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Summary. In this chapter, we discuss the use of Self Organizing Maps (SOM) to

deal with various tasks in Document Image Analysis. The SOM i s a particular type

of arti cial neural network that computes, during the learn ing, an unsupervised
clustering of the input data arranging the cluster centers i n a lattice. After an

overview of the previous applications of unsupervised leaming in document image
analysis, we present our recent work in the eld. We describe the use of the SOM
at three processing levels: the character clustering, the word clustering, and the
layout clustering, with applications to word retrieval, do cument retrieval and page
classi cation. In order to improve the clustering e ective ness, when dealing with
small training sets, we propose an extension of the SOM training algorithm that

considers the tangent distance so as to increase the SOM robgtness with respect
to small transformations of the patterns. Experiments on th e use of this extended
training algorithm are reported for both character and page layout clustering.

1 Introduction

Supervised classi ers are important components of most Dogment Image
Analysis (DIA) systems. Few systems rely on unsupervised Erning, or clus-
tering. In unsupervised learning there is no explicit teacker and the training
algorithm takes into account unlabeled samples. Systems tht include cluster-
ing algorithms discover \natural" groupings, or clusters, of the input patterns
that can be used in subsequent processing steps. Some specknowledge
about the nature of the patterns to be processed is considedein the design
of the clustering algorithms, for instance to x in advance the desired number
of clusters to be found in the training data. An appropriate choice of this pa-
rameter is essential for maximizing the performance of clugring algorithms.
Another important feature is the type of distance function t hat is embedded
in the clustering algorithm.

In this chapter, we focus our attention on a particular kind of clustering
algorithm, the Self Organizing Map (SOM) [1], that is well suited to dimen-
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sionality reduction and exploratory data analysis. We analze various appli-
cations of SOM-based clustering in document image analysisub-tasks and
the incorporation of the tangent distance in the SOM training.

The chapter is organized as follows. In Section 2 we summarmgzthe main
features of SOM, as well as its standard training algorithm. In Section 3
we survey some recent applications of clustering algorithra in DIA with a
particular emphasis on the use of the SOM. In Section 4 and in &ction 5 we
discuss our work related to SOM clustering at the characterword, and page
levels. Lastly, we present our concluding remarks in Sectio 6.

2 Self Organizing Maps

Self Organizing Maps are a particular kind of unsupervised Ati cial Neural
Network (ANN). In this section we summarize some aspects of AINs that
can be relevant to appreciate the SOM peculiarities. We desibe also some
strategies that have been proposed in the literature to obtén invariant training
systems. Additional information on ANNs can be found in othe chapters of
this book or in specic survey papers (see e.g. [2] for an oveiew of ANNs
applications in the eld of Document Image Analysis).

2.1 Arti cial Neural Networks

Arti cial Neural Networks are biologically inspired proce ssing systems com-
posed of a set of units, referred to as neurons, and a set of vggited connections
between neurons where the signals are propagated. One of thest models
for arti cial neurons was the perceptron, which operates oncontinuous inputs
and returns a Boolean output usually regarded as a classi cion of the input
pattern. Perceptrons were dismissed primarily because oftieir limited capac-
ity for function approximation. In contrast, Multi-Layer P erceptrons (MLPs)
exhibit a universal interpolation capacity (see e.qg. [3, 4]. In Multi-Layer Per-
ceptrons the neurons are arranged into layers, and the conmgions link one
layer to the next one. The input is regarded as a special layewhich is prop-
agated forward to hidden layers and, lastly, to the output. The term MLP
usually denotes networks with sigmoidal neurons. Also RBF etworks present
the same layered architecture, but are often organized in tw layers composed
of RBF units and sigmoidal units, respectively.

The neural network's learning process can be either supersed or unsuper-
vised. In the former case an expected target value is assigd¢o each example.
In the latter case there is no external teacher that pre-de nes the desired be-
havior of the network for the training samples. The superviged training of
feed-forward architectures is performed by searching in te weight space for a
set of parameters minimizing the mismatch between the targevalues and the
network outputs. This search is typically made with the Back-propagation al-
gorithm [5]. Competitive learning is another class of training algorithms where
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the output neurons compete among themselves. Both unsupeised (e.gVector
Quantization and Self Organizing Maps[6]) and supervised learning (e.g.
Learning Vector Quantization) can be considered. In the Self-Organizing Map
the neurons are usually arranged in a two dimensional lattie and each neuron
receives inputs from the input layer and from the other neurms in the lattice.
During the learning process the network performs clusterig. The mapping
of the neurons to class membership can be carried out upon cqgotetion of
the learning process. For instance, each neuron can be lateel with the most
frequent class among the training patterns belonging to itscluster.

2.2 Invariant Recognition

One of the most important goals in pattern recognition is the ability to achieve
invariant recognition with respect to irrelevant distorti ons of the input pat-
terns. For this purpose, prior knowledge on the pattern recgnition problem
to be solved can be considered in the training process adopty three main
strategies: invariance by feature extraction, invarianceby training, and invari-
ance by structure [7].

In invariance by feature extraction , the prior knowledge is considered
in the design of the feature extraction algorithm. A pattern can be represented
either with a at feature vector or with higher level structu ral representations
(e.g. lists, trees, or graphs). In pattern recognition applcations, including
DIA, this is the prevailing strategy and large emphasis is paced on the design
of appropriate feature extraction algorithms adopting standard paradigms for
the classi cation.

In invariance by training , the prior knowledge is used when building
the training set that is designed to contain samples depicting di erent aspects
of the patterns to be processed. For instance, in the case of CR, invari-
ance to translations can be obtained by \building" training samples that are
slightly shifted with respect to the original position (in [ 8] this type of pro-
cessing is referred to as dithering). A similar approach haveen proposed, for
instance, for the generation of touching characters requied to train neural
segmentation algorithms [9]. A related application for the generation of syn-
thetic handwritten data is described in the chapter by Varga and Bunke in
this book.

In invariance by structure  the classi er is designed to produce the same
output when transformed versions of one pattern are presemd to it. Con-
volutional networks [10] are examples of architectures basd on feedforward
neural networks which are invariant with respect to translations (for instance
in handwriting recognition). Convolutional neural networ ks are based on local
receptive eldswhere each hidden neuron (the receptive eld) is only conneted
to a set of units in the previous layer. The rst layers are organized as local
receptive elds to extract some elementary visual featuressuch as orientated
edges, end-points and corners, independently of horizontand vertical trans-
lation. Since the receptive elds of neighboring units ovefap, a large nhumber
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of connections should be trained, thus giving raise to overtting. To reduce
the number of free parameters and, consequently, the risk obver tting, the
units in a layer are organized in planes within which all the wits share the
same set of weights.

One extension of this approach relies on the use of the tangéxdistance in
the training algorithm so as to incorporate into the learning process some tol-
erance with respect to small known transformations [11]. Fo example, in [12]
the tangent distance was used for computing the input-outpu distance of
autoassociators, obtaining a recognition of handwritten daracters that is in-
variant with respect to a set of eight transformations (x- and y-translation,
rotation, scaling, axis-deformation, diagonal-deformaton, x- and y-thickness).
An autoassociator ([13], pp. 55, 161) is an MLP with the same omber of input
and output units and less neurons in the hidden layer. Duringthe training the
network, that is forced to reproduce the input to the output, is fed only with
samples of one class. A modular classi er can be built by feedg in parallel
one autoassociator for each class, and including one de@si module which
interprets the distances between the output vectors and theinput pattern.
The lower the distance, the higher the similarity between the pattern and the
corresponding autoassociator class.

In this chapter the integration of the tangent distance in the context of
character clustering will be discussed in Section 4.1, wheas the layout clus-
tering based on tangent distance will be addressed in Sectin5.2.

2.3 Self-Organizing Map

The Self Organizing Map (SOM [1]) is an arti cial neural network that per-

forms clustering by means of unsupervised competitive leaning. In the SOM

the neurons are usually arranged in a two dimensional lattie (the feature
map). Each neuron gets information from the input layer and from the other

neurons in the map. The training samples are usually descried by real vectors
x(p) 2 R", where p is the index of the sample ¢ 2 [1;Np]), and Np is the
number of training patterns. Each node in the SOM contains a nodel vector
m; 2 R" that can be regarded as a prototype of the patterns in the cluger.

During the learning, the network performs clustering and the model vectors
are modi ed so as to re ect cluster similarity. The goal of the mapping is to
represent the patterns in the source space by correspondingoints in a lower
dimensional target space (e.g. a 2D space). In this mappinghie distance and
proximity relationships should be preserved as much as po#gse.

The initial values of the model vectors, m;(0), can be selected at random
or can be initialized in some orderly fashion, for instance eranging the vectors
along a two-dimensional subspace spanned by the two princid eigenvectors of
the input data. The two most widely used learning algorithms are the on-line
and the batch. We report in Algorithm 1 a summary of the on-line version that
is the basis of the modi ed algorithm that is described later in this chapter.
Ny is the number of neurons andN+ ., is the number of training cycles.
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Algorithm 1 : On-line training

(IO

:forall i=1to Ny do
Initialize m;(0)

end for

p 0

s forall j =0to Nypin do

p p+l;

Find the BMU ( b(x))

ix(P) M = minifjj x(p)  mi(j)iig (1)

for all i 2 neighborhood ofb(x) do
Adapt model vectors

mi(j +1)= mi(i)+ oy (XP) - mi(i)); ()

where: B -
N g nri Tl
Moy (1) = ()exp( — 20) ); 3
end for
for all i 2 neighborhood ofb(x) do
mi(j +1)= mi(j)
end for
decrease (j)
decrease (j)
if p= Np then
p O
end if
: end for

The algorithm is based on two main stages.

. The training vector, x(p), is compared with all the model vectorsm;(j)
and the best matching unit(BMU) on the map is identi ed. The BMU is
the node having lowest distance with respect tax(p). The nal topological
organization of the map is heavily in uenced by the distance function
considered in this step. Usually, the Euclidean distance isonsidered and
the best matching unit b(x) is identi ed by Eq. (1).

The model vector of theBMU as well as those of its neighboring nodes are
changed so as to \move" towards the current input pattern x(p) according
to Eq. (2), where hyyy;i is the neighborhood function implemented with
a smoothing kernel that is time-variable and is de ned over the lattice
points. The neighborhood function is a decreasing functiorof the distance
between thei-th and the b(x)-th models on the map grid. The extension



6 Simone Marinai, Emanuele Marino, and Giovanni Soda

of the kernel is also decreasing monotonically during the #rations. A
common neighborhood function is based on the Gaussian funicin, Eq. (3),

where 0< (j) < 1 is the learning-rate factor that decreases with the
iterations, rj 2 <2 and ryy) 2 <2 are the locations of the neurons in the
lattice, and (j) de nes the width of the neighborhood function that also

decreases monotonically.

One advantage of the use of the SOM with respect to other clugring algo-
rithms is the spatial organization of the feature map that is achieved after the
learning process. Basically, more similar clusters are cker than more di er-
ent ones. Consequently, the distance among prototypes in th output layer of
the map can be considered as a measure of similarity betweeratierns in the
clusters, and this feature can be considered in several agphtion domains.

3 Unsupervised Learning in Document Analysis

The aim of unsupervised learning, or clustering, is to nd sane structure in a
set of patterns without the interaction with an explicit tea cher. In particular,
the goal of clustering is to identify a nite and discrete set of groupings in the
patterns. There is no universally agreed de nition of clusters, but in general
the similarity between objects in a group is required to be lager than the
similarity between objects belonging to di erent clusters.

When using clustering algorithms two important issues shold be ad-
dressed: the choice of an appropriate similarity measure odistance function)
and the identi cation of a rule to select the number of clusters to be found.
It is important to remark that the use of di erent distance me asures with a
given clustering algorithm can give rise to di erent groupings with signi cant
di erences in the nal results.

The applications of clustering in pattern recognition follow three main
lines ([14], page 517) that are brie y analyzed in the following.

Clustering algorithms are designed to deal withunlabeled datathis feature
is therefore particularly helpful in applications where the human validation of
the pattern membership needed to train a supervised classer is di cult. A
suitable combination of supervised and unsupervised appm@xches relies on the
preliminary identi cation of the clusters on the basis of unlabeled patterns.
A class is attached to the clusters relying on a reduced numbreof labeled
patterns. We will discuss a page layout classi cation methal based on this
idea in Section 5.2.

A second approach relies on the application of unsupervisettarning to
extract featuresto be used, for instance, as input to a discriminant classi .
Features computed by means of unsupervised clustering canebconsidered
also for retrieval systems. An application of this approachin DIA is character
clustering that is discussed in Section 3.3.
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Exploratory data analysis is an application of clustering techniques that
allows to discover natural orderings of the patterns and carbe suitably inte-
grated in complex pattern recognition systems. Several tdmiques described
in this chapter can be used in this context.

In the rest of this section we analyze some recent applicatits of clustering,
with a special emphasis on SOM-based approaches, in the eldf document
image analysis.

3.1 Symbol Thinning

Thinning algorithms are used, in pre-processing, to extrat features based
on the symbol skeleton. These features, when used in handvitén character
recognition systems, allow a recognition independent fronthe stroke thick-

ness. Ahmed proposed in [15] a clustering-based skeletoation algorithm

(CBSA) implemented with SOM. The CBSA is composed by two main steps:
in the rst step some clusters, corresponding to adjacent pxels, are located in
the input image; in the second step the skeleton is built conecting together
the neighboring cluster centers. The clustering step is imfemented in [15] by
means of a particular SOM (the self-organizing graph) wherethe adjacency
of neurons can change during learning. More recently, a topogy-adaptive
self-organizing neural network has been proposed for sketmization [16]. The
map grows in size over time and improves the performance withrespect to
a SOM having a xed dimension. The system can handle rotated ptterns
and works with binary and gray level images. A similar approah is described
in [17], whereas a multi-scale skeletonization method baseon SOM is de-
scribed in [18].

3.2 Layout Analysis

Layout analysis is executed after the pre-processing withhie aim of extracting
homogeneous regions from the document image assigning a samtic mean-
ing to each region. When dealing with color documents, the lgout analysis
consists in the identi cation of regions with uniform color. To this purpose,
di erent colors are rst identi ed and then pixels having th e same color are
grouped together. The color identi cation is frequently addressed with clus-
tering in the color space. Global color clustering methods ee described in [19]
and in [20]. In [19] the clustering is obtained by using the Ewlidean Mini-
mum Spanning Tree (EMST) in color space, that is claimed to piovide better
results than the k-means algorithm. In [20] three-dimensimal morphological
operators are adopted to erode the regions in the color spacdterating this
erosion the cluster centers are identi ed. In [21], a color gouping algorithm,
the LOCUSI method, is proposed. This algorithm extracts the clusters n the
RGB space and is based on the analysis of the expected shapeatdisters in
this space.
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Clustering at the spatial level is adopted in [22] for documeat image seg-
mentation. In this case, the text lines are represented by mans of the proposed
interval encoding and subsequently clustered with the k-means algorithm. A
hierarchical clustering algorithm is adopted in [23] for gouping closest con-
nected components in an OCR system that is aimed at processinmathemat-
ical equations.

3.3 Character Clustering

Character clustering is the basis of somecharacter-like coding techniques
where similar objects, usually corresponding to charactes, are clustered on
the basis of their shape. Each word is then represented by ceatenating the
codes assigned to the individual objects. In character-lig coding, in contrast
with OCR, no alphabetical class is assigned to symbols. Theugry is encoded
with the same algorithm used during the indexing and is compaed with the
indexed words taking into account various matching approabes. For instance,
in [24] the words are represented with strings and comparedymeans of an
inexact string matching technique. By adopting this symbolic representation
indexed words can be sorted allowing users to retrieve wordprinted with
di erent fonts as well as to satisfy partial-match queries.

Character clustering is applied also in some document imageompression
algorithms that rst group together similar symbols roughl y corresponding
to characters. The characters and the background image arefterwards com-
pressed with speci c algorithms [25, 26]. In [26] the charaters are compressed
by extracting the marks (connected components) in each page, and a library
of marks is built. Each mark is then replaced with a pointer to the closest
item in the library. The library is obtained with a simple tem plate matching
clustering algorithm that provides good results when procasing documents
with a small variability of fonts and a low level of noise.

A related method is addressed in [27], where a hierarchicalustering algo-
rithm is used to enhance degraded document images. Bitmapsf the symbols
belonging to each cluster are identi ed and an average symbdor each class
is computed. By replacing the original symbols with the aveage bitmap it
is possible to render the document at arbitrary resolutionsand enhance de-
graded document images.

3.4 Handwriting

Clustering algorithms, and in particular the SOM, have beenwidely used for
the recognition of isolated handwritten digits. A three-stage recognition sys-
tem dealing with handwritten numerals is described in [28].The rst stage

is based on a SOM whose aim is to create prototypes represent parts of
the characters that capture the similarities between digits. The gradual shape
variations are represented in the feature map, since closgrrototypes gener-
ally represent similar patterns. In the second stage a suithle function is used
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to convert the distances between the input (unknown) pattem and the proto-
types into membership values so as to obtain a fuzzy membergh The third
stage performs the nal classi cation by means of a fully comected MLP.

A three-dimensional SOM for unconstrained handwritten numeral recogni-
tion is described in [29]. The third dimension is de ned by taking into account
11 layers of 9x9 SOMs. The neighborhood consists of the unithat are within
a cube centered on the BMU.

A hybrid handwritten word recognition system using SOM, discrete HMM,
and evolutionary programming has been proposed in [30]. Inhis system the
purpose of the SOM clustering is to partition the feature spae into a set
of codeword vectors to limit the number of observation symbds in discrete
HMM training. The weight vectors of the trained map are used as codewords to
describe the word frames, that are represented by a sequenoé 2-dimensional
codeword positions in the map. The neighborhood informatio preserved by
the SOM is used for smoothing the trained HMM parameters.

In [31] handprinted character recognition is addressed by épresenting the
characters with a xed number of ellipses that capture the local structure of
the strokes. Each ellipse is described with the center, theeingth and the ori-
entation of the mayor axis. A modi ed SOM is used to accompli$ one elastic
matching and nd the correspondence between the feature paits. When the
network converges, a mapping between the input feature patrns and the
neuron support is obtained.

3.5 Structure Adaptive Classi ers

Structure adaptive classi ers automatically adjust their structure to the un-
even distribution of classes in the pattern space. These ctsi ers are par-
ticularly useful in applications where a large number of cla@ses is addressed,
such as oriental character recognition. In this context, clstering algorithms
are frequently used for grouping together most similar paterns in modular
classi ers, that are mostly based on parallel and serial corhinations [32].

In serial combinations [2] the classi ers are arranged in aikt. For each un-
known pattern the rst classi er decides if a further re nem ent of the decision
is required by one or more subsequent classi ers. The indidual classi ers are
usually applied in increasing order of complexity and the \amplest" symbols
are recognized rst, whereas the more dicult ones are processed by next
classi ers. Some methods analyze the recognition resultsfahe rst classi er
in order to identify the most confused classes. Examples othis approach are
proposed in [33] and in [34]. In [33] maxima in the confusiondble are automat-
ically identi ed. In [34] the confusion table of the rst sta ge, a feature-based
OCR, is manually analyzed to nd nine sets of classes corregmding to most
confused groups of characters (e.d.S,5,6y; f B,D,0,8g), which are recognized
by appropriate MLPs. Alternatively, clustering algorithm s can be explicitly
applied to the characters belonging to the learning set. Forinstance, Suet
al. [35] cluster together similar characters and organize the lassi ers so that
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most indistinguishable classes (e.g. \4" and \A") are recoqiized by the last
networks. Each network is subsequently trained to recognie the patterns be-
longing to its classes, and to reject the patterns that shoull be recognized by
the other classi ers.

In hierarchical combinations, the classi ers are arrangedn a tree. A struc-
ture adaptation method for the recognition of Korean charaders using a self
organizing neural tree has been proposed in [36]. The basidéa is to automati-
cally nd a network structure and size suitable for the clasd cation of large-set
and complex patterns. The tree-structured network is basedon subnetworks
that are logically connected to nodes in the previous levelAs a matter of
fact, subnetworks de ne with higher resolution regions of the pattern space
containing more patterns. Another hierarchical structure adaptation SOM for
the recognition of handwritten digits is proposed in [37].

3.6 Text

The WEBSOM [38] is a SOM-based system that is able to organizdarge
document collections according to textual similarities. The feature vectors
describing the documents are statistical representation®f their vocabularies.
One peculiarity of the system described in [38] is the scalig up of the SOM
algorithm in order to process large collections of high-dinensional data. In the
experiments 6,840,568 patent abstracts have been mapped tmna 1,002,240-
node SOM. To reduce the feature vector size some random prajéons of
weighted word histograms are computed, obtaining 500-dimesional vectors.
A similar application has been described in [39].

In [40] the documents are represented with feature vectorsantaining the
occurrences of 489 terms in each document so as to reveal theacument sim-
ilarity. One hierarchical feature map is then built considering this document
representation. This hierarchical representation is claned to be well suited
for text archive organization.

The SOM clustering is used in [41] to build a lexical analyzerdesigned
to focus on a very limited sub-set of the whole dictionary. Eah string S is

number of characters of classC; (Co = 'A" ;:::;Cy = 'Z") in the string S

(the anagrams of S share the same representation). The map & two dimen-

sional array, organized as a tore to avoid singularity e ecs on the sides. The
neighborhood relations in the projected space of the map aresed to de ne

a short list of hypotheses considered for spell checking.

3.7 Discussion

In this section, we analyzed some applications of unsupersed clustering in the
domain of DIA. The main advantage of SOM clustering, with regpect to other
clustering algorithms like k-means, is the spatial organiation of the neurons
that re ects cluster similarity into prototype proximity i n the 2D space. The
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distance among prototypes in the SOM map can therefore be camidered as
an estimate of the similarity between objects belonging to he clusters. It is
important to remark that in general the use of SOM for multiva riate data
projection on large data sets is not advisable due to the higlcomputational
cost [42]. However, usually a reduced number of objects (obined from few
documents) are used to compute the mapping that is subsequély adopted
to label all the patterns to be processed.

In the next sections we describe the use of the SOM at three piessing
levels: the character clustering, the word clustering, andthe layout cluster-
ing, with applications to word retrieval, to document retri eval and to page
classi cation.

4 Word Indexing

Word indexing, that aims at a fast retrieval of words in a document collec-
tion, can either process the output of OCR engines or directf work on the
document image. Several strategies have been proposed toalewith OCR
errors [43, 44]. In most approaches the uncorrected OCR outyt is used for
text indexing and the words are compared with the query by meas of string
edit distance algorithms. This strategy has been improved by modifying the
edit costs for the most common OCR errors (e.g. [45]).

When the use of OCR is not advisable, either due to the low quaty
of images or to the presence of non-standard fonts, then imagbased word
retrieval is a viable alternative. Two main strategies havebeen considered in
this framework: character-like coding and holistic word representation.

In methods based on character-like coding some objects, thaotentially
correspond to characters, are extracted from each word. Thavord is then
represented by concatenating the codes assigned to the olefs. In so doing
similar words share most of the codes.

In the holistic approach each word image is encoded by meansf gome
global features (e.g. the number of characters or the numberof ascen-
ders/descenders) [46]. A particular case of holistic word epresentation is
zoning (e.g. [47]) that consists of overlapping the word imge with a xed-size
grid. Suitable features, such as the density of black pixelsare computed in
each grid region. Most keyword spotting methods are based othis kind of
representation. For instance, signal processing technices are used in [48] to
allow scale and translation invariance. Holistic shape fetres for handwrit-
ten word image retrieval are described also in [49] where a &ining set is
used to learn a joint probability distribution between word features and their
transcriptions.

In this section, we discuss the use of SOM clustering to perfon word
indexing with two approaches: a character-based and a holi one. In both
cases, during the indexing each document image is rst procsed with a
layout analysis tool that identi es the text regions and extracts the words
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using an RLSA-based algorithm. To perform the word retrievd a query word

is inserted into one text eld in the user interface. A word image is computed
by processing the query word with the BRTEX software and this image is used
to compute a suitable word representation either based on dwacter clustering

or on holistic features. Lastly, the indexed words are sortd estimating their

similarity to the query by appropriate processing steps tha are described in
detail in [50] for the character-based encoding and in [51]dr the holistic-

based approach. In this section we focus our attention on theeculiarities of
character and word clusterings.

4.1 Character Clustering

In word indexing based on character coding each word is rst plitinto Charac-
ter Objects (CO) that in most cases correspond to isolated characters (sorme
times one CO can comprise two touching characters). TheCOs extracted
from a few random pages are used to compute appropriate collion-specic
character prototypes by means of SOM clustering. To improvethe clustering
we include the tangent distance into the on-line training algorithm as detailed
in the following.

Tangent Distance

The SOM training algorithm generally relies on the Euclidean distance to
compare the training patterns and the model vectors. Unforunately, the Eu-
clidean distance between two patterns is very sensitive to mall transforma-
tions and a limited displacement of a character can give ris¢o a large value
of the distance, since many pixels in the two patterns are nodnger aligned.
To address this problem, we propose the use of the tangent di&nce in the
SOM training algorithm.

The invariance of the training algorithm with respect to tra nsformations of
the patterns (Section 2.2) can be achieved with techniques#sed on invariance
by structure, invariance by feature extraction, and invariance by training.
The use of the tangent distance into a training algorithm canbe considered
an invariance by structure technique whose goal is the incgroration in the
distance function of the tolerance with respect to small transformations in the
pattern space.

We shortly outline in the following the tangent distance principle. Readers
interested in more details can refer, for instance, to [11]Let us suppose to
transform a pattern P with a non linear transformation t that is controlled
by one parameter (for instance t can be the rotation of the pattern with
the angle ). In the pattern space the set of all the transformed patterns
Sp = fxj9 x = t(P; )g can be regarded as a one-dimensional curve
parametrized by . In the general case several transformations are combined
together. The, possible transformations can be characteried by a vector of
n parameters’( ), that is expected to describe all the possible deformatios
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that can be applied to the patterns. The patterns in Sp are now arranged in a
manifold and two objects P and Q in the same class are expected to generate
identical manifolds Sp Sg. Two problems should be addressed to compute
the distance between patterns taking into account these maifolds.

The rst problem is related to the identi cation of appropri ate transfor-
mations that should generate realistic patterns. In the cag of handwritten
characters, some standard transformations have been propged, such as ro-
tation, translation, and line thickening. However, real patterns are usually
subjected to transformations that are di cult to model and a ctual patterns
usually stay close to the manifold but are not perfectly descibed by it.

The second problem is related to the computational cost reqined to eval-
uate the distance between two manifolds. The solution addresed by the tan-
gent distance approach is based on a local approximation ofree manifold by
means of the hyperplane tangent to it in the point P. The tangent plane is
de ned with the linear combination of the n vectors computed by applying
small independent transformations to the original pattern.

The tangent distance between patternsP and Q can be computed by rst
de ning the tangent planes to P and Q:

| |
Te(p)=P+Lp p
To( @)= Q+Lq o
whereLp and Lo are the matrices containing the tangent vectors which

are usually pre-computed. Thedouble-sidedtangent distance is de ned as the
minimum Euclidean distance between the tangent planes:

(4)

TD(P;Q) = Minyar, y21oliX  Vii*: ()

Computing the tangent distance amounts to solve a linear leat squares
problem (e.g. see [11]). In some cases it is simpler to use tl@e-sidedtangent
distance where the minimum distance between one pattern andhe plane
tangent to the other pattern is computed:

TD1(P;Q) = minyot,jjx Qjj%: (6)

Character Clustering with Tangent Distance

Character object labeling is made on the basis of the prototpes that are
obtained by clustering the COs contained in some pages of the collection to
be indexed. EachCO image is scaled to t a xed size grid obtaining an 80-
dimensional feature vector that is used as input to the clusering algorithm.
The SOM-based character clustering computed using the Euaean distance
is very sensitive to small local transformations of the chaacter. To reduce
these problems in the proposed SOMID model we use the tangent distance
instead of the Euclidean distance during the SOM training. To speed-up the
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Fig. 1. Two SOMs built on the Gothic data-set. Left: map computed wit h the
SOM_TD. Right: map computed with the standard SOM training.

training we pre-compute the tangent vectors for each patten (CO) in the
training set. Even if the estimation of the tangent vectors is computationally
expensive, it is important to remark that the vectors are computed only once
for each pattern. During the training, we use the one-sided &ngent distance,
Eq. (6), to identify the BMU for each pattern, replacing Eq. (1) with:

ix(p)  Mppoli = minif TD1(x(p); mi(j))o: (7)

In the next section we compare the results obtained perfornig the char-
acter clustering with the standard SOM training algorithm and with the
SOM_TD model.

Experimental Results

To evaluate the e ectiveness of the proposed SOM training mdel we used
two data-sets having complementary features described in50]: the Gothic
and the French one. The Gothic data-set contains 14 pages pmed with a
Gothic font that is not recognized by current o -the-shelf O CR packages. The
second data-set contains more than 600 pages printed with atandard font.

The tangent distance is a technique appropriate for data-sts having a
small number of training examples. It is therefore not surpiising that the
experimental results on the French data-set do not show sigircant di erences
between the standard and the tangent SOM. Therefore, we willnot discuss
results for this collection in the chapter.

On the other hand, when dealing with the Gothic data we have sme in-
teresting results that it is worth to analyze. A pictorial co mparison of the
maps computed with the two methods is shown in Figure 1. The gantita-
tive comparison of the two approaches is obtained by testingthe retrieval
system described in [50] without the use of the word alignmeihmethod that
is described in that paper. The precision-recall plots show in Figure 2 are
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Fig. 2. Comparison of precision-recall plots with and without the u se of the tangent
distance. The transformations 1,2, 4, and 6 correspond to vertical shift, hyperbolic,
scale and line thickness, respectively

Precision
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Fig. 3. Comparison of di erent combinations of various tangent vec tors. For in-
stance, the black circle corresponds to the combination of vertical shift, hyperbolic,
and line thickness.

computed by running the word retrieval system with 26 query words represen-
tative of both frequent and rare words and averaging the singge plots. The ve
plots correspond to the standard map (\SOM") and to the results obtained
with the SOM _TD model using some of the most important transformations.
The tangent vectors computed with these transformations alow us to obtain
better results with respect to the standard model, since theprecision-recall
plots are always better than the SOM one. Figure 3 shows the mults that
can be obtained with few combinations of the transformatiors analyzed in
Figure 2.
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Fig. 4. Graphical representation of a WordSOM.

4.2 Holistic Word Clustering

In holistic word indexing the SOM is used to cluster together most similar
words (from a graphic point of view). The word images are linarly scaled to
appropriate normalized dimensions, obtaining a vectoriakrepresentation where
the value in each vector item is the average gray level of the igels belonging
to the corresponding grid cell. To allow a uniform represenation for variable
size words we compute six maps. Each map contains the words Yiag aspect-
ratio in a pre-de ned interval. The main drawback of this approach is the
large vector size (hundreds of items) that is re ected into along training
time. However, it should be remarked that the training is performed during
the indexing, that can be considered an o -line stage.

In Figure 4 we show aWordSOM computed by processing the pages in a
book belonging to the French data-set previously mentionedA deeper analysis
of the contents of four neurons is depicted in Figure 5 wherehte words in the
clusters are ordered from top to bottom on the basis of the ditance with
respect to the model vector of the neuron. As we can expect, # farthest
words are generally loosely related with those closer to thenodel vector.

The large vector size a ects the retrieval performance for poblems related
to the curse of dimensionality. To speed-up the search in hig dimensional
spaces we proposed in [51] a method based on the combinatioh $OM clus-
tering with the search in a lower dimensional space obtainecby the PCA
projection. The main steps performed in the word retrieval ae as follows.
We rst identify the three clusters closer to the query. In th e second step we
search the most similar words sorting the PCA-projected vetors. Lastly, to
merge the three lists and re ne the nal ranking, we compute the distance
in the original space between the query word and the most sinf@r words in
the three lists. Some detailed experiments on the use of the@M for holistic
word indexing are described in [51].
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Fig. 5. Contents of four neurons of the WordSOM shown in Figure 4. The words
are sorted on the basis of the distance from the cluster centroid.

5 Page Indexing

In this section, we discuss two approaches aimed at indexinglocuments at
the page level. The rst application (Section 5.1) targets the page retrieval
considering text similarities computed combining word image clustering and
the tf-idf weighting. In Section 5.2 we explore the SOM clustering of te page
layout for page classi cation applications. In this approach, we analyze also
the use of the tangent distance between vectorial represeations of the page
layout in order to improve the recognition rate for data-sets containing few
labeled pages.
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5.1 Document Retrieval

The proposed document retrieval based on word image clustarg originates

from one classical approach in text-based Information Retieval: the vector

model (see [52], Chapter 2). This approach is based on a vectorialedcription

of the document contents where the vector items are relatedd the occurrences
of index terms, usually corresponding to words, in the docurant. Vector val-

ues are weighted to give more importance to most discriminanterms. To

this purpose one common approach relies on the well knowtf-idf weighting

scheme. The basic idea is that index terms that are present irmany docu-

ments of the collection should have a low weight since their pesence is not
discriminant. With the tf-idf approach the weight assigned to thek-th word

in the document D; is computed by:

N
wix = fix log e (8)

wherefy is the frequency of thek-th word in D; normalized with respect
to the maximum word frequency in D;, N is the total number of documents,
and ng is the number of documents containing thek-th word.

The vector model has been designed to process textual documis where
the word identi cation and clustering (with possible stemming and stopword
removal) is quite straightforward. The document retrieval discussed in this
section relies on the use of the WordSOM clusters in lieu of ASIl words in
the tf i weighting. Basically, a document is represented by a vectowhose
items correspond to the neurons of the six maps computed (S&on 4.2). Each
vector item contains the number of words in the document that are assigned
to the corresponding neuron (i.e. the words having that neuon asBMU ). In
analogy with the vector model, we apply thetf  id weighting to this rep-
resentation. It is worth to remark that the size of the overall vector (on the
average 1,800 items) is smaller than the typical size of the idtionaries con-
sidered with the vector model (for instance for the well known Reuters 21578
corpus the dictionary contains around 19,000 terms). Afterthe indexing, a
weighted vector is associated to each document.

To perform document retrieval a vector is computed from the query doc-
ument taking into account the neurons assigned to each wordn the page.
The similarity is evaluated by comparing the query (q) with each indexed
document (d) by using the cosine of the anglebetween the vectors:

P
o (G_d)

n 12 'Jnlz
izo G iz di

sim(q.d) = &

(9)

To obtain a global ranking of the indexed documents we compug the sim-
ilarity of all the documents with respect to the query and sort the documents
on the basis of the measure computed in Eq. (9).
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Rank|Page| Sim. |Most frequent words

1 | 448|0.1624{carbonate, carbon, sulfate
(carbonate, coal, sulphate)
2 | 446 |0.1492four
(oven)
3 |1007|0.1368 mouvement, cylindre, ouvrier, roues
(movement, cylinder, worker, wheelg
82210.1348{
1164|0.1320similar to 1007
1254(0.1313{
455 {0.1309 ammoniaque, sulfate
(ammonia, sulfate)

~N o oA

Table 1. Most frequent words in the top ranked pages of the example query for
document retrieval.

Experimental Results

The experiments described in this section are made on two bds (contain-

ing 1280 pages) that are part of an encyclopedia addressing axhineries and
techniques of the industry of the XIX™ Century . The images are quite clean
and the OCR works well on these documents. The interest for tis data-set
lies on the homogeneity of the contents of the pages in each apter, so that

the evaluation is simpli ed.

An accurate evaluation of document retrieval systems requies a judgment
of the relevance which is provided by human experts. In our aplication this
information is not available and we evaluated the system in wo ways. First,
we made a global test by performing several queries for eaclthapter. Second,
we carefully analyzed some queries by checking the contentsf the neurons
providing the highest contribution to the similarity measu re (Eq. 9).

We describe in the following the results obtained with one qery page by
highlighting the most important neurons for each selected mge. The query
page (number 452) belongs to chapter &odium and potassium'and describes
one speci ¢ machinery. Therefore, the page contains severdechnical terms
(e.g. cylinder, wheels oven movement combustion handle heat, worker, rota-
tion). This machinery is used for the production of sodium and thefollowing
words are contained in the page:sulfate, reaction, carbonate chaux (lime).
Table 1 reports the rst ranked pages together with the most frequent words
contained in the clusters providing the higher contribution to Eq. (9). Pages
448 and 455 belong to the same chapter as the query page. Pagé&describes
a machinery very similar to the one addressed in the query pag Also the
machineries described at page 1007 and 1164 are very similés the query,
but are designed to work with other materials. Another interesting point is
the presence among the top ranked pages of few pages belongjito chapter 4

1 Les Merveilles De I'Industrie : downloaded from the web site of the National Li-
brary of France.
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Fig. 6. Two pages of the Issue2 class. We show the regions identi ed ly the layout
analysis and the grid overlapped to the pages.

(pages 419-480), since the query page contains few referescto sodium and
potassium.

5.2 Layout Clustering

Another application of SOM clustering is the page layout classi cation. The
approach proposed in this section is particularly useful wien dealing with
data sets where only few pages have been manually annotatednd therefore
the training of a discriminant classi er can be di cult.

Page classi cation methods generally represent the page yaut either with
xed-size feature vectors [53, 54] or with graphical strucures (e.g. graphs and
trees [55]). In [55] we compared some approaches for SOM-lek page clus-
tering relying on the MXY-tree page representation. Graphical representa-
tions usually su er important non-linearities and small tr ansformations (e.g.
translations) in the image space can give rise to signi cantchanges in the
subsequent representation.

In this chapter we propose the use of the tangent distance folayout clus-
tering. This clustering is subsequently used to perform thepage classi cation.
We propose a vectorial page representation that smoothly dgends on small
transformations in the image space. The latter is a requirerent to adopt the
tangent distance approach.

A layout analysis tool is used to extract the homogeneous regns in the
pages. Each page is then represented with a xed-size featarvector obtained
by computing appropriate features in the cells de ned by a regular grid su-
perimposed to the page. Two segmented pages of the same clag® shown
in Figure 6 together with the overlapping grid. From the gur e we can notice
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vL vL

Fig. 7. Simulation of a horizontal displacement of a page. For each page we show
the layout regions and the overlapping grid.

that the right page has a similar layout but is vertically shi fted. For each cell
we compute the percentage of its area that is covered by textimage and line
regions, respectively. For horizontal and vertical lines ve assign a virtual area
around each line (see the dotted area aroundL in Figure 7) and evaluate the
percentage of the cell covered by the union of all the virtualareas. In this way
broken lines provide a contribution similar to continuous ones.

Two of the most important transformations that should be addressed in
the layout clustering are horizontal and vertical displacements. To simulate
these transformations in the tangent distance paradigm we ompute, for each
training page, the new representations that are obtained byslightly shifting
the grid in the horizontal and vertical directions (an example of horizontal
displacement is shown in Figure 7). By means of these transfmed page
representations we can compute a sort of tangent vectors thacan be used to
train the SOM _TD with the method described in Section 4.1.

Experimental Results

In this section we discuss the performance of the SOMD model for page
layout clustering. The clustering is afterwards used to peform a layout-based
page classi cation with particular interest on data-sets having a reduced num-
ber of labeled training patterns. Two experiments have beenperformed to
analyze the approach under di erent conditions. In the rst experiment we
considered a data-set that is typical of digital library repositories that con-
tains a digitized Encyclopedia. The second experiment dealwith a collection
of commercial invoices.

The Encyclopedia data-set is composed by 6 books containing035 pages
that have been assigned to more than ten classésWe made our experiments
considering the seven most important classes (Figure 8). T SOM training

2 This data-set is a superset of the one used in Section 4.1.
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Fig. 8. Examples of pages of the main classes considered in the layauretrieval.

10x8 12x10 15x10
SOM |SOM _TD |SOM |SOM _TD (SOM |SOM _TD
55.59| 67.51 |59.91| 60.97 |70.74| 71.41

Table 2. Encyclopedia Data Set: average recognition rate for various sizes of the
SOM.

has been made with the 617 pages of the rst book. Figure 9 shosvone SOM
trained on this data-set. Some map regions containing simir pages have been
identi ed in order to make easier the visual analysis of the map. After training
the SOM map either with the standard or with the SOM _TD algorithm we
label each neuron on the basis of the most frequent class amgrthe pages in
the training set ring the neuron.

During the test (that is made considering the remaining ve books) we
classify all the pages in the test set belonging to the nine elsses of inter-
est. The class assigned to each page is the label of the closeguron. The
comparison of the two approaches is made computing the recogion rate for
each class when using the standard SOM and the SOMD. To reduce the
variations in the training we used the same starting map for toth learning
methods. In Table 2 we compare the average recognition rateof the two ap-
proaches considering various map sizes. We can notice that &ll the cases the
tangent map provides better results. Moreover, larger mapsllow us to obtain
higher recognition rates. To further investigate these reslts we compare, in
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Fig. 9. A graphical representation of the layout SOM computed for th e Encyclopedia
data-set. Some regions containing similar pages are shown o the map.

Table 3, the recognition rate for each class when using the tgest map. We
can observe that the tangent map provides better results forall the classes
with the exception of the classeslext2lmage and Text2 . As a matter of fact
pages of the two classes are sometimes confused. The reasonthis behavior
is probably due to the fact that the Text2 class is the most populated one
and has a very simple layout (text on two columns). In this ca® the use of
tangent vectors is not useful since several training pattens already exist, and
the addition of local distortions can be confusing for the clistering.

The experiments performed on the invoice data-set have beemade with
the aim of evaluating the e ectiveness of the proposes SOMID model when
dealing with a large collection of patterns that are labeledonly in a small
percentage.
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SOM |SOM _TD

ImageText2 |81.33| 82.14

Text2lmage |69.08] 67.05
SecM2 36.30| 40.84
Image 96.72| 96.72
Issue2 84.21| 87.50
ITLPa 28.00| 32.00
Text2 96.03| 93.65

Table 3. Encyclopedia Data Set: average recognition rate of SOM and SOM _TD
for the main classes.

12x10 |15x10 {18x10
SOM 59% | 52% | 59%
SOM_TD | 58% | 66% | 61%

Table 4. Invoice Data Set: average recognition rate for various sizes of the SOM.

The SOM training and labeling has been performed in two steps rst
we trained a map with the SOM_TD algorithm considering all the patterns
belonging to the training set. In the second step we labeledame neurons in
the map on the basis of a majority voting computed with 64 page belonging to
15 classes. The classi cation is obtained, as before, assigg each unknown
page to the class of the closest neuron. Since a reduced nunmbef labeled
samples is available we made the experiments with a leave-erout approach.
From Table 4, containing the average recognition rate for tte invoice data-set,
we can notice that the best results are obtained with the 15xD map when
using the SOM.TD training algorithm. In this case we needed larger maps
with respect to the Encyclopedia data-set since there are me classes anf the
pages not belonging to the 15 labeled classes are more than alhof the whole
data-set.

6 Conclusions

This chapter addresses the use of unsupervised learning inlB applications
with a special emphasis on SOM-based clustering. Clustergn techniques are
particularly appropriate in applications where a large number of labeled train-
ing samples is not available, or when there is no need to assigpatterns into
a pre-de ned number of classes (for instance in document imge retrieval ap-
plications). A well known technique for enhancing classi as trained with a
reduced number of training patterns is the tangent distancethat we use, in
this chapter, for SOM training.

The application of SOM clustering is discussed at three mainprocess-
ing levels: character, word, and layout clustering. In particular, the proposed
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SOM_TD approach is evaluated on two applications: the word retrieval based
on character clustering and the layout classi cation basedon page clustering.
In both cases the experimental results con rm the hint that t he tangent dis-
tance is particularly suited when dealing with data sets havng a small number
of labeled training patterns.
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