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Abstract

This paper presentspreliminary resultsfor document
classi cation of ancient Hebrew manuscripts. The main
gaal is to discriminate between documents of di er ent
writing styles, locations and dates. This classi cation
dependscrucially on gaod binarization of the corrupted
manuscripts. We proposean accurate methad for bina-
rization of the manuscripts. We further proposeand test
topological featuresfor document classi cation basel on
the document characters, which, at this stage,we apply
only onthecharacter Aleph.Our resultssofar yield 100%
correct classi cation of the documents.

1. Intro duction

Paleograply is the study of anciert handwritten
manuscripts. Among other things, it deals with dat-
ing and localizing of ancient and medie\al scripts, and
studying the dewvelopmen of the letters shape. Paleo-
graphical analysis of Hebrew manuscripts comprisesof
v e essetial operations whosegoalis to establish con-
cise paleographicalidenti cations [1]:

(i) Applying an archeological approach to determine
whether a manuscript is a single paleographi-
cal unit. Being a single unit means that the
manuscript was not altered by additions to orig-
inally empty leaves, or by additions of missing
parts.

(i) Detecting whether one hand or more copied the
manuscript. A documernt can be copied by more
than one scribe and still be a single paleographi-
cal unit.

(i) Establishing the paleographicaltype of the script.
Medieval Hebrew scripts can be one of the fol-

lowing six ertities: Ashkenazi, Italian, Sephardi,
Byzantine, Oriental, and Yemenite.

(iv) Identifying the location wherethe manuscript was
written both on codicological (technical features)
and script grounds.

(v) Identifying the date whenthe documert waswrit-
ten according to its codicological variables and
style of script.

Figure 1 showvs samplesof two manuscripts.

The work reported in this paper is part of a project
aimed to dewelop algorithms and tools for automating
steps (iii)-(v) in the analysis of Hebrew maunscripts.
Our algorithms are based on processingmanuscripts
according to their visual information. We apply and
extend documert and handwriting analysistechniques.
Below we list someexisting methods which are related
to our work.

Two recernt survey papers give excellert sciertic
badckground regarding documert image analysis [2],
and handwriting recognition [3]. A primary stage of
most documert image analysistasks is documert page
segmetation [4], and documert structure extraction
[5]. The necessarypreprocessingoperations for o -line
handwriting recognition are thresholding, noise lter-
ing, and segmemation of lines, words, and characters
[6]. Page segmemation is done in either bottom-up or
top-down techniques. Bottom-up approaces [7] start
with the classi cation of ead pixel (or a neighborhood
of pixels) asbelonging to the badkground, or to a doc-
ument object liketext, graphics, photos, etc. Pixels be-
longing to text are grouped into characters, characters
are grouped into words and lines, and soon. Top-down
techniques [8] start with a page layout which is split
into zoneshased on projection pro les. Once a docu-
ment pageis segmeited, character recognition step is
ewked, in which ead connected componert is taken
as represering a character. Some special preprocess-
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Figure 1. Historical manuscripts

ing may be required to separatetouching charactersor
split characters from touching graphics[9].

An important step in any recognition application
is feature extraction. A survey on feature extraction
methods for character recognition can be found in [10].
The variety of possibleextracted featuresis enormous,
from features derived from binary images and char-
acters cortour, to features derived from skeleton rep-
resenation of characters and from grayscale images.
Featuresusedfor writer identi cation or for handwrit-
ing style analysisshould represen the characteristics of
the consideredwriters and styles. O ine cursive script
word recognition techniquesare surveyedin [11]. There
is an extensive use of variations of the Hidden Markov
Model (HMM) [12] in a wide range of cursive word
recognition methods. In writer veri cation and identi-
cation applications [13], [14], [15], [16], test handwrit-
ings are compared with samplesof handwriting from
known sources,and the authorships are con rmed or
unproved. In this sense these applications are related
to Paleographicalreseard.

The rst published work regarding the use of im-
age processingfor paleographical researt (as far as
we know) was published in 1971 [17]. Colette Sirat
[18] is the author of another early publication report-

ing the use of computer image processingmethods for
paleographical researd. Features basedon run-length
histograms were usedin [19] for style classi cation of
anciert Hebrew handwriting. An expert system using
documernt analysis strategies for analysis and authen-
tication of Hebrew manuscripts is reported in [20].

Since most of our analysis of the manuscripts is
based on the character shape(features based on bi-
nary image), a crucial stepin our systemis an accurate
thresholding. In orderto overcomethe corrupted condi-
tion of the documerts, we apply a multi-stage accurate
binarization scheme. Then, we proposeand test some
topological features for classi cation. Our paper is or-
ganized as follows: the multi-stage binarization algo-
rithm is presenried in Section 2. The topological based
featuresare introducedin Section3. Section4 preseris
the experimental results, and Section 5 concludesthe
paper and outlines our plans for cortinuing this re-
seard.

2. Binarization Metho d

2.1. Intro duction

In general, historical documert imagesare of poor
quality becausehe documerts have degradedover time
due to their storage condition, and the quality of the
written paper. As a result, the foreground and badk-
ground are di cult to separate.The problem is partic-
ularly dicult becausemany of the documert images
have varying cortrast, smudges, variable badground
intensity and the presenceof seepingink from the other
side of the document. Due to the importance of char-
acters shape and style in Paleographical analysis, the
binarization method must be very accurae.We deel-
oped a multi stagethresholdingmethod that givesexce-
lent results both on dirty documerts and on well pre-
served documerts. Two word blocks are shavn in Fig-
ure 2.

Due to the condition of the documens, a general
global thresholding approac is not su cien t for sep-
arating the text and the badkground, since parts of
the noiseis darker then someparts of the characters.
Seweral thresholding approacheshave beenreported in
the literature on binarization of text documerts with
noisy badkground. In [21], Don preseried a noise at-
tribute thresholding method for documernt image bi-
narization. The method utilized noise attribute fea-
tures basedon a simple noise model to overcomethe
dicult y that some objects do not form prominent
peaksin the histogram encourtered by many corven-
tional global thresholding methods. Negishi et al.[22]
preseried an automatic thresholding algorithm to ex-



Figure 2. (a) Two text blocks.

tract the character bodies from the noisy badkground.
They deal with extremely dirty and considerablylarge
images, and caseswhere the gray levels of the char-
acter parts overlap with that of the badkground. Liu
and Srihari [23] deweloped a thresholding algorithm
based on texture features. Their proposed algorithm
utilized two fundamertal attributes of document im-
ages,in that, the charactersnormally occupy separable
gray-level range in the gray-scale histogram and that
the text imagescontain highly structured-stroke units.
Tan, Cao, Shen, Wang, Chee and Chang [24] , estab-
lisheda method for removing of interfering strokesfrom
double-sidedhandwritten documerts basedon the ob-
senation that the edgesof the sipping strokesfrom the
reverseside are not as sharp asthose on the front side,
they adopt an edgedetection approacd to suppressun-
wanted badckground patterns. In [25], the autours com-
pared seweral algorithms for text binarization in di -
cult documerts: Niblack's method [26], quadratic inte-
gral ratio (QIR) technique [27], Yanowitz and Bruck-
stein's method [28], and two new techniques proposed
by the authors: The mean-gradien technique which is
an improved version of Niblack's Method and a back-
ground subtraction technique basedon graylevel mor-
phology. In our documerts, parts of the characters are
faded due to the condition of the documerts, a fact
which makes edgebasedbinarization methods unsuit-
able, yet the fundamertal body of the charactersis eas-
ier to be detected. This fact leadedusto adopt a region
growing schemein which we rst detect the fundamen-
tal body of the characters, and then apply a growing
processto grow the charactersto their nal form.

2.2. Multi-Stage Thresholding

Multi-stage thresholding can be viewed asa process
of reducing the seard spaceof threshold candidate val-
ues stage by stage, where ead stage processdi erent

information from the imageuntil the nal stagechooses
the nal threshold value. The stagesin our method are:

I. Global Thresholding.

Il. Discarding irrelevant objects
[1l. Local componert processing
I\V. Postprocessing.

Next we describe ead of the above steps.

I. Global thresholding. The objective of this stageis to
narrow the seard spaceof foreground candidates,and
to produce spatial information on text lines and char-
acters. This is achived by under-thresholding the image
using a global thresholding method. We use the QIR
method[27], becausemost of the corvertional global
method tend to over-threshold our documerts. In [27],
a comparison of seweral global thresholding methods
(NIR[27], Otsu [29], Entropy[30] and QIR[27]) nds the
QIR method to givethe bestperformancefor handwrit-
ten images.QIR is a global two step thresholding tech-
nique. The rst step of the algorithm divides an im-
ageinto three subimagesforeground, background, and
a fuzzy subimagewhereit is hard to determine whether
a pixel actually belongsto the foreground or the badk-
ground (see Figure 3). As seenin Figure 3 two im-
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Figure 3. QIR method

portant parameters that separate the subimagesare
gray level A, which separatesthe foreground and the
fuzzy subimage,and C, which separatethe fuzzy and
the background subimage. The strategy used in the



rst step is to eliminate all pixels with gray level in
the range [0;A) and in the range (C; 255], and thus
to remain with pixels in the range [A; C], of promis-
ing threshold values. The secondstep in QIR selectsa
threshold value according to the writing medium (see
[27] for details). In the corrupted documerts which we
work with, the high grayscalevariabilily of foreground
objects, the sipping ink and the generalnoisemadethe
QIR method under-threshold most of our images.

II. Discardingirr elevantobjects. After thresholding the
documert, we getrid of small blobs and letters punctu-
ation (in Hebrew this are the vowels which are mostly
positioned under the text lines). Using a simpleline ex-
traction scheme on the binary image provided by the
QIR method, the text lines are extracted and the re-
maining pixels are discarded. Next we discard all com-
ponerts of the binary imagewhoseareais smaller than
(mlh*0.15)2, Where ml h is the averageheight of the ex-
tracted lines. After the cleaning stage, the image com-
ponerts are composed of foreground objects, possibly
connected to some noise which will be discarded in
the next stage.Next we apply connected componentla-
beling and split wide componerts which might be let-
ters which have beenmergedto one componert due to
noise. The written Hebraic text, is called sugaredwrit-
ing asmost of the charactersare made up of horizontal
and vertical strokeswith averagewidth and height ap-
proximately as the averageline height. all large com-
ponerts are split to match this criterion. The following
step is applied on ead of theseimage componerts.

lll. Local componentprocessing. Sincethe binarization
of the foreground objects is a ected only by their lo-
cal environment, we processinformation only within
the bounding box of ead connectedcomponert. In the
following two steps, we collect the foreground pixels,
by rst nding a seedsetof suc pixels and then grow-
ing the set accordingto local neighborhood data. Pix-
elswhich have beendiscardedin throughout the itera-
tive processare are not cheded again.

[ll.1 Creating the seed image. The rst step in this
stageis to derive for eadh componert its seedimage
- all pixels which are classi ed as foreground pixels.
We use a pixel clustering algorithm basedon the K-
means algorithm[31]. Two clusters are considered, a
foreground cluster and a badground cluster, accord-
ing to the gray level. After calculating the foreground
and badkground clusters, we usethe averageof the gray
levels of the foreground cluster as a threshold to gen-
erate the seedimage.

[1l.2 The region-growing process. The Growing process
is an iterativ e process,in which during ead iteration
a set of candidate pixels is obsened. Each pixel from

this setis tested wwhether it canjoin the foreground or

not. The processis terminated when no pixel is added

to the foreground. The Algorithm goesas follows.
Repeat until the foreground set doesnot change:

Find all candidate pixels. The candidate pixels are
badkground pixels which are 8-connectedto the
growing foreground.

For ead candidate pixel p, considerits 7X7 neigh-
borhood: let M; bethe averagegrayscalevalue of
the foreground pixels in this window, My, be the
average grayscale value of the badground pixels
in this window. Assign p to the classwhoseaver-
ageis closestto the gray level of p. result

IV. Postprocessing{ | ling small holes Due to faded
parts of somecharacters, the componert growing pro-
cessmight leave small holesin somecharacters. In or-
der to avoid lling natural holeswhich exists in some
of the Hebrew characters, all holes with area smaller
then (mlh*0.25)? are lled, where mlh is averageline
height. Figure 4 shows an input image and the com-
puted binarized image.
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Figure 4. (a) Input image, (b) Binarized image.




3. Feature extraction

The Hebrew alphabet consistsof 22 characters. Five
of the characterstake a di erent form when appearing
at the end of a word. Figure 5 shaws four of thesechar-
acters.

w X =" N

Shin Tsadi Mem | Alef

Figure 5. The letters usedfor style classi cation.

Character basedfeatures are de ned for characters
that have a more intricate graphic represenation, like
the charactersAleph, Mem, Tsadi, and Shin. In this pa-
per we concerirate on the letter Aleph, due to the im-
portance of this letter in Hebrew paleographical anal-
ysis.

Let B be the binary image of a letter Aleph in our
documert. Denote by S the set of all pixels where
B(i,j)= 1. The corvex hull CHS of the set S is the
smallest convex polygon cortaining S. Let R be the
set of pixels belongingto CH S and to the complemert
of S R=fpjp2 CHS & p 62Sg. Figure 6 shaws the
setsS, CHS, and R of an Aleph character. As can be
seenin Figure 6¢, the set R cortains a number of dis-
joint connectedcomponerts (The white patchesin Fig-
ure 6¢). Four of the componerts are of substartial size,
and the rest are small ones.This is a basic characteris-
tic of the shape of the letter Aleph. It isindependert of
its sizeand orientation. We will refer to thesefour con-
nected componerts as the dominant backgiound sets'.

n N

Figure 6. The white pixels are (a) the set S, (b)
the set CHS, (c) the setR

1 dominant background setsof other letters are generally di er-
ent

Denote the setsof pixels belongingto the four dom-
inant badkground sets by fR;, R», R3, R4g, accord-
ing to the following: R; is the componert for which
the x coordinate of its certer of massis minimal. R, is
the componert for which the x coordinate of its cen-
ter of massis maximal. Rz is the componert for which
the y coordinate of its certer of massis minimal. R4 is
the component for which the y coordinate of its cen-
ter of massis maximal.

Figure 7. An example for the sets R;,R,,R3 and
R4.

We use geometric parameters of the sets
fRq;:::;R4g as features for classifying the He-
brew calligraphic handwriting style. The following
features were usedin the preliminary experimert pre-
serted here:

o= IRi] i =

I:I - jR4j’ I = f1,2,3,4}]
— _iR2j

Fa= jCHZSj

Fs = Diameter of the major axis of the ellipse hav-
ing the samesecondmomen asR».

Fe¢ = Diameter of the minor axis of the ellipse hav-
ing the samesecondmomern asR;.

In order to obtain scaling invariant, the charac-
ters were normalized to a xed width of 100 pixels.
This is a small subset of the possible variety of fea-
tures that can be extracted from the setsR of di erent
letters.

4. Exp erimen tal Results

Fourteen documerts were used in our prelimi-
nary experimernt. Twenty Aleph characters were ex-
tracted from ead documert. At this stage of our
experimerts, the Aleph characters were manually seg-
mented. The experiment was conducted in a "leave
fourteen out" manner, as follows: The 280 charac-
ters were divided into a training set of 266 charac-
ters and a test set of fourteen characters, one from



| Doc no. | Correctly classi ed characters

d; 13
dz 17
ds 14
ds 20
ds 12
ds 19
d; 13
ds 11
dg 15
dio 12
di1 18
d12 16
dis 13
dig 18

Table 1. Classication results for documents
di,...,d14. For eachdocument, 20 characters were
classi ed. Ascanbe seen,for eachdocument the
majority of its characters are correctly classifed.

ead class. The classi cation was repeated 20 times,
thus ead character was classied once. The clas-
si cation was computed using the Matlab func-
tion "Classify", with equal apriory class probabili-
ties, class multivariate Normal density estimation,
and linear discriminant functions. The classica-
tion results are summarizedin Table 1. Two-hundred
and elewen out of two-hundred and eighty charac-
ters were correctly classied, namely, 75.5 correct
classi cation. As can be seenin Table 1, in ead doc-
ument, the majority of the characters are correctly
classi ed. The aim of our work is document classi-
cation, meaning that a documern is classi ed accord-
ing to the majority of its character classi cation. In
this preliminary experiment 100% correct classi ca-
tion of the documerts was achieved.

5. Conclusion and Future Work

In this paper, we preseried preliminary results for
corrupt documert classi cation and an accurate bina-
rization method for ancient Hebrew manuscripts. The
topological features proposed for classi cation were
basedonly on the letter Aleph, yielding 100% correct
classi cation of the documerts. We are currently inves-
tigating various other features from topological based
features to texture basedfeaturesin order to accom-
plish the following paleographicalgoals:

1. Dating and localizing the anciert manuscripts.
2. Writer Authentication.
3. Writing-style identi cation.

A comprehensie study is planned for feature selection
and evaluation for Aleph and the other four special let-
ters. It will then be applied on a much larger database
of manuscripts.
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