betwedd0Q and 40,000igels yield a reasonable and

comparable performance (FP+FN<0.0&nong these, theesultsareslightly betterin
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the range of 8,00@0,000 pixels, withT =0.1. This wide range for acceptable areas
indicates an excellent robustness lod turrentalgorithm (thoughit would probably

result in better outcomes if the character images were of similar resolution). Since the
mean area of the original character images was 17367 pixels, well within the reasonable

limits of our analysis, we hawehosen the typical area of each character to be 17000

pixels.
0.1 i
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0.08 { 7 /
/
0.07 4
0.06 -
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Figure 9.3 Testing the combined probability of FP+FN errors as a function of
character area (in pixels) as well as differenfue thresholds: 0.2 iniue, 0.1 in
red and 0.05 irgreen Taking into account the performanaiethe algorithmn
Section8( FP+FNao0. 04 3) , hads and dll the areasbstiveerd 1000 And e s
40,000 pixels would yield reasonable and comparable performance. Slightly better
results are achieved in the range of 8;20(000 pixels, with 0.1 threshold.

Experimental Results

The results of our configuratiofof different values ofl ) are provided in Table
9.2 The results are certainly better than the resulBeation8 on the same daiset,

with a much simpler configuration. As expected, FP error rate tends to zero as the
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threshold is lowered, while the FN increases slightly. The threshold vallie=6f1

produced better results, with a combined FP+FN error of less than 2%.

Confident in our newly obtained configuration (target area ofGalY pixels and

T =0.1), we proceed tthe Ancient Hebrew experiment.

Table 9.2 Results of Modern Hebrew Experiment

Configuration FRESUTE
FP FN FP+FN
Results ofSection8, T=0.2 2.38% 1.94% 4.32%
Currentsetting,T=0.2 0.79% 1.70% 2.50%
Currentsetting,T=0.1 0.00 1.96% 1.96%
Currentsetting,T=0.05 0.00 2.12% 2.12%

9.4 Ancient Hebrew Experiment

TheBasic Settings

As described ifdength in the previous sectiorhet dataset (Ancient Hebrew
2016) stems from the Judahite desert fortress of Arad, dated to the end of the First
Temple period (Iron Age), ca. 600BGE he eve of Nebuchadnezzar
Jerusalem. The fortress was unearthed half a century ago, with 100 ostraca (ink on clay)
insaiptions found during the excavatio®haroni 1981) The inscriptions represent
the correspondence of the local military personnel. SeBRldor examples of Arad

ostraca.

Continuing a configuration of SectioB, we concentrate on 16 (relatively
lengthy) Arad ostraca, two of them tvsaded, which brings the total number of texts
for analysis to 18. The scarcity of data in this situation is comimothese ancient
texts. Ostraca images were utilized in order to segment and restore the characters stroke

by-stroke via a variational procedure (detailedSaber and Levin 203 required

163



minimal human involvement. No further manipulation of the resufti c har act er s
images (e.g. skeletonization, slant correction, etc.) was performed.8lapl®vides

statistics of the most prominent letters, after reconstructing the legible characters. It can

be seen, that even by the modest quantitative standaristsetcurrent sectionfor

some of the texts the comparisons are barely feasible.

Contrary to the situation in the modern context, now we do not possess any
groundtruth, indicating the identity of the writers across different inscriptions.
Moreover,thee x per i ment 6 s requirements do not | mpc
their authors. The task is limited to detecting the minimal number of hands within this
group of textsPrevioussectiondemonstrated at least 4 different (paise distinct)
writer s within the corpus (in fact 6 differen

number to 6 via textual considerations (not considered in the cuessarch

As already mentioned, following plausible results of the Modern Hebrew
experiment, the characters were resized {0QY pixels, and the threshold was set to

T=0.1

Experimental Results

The results of the experiment are presented in TaleThe results indicate
there are at least 5 different (pairse distinct) writers within this group of texts. In
fact, a closer look athe tablereveals that 3 such groups of 5 paise distinct
inscriptions exist, including the following texts: {1, 2, 18, 38, 40}, {1, 18, 24, 38, 40}
and {5, 18, 24, 38, 40}. Thisam be contrasted witBection8, where no such large pair
wise distinct groups were found, despite a higher threshbld((2). A simple
simulation shows that given a random undirected graph of @zeith an edge

probability of 0.1, the probability for having at least 3 different cliques with at least 5

164



members is about>x@0’. Hence the high statistl significance of the reks,

substantially strengthening our confidence in the outcomes of S&ction

9.5 Summary

The current research demonstrates a relatively simple and easily iempdde
algorithm for the purpose of writer identification. The algorithm demonstrates highly
significant results in a setting including a minimal amount of letters. It is fast and robust
with respect to both the typical area of the character imageshamddluated-palue

thresholds.

Our approach goes against the common wisdom of combining the different
features or metrics before the documentso c
to perform as many individual experiments as possible on botlettke and feature
levels, combining their results only in the end. Although individual building blocks of
our algorithm have occasionally been utilized in the literature, our specific
amalgamation of binary pixel patterns, Kolmogefawirnov test,andBih er 6 s met hod

has not been described previously in the literature with regard to writer identification.
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Table 9.3 Results of Ancient Hebrew Experiment, indicating separation of writers
between texts (ined background)

3 5 7 8 16 17a |17b
0.7940 | 0.9972 | 0.8355 | 0.9999 | 0.1451 | 0.9999 | 0.3456
37056 | 86098 | 55244 |86905 | 23589 | 94862 |85406
0.9999 | 0.2308 | 0.2310 | 0.9998 | 0.7828 | 0.9993 | 0.1210 0.9070
99997 | 10507 | 3925 |37107 | 82802 | 77805 18003
3 0.7940 | 0.9999 1 0.9999 1 0.9999 1 1
37056 | 99997 9999 99995
5 0.9972 | 0.2308 | 0.9999 1 0.9999 | 0.9999 | 0.8296 | 0.9552
86098 | 10507 | 9999 99996 | 99979 | 55242 | 54622
7 0.8355 | 0.2310 1 0.9999 1 0.9990 | 0.9740 | 0.9384 0.9532
55244 | 3925 99996 49432 | 36343 | 73936 | 54905 18488
8 0.9999 | 0.9998 | 0.9999 | 0.9999 | 0.9990 1 0.9968 | 0.9999 | 0.2648 0.9999 | 0.9956 | 0.4905 0.9999 | 0.6108 | 0.9999 | 0.8184
86905 | 37107 | 99995 | 99979 | 49432 67196 | 99995 | 1398 9487 | 23889 | 01387 33169 | 34495 | 79451 | 31322
16 0.1451 | 0.7828 1 0.8296 | 0.9740 | 0.9968 1 0.9143 | 0.9895 0.9999 | 0.7529 | 0.9861 | 0.9999
23589 | 82802 55242 | 36343 | 67196 22562 | 23149 99999 | 72486 | 54478 | 98263
17a 0.9999 | 0.9993 1 0.9552 | 0.9384 | 0.9999 | 0.9143 1 0.9883 | 0.9998 | 0.9897 | 0.9166 | 0.9999 0.9999 | 0.9998 | 0.7504 | 0.9999
94862 | 77805 54622 | 73936 | 99995 | 22562 8179 | 24883 | 61454 | 02116 | 34002 | 50814 | 57681 | 85898 | 70353 | 99995
0.9883 1 0.9894 | 0.9873 | 0.3970 | 0.9979 | 0.9946 | 0.6903 | 0.9894 | 0.4693 | 0.9763
32496 | 54188 | 38359 | 36364
0.9968 | 0.9532 | 0.9999 | 0.9999 | 0.9897 | 0.9873
39946 | 18488 | 9487 |9911 |61454 |54188 66541 | 07456 | 09072

0.3970
38359

0.9979
36364

0.8723
02919

0.8561
61514

0.6003
42228

0.9999

99846 | 99991 | 9999

0.6003
42228

0.9825 | 0.4051 | 0.9998

84872

0.6848
34031
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0.1120

0.9999

0.8390
63568

0.9075
6289

0.8390
63568

0.1134
47052

0.9075
6289

0.1134
47052
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10. Segmentation via Morphologically-based ChanVese
Framework

10.1Introduction and Prior Art

Since its introduction at the beginning of this millennia, CWase (CV)
segmentation(Chan and Vese 200Il)as become one of the most widely used
algorithms in the field of Computer Vision. In fact, currently, with more thaf(8,0
citations at Google Scholar, this method is almost twice as popular as the Mumford

Shah frameworkMumford and Shah 1989upon which it is founded.

The power of CV technique lies within its ability to elegantly take into account
the most important segmtation criteria. These include the length of the boundary
curve between the segmented areas, the variance ofegedy within each area, as
wel | as the size of the Aforegroundo area.
single variational frameark, leading taEulerLagrangesquations, anthencefortho
numerical Gradient Descent PDE scheme. A straightforward extension of this theme to
vectorvalued (e.g. RGB) image€han et al. 200(geculiarly published befor€han
and Vese 2001 as well as a mulphase level set framewo(kese and Chan 20p2

These were proposed by the same authors, based on the same natural formulation.
Nonetheless, CV segmentation presents its own share of challenges. Among
these ar e s ev esohtheal§ofithrefe o, /,p/a ream®t; e.g,in

experimental results of Chamd Vese 2001 /M ranges from0.000003%25% to

2x25%), its initialization problem, as well as the intricate and sometimes
computationallyintensive PDE scheme, based uponrcakeulating the level set
function on each step (an approach advance@dher and Sethian 1988Although

some of these hindrancesgmt be handled byeuristicapproaches (e.g. random re
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initializations, as proposed liyhan and Vese 20D lthese are atloc solutions, which
add an overhead t o t hievithand ggaranteed inchsometimenp | e me n

difficult to forecast outcom.

Various approaches to these issues have been proposed. The mékiackin
al. 2007)initializes using a modification of Canny edge dete@@anny 1986)(Solem
et al. 2006xhoosean initial level set via Gradient Descent over a thresholding criteria
(Pan et al. 20063ubstitutes the level set formulation with curve evolution driven by
Gaussian smoothingWang et al. 2010; Liu and Peng 2012place the energy
functional with diferent ones working on a local leyethile (Brown et al. 201p

suggesanother adjustment to the functional, possessing convexity properties.

We propose a new approach: a combinati ol
binarization metho@Otsu 1979; iwvaspr o p o s e d A foeQVinitiadizatior, al | y o
yet not justified in Xu and Wang 2008 supplemented by a morphological ABBDE
energy minimization framework. Indeed, morphological methods have been suggested
in the past for minimization of energy fttionals pertaining to Computer Vision in
generalCattéet al. 1995Alvarezet al. 2010Welk et al. 2011and CV in particular.

Among the latter arthe techniques dflalbaandRoerdink2009, replacing the energy
minimization with three compound mombgical operators(Anh et al. 2013 taking
into consideration some poomputed morphological datéox et al. 2013b, 2013))
utilizing various structuring element@liveira et al. 2013, applying morphological
filters a-posterior; and (Kishore et al. 201%, adjusting CV energy functional by
morphological gradient difference (MGD) terniihe citation statistics odll these
suggests such methods did not win wide acceptance, possibly thesrttendency to

supplement one intricate solution with another.
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The main contribution of the current section, first published in (Shaus and

Turkel 2016), is an establishment of

allowing forasimpleirtii al i zati on procedure. We al so

PDE with a parametdree morphological framework. The algorithm is to serveras a

importantbuilding block in the next section.

10.2The Chan-Vese algorithm

In their seminal paper, CV proposdhe following segmentation energy

functional:
F(c.c,,C)=m Gengtlf § » Afda inside + (10.1)
o f ey -l dxdy 4 fy(xy § dx
inside( O outsidé ¢

where U,(X Y) is a given imagef,, C, are constantsC(s) is a parameterized curve
partitioning the image domaiMV into disjoint insidg Q and outsidé Q sets; while

m, n,l, and/, are parameters. Ef0.1 is closely related to the energy functional of

(Mumford and Shah 1989)vhich can be written as:

F'u,C)=mbengtf § Au(xy ¢x¥ ddy aifj By o102
w WC )

whereu(x, y) is the estimated image, aadis a parameter. Assumirg- =, a piece
wise-constantu(x, y) is necessitated, eliminating the last term Ff°. Assuming
further thatu(x, y) has only two values; andC,, and adding the area term, we arrive

at CV functional (Eq10.1). Using the level set formulatiof (zero onC, positive on
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insidg © and negative onoutsidé Q), the Heaviside functionrH and Diracés

function dj :

el 0¢z
to z<0

(10.3)

H(2) = g = H,

Eq.10.1 can be reformulated in the following fashion:

F(c,0f)= & (€Y) P(xA) dxdy + f7( x Jf dxdy + (10.4)

w

00 -of HOO) oy /| B xy £ (5 dxc
The first variation with respect 1@ results in:
() =fb(x WH( £x y) dxdy B (Ffx ) dxc, (10.5)
w w
while the first variation with respect ® yields:

G,(F) = fib(x V(1 -H( (% Y)) dxdy (F -H ¢x ) dxc. (10.6)

On the other hand, the variation with respecf te less trivial. First(Chan and Vese

2001) present & altered version of Eql04, introducing regularizedd, and d,

functions:

F.(c.c.f)= M £ (4Y) D(xA dxdy + FE ( x ) dxdy + (10.7

ALY -GF H(Ex ) dxdy /| f xy £ H (&) dx )

Next, an EuldrLagrange equation fof is derived and parameterized by an artificial

time in the Gradient Descent direction:
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uo e _aprod . , (10.8)
—=a,( fé Mv -miy q)- (W G -
L mTE g gty o) (W o)

A numerical scheme for EQ08 is also suggested, for further details g&kan and

Vese 2001)

10.3From Chan-Vese to AlternativeSolution

We now analyze the CYChan and Vese 200X lgorithm, and suggest its
restatement in alternative terms. In particular, we prefer not to use the level set

framework. Similarly toCV, we strive to achieve a partition of the image domain

into two disjoint sets of pixels, denoted hereinAsand A, . Yet unlike CV, we have

no prior assumptions and no limitations regarding their location withjn An

additional preference would be to avoidegularizedversion of the algorithm, which
tends to smooth some of the image features (cf. theisnition Gaussian smoothing in

Chan and Vese 2001

Constants: CV noted that EqsL05, 106 represent the averages:

c(/)=averag¢ y) {0 ¢f, ¢ J =averade,y {® P (10.9)
Our alternative (and symmetric) formulation retains the constartisd C,, associated

respectively withA and A, , and calculates them in a similar fashion:

c(/)=averagé y) onA g /) = averageu on. (10.10)

Localization: Eq. 10.8 defines the evolution of the level set, and subsequently

the setsinsidg O and outsid€ G . We substitute this scheme with its morphological

counterpart. We first consider the multiplicadd( ¥, whered,, is a regularization of
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a,. Since d,* 1 at a zerdevel {f =0} , and d,* 0 at {f , 0} , the term limits the
evolution only to pixels belonging 0 (optionally including their immediatesighbors

ford,) . Agreeing with this strategy, Awe denot

adjacent to at least one pixel A&, or vice versa.

Curvature-driven evolution: We next consider the first term of the second

multiplicand of Eq. 10.8, mliv( B7| # -7(w o)~ ,(uw c)’. As
explained in(Vese and Chan 2002; Osher and Sethian 1988)div( B q)r is the

curvature at zero level, which inducesrenimizat i on o f lerigth Thisur ve 0 s
theoretical construction may be supplemented by aléoel analysis. Assuming-4

connectivity (radius of 1 around the central pixel), and taking various symmetries into

account, there exists only 5 possible neighborhoodsrofA borderline pixel

(borderline pixels ofA, admit similar analysis). These options are presented on Fig.

10.1. It can be seen, that given a magligible M, only Figs. 10.1a and0.1b
necessitate a f@ssignment of the center pixel f - in both of these cases the radius

of the osculating circle is =1, hencek = (1/r) . Additionally,ignoring the central

pixel, Figs. 10.1c and 10.1d present a symmetry between pixels assighedrd A,
, thus no reassignment is needed (otherwise an oscillatory behavior is expected), while
Fig. 10.1e presents a case of cléyrmajority. The morphological operator perfectly

representing such pixel assignment is iiedian filter While the presented analysis
represents a radius of 1 around the central pixel, if some kind of regularization is
desired, a digrent median filter radius can be choseneittéet al. 1995; Fox et al.

2013a, 2013bpor the median filter in related contexts).
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Az A1 A1 A1 A1
Az | A1| A2 Az | A1 | A2 Az | A1 | A1 Az [A1| A2 Az | A1| A1
Az A2 A2 A1 A1
(a) (b) (c) (d) (e)
Figure 10.1 Five options of neighborhood of afy borderline pixel. Onlyd,b)

require ae-assignment of the central pixel, due to a positive curvature.
Area-driven evolution: Thenext term to be analyzed within Eq. 10.8 is. If
0<n, this represents a constant reduction in the sizesifigl © , which is difficult to

justify (unless a human operator fancies a specific result). If for some reason the initial

setsinsidg Q and outsidé€ G are switched, the dynamics is reversedoasidé Q

is now expected to constantly grow, breaking the symmetry between the sets. Moreover,
given images with small or zero curvature, dnd/, chosen to be small, the shrinking
might continue untilinsidgl Q disappears completely! It seems that the dubious

benefits of this term were understood by CV, sinces mostly set to 0 iiChan and
Vese 2001)ard the term is no longer mentioned(Mese and Chan 2002)Ve also

advise against using this term, but in case it is desired, its morphological substitution
would be an erosion in case 8K7n, and dilation in case 0f <0, with A or A

chosen as a target.

Fidelity-driven evolution: Thelast terms to be considered within Eq. 10.8 are
-1,(u <) #(u, c)?, presenting a balance between reducing the size of
insidg( Q due to its graylevels variance, and its enlargement due to the variance of

gray-levels within outsid€ Q. Reversing our steps shows these terms originate from

I, B lu(xy- ¢ dxdy+s  Fu xy -4 dxc in  Egq. 101, or
inside( O outsidé ¢
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/i fue(x% ) - ¢ dxdy+4 | x ¥ -§ dxc in the current case. Using the
A A

recommendation of, = 4 4 (Chan and Vese 20Q1this has a surprising relation to

Otsu binarization method®fsu 1979also cf.Xu and Wag 2008. Otsu minimizes the

k
thresholding quality ~criterion w; s+ w3, where s2=& (i - o pd &
i=1
s 2 X -
s,;=a (' - ’37 pPQ s, w=a p;Ww=a P and P, represents the value of the
i=k % i=1 i=k %

graylevel il [1,2,...L Jwithin the normalized histogram of the imayg. This image

is thresholded byk and partitioned into disjoint setéy and A,, respectively
containing graylevels [1,...,.k] and [k+1,...,L]. Thus,t r ansl ati ng Ot suds

CVoés terminol ogy:
w2+ wE Flulxy) e dxdy F xy ¢ dxc (10.11)
A Ay

Eq. 10.11 presents us with two opportunities. Firstly, it provides an excellent
option forinitializatono f t he al gor i t hm, since Otsuds m
needed minimization of this energy functional, with only the curve length remaining to
be optimized. Secondly, it offers an explanation of the inner machinery of the fidelity
ter m. I ndeed, I fooall the other terms are n
| ower the energy until the minimums corres
reached. Therefore, several options ffelity-driven evolution strategies can be

proposed:
1. The fdori geratiad A if r(ul-€)° (b c)° 0 and dilating it if

(W ) (& ) o
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2. Theit Ot-awa r e 0At mitialization, A and A, are associated with their

ifopti mal o partitioning (calAandfAoceud onl y
duet o ot her terms, it is sti lniisatpiuedi bl e
borderline pixels, which need to beassigned.

3. The -riinloe o(ourprefeence Si nce the initializatd.i

criterionin an optimal manner, it would Hdeetter to drop the fidelity from further

consideration, allowing other factors to properly influence the calculations.

Proposed algorithm: Our recommendatiaare summarized in Table 10.1.
Please note, thah the results below, maximum rather tharEuclideannorm was

utilized, for simplicity reasons. Thusdius 1 neighborhood now includes&her than

5 pixels.
Table 10.1 Description of the algorithm, including various options

Step Recommendation Additional options

Initialization Ot suds met hod
partition U, into A and A,.

Evolution Median filter with radius 1 on Median filters with other radii on labe
label (A and A,) map. map, for regularization purposes.
No area term/(=0). If desired, dilation/erosion of\ or A,

(and vice versa).

No fidelity term (/,= £ 9). 1 Dilation/erosion depending on
fidelity term
fReassigning Amis
borderline pixels

Stopping criterion convergence ofA and A, .

10.4Experimental Results

In the following experiments, a segmentation is demonstrated odriniah
images, some of which resembling the ones usebgn and Vese 2001fig. 102

presents an object with a smooth contour, E@3 shows satellite image of Europe
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nightlights, Fig. 10.4 demostrates a spiral awork, while Figs. 10.5 and 10.6
represennoisy historicalinscriptiors. It can be observed that in general, the default or
slightly regularized parameters produce higlality segmentation, superior to Otsu
with no cunature evolution. We omit comparisons with the CV algorithm, due to the

high dependencd ds results on the various @ameters in use, as explained above.

10.5Summary

A detailed analysis of the CV segmentation framewualk presenteddAmong
the main novelties of the article are the surprisatgtion between the Otsu bireation
method and the fidelity terms of CV energy functional (which may explain the results
of Brown at al. 2012resembling binarization), allowing for intelligent initialization of
the functional. This is accompanied by a suggestion of a very fast, pardraeter
morphological framework, substituting the CV Pb&sed segmentation method. The
experimatal results demonstrate the soundness of our appneadah will be utilized

in the next section

Figure 10.2 Segmentation of an object of smooth contour: original imesge, (vs.
result with déault setting ¢entej, vs. result with radius=1ZIight).
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Figure 10.3 Segmentation of a satellite image of Europe nigjfits: original image

(left), vs. Otsu binarizatiorcénte), vs. resulwith the default settingight). Image

courtesy NASA/Goddard Space Flight Center Scientific Visualization Studio, public
domain

Figure 10.4 Segmentation of a spiral asork: original image {{pperleft), vs. Otsu
binarization (ipper righ), vs. result with the default settinig\er left), vs. result with
radius=2 lower right). Image courtesy Jod@anuel Benito Alvarez, public domain

Figure 10.5 Segmentation od fragment of Arad ostracon Na.driginal image
(upperleft), vs. Otsu binarizatiorupper righ), vs. result with the default setting
(lower left), vs. result with radius=2dwer right).
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