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Abstract

This paper presentspreliminary resultsfor document
classi�cation of ancient Hebrewmanuscripts. The main
goal is to discriminate between documents of di�er ent
writing styles, locations and dates. This classi�cation
dependscrucial ly on good binarization of the corrupted
manuscripts. We proposean accurate method for bina-
rization of the manuscripts. We further proposeand test
topological featuresfor document classi�cation based on
the document characters, which, at this stage,we apply
only on thecharacterAleph.Our resultssofar yield100%
correct classi�cation of the documents.

1. In tro duction

Paleography is the study of ancient handwritten
manuscripts. Among other things, it deals with dat-
ing and localizing of ancient and medieval scripts, and
studying the development of the letters shape. Paleo-
graphical analysisof Hebrew manuscripts comprisesof
�v e essential operations whosegoal is to establish con-
cisepaleographical identi�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.

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

(iii) Establishing the paleographicaltypeof the script.
Medieval Hebrew scripts can be one of the fol-

lowing six entities: 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 when the document waswrit-
ten according to its codicological variables and
style of script.

Figure 1 shows samplesof two manuscripts.
The work reported in this paper is part of a project

aimed to develop 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 document and handwriting analysistechniques.
Below we list someexisting methods which are related
to our work.

Two recent survey papers give excellent scienti�c
background regarding document image analysis [2],
and handwriting recognition [3]. A primary stage of
most document image analysis tasks is document page
segmentation [4], and document structure extraction
[5]. The necessarypreprocessingoperations for o�-line
handwriting recognition are thresholding, noise �lter-
ing, and segmentation of lines, words, and characters
[6]. Page segmentation is done in either bottom-up or
top-down techniques. Bottom-up approaches [7] start
with the classi�cation of each pixel (or a neighborhood
of pixels) as belonging to the background, or to a doc-
ument object like text, 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 zonesbasedon projection pro�les. Once a docu-
ment page is segmented, character recognition step is
evoked, in which each connected component is taken
as representing a character. Some special preprocess-



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 features is enormous,
from features derived from binary images and char-
acters contour, to features derived from skeleton rep-
resentation of characters and from grayscale images.
Featuresusedfor writer identi�cation or for handwrit-
ing style analysisshould represent the characteristics of
the consideredwriters and styles. O�ine cursive script
word recognition techniquesare surveyed in [11]. There
is an extensive useof 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 Paleographical research.

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

ing the useof computer image processingmethods for
paleographical research. Features basedon run-length
histograms were used in [19] for style classi�cation of
ancient Hebrew handwriting. An expert system using
document 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 step in our systemis an accurate
thresholding. In order to overcomethe corrupted condi-
tion of the documents, 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 presented in Section 2. The topological based
featuresare intro duced in Section3. Section4 presents
the experimental results, and Section 5 concludesthe
paper and outlines our plans for continuing this re-
search.

2. Binarization Metho d

2.1. In tro duction

In general, historical document imagesare of poor
quality becausethe documents havedegradedover time
due to their storage condition, and the quality of the
written paper. As a result, the foreground and back-
ground are di�cult to separate.The problem is partic-
ularly di�cult becausemany of the document images
have varying contrast, smudges, variable background
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 devel-
oped a multi stagethresholdingmethod that givesexce-
lent results both on dirt y documents and on well pre-
served documents. Two word blocks are shown in Fig-
ure 2.

Due to the condition of the documents, a general
global thresholding approach is not su�cien t for sep-
arating the text and the background, since parts of
the noise is darker then someparts of the characters.
Several thresholding approacheshave beenreported in
the literature on binarization of text documents with
noisy background. In [21], Don presented a noise at-
tribute thresholding method for document image bi-
narization. The method utilized noise attribute fea-
tures basedon a simple noise model to overcomethe
di�cult y that some objects do not form prominent
peaks in the histogram encountered by many conven-
tional global thresholding methods. Negishi et al.[22]
presented an automatic thresholding algorithm to ex-



Figure 2. (a) Two text blocks.

tract the character bodies from the noisy background.
They deal with extremely dirt y and considerably large
images, and caseswhere the gray levels of the char-
acter parts overlap with that of the background. Liu
and Srihari [23] developed a thresholding algorithm
based on texture features. Their proposed algorithm
utilized two fundamental 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 documents basedon the ob-
servation that the edgesof the sipping strokesfrom the
reversesideare not assharp as thoseon the front side,
they adopt an edgedetection approach to suppressun-
wanted background patterns. In [25], the autours com-
pared several algorithms for text binarization in di�-
cult documents: 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-gradient technique which is
an improved version of Niblack's Method and a back-
ground subtraction technique basedon graylevel mor-
phology. In our documents, parts of the characters are
faded due to the condition of the documents, a fact
which makesedgebasedbinarization methods unsuit-
able, yet the fundamental body of the charactersis eas-
ier to be detected.This fact leadedus to adopt a region
growing schemein which we �rst detect the fundamen-
tal body of the characters, and then apply a growing
processto grow the characters to their �nal form.

2.2. Multi-Stage Thresholding

Multi-stage thresholding can be viewed as a process
of reducing the search spaceof threshold candidate val-
ues stage by stage, where each stage processdi�eren t

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

I. Global Thresholding.

I I. Discarding irrelevant objects

I I I. Local component processing

IV. Postprocessing.

Next we describe each of the above steps.

I. Global thresholding. The objective of this stageis to
narrow the search 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 conventional global
method tend to over-threshold our documents. In [27],
a comparison of several global thresholding methods
(NIR[27], Otsu [29], Entropy[30] and QIR[27]) �nds the
QIR method to give the bestperformancefor handwrit-
ten images.QIR is a global two step thresholding tech-
nique. The �rst step of the algorithm divides an im-
ageinto three subimages:foreground, background, and
a fuzzy subimagewhereit is hard to determinewhether
a pixel actually belongsto the foreground or the back-
ground (see Figure 3). As seen in Figure 3 two im-

Figure 3. QIR metho d

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 documents 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. Discarding irr elevantobjects. After thresholding the
document, we get rid of small blobs and letters punctu-
ation (in Hebrew this are the vowels which are mostly
positioned under the text lines). Using a simple line 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-
ponents of the binary imagewhosearea is smaller than
(ml h*0.15)2, Where ml h is the averageheight of the ex-
tracted lines. After the cleaning stage,the image com-
ponents are composedof foreground objects, possibly
connected to some noise which will be discarded in
the next stage.Next we apply connected component la-
beling and split wide components which might be let-
ters which have beenmergedto one component due to
noise.The written Hebraic text, is called suqaredwrit-
ing asmost of the charactersare madeup of horizontal
and vertical strokeswith averagewidth and height ap-
proximately as the average line height. all large com-
ponents are split to match this criterion. The following
step is applied on each of theseimage components.

III. Local component processing. Sincethe binarization
of the foreground objects is a�ected only by their lo-
cal environment, we processinformation only within
the bounding box of each connectedcomponent. In the
following two steps, we collect the foreground pixels,
by �rst �nding a seedset of such pixels and then grow-
ing the set according to local neighborhood data. Pix-
els which have beendiscardedin throughout the itera-
tiv e processare are not checked again.

III.1 Creating the seed image. The �rst step in this
stage is to derive for each component its seedimage
- all pixels which are classi�ed as foreground pixels.
We use a pixel clustering algorithm based on the K-
means algorithm[31]. Two clusters are considered, a
foreground cluster and a background cluster, accord-
ing to the gray level. After calculating the foreground
and background clusters,weusethe averageof the gray
levels of the foreground cluster as a threshold to gen-
erate the seedimage.

III.2 The region-growingprocess. The Growing process
is an iterativ e process,in which during each iteration
a set of candidate pixels is observed. Each pixel from

this set is tested wwhether it can join the foregroundor
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 candidatepixels. The candidatepixels are
background pixels which are 8-connectedto the
growing foreground.

� For each candidatepixel p, considerits 7X7 neigh-
borhood: let M f be the averagegrayscalevalue of
the foreground pixels in this window, M b be the
averagegrayscale value of the background pixels
in this window. Assign p to the classwhoseaver-
ageis closestto the gray level of p. result

IV. Postprocessing{ �l ling small holes Due to faded
parts of somecharacters, the component growing pro-
cessmight leave small holes in somecharacters. In or-
der to avoid �lling natural holes which exists in some
of the Hebrew characters, all holes with area smaller
then (ml h*0.25)2 are �lled, where ml h is averageline
height. Figure 4 shows an input image and the com-
puted binarized image.

Figure 4. (a) Input image, (b) Binarized image.



3. Feature extraction

The Hebrewalphabet consistsof 22 characters.Five
of the characters take a di�eren t form when appearing
at the end of a word. Figure 5 shows four of thesechar-
acters.

Figure 5. The letters usedfor style classi�cation.

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

Let B be the binary image of a letter Aleph in our
document. Denote by S the set of all pixels where
B(i,j)= 1. The convex hull CH S of the set S is the
smallest convex polygon containing S. Let R be the
set of pixels belongingto CH S and to the complement
of S. R = f p j p 2 CH S & p 62Sg. Figure 6 shows the
setsS, CH S, and R of an Aleph character. As can be
seenin Figure 6c, the set R contains a number of dis-
joint connectedcomponents (The white patchesin Fig-
ure 6c). Four of the components are of substantial size,
and the rest are small ones.This is a basiccharacteris-
tic of the shape of the letter Aleph. It is independent of
its sizeand orientation. We will refer to thesefour con-
nected components as the dominant background sets1.

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

1 dominan t background setsof other letters are generally di�er-
ent

Denote the setsof pixels belonging to the four dom-
inant background sets by f R1, R2, R3, R4g, accord-
ing to the following: R1 is the component for which
the x coordinate of its center of massis minimal. R2 is
the component for which the x coordinate of its cen-
ter of massis maximal. R3 is the component for which
the y coordinate of its center 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 R1,R2,R3 and
R4.

We use geometric parameters of the sets
f R1; : : : ; R4g as features for classifying the He-
brew calligraphic handwriting style. The following
features were used in the preliminary experiment pre-
sented here:
Fi = jR i j

jR 4 j , i = f 1,2,3,4g

F4 = jR 2 j
jC H Sj

F5 = Diameter of the major axis of the ellipse hav-
ing the samesecondmoment as R2.
F6 = Diameter of the minor axis of the ellipse hav-
ing the samesecondmoment as R2.
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�eren t
letters.

4. Exp erimen tal Results

Fourteen documents were used in our prelimi-
nary experiment. Twenty Aleph characters were ex-
tracted from each document. At this stage of our
experiments, 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
d1 13
d2 17
d3 14
d4 20
d5 12
d6 19
d7 13
d8 11
d9 15
d10 12
d11 18
d12 16
d13 13
d14 18

Table 1. Classi�cation results for documents
d1,..., d14. For eachdocument, 20characters were
classi�ed. As can be seen,for eachdocument the
majorit y of its characters are correctly classifed.

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

5. Conclusion and Future Work

In this paper, we presented preliminary results for
corrupt document 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 documents. We are currently inves-
tigating various other features from topological based
features to texture based features in order to accom-
plish the following paleographicalgoals:

1. Dating and localizing the ancient manuscripts.

2. Writer Authentication.

3. Writing-st yle identi�cation.

A comprehensive 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.

References

[1] M. Beit-Arie, Paleographical Identi�cation of Hebrew
Manuscripts: Methodology and Practice, in idem, The
Making of the Medieval Hebrew Book, The Magnes
Press,The Hebrew Univ ersity, Jerusalem,1991,pp. 15-
44.

[2] G. Nagy, Twenty Yearsof Document Image Analysis in
PAMI, IEEE Transactionson Pattern Analysis and Ma-
chine Intelligence, Vol. 22, No. 1, January 2000,pp. 38-
62.

[3] R. Palmondon and S. N. Srihari, On-Line and O�-
Line Handwriting Recognition: A Comprehensive Sur-
vey, IEEE Transactions on Pattern Analysis and Ma-
chine Intelligence, Vol. 22, No. 1, January 2000,pp. 63-
84.

[4] K. Etemad, D. Doermann, and R. Chellappa, Multiscale
Segmentation of Unstructured Document PagesUsing
Soft Decision Integration, IEEE Transactions on Pat-
tern Analysis and Machine Intelligence, Vol. 19, No. 1,
January 1997,pp. 92-96.

[5] J. Liang, I.T.Phillips, and R. M. Haralick, An Optimiza-
tion Methodology for Document Structure Extraction
on Latin Character Documents, IEEE Transactions on
Pattern Analysis and Machine Intelligence, Vol. 23,No.
7, July 2001,pp. 719-734.

[6] R. G. Caseyand E. Lecolinet, A Survey of Methodsand
Strategies in Character Segmentation, IEEE Transac-
tions onPattern Analysis and Machine Intelligence,Vol.
18, No. 7, July 1996,pp. 690-706.

[7] L. A. Fletcher and R. Kasturi, A Robast Algorithm
for Text String Separation >From Mixed Text/Graphics
Images, IEEE Transactions on Pattern Analysis and
Machine Intelligence, Vol. 10, No. 6, November 1988,
pp. 910-918.

[8] G. Nagy and S.Seth,Hierarchical Representation of Op-
tically ScannedDocuments, Proceedingsof The Seventh
International Conferenceon Pattern Recognition, 1984,
pp. 347-349.

[9] G. Agam and I. Dinstein, Adaptiv e Directional Math-
ematical Morphology with Applications to Document
Analysis. Mathematical Morphology and its Applica-
tions to Imageand Signal Processing,P. Maragos,R.W.
Schafer, and M. A. Butt, Editors, Klu wer Academic
Publishers, 1996.



[10] O. D. Trier, A.K. Jain, and T. Taxt, Feature Extraction
Methods for Character Recognition - A Survey, Pattern
Recognition, Vol. 29, No. 4, 1996,pp. 641-662.

[11] T. Steinherz, E. Rivlin, and N. Interator, O�ine Cur-
sive Script Word Recognition - A Survey, International
Journal of Document Analysis and Recognition, 1999,
pp. 90-110.

[12] L. R. Rabiner, A Tutorial onHidden Mark ov Modelsand
SelectedApplications in Speech Recognition, IEEE Pro-
ceedings,Vol. 77, No. 2, 1989,pp.257-286.

[13] S. H. Cha and S.N. Srihari,Multiple Feature Integra-
tion for Writer Veri�cation, in The Proceedingsof the
Seventh Workshop on Frontiers in Handwriting Recog-
nition, L. R. B. Schomaker and L.G. Vuurpiji Editors,
September 2000,Amsterdam, pp. 333-342.

[14] H.E.S. Said, T.N. Tan and K. D. Baker, Personal
Identi�cation Basedon Handwriting, Pattern Recogni-
tion,v ol.33, no.1, pp.149-160,2000.

[15] Y. Yamazaki and N. Komatsu, A proposal for Text-
Indicated Writer Veri�cation Method. Proceedingsof
ICD AR97

[16] E.N. Zois, and V. Anastassopouls, Fusion of Correlated
Decisionsfor Writer Veri�cation, Pattern Recognition,
vol. 32, NO. 10, pp. 1821-1823,1999

[17] J.M. Fournier and J.C. Vienot, Fourier Transform Holo-
gramsUsedasMatched Filters in Hebraic Paleography,
Israel Journal of Technology, 1971,pp. 281-287.

[18] C. Sirat, L'examen des critures: L'o eil et la machine,
Paris, Editions du Centre National de la Recherche Sci-
enti�que, 1981.

[19] I. Dinstein and Y. Shapira, Ancient Hebraic Handwrit-
ing Identi�cation with Run-Length Histograms, IEEE
Transactionson SystemsMan and Cybernetics,Vol. 12,
1982,pp. 405-409.

[20] L. Likforman-Sulem, H. Maitre, and C. Sirat, "An Ex-
pert Vision System for Analysis of Hebrew Characters
and Authen tication of Manuscripts", Pattern Recogni-
tion, Vol. 24, No. 2, 1991,

[21] H.S. Don, A noise attribute thresholding method for
document image binarization, Proceedingof 3rd Inter-
national Conferenceon Document Analysis and Recog-
nition, Canada, 1995,pp. 231-234.

[22] H. Negishi, J. Kato, H. Haseand T. Watanabe,Charac-
ter extraction from noisy background for an automatic
referencesystem,Proceedingsof 5th International Con-
ferenceon Document Analysis and Recognition, India,
1999,pp. 143-146.

[23] Y. Liu and S.N. Srihari, Document image binarization
basedon texture features, IEEE Transactions on Pat-
tern Analysis and Machine Intelligence, Vol. 19, No. 5,
May 1997,pp. 540-544.

[24] C.L. Tan, R. Cao, P. Shen, Q. Wang, J. Chee and J.
Chang, Removal of interfering strokes in double-sided
document images,IEEE Workshop on the Application
of Computer Vision, WACV2000, California, 4-6 Dec
2000,pp. 16-21.

[25] G. Leedham, C. Yan, K. Takru, J. Hadi, N. Tan, L.
Mian, Comparison of somethresholding Algorithms for
Text/Bac kground Segmentation in Di�cult Document
Images.Proceedingof 7th International Conferenceon
Document Analysis and Recognition, Scotland, 2003,
pp. 859-865.

[26] W. Niblack, An Intro duction to Digital Image Proc-
cesing,pp.115-116,Prentice Hall, 1986.

[27] Y. Solihin, C.G.Leedham, Integral Ratio:A New classof
Global Thresholding Techniques for Handwritten Im-
ages,IEEE Trans. PAMI, vol.21, no. 8, pp.761-768,Au-
gust 1999.pp. 121-137.

[28] S.D. Yanowitz and A.M.Bruc kstein, A new Method for
image segmentation, Computer Vision, Graphics and
Image Proccesing,vol.46, no.1, pp.82-95,Apr.1989.

[29] N. Otsu A threshold SelectionMethod from Gray-Level
Histogram, IEEE Trans. Systems,Man and Cybernet-
ics, vol 9, pp. 62-66,1979.

[30] J.N. Kapur, P.K. Sahoo, and A.K.C. Wong, A New
Method for Gray-Level Picture Thresholding Using the
Entropy of the Histogram, Computer Vision, Graphics
and Image Processing,vol .29, pp. 273-285,1985.

[31] J.B McQueen,Somemethodsofclassi�cation andanaly-
sisofmultiv ariate observations, Proc.5th BerkeleySym-
posium in Mathematics, Statistics and Probabilit y, vol
1., pp. 281-296,Univ. of California, Berkeley, USA, 1967


