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Abstract. In this paper, we discuss the use of Self Organizing Maps (SOM) for
character and word clustering. The SOM is a particular kind of artificiaraie
network that computes an unsupervised clustering of the input dateyargathe
cluster centers in a lattice. After an overview of the previous applicationssf-
pervised learning and SOM in the field of Document Image Analysis werithes
our recent work in the field. The SOM clustering can be used both faevatr
and classification applications. We describe also some preliminary invistiga
on the clustering of an Indian script.

1 Introduction

Supervised classifiers are key components of most Documegd Analysis systems.
In supervised learning some labeled samples are used mothiclassifier by reduc-
ing the sum of the costs for the training patterns. Few systaty on unsupervised
learning, or clustering, where the training algorithm &keo account unlabeled sam-
ples and there is no explicit teacher. In the latter caseytstes usually forms clusters
of the input patterns. When specific information about thelirgata is available (e.qg.
knowledge about the nature of the patterns to be procedsenlthis prior knowledge
can be considered in the design of the training algorithrhés Thformation can pro-
vide a preliminary estimation of the number of clusters tirat expected to be found
in the training data. An appropriate choice of this paramisterucial for improving
the performance of the clustering algorithms and it is Ugusdt by the users. Another
important feature is the type of distance function to be aidbd in the clustering al-
gorithm that strongly influences the final clustering achdev

In this chapter, we focus our attention on a particular atdistustering algorithms,
the Self Organizing Map (SOM) initially proposed by Kohorj&hthat is particularly
suited for dimensionality reduction and exploratory datalgsis. We will analyze in
particular a few applications of SOM-based clustering me®ocument Image Anal-
ysis sub-tasks and the use of tangent distance in the SOhingaiMoreover, we show
some preliminary texts for clustering Indian scripts.

The paper is organized as follows. In Section 2 we summahnzenain features of
SOMs, as well as the standard training algorithm. In Se@iore survey some recent
applications of clustering algorithms in Document Imagesis with a particular em-
phasis on the use of SOM. In Section 4 and in Section 5 we dismuswork related to



SOM clustering at the character and word levels. In sectiare&how some prelimi-
nary results for clustering non-latin scripts. Lastly, wegent our concluding remarks
in Section 7.

2 Self Organizing Maps

The Self Organizing Map is an artificial neural network thatfprms clustering by
means of unsupervised competitive learning [1]. In the S@Mneurons are usually
arranged in a two dimensional lattice (feature map). Eacinarereceives inputs from
the input layer and from the other neurons in the map. Thetisquples are described
with real vectors:(t) € R™, wheret is the index of the sample. Each neuron contains a
model vectomn; € R" that can be regarded as a prototype of the patterns in theeclus
During the learning, the network performs clustering aredttodel vectors are changed
so as to reflect the similarity of neighboring clusters. Tloalgpf the mapping is to
represent the points in the source space by correspondints ioa lower dimensional
target space. In particular, the training is aimed at prxéisgras much as possible the
distance and proximity relationships among input samples.

The initial values of the model vectorsy;(0), may be selected at random or can
be initialized in some orderly fashion, for instance ariagghe vectors along a two-
dimensional subspace spanned by the two principal eigeangsaf the input data. The
two main SOM learning algorithms are the on-line and thelbatees.

The on-line algorithm computes the mapping by processinh &@ining pattern
x(t) with the following steps and repeating the overall loop saMémes.

1. The vector(t) is compared with all the model vectors;(¢) and theBest Match-
ing Unit (BMU) on the map is identified. THBMU is the node having the lowest
distance with respect to the input patterft). The final topological organization
of the map is heavily influenced by the distance function wered in this step. In
most cases the Euclidean distance is considered, arBMhkm;,(, is identified
by:

[[2(t) = myey|| = ming{ |z (t) — mi(£)]]}. )

2. The model vector of thBMU as well as some of its neighboring nodes are changed
so as to “move” towards the current input patteit) according to the following
equation:

mi(t + 1) = mi(t) + hy),: () (@(t) — mi(t)). )

wherehy,) ; is the neighborhood function, implemented with a smoottkiegel
that is time-variable and is defined over the lattice poifite neighborhood func-
tion is a decreasing function of the distance betweenfeandb(x)-th models
on the map grid. The extension of the kernel is also decrgasomotonically dur-
ing the iterations. A widely used neighborhood functionasdxd on the Gaussian
function:
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where0 < «(t) < 1 is the learning-rate factor that decreases with the iw@mati
r; € N2 andry(,) € R2 are the locations of the neurons in the lattice, ai de-
fines the width of the neighborhood function and is also desingg monotonically.

The above steps are repeated until all the patterns in tivéngaset have been
processed. To achieve a better convergence towards thediesapping it is usually
required to repeat the previous loop until some convergeriteria are met. When a
new loop begins the indexis set to0 without modifying the modelsn;.

One advantage of the use of SOM with respect to other clagtexrigorithms is
the spatial organization of the feature map that is achieftt the learning process.
Basically, more similar clusters are closer than more diffe ones. Consequently, the
distance among prototypes in the output layer of the SOM earobsidered as a mea-
sure of similarity between patterns in the clusters.

2.1 Tangent distance

The basic SOM training algorithm relies on the Euclideanadlise to compare the pat-
terns and the model vectors. The Euclidean distance bettveepatterns is in gen-
eral very sensitive to small transformations of the patieRor instance, the distance
between one character and the same character subjectethdl &srizontal displace-
ment can be quite high, since many pixels in the two patterasia longer aligned.
The invariance of the training algorithm with respect togfmrmations of the patterns
can be achieved in three ways [2]: invariance by structukgriance by feature extrac-
tion, and invariance by training. The tangent distance @andmsidered an invariance
by structure technique whose goal is the incorporation éndistance function of the
tolerance with respect to small transformations in thegpatspace.

The tangent distance principle is well described in [3] andfly outlined in the
following. Let us suppose to transform a pattéPrwith a non linear transformation
t that is controlled by one parametér One example of transformatianis the rota-
tion of the pattern by the angl@. In the pattern space the set of all the transformed
patternsSp = {x | V 8 = = t(P,3)} can be considered as a one-dimensional curve
that is parametrized by. In the general case we must consider several transfomsatio
together and therefore we should consider a vecterpdrameters@) that character-
izes a given combination of transformations. The pattenrsd define a manifold that
can be approximated by a plane tangenftoin P. The tangent plane is defined by
means of a linear combination pfvectors computed by applying small independent
transformations to the original pattern.

In the ideal case the combination of thé&ransformations describes all the possible
deformations that can be applied to the patterns. In this twayobjectsP and @
belonging to the same class will generate the same manifglds .S and the distance
between the two manifolds will be 0.

As a matter of fact, there are practical problems to be solvée first problem
is due to the difficulty of identifying appropriate transfoations that may generate
actual patterns. In the case of handwriting charactersgesstandard transformations
have been considered, such as rotation, translation, aadHhickening. However, real
patterns are usually subjected to transformations thatifiieult to model and therefore



actual patterns are close to the manifold but are not péyféescribed by it. The second
problem is related to the computational cost required tduata the distance between
two manifolds. One solution is to locally approximate thenifalds by means of the
hyperplane tangent t6p in the pointP and the hyperplane tangent$g in the point
Q. The distance is then defined as the distance between thentguignes:

TD(P’ Q) = min&L’ETP,yETQH'r - y||27 (4)
the equations of the tangent planes are given by:

Tr(Bp) =P+ LpBp (5)
To(Bq) = Q@+ LoBq

whereLp and L¢ are the matrices containing the tangent vectors that aralysu
pre-computed. Computing the tangent distance amountdiinga linear least squares
problem as detailed, for instance, in [3]. The distance rilesd by Eq. 4 is usually
referred to as double-sided tangent distance, since we wentipe distance between
the two tangent planes. In some cases it would be simpleretohesone-sided tangent
distance where we compute the minimum distance betweenatterpand the plane
tangent to the other:

TD1(P,Q) = minger, ||z — Q| (6)

2.2 Tangent SOM

In this paper we propose the use of the tangent distance fopating the SOM map.
One important limitation of the SOM-based clustering cotegwconsidering the Eu-
clidean distance is the low robustness with respect to dowll transformations in the
pattern space that can give rise to large distances in thigdean space.

To partially reduce this problem we propose to use the targjstance in the train-
ing process as described in the following. For each traipattern we first compute the
tangent vectors considering the transformations thatxgeated to be more relevant.
The computation of the tangent vectors can be quite expansdwever it is important
to remark that the vectors are computed only once for eaatirtgapattern. During the
training loop we use the one-sided tangent distance (Eag Bij)d theBMU for each
pattern, replacing Eq. (1) with:

[l2(t) = M) || = mini{ TD1(2(t), mi(t))}- (7)

In section 4 we describe one application of the SOM training algorithm com-
paring its performance with respect to the standard SOM inode

3 Unsupervised learning in Document Analysis

The aim of unsupervised learning, or clustering, is to fincheastructure in a set of
patterns without the interaction with an explicit teacherparticular, the goal of the
clustering is to identify a finite and discrete set of groggsirin the patterns. There



is no universally agreed definition of clusters, but in gahéne similarity between
objects in a group is required to be larger than the simjlé@tween objects belonging
to different clusters. The various clustering algorithras @e gruped into three main
categories (e.g. [4]): the hierarchical, the crisp and tlzzy clusterings.

When using clustering algorithms two important issues shaa addressed: the
choice of an appropriate similarity measure (or distanoetion) and a criteria to select
the number of clusters to be found. The selection of varidgstsudce measures without
changing the clustering algorithm can give rise to diffégnoupings for a given data-
set with significant differences in the final results.

Pattern recognition applications employ clustering dthars in several ways ([5],
page 517).

Clustering algorithms are well suited to deal with unlabefatterns and this is
particularly important in applications where the humaridation of the pattern mem-
bership can be very expensive. In some cases, a useful @apmedees on a preliminary
identification of clusters on the basis of unlabeled pastelmthe second step the clus-
ters can be labeled by means of a reduced number of pattelosgbey to known
classes.

A second approach relies on the use of unsupervised leafointtpe identifica-
tion of features that can be used for subsequent procedsingstance for feeding
a discriminant classifier. Features computed by means afpemgised clustering can
be considered also for retrieval systems. An applicatiothisf approach in DIAR is
character clustering that is discussed in Section 3.2.

Exploratory data analysis is another application of clustetechniques that is par-
ticularly appropriate to discover natural orderings of gaterns that can be suitably
used to design complex pattern recognition systems. Setemfaniques described in
this chapter can be used in this context.

In the rest of this section we analyze some recent applizabbclustering methods,
with a special emphasis on SOM-based approaches, in theofiédcument Image
Analysis.

3.1 Symbol thinning

Thinning algorithms are used, in pre-processing, to ekfestures based on the symbol
skeleton. These features can be used in handwritten characbgnition systems to
allow a recognition independent from the stroke thickné¢sned proposed in [6] a
clustering-based skeletonization algorithm (CBSA) impdated by using SOM. The
CBSA is composed by two main steps: in the first step, soméerhisorresponding to
adjacent pixels are located from the input image; in thersgstep the skeleton is built
connecting together the closest cluster centers. Theetingtstep is implemented in [6]
by means of a a particular SOM (the self-organizing graphg¢retihe adjacency of
neurons can change during learning. More recently, a tgyedalaptive self-organizing
neural network has been proposed for skeletonization [¢ model grows in size
over time to improve the adaptation capabilities of thetelusenters with respect to a
SOM with a fixed dimension. The system can work on binary pagtedot patterns and
on gray-level patterns; moreover, it can handle rotatetepat. A similar approach is



described also in [8], whereas a multi-scale skeletoruipatiethod based on SOM is
described in [9].

3.2 Character clustering

Character clustering is used in character-like coding wseme objects (that could cor-
respond to characters) are clustered considering the sliraparity. Each word is then
represented by concatenating the codes assigned to thilumdiobjects. In character-
like coding, in contrast with OCR, no alphabetical classdsigned to symbols. To
retrieve the words the query is encoded with the same alfigonitsed during the index-
ing and is compared with the indexed words. This matchingoeaachieved in several
ways. For instance in [10] the words are represented withgstrand compared by
means of an inexact string matching technique. By adoplirgsymbolic representa-
tion indexed words can be sorted allowing users to retriewas/printed with different
fonts as well as to satisfy partial-match queries.

Character clustering is used also in some document imagpression algorithms.
These methods first group similar symbols, that can potgntiarrespond to charac-
ters. In the second step the characters and the backgrowgsiare compressed with
specific algorithms [11, 12]. For instance, in [12] text imagre compressed by extract-
ing themarks (connected components) in each page, and building a lilofanarks. In
the next step each mark is replaced with a pointer to the sdtsen in the library. The
mark clustering is performed by means of a simple templatietmay algorithm that
can provide good results when processing documents witha#l sariability of fonts
and a low level of noise.

A related method is addressed in [13], where a hierarchicstering algorithm
is used to enhance degraded document images. The five featittes are based on:
histograms of the projection profiles; distances from the bounding twothe characters
outer contourpixel correlation; subsampling of the normalized imagegroke direction
distribution. Bitmaps of the symbols belonging to each eusre identified, and an
average symbol for each class is computed. By replacingrigmal symbols with the
average bitmap itis possible to render the document arampitesolutions and enhance
degraded document images.

3.3 Handwriting

In the 1990’s several methods have been proposed for thgniéiom of isolated hand-
written digits by means of Self Organizing Maps.

A three-stage recognition module for handwritten numeisidescribed in [14].
The first stage is based on a SOM whose aim is to create pre®tgpresenting allo-
graphs. The trained SOM captures the similarities betwegut idigits, and the gradual
variations in shape from class to class is reflected in theifeanap. Prototypes that
are close in the array generally represent similar pattdimsrefore, neighborhood in-
formation can be integrated to estimate class confidencesal he second stage maps
distance values into membership values. To obtain a fuzzylmeeship for each neuron
a set of “sigmoid functions” is added in order to convert treahces between the input
(unknown) pattern and the prototypes into membership galue



The third stage performs the final classification by meansfolfyaconnected MLP
that uses the topologically ordered array of allograph nerstiip values as input fea-
tures.

A three-dimensional SOM for unconstrained handwritten etahrecognition is
described in [15]. The third dimension is basically defingddking into account 11
layers of 9x9 SOMs. The neighborhood in this case considtseafinits that are within
a cube that is centered on the winning node. The initial f@ghood size is 6. An-
other important aspect of the system is the combination sfiparvised and supervised
learning principles by using a LVQ training algorithm toget with the standard SOM
training.

A hybrid handwritten word recognition using self-organgifeature map, discrete
HMM, and evolutionary programming has been proposed in.[I6¢ purpose of the
SOM clustering is to partition the feature space into a sebodeword vectors to limit
the number of observation symbols in discrete HMM trainifge feature vectors com-
puted from more than 400,000 word frames are training data fbap having a 7x7
hexagonal topology. After convergence, the weight vectdrthe map are used as
codewords to describe the frames of a word, that is repreddmnt a sequence of 2-
dimensional codeword positions in the map. The neighbattioformation preserved
by the SOM is used for smoothing the trained HMM parameters.

In [17] handprinted character recognition is addresse@. $SOM is used in con-
junction with a robust feature representation for the ottarathat captures the local
structure of the strokes. The character is representedNvittipses, described by 4-D
feature vectors containing the center, the length of mayis @nd its orientation, for
each ellipse. A modified SOM is used to accomplish the elaséitching and find the
correspondence between the feature points. When the netwoxlerges, a mapping
between the input feature patterns and the neuron supputagned. The geometry of
the neuron support is not a fixed square, but is roughly sindlahe skeleton of the
standard character.

3.4 Text

The WEBSOM [18] is a SOM-based system that is able to orgamizge Idocument
collections according to textual similarities. The featuectors describing documents
are statistical representations of their vocabularies.fikin goal of the work described
in [18] is the scaling up of the SOM algorithm in order to preséarge collections of
high-dimensional data. In the experiments 6,840,568 patesiracts have been mapped
onto a 1,002,240-node SOM. To reduce the feature vector Simee random projec-
tions of weighted word histograms are computed, thus oinigs00-dimensional vec-
tors. A similar application has been described also in [19].

In [20] hierarchical feature maps are built consideringdeavectors containing the
occurrences of 489 terms in each document. In so doing itssiple to reveal the simi-
larity of documents contained in a text archive. The hidrimal representation achieved
by the proposed method is claimed to be well suited for tecttige organization.

The text clustering features of a SOM are considered in [@bliild a lexical ana-
lyzer designed to focus on a very limited sub-set of the wh@gonary. Each stringg
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Fig. 1. Example of SOM built on a French dataset.

is represented by a vectdf = [X,, X1, ..., Xa5] whereX; corresponds to the num-
ber of character¢); (Cy =" A’ , Co5 =’ Z') in the stringS. The anagrams of S share
also the same representation. The map is a two dimensioag| arganized as a tore to
avoid singularity effects on the sides. The neighborhotatioms in the projected space
of the map are used to define a short list of hypothesis comeider spell checking.

3.5 Discussion

In this section we analyzed some applications of SOM in th@alo of DIAR. The
main advantage of SOM clustering with respect to other elugg algorithms, like
K-means, is the spatial organization of the neurons thaaisficluster similarity into
prototype proximity in the 2D space. The distance amongopypes in the SOM map
can therefore be considered as an estimate of the similzettyeen objects belonging
to clusters. It is important to remark that in general the efsS8OM multivariate data
projection on large data sets is not advisable due to the doghputational cost [22].
However, usually a reduced number of objects (obtained &idew random pages) are
used to compute the 2D mapping. The mapping obtained wighsthialler number of
objects is subsequently used to label all the patterns todzepsed.

4 Word Indexing

Word indexing can either process the output of Optical GttaraRecognition (OCR)
engines or directly work on the document image. When the uSHt is not advisable,
either due to the low quality of images or to the presence ofstandard fonts, then
image-based word retrieval is a viable alternative [23].



Fig. 2. Example of SOM built on the Gothic dataset.

Two main strategies have been considered in the literadestic word represen-
tation and character-like coding. In holistic word reprégaéon each word image is
encoded by means of some of its most salient features (e.gutinber of characters or
the number of ascenders/descenders) [24]. A particula afisolistic word represen-
tation is zoning (e.g. [25]) that consists of overlapping Word image with a fixed-size
grid and computing some values (e.g. the density of blacklgjxn each grid region.
In methods based on character-like coding some objectsgttientially correspond to
characters) are extracted from each word. The word is thgmesented by concatenat-
ing the codes assigned to the objects on the basis of shapargimin the research
described in this paper we deal with modern printed docustiiat frequently contain
text printed with legacy fonts. Moreover, due to changedh@alanguage, the contem-
porary dictionaries can provide a little help for the recatign.

In this section we describe the use of SOM clustering forgrering the word
indexing with a character-based approach (see also [26inD the indexing, each
document image is first processed with a layout analysis ttwdl identifies the text
regions and extracts the words. The words are then splisirtisjoint index partitions
on the basis of the image aspect-ratio. The organizationoofisvinto index partitions
allows us to reduce the number of words to be compared agaigisen query and to
build uniform representations for the words having apprately the same number of
characters.

In the retrieval step a query word typed by the user is prezkssgth the ATEX
software and one word image is generated. This query imatiemsassociated with
some partitions, and a suitable word representation basezharacter clustering is
computed. The indexed words are then sorted on the basisfdimilarity to the
query by appropriate steps that are described in detailgh [2
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Fig. 3. Comparison of precision-recall plots with and without the use of tangstarte. The
transformations 1,2, 4, and 6 correspond to vertical shift, hyperbadikle, and line thickness,
respectively.

4.1 Character clustering

One important component of word indexing is the Charactge@iCO) clustering.
OneCO is a part of the word image that usually corresponds to a ctera&Character
Objects are identified by merging overlapping connectedpmrants [27]. TheCOs
extracted from a few random pages are used to compute apepollection-specific
character prototypes that are needed to represent thesiddenrds. The character pro-
totypes are identified by clustering th#)s. EachC'O image is scaled to fit an 8 by 10
grid, resulting in an 80-dimensional feature vector thaised to train a SOM.

4.2 Experimental Results

To evaluate the effectiveness of the proposed STUMmodel we compared the precision-
recall plots that are obtained by using the SOM and the STIMfor character clus-
tering. In the experiments we used two datasets describgb]nthe Gothic and the
French one. The two datasets have complementary featuredirst collection is com-
posed by few pages printed with a font that is not recognizedusrent off-the-shelf
OCR packages. On the opposite, the second collection csntadre than 600 pages
printed with a standard font.

Since the tangent distance is a technique particularledud deal with data-sets
where the number of training samples is low, we expect to Heteer results with
the Gothic collection. This idea is confirmed by the experitakresults that do not
show significant differences between the SOM and the StIMvhen dealing with the
French data-set. As a reference, we show in Figure 1 one naadpdls been computed
for this collection. We will not report results for this cedition.

On the other hand, when dealing with the Gothic data-set we same interesting
results that it is worth to describe. As a reference, we sind#wgure 2 one map that has
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Fig. 4. Graphical representation of a word SOM (French language).
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been computed for this collection. One quantitative coinsparof the two approaches
is achieved by testing the retrieval system described ipj@®out the use of the word
alignment method. The precision-recall plots shown in Fédiare obtained by running
the word retrieval system with 26 query word representativieoth frequent and rare
words and averaging the single plots. The five plots cormes$go the standard map
("“SOM") and to the results that can be achieved by using s@tegant transformations.
From this figure we can see that the SONds computed with these transformations
improve the precision-recall plots with respect to the dsd SOM.

5 Word clustering

In holistic word indexing the SOM is used to cluster togetiest similar words (from
a graphical point of view). The word images extracted with RLSA algorithm are
linearly scaled to the normalized dimensions, compute@é#mh partition, obtaining a
vectorial representation where each vector item contli@sverage gray level of the
pixels belonging to the corresponding grid cell. The maiabem of this approach
is the high vector size (hundreds of items) that is reflectéd & long training time.
However, it should be remarked that the training is perfathering the indexing, that
can be considered an off-line step.

In Figure 4 we show a SOM computed by processing the pagesrenzfrbook. A
deeper analysis of the contents of a few neurons is reportéigiure 5 where the words
are ordered on the basis of the distance from the centroideofluster. In general the
farthest words are loosely related with those closer to éméroid. The large vector size
affects also the retrieval performance for problems rdl&dethe curse of dimensional-
ity. To speed-up the search in high dimensional spaces weopeal in [28] a method
based on the combination of SOM clustering with the seareHdw dimensional space
obtained by PCA projection.
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Fig. 5. Contents of four neurons of the word SOM shown in Figure 4.

The main steps performed in the word retrieval are summa@azsdollows. We first
identify the three clusters closer to the query. In the sdcxiap we search the most
similar words sorting the PCA-projected vectors. Lasttyerge the three lists and
refine the final ranking, we compute the distance between dieeygvord and each
word in the three lists in the original space. Some detailgtkBments on the use of
SOM for holistic word indexing are described in [28].

In this paper we show some pictures summarizing the rescii®eable. Figure 4
contains a graphical representation for a word SOM, whdfreasontents of few neu-
rons are shown in Figure 5.

6 Non-latin scripts

One of the most important features of the clustering appresidescribed in this paper
is their ability to adapt to various fonts and languages eitra large amount of prior
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Fig. 6. Example of a character SOM built on Devnagari script.

knowledge. To verify this idea we made some experimentsigtiieg to cluster a few
pages printed with an indian script.

The documents that we considered are quite clean, and thetéie word segmen-
tation. The character segmentation is somehow more condpiexo the presence of
head-lines [29], however we was able to correclty segmest oiwracters by applying
a thresholded vertical projection profile method [30], thas$ been originally designed
for roman scripts, that performs quite well on this script.

Figure 6 shows a character map that can be used for wordvadthg means of the
character-clustering based word indexing approach destin Section 4.

To explain the word clustering we show in Figures 7-9 somelycal representa-
tions of the SOMs that have been build for the index partttibrio 3, respectively (see
Section 4). Lastly, we show in Figure 10 the contents of sog@ans for the three
partitions.

7 Conclusions

In this paper we analyzed some applications of charactewand clustering. We pro-

posed a new training algorithm for the SOM map that integréte tangent distance.
The new approach has been evaluated at the character letta fword retrieval. Some
examples of word clustering have been shown as well. It iDitat to recall (Section

3) that clustering algorithms can be used also for classific@urposes, for instance by
labeling a SOM with patterns of a known class. Lastly, we reggbsome preliminary

results concerning the clustering of non-roman scripts.
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References

10.

11.

12.

13.

. Kohonen, T.: Self-organizing maps. Springer Series in Inform&idences (2001)
. Bernard, E., Casasent, D.: Invariance and neural nets. |E&fiSdctions on Neural Net-

works2(5) (1991) 498-508

. Simard, P.Y., LeCun, Y., Denker, J.S.: Memory-based ataraecognition using a transfor-

mation invariant metric. In: Int'l Conference on Pattern RecognitioB94) 262—-267

. Xu, R., Wunsch, D.: Survey of clustering algorithms. IEEE Tratieas on Neural Networks

16(3) (2005) 645-678

. Duda, R.O., Hart, P., Stork, D.G.: Pattern Classification. John \&ilsgns (2001)
. Ahmed, P.: A neural network based dedicated thinning method.1Bg). (1995) 585 — 590
. Datta, A., Parui, S.K., Chaudhuri, B.B.: Skeletonization by a topckpptive self-

organizing neural network. Pattern Recognit®h(2001) 617-629

. Sasamura, H., Saito, T.: A simple learning algorithm for growing @gj&nizing maps and

its application to skeletonization. In: Int'l Joint Conference on Neuraideks. Volume 1.
(2003) 787-790

. Palenichka, R.M., Zaremba, M.B.: Multi-scale model-based skelttion of object shapes

using self-organizing maps. In: Int'l Conference on Pattern Reitiogn(2002) 143-146

Lu, Y., Tan, C.: Information retrieval in document image datebasEEE Transactions on
Knowledge and Data Discovefy§(11) (2004) 1398-1410

Haffner, P., Bottou, L., Howard, P.G., LeCun, Y.: DjVu: armg and compressing scanned
documents for Internet distribution. In: Int'l Conference on Docatnalysis and Recog-
nition. (1999) 625-628

Witten, I.H., Moffat, A., Bell, T.C.: Managing gigabytes: comieg and indexing docu-
ments and images. Academic Press (1999)

Hobby, J.D., Ho, T.K.: Enhancing degraded document imagebitmap clustering and
averaging. In: Int'l Conference on Document Analysis and Reitimgn (1997) 394—-400



14.

15.

16.

17.

18.

19.

20.

21.

b

2

O}
d|
H- .o
1Edn

aillﬂm‘.lmqlﬂlﬂ,ﬁdﬂ@quuﬂaw
IO EUIRA gt E3mgamamy
STHIS{ [Fenideufwadiadsm
HISH= 3 dgfeaufal-eafae
TH Tﬁﬁﬂiqal—@?ﬂd@mﬂi
dsh H{UARA O gafmitmddis
N R S P EtiE I E RS REC G
CIERLGN ﬁmfﬁﬁ@ﬁalé 4@{%-& His
e Rl R i IR AGLE| L{ﬂﬁ_
& [ Aol s q e ST aTe e
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