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Preface

This volume of LNCS contains all of the papers that were presented at
the Second International Conference on Advances in Pattern
Recognition held in Rio, March 11-14, 2001. The conference was first
organised in November 1998 in Plymouth UK as a platform to bring
invited speakers to a key small-scale meeting where ideas could be
shared in a scientific environment. Philosophically, the conference
encourages papers that focus on the advances in the field of pattern
recognition. As such, the emphasis has been on the open exchange of
ideas. Paper presentation and discussion of technical issues is given
more time and more focus using a single track for the conference. The
conference encourages individuality and creativity in the scientific
context with the aim of fostering new ideas that will lay the foundations
for future scientific work in this area.

ICAPR 2001 was organised to bring together key plenary speeches by
leading researchers in pattern recognition. The plenary speakers
included Prof. Ruspini from SRI, USA, Prof. Pentland from MIT Media
Lab, USA, Prof. Bunke from the University of Berne, Switzerland, Prof.
Fukuda from Nagoya University, Japan, and Prof. Hlava from the
Czech Technical University, Czech Republic. Detailed knowledge of
specific domains was made available through the tutorial program on
the first day of the conference. The key themes under which the papers
were submitted and accepted included neural networks and evolutionary
computation, character recognition and document analysis, feature
selection, pattern recognition, and image/signal processing theory and
applications.

ICAPR 2001 was a fully reviewed conference and as such we are
thankful to a number of people for their contribution to the review
process. Also, thanks are due to the local arrangements committee for
making the conference possible in Rio. The support from the
International Association of Pattern Recognition has been key to
generating good publicity in the pattern recognition community. The
conference is also supported by the British Computer Society. Our
thanks are due to the International University in Germany, Tuiuti
University of Parana, and VARIG who have financially helped make
this conference a success. We would like to thank Springer-Verlag for
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continuing to support this conference series. Springer London printed
the previous proceedings of the UK conference in 1998 as a book. We
hope that Springer will continue to support this conference series in the
future.

For any conference, its success is determined by the quality of
publications it has and the longevity of the research papers that appear
in its proceedings. We hope that this LNCS volume will meet these
expectations. For making this possible, the authors and attendees of the
conference could not be thanked enough.

Sameer Singh
Nabeel Murshed
Walter Kropatsch
March 2001
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Towards Bridging the Gap between
Statistical and Structural Pattern
Recognition: Two New Concepts in
Graph Matching

H. Bunke, S. Giinter, X.Jiang
Dept. of Computer Science, Univ. of Bern, Switzerland
Email: {bunke sguenter,jiang}@iam.unibe.ch

Abstract

Two novel concepts in structural pattern recognition are discussed
in this paper. The first, median of a set of graphs, can be used to
characterize a set of graphs by just a single prototype. Such a char-
acterization is needed in various tasks, for example, in clustering. The
second novel concept is weighted mean of a pair of graphs. It can be
used to synthesize a graph that has a specified degree of similarity, or
distance, to each of a pair of given graphs. Such an operation is needed
in many machine learning tasks. It is argued that with these new con-
cepts various well-established techniques from statistical pattern recog-
nition become applicable in the structural domain, particularly to graph
representations. Concrete examples include k-means clustering, vector
quantization, and Kohonen maps.

Keywords: Graph matching, error-tolerant matching, edit distance, median
graph, weighted mean

1 Introduction

The field of pattern recognition can be divided into the statistical and the
structural approach. Statistical pattern recognition, including methods based
on neural networks, is characterized by the use of feature vectors to represent
patterns. A feature vector can be regarded as a point in an n-dimensional
feature space, and classification is accomplished by dividing this space into
disjoint regions, each of which represents a different pattern class. For a
recent survey on statistical pattern recognition see [12]. In the structural
approach, symbolic data structures, such as strings, trees, and graphs, are
used for pattern representation and pattern recognition is achieved by either
matching the data structure which represents an unknown input pattern with

S. Singh, N. Murshed, and W. Kropatsch (Eds.): ICAPR 2001, LNCS 2013, pp. 1-]], 2001.
© Springer-Verlag Berlin Heidelberg 2001



2 H. Bunke, S. Giinter, and X. Jiang

a number of known prototypes, or by parsing it according to a given grammar
[6, 10]. If grammars and syntactical parsing are involved, we usually refer to
syntactic, rather than structural, pattern recognition.

A comparison of the statistical and the structural approach reveals that the
latter is more powerful in terms of its representational capabilities, because
any feature vector can be represented by a string, a tree, or a graph, but
not vice versa. From the application oriented point of view, symbolic data
structures are able to model structural relationships between the various parts
of a complex pattern, while feature vectors are limited to the representation
of the values of individual features, considered in isolation. On the other
hand, the set of mathematical tools available in the statistical approach is
much richer than in the structural domain. Basically, the vast majority of all
structural and syntactic recognition methods rely on either nearest-neighbor
classifiers using edit distance or some other similarity measure, or on some
kind of parsing to determine class membership [1, 2, 8, 21]. By contrast, a large
number of procedures have become available in statistical pattern recognition,
including various types of neural networks, decision theoretic methods, and
clustering techniques [12].

In this paper we present some novel work in the area of graph matching
that aims at bridging the gap between statistical and structural pattern recog-
nition in the sense that it may yield a basis for adapting various techniques
from statistical pattern recognition to the structural domain. In particular,
we consider the problem of computing the median and the weighted mean of
a set of graphs. Computing the median of a set of numbers or vectors is a
well understood problem. But for the symbolic domain it was only recently
that this problem has been studied. In [19] median computation of a set of
strings and its application to combining the results of several OCR devices
has been studied. A similar idea based on the longest common subsequence
of a set of strings was reported in [22]. As the complexity of mean string
computation is exponential in the number of strings involved, its applicability
is limited. To make it useful for large sets and long strings, several approxi-
mative procedures have been proposed [7, 18, 19, 22]. An application of the
method proposed in [7] to the synthesis of shapes has been described in [16].

In this paper we consider an extension of median computation from the
domain of strings to the domain of graphs. We first review recent work in this
area [5, 14] and then introduce a second new concept, namely, the weighted
mean of a pair of graphs. Given a set of patterns, each represented in terms
of a graph, the median graph of the set is a concept to represent the whole set
by just a single graph. Such a representation is needed, for example, in the
well-known k-means clustering algorithm [12]. The weighted mean of a pair of
graphs allows to interpolate between two given graphs. Such an interpolation
is required, for example, in self-organizing maps [17].

This paper is organized as follow. First, we introduce our basic notation
in Section 2. Then we review recent work on median graph computation
in Section 3 [5, 14]. In Section 4, the weighted mean of a pair of graphs
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is proposed and related computational procedures are discussed. Examples
and experimental results are given in Section 5. Finally, a discussion and
conclusions will be presented in Section 6.

2 Basic concepts and notation

Graphs are a flexible and powerful data structure for the representation of
objects and concepts. In a graph representation, the nodes typically represent
objects or parts of objects, while the edges describe relations between objects
or object parts. Formally, a graph is a 4-tuple, g = (V, E, u,v) where V is
the set of nodes, E C V x V is the set of edges, 4 : V — Ly is a function
assigning labels to the nodes, and v : E — Lg is a function assigning labels
to the edges. In this definition, Ly and L is the set of node and edge labels,
respectively.

If we delete some nodes from a graph g, together with their incident edges,
we obtain a subgraph ¢' C g. A graph isomorphism from a graph g to a
graph ¢’ is a bijective mapping from the nodes of g to the nodes of ¢’ that
preserves all labels and the structure of the edges. Similarly, a subgraph
isomorphism from ¢’ to g is an isomorphism from ¢’ to a subgraph of g.
Another important concept in graph matching is maximum common subgraph.
A maximum common subgraph of two graphs, g and ¢’, is a graph ¢” that
is a subgraph of both g and ¢’ and has, among all possible subgraphs of ¢
and ¢', the maximum number of nodes. Notice that the maximum common
subgraph of two graphs is usually not unique.

Graph isomorphism is a useful concept to find out if two objects are the
same, up to invariance properties inherent to the underlying graph representa-
tion. Similarly, subgraph isomorphism can be used to find out if one object is
part of another object, or if one object is present in a group of objects. Maxi-
mum common subgraph can be used to measure the similarity of objects even
if there exists no graph or subgraph isomorphism between the corresponding
graphs. Clearly, the larger the maximum common subgraph of two graphs is,
the greater is their similarity.

Real world objects are usually affected by noise such that the graph repre-
sentation of identical objects may not exactly match. Therefore it is necessary
to integrate some degree of error tolerance into the graph matching process.
A powerful alternative to maximum common subgraph computation is error-
tolerant graph matching using graph edit distance. In its most general form, a
graph edit operation is either a deletion, insertion, or substitution (i.e. label
change). Edit operations can be applied to nodes as well as to edges.

Formally, let g = (V1, E1, u1,v1) and g2 = (Va, Es, o, v2) be two graphs.
An error-correcting graph matching (ecgm) from g; to g» is a bijective function
f:Vl —>V2,whereV1 C Vland% C V5. We say that node =z € Vl
is substituted by node y € Vs if f(z) = y. If py(z) = p(f(x)) then the
substitution is called an identical substitution. Otherwise it is termed a non-
identical substitution. Any node from V; — Vi is deleted from g1, and any
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node from V5 — Vg is inserted in g» under f.

The mapping f directly implies an edit operation on each node in ¢g; and
go. Le., nodes are substituted, deleted, or inserted, as described above. Ad-
ditionally, the mapping f indirectly implies edit operations on the edges of
g1 and go. If f(x1) = y1 and f(x2) = ya, then the following situations are
possible:

o (z1,22) € Ey and (y1,y2) & E»: in this case (x1,x2) is deleted from g;;
o (z1,22) ¢ Ey and (y1,y2) € Es: here (y1,y2) is inserted in go;

o (z1,22) € Ey and (y1,y2) € E»: in this situation (x1,z2) in g; is substi-
tuted by (y1,y2) in go; if v1(z1,22) = va(y1,y2), the substitution is an
identical substitution;

o (z1,29) & E1 and (y1,y2) & E2: no edit operation is implied.

If a node z is deleted from g;, then any edge incident to z is deleted,
too. Similarly, if a node z’ is inserted in go, then any edge incident to z’
is inserted, too. Obviously, any ecgm f can be understood as a set of edit
operations (substitutions, deletions, and insertions of both nodes and edges)
that transform a given graph g; into another graph g-.

By means of the edit operations implied by an ecgm differences between
two graphs that are due to noise and distortions are modelled. In order to
enhance the noise modelling capabilities, often a cost is assigned to each edit
operation. The cost are real numbers greater than or equal to zero. They
are application dependent. Typically, the more likely a certain distortion is
to occur the lower is its costs. Some theoretical considerations about the
influence of the costs on ecgm can be found in [3]. The cost ¢(f) of an ecgm
f from a graph ¢; to a graph g is the sum of the costs of the individual edit
operations implied by f. An ecgm f from graph g; to a graph g is optimal
if there is no other ecgm from g; to g» with a lower cost. The edit distance,
d(g1,92), of two graphs is equal to the cost of an optimal ecgm from g; to go,
ie.

d(g1,g2) = min{c(f)|f : Vi = Va is an ecgm} (1)

This means that d(g1,g2) is equal to the minimum cost taken over all ecgms
from g; to g2. In other words, the edit distance is equal to the minimum costs
that are required to transform one graph into the other.

Obviously graph edit distance is a generalization of the well-known concept
of string edit distance [24].

3 Median of a set of graphs

Clustering is a key concept in pattern recognition. While a large number of
clustering algorithms have become available in the domain of statistical pat-
tern recognition, relatively little attention has been paid to the clustering of
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symbolic structures, such as strings, trees, or graphs [9, 20, 23]. In principle,
however, given a suitable similarity (or dissimilarity) measure, for example,
edit distance, many of the clustering algorithms originally developed in the
context of statistical pattern recognition, can be applied in the symbolic do-
main.

In this section we review work on a particular problem in graph clustering,
namely, the representation of a set of similar graphs through just a single
prototype [5, 14]. This problem typically occurs after a set of graphs has
been partitioned into clusters. Rather than storing all members of a cluster,
only one, or a few, representative elements are being retained.

Assume that we are given a set G = {g1,---,gn} of graphs and some
distance function d(gi,g2) to measure the dissimilarity between graphs ¢;
and g2. A straightforward approach to capturing the essential information in
set G is to find a graph g that minimizes the average distance to all graphs
in G, i.e.,

1 n
g = arg mgin -~ > d(g,9:) (2)
i=1

Let’s call graph g the median of G. If we constrain g to be a member of
the given set GG, then the resultant graph

X RIS
g = arg min ;d(g,gz) (3)
is called the set median of G.

Given set G, the computation of the set median is a straightforward task.
It requires just O(n?) distance computations. (Notice, however, that each of
these distance computations has a high computational complexity, in general.)
But the set median is restricted in the sense that it can’t really generalize from
the given patterns represented by set G. Therefore, median is the more pow-
erful and interesting concept. However, the actual computational procedure
for finding a median of a given set of graphs is no longer obvious.

It was theoretically shown that for particular costs of the edit operations
and the case where G consists of only two elements, any maximum common
subgraph of the two graphs under consideration is a median [4]. Further the-
oretical properties of the median have been derived in [15]. These properties
are useful to restrict the search space for median graph computation, which
was shown to be exponential in the number of graphs in set G and their size.

A practical procedure for median graph computation using a genetic search
algorithm was proposed in [14]. An interesting feature of this algorithm is the
chromosome representation. This representation encodes both, a generalized
median graph candidate, and the optimal mapping of the nodes of this candi-
date to the nodes of the given graphs. Hence, the computationally expensive
step of computing the optimal mapping for each candidate arising during the
genetic search is avoided. Nevertheless, because of the high computational
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a Ca> b b a b b a
2 g2y g3 24
Figure 1: Both g3 and g4 are a mean of g; and g2 (see text)

complexity inherent to the problem, the applicability of this procedure is still
limited to rather small sets of graphs consisting of a few nodes each.

4 Weighted mean of a pair of graphs

Let g1 and g» be graphs. The mean of g1 and g» is a graph g such that

d(gl>g) = d(g)QZ) (4)

and
d(g1,92) = d(g1,9) + d(g, g2) (5)

Hence, g has the same distance to g; and g» and is, intuitively speaking,
centred between g, and g>. We call g a weighted mean of g1 and g» if for some
number a with 0 < a < d(g1, g2) the following equations hold:

d(g1,9) = a (6)

and
d(g1,92) = a+d(g, g2) (7)

Clearly, egs. (4) and (5) are special cases of (6) and (7) if d(g,g92) = « or,
equivalently, « = 0.5 - d(g1, g2)-

Similarly to the median, the weighted mean of a pair of graphs isn’t nec-
essarily unique. Consider, for example, the graphs ¢ to g4 in Fig. 1. Let the
cost of each edit operation be equal to 1 (identical substitutions have cost 0).
Then d(91)92) = 27 d(glyg3) = d(glag4) = d(g2)g3) = d(92yg4) =1 Hence:
both g3 and g4 are a mean of g; and g», or equivalently, both g3 and g4 are a
weighted mean of g; and g for a = 1.

If d(g1,go) fulfills the triangular inequality®, then any weighted mean of
g1 and g» is also a median. However, depending on the particular graphs and
the cost of the edit operations, the weighted mean may not exist for arbitrary
a. Therefore, not any median? of a pair of graphs is necessarily a mean.
For the following considerations we assume that the costs associated with our
edit operations fulfill the triangular inequality, i.e., if e;, es and ez are edit
operations and the application of e followed by es has the same result as the
application of ey, then always

cler) < c(ez) + cles) (8)

I This property holds if the costs of the individual edit operations fulfill the triangular
equality, see eq. (8) below.
2Notice that a median of a pair of graphs always exists.
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Notice that d(g1,g2) is a metric, if additionally the costs are symmetric and
strictly positive (i.e., c(e1) = c(ez) if e; and e, are inverse to each other, and
c¢(e) > 0 for any edit operation e different from a non-identical substitution).

We now turn to the question how to compute the weighted mean of a pair
of given graphs, g1 and g¢», and some «, 0 < a < d(g1,g2). Assume that
f: Vi — Vs is an optimal ecgm from g; to g». Furthermore, assume that
there is a node z € V; which is non-identically substituted by f(z) € Vs, i.e.
w1 (z) # p2(f(z)). Let the cost of this substitution be . Apparently, if we
replace the label of x by u2(f(x)) we obtain a new graph, g, that is identical
to g1, up to the label of z. Clearly d(g1,g) = v as one edit operation is needed
to transform ¢; into g, and there can’t be any other cheaper sequence of edit
operations because of the triangular inequality (8) for edit costs. Now consider
d(g,g2). Obviously, d(g,g2) can’t be greater that d(g;,g2) — 7 because the
ecgm f from g; to go can be used to map g to g». In other words, f may not
only be regarded being an ecgm from g; to g», but also one from g to g». In
the second case, its cost is d(g1, g2) —7. Can there exist another ecgm f’ from
g to g» with a cost lower than d(g;,g2) —v? The answer to this question is
no, because the existence of such an ecgm would contradict the optimality of
f-

The considerations of the last paragraph hold not only for node substi-
tutions, but also for any other edit operation. Furthermore, they can be
extended form the case of a single edit operation to any sequence of edit op-
erations induced by an optimal ecgm (for details see [11].) This leads to the
following scheme for computing the weighted mean of a pair of graphs. Given
g1 and g» we first compute an optimal ecgm f : Vl — VQ. Then a subset
{e1,...,en} of the edit operations implied by f is taken and applied in any
order to g, resulting in a new graph, g. If a = 7" | ¢(e;) then d(g1,9) = a
and d(g,¢2) = d(g1,92) —, i.e., g is a weighted mean of ¢; and g». Depending
on the cost of the edit operations, and on g; and g», there doesn’t necessarily
exist a weighted mean of any given value of a. However, given a fixed value
of a, we first check for the existence of a subset {ey,...,e,} of edit operations
such that @ = Y"1 | c(e;). If such a subset doesn’t exist, then we search for
another subset the cost of which are as close to « as possible. A pseudo-code
description of this procedure is shown in Fig. 2.

One step that is left unspecified in Fig. 2 is how to find the subsets of edit
operations, E and E’. Actually, enumerating all possible subsets of the edit
operations implied by the ecgm f may be too expensive, as there exist 2" such
subsets for a total of n edit operations implied by f. In our implementation we
have actually used a suboptimal procedure that is much more efficient. Under
this procedure we first order all edit operations implied by the optimal ecgm f
according to their cost in descending order. Then we go sequentially through
the resulting list, beginning with the most costly edit operation, and check
the applicability of each edit operation. An edit operation e is applicable if
C + e < a, where C is the accumulated cost of all edit operations already
applied on g¢;. If the edit operation currently considered is applicable, we do
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weighted_mean(g;,g2,%)
input: two graphs, g; and g» and a constant @ with 0 < a < d(g1, g2)
output: a graph g such that d(¢1,9) = a and d(g, g2) = d(g1,92) — «
begin
compute an optimal ecgm f : Vl — Vg;
if there exists a subset E = {ey, ..., e, } of edit operations implied by f
such that o = Y7 | c(e;)
then apply the edit operations of E in any order to g; to get graph g
else choose a subset E' = {e,...,el } of edit operations such that a =
>, c(e;) approximates « as closely as possible and apply them in
any order to g; to get graph g.
output g
end weighted_mean

Figure 2: Algorithm for computing the weighted mean

apply it to the current graph. Otherwise we skip it and continue with the
next edit operation on the list. By means of this procedure, a sequence of
edit operations is applied to g with a cost that is an approximation of a. It
has been shown in practical experiments that very often the precise value of
a is actually obtained [11].

The case of continuous labels and continuous substitution costs deserves
special mentioning. This case occurs if the labels are real numbers, such as
angles between line segments, or vectors in the 2-D plane, and the substitution
cost is a linear function of the difference, i.e. the Euclidean distance, of
the labels. Here we can apply partial substitutions in order to increase the
similarity of g; and g, by any given degree. For example, if label z € R is
to be changed into label y € R and the corresponding cost is |z — y|, but
|z —y| > a, we can choose label y' instead of y such that |z — y'| = . Hence,
for this type of labels and cost functions, it is easier to find an exact weighted
mean for a given value of a.

5 Applications and experiments

Concrete application examples of median graph computation involving graph-
ical elements and hand-printed isolated characters have been given in [13, 14].
In the reminder of this section we describe a few experiments concerned with
weighted mean graph computation. Two distorted versions of letter “F” are
shown in Fig. 3a. In Fig. 3b various weighted means of these two line drawings
resulting from different values of « are given. Apparently all of these weighted
means capture our intuitive notion of shape similarity very well. With an in-
crease of «, the original, left-most figure becomes gradually more similar to
the right-most character.

The graph representation underlying Fig. 3 is quite simple. Each line
segment is represented through a node with the coordinates of both endpoints
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7y ] —

a) b)

Figure 3: An example of weighted mean; a) source and target object, cor-
responding to g; and go, respectively; b) source and target object and three
weighted means for a = 0.25, a = 0.5, = 0.75, resp.

a) b)

Figure 4: The same example as shown in Fig. 3 using a different graph rep-
resentation; a) source and target object, corresponding to g; and go, respec-
tively; b) source and target object and three weighted means for a = 0.25,
a = 0.5,a = 0.75, resp.

in the image plane as attributes. No edges are included in this kind of graph
representation. The representation preserves all information of the underlying
line drawing and is mathematically unique in the sense that two different
line drawings will always have two different graphs associated with them and
vice versa. Notice, however, that this representation explicitly includes only
geometric, but no topological information, i.e., the connectivity of the lines is
only implicitly represented in the node attributes.

The edit costs are defined as follows. The costs for deletion and insertion of
a line segment is proportional to its length, while substitution costs are given
by the summed distances of the end points of the considered line segments.

The experiment shown in Fig. 3 has been repeated for the same line draw-
ing, but with a different graph representation. In the second graph repre-
sentation the nodes represent locations where either a line segment ends, or
where different line segments touch or overlap each other. The attributes of
a node represent its location in the image. There is an edge between two
nodes, if the corresponding locations are connected by a line in the image. No
attributes are assigned to edges in this representation. Results for this type
of graphs are shown in Fig. 4. Again our intuitive notion of shape similarity
is well reflected in these figures. However, the connectivity of lines, which is
not captured in the graph representation used in Fig. 3, is preserved in Fig. 4.

For the second type of graph representation the edit costs are defined
as follows. The deletion and insertion cost of a node is constant, while the
cost of a node substitution is proportional to the Euclidean distance of the
corresponding points in the image plane. The deletion and insertion of an
edge has also a constant cost. As there are no edge labels, edge substitutions
can’t occur with this type of graph representation.
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For further experimental results with both graph representations see [11].

6 Conclusions

A rich set of tools have become available in the domain of statistical pattern
recognition during the past years. On the other hand, structural approaches
to pattern recognition are characterized by their high representational power.
It appears that most methods from statistical pattern recognition aren’t di-
rectly applicable to structural representations. Nevertheless their adaption to
symbolic structures is highly desirable, resulting in a combination of sophis-
ticated recognition techniques with enhanced representational power.

In this paper two novel concepts were introduced in the domain of struc-
tural pattern recognition. The first, median of a set of graphs, is useful to
characterize a set of graphs by just one single prototype. Such a characteriza-
tion is needed in various tasks. In clustering it is often necessary to represent
a whole set of objects by just a single representative. An example is k-means
clustering, where in each iteration step a new center for each cluster has to
be computed. Median graphs as introduced in this paper can serve exactly
this purpose. Hence, median graph together with graph edit distance allow
to apply k-means clustering and related procedures in the domain of graphs.
Furthermore, given the median and all original graphs of a set, the average
distance of the set members to the median can be computed. This is similar
to standard deviation in statistical pattern recognition. Hence the median
of a set of graphs as defined in this paper is potentially useful to make con-
cepts such as normal distribution or Mahalanobis distance [12] applicable to
structural pattern recognition.

The second novel concept introduced in this paper is weighted mean of a
pair of graphs. It is useful to interpolate between two given patterns in the
sense that a new graph is constructed that has a given degree of similarity
to each of the two given patterns. In other words, it allows to make one of
the patterns more similar to the other. Weighted mean together with graph
edit distance make it possible to apply methods such as Learning Vector
Quantization and Kohonen Maps [17] in the domain of graphs. The crucial
operation of these methods is to move one pattern closer to another by a given
degree.

As strings and trees are special cases of graphs, median and weighted mean
as introduced in this paper are applicable to these data structures as well.
There are many more techniques in statistical pattern recognition that have
been applied to vector representations only. Their adaption to the structural
domain remains a challenge for future research.

References

[1] A. Admin, D. Dori, P. Pudil, and H. Freemann, editors. Advances in Pattern
Recognition. Number 1451 in LNCS. Springer, 1998.



Towards Bridging the Gap between Statistical and Structural Pattern Recognition 11

[2] H. Bunke, editor. Advances in Structural and Syntactical Pattern Recognition.
World Scientific Publ. Co., 1992.

[3] H. Bunke. Error-tolerant graph matching: a formal framework and algorithms.
In [1], pages 1-14. 1998.

[4] H. Bunke and A. Kandel. Mean and maximum common subgraph of two
graphs. Pattern Recognition Letters, 21:163-168, 2000.

[5] H. Bunke, A. Miinger, and X. Jiang. Combinatorial search versus genetic
algorithms: a case study based on the generalized mean graph problem. Pattern
Recognition Letters, 20:1271-1277, 1999.

[6] H. Bunke and A. Sanfeliu, editors. Syntactic and Structural Pattern Recognition
- Theory and Applications. World Scientific Publ. Co., 1990.

[7] F. Casacuberta and M. Antonia. A greedy algorithm for computing approxi-
mate median strings. In Proc. Nat. Symp. of Pattern Recognition and Image
Analysis, pages 193-198, Barcelona, Spain, 1996.

[8] D. Dori and A. Bruckstein, editors. Shape, Structure and Pattern Recognition.
World Scientific Publ. Co., 1995.

[9] R. Englert and R. Glanz. Towards the clustering of graphs. In Proc. 2nd IAPR-
TC-15 Workshop on Graph Based Representations, pages 125-133, 2000.

[10] K. Fu. Syntactic Pattern Recognition and Applications. Prentice Hall, 1982.

[11] S. Giinter. Kohonen map for the domain of graphs. Master’s thesis, University
of Bern. In progress (in German).

[12] A. Jain, R. Duin, and J. Mao. Statistical Pattern Recognition: A Review.
IEEE Trans PAMI, 22:4-37, 2000.

[13] X. Jiang, A. Miinger, and H. Bunke. Synthesis of representative symbols by
computing generalized median graphs. In Proc. Int. Workshop on Graphics
Recognition GREC 99, pages 187-194, Jaipur, 1999.

[14] X. Jiang, A. Miinger, and H. Bunke. Computing the generalized median of a
set of graphs. In Proc. 2nd IAPR-TC-15 Workshop on Graph Based Represen-
tations, pages 115-124, 2000.

[15] X. Jiang, A. Miinger, and H. Bunke. On median graphs: Properties, algorithms,
and applications. Submitted, 2000.

[16] X. Jiang, L. Schiffmann, and H. Bunke. Computation of median shapes. In
4th Asian Conf. on Computer Vision, pages 300-305, Taipei, Taiwan, 2000.

[17] T. Kohonen. Self-Organizing Maps. Springer Verlag, 1995.

[18] F. Kruzslicz. Improved greedy algorithm for computing approximate median
strings. Acta Cybernetica, 14:331-339, 1999.

[19] D. Lopresti and J. Zhou. Using consensus voting to correct OCR errors. Com-
puter Vision and Image Understanding, 67(1):39-47, 1997.

[20] S.-Y. Lu. A tree-to-tree distance and its application to cluster analysis. IEEE
Trans. PAMI, 1:219-224, 1979.

[21] P. Perner, P. Wang, and A. Rosenfeld, editors. Advances in Structural and
Syntactical Pattern Recognition. Number 1121 in LNCS. Springer, 1996.

[22] S. Rice, J. Kanai, and T. Nartker. A difference algorithm for OCR-generated
text. In [2], pages 333-341, 1992.

[23] D. Seong, H. Kim, and K. Park. Incremental clustering of attributed graphs.
IEEE Trans. SMC, 23:1399-1411, 1993.

[24] R. Wagner and M. Fischer. The string-to-string correction problem. Journal
of the Association for Computing Machinery, 21(1):168-173, 1974.



Learning and Adaptation in Robotics

Toshio Fukuda! and Yasuhisa Hasegawa?
L Center for Cooperative Research in Advanced, Science and Technology, Nagoya
University, Furo-cho, Chikusa-ku, Nagoya 464-8603, Japan
2 Dept. of Micro System Engineering, Nagoya University, Furo-cho, Chikusa-ku,
Nagoya 464-8603, Japan

Abstract. Intelligent systems are required in knowledge engineering,
computer science, mechatronics and robotics. This paper discusses the
machine (system) intelligence from the viewpoints of learning and adap-
tation of living things. Next, this paper introduces computational intel-
ligence including neural network, fuzzy system, and genetic algorithm.
Finally, this paper shows some examples of intelligent robotic system:
brachiation robot and four-fingered robot hand.

1 Introduction

Intelligence for robot to grow and evolve can be observed both through growth
in computational power, and through the accumulation of knowledge of how
to sense, decide and act in a complex and dynamically changing world. There
are four elements of intelligence: sensory processing, world modeling, behavior
generation and value judgement. Input to, and output from, intelligent system
are via sensors and actuators. Recently, intelligent systems have been discussed
in knowledge engineering, computer science, mechatronics and robotics. Various
methodologies about intelligence have been successfully developed.

Artificial intelligence (AI) builds an intelligent agent, which perceives its en-
vironment by sensors, makes a decision and takes an action [I]. McCulloch and
Pitts suggested that suitably defined networks could learn [2], and furthermore,
Newell and Simon developed general problem solver [I]. Afterward, knowledge-
based system including expert systems has been developed [I]. In addition, lan-
guage processing, reasoning, planning, and others have been discussed in Al so
far [1]. Human language enables the symbolic processing of information, and
is translate into numerical information according to an objective, that is, word
is classified into a certain attribute out of much information. In this way, the
symbolic information processing have resulted in success in Al. Further, The re-
cent research fields concerning intelligence, include brain science, soft computing,
artificial life and computational intelligence [I]-[7].

Computational intelligence from the viewpoints of biology, evolution and self-
organization tries to construct intelligence by internal description, while classical
AT tries to construct intelligence by external (explicit) description. Therefore,
information and knowledge of a system in computational intelligence should be
learned or acquired by itself.

S. Singh, N. Murshed, and W. Kropatsch (Eds.): ICAPR 2001, LNCS 2013, pp. 12-B3] 2001.
© Springer-Verlag Berlin Heidelberg 2001
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Robot is required to have intelligence and autonomous ability when it works
far from an operator with large time delay, or when it works in a world contain-
ing ambiguous information. The robot collects or receives necessary informa-
tion concerning its external environment, and takes actions to the environment.
Both of them are often designed by human operators, but ideally, the robot
should automatically perform the given task without human assistance. Com-
putational intelligence methods including neural network (NN), fuzzy logic (FL)
and evolutionary computation (EC), reinforcement learning, expert system and
others, have been applied to realize intelligence on the robotic systems [2]-[14].
In addition, behavior-based AI has been discussed as learning methods depen-
dent on environmental information [I],[T5]. The behavior-based Al stresses the
importance of the interaction between robot and environment, while classical
AT is based on the representation and manipulation of explicit knowledge. Re-
cently, behavior analysis and training as methodology for behavior engineering
and model-based learning, have been proposed [I5]-[I8]. In this paper, we intro-
duce a basic technique to build an intelligent system. After that, we introduce
adaptation algorithm for brachiation robot and evolutionary computation for a
four-fingered robot hand.

2 Intelligent System

Human being makes decision and takes actions based on the sensing informa-
tion and internal state, when we consider human beings as an intelligent system.
Furthermore, human beings can learn by acquiring or perceiving information
concerning reward and penalty from the external environment. Thus, human
beings perform the perception, decision making and action (Fig[ll). In future,
a robot will work out of a factory, in which an environment was simplified so
that a robot could recognize it. The robot is required to have intelligence and
autonomous capability when it works far from an operator with large time delay
such as tele-operation, when sensing informations are contained ambiguous infor-
mation. Key technologies for system intelligence and autonomous are knowledge
representation, recognition, inference, search, planning, learning, prediction and
so on [I].

The system intelligence emerges from the synthesis of various intelligent capa-
bilities of the systems. Consequently, the whole intelligence of a system depends
on the structure for processing information on hardware and software, and this
means that the structure determines the potentiality of intelligence [20]. There-
fore, we should consider a whole structure of intelligence for information process
flow over the hardware and software.

3 Computational Intelligence

3.1 Neuro-Computing and Fuzzy Computing

Artificial neural network and fuzzy logic inference are based on the mechanism
and information process of human brain. The human brain processes informa-
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Fig. 1. Interaction between intelligent system and its environment

tion super-quickly. McCulloch and Pitts proposed that a suitably defined net-
work could learn in 1943 [2]. After that, the rediscovery of back-propagation
algorithm by Rumelhart, popularized artificial NN [2]. The artificial NN simu-
lating the biological brain can be trained to recognize patterns and to identify
incomplete patterns. The basic attributes of NN are the architecture and the
functional properties; neurodynamics. The neurodynamics plays the role of non-
linear mapping from input to output. NN is composed of many interconnected
neurons with input, output, synaptic strength and activation. The learning al-
gorithms for adjusting weights of synaptic strength are classified into two types:
supervised learning with target responses and unsupervised learning without
explicit target responses. In general, a multi-layer NN is trained by a back prop-
agation algorithm based on the error function between the output response and
the target response. However, the back propagation algorithm, which is known
as a gradient method, often misleads to local minimum. In addition, the learning
capability of the NN depends on the structure of the NN and initial weights of the
synaptic strength. Therefore, the optimization of the structure and the synaptic
strength is very important for obtaining the desired target response. The other
artificial NNs are Hopfield network, Boltzmann Machine, Adaptive Resonance
Theory and Self-Organizing Map [2],[9]. The Hopfield network is regarded as an
autoassociative fully connected network which has symmetrically weighted links
[2]. The Boltzmann machine is based on the simulated annealing according to
Metropolis dynamics [2]. The adaptive resonance theory model, which was devel-
oped by Grossberg and Carpenter, is composed of input/comparison layer and
output/recognition layer [9],[21]. The self-organizing map, which was proposed
by Kohonen, is a clustering algorithm creating a map of relationships among
input and output patterns [9],[22].

While NN simulates physiological features of human brain, fuzzy logic in-
ference simulates psychological features of human brain. Fuzzy logic provides us
the linguistic representation such as ’slow’ and ’fast’ from numerical value. Fuzzy
logic [5],[6],[9] expresses a degree of truth, which is represented as a grade of a
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membership function. It is a powerful tool for non-statistic and ill-defined struc-
ture. Fuzzy inference system is based on the concept of fuzzy set theory, fuzzy
if-then rule, and fuzzy inference. The fuzzy inference derives conclusions from
a set of fuzzy if-then rules. Fuzzy inference system implements mapping from
its input space to output space by some fuzzy if-then rules. The widely used
fuzzy inference systems are Mamdani fuzzy models and Takagi-Sugeno fuzzy
models, which are used as a fuzzy controller. The feature of the fuzzy controller
is the locality of control and the interpolation among local control laws. In the
fuzzy controller, the state space of the system is divided into some regions as
membership functions which are antecedent part, and the output (consequence)
for the system control is designed as singletons, linear functions or membership
functions. Next, the fuzzy rules are interpolated as a global controller. From
the viewpoint of calculation in the inference, inference types are classified into
min-max-gravity method, product-sum-gravity method, functional fuzzy infer-
ence method and simplified fuzzy inference method. In order to tune fuzzy rule,
delta rule has been often applied to the functional fuzzy inference method and
to the simplified fuzzy inference method like fuzzy-neural networks.

3.2 Evolutionary Computing

Evolutionary computation (EC) is a field of simulating evolution on a com-
puter /citeFogel. From the historical point of view, the evolutionary optimization
methods can be divided into three main categories, genetic algorithm (GA), evo-
lutionary programming (EP) and evolution strategy (ES) [3],[4],[10]-[T4]. These
methods are fundamentally iterative generation and alternation processes op-
erating on a set of candidate solutions, which is called a population. All the
population evolves toward better candidate solutions by selection operation and
genetic operators such as crossover and mutation. The selection operation picks
up better solutions for the next generation, which limits the search space spanned
by the candidate solutions. The crossover and mutation generate new candidates.
EC methods can be divided into several categories from various points of view.
This paper divides EC methods into genetic algorithm (GA) and evolutionary
algorithm (EA) from the representation level.

GAs use simple symbolic operations from the viewpoint of genotype, and
GAs are often applied to combinatorial optimization problems such as knap-
sack problems, traveling salesman problems and scheduling problems [10]-[4].
It is experimentally known that the GAs can obtain near or approximately opti-
mal solutions with less computational cost. Other GAs are genetic programming
and classifier system. The genetic programming, which was proposed by Koza
[12],[13] can deal with the tree structure and have been applied for generating
computer programs. The classifier system, which is known as a GA-based ma-
chine learning method, can learn syntactically simple string rules to guide its
performance in an arbitrary environment.

On the other hand, EAs use numerical operations from the viewpoint of phe-
notype, but EAs also use symbolic operation such as mutation and crossover.
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EAs including EP and ES, have been often applied for solving numerical opti-
mization problems such as function optimization problems, weight optimization
of NN [1LI]. The important feature of EAs is the self-adaptation, especially self-
adaptive mutation is very useful operation. The search range can be adjustable
according to its performance [I1]. In the EAs, tournament selection and deter-
ministic selection are often applied as the selection scheme.

In addition, the ECs provide the evolution mechanism for population dy-
namics, robot society and A-life [7]. From the viewpoint of simulated evolution,
GAs can maintain the genetic diversity in a population to adapt to dynamic en-
vironment. Therefore, ECs are often called adaptive systems. However, the ECs
eliminate worse individuals from the population only according to the evalua-
tion from the current environment. As a result, it is difficult that the population
adapts to a big change of the environment. Therefore the ECs often require meth-
ods to maintain genetic diversity in a population for the dynamically changing
environment.

3.3 Synthesized Approach

To realize higher intelligent system, a synthesized algorithm of various techniques
is required. Figure[Zshows the synthesis of NN, FL and EC. Each technique plays
the peculiar role for intelligent function. There are not complete techniques for
realizing all features of intelligence. Therefore, we should integrate and combine
some techniques to compensate the disadvantages of each technique. The main
characteristics of NN are to classify or recognize patterns, and to adapt itself to
dynamic environments by learning, but the mapping structure of NN is a black
box and incomprehensible. On the other hand, FL has been applied for represent-
ing human linguistic rules and classifying numerical information into symbolic
class. It also has reasonable structure for inference, which is composed of if-
then rules like human knowledge. However FL does not fundamentally have the
learning capability. Fuzzy-neural networks have developed for overcoming their
disadvantages [6]. In general, the neural network part is used for its learning,
while the fuzzy logic part is used for representing knowledge. Learning capability
is fundamentally performed as necessary change such as incremental learning,
back propagation method and delta rule based on error functions. EC can also
tune NN and FI. However, evolution can be defined as resultant or accidental
change, not necessary change, since the EC can not predict and estimate the
effect of the change. To summarize, an intelligent system can quickly adapt to
dynamic environment by NN and FI with the back propagation method or delta
rule, and furthermore, the structure of intelligent system can globally evolve
by EC according to the objective problems. The capabilities concerning learn-
ing adaptation and evolution can construct more intelligent system. Intelligence
arises from the information processing on the linkage of perception, decision
making and action.
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4 Intelligent Robotic System

4.1 Brachiation Robot

The brachiation robot is a mobile robot, which dynamically moves from branch
to branch like a gibbon, namely long-armed ape, swinging its body like a pen-
dulum [23],[24](Fig[3). A lot of research about a brachiation type locomotion
robot had been carried out. Saito et al [25]-]23] proposed the heuristic learning
method for generating feasible trajectory for two-link brachiation robot. Fukuda
et al [28] propose the self-scaling reinforcement learning algorithm to generate
feasible trajectory with robust property against some disturbances. The rein-
forcement learning method builds a fuzzy logic controller with four inputs and
one output. In these studies, the controller is acquired in a try-and-error learning
process and a dynamics model of the two-link brachiation robot is not used for
controller design. On the other hand, Nakanishi et al [31] took another approach,
using target dynamics, for controlling an underactuated system. The two-link
brachiation robot is an underactuated system with two degrees of freedom and
one actuator. As a two-dimensional extended model, seven-link brachiation robot
is studied by Hasegawa et al [30]. The seven-link brachiation robot has redun-
dancy to locomote so that it is able to take a dexterous motion like a real ape
in plane, however a dynamical locomotion robot with multi-degree of freedoms
is difficult to be controlled. A hierarchical behavior architecture is adopted to
design the controller with multi-input and multi-output efficiently. The behav-
ior controllers and their coordinators in the hierarchical structure are generated
using reinforcement learning method. The concept of the hierarchical behavior
controller is based on the behavior-based control, which has an advantage of
designing the controller for a higher-level behavior of the complex system from
simpler behaviors in reasonable process.
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We developed 13-link brachiation robot shown in figll that has almost same
dimensions and weight as a real long-armed ape. The hierarchical behavior
controller shown in fig ] generates dynamical motion controlling 14 actuators.
Hasegawa et al proposed an adaptation algorithm for brachiation behav-
ior in order to locomote on different branch intervals successfully(Figlf) and
achieve continuous locomotion(Fig[7). This adaptation algorithm adjusts four
coefficients from behavior coordinator ”locomotion” to four behavior controllers
using Newton Raphson method when the branch intervals are extended from
90cm to 101cm. In order to achieve the continuous locomotion, the end posture
of first swing should be useful for the second swing. We therefore applied the
adaptation algorithm to tune the secondary swing motion controller with two

Fig. 3. Brachiation motion of a long-armed ape

Fig. 4. B13-link brachiation robot
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Fig. 6. Free hand’s trajectories before and after adaptation

4.2 Regrasping Motion of Four-Fingered Robot Hand

Multi-fingered robot hand has an advantage to change the object posture during
grasping as well as to grasp various shapes of objects. However, planing of this
regrasping motion is hard task, because of a lot of parameters to be determined:
grasping points, regrasping points, the object posture at regrasping moment,
grasping force and grasping finger to be used.
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Fig. 7. Continuous locomotion

We proposed the algorithm to generate a regrasping motion using evolution-
ary programming(EP) [32]. EP is more effective to find a numerical solution
like a grasping point than genetic algorithm. What we have to determine is the
initial posture, the final posture of the grasping object and regrasping times.
Evolutionary computation requires much iteration until it finds the solution,
therefore, the regrasping motion is generated in numerical simulation. The ob-
tained regrasping strategy is applied to the real robot system. Figure [§ shows
the block diagram, in which planner means the desired grasping forces and the
desired grasping points. The regrasping motion is shown in fig[9l

Planner

Controller Hand |— »

$+ + P —4“
T 7 o

IK : Inverse Kinematics

Fig. 8. Block Diagram
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Fig. 9. Regrasping motions (Numerical simulation results and experimental results)

5 Summary

This paper presented recent research fields concerning computational intelli-
gence. The computational intelligence is including neural network, fuzzy logic
and evolutionary computation. The synthesis of neural network, fuzzy logic and
evolutionary computation is important for advanced information processing and
structure optimization. Furthermore, this paper showed the brachiation robot
as an example of adaptation algorithm for hierarchical behavior-based control
architecture, and the four-fingered robot hand as an application example of evo-
lutionary computation. Intelligence of both robots is limited into motion gener-
ation capability. They do not deal with perception and of decision making. As
future work, we should study about intelligent perception and decision algorithm
from ambiguous information and stored knowledge.
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Image-based self-localization by means of zero
phase representation in panoramic images*
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Abstract. The paradigm - image-based localization using panoramic
images — is elaborated. Panoramic images provide complete views of an
environment and their information content does not change if a panoramic
camera is rotated. The “zero phase representation” of cylindrical panoramic
images, an example of a rotation invariant representation, is constructed
for the class of images which have non-zero first harmonic in column
direction. It is an invariant and fully discriminative representation. The
zero phase representation is demonstrated by an experiment with real
data and it is shown that the alternative autocorrelation representation
is outperformed.

Keywords omni-directional vision, self-localization from images, computer vi-
sion, robot navigation.

1 Introduction

The location of an observer is given by its position and orientation. The image
based localization of an observer is a process in which the observer determines
its location in an image map of the environment as the location in the image
from the map which is the most similar to a momentary view. It is possible to
do image based localization because images of an environment typically vary as
a function of location.

Recently, it has been found that some species like bees or ants use vision ex-
tensively for localization and navigation [13,14]. In contrary to techniques based
on correspondence tracking, they use whole images to remember the way to food
or nests [5, 3]. Attempts appeared to verify models explaining the behavior of an-
imals by implementing mechanisms of ego-motion, localization, and navigation
on mobile robots [12,17,16, 1].

Some animals like birds have developed eyes with a large field of view which
allow them to see most of a surrounding environment and to use many cues

* This work was supported by the MSMT VS96049, J04/98:210000012 and GACR
102/00/1679 grants.

S. Singh, N. Murshed, and W. Kropatsch (Eds.): ICAPR 2001, LNCS 2013, pp. 24-§1], 2001.
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v (col) cylindrical panoramic image
u ¢ u U X ° I(u,v)
(row) . ”4
rg

panoramic camera

Fig.1. A cylindrical panoramic image is obtained by projecting a panoramic image
from the plane onto a cylinder and then by mapping the cylinder back to the plane by
an isometry.

around them for localization and surveillance [6,8]. Panoramic cameras, com-
bining a curved convex mirror with an ordinary perspective camera [17,2,15],
provide large field of view. The advantage of real time acquisition of images
of whole environment suggests to use the panoramic camera for image based
localization.

In this paper, we study image based localization using panoramic images. We
concentrate on finding a proper representation of panoramic images in order
to make the localization efficient. In contrary to approaches taken in [17,16,1],
where rather straightforward methods were used to demonstrate image based
localization, we develop the representation of panoramic images allowing an
efficient storage of an image based map as well as fast localization while attaining
the full discrimination between the positions.

2 Image based localization from cylindrical panoramic
images

Cylindrical panoramic images are obtained by first projecting the panoramic
image [15] from the plane onto a cylinder, Figure 1, and then mapped back into
a plane by an isometry (cylinders are developable surfaces).

Cylindrical panoramic images can be modeled by a part of a cylinder I(u,v)
as shown in Figure 1. Function I(u,v): R? — R is defined on an interval [0, U] x R.
It is periodic with a period V, I(u,v) = I(u,v + V'), where U and V are called
vertical and horizontal image size respectively.

The rotation of the panoramic camera around its vertical axis by an angle
¢ induces the rotation of the cylinder I(u,v) to a cylinder J(u,v) around the
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axis z so that J(u,v) = I(u,v— ). The set of all such transformations of I(u,v)
forms the Abelian group of 1D rotations SO(1). We will call the above action
“shift” to be compatible with the notation used in Fourier analysis.

How do the cylindrical panoramic images change when the observer moves?

Firstly, a cylindrical panoramic image shifts if the observer rotates (changes
its orientation) at the same position. The images obtained at the same position
with different orientations are same in the sense that there exists a shift (in-
dependent of the scene geometry) which maps images exactly onto each other.
Secondly, the image changes when observer’s motion involves a translation (ob-
server changes its position). In this case, there is no image transform which
transforms two images at different positions onto each other because images
depend on depth variations and occlusions in the scene.

It is the advantage of using a panoramic camera to have a complete view so
that image information content does not change when changing the orientation.
Ordinary cameras lack this property. Image based maps are better to construct
from panoramic images as it is sufficient to store only one panoramic image at
each position to describe the environment seen from that position under any
orientation.

Images taken at close locations are likely to be very similar. In fact, it has
been found that they are quite linearly dependent [7]. In order to obtain an
efficient representation of the image based map of an environment, close images
have to be as similar as possible. If so, they can be compressed by using prin-
cipal component analysis [9] or a similar technique. The linear dependence of
panoramic images, however, is disturbed by the rotation of the observer. An effi-
cient map cannot therefore be directly constructed from images acquired under
different non-related orientations of the observer. Each cylindrical panoramic
image has to be shifted before creating the map so that close images are similar.

Finding the most similar image in the map to the momentary image naturally
calls for a correlation based technique that compares a momentary image with
each image in the map and selects the one with the highest correlation. Each
comparison is done again by a correlation along the column direction in order
to find the best matching orientation of the momentary view.

The search for the orientation can be avoided by finding a shift invariant
representation of each class of images taken at the same position. It means that
there is a procedure which gives the same representation for all images taken
at one position irrespectively of their orientations. The procedure of finding an
invariant representation has to be able to transform each image into the invariant
representation just by using the information contained in the image alone. It is
required in order to get an invariant representation of individual momentary
views. If images in the map, as well as momentary views, are transformed into
an invariant representation, a simple squared image difference evaluates their
similarity.

In Section 3, the shift invariant representation of panoramic images is intro-
duced and limitations of its construction are discussed. In Section 4, the zero
phase representation (ZPR) is constructed for the class of images with non-zero
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first harmonic in the column direction. Section 5 demonstrates the ZPR by an
experiment. The paper concludes with comparison of the ZPR to an alternative
representation given in [1].

3 Shift invariant representations of panoramic images

The set of all cylindrical panoramic images I(u,v), as defined in Section 2,
can be partitioned into equivalence classes I'\¢ so that each class contains all
images which can be obtained by shifts from one image. The equivalence classes
correspond to the orbits of SO(1) in the image space.

If we single out one image I* for each class, we may use it to represent
the whole class I'\¢p. The ability to find a fixed representative image I*(u,v)
is equivalent to the ability of finding the shift ¢ for each image I(u,v) so that
I*(u,v) = I(u,v — p).

There is no “natural” representative image of a shift equivalence class of
cylindrical panoramic images in the sense that it would be an intrinsic property
of all images in the class. If it was so, it would mean that we could find ¢ from
any image alone to transform it into the intrinsic representative image. In other
words, there had to be some preferred direction which one could detect in the
image. However, there cannot be any direction anyhow fixed if the images can
take any values.

On the other hand, a natural representative image is something what we
would really need as it is important to be able to obtain a representative image
from each image alone. Therefore, it is necessary to choose a “reference direction”
so that it is “seen” in each image. It can be done in each shift equivalence class
independently but we prefer doing it so that the images taken at close positions
have similar representative images of their shift equivalence classes. Only then
we can gain from approximating many close images by a few of their principal
components.

We do not want to prefer any direction by introducing something which could
be seen in the scene like a reference object because it needs to modify the scene.

In some cases, we may find (or force) images I(u,v) to come from a class
which allows us to define a reference direction without augmenting the scene,
e.g. the images have non-zero first harmonic in v direction when expanded into
the Fourier series. The way, the reference direction is chosen, depends mainly
on the class of the images we can get. For practical reasons, we might want
to broaden the equivalence class of images from the shift equivalence class to
the class which allows also for all linear brightness transformations, some noise,
certain occlusions, etc. It may, in some cases, be possible but need not in others.

4 Zero phase representation

Let us assume that all images I(m,n) have non-zero first harmonic. Image
I(m,n) is acquired by a digital camera and therefore m and n are integers,
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not real numbers. However, there is some function I(u,v) behind, for which u
and v are real. We just sample it at discrete points. If the camera rotates by a
real angle o, we obtain J(m, n) = sampled[I(u,v — ¢)], where ¢ = L a, and M
and N are the row and the column sizes of the image respectively.

As the first harmonic of I(m,n) is assumed to be nonzero, its phase is af-
fected by shifting I(u,v). We can eliminate any unknown shift by shifting the
interpolation of I(m,n) and re-sampling it so that the first harmonic of the
the resulting representative image of each shift equivalence class I*(m,n) equals
zero. Let us show how to compute I* in 1D.

Definition 1 (Shift). Let function f(n):Z — R be periodic on the interval
[0,...,N], ie.
fn)=fn+N). (1)
Mapping &,: RZ — R?
o[f()] = FHF{f(m)} e 757, (2)

where F(k) = F{f(n)} denotes the Discrete Fourier Transform of f(n), and is
called the shift of f(n) by phase .

Definition 2 (Shift equivalence class). Let function f(n): Z — R be periodic
on interval [0, ..., N]. Then, the set

S[f(n)] ={g(n) | g(n) = @,[f(n)], ¥V ¢ € R} (3)
is called the shift equivalence class generated by f(n).

Definition 3 (Representative function of a shift equivalence class). Let

function f(n):Z — R be periodic on interval [0,...,N]. Function r(n) is a
representative function of S[f(n)] iff it generates S[f(n)], i.e.
S[f(n)] ={g(n) | g(n) = S,[r(n)], ¥ ¢ € R} . (4)

In other words, r(n) is a representative function of an equivalence class iff it is
its member, i.e. r(n) € S[f(n)].

Definition 4 (Shift invariant representation). Let function f(n): Z — R be

periodic on interval [0,..., N]. Let p: RZ — RZ assign to each f(n) a function
s(n). The s(n) is called the shift invariant representation of f(n) iff
s(n) = p[@,[f(n)]], Vo€ R. (5)

Observation 1 There are shift invariant representations of f(n) which are not
representative functions of S[f(n)].

Autocorrelation of a function f(n) is an example of a shift invariant represen-
tation which is not a representative function of a shift equivalence class S[f(n)].
By shifting the autocorrelation function we get a shifted autocorrelation func-
tion but certainly not the original f(n). Moreover, all different functions which
have the absolute value of their Fourier transform equal to the absolute value
of the Fourier transform of f(n) have the same autocorrelation representations.
So, the autocorrelation representation is quite ambiguous.
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Definition 5 (Zero phase representation (ZPR)). Let function f(n): Z —
R be periodic on interval [0, ..., N]. Function

fr(n) = FHF{f(n)} e JoEWIEY (6)

where F(k) = F{f(n)} is the Discrete Fourier Transform of f(n) and F* is
its inverse, is called the zero phase representation of f(n).

Lemma 1. Let functions f(n), g(n): Z — R be periodic on interval [0,..., N]
with non-zero first harmonic, i.e. |F(1)| # 0, |G(1)| # 0, and let f*(n), g*(n)
be defined by (6). Then,

dp € R, g(n) = P,[f(n)] < g"(n) = f*(n). (7)
Proof. Lemma is verified by straightforward application of (2) and (6) on (7).
See [10] for details. Q.E.D.

Observation 2 f*(n) defined by (6) is a representative function of S[f(n)].

Observation 3 If f(n) has non-zero first harmonic then f*(n) defined by (6)
is an invariant representation S[f(n)].

Observations 2 and 3 show that the ZPR is a good representation of the class of
images which have non-zero first harmonic in column direction. The ZPR assures
that the images taken at different positions will be represented differently and
the images taken at the same place will have the same representative image.

Observation 4 The first harmonic of f*(n) defined by (6) equals zero,
i.e. p[F*(1)] = 0.

Observation (4) explains why the name “zero phase representation” has been
chosen.

A straightforward generalization of 1D ZPR for 2D cylindrical panoramic
images can be achieved by replacing the 2D FFT by a 2D DFT so that (6) is
replaced by

I*(m,n) = F~HF{I(m,n)} e=7F Oy (8)

where F'(k,l) = F{I(m,n)} is a Discrete Fourier Transform of I(m,n).

5 Experiment

Figure 2 shows real images taken with different orientations (a, ¢) and position
(a, e) of a panoramic camera. Ideally, the images (a, ¢) should be related by a
shift but this is violated by the holder of the camera which stays at the same
place in the image because it rotates with the camera and by occlusions and
changes in the scene. Figures 2 (b), (d), (f) show the ZPR of the images. The
images (b) and (d) are quite correctly shifted so that their relative shift is almost
zero as expected even though there were changes in the scene. The relative shift
of the ZPR of the images (d) and (f) which were taken at different positions
differs quite a lot.
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Fig. 2. (a) A panoramic image and its ZPR (b), (c) a panoramic image taken at the
same position and different orientation and its ZPR (d), (e) a panoramic image taken
at the different position and same orientation and its ZPR (f).

6 Conclusion

The fundamentals of image based robot localization have been given by providing
the ZPR, an invariant and discriminative representation of cylindrical panoramic
images with non-zero first harmonic in column direction. The idea of rotation
invariant representation of panoramic images has independently been used by
Aihara et. al [1] where independent autocorrelation of each row of a cylindrical
panoramic image was used. The invariance for all images is achieved but it
is not discriminative as images of many different scenes map into the same
autocorrelation. In this respect, the ZPR is better suited for global localization
as it is fully discriminative for the images with non-zero first harmonic in column
direction.

In the future, we like to study a suitable representation of the images with
zero first harmonic. The first experiments by Jogan and Leonardis [4] show
that the ZPR provides images which can be compressed by principal component
analysis. The question of further investigation is to find how smoothly the ZPR
behaves when changing the position. More attention has to be paid to illumina-
tion changes and occlusions. Preliminary experiments [11] show that ZPR is not
much affected by additive noise but it can strongly be affected by occlusions.
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Abstract

A modified Genetic Algorithm (GA) based search strategy is presented here that is computationally more efficient
than the conventional GA. Here the idea is to start a GA with the chromosomes of small length. Such chromosomes
represent possible solutions with coarse resolution. A finite space around the position of solution in the first stage is
subject to the GA at the second stage. Since this space is much smaller than the original search space, chromosomes of
same length now represent finer resolution. In this way, the search progresses from coarse to fine solution in a cascaded
manner. Since chromosomes of small size are used at each stage, the overall approach becomes computationally more
efficient than a single stage algorithm with the same degree of final resolution. Also, since at the lower stage we
work on low resolution, the algorithm can avoid local spurious extrema. The effectiveness of the proposed GA has
been demonstrated for the optimization of some synthetic functions and on pattern recognition problems namely dot
pattern matching and object matching with edge map.

Keywords: Genetic algorithm, search technique, chromosome, mutation, optimization, dot pattern matching.

1 Introduction

Genetic Algorithms (GAs) belong to a class of stochastic search method inspired by natural population genetics. They
represent a highly parallel adaptive search process. Central to the idea of GA is a population where individuals in the
population represent possible solutions. An individual is called chromosome, in analogy with the genetic chromosome.
New population is generated from old population with three basic genetic operators namely selection/reproduction,
crossover and mutation [1] which complete one cycle of operation. The process is explained in a more algorithmic
way in section 2.

The GAs have been employed in a wide variety of problems related to pattern recognition and image processing
among others. Some of the studies involving medical image registration, image segmentation and contour recog-
nition are available in [2-4]. Other practical applications like normalization of Chinese handwriting, classification
of endothelial cells are also reported in literature [5-6]. Moreover, GAs have been used in optimization of feature
extraction chain and dot pattern matching [7-8]. Some variants of GA are also reported in the literature [9-10].

Usually, GAs need a large number of cycles to converge to a solution. In a pattern recognition or related
problems, generally one starts with chromosomes of length dependent on the accuracy of the solution required. The
length remains constant throughout the execution of the algorithm. Thus, if more accurate solution is required, the
chromosome length should be larger, thereby increasing the execution time of the GA. It is the purpose of this paper
to show that the speed of the search process can be improved if a coarse to fine search strategy is employed in a
cascaded GA framework, where the chromosome size can be kept small at each stage.

In the proposed approach, we have otherwise employed conventional genetic method with constant chromosome
size at each stage. The chromosomes of small length in the first stage represents coarse resolution. A small space
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around the solution position in the first stage is considered for the next stage. Thus, at a higher stage the search
space is reduced and hence a chromosome of small length effectively represents higher resolution. This leads to an
overall speed up of the algorithm. Moreover, since we use coarse resolution at lower stage, the chance of getting
trapped at a spurious local optima is greatly reduced because of a kind of low-pass effect due to course resolution.

We have divided the paper as follows. The basic Genetic Algorithm for optimization is described in section 2.
The proposed CAscaded GA (CAGA) approach has been narrated in section 3. Section 4 deals with the experimental
results and the conclusion is in section 5.

2 Conventional GA Approach

Central to the idea of GA is a set of chromosomes, each representing a particular solution to the optimization problem.
The chromosome is usually represented as a string of 0’s and 1’s of fixed length. However, the chromosomes of variable
length [11] can also be maintained in the population. Initially, the set of chromosomes in the population are chosen
randomly.

An impotant parameter of GA is the fitness function that describes how well a chromosome represents the solution
to the problem. The genetic algorithm is an iterative approach with three basic operators called selection, crossover
and mutation. For the selection process the fitness values of the chromosomes are computed. There exist several
approaches of selection based on the fitness value [1],[9]. In the classical roulette wheel method, two mates are selected
for reproduction with probability directly proportional to their fitness. Thus, fitter chromosomes will contribute a
large number of offsprings to the next generation.

In crossover operation (illustrated below with chromosome pair Cy, Cy) the new chromosomes are formed due
to crossover i.e., interchange of a gene (bit) at a particular position of the two existing chromosomes. The value of
crossover probability, p. is usually maintained between 0.5 and 0.9. The algorithm may not generate new solution
for very small value of p. and can be unstable for too large value.

Cy @ o1 T2 T3 T4 T35 Tg T7 Ty Co © Y1 Y2 Y3 Ya Y5 Yo Y7 Us
Chromosome pair before crossover operation.
1. .
Cl @1 22 3 | Ya Y5 Yo Y7 s Cy t Y1 Y2 Y3 | T4 x5 T6 27 T3

Chromosome pair after crossover operation in 1 position.

(crossover operation is performed after | line)
The mutation operation shown below, is used to introduce new genetic materials to the chromosomes. The value

of mutation probability, p,, usually lies between 0.001 and 0.03 [11] and reflects the progress of search method. The
algorithm cannot easily converge for too high value of p, but converges to a spurious local optimum for very low
value. However, it is usually better to consider small value of p,, initially and increase the value with the advancement
of search cycles.
Clm & T1 T2 T3 Ys Ys Uo Y7 Us
Mutation operation over chromosome, C] (given above).

(upper bar indicates bit complementation)
The performance and effectiveness of GA largely depend on the population size. The size is generally maintained

between 30 and 100. If it is small then the algorithm leads to a premature convergenge which is unacceptable for
searching a global optimum but the higher value of the population size increases the evaluation cost per iteration
which results in slow convergenge. However, the proper choice of the population size is mostly related to the problem
in hand.
Thus, the conventional GA called CGA works as follows.
Step 1: Initialize the crossover probability, p. and the mutation probability, p,,. Set G=0.
Step 2: Randomly create the initial population P(G).
Step 3: Evaluate fitness of each individual (chromosome) in P(G).
Step 4: Increment G by 1.
Step 5: Select chromosome pairs randomly from P(G).
Step 6: Crossover two parents randomly to generate offsprings.
Step 7: Mutate randomly the chosen bits of the crossovered individuals in P(G).
Step 8: Evaluate fitness of each individual (chromosome) of P(G).
Step 9: Repeat Step 4 to Step 8 until G exceeds a predefined integer (say, N) or there exists a chromosome, Cy;
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whose fitness satisfies a prespecified criterion. In the former case Cy; is the fittest chromosome in the population
and the solution.

3 Proposed CAscaded GA Approach

In the conventional GA the area of the entire solution space is divided depending on the final resolution or the
accuracy of the solution. The size of the chromosome is, therefore, set accordingly and remains constant till the
termination of the algorithm which eventually slows down the convergence if highly accurate solution is needed. To
overcome the drawbacks we have proposed an algorithm called CAscaded GA (CAGA), employing coarse to fine
search strategy where the search space is exponentially reduced. At the first stage, small length chromosomes (say, [)
are used to get an approximate location of solution. A small space around this solution is considered as search space
for the second stage GA. Since the search space is reduced, a chromosome of length, [ represents higher resolution.
After a few stages the solution is obtained at the desired resolution.

This cascading approach has two advantages. First, it increases the overall speed of achieving a solution due to
small chromosome size. Second, it reduces the risk of being trapped in a local optimum for employing the search in
coarse to fine resolution.

The cascading process is illustrated in 2-D by Figure 1. Suppose an optimization problem should be solved by
the GA in a space bounded by the largest square of Fig.1. Here we show a three stage procedure. The chromosome
size is 4 bits at each stage, two bits for each z and y-axis to partition the solution space into smaller sixteen squares.
Suppose the solution at the first stage is obtained at the hatched square marked by a dark line. Then at the next
stage, this square along with the surrounding hashed region are considered as the search region and the GA is again
invoked. Thus, the search space is reduced at each subsequent stage and the chromosome of the same length (4 bits)
represents higher resolution. Since the spurious local optima are avoided, the algorithm converges faster and works
more efficiently than the CGA.

Let us now address the choice of other remaining parameters for CAGA. The chromosome length in general
depends on the search space size and the degree of freedom as well as the required solution accuracy. Consider, for
example, the problem of pattern matching in 2-D where an unknown pattern is matched with some known patterns
and the best matching pattern is to be found. For this purpose the unknown pattern is to be translated and then
rotated in the known pattern space. If the space has a rectangular area with length L, in a-direction and L, in
y-direction and the resolutions are r, and r, in those directions respectively and also the angular resolution, 74, then
for the CGA we should have the chromosome lepgth, I, given by k (1)

where n = fﬁ—:], m = f%] and k = [i—:] A chromosome, C' may be written as C = p1 ps p3 ... Pn 1 G2 3 --- @
0, 05 05 ... 0 where pi’sy and g¢;’s represent chromosome bit for z-direction and y-direction, respectively and p;, g;
and 6; can take values in (0,1).

A set of randomly chosen chromosomes constitutes the initial population in the first stage. In the following stages
the initial population is generated using the same procedure except the solution chromosome which is picked up
from the population of the previous stage. A population, P is represented as P = {C; | i =1, 2, 3, ..., M} where
M=population size.

The intermediate populations are created using the basic genetic operators namely selection, crossover and mu-
tation. In CAGA the operations of the three operators are performed using the same method as described in section
2. The selection operation selects a chromosome pair using roulette wheel method.

The crossover operation accepts the chromosome pair and produces two offsprings using either one-point or multi-
point crossover to interchange information between them. The type of operation (one-point or multi-point crossover)
depends on the number of parameters which are represented by a single chromosome and the cohesive nature of the
parameters. Two-point crossover operation in CAGA and CGA is illustrated below.

Ci = T51 Tiz Ti3 Tia Tis Tie Yit Yi2 Y3 Yia Yis Yie i1 Oi2 033 04 Oi5 O

C; = zj1 Tj2 Tj3 Tja Tjs5 Tie Yj1 Yj2 Y53 Yja Yjs Yje 01 Oj2 053 054 055 j6
Multi-parameter chromosome pair before two-point crossover operation

Ci = i Ti2 Tz Tig Tis | Tje Yj1 Yz ¥j3 Yia Yjs Yje Oir iz | 053 054 055 Oj6

Ch = xj1 Tjp Tj3 Tja Tjs | Tie Yir Yiz Yis Yia Yis Yie 01 Oj2 | Oiz Oia Oi5 Oic

Multi-parameter chromosome pair after two-point crossover operation
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As described before, the mutation operator is used to maintain the heterogeneity in a population. As the number
of cycles increases and the system goes towards convergence, it is better to increase the value of p,,. In CAGA we
have redefined the rate at the starting of each stage. Now if (L.); and (L.); are the total length of the chromosome
initially and in the #th step, respectively and (p,,); is the mutation probability in the #th stage, then we can define
Ppm in each step as follows.

(Lc)t
(Lc)l
Therefore, the CAGA can be described by the following steps.
Step 1: Initialize p. and p,,. Set generation, G=0 and step, t=1.
Step 2: Randomly create the initial population P(G,t).
Step 3: Evaluate fitness of each individual (chromosome) in P(G,t).
Step 4: Increment G by 1.
Step 5: Select chromosome pairs randomly from P(G,t).
Step 6: Crossover two parents randomly from P(G,t) to generate offsprings.
Step 7: Mutate randomly the chosen bits of the crossovered individuals in P(G,t).
Step 8: Evaluate fitness of each individual (chromosome) of P(G,t).
Step 9: Repeat Step 4 to Step 8 until a solution is obtained for the #th step.
Step 10: Redefine the solution space for fine resolution (as this is a coarse to fine resolution approach) and p,,, using
equation 2.
Step 11: Increment ¢ by 1.
Step 12: Again randomly create the population P(G,t) and propagate the elite chromosome from (t-1)-th stage.
Step 13: Go to Step 4 if t < ¢4, and G does not exceed a predefined integer (say, N) or ¢t < 4. and there does
not exist a chromosome, Cy;; whose fitness satisfies a prespecified criterion. Cy; is the fittest chromosome in the
population.
Step 14: (g represents the solution.

The value of t,,,, depends on the problem in hand. Usually, it does not exceed 4.

(pm)t = (pm)t—l X Xt (2)

4 Experimental Results

We have demonstrated the effectiveness of the CAGA on some classical functions in one or more dimensions. More-
over, in our experiment we have considered pattern recognition problems of object matching from edge map as well
as dot pattern matching.

The mathematical functions (f; to fg) contain various types of unimodal and multimodal functions for optimiza-
tion. We tried to evaluate maximum value for f; to f; and minimum value for f5 to fs. The functions (fi-f1)
are defined in Table 1 along with their global maximum value, the search range and dimensionality. Among these
functions, f; and fy have several local maxima but only one global maximum. However, the monotonic function, f3
and the bell-shaped function, f; have only one maximum. The schematic diagrams of some functions are depicted
in Figure 2(a)-(c).

Similarly, the functions (fs-fs) are defined in Table 2. Of them, f5-f; are high-dimensional, while fs is a low-
dimensional one. Also, f5 is a unimodal function, while fs and f; are multimodal where the number of local minima
increases exponentially with the problem dimension. fg has only a few local minima. We have chosen various classes
of functions to make the experiment unbiased and to test the robustness of the proposed technique.

TABLE 1: Mathematical Functions for Maximization

Function Dimension (n) Range Mazimum Value
[ 2+ e cos(z —10) if 2 <10
i) = { 2+ €% %cos(10 —z) if x > 10 ! LR 3.00
fo(x) =30 {miet 7+ (1 —xy)e™i} 5 0<z;<1 8.30
fa(x) =220 @i 3 0< 2 <10 300.0
fix)=1+3" L 4 0< 2 <10 5.00
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TABLE 2: Mathematical Functions for Minimization

Function Dimension (n) Range Minimum Value
f5(x) =0 |z + TT, |l 15 -10<2z <10 0.00
fo(X) = 1o Sy @i — [Ty cos(2) + 1 15 —15<2; <15 0.00

fr(x) = —20exp (—0.2, /L ZL) 15 —32 < z; < 32 0.00
— exp (Lcos(2mx;)) +20 + e

fa(x) = 42t — 2.1at + 20 + 2129 2 -5<z; <5 -1.031628
— 4z% + 423

In the experiment we have evaluated the efficiency of CAGA compared to CGA. In both cases the same initial
population, initial mutation probability (p,,) and initial crossover probability (p.) have been considered as starting
inputs of the algorithms. The mutation rate (p,,) remains constant in CGA throughout the entire search process
but in CAGA the input, p,, (according to equation 2) and the search space are altered at each stage. For all the
functions the starting input value of p. is taken in the range [0.5-0.9], that of p, is in the range [0.001-0.008] and the
population size is set to 30 with the same initial population for both methods. The chromosome size in CGA is larger
since the initial and final resolutions of the search domain are unaltered. On the other hand, the chromosome length
is small in CAGA since the resolution is gradually increased at each stage due to the reduction of search space. The
fitness value of a chromosome for each mathematical function is its functional value.

The first set of experimental results which are the average of 30 independent runs is shown in Table 3. It is noted
that CAGA performs better than or equal to CGA for f; — f4. The performance of both methods is identical for f5.
In CAGA f; and f; can attain the exact global maximum. f; and f4 reach close to the global maximum value in
CGA with an oscillation for fy. The functional value of f3 in CGA is close to the global maximum but in CAGA it
is more closer to the solution.

TABLE 3: Results of the functions considered for maximization

Function | Number of CAGA CGA
Generations | Mean Best | Std. Dev. | Mean Best | Std. Dewv.

fi(x) 100 3.00 0.00 2.99 2.98
Fo(x) 1000 8.24 0.00 8.24 0.00
fa(x) 400 299.99 0.00 299.41 0.00
f1(x) 100 5.00 0.00 4.97 1.4X102

TABLE 4: Results of the functions considered for minimization

Function | Number of CAGA CGA
Generations | Mean Best | Std. Dev. | Mean Best | Std. Dewv.

f5(x) 1000 2.8X1074 0.00 7.0X10" | 1.6X10
fo(x) 2000 0.00 0.00 1.1X107! | 9.0X10°3
fr(x) 3500 5.1X105 0.00 1.46 1.00

fs(x) 200 -1.03 0.00 1.07 | 6.4X1072

Similarly, the results of f5 — fs is shown in Table 4 considering the average of 30 independent runs. Here, f5 — fs
perform much better in CAGA compared to CGA and there is a uniformity in convergence in all individual runs.
Among them, fg and fs can attain the exact global minimum value. However, the uniformity is not maintained for
f5 — fs in all individual runs in CGA. Such oscillation is maximum for f; and minimum for fs. However, f5, fs and
fs can reach close to the global minimum value compared to f; which is far from the solution.

The convergence speed of CAGA is faster than or equal to that of CGA except for fo. The speed of CAGA is
2.5 times faster than that of CGA for f;. However, CGA converges faster than CAGA for f, (with dimension 5)
although none of the two methods can attain the exact global maximum value in this case.



A Cascaded Genetic Algorithm 37

As mentioned before, we have also performed our experiment on dot pattern matching and object matching
from edge map. A dot pattern is a set of dots or points in 2-D or 3-D space arranged to represent some physical
object or class of objects in a feature space. In the multidimensional space the dot patterns are located either
wide apart or overlapped with each other. We encounter dot patterns in astronomy and astrophysics, geographic
and cartographic data, remote sensing, spatial information system, biomedical imaging, image texture analysis and
many other deciplines of computer science. The studies involving dot pattern includes shape identification and set
estimation, classification and clustering, and point process parameter identification.

The dot pattern matching problem has been performed in the following way. We have taken S as a set of dot
patterns of different shapes shown in Figure 3. Let one of them be a test pattern, 7" and matched it with S. Usually
CAGA performs better than CGA in speed. However, in both the methods sometimes T does not match with the
correct, pattern of S.

DP4

DP3

DP2
DP1

Figure 3: A scene of multiple dot patterns in 2-D

The matching score of two dot patterns, T and S are computed as follows. T is translated to a point, P and
rotated by an angle, # with respect to the origin, O. Now the distance, d(t;,s;) between a point, ¢; of T and each of
the points, s; of Sis measured and the minimum distance is taken into consideration. If the number of points of T'
is a, then the sum of minimum distances, D,,;, for all a points is

(e
Dmin = Z Min[d(t;, s)]j=1, (3)

i=1
where t1, ta, ... t, and s1, s, ... sg are the points of T and S, respectively and in our test a < 3. The value of

D,in is the best matching score of two dot patterns for a solution chromosome in a population.

In our experiment the number of dots in patterns of S shown in Figure 3 is 2215. Let T be the test pattern which
can be one of the four patterns in Fig. 3. The best matching scores of T and S are shown in Table 5 for CAGA
and CGA methods. The patterns are either matched or unmatched. We can consider two types of matching namely
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perfect matching and imperfect but visual matching. For visually matched patterns we see that T is superimposed
over S without any visible error although the error of the matching is computationally reasonable. On the other
hand, in perfectly matched situation the error of the matching between T and S'is very close to zero. Naturally, the
patterns are also visually matched.

TABLE 5: Results of CAGA and CGA Methods on Dot Patterns

CAGA CGA
Success Rate Unsuccess Rate Success Rate Unsuccess Rate
Dot Perfectly | Visually Not Perfectly | Visually Not
Patterns | Matched | Matched Matched Matched | Matched Matched
DP1 33% 47% 20% 0% 20% 80%
DP2 53% 20% 27% 0% 7% 93%
DP3 66% 27% ™% 7% 40% 53%
DP4 27% 66% 7% 0% 33% 67%

For each dot pattern we have performed our experiment for 15 independent runs. The population size is 30,
the value of p. lies between 0.6 and 0.8, the value of pp, is in the range [0.004-0.008] and the maximum number
of iterations required is 100. It is noticed that in CGA the search stuck to a local optimum for most cases. The
chromosome size is always considered 50% longer in CGA to provide equal resolution of solution space with CAGA.
The results of Table 5 show that the performance of CAGA is much better than that of CGA. The rate of failure in
CAGA is less than 30% at most while in CGA it is at least 50%. In CGA the dot patterns did not exactly match
except for DP3.

The other pattern recognition experiment is matching with edge map. Initially, the object was a gray-tone digital
image in the space of 256X256 pixels with 256 possible gray levels. It is then converted into a two tone edge map
using Sobel Operator [12]. The edge map may be considered as a discrete dot pattern where a dot is represented by
1 and a blank (white space) is by 0. See Fig. 4(a)-4(b).

The number of pixels in the edge map is 6856. The object, S is the original one and T is the test pattern (a
distorted form of S). We have distorted the original object by rorating it with a certain angle. The angle may be
between 0 and 360 degrees. In the experiment the parameters are p. =[0.6-0.9], p,, =[0.005-0.008], the population
size is 30 and the maximum number of iterations allowed is 100 for both methods. We have considered several
independent runs to perform the experiment for both methods. The patterns are matched in the same way as
described before. In CGA the chromosome length is always 60% larger. Fig. 4(c) and Fig. 4(d) show the position
of the dot patterns after the convergence of the search in CAGA and CGA, respectively.

From the experiment it is observed that the performance of CAGA is better than that of CGA. The success rate
is also encouraging but not 100%. The rate of successful matching (visually matched) of CAGA is at least 70%
whereas in CGA it is 60%. Moreover, the convergence speed of CGA is slower than that of CAGA when the object
is visually matched.

In pattern recognition problems we have considered the fitness function as sum of shortest distances between the
points of S and T. The fitness value at a single point is defined as follows.

F = Dyin (4)

5 Conclusion

We have proposed the cascaded GA method to enhance the computation efficiencey of the conventional GA. Here,
the genetic search starts with small chromosome size. The choice of chromosome length is determined by the search
space dimensionality and size, the degree of freedom as well as the required solution accuracy. Initially, the small
chromosome size represents the solution space with coarse resolution. However, since in successive stages the search
space is reduced and the chromosome size remains constant, the resolution is eventually increased. Thus, the small
chromosome size saves the computation cost per iteration as well as the memory space, and restricts the search from
falling in the spurious local extrema.
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We have demonstrated our approach on a number of synthetic functions for optimization as well as on the pattern
recognition problems. We have considered two pattern recognition problems, one on dot pattern matching and the
other on object matching from edge map.

Two sets of experiments have been performed on eight mathematical functions in single or multi-dimensional
space. All functions contain either one or multiple local optimum. However, there are some functions for which
the number of local optima increases exponentially with the problem dimension. The CAGA method can attain the
exact global optimum for most of the functions and there is a uniformity in convergence.

Next, we have taken the matching problem between two dot patterns. The match between two dot patterns is
obtained by first translating the test pattern to a point, P and then rotating by an angle, 8 with respect to the mean
point, O as origin. From the test results it is observed that CAGA makes the search efficient with a success rate
between 70% and 90% for smaller chromosome length compared to the chromosome size in CGA.

In object matching with edge map the object is a digital image with 256 possible gray levels in a space of 256X256
pixels. It is then converted to a two-tone edge map using Sobel Operator [12] and transformed to a dot pattern where
the edge is indicated by a series of dots. The match between two objects is performed similar to the dot pattern
matching problem. Here the test object is considered as a distorted form of the sample object. In the experiment
CAGA proforms better with a success rate of at least 70%.
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Abstract

This paper presents an approach to using both labelled and
unlabelled data to train a multilayer perceptron. The unlabelled data
are iteratively pre-processed by a perceptron being trained to obtain
the soft class label estimates. It is demonstrated that substantial gains
in classification performance may be achieved from the use of the
approach when the labelled data do not represent adequately the
entire class distributions. The experimental investigations performed
have shown that the approach proposed may be successfully used to
train neural networks for learning different classification problems.

Keywords: Classification, Multilayer Perceptron, Neural Networks, Unlabelled Data

1 Introduction

Artificial neural networks proved themselves very useful in various applications.
Many of the neural network applications concern classification. One of the most
important features of neural networks is learning from examples. There are three
main types of learning: supervised, unsupervised, and reinforcement. In the
supervised learning case, the decision function sought is learned from training pairs:
input vector, class label. Numerous classifiers and associated learning algorithms
have been developed. A common feature of nearly all the approaches is the
assumption that class labels are known for each input data vector used for training.
The training for such classifiers typically involves dividing the training data into
subsets by class and then using the maximum likelihood estimation to separately
learn each class density.

It has been recently recognised the value of the use of both labelled and unlabelled
data for learning classification problems [1,2,3,4,5]. Labelled data can be plentiful
for some applications. For others, such as medical imaging, quality control in
halftone multicoloured printing, the correct class labels can not be easily obtained for
a significant part of the vast amount of training data available. The difficulty in
obtaining class labels may arise due to incomplete knowledge or limited resources.
An expensive expertise is often required to derive class labels. Besides, labelling of
the data is often a very tedious and time-consuming procedure.
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The practical significance of training with labelled and unlabelled data was
recognised in [2]. Towell [5], Shashahani and Landgrebe [4], Miller and Uyar [3]
have obtained substantial gains in classification performance when using both
labelled and unlabelled data. However, despite the promising results, there has been
little work done on using both labelled and unlabelled data for learning classification
problems. One reason is that conventional supervised learning approaches such as
the error back propagation have no direct way to incorporate unlabelled data and,
therefore, discard them. In this paper, we propose an approach to using both labelled
and unlabelled data to train a multilayer perceptron. The unlabelled data are
iteratively pre-processed by a perceptron being trained to obtain the soft class label
estimates.

2 Related Work

It has been shown that the MLP trained by minimising the mean squared error can be
viewed as a tool to estimate the posteriori class probability from the set of input data:

exp(o}” (x, w))

3¢ explo (x, w))

where 0" (x,w) is the output signal of the ;th output node, Q stands for the

P(c;/x)=

(1

number of output nodes of the perceptron, and L is the number of layers in the
network. In [6], this estimate of the posteriori class probability obtained for an
unlabelled data point served as target value when learning the point. In [7], the
decision classes are treated as fuzzy sets. The membership degrees to the fuzzy sets
are estimated for each data point and used as target values to train a multilayer
perceptron. The learning algorithm proposed by Towell uses a conventional
supervised training technique except that it occasionally replaces a labelled sample
with a synthetic one [5]. The synthetic sample is the centroid of labelled and
unlabelled samples in the neighbourhood of the labelled sample. Therefore, the
algorithm uses both labelled and unlabelled samples to make local variances
estimates.

Another approach to using unlabelled data for learning classification problems
relies on probability mixture models. A mixture-based probability model [3,4] is the
key to incorporate unlabelled data in the learning process. In [4], the conditional
likelihood is maximised, while Miller and Uyar [3] maximise the joint data

likelihood given by
I I
logL= Y logy e, f(x,16,)+ Y logy a Ple, /x,,m = lrex, 16,y @)
x;eX"” =1 xieXI =1

where f(x,/6,) is one of L component densities, with non-negative mixing
L .
parameters ¢, , such that 2[:1 o, =1, 6, is the set of parameters of the component

density, X" is the unlabelled data set and X' is the labelled data set. The class

labels are also assumed to be random quantities and are chosen according to the
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probabilities P[c; /X;,m, ], i.e. conditioned on the selected mixture component

m, €{1,2,...,L} and on the feature values. The optimal classification rule for this
model is given by the following selector function with range in the class label set:

S(x)=argmlflx2jP[c, =k/m, =j,x, ]P[ml =j/x1.] 3)
where
o,f(x;/6))
> o f(x,16,)

The expectation maximisation (EM) algorithm [8] is used to maximise the
likelihood. The EM algorithm iteratively guesses the value of missing information.
The algorithm uses global information in this process and, therefore, it may not
perform well on some problems. We use the approach chosen by Miller and Uyar [3]
for our comparisons.

P[mi =j/xi]=

4)

3 Training the Network
3.1 The Network

The network used is a multilayer perceptron. Let oj.q) denote the output signal of the
j th neuron in the g th layer induced by presentation of an input pattern x, and
w;.”) the connection weight coming from the i t4 neuron in the (¢ —1) layer to the

Jj th neuron in the ¢ th layer. Assume that x is an augmented vector, i.e. x, =1.

) _ (@) — (@)
Then 0" =x,, 0, = f(net,”’) , and

netﬁq) — Z"qfl w'D oD (5)

i=0 771
where net;.”) stands for the activation level of the neuron, n,, is the number of

neurons in the g —1 layer and f(net) is a sigmoid activation function.

3.2 Learning Set

We assume that the learning set X consists of two subsets X ={X,,X,}, where
X" = {xM L x NNy is the unlabelled data subset and
X' ={(x",c"), (x*,¢c?)..(x"",c"")} is the labelled data subset, X" € R* is the nth
data vector, ¢ € I ={1,2,...,0} is the class label, Q is the number of classes, N,
and N, are the number of labelled and unlabelled data points, respectively;
N =N, + N, . The target values for the labelled data subset t',...t" are encoded

according to the scheme 1-0f-Q, i.e. 1} =1,if ¢" =k and ¢} =0, otherwise.
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3.2.1 Target values for unlabelled data

In this study, we treat the decision classes as fuzzy sets and assume that the neural
network’s output values provide membership degrees to the fuzzy sets. Suppose that

the nth input pattern x” is presented to the network. The membership degree
He, (x") of the mth input pattern x” to the jth fuzzy set is then given by the
output signal 0;]‘)(x",w) of the j th output node of the network. Next, the contrast

within the set of membership values M, (x") is increased:

., 2[ﬂcj(xn)]zs forOS,u(;] (x")<0.5 .
ne, (x")= S . j=12,,0 (6
1—2[1—y(,/(x )]~ otherwise.
This implies that the membership assignment is possibilistic. Let M " be the set of

indices of the £, nearest neighbours of the unlabelled data point x”, i.e.

=] <

X —x"||, Vke M" and Vig M"; N, +1<n<N; 1<ki<N (7)
Then, the target vector t” for the unlabelled data point x” is given by

th = 21eM” tl/k”" ’ ®)

where

1= e, ", Vj=1..,0,Vn=N,,,...N )

if N,+1<I<N,and 1;=10r0,if ISI<N,.

The problem of an optimum choice for the value of £k, is equivalent to the

problem of finding the optimum value of K in the K -nearest-neighbours based
probability density estimation task.

3.3 Learning Algorithm

We assume that regions of lower pattern density usually separate data classes.
Therefore, decision boundary between the classes should be located in such low
pattern density regions. First, the network is trained using labelled data only. The
target values for unlabelled data are then estimated using (8). Next, the network is
retrained using both the labelled and unlabelled data and the target values for the
unlabelled data are re-estimated. In the following, the training and re-estimation
steps are iterated until the classification results obtained from the network in a
predetermined number of subsequent iterations stop changing or the number of
iterations exceeds some given number. We use the error backpropagation algorithm
to train the network. The network is trained by minimising the sum-squared error
augmented with the additional regularisation term
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=

0 Ny

Ew)=3 33 (o) )= + 3 w7 (19)

n=1 j=l1
where N, is the number of weights in the network and [ is the regularisation

coefficient. The learning algorithm is encapsulated in the following four steps.
1. Train the network using labelled data only.
2. Calculate target values for the unlabelled data using (8).
3. Train the network using both the labelled and unlabelled data.
4. Stop, if the classification results obtained from the network in a
predetermined number of subsequent iterations stop changing or the number
of iterations exceeds some given number; otherwise go to Step 2.

4 Experimental testing

The learning approach developed was compared with the EM algorithm based
approach proposed in [3] and the conventional error backpropagation learning when
only labelled data are exploited. We used data of two types to test the approach: the
2D artificial data, and the data from three real applications.

4.1 Tests for Artificial Data

We performed two series of experiments with artificial data. In the first series, a two-
class separation problem that requires a linear decision boundary was considered. In
the second series, the network had to develop highly non-linear decision boundaries
for classifying two-dimensional data into three classes.

4.1.1 A two class problem

The data set is shown in Fig. 1. The data classes are Gaussian with the same
covariance matrix. The optimal decision boundary for the data is linear. There are
2000 data points in the class ‘0’ and 400 in the class ‘“+’. The black dots illustrate the
labelled data. Only 40 data points from each class are labelled. As it often happens in
practice, the labelled data do not adequately represent the entire class distributions.
A single layer perceptron can yield the optimal solution. However, to have some
redundancy in the model, we used a one hidden layer perceptron with two nodes in
the hidden layer.

Fig. 1 (left) illustrates the typical classification result obtained from the MLP
trained on the labelled data only. The classification errors are shown in black ‘+” and
0’. As can be seen from the figure, the labelled data are classified correctly.
However, the average classification error for the unlabelled data is 8.98%.

The classification result obtained using the proposed training approach is shown in
Fig. 1 (right). The number of nearest neighbours used in the experiment is £, =8§.

The improvement obtained from the use of both the labelled and unlabelled data in
the learning process should be obvious. In this experiment, the EM based approach
yielded a very similar solution. The error rate obtained was 1.77% for the approach
proposed and 1.89% for the EM based approach.
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Fig. 1. A two-class (‘+’ and ‘0’) classification problem. Classification result obtained from
the MLP trained on: (left) labelled data only, (right) both labelled and unlabelled data.

4.1.2 Location of the decision boundary

The next experiment aims to justify that the decision boundary found is situated in a
place sparse in data points. First, we uniformly distribute some number of data
points, let say 100, on the line connecting centres of the classes. The connecting line
is shown in Fig. 1 (right). The asterisks stand for the centres of the classes. For each
data point on the line we then evaluate the average distance to the k,, nearest

nn

neighbours in the data set. To evaluate the distance we always used the same number
of the nearest neighbours as for the target value estimate when training the network.
The average distance evaluated for all the data points on the line reflects the density
of the data points in the neighbourhood of the line. Fig. 2 (left) illustrates the
distribution of the average distance obtained using eight nearest neighbours
(k,, =8). The characters ‘+’ and ‘o’ show to which class the points of the line are
assigned. As can be seen from Fig. 2 (left), the class label changes in the place of the
lowest pattern density. A more accurate estimate of the average distance, the
generalised average distance, is obtained by averaging the estimates conveyed by
several lines drawn in parallel to the line connecting the centres of the classes. The
end points of the i th line are given by

p. =p. +{0,[(V,, +D/2)-ilaR},  c=12; i=12,.,N,, (11)
stands for the

number of the lines, and A/ is a constant. The generalised average distance from the
j th point on the generalised line to the k,, nearest neighbours is given by

nn

where c¢ is the class index, pz is the centre of the class ¢, N

lin

1 Niiy ; 12
d,=—o Z d (12)
lin i=

where dj. is the average distance from the ;th point on the i th line. Fig. 2 (right)

illustrates the distribution of the generalised average distance evaluated using
N,, =15, Ah=01, and k,, =50. As we can see, the class label changes in the

place of the lowest pattern density.

nn
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Average distance
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Fig. 2. Distribution of the average distance (left). Distribution of the generalised average
distance for k£, =50 (right).

4.1.3 A three class problem

The data set used in this experiment is shown in Fig. 3. There are three classes in the
set: ‘0’, ‘“+’, and ‘0’ containing 1683, 1739, and 1735 data points, respectively. Only
40 data points from each class, shown as black dots, are labelled. The labelled data
extremely badly represent the class distributions. The one hidden layer perceptron

used in this experiment contained ten nodes in the hidden layer.

Fig. 3. A three-class (‘0’, ‘+’, and ‘0’) classification problem. Classification result obtained:
(left) from the network trained according the approach proposed, (right) from the EM based
approach for L =3 mixture components.

Fig. 3 (left) shows a typical classification result of the data set obtained from the
network trained according to the approach proposed. The black dots illustrate the
labelled data. The unlabelled data points shown in grey are correctly classified. The
classification errors are shown in black ‘o’, ‘+’, and ‘C’.

We have experimented with the EM based approach using different number of
mixture components. In all the trials, the obtained classification accuracy was far
bellow the accuracy depicted in Fig. 3 (left). Fig. 3 (right) displays the best outcome
from the EM based approach, which was obtained for L =3. It is obvious that it is
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not enough to use three mixture components for modelling the class distributions
properly. Using more mixture components, however, causes errors in the estimate of

the probabilities P[c, /x,,m,]. The ellipses shown in the figure illustrate the
constant density contours at the level given by the standard deviation equal to one.

4.2 Experiments with real data
4.2.1 Colour classification

Nowadays, multi-coloured pictures in newspapers, books, journals and many other
places are most often created by printing dots of cyan (C), magenta (M), yellow (Y),
and black (K) inks upon each other through screens having different raster angles.
Fig. 4 (left) illustrates an example of an enlarged view of a small area of a newspaper
picture that contains dots of all the four inks.

Fig. 4. An enlarged view of a part of a newspaper picture that was created by printing dots of
cyan, magenta, yellow, and black inks (left) and magenta ink (right).

In graphic arts, it is important to accurately measure the size of halftone printing
dots. Such a need arises when studying interaction between different types of ink,
paper and printing devices. It is not an easy task if we have to deal with very small or
very large tonal values. Fig. 4 (right) represents an example of such a task.
Approximately 96% of the area of the picture the image was taken from is covered
by the magenta ink. The task is to determine the percentage of the “white” areas. Fig.
5 and Fig. 6 visualise two solutions to the problem. The same set of labelled data has
been used in both experiments. The result obtained from the MLP trained on labelled
data only is shown in Fig. 5. Fig. 6 illustrates the result obtained from the approach
proposed. The results are presented in both the ijk and the image spaces. Comparing
Fig. 5 and Fig. 6, we find that an obvious improvement in classification accuracy has
been obtained when using the proposed training approach.

In this experiment, every pixel was described by the normalised variables
i=R+G+B, j=R-B, and k=R-2G+B. These variables are obtained by performing a
linear transformation of the {R,G,B} vector by eigenvectors of the covariance matrix
of the R, G and B variables (under the assumption that the variables are of equal
variances and covariances).
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Fig. 5. Classification result obtained from the MLP trained on labelled data only. The result
presented: (left) in the image space, (right) in the ijk colour space.

Fig. 6. Classification result obtained from the MLP trained on both labelled and unlabelled
data. The result presented: (left) in the image space, (right) in the ijk colour space.

4.2.1 Classification tasks from the ELENA project

The ESPRIT Basic Research Project Number 6891 (ELENA) provides databases and
technical reports designed for testing both conventional and neural classifiers. All the
databases and technical reports are available via anonymous ftp: fip.dice.ucl.ac.be in
the directory pub/neural/ELENA/databases. From the ELENA project we have
chosen two data sets representing real applications, Phoneme and Satimage.

The Satimage database was generated from Landsat Multi-Spectral Scanner
image data. The database contains 6435 36-dimensional patterns. There are six
classes in the database. The database also contains the five-dimensional description
of the data. The five dimensions were obtained by using discriminat factorial
analysis. In this study, we used the 5-dimensional description of the Satimage data.

The Phoneme database. The aim of this database is to distinguish between nasal

and oral vowels. Thus, there are two different classes: the Nasals in class @, and the
Orals in class @, . There are 3818 patterns from class @, and 1586 patterns from

class @, .

For both databases, the data available were divided into training and testing sets of
the same size. Fig. 7 visualises the classification performance as a function of the
number of the labelled training data exploited in the training process. The superiority
of the training approach proposed should be obvious from the figure.
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Fig. 7. Classification performance as a function of the number of the labelled training data.

5 Conclusions

We have presented an approach to using both labelled and unlabelled data to train a
multilayer perceptron. The approach banks on the assumption that regions of low
pattern density usually separate data classes. Decision boundaries developed during
training according to the approach proposed are positioned in such low pattern
density regions. We have demonstrated experimentally that substantial gains in
classification performance may be achieved from the use of the approach when the
labelled data do not adequately represent the entire class distributions. In all the tests
performed, we found superiority of the proposed training approach over the EM
based approach and the MLP trained on labelled data only.
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Abstract

The current research efforts in the field of video parsing and
analysis are mainly focused on the use of pictorial information,
while neglecting an important supplementary source of content
information such as the embedded audio or soundtrack. In
contrast, in this paper we address the issue of exploiting audio
information that can be jointly used with video information for
scene changes detection. The proposed method directly works
on MPEG encoded sequences so to avoid computationally
intensive decoding procedures. It is based on a multi-expert
classification system made up of a hierarchical ensemble of
neural networks.

Finally, after presentation of a large audio database, suitably
designed for assessing the performance of the approach,
preliminary experimental results are discussed.

Keywords: Audio segmentation, MPEG audio stream, Scene changes detection,
Neural Networks, Multi-Expert Systems, Hierarchical classification.

1 Introduction

It is part of common life experience that a video can be defined as a combination of
images and sounds. Soundtracks have a very significant role in defining the essence
of a video footage; so the video can completely change its meaning if embedded
into different soundtracks. Despite of these considerations, the current efforts for
content characterization are mainly focused on the use of pictorial information
[1-3], while only a modest number of research works related with the use of audio
for video analysis is present in the literature [4-6].

A problem in this kind of applications is that the input audio stream is composed of
different audio types (speech, music, silence, noise) which should be processed in

S. Singh, N. Murshed, and W. Kropatsch (Eds.): ICAPR 2001, LNCS 2013, pp. SOﬂ, 2001.
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different ways depending on the particular application considered. As an example,
in speech recognition only intervals containing a speaker are considered [7], while
distinguishing between music and speech sequences is necessary for recognizing
different types of TV programs [6]. Techniques for partitioning the audio stream
into homogeneous segments of different audio types are thus required as a
necessary preliminary step for a reliable interpretation of an audio signal.

While the silence detection is a simple task, generally performed by thresholding
the energy of the signal, the speech and music detection represents a quite
complicated task. The typical approach used to distinguish between the two classes
is based on the computation of a suitable set of features from the PCM samples of
the audio stream [8-10]. Anyway, video sources are more often provided in
compressed form, according to standards like MPEG. Only few papers [11,12] have
faced the problem of audio classification by using features directly computed in the
MPEG coded domain, so avoiding the computationally intensive task of decoding
audio. In particular, in [11] Patel et a/. in order to distinguish among silent, dialog
and non-dialog segments propose a method based on features (pitch, pause rate,
bandwidth) computed without performing any MPEG decoding step. The
classification is performed by using such features in a rule based framework. In
[12], Nakajima et al. detect silent, speech, music and applause segments using
temporal density, bandwidth and center frequency of subband energy.

In this paper, the proposed classification system also works directly on MPEG
encoded sequences. It is based on a hierarchy of neural networks suitably
cooperating so as to face the classification task at different levels. Each classifier
belonging to the multi-expert system provides, together with the classification
decision, a reliability parameter which is used, in the final classification stage, to
weight the decision of each classifier. So, classifiers exhibiting higher values of the
reliability parameters receive more credit in the final classification decision.
Another relevant point is the experimental assessment of the system performance.
To this aim, a very large database of audio is built and used for extensively
verifying the performance of the system either in real situations or even in more
crucial conditions, occurring fi. when speech and music overlap.

2 The Audio Classification System

The adopted classification strategy is based on a multi-expert system. Multi-expert
systems have recently gained more and more popularity within the field of Pattern
Recognition. The rationale of a multi-expert system lies in the fact that facing
complex classification problems with a single classifier typically leads to crucial
choices both in the process of selecting the features and in the determination of the
classification paradigm, and again in the design of suitable training strategies of
the classifier.

Anyway, no matter how complex the single classifier is, the whole system will be
particularly strong in recognizing a large amount of input patterns, but unavoidably
some other pattern will be wrongly classified. It is widely recognized by people
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working on Pattern Recognition that the effort in reducing the error rate, by
iteratively intervening on the different parts of the system, grows more and more.
After a certain number of successive improvements in the classifier performance, a
lot of efforts are necessary for further decrease the error rate of a bit.

This problem has been addressed by making an ensemble, according to different
architectures (parallel, serial and hierarchical topologies are the most common
ones), of a set (typically under 10) of simple classifiers, as much as possible
"complementary" each other; complementariness lies in the feature set, in the
classification model, in the learning strategies, and so on. This way, the lack of a
classifier can be, at least partially, recovered by the strength of the other classifiers
participating to the multi-expert system. The approach experimented in various
areas of Pattern Recognition, within different applications, revealed to be very
promising, and the number of papers reporting related researches increased
significantly [13-15].

The problem we are dealing with, can be profitably faced by using a multi-expert
system, as the segmentation of audio within an MPEG stream is undoubtedly a very
hard classification problem: the audio contains speech, music, silence, being each
of them widely variable. Speech comes from people of different age, nationality,
culture, can be slow or rather speedy, can vary in tone, volume and so on.
Moreover, it is trivial to recognize that music is even more variable.

The detection of the instants in which an audio break can occur it is not a simple
task, due to the fact that the interval in which a break happens is not constant and
because of the high number of different break types. Typically, it is very difficult to
choose an observation interval in such a way to ensure the presence of a break
inside it. All these reasons make particularly difficult the design of a recognition
system devoted to detect audio breaks.

So, an alternative solution can be given. Let us consider a system which does not
try to directly detect audio breaks, but is able to recognize if a portion of an audio
stream belongs to one of the classes introduced above. If it is possible to define a
reliability measure for the decisions that this system performs, we could use this
kind of information to detect audio breaks. In fact, if the decision of the system
about a given audio portion is very reliable, it can be inferred that the audio portion
examined is made of a unique audio type. Vice versa, if the classification act is not
reliable enough, this unreliable decision could be due to the contemporary presence
of more than one audio type and thus a break inside the audio portion considered
could be present.

Neural networks can be used to implement such a recognition system efficiently.
The design of a system for the detection of audio breaks could be made by
employing the audio type recognition system described in a multi-expert system. In
particular, the first level could be composed by a neural network devoted to classify
a frame of the audio stream into one of four possible classes (silence, voice, music
and noise). If the classification act of the network is judged reliable, it will be
assumed that in the audio frame considered there are no breaks (and the system will
consider the next audio frame). On the contrary, the audio frame considered is split
into n subparts, each of which is classified by another neural network belonging to
the second level of the whole system. On the basis of the responses supplied by
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these networks it is possible to use a combination module devoted to detect if there
is really a break into the original audio frame or not. The combined decision will be
supplied on the basis of the decisions of the second level classifier and of the
reliability associated to them.

In figure 1 the whole system architecture is presented, while in the next section the
features extracted from the MPEG audio stream are discussed in detail.

MPEG/audio stream

Silence detection

First Level Neural
Network Classifier

Not Silence

Silence | Voice Musicl Noisel Reject
v

Partitioning audio signal
into n frames

/ \ frame n
o000 00
Silence detection Silence detection
Not Silence Not Silence

frame 1

LA N N N ]
Second Level Neural Second Level Neural
Network Classifier Network Classifier
Silence VoicelMusicl Noise l l l Silence | Voice | Music | Noise
v \4 v
Combiner
(Audio Break Detection)

Fig. 1: The architecture of the proposed multi-expert classification scheme.

3 The Proposed Features

Before describing the proposed features let us introduce some useful notations:

e 7" is the duration of the observation interval expressed in seconds or the
observation interval itself; the meaning is clear from the context; its value can be
Sorl;

e x,; is the i-th sample in 7T of the s-th sub-band;

e N is the number of samples for each sub-band in 7.
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Each of the following features is computed with respect to intervals of five or one
seconds, depending on which level of the multistage classifier the computation is
performed. As a consequence, the features extracted from the MPEG audio stream
and used for classification by the first level neural network are 14, while the second
level neural classifiers has, as input, a feature vector based only on the first 13
features.

Energy (Ey, Ey, Ey, E;, E4): this group of five features models the different energy
profiles of speech and music signals. In particular, we compute the energy of audio
signals by dividing the whole range of audible frequencies in five bands, each
containing an increasing number of MPEG/audio sub-bands. In this way, we try to
model the decreasing sensibility of the human auditive system to the increasing
frequencies. We aggregate the MPEG/audio sub-band in energy bands according to
the following table:

Band | MPEG/audio sub-bands
1 0-1
2 2-4
3 5-8
4 9-16
5 17-31

Then, computation of the energy profile of the signal in 7 is performed on the basis
of the following formulas:

1 N 2 4 N L2 8 N 42
X . X, X
IEDIDIE LD IO IR A vl
s=0 i=1 N s=2 i=1 N s=5 i=1 N
16 N 2 3 N 4.2
_ 'xs,i _ 'xs,i
E, = E, = :
§=9 i=1 N s=17 i=1 N

Temporal Energy Variability (TEV): considering generic speech and music
waveforms it is possible to observe that speech has an intermittent energy behavior
due to the alternation between voiced and unvoiced speech; differently music is
usually characterized by a more continuous behavior. Modeling such behavior is
performed through the feature that we call temporal energy variability, which
simply computes the variance of the duration of the short segments with low energy
and whose calculation is carried out according to the following steps. Firstly, it is
computed:

31
V; :fo-,n with s=1,...,N-
5=0

Then, a new series {)’;} is constructed by binarizing the {y;} series with a
predetermined threshold 77y :

’{lify"ﬂhm with i=1,...,N -

b

Y= 0 otherwise

The {)’;} series results to be constituted by alternating groups of Os and 1s.

Starting from {)’;} it is constructed the {r;} series, whose generic element 7
represents the number of element in the j-th group of Os in {)’;}. Finally, we
compute the temporal energy distribution as:
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M “

where M is the number of groups of 0s.

Average and Variance of the Number of Significant Bands (ASB, VSB): other
characteristics of speech and music are that the bandwidth of speech is usually
narrower than that of music. In fact the spectrum of speech signals is generally
concentrated in the first 5-6 kHz. This property can be modeled through the
average and the variance of the number of sub-band with significant energy level.
In fact if the audio signal in 7 is characterized by a broad bandwidth, this number
becomes large. The computation of these features is performed respectively

according to the following formulas:

N N
ASB = % Y58, and VSB= %Z(SBi — ASBY
i=1

i=1

1Ev = L3 (- —7)
i=1

where SB; is the number of significant bands in the i-th group of sub-band samples,
fori=1,...,N, defined as:

31 . 2
SBi = ZX:_J and )C’ = {1 if xS,i > ThSBs .
5=0

8,0

0 otherwise

Sub-band centroid mean and variance (SCy, SCy, SCr, Dgc): the spectral
centroid represents the “balancing point” of the spectral power distribution. We
estimate it by calculating the sub-band centroid for each MPEG audio group of sub-

band samples. The sub-band centroid is given by:
31

42
N X”

56, =2 —
2

zxs,i

5=0

When computed on music, the values of SC; are usually larger than when computed
on speech because of the different spectral distributions. This behavior can be

modeled considering the mean value of the sub-band centroid on 7, as:
1 N
SC,, =—)» SC,
M N ; i

Furthermore, SC; has different values for voiced and unvoiced speech; on the
contrary when computed on music SC; tends to be more stable. Hence, we compute
the variance and the third order central moment of SC; in 7, respectively as:

N N

SC, = %Z(SC,, -sc,) and SC, = %Z(SC,. -sc,)
i=1 i=1

and the difference between the number of SC; greater (G¢r) and lower (Lcr) than

SCyin 7, as:

Dsc = Ger - Ler -

Pause rate (PR): continuity of the signal is another major property found in non-

speech signals, differently from speech that is characterized by stops due to

separation of words and sentences. The pause rate measures the rate of stop in

speech signals and can be computed by counting the number of silent segments in a

talk. Let us denote with Sy the number of silent segments in 7; then Sy is given by:
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Sp=Y

j=0
meaning that if energy E; of the j-th segment in T is lower than the silent threshold
Ths, and the previous window is non-silence, S7 is incremented by 1 otherwise 0.
Then the pause rate is given by:

i (1 if (£, < Thy)AND(E ., > Thy) M
0 otherwise ’

PR=21.
T
31 K 2
It is worth noting that in (1), the energy E; is given by: g = 2 2 Ysi , where K
! s=0 i=1 K

is the number of sub-band samples in the j-th segment in 7. The duration of the
segments is 0,2 seconds.

Energy sub-band ratio (Esgr): the speech signals are characterized by the fact that
the energy is mostly accumulated in the first 1,5 kHz; differently from music which
is characterized by a spectrum usually spread on all the audible frequencies. This
characteristic can be easily modeled in the sub-band domain by the energy sub-band
ratio given by:

after considering that the bandwidth of each MPEG audio sub-band is about 650
Hz, more or less depending on the sampling rate.

4 Experimental Results

In this paper we report a preliminary experimental analysis of the proposed system.
In particular results obtained by the first level classifier (based on features
evaluated with reference to intervals of five seconds) are reported with reference to
a large audio database.

This database contains speech, music and noise: all the audio components have
been sampled at a 44,1 kHz rate digitized in MPEG/audio Layer 2 stereo format
with a bit rate ranging from 96 to 192 kbit/s. Particular care in the construction of
the database has been adopted to include a large representative of major genres of
speech and music. Speech material includes examples extracted from movies with
male, female and child voices alone or mixed, while music material includes
examples of the most representative genres as blues, classical, pop, rock, etc. The
total duration of each class in the database is about twelve hours. In the following
table a complete review of the speech and music audio track types included in our
audio database is presented. It is worth noting that the different size of the various
classes in the database also tries to reflect their real distribution in videos. For
instance, the size of the child one-voice class is smaller than that of the man one-
voice class since in general is more probable to watch a man as a character of a
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movie, or as an anchor in TV-news, than a child.

From the above described database three sets have been extracted: one for training
the neural network (the training set, in the following TRS) made up of about 5700
samples (40% of the whole database), one for evaluating the training performance
of the neural network (the so-called training-test set — in the following TTS) made
up of about 4300 samples (30% of the whole database), and one for testing the
neural network (the test set, in the following TS) made up of the remaining 30%
(about 4300 samples).

Speech Music
Type of voice g'i’;lil;ee’; Duration (total sec.) ];it;s:ec Duration (total sec.)
Child 1 9’ 54”7 - ( 594)|j{Alternative 55719” - (3319)
Female 1 2749 - (1669)' Blues 1h. 39" 49” - (5989)
Male 1 1h. 36" 45” - (5805)' Children 58" 40” - (3520)
Child + Adult 2 3901”7 - (2341)' Classical 1h. 25" 27" - (5127)
Child 2 19°28” - (1 168)' Country 1h. 39" 41” - (5981)
Female 2 50" 55” - (3055)' Dance 1h. 44’ 53” - (6293)
Male 2 1h. 13" 30” - (4410)' Folk 54" 39” - (3279)
Male + Female 2 54’ 28" - (3268)' Gospel 59" 18”7 - (3558)
Child + Adult >2 33" 55" - (2035)' Jazz 2h. 117 04” - (7864)
Child >2 17 12" - (1032)' Latin 1h. 37" 12" - (5832)
Female >2 30”33 - (1833)' Metal 50" 26” - (3026)
Male >2 40" 37" - (2437)' New Age 1h. 58’ 01” - (7081)
Male + Female >2 42" 42" - (2562)' Pop 2h. 207 27" - (8427)
Punk 1h. 03" 35” - (3815)
Rap 2h. 09’ 40” - (7780)
Reggae 1h. 41" 38” - (6098)
Religious 1h. 11" 34” - (4294)
Rock 1h. 127 08” - (4328)
Total 8h. 56" 49” (32209) Total 26h. 33" 40” (99611)

Table 1: A description of the audio database used.

The chosen network architecture was a Multi-Layer Perceptron with a single
hidden layer. The learning algorithm was the standard Back-Propagation one, with
a constant learning rate equal to 0.5. The sigmoidal activation function was chosen
for all the neurons. The input and the output layer were made up of 14 and 2
neurons respectively.

Before using this classifier, we perform the silence detection separately on each
audio segment. This is due to the fact that silence signals are characterized by a
very low energy level, so that they can be simply detected on the basis of an energy
thresholding. We compute the total energy of the signal in 7' according to the

1

N .
following formula: £ ,,, = z z x]i,” , where the meaning of the symbols is that
s=0 i=1
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introduced in Section 3. The value E7or is compared with a predefined threshold
(Thsp): if Eror < Thsy, then the considered audio segment is classified as silence,
otherwise it is forwarded to the neural classifier.

On the database used about 93% of correct silence detection has been obtained.

In table 2 results obtained on TTS and TS by neural classifiers with different values
of hidden neurons are reported.

# of hidden neurons TTS TS
10 95.87 94.22
15 97.17 93.56
20 98.03 94.59
25 97.80 94.43
30 97.89 93.96

Table 2: Results obtained on the considered database as a function of the number of
neurons.

In order to test the ability of the neural classifier in rejecting transitions, the
method proposed in [16] for selecting a reject threshold ensuring the best trade-off
between error and reject rates has been applied. In table 3 the results relative to the
use of the reject option on a set of samples not containing only speech or music are
reported. As it is evident, almost all of these samples are correctly rejected,
confirming the effectiveness of using such a technique for detecting transitions.

# of hidden neurons | Error Rate Reject Rate
10 0.99 99.01
15 1.33 98.67
20 3.33 96.67
25 2.67 97.33
30 2.67 97.33

Table 3: Results obtained on a set of samples not containing only speech or music, as a
function of the number of neurons.

Conclusions

In this paper a multi-expert system for the segmentation of audio MPEG stream is
proposed.

The proposed method works directly on MPEG encoded sequences so as to avoid
computationally intensive decoding procedures.

Preliminary results on a large audio database, specifically constructed for the
performance assessment of the method, confirming the effectiveness of the
proposed approach.
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Pattern Recognition
with Quantum Neural Networks

A.A Ezhov
Troitsk Institute of Innovation and Fusion Researches
Troitsk, Moscow region, Russia

Abstract.

New model of quantum neural nework able to solve classification problems is
presented. It is based on the extention of the model of quantum associative memory
[1] and also utilizes Everett’s interpretation of quantum mechanics [2-4]. For pre-
sented model not neural weights but quantum entanglement is responsible for asso-
ciations between input and output patterns. Distributed form of queries permits the
system to generalize. Spurious memory trick is used to control the number of
Grover’s iterations which is necessary to transform initial quantum state into the
state which can give correct classification in most measurements. Numerical mod-
elling of counting problem illustrates model’s behavior and its potential benefits.

Keywords quantum neural networks, entanglement, many universes interpretation,
pattern recognition, counting problem

1. Quantum neural networks

The study of quantum neural networks (QNN) combines neurocomputing with
quantum computations. Therefore, QNN models share main features both of quan-
tum computers and of artificial neural networks. Pre-history of quantum computa-
tions started with works of R.Feynman [5], D.Deutsch [6] and Yu.Manin [7] in 80-
s. Great break-through in this field is connected with the invention of factoring
algorithm by P.Shor [8] in 1994 and also with the development of Grover’s algo-
rithm for the search in unsorted database in 1996 [9].The main advantages of
quantum computing are connected with the use of quantum phenomena, which are
not inherent to classical computations. These phenomena are as follows:

® quantum superposition, which suggests that n-bit register can in some sense

exist in all its possible 2" states in a moment;

o quantum interference gives the possibility for multiple decisions of given
problem to compete each other in such a manner, that wrong decisions disappear
in destructive interference, while correct decision survives and a probability to
detect it grows due to the constructive interference;

e quantum entanglement — this purely quantum phenomenon has no classical
analog and sometimes is characterized as super-correlation which can cause the
appearance of classical correlations.

S. Singh, N. Murshed, and W. Kropatsch (Eds.): ICAPR 2001, LNCS 2013, pp. 60—, 2001.
© Springer-Verlag Berlin Heidelberg 2001
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Quantum computations promise to solve problems untractable on classical com-
puters. For some of them they can give exponential acceleration for the time of the
solution and also permit to create memory with exponential capacity. It is well
known that power of artificial neural networks is due to:

e ability to process wide-band signals (patterns);

e non-algorithmicity (neural networks can be trained using restricted set of ex-
amples, not programmed);

e generalization ability — neural networks can classify novel patterns;

There are many approaches to the development of QNN models, proposed by
M.Perus [10], D.Ventura and T.Martinez [1], R.Chrisley [11], T.Menneer [2-4],
E.Behrman [12], S. Kak[13] et al. These models focuse on different aspects of
quantum computations and neural processing. M.Perus outlined some similarities
existing between formalisms of quantum mechanics and also of neural networks.
E.Behrman et al. [12] clarified a role of nonlinearity using Feynman pass integral
approach and proposed possible physical implementation of their model. D.Ventura
showed how quantum superposition can be used to develop associative memory
with exponential capacity. R.Chrisley described how quantum neural networks with
continuous weights able to process gradual signals can be implemented. It is sug-
gested that quantum neural network can have many advantages such as exponential
aceleration of computations, smaller number of hidden units and, as the conse-
quence, better generalization [14]. Many features of classical neural networks seem
to be hardly realized in quantum analogs. For example, processing of wide-band
signals is complicated because it demands maintainence of coherence of the system
consisting of many qubits. However, one of the most important problem which
have to be decided for quantum neural networks to be effective pattern recognition
systems is generalization. T.Menneer investigated this questions in her thesis [3].
Together with D.Deutsch [15] A.Naraynan and T.Menneer argued a necessity to
use Everett interpretation of quantum mechanics for clear undestanding of the
source of power of quantum computations.

In this presentation we outline some new approach to the generalization problem,
considering QNN model based on Grover’s algorithm.

2. Menneer’s approach

T. Menneer defines quantum neural network as a superposition of single compo-
nent networks each trained on only one pattern. Everett’s interpretation of quantum
theory suggests that each component network exists in separate universe.
T.Menneer has performed computer simulations to show that her model is more
effective in classification than classical neural networks.

First reason for this effectiveness is that training of component network using
single pattern is very fast. Second reason is that, because of the absence of pattern’s
interference, the model escapes the problem of “catastrophic forgetting”, which is
typical for networks trained on many patterns. Third reason is that QNNs can learn
more complicated classification problems than their classical analogs. It was also
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found that there is no loss of generalization and scheme is independent on quantum
hardware. However, this approach has some other advantages and shortcomings
which would be briefly outlined.

First, training of component neural network using only one pattern is very rason-
able approach which can be considered as natural extention of the tendency in
neurocomputing to use modular systems consisting of single-class modules (neural
networks trained using only patterns belonging to particular class [16,17]). But it
seems unreasonable to use backpropagation to train single-pattern networks be-
cause weights of corresponding network can be directly calculated either for simple
linear neuron-associator or for Hopfield network with Hebbian interconnections.
Below we shall argue that there is no need to associate input and output values
using weights of component neural networks, because suitable mechanism of asso-
ciation of qubit’s states already exists in quantum mechanics. Corresponding phe-
nomenon is known as entanglement, which can be considered as super-correlation
generating ordinary correlations or, in other words, associations.

Seconds, catastrophic forgetting does a real problem for passive memory systems
which try to memorize all training patterns. But this problem disappears if neural
networks are considered as the models of active memory which suggests just non-
trivial mapping of the set of learned patterns onto the set of attractors which leads
to prototype-based classification and emergency of predictive abilities [16] .

Third, it seems preferable to outline how QNN model can be implemented. From
this point of view the Menneer’s model seems to be questionable, because it sug-
gests unphysical mechanisms of wave-function collapse [3]. At last, her approach
classifies patterns according to minimal Hamming distance.

It is also necessary to comment the problem of generalization. Apart of evident
practical achivements, the theoretical belief in effectiveness of neural networks is
based on some principal results. Among of them are: ability of perceptrons with
single hidden layer to approximate any multivariable and multivalue function; ex-
istence of effective training algorithms for multilayered systems, and the ability of
neural networks to generalize data, which is expressed in finitness of VC-
dimension. It means that given neural network with restricted number of hidden
neurons should not realize any patterns dichotomy. On the other hand, the expo-
nential capacity of quantum associative memory [1] can be considered as argument
in favor to infinite VC-dimension for considered quantum systems. Indeed, the
ability of network to memorize any set of patterns means that any Boolean function
can be realized using Grover scheme for the search of item in a “phone book”, if
“number” field is used to represent argument and “name” field — value of this func-
tion. It seems that to obtain quantum systems with finite VC-dimension it is neces-
sary to restrict a number of iterations in Grover algorithm or, in general, to restrict
a number of transformations (steps) in given quantum computational process. In
any case, problem of generalization has not been clarified yet for quantum neural
systems. For quantum associative memory the attempt to treat this problem using
notion of distributed queries has been done in [18]. Below we shall show, how
promissing Menener’s approach can be used in schemes based on powerful Grover
algorithm, which has been already implemented in NMR systems [19] .
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3. Quantum associative memory

We use some extention [18] of the model of quantum associative memory proposed
by D.Ventura [1] as the prototype of quantum pattern recognition system able to
classify novel patterns, e.g. to generalize. Ventura’s model is based on the use of
Grover’s algorithm, which is treated as prototype for other effective quantum algo-
rithms [20]. In simplest form it starts with the initiation of quantum memory

2d—l
ly) = Z 0ax|x) in a form of uniform superposition' of the states belonging to the
x=

prescribed subset M (these states will be refered to as memory states) of the com-
plete set of basic states (the last one includes all possible states of d-qubit register
|x)®|x,)®..®|x,), where ® denotes tensor product):

w=lm) =My . (1

In (1) M denotes memory set, and |M| — number of patterns in it. It is assumed that
we know only a part of qubit’s states of external stimulus |p). The problem is fo
complete it to one of the memory states’. To solve this problem Grover’s iterations
can be applied [9]. Each iteration is performed in two steps:

1. Oracle invertes the phase of such memory state which has a part coinciding
with known part of presented stimulus | p) (let us denote this situation as x> p) :

aﬁ{ GoX =P @

a,, otherwise

2. NameFinder-in-Memory inverts amplitudes of all memory states around their
average value

a, > 2ayy —a,, 3)
leaving zero amplitudes of basic states which do not belong to memory.

After sufficient number of iterations module of amplitude of memory state having
part coinciding with known part of | p) takes value near 1, while amplitude modules
of other memories vanish. If measurement process is performed after proper num-
ber of iterations, then completed version of stimulus |p) can be detected in quan-
tum register. There is a problem connected with this scheme: it fails if known part
of presented stimulus coincide with no part of any memory state. Moreover, this
approach cannot realize associative memory of general type, when no exact part of
memory is known and arbitrary noised version of it is presented. Some extention of

! The algorithm of this initializing is rather complicated and has been comprehensively
described in [20].

21t is assumed that only one memory state has a part which exactly coincides with known
part of stimulus.
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described model, which can find memory state nearest to the stimulus has been
presented in [18]. According to this approach distributed query |b”)should be

used. Distributed query is a quantum superpositional state having maximal ampli-
tude in a central basic state, defined by true query |p), and non-zero amplitudes of
other basic states, decreasing with the Hamming distance from this center. For
example it can be chosen in the form

27! |p—x] d—h|p—x|

b7y = D b7 |x), bP=q 2 (I-q) 2 . (4)
x=0

In (4)| p— x| denotes Hamming distance between binary strings p and x and ¢
tunes a width of distribution (0 < ¢ < 0.5). It has been shown, that using distributed

queries it is possible to model correcting associative memory [18]. The problem
connected with this memory is a necessity to estimate needed number of Grover’s
iteration. The difficulty arizes from the fact that the number of iterations depends
on a number of stored memories and on their distribution in configurational space.
To solve this problem “spurious memory” trick can be used. It can be shown, that
amplitudes of basic states, which do not reperesent memories, oscillate with the
same phase value in Grover’s iterations. So, if instead of formation of memory
using desired basic states we shall use only all other possible states, than effec-
tively, desired memories states will become “spurious” one and, therefore, will be
in-phase in iterations. This situation facilitates the control of memories detection
because if the number of desired memory states is relatively small, then it is possi-
ble to calculate approximate number of iteration steps, for probability of detection
of memories states be maximal [18]°. Only restriction of this trick seems to be the
neccessity to have small memory sets. It can be considered as disadvatnage because
just high capacity is the most important feature of quantum memory.

However, for the case of real pattern recognition systems®, it is preferable and
only possible to train them using small part of <pattern,class> associations. Of
course, corresponding system should generalize data in order to be able to classify
novel patterns. Below, we shall outline an approach to this problem, using as the
basis the model of correcting quantum associative memory.

4. Quantum pattern recognition

Consider a register consisting of d +1 qubits. Let first d qubits contain classified
binary pattern x, while last qubit contains pattern’s binary classification index
C, €{0,1}. So, this register has a form |x)®|C,). We shall call first d qubits

input register and last (d +1)-th qubit — class qubit. Let T be a training set,

3 We shall further give a formal expression for this number of steps for the case of pattern
classification
* It is true in general for any neural system processing many component patterns.
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T=T"0 T, where T* — training subsets corresponding to two object classes
C, and |T| — number of elements in T ). Consider quantum superposition

1

R Rr WML SIDWRELICUY B

According to “spurious memory” trick all basic states are included in this superpo-
sition apart of those belonging to training set: {|x)®|C,), x € T}. It can be seen

from the expression above that in superposition |m) only the inputs |x)e T are
entangled with the (wrong) state of class qubit. Let |p) be a d -bit pattern we
want to classify. Consider ( d +1)-qubits distributed query of the form:

") = 22: b?|xy®(0)+[1)) /2 (6)

for which b7 are given by expression (4). Introduce quantum system
|w) consisting of d+1 qubits and let its initial state be given by (5), so

291
Vxa'” =m,, where |y/)=2 0ax|x). Let us iterate the state |y) using
x=

x
Grover’s scheme generalized to the case of distributed queries [18]:

ai””z) —>ai” —Z(a(”|b”)bf ,

ai” —>2(a(””2)|m>mx _aim/z), %
where 7 counts interation step. It is possible to find a number of iterations for

which amplitudes of “spurious” states take their equal maximal values:

T,

max

=n/20 |, o =2 arcsin((b? |m)) (8)
If a number of associations in training set is small comparing to full number of

(d +1)-bit binary patterns, | T|<< 2*", then we can approximately set

29-1 ~
0w=d= 2arcsin(2_‘”22 0 b ), Tox =7/20 9

Hiy

The last approximation for the number of iterations will be used in all examples
considered below.

Counting problem

This problem has been investigated by T.Menneer for the case d =4 . Average
number of items in training sets equals to 10, so 60% of all possible patterns were
used for training. Note that, in opposite to our approach, this training set was not
small. We start with simpler symmetrical problem: in this case d =3, and 3-bit
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string is classified as belonging to the class C_ if number of zeros is less or equal
to 1, otherwise it is classified as belonging to C, . We use training set consisting of
only 2 patterns: (000) (C_)and (111) (C, ). Note, that exact number of Grover’s
iterations depends on the stimulus to be recognized (center of presented query). It is

not difficult to show that it is the same (Tr:]’f)f” ) for two chosen training patterns

and also the same ( 7,5 ) for all test patterns. It is interesting to note, that approxi-

mate value of iteration number 7, is closer to T,re" rather than to 7w and is

near to Tnﬁrf,f" for ¢ =02-03 (see Table 1).  So, approximation for iteration

number is more suitable for novel stimuli, which are not presented in training set.
Therefore, our scheme is well-suited for generalization.

Table 1. Angular frequences and corresponding maximal numbers of Grover’s iterations
calculated using (8) for training and test patterns together with their approximated values (9)
calculated for different value of parameter ¢q. Zone of close correspondence between ap-
proximate frequence and ones for test patterns is greyed.

train test D train test 5
q [ [0 W Tmax Tmax 7Ynax
0 0.190 0.388 0.361 8 4 4
0.05 0.493 0.645 0.654 3 2 2
0.1 0.641 0.766 0.797 2 2 1
0.15 0.760 0.863 0.916 2 1 1
0.2 0.864 0.946 1.023 1 1 1
0.25 0.956 1.019 1.123 1 1 1
0.3 1.037 1.082 1.217 1 1 1
0.35 1.107 1.135 1.308 1 1 1
0.4 1.161 1.175 1.397 1 1 1
0.45 1.197 1.201 1.484 1 1 1
0.5 1.209 1.209 1.571 1 1 1

The results of application of described scheme for different widths of distributed
query are summarized in Table 2.

1. Compare the second and the third columns in Table 2. In the second one mod-
ules of amplitude corresponding to the probablility to find query’s center | p)in the

first d qubits together with the correct value of class (d+1)-th qubit are presented. It
is evident, that for ¢=0.2-0.35 probability to check just query’s center (clasified
pattern) is high enough (0.4-0.6), and ones to classify it correctly is very near to 1.

2. If we ignore what state of input register is measured, then correct classification
can be obtained by performing multiple classification trials for the same values of
q=0.2-0.35. Tt is not expensive procedure because each trial demands only one
Grover’s iteration. Comparing these two approaches we can reveal those stimuli
(input patterns) which really have been used in training. Indeed, if we fix some



Pattern Recognition with Quantum Neural Networks 67

pattern measured in input register, and if this pattern was not used for training, then
measured state of class qubit will be completely random. It is due to the amplitudes
of the pairs of novel (not used for training) states, which differ only by the state of
class qubit, retain equal values because they have equal initial values m, and also

have equal b? values. Taking into account the form of equation (7) we are con-

vinced that amplitudes of these states are equal at any iteration’s step. It follows
from this fact, that our quantum system can operate as novelty detector. Unfortu-
nately, this equality of amplitudes of novel states corresponding to two basic values
of class qubit give no possibility to classify them for fixed value of input register.
So, we must ignore its value if we want to have generalization! Really, in this case
correct classification of presented pattern (it defines query’ center) also can be
obtained statistically (see 6th and 7th columns of Table 2) though it should be
reacher than for the case of trained patterns. It can be qualitatively explained.

Table 2. Final parameters of quantum system for different values of parameter ¢ (Ist
column) are presented (zone with best recognition parameters is greyed)

For training set:

e 2nd and 3rd columns: probabilities to find center of query in input register together
with correct (incorrect) value of class qubit;

e 4th and 5th columns: probabilities to find correct (incorrect) class qubit for any state
in input register;

For test set.

e  6th and 7th columns: probabilities to find correct (incorrect) class qubit for any state
in input register;

e  8th and 9th columns: Recognition rate for training (test) sets.

q la(COP | la(=Clf (a(COPY| (a(=COP| (a(COP)| (a(=COl Ryain | Riest
(train) | (train) | (train) | (train) (test) (test)

0 0.517 0.464 0.527 0.473 0.500 0.500 100 50
0.05 | 0.468 0.200 0.660 0.340 0.526 0.474 100 100
0.1 0.521 0.369 0.580 0.420 0.546 0.454 100 100
0.15 | 0.582 0.274 0.670 0.330 0.572 0.428 100 100
0.2 0.592 0.175 0.737 0.263 0.590 0.410 100 100
0.25 | 0.563 0.092 0.771 0.229 0.597 0.403 100 100
0.3 0.509 0.035 0.770 0.230 0.594 0.406 100 100
0.35 | 0.439 0.006 0.735 0.265 0.580 0.420 100 100
0.4 0.363 0.001 0.674 0.326 0.558 0.442 100 100
0.45 | 0.288 0.015 0.592 0.408 0.531 0.469 100 100
0.5 0.219 0.040 0.500 0.500 0.500 0.500 50 50

Indeed, taking into account a form of iteration scheme (7), and remembering that

ag =m, , we can obtain after single iteration (which is sufficient for intermediate g

values):
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a = (1=4m|b”)* ym,, +2(m|b” b} (10)

Here it is crucial, that first factor in the first term of right side is as a rule nega-
tive. Actually, because we use for training only small set of patterns,

291
(mib?y =202 Y pr = Fg). (1)

It is easy to see that for our problem for ¢>0.05 F(g) > 025, so this factor is

really negative. It follows from the expression (10), that for training patterns after
one iteration the associations between states of input register and correct value of
classifiaction qubit have higher amplitudes, than associations with incorrect value
of this qubit. This is because of only for training state m, =0 and the first term

does not reduce the sum in right side in (10). What about inputs which were not
used in training? Despite of we ignore the state of input register it sometimes will
collapse to novel or also training pattern. In the first case the state of class qubit
will be completely random for given detected state of input register. In the second
case, when input register is detected in training pattern, class qubit will take both
values with different probabilities. So, for the input pattern |p) ¢ T class qubit will

attribute it to both classes with the probabilities:

— 2 2
=), laf+) a (12)
From (12) it follows that
PC)-PHC)=D, laf- laf (13)

Taking into account that for training pairs m, = 0, after first iteration we have:

2 2 2 2
PC)=PHC Yo X BIP =2 1BEP o< (bl ) e = (BT ) e
The brackets in the right side ofthe last expression means averaging by patterns of
training set belonging to given set. It is evident, that vector |p) ¢ T will be pre-

sumably classified as belonging to that class, for which averaged by class states
module of query’s amplitudes |b”|* is maximal. Because of amplitude modules

decrease with the Hamming distance from the query’s center, those states which are
nearest to one of trained pattern will be classified just as the last one. In our case
only two patters form training set. Therefore, pattern classification is directly per-
formed according to the class label of nearest (in the sense of Hamming distance)
training pattern. So, described quantum system will be used for statistical decision
of simplest counting problem. We conclude, that because all patterns are correctly
classified by our quantum system, then, at least for this variant of counting prob-
lem, generalization is possible. General situation corresponds to the case when
fixed number of ones in a string plays a role of classificational threshold. Assume
that it is just 2 for any string’s length and consider counting problem corresponding
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to the case d =6. In this case there is no symmetry between number of ones and
zeroes in a pattern. Consider the training set consisting of 9 patterns:
C, ={000000, 010000, 011000, 100010}; C_={001111,010111,111011,111101,111111}.

Note, that it containes only about 14% of 64 6-bit patterns. Simulations shows, that
for ¢>0.22 approximate number of Grover’s iterations coincides with ones given by
(8) and equals to 1. In this region probability to find correct class bit for any de-
tected argument-register (x-value) has well-defined maximum located near
¢ = 0.67 both for training and also for test sets — about 0.61 and 0.55 correspond-
ingly (Figure 1). In this region generalization ability of the system is about 75%.
Higher values (87%) can be reached for ¢ = 0.16 after two iterations (this correct

value is also given by (9)). But for this ¢ value probabilities to find correct class bit

for any detected argument-register are lower (0.55 and 0.51 correspondindly). It
means that reacher statistics is needed for the training set, while for the test set
statistical estimation is extremely difficult. Note, that for training set perfect recog-
nition is observed for almost all ¢ -values (¢ < 0.49 ). Moreover, for fixed state of

argument’s register , corresponding to trained pattern, probability of correct classi-
fication exceeds 75%.

0.64 —

—————— Training set

—— Testset

0.60 — ' "

Probability of correct classification

0.00 0.10 0.20 0.30 0.40 0.50

Figure 1. Probability of correct pattern classification for training and test sets.

Conclusions

We present quantum neural network model which uses not weights but entangle-
ment of qubit’s states to provide associations. Therefore, this model is similar to
“weightless” neural networks [22]. Some examples are presented to show that the
system can generalize data, though generalization is not high enough. It can be
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happened that quantum systems are too flexible to generalize well without using
special means. Nevertheless, presented approach seems to be promissing because
the system can be trained using small number of examples, it can be physically
implemented, and also can be used as novelty detector.
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Pattern Matching and Neural Networks based Hybrid
Forecasting System

Sameer Singh and Jonathan Fieldsend

PANN Research, Department of Computer Science, University of Exeter,
Exeter, UK

Abstract. In this paper we propose a Neural Net-PMRS hybrid for
forecasting time-series data. The neural network model uses the traditional
MLP architecture and backpropagation method of training. Rather than using
the last n lags for prediction, the input to the network is determined by the
output of the PMRS (Pattern Modelling and Recognition System). PMRS
matches current patterns in the time-series with historic data and generates
input for the neural network that consists of both current and historic
information. The results of the hybrid model are compared with those of
neural networks and PMRS on their own. In general, there is no outright
winner on all performance measures, however, the hybrid model is a better
choice for certain types of data, or on certain error measures.

1. Hybrid Forecasting System

The science of forecasting relies heavily on the models used for forecasting, quantity
and quality of data, and the ability to pick the right models for a given data. A number
of past publications on pattern matching have argued the need for using historic
information through pattern matching for forecasting. A number of these pattern
matching techniques, such as our previous PMRS model, have been very successful
on a range of economic and financial data. The main philosophy behind these pattern
matching techniques is to identify the best matching past trends to current ones and
use the knowledge of how the time series behaved in the past in those situations to
make predictions for the future. A range of nearest neighbour strategies can be
adopted for this matching such as the fuzzy Single Nearest Neighbour (SNN)
approach.

Neural networks do not normally use historic matches for forecasting. Instead, their
inputs are taken as recent lags [2]. However, their ability to formulate a non-linear
relationship between inputs and output has a considerable advantage for producing
accurate forecasts [3].

S. Singh, N. Murshed, and W. Kropatsch (Eds.): ICAPR 2001, LNCS 2013, pp. 72-82, 2001.
© Springer-Verlag Berlin Heidelberg 2001
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In this paper we combine the pattern matching ability with the determination of non-
linear relationship between inputs and output by generating a hybrid model for
forecasting. The hybrid model uses the PMRS model [6,7] for determining historic
matches used as inputs to a neural network model. The results are shown on a range
of scientific time series data and financial market data. We first describe our PMRS
and neural network models on a stand-alone basis, and then their combination.

1.1 PMRS Component

If we choose to represent a time-series as y = {yi, ¥, ... ¥u}, then the current state of
size one of the time-series is represented by its current value y,. One simple method
of prediction can be based on identifying the closest neighbour of y, in the past data,
say y;, and predicting y,; on the basis of y;;;. Calculating an average prediction based
on more than one nearest neighbour can modify this approach. The definition of the
current state of a time-series can be extended to include more than one value, e.g. the
current state s, of size two may be defined as {y,.;, y.}. For such a current state, the
prediction will depend on the past state s, {y;.;, y;} and next series value y+p given by
yj+1, provided that we establish that the state {y;.i, y;} is the nearest neighbour of the
state {y..1, Ya} using some similarity measurement. In this paper, we also refer to
states as patterns. In theory, we can have a current state of any size but in practice
only matching current states of optimal size to past states of the same size yields
accurate forecasts since too small or too large neighbourhoods do not generalise well.
The optimal state size must be determined experimentally on the basis of achieving
minimal errors on standard measures through an iterative procedure.

We can formalise the prediction procedure as follows:

y = ¢(Scs Sp9 y+ps k7 C)

where ¥ is the prediction for the next time step, s; is the current state, s;, is the nearest
past state, y+P is the series value following past state s, k is the state size and c is the
matching constraint. Here ¥ is a real value, s; or s, can be represented as a set of real
values, k is a constant representing the number of values in each state, i.e. size of the
set, and c is a constraint which is user defined for the matching process. We define ¢
as the condition of matching operation that series direction change for each member
in s; and s, is the same.

In order to illustrate the matching process for series prediction further, consider the
time series as a vector y = {yj, Y2, ... Yo} Where n is the total number of points in the
series. Often, we also represent such a series as a function of time, e.g. y, = Vi, Vo1 =
Vi1, and so on. A segment in the series is defined as a difference vector 8= (9, &, ...
8,.1) where & = y;i - y;, Vi, 1<i<n-1. A pattern contains one or more segments and it
can be visualised as a string of segments p = (8, 8.1, ... &,) for given values of i and h,
1<4,h<n-1, provided that h>i. In order to define any pattern mathematically, we
choose to tag the time series y with a vector of change in direction. For this purpose, a
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value y; is tagged with a 0 if y;;; <y;, and as a 1 if y;;; >y;. Formally, a pattern in the
time-series is represented as p = (b;, by, ... by) where b is a binary value.

The complete time-series is tagged as (b, ...b,.;). For a total of k segments in a

pattern, it is tagged with a string of k b values. For a pattern of size k, the total
number of binary patterns (shapes) possible is 2% The technique of matching
structural primitives is based on the premise that the past repeats itself. It has been
noted in previous studies that the dynamic behaviour of time-series can be efficiently
predicted by using local approximation. For this purpose, a map between current
states and the nearest neighbour past states can be generated for forecasting.
Pattern matching in the context of time-series forecasting refers to the process of
matching current state of the time series with its past states. Consider the tagged time
series (by, by, ... by). Suppose that we are at time n (y,) trying to predict yu.. A
pattern of size k is first formulated from the last k tag values in the series, p” = (b, ...
b,.1). The size k of the structural primitive (pattern) used for matching has a direct
effect on the prediction accuracy. Thus the pattern size k must be optimised for
obtaining the best results. For this k is increased in every trial by one unit till it
reaches a predefined maximum allowed for the experiment and the error measures are
noted; the value of k that gives the least error is finally selected. The aim of a pattern
matching algorithm is to find the closest match of p’ in the historical data (estimation
period) and use this for predicting y,.;. The magnitude and direction of prediction
depend on the match found. The success in correctly predicting series depends
directly on the pattern matching algorithm.

The first step is to select a state/pattern of minimal size (k=2). A nearest neighbour
of this pattern is determined from historical data on the basis of smallest offset V.
There are two cases for prediction: either we predict high or we predict low. The
prediction ¥, is scaled on the basis of the similarity of the match found. We use a
number of widely applied error measures for estimating the accuracy of the forecast
and selecting optimal k size for minimal error. The forecasting process is repeated
with a given test data for states/patterns of size greater than two and a model with
smallest k giving minimal error is selected. In our experiments k is iterated between
2<k<S.

1.2 Neural Network Component

In this paper we use the standard MLP architecture with backpropagation mode of
learning. In order to enable consistency between the Neural Network model and the
PMRS model, the Neural Network inputs are the 6 most recent lags of the time series
(i.e. Yei, Yio, Yi3, Yia, Yis & Y when the value to be predicted is the actual Y)).
This mimics the PMRS approach of pattern matching of up to 5 historic differences (&
values) which therefore uses the information contained in the most recent 6 lags. (In
other circumstances the 6 lags chosen would be those with the highest partial
autocorrelation function value when correlated with the actual [5]).

In our study, neural networks have two hidden layers with 5 sigmoidal nodes in each
and the networks are fully connected.
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The learning rate was set at 0.05 with a momentum of 0.5. The Neural Networks
training was stopped when the combined RMSE on the test and training set had fallen
by less than 0.025% of their value 5 epochs ago. The inclusion of the validation error
prevents over- fitting, however by summing the two errors (as opposed to strictly
using the test error on its own), a slight trade-off is permitted between the errors while
pushing through local minima. In addition this stopping operator was only used after
at least 1000 epochs had passed during training.

1.3 Neural Net-PMRS

Neural Networks with PMRS generated inputs have the same stopping regime as the
standard neural network described above with only topological difference in the form
of number of inputs. Two hybrid models were trained. The first was training on the
matched deltas & found by the PMRS algorithm, the predicted delta and the lags used
to find them, i.e. a PMRS model fitting two historic deltas would use 3 lags. A single
asterisk in Table 2 denotes this model (NNPMRS*). The second model used the
matched deltas & found by the PMRS algorithm, the predicted delta and the most
recent lag (this model is denoted by a double asterisk in Table 2 - NNPMRS**).

2. Experimental Details

Each data set was partitioned into consecutive segments of 75% (training data) 15%
(test data) and 10% (validation data). The Neural Network model weights are adjusted
using the Backpropagation algorithm on the training set and stopped (using the
stopping method described later) using the root mean square errors on the training set
and test set. In the case of PMRS, four different PMRS models with pattern sizes of
2,3,4,and 5 were fitted to the training set and compared on the test set data. The best
performing PMRS model on the test set was then chosen for use on the validation set
and as the input to the NN-PMRS model. The ‘best performing” model was judged as
the PMRS lagged model which had the highest number of ‘best’ error statistics out of
the six statistics used: Rz, Percentage direction success, Root Mean Square Error
(RMSE), Geometric Mean Relative Absolute Error (GMRAE), Mean Average
Percentage Error (MAPE) and Percentage better than random walk (BRW). When
two PMRS models performed equally well using this criteria, two NN-PMRS models
were fitted.

As the PMRS model needs a store of historical data before it can make predictions
(and therefore be of use as an input to a non-linear system such as a Neural Network),
the data split is slightly different for the NN-PMRS models. The end 10% of the data
is again set aside as an ‘unseen’ validation set, and of the remaining 90% data, the
first 40% is used as the estimation data for the PMRS model to be fitted to. The
remaining 50% is split such that the neural network is fitted to the next 40% and
tested on the following 10%. This results in a 40/40/10/10 split as opposed to the
75/15/10 split used in the other models.
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3. Results

The results for the performance of the two hybrid models, PMRS and Neural
networks is shown in Table 2 on a range of error measures recommended by
Armstrong and Collopy [1]. It is evident that no single model performs the best on all
error measures. In this table, we have picked the best performing PMRS models on
the basis of how it performs on test data. For PMRS, we vary the parameter k (pattern
size for matching) between 2 and 5 and select those models that perform the best on
most number of error measures. In some cases, more than one model is chosen as the
best performer as two models can perform equally well on different error measures.
Out of the two hybrid models, we find that NNPMRS* model consistently
outperforms the second model and therefore we use this as our base hybrid model for
comparison with other methods. It is difficult to visualise an overall winner on each
measure. In order to interpret results we simplify this process in Figure 1. We find
that on most time-series, the hybrid model is the best for generating the lowest
GMRAE error and is significantly good on generating high direction rate success. It
outperforms the two other models on all error measures in a small proportion of cases,
and there is no generic trend to comment on. From these experiments it is abundantly
clear that the hybrid model has a considerable future in the forecasting domain. Some
of the improvement in results is small, however any improvement is of considerable
importance in financial domains, where the capital involved can be extremely large.

4. Conclusions

In this paper we have proposed a novel method of combing pattern matching
techniques with neural networks. This hybrid strategy has the advantage that it
becomes possible to use historic information efficiently, which is not possible in
traditional neural network models. In general, the hybrid model is a better choice in
situations where the model selection process relies heavily on low error on GMRAE
and high direction success. On other error measures, the hybrid model does not, in the
majority of time series, outperform the PMRS and neural net stand-alone models. Our
understanding is that the hybrid strategy is of considerable use in a range of prediction
domains and it is only through empirical analysis, we can interpret its advantages.
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Table 1. 1991 Santa Fe Competition data & exchange rate data

Data set Description Observations
A Laser generated data 1000

B1, B2, B3 Physiological data, spaced by 0.5 second intervals. | 34000 each
The first set is the heart rate, the second is the chest
volume (respiration force), and the third is the blood
oxygen concentration (measured by ear oximetry).

C tickwise bids for the exchange rate from Swiss francs | 30000
to US dollars; they were recorded by a currency
trading group from August 7, 1990 to April 18, 1991

D1, D2 Computer generated series 50000

E Astrophysical data. This is a set of measurements of | 27204
the light curve (time variation of the intensity) of the
variable white dwarf star PG1159-035 during March
1989, 10 second intervals.

USDBRL Daily Exchange Rate of Brazilian Reals to the US | 1747
Dollar (4 & % years) 22™ Oct 95 to 2™ August 2000
USDCAN Daily Exchange Rate of Canadian Dollars to the US | 2722
Dollar (8 years) 3™ August 1992 to 2™ August 2000
USDDEM Daily Exchange Rate of German Marks to the US | 2722
Dollar (8 years) 3™ August 1992 to 2™ August 2000
USDJPY Daily Exchange Rate of Japanese Yen to the US | 2722
Dollar (8 years) 3™ August 1992 to 2™ August 2000
USDCHF Daily Exchange Rate of Swiss Francs to the US | 2722
Dollar (8 years) 3™ August 1992 to 2™ August 2000

USDGBP Daily Exchange Rate of Pounds Sterling to the US | 2722
Dollar (8 years) 3™ August 1992 to 2™ August 2000

Exchange Rates are daily average Interbank rates (where the average is calculated as
the mid point of the low and the high of that day), 14 Data sets in all, longest being
50,000 points, shortest 1,000 points.
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Table 2. Table of results for each time series.

Dataset Model k R? % Dir. RMSE GMRAE | MAPE BRW
Suc (x107)

A PMRS 4| 0.98326 97.000 0.98933 1.635 10.28 95.000
NN (bp) | - | 0.99707 94.949 0.39313 1.2764 7.0041 | 92.929
nn-pmrs* | 4 0.9845 93.137 0.86214 1.6978 11.287 | 93.137

nn- 4 0.9826 95.098 0.90955 1.7974 12.146 | 88.235
pmrs**

Bl PMRS 2| 0.99366 70.647 | 0.077997 | 0.29556 11.024 | 35.794

PMRS 51 0.98997 63.471 | 0.098606 | 0.26968 14.356 | 44.735
NN (bp) | - | 0.98204 78.464 | 0.131870 | 0.25546 847.26 | 38.364
nn-pmrs* | 2 | 097110 78.182 0.15517 0.25512 10011 47.636
nn-pmrs* | 5| 0.94505 76.125 0.21848 0.2678 1446.6 | 50.346

nn- 2| 0.98657 75.577 0.10449 0.26309 646.56 | 22.405
pmrs**

nn- 51 097112 76.009 0.15474 0.26463 1007.6 | 38.322
pmrs**

B2 PMRS 2| 0.83335 60.147 72.295 0.50022 67.339 | 41.647

PMRS 51 0.77703 67.412 90.893 0.44723 81.976 | 49.324
NN (bp) | - | 0.91510 70.315 44.175 0.84700 58.310 | 56.899
nn-pmrs* | 2 | 0.90470 65.542 44.439 1.09990 59.607 | 52.422
nn-pmrs* | 5| 0.91469 67.734 42.434 0.88111 59.270 | 53.749

nn- 2| 0.89625 60.438 46.421 0.94134 64.565 | 44.867
pmrs**

nn- 5 0.9028 64.475 44.652 0.95816 61.165 | 50.865
pmrs**

B3 PMRS 3] 0.98993 51.029 21.219 0.43080 1.3969 | 30.882

PMRS 41 0.99009 54.529 21.052 0.40880 1.3522 | 33.735
PMRS 51 0.98993 54.647 21.229 0.39971 1.4022 | 35.588
NN (bp) | - | 0.98660 55.075 23.318 4.16300 4.6472 | 51.368
nn-pmrs* | 3 | 0.82640 49.683 69.114 1.9272 7.1579 | 41.522
nn-pmrs* | 4 | 0.989100 | 65.484 22.449 1.4900 2.5309 | 60.467
nn-pmrs* | 5 | 0.989100 | 65.484 22.449 1.4900 2.5309 | 60.467
nn- 3| 0.021970 | 69.550 5.9163 0.2390 4.51 49.510
pmrs** x10"
nn- 4| 0.99040 48.875 20.420 1.2641 2.1728 | 43.080
pmrs**
nn- 51 0.99033 48.320 20.25 1.4067 2.2562 | 42.762
pmrs**

C PMRS 2| 1.00000 47.800 | 2.15x10° | 0.19019 0.0485 | 36.333
NN (bp) | - | 0.99950 43.481 | 0.000524 | 0.19000 1.9894 | 43.481
nn-pmrs* 0.99820 43.399 | 0.000873 0.18932 3.3581 | 43.431

nn- 0.99829 43.399 | 0.000854 | 0.18932 3.2846 | 43.431
pmrs**
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Dataset Model k R? % Dir. RMSE GMRAE | MAPE BRW
Suc (x10?)

D1 PMRS 4| 098671 77.660 | 0.000931 0.19888 10.457 | 63.400

PMRS 51 0.98787 79.540 | 0.000894 | 0.19884 10.069 | 66.120

NN (bp) | - | 0.99640 86.737 | 0.000489 | 0.19900 6.3906 | 70.454

nn-pmrs* 0.98973 80.804 | 0.000709 | 0.19485 8.3753 | 64.804

4
nn-pmrs* | 5 0.99416 85.275 0.000549 0.19477 6.7570 69.647
4| 0.99204 81.961 0.000647 0.19486 7.7160 61.941

nn-

pmrs**
nn- 51 099287 82.627 | 0.000617 0.19483 7.5616 | 63.882
pmrs**
D2 PMRS 4| 098535 79.680 | 0.000929 | 0.19885 11.869 | 64.500
NN (bp) | - | 0.99230 83.957 | 0.000644 | 0.19900 8.8072 | 65.913
nn-pmrs* | 4 | 0.99440 86.863 | 0.000542 0.19469 8.2082 | 72.314
nn- 41 099173 83.980 | 0.000654 | 0.19481 9.2745 63.49
pmrs**
E PMRS 41 0.57996 56.487 | 0.003196 | 0.36995 7.929 41.455
x10"
NN (bp) | - | 0.59060 67.929 | 0.001641 0.36600 2.076 39.757
x10"
nn-pmrs* | 4 | 0.58428 67.916 | 0.001628 | 0.35847 2.343 40.159
x10"
nn- 4| 051360 65.321 | 0.001759 | 0.35890 2.283 35.400
pmrs** %1013

uUSD PMRS 2| 0.99988 56.000 | 0.001336 2.8258 0.5106 17.143
BRL

NN (bp) | - | 0.99994 46.552 | 0.000943 2.8445 0.5700 | 33.333

nn-pmrs* | 2 | 0.99989 64.423 | 0.001690 4.7359 0.8820 | 39.423

nn- 2| 0.99989 64.423 | 0.001656 4.7359 0.8581 | 39.423
pmrs**

uUSD PMRS 2| 0.99998 47.44 0.000324 1.9101 0.2729 | 27.645
CAD

NN (bp) | - | 0.99998 54.983 | 0.000328 1.9211 0.3115 | 40.893

nn-pmrs* | 2 | 0.99998 54.027 | 0.000352 1.8900 0.3411 | 42.953

nn- 2| 0.99998 54.362 | 0.000354 1.8900 0.3425 | 42.617
pmrs**

UsD PMRS 2| 099991 48.805 | 0.000817 1.9384 0.6265 | 27.645
CHF

NN (bp) | - | 0.99856 44.674 | 0.003165 1.9493 2.8534 | 43.299

nn-pmrs* | 2 0.9979 41.275 | 0.003481 1.8639 3.2294 | 40.604

nn- 2 0.9976 42282 | 0.003727 1.8638 3.4605 | 40.940
pmrs**

UsD PMRS 2| 0.99993 50.853 | 0.000898 1.6618 0.5617 | 26.621
DEM

NN (bp) | - | 0.99730 40.550 | 0.005284 1.6771 3.7971 | 40.550
nn-pmrs* | 2 | 0.99622 40.604 | 0.005600 1.6064 4.1274 | 40.604
nn- 2| 0.99641 41.611 | 0.005539 1.6062 3.9973 | 41.611

pmrs**
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Dataset Model k R’ % Dir. RMSE GMRAE | MAPE BRW
Suc (x107)
UsSD PMRS 2| 0.99995 52.218 | 0.000229 2.9284 0.4277 | 29.693
GBP
NN (bp) | - | 0.99997 51.890 | 0.000189 2.9496 0.3805 | 30.584
nn-pmrs* | 2 | 0.99996 45.973 | 0.000199 2.8721 0.3839 | 29.866
nn- 2| 0.99995 46.309 | 0.000206 2.8721 0.3934 | 29.866
pmrs**
UsD PMRS 2| 0.99988 47.440 | 0.060916 3.7303 0.6552 | 24915
JPY
NN (bp) | - | 0.99993 51.890 | 0.047101 3.6057 0.5727 | 31.271
nn-pmrs* | 2 | 0.99987 55.034 | 0.058962 3.7064 0.7538 | 37.919
nn- 2| 0.99985 56.376 | 0.063695 3.7870 0.8195 | 38.255
pmrs**

The results are on the performance of the chosen PMRS model, NN model and the
two fitted NN models using PMRS inputs on the test set. Results in bold indicate the
best result for that error term.

NNPMRS*
13%
NNPMRS*
PMRS 29% PMRS
38% 35%
NN
49% NN
36%
1 (a) Highest R-Squared value 1 (b) Highest direction success
NNPMRS* PMRS
21% 21%
PMRS
43%
NN
NNPMRS* 14%
65%
NN
36%

1 (c) Lowest RMSE 1 (d) Lowest GMRAE
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Abstract

This paper proposes an automatic face detection system that combines two
novel methods to achieve invariant face detection and a high discrimination
between faces and distractors in static color images of complex scenes.
The system applies Orthogonal Fourier-Mellin Moments (OFMMs),
recently developed by one of the authors [1], to achieve fully translation-,
scale- and in-plane rotation-invariant face detection. Support Vector
Machines (SVMs), a binary classifier based on a novel statistical learning
technique that has been developed in recent years by Vapnik [2], are
applied for face/non-face classification. The face detection system first
performs a skin color-based image segmentation by modeling the skin
chrominance distribution for several different chrominance spaces. Feature
extraction of each face candidate in the segmented images is then
implemented by calculating a selected number of OFMMs. Finally, the
OFMMs form the input vector to the SVMs. The comparative face
detection performance of the SVMs and of a multilayer perceptron Neural
Network (NN) is analyzed for a set of 100 test images. For all the
chrominance spaces that are used, the application of SVMs to the OFMMs
yields a higher detection performance than when applying the NN.
Normalized chrominance spaces produce the best segmentation results, and
subsequently the highest rate of detection of faces with a large variety of
poses, of skin tones and against complex backgrounds. The combination of
the OFMMs and of the SVMs, and of the skin color-based image
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© Springer-Verlag Berlin Heidelberg 2001
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segmentation using normalized chrominance spaces, constitutes a
promising approach to achieve robustness in the task of face detection.
Keywords: Automatic face detection; Skin color-based image segmentation;
Invariant moments; Support vector machines; Multilayer perceptron

1 Introduction

Images of human faces play a central role in intelligent human-computer
interaction. As a result, in recent years, automatic face detection has been receiving
increasing attention in the pattern recognition community [3]. Face detection, as a
first step for higher-level face recognition tasks, is a challenging task, because
human faces are highly non-rigid objects, and real-world applications require that
they be detected regardless of their positions, scales, orientations, poses, of the
illumination conditions and of the complexity of the scene backgrounds. In fact, in
[4], Jain et al. consider that face recognition is an emerging application at the
frontier of pattern recognition and stress the desirability of invariant pattern
recognition in applications such as face recognition. Therefore, two important
issues that must be addressed in order to build a robust face detection system are
invariance and also a high discrimination between faces and distractors (other
objects with similar attributes as faces in terms of color and shape).

Invariant face detection has not been explored until recently [5,6,7]. In [6], partial
in-plane rotation invariance is achieved by use of a neural network-based,
template-based algorithm. In [7], we proposed to use non-orthogonal Fourier-
Mellin moments (FMMs) in combination with a multilayer perceptron NN for fully
translation-, scale- and in-plane rotation-invariant face detection in color images. In
this paper, we use Orthogonal Fourier-Mellin Moments (OFMMs), that have been
recently developed by one of the authors [1]. In addition to the same invariant
properties as the FMMs and owing to their orthogonality, the OFMMs have the
advantages that they do not suffer from information redundancy, are more robust
with respect to noise, and they can be used to reconstruct the original object [1].
We recently applied the OFMMSs to face detection in combination with the same
NN architecture as in [7] for face/non-face classification, and found the OFMMs to
yield a slightly superior face detection performance than the FMMs [8].

In order to achieve a high discrimination between faces and distractors in a
complex scene image, we propose to use Support Vector Machines (SVMs), with
the OFMMs as the input features. The application of SVMs to real-life pattern
recognition problems is very recent and is receiving rapidly growing attention.
SVMs are a new type of classifier which is a generalization of a large class of NN,
Radial Basis Functions (RBFs) and polynomial classifiers for solving binary
classification problems [2]. To our knowledge, the only work published until now
on the application of SVMs to the specific task of face detection is that of Osuna et
al. [9], where they used grey-level images.

As a first step in the face detection process, we propose a skin color-based image
segmentation. Color is a powerful fundamental cue that can be used at an early
stage to detect objects in complex scene images. Robustness of image
segmentation is achieved if a color space efficiently separating the chrominance



Invariant Face Detection in Color Images 85

from the Iuminance in the original color image and a plausible model of the
chrominance distribution of human skin are used for thresholding. This requires a
suitable transformation from a 3-D RGB color space into a 2-D chrominance space
(and into a separate luminance component). In this work, we segment images for
seven different chrominance spaces and by use of two skin chrominance models,
namely the single Gaussian model and a Gaussian mixture model. A selected
number of OFMMs are calculated for each cluster representing a face candidate
that remains in the segmented binary images after a connected-component analysis,
and the resulting feature vector is used to train or test the SVM.

The paper is organized as follows : in section 2, we briefly examine the
chrominance distribution of human skin for each of the seven chrominance spaces,
and summarize the calibration method used to find a suitable threshold for image
segmentation. In section 3, we present a brief description of the mathematical
formulation of the OFMMs, based on the analysis in [1], and of the selection of an
appropriate combination of OFMMSs, which is presented in details in [8]. Section 4
summarizes the theoretical foundations and the properties of SVMs. Experimental
results of face detection with the SVMs are presented and discussed in section 5. A
comparison is made with the corresponding results obtained with a multilayer
perceptron NN, and that we presented in [8]. Conclusions are drawn in section 6.

2 Skin Color-based Image Segmentation

Original color images are segmented by use of the seven following color spaces :
the standard normalized r-g and CIE-xy spaces, where r=R/(R+G+B) and
g=G/(R+G+B), the perceptually plausible CIE-DSH and HSV spaces, the
perceptually uniform CIE-L*u*v* and CIE-L*a*b* spaces, and finally a
normalized, perceptually plausible Tint-Saturation (T-S) space, which is defined in
[8]. Images of 11 Asian and 19 Caucasian subjects were recorded under slowly
varying illumination conditions in an office environment with a single video
camera mounted on an SGI computer. 110 skin sample images were manually
selected to calculate the cumulative skin pixel histogram in each of the
chrominance spaces and to calibrate the camera for color segmentation. The
histograms are shown in figure 1. Visually, the skin distribution in the normalized
chrominance spaces (T-S, r-g and CIE-xy) fits well to the single Gaussian model
whereas in the un-normalized spaces, it is complex and cannot be described well
by a simple model. In the simplest case where the skin chrominance distribution
for both Asians and Caucasians is modeled by a single Gaussian, the Mahalanobis
metric is used for skin color calibration and for thesholding of test images. The
calibration requires finding a “standard” threshold value of the Mahalanobis metric
for each chrominance space such that the proportion of true positives TP over the
ensemble of skin pixels in the 110 skin sample images is equal to the proportion of
true negatives TN over an ensemble of “non-skin” pixels in 5 large images not
containing skin [7]. The single Gaussian model is a particular case of a Gaussian
mixture model. The latter model is flexible enough to describe complex-shaped
distributions. The estimation of the skin distribution is then performed by use of
the Expectation-Maximization (EM) algorithm. For each chrominance space where
the skin distribution is estimated with the Gaussian mixture model, we chose to use
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8 Gaussian components, which yield visually plausible estimates even for
complex-shaped distributions. The color calibration and the thresholding of the
original color images are based on the same method as for the single Gaussian
model, but use the likelihood [10]. Together with the accuracy of estimation of the
skin chrominance distribution, the degree of overlap between skin and non-skin
distributions in a given chrominance space ultimately limits the quality of
segmentation, and subsequently the performance of face detection [10].

normalized T-S CIE-xy CIE- SH

H-S CIE-u*v* CIE-a*b*

Figure 1. 2-D top view of the cumulative histograms in seven different chrominance spaces of 110 skin
sample images (Ny = 1.5 x 10E + 05 skin pixels) of 11 Asian and 19 Caucasian subjects used to
calibrate the SGI camera. Total histogram dimensions are 100 x 100 bins in all spaces except in CIE-
u*v* and CIE-a*b* spaces where the dimensions are 200x200 bins.

3 Orthogonal Fourier-Mellin Moments

The OFMMs are defined in polar coordinates (r,0) as ([1]) :

2n 1
Oy = —L (r, 8) Qu(r) exp(-im8) r dr do
2ma, o Jo

(1)
where f(r,0) is the object or image to be analyzed, a,=1/[2(n+1)] is a
normalization constant, Qu(r) is a polynomial in r of degree n, and where i2 =
The radial order n =0, 1, 2, ..., and the circular harmonic orderm=0,+1,£2, .... .
The set of Qu(r) is orthogonal over the range 0 <r< 1. Hence the basis functions
Qn(r) exp(-imP) of the OFMMs are orthogonal over the interior of the unit circle.

The polynomials Q,(r) are defined as

n
Qn(r) = Olps 18
s=0 )
where Olpg = (-1)™S(n+s+1)! /[(n-s)!'s! (s+1)! ] . The basis functions
Qn(r) exp(-imB) can be expressed as complex polynomials in (x +iy) and (x — iy).
After a transformation from polar to cartesian coordinates, the translation- and
scale-invariant OFMMs are given by

n oo
Pom = expimop Ll s f f (xc+iy) M (x - iy) S f(x, ) dx dy
-0 M'o oo

(€)
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where Mo is the zero-order geometric moment of the object to be analyzed f(x,y)
(the area of the object in a binary image) and where Ot is an arbitrary angle. The
modulus of the OFMMs, | @y |, is rotation invariant. Also, in the case of binary
images, the moments are independent of illumination.

The selection of an appropriate combination of OFMMs to be used in the face
detection system is an important task. It is based on the object reconstruction
capability of the set of OFMMs that is considered, but most importantly, as we
showed in [8], on the underlying assumption that frontal views of faces are
approximately elliptical, with holes at the location of the eyes and of the mouth in
the segmented images. If we use a pure ellipse as a model to describe segmented
frontal views of faces, the modulus of every OFMM depends only on the aspect
ratio a/b of the ellipse, where a and b are respectively the semi-major axis and the
semi-minor axis of the ellipse. The value of|®pm|as a function of a/b should
have a small variability, at least in the range of values of a/b that characterizes
human faces, in order to obtain a small intra-class variability. This range was
assumed to be 1/2 < a/b< 2.0. Also, in order not to amplify the effects of noise, only
a small number of the lowest-order OFMMs, in particular the lowest radial orders n,
should be used for face detection [1]. In [9], we selected 11 OFMMs from an
ensemble of 27 low-order OFMMs, with an upper bound for n of n=2 and for the
circular harmonic order m of m=8. As an example, Figure 2 show the graphs of
| D], | P12, |DP2o|, and | D, 5| as a function of a/b. We note that | D | and
| D 0| have a small variability over the desired range of a/b, while |®; | and
| @, 5| exhibit a high variability and were considered unsuitable for face detection.
On the basis of the analysis of the OFMMs for an ellipse and of object
reconstruction experiments (of faces and non-faces), the following combination of
OFMMs was selected for the face detection task :|®g|,| D3|, Poa]|,|Dog|>
| D10, |(I)1’1| ,|(I)1’3| , | P14 ,|(I)2,0| ,|®2.1|, and | D, ¢| . When a face is detected,
either by use of an SVM or of a NN, it is marked by an ellipse, as described in [7].

Figure 2. Graphs of the moduli of four low-order OFMMs for a pure ellipse versus a/b=x, From left to
right : n=1, 2 and m=0, 2 (|(I)1 0| , | (Dl,2| , | (D2,0| and |(I)2’2 |).respective1y).

4 Support Vector Machines

In a binary classification problem where feature extraction is initially performed,
a Support Vector Machine (SVM) determines, among the infinite number of
possible hyperplanes in R™ that separate two classes described by 1 feature vectors
xj € R",1i=1, ..., 1, which hyperplane yields the smallest generalization error. As
is shown in [11], such an optimal hyperplane is the one with the maximum margin
of separation between the two classes, where the margin is the sum of the distances
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from the hyperplane to the closest data points) of each of the two classes, which are
called support vectors. In practical applications, two classes are not completely
separable, so that a hyperplane that maximizes the margin while minimizing a
quantity proportional to the misclassification error is determined. Just as for the
separable case, this is a Quadratic Programming (QP) problem [11]. When training
an SVM, the training data always appear as a dot product X; . X; . It is also unlikely
that real-life classification problems can be solved by a linear classifier, so that an
extension to non-linear decision functions (or surfaces) is necessary. In order to do
this, an initial mapping @ of the data into a (usually significantly higher
dimensional) Euclidean space H is performed as @ : R® — H, and the linear
classification problem is formulated in the new space with dimension d. The
training algorithm then only depends on the data through dot products in H of the
form @(x;) . D(x;) . Since the computation of the dot products is prohibitive if the
number 1 of training vectors @(x;) is very large, and since @ is not known a
priori, the Mercer-Hilbert-Schmidt theorem ([11]) for positive definite functions
allows to replace @(x;) . D(xj) by a positive definite symmetric kernel function
K(x;,xj) , that is, K(x;,xj) = ®(x;) . @(xj) . Only K is needed in the training
algorithm and we do not need to know @ explicitly. The QP problem to be solved
is exactly the same as before. Some examples of possible K(x;,x;) that lead to
well-known classifiers are : K(xi,xj)=(xi.xj+ 1)P, a simple polynomial of
degree p ; K(xi,xj)=exp(-y| xi-xj|| 2), a Gaussian RBF with real parameter y
(with d > e ) ; and K(x;,xj) =tanh (K X; . Xj - § ), a multilayer perceptron NN
with real parameters K and 0.

A great advantage of the SVMs over other classifiers such as a multilayer
perceptron NN is that they use structural risk minimization which minimizes a
bound on the generalization error, and therefore they should perform better on
novel test data [11], whereas the other classifiers use empirical risk minimization
and only guarantee a minimum error over the training data set. The solution found
by the SVM classifier is always global, because it originates from a convex QP
problem [11]. The mapping to a higher dimensional space significantly increases
the discriminative power of the classifier. The requirement of maximum margin
hyperplanes in H obviates the “curse of dimensionality”, and thus ensures the
generalization performance of the SVM [11]. Finally, the SVM approach is better
founded theoretically and more general than that for the other classifiers, so that
less training (and testing) are needed to achieve good results. Two limitations of
the SVMs are the selection of a suitable kernel and of the associated parameter(s)
to solve a given problem, and the size of the training data sets [9], [11]. A detailed
analysis of the SVMs is presented in [11].

5 Experimental Results of Face Detection

The face detection system is implemented on a SGI Indigo computer. All images
were captured by use of an inexpensive SGI camera. As when we applied a
multilayer perceptron NN in [8], the training file consists here of a total of 227
feature vectors (or clusters), obtained from 108 segmented images of 9 Asian and
20 Caucasian subjects. The segmentation was performed with the normalized T-S
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chrominance space when using both the SVMs and the NN. The T-S space
produces the best results in the chrominance analysis and the color calibration
when using the single Gaussian chrominance model [10]. Considering then that the
faces in the training set are well segmented, it is reasoned that the training need not
be performed for each chrominance space separately, so that the same trained SVM
(or NN weights) may be applied to test images segmented by use of the other
chrominance spaces. The test file (for both the SVM and the NN) consists of 100
images with 144 faces and 65 subjects (30 Asians, 34 Caucasians and one subject
of African descent), with a large variety of poses and against various complex
backgrounds. All the kernels defined in Section 4, as well as a kernel consisting of
linear splines with an infinite number of points, were used to train and test the
SVM, and several different values were selected for the associated parameter(s).
The NN is a feed-forward 3-layer perceptron, with one hidden layer containing 6
nodes and with one output unit [8]. All the units take on continuous bipolar-
sigmoid activation values in the range [-1.0;1.0]. The NN is trained by use of the
backpropagation algorithm. The face detection performance is measured in terms
of the rate of correct face detection CD and of the rate of correct rejection of
distractors CR. When comparing the performance of the SVM with that of the NN,
the selection of the kernel and of the value of its associated parameter(s) can be
based on two different criteria : one might favor a higher detection rate CD to the
detriment of CR, or one might try to find the best tradeoff between CD and CR.
Figure 3a) shows the general results of face detection with both the SVM and the
NN for the single Gaussian model and for five chrominance spaces, while Figure
3b) shows the results for the Gaussian mixture model and for the CIE-L*u*v* and
CIE-L*a*b* spaces. The total number of blobs is the cumulative number of face
candidates in the test file remaining after the connected-component analysis. The
shaded areas emphasize the best comparative results. Here the results reflect the
best tradeoff between CD and CR. In the case of the single Gaussian model, the
kernel yielding the best performance was found to be the Gaussian RBF for all five
chrominance spaces, and generally for intermediate values of 7y (0.5<y<2.0). CD is
significantly higher with the SVM than with the NN for almost all chrominance
spaces, while CR is slightly higher for most spaces. Independently of the type of
classifier that is used, the face detection performance is generally reduced for the
un-normalized CIE-DSH and HSV spaces, owing to a lower goodness of fit of the
corresponding skin chrominance distributions to the single Gaussian model.
However, the SVM partially compensates the detrimental effects of a lower quality
of segmentation because it always finds a global solution to a binary classification
problem. In the case of the Gaussian mixture model, three different types of
kernels have been found to yield a suitable tradeoff between CD and CR, as
compared to the performance of the NN : they are, once again, a Gaussian RBF,
with y = 1.0, a simple polynomial with degree p=3, and linear splines with an
infinite number of points, for both color spaces. CD is less significantly higher than
when applying a NN, because the overlap between the skin and non-skin
distributions in both color spaces is higher than in the other spaces [10]. Overall,
whatever the skin chrominance model that is used, the performance of the SVM is
superior to that of the NN. Figure 4 shows the variation of CD and of CR as a
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Figure 3. General results of face detection with the SVM and with a 3-layer perceptron NN for the
single Gaussian skin chrominance model and for five different chrominance spaces, and for the
Gaussian mixture density model and for the CIE-L*u*v* and CIE-L*a*b* color spaces. In the left table,
the kernel used to train the SVM is a Gaussian RBF with parameter Y= 0.5, 1.0, 2.0, 1.0 and 10.0
respectively ; In the right table, the kernels are a Gaussian RBF (with Y = 1.0 for both spaces), a simple
polynomial (with degree p=3 for both spaces) and linear splines with an infinite number of points .
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Figure 4. Graphs of CD and of CR as a function of the parameter Y when applying a Gaussian RBF
kernel to train an SVM for face detection in binary images segmented by use of the single Gaussian
chrominance model in the CIE-xy (a), CIE-DSH (b) and HSV (c) color spaces, and by use of the
Gaussian mixture model in the CIE-L*a*b* color space (d) . The CD and CR obtained with the NN are
shown for comparison in each graph .

function of the parameter y when applying a Gaussian RBF kernel for the single
Gaussian model (in the CIE-xy, DSH and HSV spaces) and for the Gaussian
mixture model (in the CIE-L*a*b* space). The CD and CR obtained with the NN
are shown for comparison. A strong negative correlation between CD and CR is
observed in all cases. If one favors CD to the detriment of CR, a value of
CD=84.8% 1is obtained for the CIE-xy space for y=0.5 (against 55.2% with the
NN), compared to 75.2% if a tradeoff between CD and CR is favored (as shown in
Figure 3a), with y=2.0), but the value of CR is then low (CR=53.5%, against
CR=75.6% with the NN). The same significantly higher value of CD than with the
NN is produced for the HSV space, which is again strongly detrimental to CR. The
best tradeoff between CD and CR produces values of CD and CR that are both
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higher than the corresponding values obtained with the NN for the CIE-DSH, HSV
and CIE-L*a*b* spaces (Figures 4b), c¢) and d) ), but this is clearly not the case for
the CIE-xy space (Figure 4a) ). In the latter case, it is therefore not easy to find a
suitable tradeoff. Figure 5 shows a graph of the experimental value of the OFMM
|®D1,0| versus the aspect ratio a/b calculated for a subset of the detected faces. The
graph shows also the non-face data points with the same ordinate as the face data
points from the same image, and the theoretical curve of | @1 | for an ellipse. The
distribution of moment values for faces clusters reasonably well near the
theoretical curve, thus validating the analysis of the modulus of the OFMMs for an
ellipse in the selection process of the OFMMs for face detection. Non-face data
points are diffusely distributed and have a relatively small intersection with the
face distribution.

Figure 5. Experimental values of | D] for 30 faces (+) and 44 distractors (o) for 30 images selected
from the test file . The solid line is | @y | Versus a/b for an ellipse .

Finally, Figures 6 and 7 show examples of the successful detection of faces as
well as of errors occurring with the present face detection system. The examples
of Figure 6 show that faces of Asian, Caucasian and Indo-Caucasian subjects are
equally well detected, with a large variety of poses that include small out-of-plane
rotations. They show also that the general performance in terms of CR (Figure 3)
can be considered to be high given the variety and complexity of the scene
backgrounds. Figure 7 shows examples of different types of detection errors : face
localization errors, false positives (in part due to the invariant properties of the
OFMMs), and false negatives.

Figure 6. Examples of the detection of faces with different poses and different skin colors against
various complex backgrounds (normalized T-S space, single Gaussian model).

Figure 7. Examples of errors occurring with the present face detection system
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6 Conclusions

In conclusion, for all chrominance spaces and for both skin chrominance models
that were used, the most robust face detection system when applying SVMs to
invariant OFMMs for binary face/non-face classification in segmented images is
obtained by use of a Gaussian RBF kernel and generally for intermediate values of
the associated parameter Y. A simple polynomial with degree p=3 and linear
splines with an infinite number of points also produce good results with the
Gaussian mixture model. One might favor the face detection rate CD to the
detriment of the rate of correct rejection of distractors CR if a suitable post-
processing of detected face candidates, using the luminance for example, reduces
the proportion of false positives FP. Overall, the performance of the SVMs is
superior to that of a 3-layer perceptron NN, if a suitable kernel function used to
train the SVMs and a suitable value of the associated parameter are selected.
However, the SVMs require much less training and tuning than a NN, and always
find a global solution. Owing to their invariant properties and to their better
capability to describe an object than other types of moments such as the FMMs [1],
the OFMMs are powerful new features for face detection and for pattern
recognition in general. The best choice of kernel and of the value of the associated
parameter for a given problem is an important issue that requires further research.
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Abstract

The sipping of ink through the pages of certain double-
sided handwritten documents after long periods of storage
poses a serious problem to human readers or OCR systems.
This paper addresses this problem through the recovery of
content on the front side of a page from the interfering image
caused by the handwriting on the reverse side. First, by
adapting the Gaussian stochastic model, the interfering model
based on norm-orientation-discontinuity is proposed in
analyzing the properties of the interfering strokes. Secondly, an
improved canny edge detector with edge norm-orientation
similarity constraint is applied. At the same time, two low
thresholds are used to detect edges instead of a single low
threshold. This improvement could link weaker foreground
edges without introducing noises in the
overlapping/overshadowed area. The proposed algorithms
perform well regardless of the intensity differences between the
image on the front side and the interfering image from the
reverse side. The segmentation results of real images are shown
and evaluated

Keywords.  Document image analysis, historical documents,
double-sided interfering images, text extraction, Canny edge
detector, orientation constraint

1. Introduction

Document image analysis is an important research area of image
processing and pattern recognition. As an essential step, traditionally,
text extraction is the segmentation of text from the background. But this
paper introduces a rather different problem, that is, how to extract clear

S. Singh, N. Murshed, and W. Kropatsch (Eds.): ICAPR 2001, LNCS 2013, pp. 93—[02] 2001.
© Springer-Verlag Berlin Heidelberg 2001
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text strings on the front side from the seriously sipping, dominating,
overlapping and interfering images originating from the reverse side.

The motivation of this paper comes from a request from the National
Archives of Singapore. Two original images are shown in Figure 1. We
can see that reading of the contents is often difficult and sometimes even
impossible. Thus, there is a request to find some way to remove such
interfering noises to produce readable copies for public viewers in a
digital library or on the internet.

Many segmentation and binary approaches have been reported in the
literature [1]. In considering help for researchers in humanities to
compare old manuscripts with printed matters on the internet, Negishi et
al.[2] presented several automatic thresholding algorithms based on
Otsu’s [3] method in extracting the character bodies from the noisy
background. Also, for complex background, Liu and Srihari [4] presented
a thresholding algorithm based on texture features to extract characters
from the run-length featured texture background, in that, the characters
normally occupy a separable gray-level range in the gray-scale histogram
and that the text images contain highly structured-stroke units. Similar
works could be seen in Liang and Ahmadi’s algorithm [5] which adopts a
morphological approach to extract text strings from regular periodic
overlapping text/background images. In their work different typical
geometric background patterns were used as the mathematical
morphological masks. White and Rohrer’s [6] method may be more
traditional. It is basically an image thresholding technique based on
boundary characteristics to suppress unwanted background patterns.

prufuiee i 40 ptssed otl

24, 2P ¥ oAy recatieat t

2

AP N L b Wy rail g t Y

(2) (b)

Figure 1. Two samples of the original archival documents, (interfering,
dimming and overlapping)

Since the interfering strokes appear in varying intensities relative to
the foreground text in different documents, it is difficult to apply the
above methods directly to solve this problem [10]. It is observed that the
edges of the strokes that sipped from the reverse side are not as sharp as
those on the front side (cf Figure 1, Figure 2). This prompts us to adopt
an edge detection algorithm followed by the use of boundary
characteristics to suppress unwanted interfering strokes. The edge
detection algorithm chosen here is an improved Canny edge detector [7]
as its double-threshold method could provide us with the selection of the
front stroke edges and its candidates.
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The paper is organized as follows: In section 2, we describe the norm-
orientation-discontinuity interfering model based on a Gaussian
stochastic model in analyzing the properties of the interfering strokes. In
section 3, we describe the improved canny edge detector with an edge-
orientation constraint to detect the edges and recover the weak ones of
the foreground words and characters; In section 4, we illustrate, discuss
and evaluate the experimental results of the proposed method,
demonstrating that our algorithm significantly improves the segmentation
quality; Section 5 concludes this paper.

2. The norm-orientation-discontinuity
interfering stroke model

Figure 2 shows three typical samples of original image segments from
the original documents and their magnitude of the detected edges
respectively. The magnitude of the gradient is converted into the gray
level value. The darker the edge is, the larger is the gradient magnitude.
It is obvious that the topmost strong edges correspond to foreground
edges. It should be noted that, while usually, the foreground writing
appears darker than the background image, as shown in sample image
Figure 2(a), there are cases where the foreground and background have
similar intensities as shown in Figure 2(b), or worst still, the background
is more prominent than the foreground as in Figure 2(c). So using only
the intensity value is not enough to differentiate the foreground from the
background.

ki > . "ﬁ,..p" ':‘__"
o % .
< -
- .-L‘-. *
(a) (b) (c)

Figure 2. Sample images with different properties: (a) ~ (c) the original
images; (d) ~ (f) the magnitude of all detected edges;

Assume that the pixels in background strokes are scattered on the
foreground. For each noise spot at position (i, j), a Gaussian-shaped
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function is assumed to be superimposed on the foreground image, then
N(m,n), the neighbor pixels of (i, j) could be modeled as [8] :
~(m=i)*+(n=)))
N(m,n)=x(i, j)e 20° (1)
The intensity x is a random variable which is assumed to have a

Gaussian distribution with zero mean and variance G, , that is [8]:

1

py(x)= csf—«/ﬁ

The interaction of the adjacent pixels of the scattering of the
background stroke pixels could be modeled as:

1.G, j) = Y x(m,m)GxI(i—m,j—n)

(m,n)e Neighbour (i,j)

e2Ci (2)

where  I(i,j)is the background stroke pixel, G denotes
Gaussian0,6 %), I,(i, j)is the interfering stroke pixel which appears

as noise in the foreground..

Due to the anisotropy of the absorption/dispersion properties of the
paper materials, x(m,n) differs greatly even in the adjacent pixels,
usuallys, >>o [8], which means that the high frequency of x is induced
into the interfering image. And this results in the ripples appearing in the
interfering strokes, such that the edges become “wandering” and the
norm-orientation becomes a discontinuity when applying Canny’s non-
maximum suppression. Figure 3 (a) and (b) show the 3D surfaces of the
interfering background and foreground strokes respectively, while Figure
4 (a) and (b) show the numerical values of their norm orientation along
the detected edges respectively. From Figure 3 and Figure 4, we could
see clearly that the standard deviation between the norm-orientation of
the front stroke and that of the interfering stroke differs greatly. This
means that for the edges in the interfering stokes, the norm-orientation
between the connected pixels will not be modeled as a smooth function
in contrast with that of the front strokes [11]. And this performance
between the foreground and interfering strokes, which we call the norm-
orientation-discontinuity, will be favored in picking up the weak
foreground strokes as discussed in the next section

3. Improved canny edge detector: the norm-
orientation similarity constraint

Traditional canny edge detector [7] works in detecting most of the
foreground edges. The detected edges for the samples in Figure 2 are
shown in Figure 5. Note that the algorithm fails when the interfering
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edges are present nearby and edge tracing is misled along the interfering
edges. In the overlapping area, the foreground edges are often broken and
the resultant boundary is not complete [9]. For the existing broken
foreground edges in the overlapping area, it is necessary to pick them up
in recovering the complete edges of the foreground characters. In many
cases, in order to detect the “weak” foreground strokes in the seriously
overlapping/overshadowed area, the low-level threshold often has to be
traded off in favor of the foreground edges over the interfering stroke. In
the case that interfering strokes are “strong” enough to be detected in the
low-threshold stage and adjacent with the seeds of the front edges, these
“strong” interfering strokes would be regarded as the foreground edges in
the final results. Thus, in practice, the low-threshold (denoted as low-
thresholdl) is often selected a little higher so as not to introduce too
much “strong” interfering strokes and the result is that some “weak”
foreground edges, especially in the overlapping area, are often lost.

(a) (b)

Figure 3. Three-dimensional illustration of dark strokes written on a
light background, obtained from Figure 2(c) marked by the two
white boxes respectively: (a) a normal stroke on the front side; (b) an
interfering stroke from the reverse

In order to connect more of the weak foreground edges and reduce the
risk of linking noisy edges detected in the low-level threshold stage, we
lower the low-threshold (denoted as low-threshold2?) and superimpose
the norm-orientation-discontinuity of the interfering strokes in picking up
the faint foreground strokes.

Let G , be the standard deviation of norm-orientation of the foreground

strokes selected manually. Thus the traditional canny edge detector is
revised like this: adding two more steps into the traditional canny edge
detection algorithm (cf Figure 6).

The above constraint is what we call the norm-orientation similarity
constraint, which facilitates selecting the appropriate candidate fragment
of the foreground edges in a smooth stroke, and at the same time prevents
introducing the interfering strokes. It should be noted that, in the
interfering cases, the maximum gradient intensity reflects the strength of
the strokes, sharper or blurred; the norm-orientation similarity reflects the
smoothness property of a stroke. With this improvement, we could raise
low-threshold] a little in the traditional Canny edge detector.
Accordingly, some of the interfering strokes will be successfully filtered
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Figure 4. The norm-orientation (in degree unit) of the detected
strokes (Gaussian filtering in Canny edge detector: 5x5 mask,
G(0,1.414)) that are shown in Figure 3 respectively: (a) the front
stroke in diagonal direction, standard deviation is 3.88, (b) the
interfering stroke in diagonal direction, standard deviation is 6.73

(S| e

(a) (b) (c)

Figure 5 Traditional canny edge detection, (a) detected edges for the
image shown in Figure 2(a), high-level threshold = 0.980, low-level
threshold = 0.900; (b) detected edges for the image shown in Figure.
2(b), high-level threshold = 0.973, low-level threshold = 0.820; (c)
detected edges for the image shown in Figure 2(c), high-level threshold =
0.972, low-level threshold = 0.820.

1.  New low-level threshold ( low-threshold? ) edge detection.
Edge linking: with the linked edges in low-thresholdl being
“seeds”, from the position of each seed, if the norm difference
between the seed and its candidate is smaller than 3*G , or TC /4,
then the candidate could be linked as the foreground stroke.

Figure 6 Improved linking strategy in canny edge detection algorithm

out. And low-threshold2 could be set at a rather low value in practice. In
this way, more details of the front strokes will be recovered without
introducing noises in the dimming area (cf Figure 7).

Since the essential aim of our project is to obtain clean and readable
copies for public viewing of the archival documents, after the edge
detection, the image recovery stage is that the neighboring pixels within
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the statically 7x7 window centered on each edge are recovered. The
restored front side images for the above three samples are shown in
Figure 8.

63
—e
(a) (b) (c)

High-threshold = 0.980 High-threshold = 0.980 High-threshold = 0.972
Low-threshold = 0.870 Low-threshold =0.780 Low-threshold = 0.800

| |

(d) () ()
High-threshold = 0.980 High-threshold = 0.980 High-threshold = 0.972
Low-thresholdl =0.910 Low-threshold1l = 0.850 Low-thresholdl = 0.850
Low-threshold2 = 0.870 Low-threshold2 = 0.780 Low-threshold2 = 0.800

Figure 7 (a), (b) and (c): traditional Canny edge detection results; (d), (e)
and (f): improved Canny edge detection results: orientation constraint.
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Figure 8 Restored foreground text images: (a), (b) and (c) segmented
result for the images Fig. 2(a), (b)and (c) respectively

4. Experiment observation and discussion

The performance of our approach has been evaluated based on the
scanned images of historical handwritten documents provided by the
National Archives of Singapore. The cleaned up images were visually
inspected to assess the readability of the words extracted. Here, 12
typical images are adopted in illustrating the performance of the system.
The two evaluation metrics: precision and recall (defined below) are used
to measure the performance of the system.
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Precision =
Number of Detected Correct Words / Total Number of Detected Words, — (4)
Recall = Number of Detected Correct Words / Total Number of Words. )

where total number of words includes all the words in the foreground
image, while the fotal number of detected words means the sum of the
detected correct words and incorrect words (interfering words).

If some characters in a foreground word are lost or not recovered
properly, the whole word is considered lost. If parts of characters coming
from the back are detected, the total number of incorrect words will be
increased by 1. Precision reflects the performance of removing the
interfering strokes of the system and recall reflects the performance of
restoring the foreground words of the system. The higher the precision,
the lesser is the number of detected interfering strokes. The higher the
recall, the more the foreground words are detected.

Table 1 shows the evaluation of the segmentation results of the 12
typical testing images. The average precision and recall are 81% and
94% respectively. The proposed algorithms are not image-dependent, and
thus the high precision and recall are achieved for varying degrees of
interference among these images. The final extracted and binarized text
image for the original image in Figure 1 is shown in Figure 9. Since most
of the interfering area could be removed successfully, the Ostu’s
threshold is adopted to binarize the segmentation images. The binary
images of other segmentation results are shown in Figure 10. And we can
see that the appearance of the binary images is much cleaner and the
foreground strokes are more readable.

In fact, sometimes the interfering is so serious that the edges of the
interfering strokes are even stronger than that of the foreground edges.
As a result, the edges of the interfering strokes would be erroneously
regarded as the front “seed” and would remain in the resultant text image.
In this case, the precision decreases. Therefore, how to separate the front
“seed” from all the high thresholded edges is still a problem in our
further work.

5. Conclusion and further work

The paper describes a method for the removal of interfering images.
This method is especially designed for old handwritten documents by
using the fact that the edges of the interfering images caused by
interfering sipping from the reverse side are not as sharp as those of the
foreground images. The algorithm performs well and can improve the
appearance of the original documents greatly.

With the norm-orientation similarity constraint, the parameters of hi-
threshold, low-thresholdl and low-threshold2 have their robustness in
handling different types of original images. But there is still one problem,
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that is how to judge the standard deviation G , locally or adaptively. And
this is the reason, in practice, that we useTr /4 as another threshold in the
norm-similarity constraint. A different approach will be also attempted.
That is to superimpose the mirror-image rendition of the reverse page
image with the front page image. In this way, corresponding mapping of
the strokes of the two superimposed images will aid in identifying
characters from either side of the paper.
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Figure 9 Segmentation results of the test images shown in Figure 1(a)
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Figure 10 (a), (b), (e), (f): original test images; (c), (d), (g), (h):

the
algorithm of (a), (b), (e), (f)
method [4].

binary images of segmentation results by the proposed

respectively, Ostu’s threshold

Tablel. Evaluation of the system in 12 testing images

Image number 1 2 3 4 5 6 7
IV‘::ES no. of |3 | o4 | 103 | 125 | 125 | 123 | 121
Precision 91% | 86% | 51% | 94% | 87% | 77% | 79%
Recall 98% | 100% | 89% | 94% | 82% | 92% | 89%
Image number 8 9 10 11 12

IV‘::ES no. of g | 112 | 113 | 114 | 114 Average
Precision 75% | 84% | 82% | 91% | 78% 81%
Recall 97% | 97% | 98% | 96% | 96% 94%
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Abstract. In this study we evaluate different HMM topologies in terms of
recognition of handwritten numeral strings by considering the framework
of the Level Building Algorithm (LBA). By including an end-state in a
left-to-right HMM structure we observe a significant improvement in the
string recognition performance since it provides a better definition of the
segmentation cuts by the LBA. In addition, this end-state allows us the
use of a two-step training mechanism with the objective of integrating
handwriting-specific knowledge into the numeral models to obtain a more
accurate representation of numeral strings. The contextual information
regarding the interaction between adjacent numerals in strings (spaces,
overlapping and touching) is modeled in a pause model built into the
numeral HMMs. This has shown to be a promising approach even though
it is really dependent on the training database.

Keywords: HMM topology, LBA framework, pause model, handwritten
numeral string recognition

1. Introduction

Hidden Markov models have been successfully applied to various pattern
recognition environments. Specially to handwriting recognition, in which the HMM
approach provides a way of avoiding the prior segmentation of words into characters
usually found in OCR systems. This has shown to be a promising strategy, since
often word segmentation without the help of a recognizer is difficult or impossible.
In this context, the Level Building Algorithm (LBA) [1] is fundamental, since it
allows to match models against an observation sequence, without having to first
segment the sequence into subsequences that may have been produced by different
models.

In this study the LBA is used to recognize handwritten numeral strings using an
implicit segmentation-based approach. In this framework we focus on the HMM
topology, which is very important in providing a precise matching of the numeral
models against the observation sequence representing a numeral string. In addition,
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we investigate a way of integrating in the numeral models some contextual
information regarding the interaction between adjacent numerals in strings. For this
purpose, we use a two-step training mechanism, in which numeral models
previously trained on isolated digits are submitted to a string-based training. In the
second step of this training mechanism a pause model is built into the numeral
models. Cho, Lee and Kim [2] also use pauses in off-line word recognition and show
some significant improvement on the recognition accuracy depending on the
dictionary size. They use a number of pause models in order to describe categories
of character transitions depending on the neighboring characters. In contrast to their
approach, Dolfing [3] assumes that the number of ligatures is limited and models all
ligatures with the same pause model. In our work we evaluate two strategies: 1)
constructing one pause model by numeral class; 2) constructing one pause model
representing all numeral classes.

This work is organized into 6 sections. Section 2 describes our system for the
recognition of handwritten numeral strings. Section 3 presents the HMM topologies
evaluated in this work. The experiments and discussions are summarized,
respectively, in Section 4 and 5. Finally, we draw a conclusion in Section 6.

2. System Outline

The system architecture is shown in Figure 1. In the first module, a word slant
normalization method has been modified by considering the slant and contour length
of each connected component to estimate the slant of handwritten numeral strings. A
detailed description of this process is presented in [4].

In the Segmentation-Recognition module, the string recognition is carried out
using an implicit segmentation-based method. This module matches numeral HMMs
against the string using LBA. To this end, the numeral string is scanned from left-to-
right, while local and global features are extracted from each column. The local
features are based on transitions from background to foreground pixels and vice
versa. For each transition, the mean direction and corresponding variance are
obtained by means of the statistic estimators defined in [5].

Slant- Segmentation/
normalized - recognition . .
Normalization string Segmenta.tl_on/ results Vc;\r/iﬁgailon
Module - Recognition - odule
Module

Figure 1. System architecture

These estimators are more suitable for directional observations, since they are
based on a circular scale. For instance, given the directional observations ¢, =1°

and o, =359°, they provide a mean direction ( E) of 0° instead of 180° calculated
by conventional estimators.
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Figure 2. Circular mean direction o and variance S, for a distribution F (c;)

Let O4,---, Oi,---,0y be a set of directional observations with distribution F ((x,-)
and size N. Figure 2 shows that ¢, represents the angle between the unit vector O_R

and the horizontal axis, while P, is the intersection point between (P, and the unit

circle. The cartesian coordinates of P, are defined as:
(cos(a;) sin(e;)) (5)

The circular mean direction ¢ of the N directional observations on the unit circle
corresponds to the direction of the resulting vector (E) obtained by the sum of the
unit  vectors (Op,..... OP,.-... OPy) The center of gravity (E,E) of the N

coordinates (cos(q,) sin( ,)) is defined as:

=z

1

Ezﬁgcos(a,-) (6)
- 1 x.
§=—%sin(a,) %)

i=1
These coordinates are used to estimate the mean size of R, as:

Then, the circular mean direction can be obtained by solving one of the following
equations:

£\ S —\_C 9)
sin\0l]|=—= Or cos\ot)=—=
(-5 o )
Finally, the circular variance of o is calculated as:
S.=1-R 0<s,<1 (10)

To estimate o and §, for each transition of a numeral image, we have

considered {()", 45°,90°, 135°, 180°, 225°, 270°, 3150} as the set of directional
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observations, while F' ( ,.) is computed by counting the number of successive black

pixels over the direction ¢¢; from a transition until the encounter of a white pixel. In
Figure 3 the transitions in a column of numeral 5 are enumerated from 1 to 6, and
the possible directional observations from transitions 3 and 6 are shown.

In addition to this directional information, we have calculated two other local
features: a) relative position of each transition [6], taking into account the top of the
digit bounding box, and b) whether the transition belongs to the outer or inner
contour, which shows the presence of loops in the numeral image. Since for each
column we consider 8 possible transitions, at this point our feature vector is
composed of 32 features. The global features are based on horizontal projection
(HP) of black pixels for each column, and the derivative of HP between adjacent
columns. This constitutes a total of 34 features extracted from each column image
and normalized between 0-1. A codebook with 128 entries is created using the LBG
algorithm [7].

The last system module is based on an isolated digit classifier, which is under
construction. This verification module was not used in the experiments described in
this paper.

Image colurnn

Tramsitions (1-6]

Figure 3. Transitions in a column image of numeral 5, and the directional observations used
to estimate the mean direction for transitions 3 and 6

3. Topology of the Numeral HMMs

The topology of the numeral models is defined taking into account the feature
extraction method and considering the use of the LBA. The number of states is
experimentally defined based on the recognition of isolated numerals. The HMM
topology used in the baseline system is shown in Figure 4.

Figure 4. Left-to-right HMM model with 5 states



An Enhanced HMM Topology in an LBA Framework

109

frequency (%) -

frequency (%) frequency (%)
- N w B ()]
o o o o o o

frequency (%)

frequency (%)

Model 0
40
35
30
25
20
15
10
5
0

s1 s2 s3 s4 s5
Model 2

=
o

s1 s2 s3 s4 s5
Model 4
50
40
30
20
10
0
s1 s2 s3 s4 s5
Model 6
60
50
40
30
20
10
0
s1 s2 s3 s4 s5
Model 8
50
40
30
20
0

s1 s2 s3 s4 s5

O 5-state HMM without end-state

frequency (%)

frequency (%)

]

frequency (%)

3

frequency (%)

frequency (%)

Model 1

w
o

N
o

[N
o

s1 s2 s3 s4 s5

Model 3

40

30
25
20
15
10

s1 s2 s3 s4 s5

Model 5

50
40
30
20
10

s1 s2 s3 s4 s5

Model 7

50
40
30
20
10

s1 s2 s3 s4 s5

Model 9

= N W A O
o O o o o

3

s1 s2 s3 s4 s5

B 5-state HMM with end-state

Figure 5. Distributions of observations among the HMM states computed during model
training
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The same or similar topology can be found in related works. In [8] the authors
use it to model character classes to recognize fax printed words. The same structure
is used for modeling numeral classes to recognize handwritten numeral strings in
[9]. Similar HMM topology, with additional skip transitions, is used for modeling
airlines vocabulary in [10]. In all these works the LBA is used as a recognition
algorithm.

As we can see the HMM topology used in our baseline system does not present
additional states or transitions to allow the concatenation of numeral models, since
they are not necessary in the LBA framework. In this system 10 numeral models
independently trained on isolated numerals are used to recognize strings, and the
LBA is responsible for finding the best sequence of these models for a given
numeral string. However, this kind of topology does not allow us to model the
interaction between adjacent numerals in strings. Moreover, in the experiments on
numeral strings we have observed a significant loss in terms of recognition
performance as the string length increases. In order to better understand the behavior
of these numeral models, we compute the distribution of observations among the
HMM states during the training of them on 50,000 isolated numerals (5,000 samples
per class).

We can see the corresponding distributions in Figure 5 as 5-state HMM without
end-state. These unbalanced distributions of observations among the states,
associated with the presence of a self-transition with probability value equal to 1.0 in
the last state (ss), have a negative impact on the system segmentation performance.
To better explain, let us consider the paths A and B in the LBA trellis in Figure 6,
which share the same way until time t=4. Path A reaches the state 5 (ss) first (at time
t=6). From this time path B may not reach the last state even being a promising path.
This may happen because the transition probability from state 4 to 5 (ass) (a small
value because of the nature of the distributions observed), must compete with the
self-transition probability on state 5 (equal to 1.0 since there is no transition going
out of this state). Under this condition the numeral recognition at this level may
succeed, however without representing the best segmentation path. This non-
optimum matching can bring problems to the next levels. This explains why, in the
baseline system, the recognition of numeral strings drops drastically as their length
increases (see Section 4).

5+(5)=max |8s(®)dss> 565 aks) b (0r)

HMM

5
States 4

3 / :

2

1

-~

Figure 6. Paths A and B in an LBA level considering model A,

To deal with this problem and also adapt the numeral models to a string-based
training, we include an end-state in the HMM topology (see Figure 7). The new
models show a better distribution of the observations among their states, as we can
see in Figure 5 (5-state HMM with end-state), and avoid a self-transition with
probability value equal to 1.0 in the state 5 (ss). The end-state does not absorb any
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observation and it is useful to concatenate the numeral models during a string-based
training. The positive impact of this modification on the HMM topology to the string
recognition is shown in Section 4.

Figure 7. 5-state HMM with an end-state

Based on this new topology, we can pay some attention to the possibility of
integrating handwriting-specific knowledge into the model structure to obtain a
more accurate representation of numeral strings. We believe that as the knowledge
learned from ligatures and spaces between adjacent characters have shown to be
very important to increase the word recognition performance, the knowledge about
overlapping, touching and spaces between adjacent numerals may play the same role
for numeral strings.

Similar to [2,3], we investigate the use of a pause model. The objective is to
model inter-digit spaces and local interactions (overlapping, touching) between
adjacent numerals in strings. However, our pause model is built-in the numeral
models. This strategy allows us to keep the L parameter of the LBA fixed. The
pause model is trained on digit-pairs extracted from the NIST database. In this
training, for a given digit-pair the corresponding numeral models are concatenated
by using the end-state. In fact, the end-state of the first model is replaced with the
first state of the second (see Figure 8). The strategy used to train this pause model is
presented in the next section.

DR D

Figure 8. Concatenation of numeral models during string-based training

4. Experiments

The isolated numerals used in these experiments come from the NIST SDI19
database. In order to construct 10 numeral models we use 50,000 numeral samples
for training, 10,000 for validation and 10,000 for testing. The slant normalization of
these numerals is done taking into account contextual information regarding the
slant of their original strings, and the feature extraction is performed considering the
intra-string size variation. All this process is detailed in [4].

The experiments using numeral strings are based on 12,802 numeral strings
extracted from NIST SD19 and distributed into 6 classes: 2_digit (2,370), 3_digit
(2385), 4_digit (2,345) and 5_digit (2,316), 6_digit(2,169) and 10_digit(1,217)
strings respectively. These strings exhibit different problems, such as touching,
overlapping and fragmentation.
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During the comparison of the HMM topology with and without the end-state,
we did not consider the inter-digit spaces in order to evaluate the LBA in terms of
segmentation performance. For each string, features have been extracted considering
just foreground pixels (black pixels). There is no symbol to represent inter-digit
spaces. This also may give us some idea about the real contribution of the pause
model in our system.

Class HMM without ~ HMM with Pause model Pause model
end-state end-state (1 by class) (1 for all classes)
Isolated numerals 91.10 91.73 91.60 91.60
2_digit (2,370) 85.32 87.72 88.23 88.40
3_digit (2,385) 78.19 82.43 83.31 83.61
4_digit (2,345) 71.34 78.17 78.55 78.72
5_digit (2,316) 66.32 75.65 75.35 76.21
2,3,4 and 5_digit (9,416) 75.32 81.00 81.40 81.77
6_digit (2,169) 63.85 71.69 71.37 72.01
10_digit (1,217) 44.04 60.64 57.68 61.05
Global (All classes) 70.43 77.51 77.45 78.15

Table 1. String recognition results on the test database

For the pause model experiment, we use a two step-training mechanism: 1) 10
numeral models are trained first on isolated digits, 2) the numeral models are
submitted to a string-based training using digit pairs (DPs) extracted from the NIST
database. The DP database is balanced in terms of number of naturally segmented,
overlapping and touching numerals. The NIST series Asf 0 fo hsf” 3 were used for
providing 15,000 training samples, while Asf 7 was used for providing 3,500
validation samples.

We use the two-step training mechanism described above to evaluate the
following strategies: 1) the use of one pause model for each numeral class; and 2)
the use of one pause model representing all numeral classes. In both just the pause
model parameters are estimated during the second-step training. The parameters
corresponding to the numeral models are kept the same as estimated during the first
training step based on isolated numerals. Table 1 resumes all the experiment results,
in which a zero-rejection level is used.

5. Discussion

The HMM topology with end-state does not bring a significant improvement to the
recognition of isolated numerals (about 0.6%). On the other hand, this brought
7.08% of improvement to the global string recognition rate. This is due the better
distribution of the observations between the states, and a better estimation of the
self-transition probability in the last HMM-state (ss). Consequently, the LBA
provides a better match of numeral models against the observation sequence. This
means a better definition of string segmentation cuts. Maybe, this can also explain
the importance given by the authors to space model in [8,9], and the use of
durational constraints in [10].

Figure 9 shows an example in which the segmentation cuts at top and bottom
were provided respectively by the models with and without end-state. To confirm
the improvement on segmentation cuts, we made an error analysis considering the
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10_digit strings misrecognized using the models without end-state, which were
recognized with the models with end-state. A total of 245 samples were manually
checked.

31 38 BT a5 128 178 207 238 266 294
| 0123456789
b J{ Il’ | 9234540789

38 66 95 128 197 193 207 o37 265 293

Figure 9: Segmentation points and recognition result produced by the LBA using 5-state
HMMs with end-state (top) and without end-state (bottom).

Figure 10(a) shows that 72.2% of these misrecognitions are related to mis-
segmentation problems. Moreover, we compute the difference of location of the
segmentation points provided by these two HMM-structures in terms of the number
of observations. Figure 10(b) shows that the frequencies of location differences
equal to 1, 2 and more than 2 observations are respectively 47.3%, 18% and 6.9%.

80 72,2 50 47.3
— S 40
S < 30| 278
>

g 2 18,0
S 40 27,8 g 20
] o 6,9
g 20 g 1 1
£ 0 : !

0 0 1 2 >2

segmentation segmentlaFlon ! Number of observations
recognition

Figure 10: a) Frequency of recognition and recognition/segmentation mistakes; b) Difference
between the location of segmentation points considering the number of observations

In the pause model experiments we consider all the spaces (white columns)
between adjacent digits in strings. In fact, the pause model is used to absorb all
interactions between adjacent numerals including inter-digit spaces, overlapping and
touching. The experiment considering one pause model for each numeral class does
not show improvements for all numeral string classes. We observe a small loss in
terms of recognition rate of numeral strings composed of more than 4 numerals. This
is due the lack of training samples of specific digit-pair classes in the database. In
fact, the database used for the second-step training is well balanced in terms of
natural segmented, overlapping and touching numerals, but it needs also be balanced
in terms of isolated numeral classes and digit-pair classes. This experiment also
shows that the interaction between adjacent digits varies as the string length. We can
see some improvement for all string classes when we use all the database to model
just one pause model.

The small improvement obtained by considering the pause model also confirms
the nice string segmentation performance provided by the LBA by using the 5-state
HMM with end-state. In fact, this shows that even without considering the inter-digit
spaces, the models based on this topology can provide a good string segmentation.
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6. Conclusions

In this work we have evaluated different HMM topologies on the LBA framework.
The inclusion of an end-state in numeral HMM structure allowed us to balance the
importance between their states. Under this condition, the LBA finds a more precise
match of the numeral models against the observation sequence representing a
numeral string. This new HMM structure improves the LBA string segmentation
performance. In addition, the end-state provides a way of concatenating the numeral
models to evaluate the use of a pause model built-in the numeral models.

The preliminary results on the pause model show us that integrating handwriting-
specific knowledge into the model structure to obtain a more accurate representation
of numeral strings is a promising approach. However, this approach is strongly
dependent on a representative database.
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Abstract:This paper proposes a new technique to segment Printed
Arabic words into characters using Explicit Segmentation. The
technique can be divided into several steps: (1) Digitization and
preprocessing (2) binary tree construction; and (3) Segmentation. The
advantage of this technique is that its execution does depend on either
the font or size of character.

Keywords: Segmentation, Construction binary tree, Parallel Thinning,
Smoothing, Arabic Characters, Pattern Recognition.

1. Introduction

Machine recognition of both printed and handwritten characters, has been intensively
and extensively researched by scientists in different countries around the world.
Characters written in many different languages have been recognized, e.g. from
numerals to alphanumeric, and from Roman languages to Oriental languages.
However, the infinite varieties of qualities and character shapes produced by
handwriting and by modern printing machines have posed a major challenge to
researchers in the field of pattern recognition. But the urgent need is there, and it has
become increasingly evident that satisfactory solutions to this problem would be very
useful in applications where it is necessary to process large volumes of printed and
handwritten data, e.g. in automatic sorting of mail and cheques, payment slips,
signature verification, and machine recognition and analysis of engineering drawings.

Many papers have been concerned with Latin, Chinese and Japanese characters,
However, although almost a third of a billion people worldwide, in several different
languages, use Arabic characters for writing, little research progress, in both on-line
and off-line has been achieved towards the automatic recognition of Arabic
characters. This is a result of the lack of adequate support in terms of funding, and
other utilities such as Arabic text database, dictionaries, etc.

S. Singh, N. Murshed, and W. Kropatsch (Eds.): ICAPR 2001, LNCS 2013, pp. 115-126, 2001.
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Two techniques have been applied for segmenting machine printed and
handwritten Arabic words into individual characters: implicit and explicit
segmentations.

1) Implicit segmentation (straight segmentation): In this technique, words are
segmented directly into letters. This type of segmentation is usually designed with
rules that attempt to identify all the character’s segmentation points [1, 2].

(i1) Explicit segmentation: In this case, words are externally segmented into
pseudo-letters which are then recognized individually. This approach is usually more
expensive due to the increased complexity of finding optimum word hypotheses [3-
5]

This paper describes the design and implement of a new technique to segment an
Arabic word into characters using explicit segmentation. The technique can be divide
into three steps: First, is digitization and Preprocessing step in which the original
image is transformed into binary image utilizing a scanner 300 dpi with some
cleaning. Then the binary image is thinned using one of the existing thinning
algorithms. Second, the skeleton of the image is traced from right to left and a binary
tree is constructed. Finally, a segmentation algorithm is used to segment the binary
tree into subtrees such that each subtree describes a character in the image.

2. General Characteristics of the Arabic Writing System

A comparison of the various characteristics of Arabic, Latin, Hebrew and Hindi
scripts are outlined in Table 1. Arabic, like Hebrew, is written from right to left.
Arabic text (machine printed or handwritten) is cursive in general and Arabic letters
are normally connected on the base line. This feature of connectivity will be shown to
be important in the segmentation process. Some machine printed and handwritten
texts are not cursive, but most Arabic texts are, and thus it is not surprising that the
recognition rate of Arabic characters is lower than that of disconnected characters
such as printed English.

Table 1. Comparison of various scripts.

Characteristics Arabic Latin Hebrew Hindi
Justification R-to-L  L-to-R R-to-L L-to-R
Cursive Yes No No Yes
Diacritics Yes No No Yes
Number of vowels 2 5 11 -
Letters shapes 1-4 2 1 1

Number of letters 28 26 22 40
Complementary characters 3 — - -
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Arabic writing is similar to English in that it uses letters (which consist of 28 basic
letters), numerals, punctuation marks, as well as spaces and special symbols. It differs
from English, however, in its representation of vowels since Arabic utilizes various
diacritical markings. The presence and absence of vowel diacritics indicates different
meanings in what would otherwise be the same word. For example, [1[1[111[] is the
Arabic word for both “school” and “teacher”. If the word is isolated, diacritics are
essential to distinguish between the two possible meanings. If it occurs in a sentence,
contextual information inherent in the sentence can be used to infer the appropriate
meaning.

The Arabic alphabet is represented numerically by a standard communication
interchange code approved by the Arab Standard and Metrology Organization
(ASMO). Similar to the American Standard Code for Information Interchange
(ASCII), each character in the ASMO code is represented by one byte. An English
letter has two possible shapes, capital and small. The ASCII code provides separate
representations for both of these shapes, whereas an Arabic letter has only one
representation in the ASMO table. This is not to say, however, that the Arabic letter
has only one shape. On the contrary, an Arabic letter might have up to four different
shapes, depending on its relative position in the text. For instance, the letter ([ A'in)
has four different shapes: at the beginning of the word (preceded by a space), in the
middle of the word (no space around it), at the end of the word (followed by a space),
and in isolation (preceded by an unconnected letter and followed by a space). These
four possibilities are exemplified in Fig.1.

(a) beginning (b) middle (c) end (d) isolated

Fig. 1. Different shapes of the Arabic letter “ ® A’in “

In addition, different Arabic characters may have exactly the same shape, and are
distinguished from each other only by the addition of a complementary character (see
Appendix). Complementary characters are positioned differently, for instance, above,
below or within the confines of the character. Figure 2 depicts two sets of characters,
the first set having five characters and the other set three characters. Clearly, each set
contains characters which differ only by the position and/or the number of dots
associated with it. It is worth noting that any erosion or deletion of these
complementary characters results in a misrepresentation of the character. Hence, any
thinning algorithm needs to efficiently deal with these dots so as not to change the
identity of the character.

Arabic writing is cursive and is such that words are separated by spaces. However,
a word can be divided into smaller units called subwords (see Appendix). Some
Arabic characters are not connectable with the succeeding character. Therefore, if one
of these characters exists in a word, it divides that word into two subwords. These
characters appear only at the tail of a subword, and the succeeding character forms the
head of the next subword. Figure 3 shows three Arabic words with one, two, and three
subwords. The first word consists of one subword which has nine letters; the second
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has two subwords with three and one letter, respectively. The last word contains three
subwords, each consisting of only one letter.

Fig. 2. Arabic characters differing only with regard to the position and number of
associated dots.

&
E

— J_,_gi
Ca) B> =)

Fig. 3..Arabic words with constituent subwords.

Arabic writing is similar to Latin in that it contains many fonts and writing styles.
The letters are overlaid in some of these fonts and styles. As a result, word
segmentation using the baseline, which is the line on which all Arabic characters are
connected, is not possible. Furthermore, characters of the same font have different
sizes (i.e. characters may have different widths even though the two characters have
the same font and point size). Hence, word segmentation based on a fixed size width
cannot be applied to Arabic.

3. Digitization and Preprocessing

3. 1. Digitization

The first phase in our character recognition system is digitization. Documents to be
processed are first scanned and digitized. A 300 dpi scanner is used to digitize the
image. This generates a TIFF file which is then converted to 1-bit plane PBM file. The
PBM format contains a small header which incorporates a file stamp followed by the
dimensions of the image in pixels. The remainder of the file contains the image data.

3.2. Pre-thinning and Thinning

This step aims to reduce the noise due to the binarization process. The pre-thinning
algorithm used in this paper is as follows:

Input. A digitized image / in PBM format.
Output. A pre-thinned image 7, also in PBM format.
begin

1. For each pixel P in image /, let PO to P7 be its 8 neighbors, starting from the east
neighbor and counted in an anti-clockwise fashion.

2. Let B(P)=P0 + P2 + P4 + P6 . Let P’be the corresponding pixel of P in the
pre-thinned image I.
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3.  If B (P) <2 then set P’to white
Else If B(P) > 2 then set P’to black
Else set P’ to the value of P,

end

3.3. Thinning

The thinning of elongated objects is a fundamental preprocessing operation in image
analysis, defined as the process of reducing the width of a line-like object from several
pixels to a single pixel. The resultant image is called “the skeleton”.

This paper adopts Jang and Chin's one pass parallel thinning algorithm [6] because
it gives skeletons with fewer spurious branches. Figure 4 illustrates an original

scanned image and the resulting skeleton after applying the thinning.

......

........

(@) (b)

Fig. 4. An example for an Arabic word before and after thinning.

After the thinning of the binary image, the structure of the image can be recorded
by tracing the skeleton. However, the thinning process might alter the shape of the
character, which in turn makes difficult to be recognized. Some of the common
problems encountered during the thinning process include the elimination of vertical
notches in some characters and elimination or erosion of complimentary characters.
These modification make the recognition of the thinned image a difficult task even for
nature human visual processing.

4. Thinned Image Tracing

The objective of this step in the process is to build a binary tree with all the
information describing the structure of the image. The technique used involves tracing
the thinned image using 3 x 3 window, and recording the structure of the traced parts.
The image structure is written using some primitives such as lines, loop, and double
loops etc.. This approach has a number of advantages:
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(a). Generality: The technique can be applied to any font or size of Arabic text. In
addition, it can be applied to hand printed text. Furthermore, the technique can be used
in processing other language data such as Latin or Chinese.

(b). Simple Segmentation: The technique will simplify the segmentation process. The
examination of the subword structure from right to left will identify potential points
for segmentation. Some of these points are false segmentation points (i.e. they are
within one character). However, all of the segmentation points ( i.e. points between
two consecutive characters) are part of these potential points.

The binary tree consists of several nodes. Each node describes the shape of the
corresponding part of the subword. The structure of the node in the binary tree is show

in Figure 5: T

Uplink

Dots INFO

Llink Rlink

' '

Fig. 5. The node of the binary tree.

Where Uplink is pointing to the parent node, the Rlink is pointed to the right son
of that node, and Llink is pointed to the left son of that node. The Dots field signals
the existence of complimentary characters in this part of the subword. The INFO field
contains the primitive description of the corresponding part in the subword.

The following points are taken into consideration when building the binary tree:

1. The primitives used in the INFO field of the subtree node are the eight Freeman
codes [7], 0 through 7; the Loop (L); and Double loop (LL).

2. The INFO field contains a description of the structure of the binary image which
corresponds to a part of the subword. This description will terminates if a junction
point is reached (the junction point is described as the point at which tracing can
follow more than one possible path).

3. The L (Loop) and LL (Double loop) primitives are identified if the junction points
force a looping connection within the binary tree. In other words, every time there is a
pointer from a node in the ith level of the tree to another node not in the I + 1% level of
the tree, it is regarded as either an L or LL primitive.

4. The tracing of the complimentary characters takes place after the termination of

subword tracing. The complimentary characters, if they exust in the subword, can
exist in any one of the following cases:
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One. One dot above the subword baseline.
Two.  One dot below the subword baseline.
Three. One dot within the subword baseline.
Four. Two dots above the subword baseline.
Five. Two dots below the subword baseline.
Six. Three dots above the subword baseline.

Seven. Zig-zag shape above the subword baseline.
Eight. Zig-zag shape within the subword baseline.

121

Nine.  Vertical bar on some of the characters, in the case that the bar is separated
from the main body of the character.

The image of the complimentary character can be identified as an image which fits
into a small window. The size of the window is a parameter of the font point size. In
the experiments performed, the window used was 45 pixels in perimeter. Certain
features of the image within the window such as the length, width and density of the
image, can be used to identify the type of complimentary character.

44454444434
55454444435444 434343
L 44 2111001001
54544433233 L
5455444544344 2222223222222

Fig. 6. Binary tree of the image in Figure 4(b)

The binary tree of the image of Figure 4(b) is depicted in Figure 6 above. After the
construction of the binary tree takes place according to the above rules, the smoothing
of the tree is performed. The smoothing of the binary tree is designed to:
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(a). Minimize the number of the node in the tree.
(b). Minimize the Freeman code string in the INFO field of the nodes, and
(¢). Eliminate or minimize any noise in the thinned image.

The smoothing phase of the binary tree can be summarized as follows:

(a). Eliminated the empty nodes: All the nodes which have an empty INFO field are
eliminated. The only exception is the root node which can retain an empty INFO field.
An empty INFO field is defined as the field with the null string or one Freeman code
character.

(b): Smooth the Freeman Code: In this study, we use simple but effective
smoothing algorithm, illustrated in Figure 7 for direction 0 only. The patterns and
codes are rotated for other directions. Any pattern in the first column is replaced by
the pattern in the second column. Thus, the string 070010 is replaced by 000000.

Pattern Replaced by
0 0 0* 0 0
o 0 0 0* 0 0

Fig. 7. Smoothing algorithm.

(c). Compact the string in the INFO field: Note that the string of Freeman code can be
compacted by replacing it by a shorter string without any lose in information. The
shorter form is the Freeman code character and its length. Therefore, if the INFO field
in a node contains the following string:

2222 4444444444 6666666
it will be replaced by

24 419 67

The length of the Freeman code can be used later in the recognition process to
remove any ambiguities if necessary.

The smoothed binary tree of the image in Figure 4 (b) is depicted in Figure 8.
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642 L

64

Fig. 8. The smoothed binary tree of the image in Figure 4 (b).

5. Segmentation of the Subword

Segmentation is defined as the process of dividing a subword into characters. This
phase is a necessary and crucial step in recognizing printed Arabic text. To segment
an Arabic subword into characters, the fundamental property of connectivity is
decomposed. Segmentation techniques can be classified

There are two major problems with the traditional segmentation method which
depends on the baseline:

1) Overlapping of adjacent Arabic characters occurs naturally, see Fig. 9 (a).
Hence, no baseline exists. This phenomenon is common in both typed and handwritten
Arabic text.

(i1) The connection between two characters is often short. Therefore, placing the
segmentation points is a difficult task. In many cases, the potential segmentation
points will be placed within a character rather than between characters.

The word in Fig. 9 (a) was segmented utilizing a baseline technique. Figure 9 (b)
shows the proper segmentation and the result of the new segmentation method is
shown in Fig. 9 (c).
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Fig. 9. Example of an Arabic word ® ¢ ¢ e and different techniques of the segmentation.

The basic idea in the segmentation process, in this case, can be summarized in the
following points:

Neun. The binary tree can be traversed in an order such that first node in the
traversal process contains the beginning of the first character. However, this node
is not necessarily the root node.

ii. A character description is then spread in one or more of the tree node INFO field.
Nevertheless, these nodes are placed such that their traversal is undertaken one
after the other depending on the shape of the character. Hence, the node which
processes the beginning of a character is traversed first while the node which has
the end of the character is traversed last.

iii. Some of the characters which are non-connectable from left may be contained in
one node, in addition to the end of the proceeding character. In such a case, the
node must be the last node traversed in the subword.

iv. A binary tree with one node indicates that the subword corresponding to that tree
contains one or two characters.

During the traversal process, the subword is segmented into characters. The
segmentation process can be viewed as the way to identified the beginning of the next
character or realize the end of the current character. Whenever the start of a character
is identified, the character ”@” is concatenated to the string in the INFO field of the
node. In a similar manner the character “*” is concatenated to the string in the INFO
field of the node that contains the end of a character.

The process produces several subtrees each containing the Freeman code
description of a character in the subword. Figure 11 depicts the tree corresponding to
the subword shown in Figure 5(b). the word contains four characters. The four
characters of the sunword are describes as:
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1* character : in the nodes 1, 2.
2" character: in the nodes 3,4,5,6.
3" character: in the nodes 7, 8.

4™ character: in the nodes 9, 10.

64* 4

L@ 4@ 20%

642 L@

64%* 2@

Fig. 10. Segmentation of the Binary tree shown in Figure 9.

6. Conclusion

This paper presents a new algorithm to segment Arabic word into characters. The
algorithm can be applied to any font and it permits the overlay of characters. The
algorithm was tested by many different fonts and size for the Arabic alphabet which
ranged from excellent print to poor quality and the results was satisfactory.

The thinning of the binary image was used in order to produce a correct
representation of the structure of the image by tracing the skeleton. However, due to
the erosion experienced in the image, some of the characters were not segmented
properly.

This is still an open research area and this is because of the segmentation problem,
which is in fact similar to the segmentation of cursive script in many languages, and
because of the complexity of Arabic characters.
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Abstract

In this paper we introduce a constrained Level Building
Algorithm (LBA) in order to reduce the search space of a
Large Vocabulary Handwritten Word Recognition (LVHWR)
system. A time and a length constraint are introduced to limit
the number of frames and the number of levels of the LBA
respectively. A regression model that fits the response
variables, namely, accuracy and speed, to a nonillinear
function of the constraints is proposed and a statistical
experimental design technique is employed to analyse the
effects of the two constraints on the responses. Experimental
results prove that the inclusion of these constraints improve
the recognition speed of the LVHWR system without
changing the recognition rate significantly.

1 Introduction

In spite of recent advances in the field of handwriting recognition, few early studies
have addressed the problem of large vocabulary offfiline handwritten word
recognition [1] [2] [3]. The most frequent simplification has been a prefiselection of
possible candidate words before the recognition based on other sources of
knowledge [4]. The majority of works have focused on improving the accuracy of
small vocabulary systems while the speed is not taken into account.

In HMMibased systems, to handle the huge search space and keep search effort as
small as possible, generally beam search is used together with the Viterbi algorithm.
Beam search finds locally, i.e. at the current frame, best state hypothesis and discard

S. Singh, N. Murshed, and W. Kropatsch (Eds.): ICAPR 2001, LNCS 2013, pp. 127-I3§, 2001.
© Springer-Verlag Berlin Heidelberg 2001
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all other state hypotheses that are less probable than the locally best hypothesis by a
fixed threshold [5]. The conventional LBA does not incorporate any kind of time or
length constraint. Rabiner and Levinson [7] introduced global duration constraints
built into the algorithm to limit the duration of the models.

In this work, we introduce two constraints to the LBA, one to limit the number of
frames at each level and another to limit the number of levels of the LBA.
Furthermore, we characterize the performance of the system by two responses,
recognition rate (RR) and recognition speed (RS), and we assume that these
responses are governed by the two constraints. A statistical experimental design
technique [8] is employed to better characterize the behaviour of the LVHWR
system as well as to optimise its performance as a function of these two constraints.

This paper is organized as follows. Section 2 gives an overview of the LVHWR
system. Section 3 introduces the two constraints to the LBA. Section 4 describes the
experimental plan, the statistical analysis of the experimental data and the results of
the verification experiment over another database. Finally, some conclusions are
drawn in the last section.

2 The LVHWR System

This section presents a brief overview of the structure and the main components of
the LVHWR system. The system is composed of several modules: prefiprocessing,
segmentation, feature extraction, training and recognition. The prefiprocessing
normalizes the word images in terms of slant and size. After, the images are
segmented into graphemes and the sequence of segments is transformed into a
sequence of symbols (or features). There is a set of 69 models among characters,
digits and special characters that are modelled by a 10fistatenarciibased HMM [4].
Training of the HMMs is done by using the Maximum Likelihood criterion and
through the BaumiiWelch algorithm. Recognition is based on a syntaxiidirected level
building algorithm (SDLBA) using a treefistructured lexicon generated from a
36,100fiword vocabulary.

The lexicon is organized as a character tree (Fig. 1). If the spelling of two or more
words contains the same 7 initial characters, they share a single sequence of n
character HMMs representing that initial portion of their spelling. The recognition
engine works in such a way that for a certain lexicon size (from 10 to 30,000) made
up of words randomly chosen from the global vocabulary, the corresponding word
HMMs are made up by the concatenation of character HMMs. All words are
matched against the sequence of observations extracted from the word image and the
probability that such word HMMs have generated that sequence of observations are
computed. The word candidate is that one that provides the highest likelihood.

A crucial problem of such a system is the recognition speed. Since we do not know
a priori the case of the characters we need to test both uppercase and lowercase
characters at each level of the LBA and that increase the size of the search space. For
digits and symbols, only a single model is tested at each level of the LBA. This
approach provides good recognition rates but at the cost of low speed for lexicons
that contain more than 1,000 entries. Therefore, our goal is to find a best
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compromise between the recognition rate and the recognition speed when
considering large vocabularies.

Level Level Level Level Level I Level
4 L-1

ABBECOURT
ONOONN:-
ABERGMENT
‘ ABERTVILLE
e ABILLY
ABIMES
. ABLIS

Figure 1: Treefistructured lexicon

2.1 Level Building Algorithm (LBA)

The LBA has been used for a long time in speech recognition [7], and more recently
on handwriting recognition. Given a set of individual character models ¢ = {co, ¢,
¢, O, ¢k} where K denotes the number of models and a sequence of observations
O = {0y, 0y, ..., or; }, where T denotes the length of the sequence, recognition means
decoding O into the sequence of models. Namely, it is to match the observation
sequence to a state sequence of models with maximum joint likelihood. The LBA
jointly optimises the segmentation of the sequence into subsequences produced by
different models, and the matching of the subsequences to particular models.

In the LVHWR system, we have adapted the LBA to take into account some
particular characteristics of our character model since it is modelled by a 10iistateil
leftiirightiarciibased HMM, and also to take into account some contextual
information. Since the lexical tree guides the recognition process, the LBA
incorporates some constraints to handle the language syntax provided by the lexical
tree as well as the contextual information related to the character class transition
probabilities. Different from an open vocabulary problem where all character HMMs
are permitted in all levels of the LBA, here the character HMMs that will be tested in
each level depend on the sequence of nodes of the lexical tree. Furthermore, since
only two character models compete in each level of the LBA, one corresponding to
the uppercase and other corresponding to the lowercase character, it will be only
necessary to compute the likelihood of two character HMMs at each level of the
LBA. For digits and special characters, only one model is computed by level.
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3 Incorporating Time and Length Constraints to the
LBA

The SDLBA presented by Koerich et al. [3] is constrained only by the HMM
topology and the lexical tree. The SDLBA implies the testing of the whole sequence
of observations at each level. Due to the fact that our HMMs do not include selfi
transitions, we know that such a model can emit a limited number of observations. In
other words, we have a priori knowledge of the model duration since it is implicitly
modelled by the HMM topology [9]. Furthermore, it seems to be wasteful to align
the whole observation sequence at all levels of the LBA, since it is expected that in
average four observations be emitted at each level of the LBA. Therefore, limiting
the number of observations at each level could reduce the size of the search space.

If we take into account again the topology of our HMM, it is easy to verify that
short observation sequences are more likely to be generated by short words.
Therefore, it seems useless to align the observation sequences with nodes of high
levels if the sequence is short. Nevertheless, we know in advance the length of the
sequence of features and considering that each character model can emit 0, 2, 4 or 6
observations, we can estimate from the length of the sequence of features the length
of the words that could have generated such a sequence and use such information to
limit the search to words with appropriate lengths. Therefore, it is expected that the
performance of the system will be improved by constraining the LBA both in time
and in length without changing the accuracy significantly.

3.1 Time Constraint

The time constraint concerns the limitation of the number of frames aligned at each
level of LBA. We introduce two variables: FL;r(1) and FLg7(I). The first one denotes
the index of the first frame while the second one denotes the index of the last
observation frame that will be aligned at each level of the LBA. Both variables are
functions of the level (/). Figure 2 shows how these two constraints are incorporated
to the LBA.

To incorporate these two constraints into the LBA, the equations of the LBA are
not modified, but just the range of the variable ¢ that denotes the frame index. The
variable ¢, that originally ranges from 0 to 7fl, now, its range will be given by
equation (1).

t=FL;(),FLy(D)+1LFLp(I)+2,...;FLpp (1) D

where FL;7(1) and FLg7(1) must be integers and they are given by equations (2) and
(3) respectively. The lower and upper limits for FL;(l) and FLgy(l) are 0 to Tl
respectively.

0 if/=0
FL(0) = { i @

1-FL, if1>0
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FLyp (1) = 6.(1+ FL;.) (3)

where FL; and FL are the two control factors to be determined.

Level
1= WLy, (D
.A
FL() FL.(]) .
L -
Level
=1
FLy () FLyof)
Level
1=0

t= 012... FLy, (1) A &

Figure 2: LBA incorporating time and length constraints

3.2 Length Constraint

As we have discussed in the first paragraphs of section 3, the length constraint
concerns the limitation of the number of levels of the LBA. We introduce the
variable WL,;,x(T) which denotes the maximum number of levels of the LBA for a
given observation sequence with length 7. To incorporate this constraint to the LBA,
the equations of the LBA are preserved, but the range of the variable / that denotes
the level index, is modified slightly. Now, instead of ranging from levels 0 to Liil,
the range will be given by equation (4).

1=0,1,2,.. WLy, (T) (4)

where WLyx(T) is an integer given by equation (5) and its lower and upper limits
are given by the shortest and the longest word in the lexicon respectively.

WLy (T) = % (5)

where WL is the control factor to be determined.
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4 Factorial Analysis

Here we introduce a formal method to determine the values of the control factors
(FL;, FLr, and WL) based on a statistical experimental design technique that
optimises the performance of the LVHWR system. In order to simplify our analysis,
we take into account only two control factors, FL; and WL. The value of the other
control factor, FLp, is fixed equal to 1.

First, we derive two regression models where the independent variables are FL,,
and WL, and the dependent variables are the responses of the system: recognition
rate (RR) and recognition speed (RS). Afterwards, a complete factorial plan is
employed to gain information on the control factors and to determine the coefficients
of the regression models. Based on these regression models, the optimal values of
the control factors that jointly optimise both RR and RS can be determined.

4.1 Multiple Regression Model

We need to establish a multiple regression model before carrying out any
experiment. We assume that the responses RR and RS are approximated by the mean
(M), the two control factors ( FL; and WL ), the square of the control factors ( FL;
and WL’ ), and the interaction between them ( FL,. WL ). We assume that equation (6)
gives the regression model for the recognition rate (RR) while equation (7) gives the
regression model for the recognition speed (RS).

RR = M g + a,FL, + a,WL + a;FL; + a,WL* + asFL, WL 6)
RS = M pg + b FL; +b,WL +byFL; + b,WI? + bsFL, WL (7

By analysing RS and RR for different values of WL and FL,, it is possible to

determine the means Mxz and Mzg and estimate the coefficients a;, O , as and b;, O ,
bs for the control factors and the interactions.

4.2 Experimental Design

Since we have only two control factors, we can use a complete factorial plan,
assigning three levels to each factor to capture the linear and the quadratic effects of
both constraints over the responses. For this plan we have only 9 treatment
combinations and 8 degrees of freedom (dfis) to estimate the effects in the process
we are investigating. However, to accommodate the nonillinear effects and the
interactions, we replicate the experiments by using a different random lexicon.
Therefore, we will have 18 treatment combinations from which we lose 1 df due to
finding the mean of the data and other 17 dfis to estimate the effects.

Eighteen experimental runs were conducted, corresponding to the 18 combinations
of the two control factors (9 for each random lexicon) and both RR and RS were
measured. In these experiments, we have used a validation set that has been taken
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from the Service de Recherche Technique de la Poste (SRTP) database. The SRTP
database is composed of digitised images of French postal envelopes. The
information written on the envelopes is labelled and segmented. This dataset is
composed of 3,475 images of French city names. The experiments were carried out
for lexicons with 10, 100, 1,000, 5,000, 10,000, 20,000 and 30,000 entries.

4.3 Analysis of Results

In order to perform a multifactor analysis of variance for RR and RS, we have
constructed various tests and graphs to determine which factors have a statistically
significant effect on both responses for different lexicon sizes. Figure 3 shows an
example of the effects of the linear and quadratic terms of both WL and FL; in both
responses for a 100fientry lexicon. The control factor WL has the most pronounced
effect on RR. The effect of this control factor is approximately quadratic. The other
control factor has less effect and it seems to be approximately linear. On the other
hand, the control factor WL has the most pronounced effect on RS, but the effect due
to the control factor FL; is also pronounced. The effect of both factors is
approximately quadratic.

For each lexicon size, the sum of squares, the mean of squares, and the Fischer
coefficients were computed. All Fischer coefficients were based on the mean square
error. For the different lexicon sizes, both WL and FL; have a statistically significant
effect on RR. For the control factor FL;, the quadratic effect can be neglected. On the
other hand, both the linear and the quadratic effects of the factor WL are significant.
These results confirm what we have seen in Figure 3. Both constraints have a
statistically significant effect on RS and the linear and quadratic effects of both
constraints are significant. The effects of the interaction of the two control factors are
not significant and they can be neglected. The same behaviour was observed for the
different lexicon sizes.

Figure 3: Main effects of the control factors on RR and RS for a 100fientry lexicon

The coefficients of the regression models can be determined by using a leasti
square procedure [11]. For each lexicon size, we will have different multiple
regression equations that have been fitted to the experimental data.
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4.4 Optimisation of Parameters

Optimisation involves estimating the relationship between RR and RS, and the two
control factors. Once the form of this relationship is known approximately, the
constraints may be adjusted to jointly optimise the system performance.

In our system an optimal response means maximizing both RR and RS. Therefore,
we need to determine the combination of experimental factors that simultaneously
optimise both response variables. We do so by maximizing equations (6) and (7) for
each lexicon size. The combination of control factor levels that achieves the overall
optimum responses for each lexicon size is given in Figure 4.

1 -04

0.9 1
0.8 1
0.7 4
0.6 1
0.5 1 -0.5

FLI

WL

0.4 A
0.3 1
0.2 A

0.1

0 + + + + + + -0.6
10 100 1000 5000 10000 20000 30000

Lexicon Size

‘ — = Optimal WL —s— Optimal FLI

Figure 4: Optimal control factor values for each lexicon size

4.5 Experimental Results

In order to demonstrate the applicability of these constraints in the reduction of the
search space and to verify the effects of the control factors in the responses of the
LVHWR system, we have run a confirmation experiment. We have used a different
dataset. This testing dataset contains 4,674 samples of city name images also taken
from the SRTP database. Figure 5 shows the results obtained by the standard LBA
(STD) and the constrained LBA (7LC). By comparing the results for recognition
speed we can verify that by using the two constraints and setting them up to the
optimal values given by the statistical experimental design technique, we improved
the recognition speed significantly while keeping almost the same recognition rate.

It should be notice that, in spite of the values of the control factors are dependent
on the lexicon size the improvement in speed is almost independent. Table 1 shows
the approximate individual contribution of the constraints in speeding up the system.
The number of character is related to WL while the number of frames is related to
FL,but it is also dependent on the WL.



A Time-Length Constrained Level Building Algorithm 135

5 Discussion and Conclusion

In this study, we have presented a constrained LBA where two control factors were
chosen and analysed through a complete factorial plan. The effects of these two
factors in the outputs of a LVHWR system were investigated. We have seen that
limiting the number of observations according to the level of the LBA as well as
limiting the number of levels of the LBA by taking into account the length of the
observation sequences lead to an improvement of 24.4130.3% in the recognition
speed with a slight reduction of 0.28110.77% in the recognition rate for lexicons with
10n30,000 entries respectively. If we compare with the results of a previous version
of the system based on a Viterbififlatillexicon scheme [3] [4], the improvement in
speed is more expressive (627111,010%) with a reasonable reduction in the
recognition rate (0.45n11.8%). Furthermore, the experimental design technique used
for adjusting the values of the control factors provides us a robust framework where
the responses of the system are nonflinear functions of the control factors. Our
future work will focus on the pruning the number of characters by using a beam
search technique.

100 — 40
138
136
134
90 t

132
130
128

Recognition Rate (%)

80 +
T 26

Improvement in Speed (%)

+24

T 22

70 + + + + + + 20
10 100 1,000 5,000 10,000 20,000 30,000

Lexicon Size

---u---TOP1STD ---e---TOP5STD ---+---TOP1 STD TOP1TLC
TOP5TLC —=——TOP10 TLC Speed

Figure 5: RR and RS for the standard LBA (S7D) and the constrained LBA (7LC)

Table 1: Reduction in the number of frames and characters

Lexicon Characters Frames Speed
Size (%) (%) (%)
10 0 29.41 24.38
100 0.632 31.58 26.90
1,000 2.542 33.47 27.77
5,000 2.568 35.06 29.25
10,000 2.855 35.90 29.79
20,000 4.357 36.88 30.63

30,000 3.879 37.46 30.28
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Preventing Overfitting in Learning Text
Patterns for Document Categorization

Markus Junker and Andreas Dengel
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D-67608 Kaiserslautern, Germany

Abstract. There is an increasing interest in categorizing texts using learning al-
gorithms. While the majority of approaches rely on learning linear classifiers, there
is also some interest in describing document categories by text patterns. We intro-
duce a model for learning patterns for text categorization (the LPT-model) that
does not rely on an attribute-value representation of documents but represents doc-
uments essentially “as they are”. Based on the LPT-model, we focus on learning
patterns within a relatively simple pattern language. We compare different search
heuristics and pruning methods known from various symbolic rule learners on a
set of representative text categorization problems. The best results were obtained
using the m-estimate as search heuristics combined with the likelihood-ratio-statics
for pruning. Even better results can be obtained, when replacing the likelihood-
ratio-statics by a new measure for pruning; this we call [-measure. In contrast to
conventional measures for pruning, the /[-measure takes into account properties of
the search space.

Key Words: Text Categorization, Rule Learning, Overfitting, Pruning, Applica-
tion

1 Introduction

Assigning text documents to content specific categories is an important task
in document analysis. In office automation, systems for document catego-
rization are used to categorize documents into categories such as invoices,
confirmation of order [4]. These assignments can be used to distribute mail
in the house, but they are also used for triggering document-specific infor-
mation extraction tools, extracting, e.g, the total amount from an invoice.
Automatic categorization systems rely on hand-crafted categorization rules of
the form “if text pattern p. occurs in document d then document d belongs
to category ¢”. Typical pattern languages rely on the boolean combination of
tests on word occurrences. Within this language, the pattern (or (and gold
jewelry) (and silver jewelry)) can be used to find documents which deal with
gold or silver jewelry. More elaborated pattern constructs generally also allow
tests on word sequences and word properties. The most prominent example
for a rule-based automatic categorization system is TCS [6].

Since hand-crafting categorization rules is labor intensive, there is interest
in automatic document categorization based on example documents. The
majority of these algorithms rely on linear classifiers [12]. Until now, only a

S. Singh, N. Murshed, and W. Kropatsch (Eds.): ICAPR 2001, LNCS 2013, pp. 137—@, 2001.
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few rule learners have been applied to text categorization [1,3]. Nevertheless,
rule learners offer some practical advantages:

e they produce very compact classifiers,

e the classifiers are easy to understand and to modify by humans (if, e.g.,
manual fine tuning is needed), and

e the classifiers are portable in the sense that the classifier can be used to
query nearly any IR search engine.

In the remainder of the paper we first introduce our model for learning
patterns for text categorization (Section 2). Based on a set of text cate-
gorization problems (described in Section 3) we then investigate different
search heuristics to avoid overfitted pattern (Section 4), standard pruning
techniques (Section 5), and a new pruning method relying on a measure we
call [-measure (Section 6). A summary is is given in Section 7.

2- The LPT-Mo del

A text categorization problem in our sense is characterized as follows: Given

e an (in general infinite) set D, the text domain,

e a category KL C D, the target category

e positives B® and negatives examples B for K C D , i.e. B® C K and
B® CD\K

e a representation language T pr for documents and a transformation
trpr : D — Trpr

e a pattern language P with an associated function m : P x Tppr — {0,1}

We search for an algorithm that computes a pattern px € P from B® and
B which approximates

m(px,trpr(9)) = {é g E g\/C , the match function.

In our model, real world documents (usually given as character sequences)
are transformed via the transformation function ¢, pr into the LPT document
representation language. Within this language a document d is represented
as a word sequence (w ... wy,) while a word w; is represented as a character
sequence. It is important to note that the transformation preserves almost
all information in the original document. This allows us to, e.g. define pattern
language constructs that rely on word sequences or complex word properties.

We did not commit to a specific pattern language P but only give a
general frame for simplifying the construction of pattern languages. Here, we
only introduce one very simple instance of possible pattern languages. This
instance relies on a set of so-called word tests with w € P iff w is a word.
The semantics of word tests is given by

1:Jw=w;
m(w, (wy,...,w,)) = {0  olse
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Based on word tests we define the simple pattern language used in the fol-
lowing by k1 Vka V.-V Ek, with k; = w; 1 A -+ A w;p, and w; jword test
The LPT-document representation also allows much more complex pattern
languages which rely on word orderings and word properties [7].

Learning Algorithm The search for patterns is done using a separate-and-
conquer algorithm as used in the well-known rule learner CN2 [2]. To simplify
the representation we use @ (respectively ©) as a unary operator that returns
the set of all positives (respectively negatives) example documents for a given
example document set. The inputs of the algorithm are example documents
B for the target category, a search heuristics sh and a pruning method sig
(figure 1). It first initializes the document set R by B and the pattern p by
false. Using the function s the algorithm then chooses the “best” conjunction
of words c¢pest for describing a subset of the positives examples in R. All
documents of R covered by cpest are then removed from R and the algorithm
iterates until the best conjunction of words results in true. The disjunction
of all conjunctions given by s is the pattern p which is returned as learning
result.

Input: Example documents B for target category
Output: “best” pattern p for target category
R «— B, p + false
repeat
S = (B, R, {true}) U {true}
Chest +— “best” conjunction in R
R +— R\ {d € R® | m(cbess,d) = 1}
p<—Pp V' Cpest
until (cpest = true)

Fig. 1. Algorithm for finding the best pattern

Finding the best conjunction cpest is done using the algorithm shown
in figure 2. The algorithm starts with the empty conjunction as the best
conjunction cpest. Within a loop this conjunction is refined by word tests.
From those refinements that are significant with respect to sig, the best one
according to the search heuristics sh is taken as the new best conjunction.
The loop ends if no better significant refinement than the current cpest can
be found anymore.

3- Methods and Material

For the experimental evaluation we rely on four text collections with posi-
tive and negative examples for 98 different categories: a collection of German
technical abstracts with categories such as “computer science and modeling”
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Input: Example documents R, search heuristic sh, significance criterion sig
Output: “best” conjunction g,ee in R for target category
Chest < true, ¢ < Chest
repeat
S = {epest A w | w word occurring inR}
Spruned = {¢ € S | sig(B, R, chest, ) }
¢+ ¢ € Spruned With best value of sh(R, )
until cyest = ¢

Fig. 2. Algorithm for finding the best conjunction

and “classification, document analysis and recognition”, a collection of of-
fice documents which consists of OCR’ed German business letters and with
categories such as “invoice” and “offer” and two freely available English col-
lections: the Reuters-collection! and a collection of newsgroups articles 2. For
the evaluation we split each collection 1:1 in a learning and a test set.

For the evaluation of learned patterns on the test set, we use the effec-
tiveness measures recall and precision which are widespread in information
retrieval [9]. Recall and precision correspond to the characteristic require-
ments on patterns: They should cover a category as completely as possible
(measured by the recall) and they should cover it as correctly as possible
(measured by the precision). For each learned pattern p = ky V- - -Vk, arange
of recall/precision values corresponding to p; = ki V ---Vk; fori =0...n
was computed. Averaging over the categories was done at predefined recall
points by averaging the approximated precision for all patterns at these re-
call points. The resulting range of recall/precision points will be graphically
shown in recall/precision diagrams. The little arrows in the diagrams shown
later indicate the minimum increase in recall or effectiveness needed at cer-
tain recall /precision points for significance according to the p-Test as used in
[12] (error probability 5%).

4- Search Heuristics

In literature in different rule learners various search heuristics for complexes
are used [5] of which some of the most prominent ones are (we use the ab-
breviations p = |m(k, R®)|, n = |m(k,R®)|, P = |R®|, and N = |R®|):

Precision (7£), Information Content (—log(;A)), Entropy (—log(#))7
Laplace Estimate (nz;iz ), Accuracy (%)7 and m-FEstimate (p;;nn— Enj )

Figure 3 compares the effectiveness we obtained on our text categorization
problems with the search heuristics. To alleviate problems arising with small
coverages when using precision, information content and entropy the order

! available via http://www.research.att.com/~lewis
2 available- via- http://www.cs.cmu.edu/afs/cs/project/theo-11/wuw/
naive-bayes.html
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given by these function were refined as follows: If two complexes obtain
the same weight, the one which covered more documents was preferred (i.e.
the one with p + n maximal). In addition, for the entropy, complexes with
HLn < % were excluded. For the m-estimate we evaluated the parameters
m € {0.01,1,10,20,50,100}.

Fig. 3. Influence of the search heuristics on the effectiveness

It can be observed that the effectiveness of precision/information content
and entropy do not differ much.This can be explained by the equivalence of
precision/informations content and entropy for HLn > % Compared to preci-
sion/information content and entropy the Laplace estimate performs better.
This can be explained by the weighting of complexes with small coverages
close to % The rather pessimistic estimate gives, e.g., a better weight to a
complex with p = 100 and n = 1 than for a complex with p = 2 and n = 0.
The accuracy shows a lower precision on a lower recall, but obtains a higher
precision at higher recalls than the other search heuristics. In general by go-
ing from precision/information content and entropy to the Laplace-estimate
and from the Laplace-Estimate to the accuracy a high precision at low recalls
is replaced by a high precision at higher recalls. The same also holds for the
m~estimate with increasing m. Choosing the right value for m for each recall,
a precision can be obtained that is better than the one of all other search
heuristics on this recall.

5- Pruning Methods

Table 1 shows the pruning methods we have evaluated on our text catego-
rization problems. The method syntactic constraints restricts conjunctions
to a maximal number of arguments 7,.x. The intention for this method
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g

Fig. 4. Influence of pruning methods on the effectiveness: syntactic constrainis
(upper left), minimum coverages (upper right), Irs (BEXA) (lower left), I-measure
(lower right)

6- A New Pruning Method

In this section we propose a new pruning method that does —in contrast to
the methods listed in table 1— takes the size of the search space into account.
In order to motivate the new significance measure, table 2 shows a part of
the learning process for the category invoice in the German office document
collection®. The first column contains the i-th iteration in the separate-and-
conquer algorithms according to figure 1. For each iteration step the following
two columns contain the number of remaining positives (|R®|) and negatives

% The words in the table translate as follows: rechnung(s) — invoice, zahlung —
payment, angeben — specify
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documents (|R°|). The following columns show the best conjunctions built
within the algorithm to find the best conjunction (cmp. figure 2) as well as
the number of positives and negatives examples p = |m(c; ;, R?)| respectively
n = |m(c;;, R®)| they cover in R. The column sh(R,¢; ;) shows the value
of the m-estimate for ¢; ; (m = 10). Finally, the last column contains the

value [ = Hc eS| | mleR) -~ |m(ci7j7R)|H with S = {ei; 1 Aw | w e
words(R)} the local search space. According to this definition [ is the number

of refinements of ¢; ;_; that covers the same number of documents in R as
the conjunction c¢; ;.

i||R®|||R°|| j|conjunction ¢, ; p| nl|sh(R, ¢ )| 1
1| 357 513|0|true 357|513 0.41
1|rechnung 203| 54 0.78] 2
2|rechnung A rechnungs 371 1 0.87] 5
2| 320| 513|0[true 320|513 0.38
1|rechnung 166] 54 0.74] 4
2|rechnung A zahlung 57 2 0.78[ 3
3|rechnung A zahlung A angeben| 28] 2 0.80 2
10| 171 513[0[true 171[513 0.25
1|rechnung 60 54 0.50[ b5
2|rechnung A 10060 8 0 0.58] 64
19| 119| 513[0[true 119(513 0.19
11157 4 1 0.39(506

Table 2. Capture of the learning process for the category Rechnung

In order to motivate the [-measure we first consider the refinement step
from c19.9 to c1g,1. The conjunction ¢y covers 119 positives and 513 nega-
tives examples. The probability of an example being a positive one can thus
be estimated with —42— = 0.19. This probability can be interpreted as the

T10+513
a-priori probability for covering a positive example by a refinement of cyg 0.

The value of the m-estimate for cig ¢ is %’S”i ~ 0.39. Each refine-
ment of ¢ig,0 that covers exactly 5 documents (as does c¢qg,1) has a weighting
at least as good as 0.39 iff the refinement covers at least as many positives
examples as cig 1: 4. The probability for covering randomly at least 4 positive
examples can be computed using the a-priori probability estimated by cig9
with (5)0.19%(1 —0.19)" + (£)0.195(1 — 0.19)° & 0.0055 The low value indi-
cates that the observed good coverage of cig,; has not occurred by chance.
Thus, we would not prune cqg 1.
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If we take into account how many refinements of cig o exist that also
cover exactly 5 documents, the result changes. This number is given as [ in
table 2 with 506. If we assume that the coverage of all 506 words that cover
exactly 5 documents is random, the probability of covering 4 or more positive
examples by chance (and thus the probability of getting a better weight than
0.39) increases drastically. It can be approximated by Zfigl (529)0.0055i(1 -
0.0063)(5%9-4) — 1 — (1 — 0.0055)%" ~ 0.94. In this way, the consideration
of the value [ computed by the local search space would suggest we should
prune kig 1.

Without going into the details of the general derivation, the idea given
by the above example can be used to formulate a new significance measure
as follows. Using

pn tn 4 4
R M (M TR
i=p ¢
and

[ — Hc/ €S ||m(d,R)| = Im(C7R)|}

?

the new pruning method can be formulated as

1:sigm(B, R, ¢pre, S, ¢) > ¢

sig(B, R, ¢pre, S, k) = {O  else =7 with

ces mc/,R =|m(e,R
Sigm(BaRanre,S,C):1—(1—Bin(p+n,w,p)){ es| me wi=pn >‘H

The results of the new pruning method using the [-measure are shown in
the lower right corner of figure 4 for ¥ € {0.25,0.5,0.75,0.9}. It can observed
that with increasing 9 the precision for higher recall values can be increased
without harming the precision at lower recall as much as the likelihood-ratio-
statistics does. Thus, the new pruning method — taking account of the local
search space— outperforms the previously investigated pruning methods for
our text categorization problems.

7- Summary

In this paper we have shown our model for learning patterns for text catego-
rization. In contrast to the conventional models we do not use an attribute
value representation of documents but represent documents as they are, i.e. as
a sequence of words which again are represented by a sequence of words. This
enables us to introduce complex pattern languages with patterns relying on
word orders and word properties. Within the model, in this paper, we focused
on preventing from overfitting in a simple pattern language, in which pattern
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are disjunctions of conjuncted word tests. We proposed and evaluated differ-
ent methods for optimizing the effectiveness of patterns within this language.
Of all search heuristics we evaluated the best results on our set of text cate-
gorization methods was obtained with the m-estimate. In addition to search
heuristics we investigated pruning methods for text categorization. The best
pruning method we found was the likelihood-ratio-statistics. We proposed a
pruning method relying new measure we call {-measure. To our knowledge
this is the only pruning method that takes into account the size of the search
space. An experimental comparison of the new methods showed that the new
pruning method gives better effectiveness than the likelihood-ratio-statistics.
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Abstract. Categorization is an important problem in image document processing
and is often a preliminary step for solving subsequent tasks such as recognition, un-
derstanding, and information extraction. In this paper the problem is formulated in
the framework of concept learning and each category corresponds to the set of im-
age documents with similar physical structure. We propose a solution based on two
algorithmic ideas. First, we transform the image document into a structured repre-
sentation based on X-Y trees. Compared to “flat” or vector-based feature extraction
techniques, structured representations allow us to preserve important relationships
between image sub-constituents. Second, we introduce a novel probabilistic archi-
tecture that extends hidden Markov models for learning probability distributions
defined on spaces of labeled trees.

1 Introduction

Despite the explosive increase of electronic intercommunication in recent
years, a significant amount of documents is still printed on paper. Image
document processing aims at automating operations normally carried out by
individuals on printed documents, such as reading, understanding, extract-
ing useful information, and organizing documents according to given criteria.
In its general form, this task is formidable in absence of information about
the physical layout of the document. Layout classification is therefore an im-
portant preliminary step for guiding the subsequent recognition task [3]. For
example, in a commercial domain involving recognition of invoices, a classifier
can be employed to determine which company invoice form is being analyzed.
In the case of electronic libraries, classification can partition scanned pages
according to useful criteria such as presence of title, advertisement, number
of columns, etc.

In [3] documents are represented as structured patterns (allowing to
preserve relationships among the components) and then classified by special
decision trees which are able to deal with structured patterns. In [2] both the
physical and the logical structure are used to recognize documents. In this
paper we formulate layout classification as a concept learning problem. Our
approach is based on a generalization of hidden Markov models (HMMs),
which have been introduced several years ago as a tool for modeling prob-
ability distributions defined on sets of strings. The interest on probabilistic

S. Singh, N. Murshed, and W. Kropatsch (Eds.): ICAPR 2001, LNCS 2013, pp. 147—@, 2001.
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sequence modeling developed particularly in the Seventies, within the speech
recognition research community. The basic model was very simple, yet so
flexible and effective that it rapidly became extremely popular. During the
last years a large number of variants and improvements over the standard
HMM have been proposed and applied. Undoubtedly, Markovian models are
now regarded as one of the most significant state-of-the-art approaches for se-
quence learning.The recent view of the HMM as a particular case of Bayesian
networks [1,12] has helped the theoretical understanding and the ability to
conceive extensions to the standard model in a sound and formally elegant
framework.

In this paper, we propose an extension of the model for learning proba-
bility distributions defined on sets of labeled trees. We call this architecture
Hidden Tree Markov Model (HTMM). This extension was first suggested
in [5] as one of the possible architectures for connectionist learning of data
structures, but it has never been employed in a real application. In the case
of document classification, instances are obtained by an X-Y tree extraction
algorithm as a preprocessing step.

2 The X-Y trees extraction algorithm

The physical layouts of documents are represented by XY-trees, which allow
to preserve relationships among the components. Structured representations,
like X'Y-trees, are more suitable then vector-based representations to describe
complex patterns (like documents), which are composed by many sub-parts
with different semantic meanings. XY-trees are commonly used to segment
an input document [9]. Each node of an XY-tree is associated to a region
of the document. Nodes nearer the leaves are associated to smaller areas
of the document (see Fig. 1). The root of the XY-tree is associated to the
whole document. The document is then split into regions that are separated
by white horizontal spaces. Each region corresponds to a node, child of the
root node. The algorithm is applied recursively over each subregion detected
at the previous step. Horizontal and vertical white spaces are alternatively
used to further divide a region. A region is not further subdivided if: (1)
neither a horizontal or vertical white space can be found, and (2) the area
of a region is smaller of the selected resolution of the algorithm. Since each
node is associated to a region of the document, children are ordered left-to-
right for vertical cuts and top-to-bottom for horizontal cuts. If a horizontal (or
vertical) white space can not be found and then the region can not be divided,
a dummy node is inserted and the algorithm tries to split the region searching
vertical (or horizontal) white spaces. Pseudo-code is given in Algorithm 1.
A drawback of this algorithm is that it is not able to represent a docu-
ment properly if it contains lines across the formatted area. For example a
rectangular box can not be split and the information inside the box can not
be represented using traditional XY-trees. In order to deal with documents
containing lines, a modified XY-tree algorithm has been used: at each step
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Fig. 1. Extraction of a XY-tree representing a document. The final tree is shown
at the bottom of the figure

Algorithm 1 xyExtract (region, cut_direction, cut_dir_at_previous_step)
if region.area < resolution  return;
lines < FindLines(region, cut_direction);
sub_regions <— LineCut(region, lines);
if cut_direction = Horizontal  cut_direction < Vertical;
else cut_direction < Horizontal;
if sub_regions = ()
spaces «— FindSpaces(region,cut_direction);
sub_regions <— SpaceCut(region,spaces);
if sub_regions # ()
go <« 0;
foreach region € sub_regions
XY-Extract(region, cut_direction, cut_dir_at_previous_step);
else
if cut_dir_at_previous_step < 1 return;
else  XY-Extract(region, cut_direction, 1);

the region can be subdivided using either white spaces or a lines. A line has
priority over space, when both a line and a space split a region. Each node of
the XY-tree contains a real vector of features describing the region associated
to the node.

3 Hidden tree-Markov models

In this section we develop a general theoretical framework for modeling prob-
ability distributions defined over spaces of trees. An m-ary tree 7' is a recur-
sive structure that either empty, or it is comprised of an ordered sequence
T =<r,T1,T5,...,T,, > where r is a node called root and 7j is the -th
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subtree of T'. Information is associated to trees by means of labels attached
to their nodes. Each label is a tuple of features (or attributes) extracted from
the pattern being represented and will be uniquely associated to one node.
Features are modeled by discrete or continuous random variables. 1Since
different kinds of features can be extracted, it is convenient to distinguish
variables according to their type. In this way, the universe of discourse (that
comprises all the features in a given domain) can be partitioned into K equiv-
alence classes y(1>, - ,y(K) so that each class contains variables of the same
type. Parenthesized superscripts will be used to refer to a particular type.
We denote by O the set of admissible realizations for variables of type
k. The label attached to node v will be denoted as Y (v). If each label is
a k-tuple containing exactly one variable for each equivalence class we say
that the tree is uniformly labeled. In this case each label can be denoted as
Y(v) = {YD(w),...,YE)(v)} € Y, being Y = Y x ... YK Correspond-
ingly, an observed label can be denoted as y(v) = {y")(v), -,y (v)} € O
being O = O x ... x O,

Model definition

According to the previous definitions, let us consider a generic tree Y. We
are interested in the specification of a probabilistic model A that satisfies the
following desiderata:

1. The model should be generative, i.e. it should specify the probability
distribution P(Y |A) thus enabling two basic operations: sampling (i.e.
picking up a tree according to the distribution) and evaluation, i.e. given
an observed tree y computing the probability P(Y = y|A).

2. The model should be trainable, i.e. given a set of observed trees it should
be possible to estimate the “optimal” parameters of the model according
to some well assessed statistical criterion.

3. The model should be compositional in order to allow computations to
be performed efficiently. Given the recursive nature of the data, it seems
natural to seek a divide-and-conquer approach that carries out compu-
tations on the whole tree by taking advantage of partial results obtained
on subtrees.

Points 1 and 2 are rather generic and there are several generative adaptive
models in the literature for dealing with vector-based and sequential data.
However, these models cannot deal with rich recursive representations such
as trees. Point 3 is specific for model intended to exploit the hierarchical
structure of the data. Stochastic structural grammars [6] are able to sat-
isfy desiderata 1 and 3. However, no statistically sound learning methods
are available in the literature. Desiderata 2 and 3 are satisfied by a recent
class of artificial neural networks especially designed for adaptive process-
ing of directed acyclic graphs [5]. However, these networks are conceived as
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Fig. 2. Belief network representing the first-order tree-Markov property

discriminant rather than generative models: they allow to estimate the con-
ditional probability of a dependent output variable given a graph as input,
but they do not support the estimation of generative probabilities.

Composionality in a stochastic model can be achieved using probabilistic
independence. For each tree Y we can write P(Y) = P(Y(r),Y1,...,Y )
where Y (r) is the label at the root node r and Y'; are random subtrees. Ideally
we would like to combine in a simple way P(Y1),...,P(Y,,) in order to
compute P(Y'), thus enabling an efficient recursive procedure. The following
decomposition always holds true and can be trivially obtained by repeated
applications of the chain rule of probabilities:

PY)=PXY.|Y(r),Ys,...,Y ) - P(Y2|Y(r),Ys,...,Y ) -
P(Y |V (r)P(Y(r))

At this point one might introduce a rather drastic conditional independence
assumption, namely that all the subtrees of Y are mutually independent

given the label Y (r) at the root:
P(Y;|Y;,Y(r)) =P(Y;|Y(r)) Vi,j=1,...,m. (1)

If Equation (1) holds true we say that the first-order tree-Markov property
is satisfied for Y. An immediate consequence is that

P(Y) = P(Y(r)) H P(Y ;Y (r))

and from thls equatlon one can easﬂy show that
PY) = ) II PO @)Y (pale]), (2)

vGV\{r}

where V' denotes the set of nodes of Y and palv] denotes the parent of v (proof
by mathematical induction using a tree comprised by a single node as a base
step). The factorization formula (2) can be graphically depicted using either
a Markov or a Bayesian network [10], as shown in Fig. 2. Interestingly, if the
first-order tree-Markov property holds for Y, then the standard first-order
Markov property also holds for each sequence of nodes constructed by follow-
ing a path in the tree. This follows by direct inspection of Fig. 2. Although
the approach just described would introduce the desirable compositionality
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property in the model, there are at least two main disadvantages. First, the
conditional independence assumption (1) is very unrealistic in many practi-
cal cases. In facts, it implies that the label of each node v is independent
of the rest of the tree given the label attached to v’s parent. This does not
allow the model to capture correlations that might exist between any two non
adjacent nodes. Second, the parameterization of P(Y (v)|Y (pa[v])) might be
problematic if each label contains several variables. For example if each la-
bel is formed by 5 integer variables in the range [1,10], P(Y (v)|Y (pa[v]))
is a table containing 10 billions of parameters. One possibility for removing
the first limitation might consist of extending the “memory depth” of the
model, defining a higher-order tree-Markov property (in some way that ex-
tends the notion of higher-order Markov chains for sequential data). However
this would further increase the number of parameters in the model. Instead,
following the idea of hidden Markov models for sequences, we opt for the
introduction of hidden state variables in charge of “storing” and “summariz-
ing” distant information. More precisely, let X = {z1,...,z,} be a finite set
of states. We assume that each tree Y is generated by an underlying hidden
tree X, a data structure defined as follows. The skeleton of X is identical to
the skeleton of Y. Nodes of X are labeled by hidden state variables, denoted
X (v). Finally, realizations of state variables take values on X. In this way,
P(Y) =) x P(Y,X), where the sum over X indicates the marginalization
over all the hidden trees. The first-order tree-Markov property in the case of
hidden tree models is formulated as follows.

1. First, the first-order tree-Markov property (as defined above — see Equa-
tion (1)) must hold for the hidden tree:
P(X|X;,X(r)) = P(X;|X(r)) Vi, j=1,...,m. (3)
As a consequence
P(X) = ) I P @)X (palo]), (4)
UGV\{T}
2. Second, for each node v the observed label Y (v) is independent of the
rest given X (v):
P(Y ()Y, X) = P(Y ()| X(v)) (5)
From the two above conditional independence assumptions it is easy to derive
the following global factorization formula:

P(BY,X) = P(X(r))P(Y(r)|X(r))
I[[ PY@)IX©)PX (@)X (palv]) (6)
veV\{r}

that can be graphically represented by a belief networks as shown in Fig. 3.
The associated stochastic model will be called hidden tree-Markov model
(HTMM). Note that in the degenerate case of trees reducing to sequences,
HTMMSs are identical to standard HMMs.
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X(v) Y(v)

Fig. 3. Belief network for a hidden tree-Markov model. White nodes belong to the
underlying hidden tree X. Shaded nodes are observations

Parameterization and model’s properties

According to Equation (6) we see that parameters for the HTMM are P(X (r)),
a prior on the root hidden state, P(Y (v)|X (v)), the emission parameters, and
P(X(v)| X (pa[v])), the transition parameters. For simplicity, in the remain-
der of the paper we shall assume categorical labels only since the extension
to numerical variables is rather trivial.

In this initial setting parameters are permitted to vary with the particular
node being considered. In this way, however, it is very likely to obtain a
large total number of parameters, especially when dealing with large graphs.
Obviously this may quickly lead to overfitting problems when one attempts
to learn the model from data. A similar difficulty would arise with standard
HMNMs if one allowed emission and transition parameters to depend on the
time index t. Typically, HMMs parameters do not depend on ¢, a property
called stationarity [11]. In the case of trees, the notion of “time” is replaced
by the notion of “node.” Therefore, a similar parameter sharing property
can be introduced for HTMMSs. In particular, we say that an HTMM is fully
stationary if the CPTs attached to network nodes X (v) and X (w) are the
same for each pair of tree nodes v and w, and the CPTs attached to network
nodes Y (*) (v) and Y*) (w) are the same for each pair of tree nodes v and w
and foreach k=1,...,m.

Inference and learning algorithms

Since the model is a special case of Bayesian network, the two main algo-
rithms (inference and parameter estimation) can be derived as special cases
of corresponding algorithms for Bayesian networks. Inference consists of com-
puting all the conditional probabilities of hidden states, given the evidence
entered into the observation nodes (i.e. the labels of the tree). Since the net-
work is singly connected, the inference problem can be solved either by 7-A
propagation [10] or by the more general junction tree algorithm [8]. In
our experiments we implemented a specialized version of the junction tree
algorithm. Given the special structure of the HTMM network (see Fig. 3),
no moralization is required and cliques forming the junction tree are of two
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kinds: one containing X (v) and X (pa[v]), the other one containing Y (v) and
X (v). In both cases, only two variables are contained into a clique. It should
be remarked that P(Y") is simply obtained as the normalization factor in any
clique after propagation in the junction tree. Inference in HTMMs is very
efficient and runs in time proportional to the number of nodes in Y and to
the number of states in X.

Each model is trained using positive examples from the class associated
to that model. Learning can be formulated in the maximum likelihood frame-
work and the model can be trained using the Expectation-Maximization (EM)
algorithm as described in [7].

4 Dataset preparation

We have collected 889 commercial invoices, issued by 9 different companies.
The class of an invoice corresponds to the issuing company. The number of
available instances of different classes in our dataset is rather imbalanced and
varies between 46 and 191. At a first step, all the XY-trees representations of
the documents in the dataset are extracted. The minimum area of a region
associated to a node of an XY-tree is set to 1% of the total area of the
document. This means that the recursive splitting of the document, is stopped
when a further splitting would end up only with regions featuring an area
smaller then 1% of the whole image. Using this resolution yelded an average
tree size of 28 nodes. Each region of a document is represented by a vector
of six features:

1. a flag indicating whether the parent was cut using a line or a space;

2. the normalized document space coordinates of the 4 boundaries of the
region associated with the node;

3. the average grey level of the region associated with the node.

Since the HTMM model is formulated for discrete variables only, real variables
lebeling each node (the last 5 attributes described above) must be quantized.
This was accomplished by running the maximum entropy discretization al-
gorithm described in [4], obtaining 5 discrete attributes with 10 values each.
It must be remarked that this discretization algorithm collects statistics over
the available data and, therefore, it was run using the documents belonging
to the training set.

5 Implementation and results

We have used one HTMM, Ay, for each class, and each HTMM had 10 states
Z1,...,T10. At each step only a small number of transitions were allowed,
typically the model can jump only to the previous or to the next state or to
remain in the actual state, i.e. we forced P(X (v) = z;|X (pa[v]) = z;) =0 if
|¢ — 7| > 1. This helps to reduce the number of parameters to estimate. We
have used a fully stationary model (CPTs attached to network nodes are the
same for each pair of tree nodes).
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Algorithm 2 Cross-validation (number_of_groups M, dataset L)
Model <+ Create_Random_M odel
Li...Ly = Divide The_dataset(M, L)
for i«-1,---, M do
Compute the permutations of i groups over M sets with the sets L;,
Create (A:I) couples of learning and test set ((Ll, Th),..., (L(M),T(M)))
I; = Compute_Maz‘imum_Entropy_Quantization_Intervals(ZL]-) 1
for j«1,---, (A:[) do
L;" = quantize(L;, I;)
T;" = quantize(T};,I;)
TrainedModel = train(Model, L;")
testResults += (T'rainedModel, T;')
Flush_out(i, test Results)

Since the number of available documents is small, cross-validation has
been used to validate the results. We aim to demonstrate that the proposed
approach can be successful even if a small number of learning invoices is
available. The dataset was divided into M groups, N groups (N < M) form
the learning set and the remaining M — N groups compose the test one.
The maximum entropy quantization intervals were computed and the set
of HTMMs was trained on the learning set. The trained models are then
tested by classifying the documents in the test set. A document is classified
as belonging to class i if P(Y'|\;) > P(Y|A;) for j # k. These operations
are iterated with N varying between 1 and M — 1 and each time all the (})
permutations of groups are used to carry out an experiment on a new test and
training set. In Algorithm 2 we give a pseudo-code for our cross-validation
procedure. The number of single experiments which are carried out, depends
on M:

M—1 /o
NUM_EXPERIMENTS = =2M _2 7
> (%) 7
Two experiments sessions have been performed, in the first one we set M =7
while in the second one we set M = 10. The proposed technique performs well
on the classification task. Using 800 examples (about 90 examples for class)
to the train the hidden Markov models, the correct recognition percentage is
equal to 99.28%. Accuracy does not rapidly decrease when a smaller number
of examples are used to train the models. Table 1 shows that, even when
20% of the examples are used to train the hidden Markov models (80% of
examples are included in the test set), the accuracy is still equal to 95%.

6 Conclusions

In this paper we have presented a novel automatic document categorization
system in which the documents are represented by X-Y trees. The docu-
ments are classified by special Hidden Markov Models which are able to deal
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Table 1. Test set accuracy as a function of the percentage of examples, which are
included in the training set (test is performed on the remaining documents).

Cv-7 CV-10
training examples accuracy training examples accuracy
86% 99.16% 90% 99.28%
1% 98.72% 70% 97.89%
57% 98.20% 50% 97.83%
43% 97.44% 40% 97.28%
29% 95.53% 30% 96.79%
14% 88.87% 20% 94.99%

with labeled trees. Some preliminary experiments have been carried out on a
dataset of commercial invoices with very promising results. We plan to carry
out more systematic experiments on a larger dataset and to use the informa-
tion provided by the intermediate states of the HTMMSs to perform a logical
labeling of the documents.
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Abstract

This paper presents an approach to evaluate the quality of handwritten letters
based on the set of features that are used by human handwriting experts. The use
of these attributes allows very intuitive interpretation of the results and as a
consequence provides solid foundation for feedback to the end user of the system.
A combination of an artificial neural network and an expert system is used to
evaluate and grade each handwritten letter, as well as to provide feedback to the
student. The application of such a system would be in the educational field for
handwriting teaching and repair.

Keywords: digital ink, handwriting teaching

1. Introduction

It is not a secret that handwriting is one of the major activities in everybody’s life
(those that doubt this should just try to spend a day without writing anything).
However, it does not necessarily mean that everything we write is always useful,
simply because in many cases the handwritten text is often of such a poor quality
that it can not be understood either by people or computers. This has been our
motivation for creating a tool that would be able to help a person learn the proper
way of writing.

In order to automate the whole process we have decided to go with so
called “digital ink“ which is produced by any pen-based device such as WACOM
tablet and is composed of strokes that contain sequences of points as well as the
timing information. Many researchers for handwriting recognition have used
digital ink extensively; however, there has not been any noticeable activity in
terms of handwriting quality evaluation. Most of the handwriting instruction
systems are based on template matching that teach handwriting using drilling
without providing the end-user with any meaningful feedback. Taking into
consideration that we know what is supposed to be written, our task is to evaluate
that text using several criteria and let the user know how good he or she performs
in each category and what can be done for improvement.

Since a lot of research has been conducted in the area of handwriting
recognition our work relies on the achievements as far as the extraction of low-
level features is concerned, see [1] — [4]. These low-level features are used for

S. Singh, N. Murshed, and W. Kropatsch (Eds.): ICAPR 2001, LNCS 2013, pp. 157-[[63, 2001.
© Springer-Verlag Berlin Heidelberg 2001
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generating a set of high-level attributes that are drawn from the research area of
handwriting teaching and repair; see [5] for example. Given a set of high-level
attributes the decision about the quality of the handwritten text is made and
feedback is provided for the user.

The proposed approach is flexible in terms of accommodating various
languages (for instance the algorithms can be easily trained to work not only with
English but also with Spanish or Russian). Also we will show that different
approaches to teaching handwriting can also be incorporated into the system. This
will of course mean that the algorithms can be adapted to emulate handwriting
experts even though the latter may use different methods in their work.

2. From Digital Ink to Grades

The problem of handwriting quality evaluation can be stated as follows: given a
sequence of known handwritten letters grade each letter on a scale from 1 to 5 by
estimating the following 4 criteria: shape, size, slant and position. It is necessary to
note that these criteria can be changed depending on our handwriting instruction
approach. In order to solve this problem we utilize the following approach
consisting of 4 stages: data acquisition, feature extraction, attribute evaluation and
feedback generation. The whole process is depicted in Figure 1. Enrollment
Process and Letter Database are used during the training stage of the system.

Feedback
USEFE. ol
b
Data Expert
Acquisition System
Digital High-level
Ink attibutes
v
Feature Low-level . Attribute
Extaction features Evaluation
F 3
|
|
|
b !
Low-Lewvel
Emmollment | _ Featues & » Letter
Process high-level Database
attributes

Figure 1
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2.1 Data acquisition

Since we know the sequence of letters that the user is writing, data acquisition has
to deal only with formation of separate letters from strokes of the input device, i.e.
tablet. Each letter consists of one or more strokes that are composed of a sequence
of points with timing information. After a “digital letter” is acquired and matched
with the expected letter, it is sent to the feature extraction block. As of today we
have a choice of hardware devices that could be used as the data acquisition tool:
from a classical tablet to PDA to touch-screen monitors. Touch-screen tablets are
still very expensive even though they provide the best user experience. Personal
Digital Assistants (PDA) are very common and cheap, however, they are so small
that the user does not get the same feeling compared to writing on ordinary paper.
That left us with the choice of a tablet that allows the use of a pen with ordinary
ink. Also, even though the user is stuck with the computer when using the tablet, it
has the advantage of providing an instantaneous feedback.

2.2 Feature Extraction

The feature extraction algorithms that we used are based on the results described in
[2] and [3]. For each letter a set of features is extracted that includes a subset of
slants, min, max and average zero-crossings, and width profiles for 4 zones of the
letter as well as number of rows and columns, their ratio, area and the distance
between the expected and actual starting points of the letter. Since we want to
evaluate the handwriting using the same criteria as the real teacher would use, the
following high-level attributes are utilized: shape, slant, size and (super)position of
the letter. The low-level features serve as input to the neural network during both
training and testing phases. High level attributes are the output of the neural net
that is sent as input to the expert system that grades each letter and provides the
feedback to the user. While size and (super)position are easily quantifiable using
the number of rows, columns, area of the letter and the distance from the starting
point, shape and slant require somewhat more complex data.

For shape the following low-level features are utilized:
1. Aspect ratio of height to width
2. Distributions of zero-crossings that deal with the number of times letter-
boundaries are crossed while scanning from left to right; see Figure 2.
3. Width distributions across the height of the character.
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a" 2 Zero-crossing

+ 4 zero-cro 4 zero-crossing
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i—"f_ ] 3 zero-crossing
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Figure 2

From Figure 2 one can see why the number of zero-crossings is so important when
dealing with the shape of the letter. Figure 2(a) is an example of a well-written
lower-case letter ‘a’, and the top part of the letter has 2 zero-crossings. The picture
of the same letter in Figure 2(b) shows a poorly written sample, because the
strokes on the right side of the letter form two curves instead of one. This is easily
detected by the number of zero-crossings which is 3 for this sample.

a) gool b) poor shape ¢} poor slant

Figure 3
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Another important feature is width distribution of the height of the Iletter.
Handwriting experts define several classes of letters that have similar width
distributions; for instance, letters ‘c’ and ‘o’ will belong to the same class, while
letters ‘n” and ‘i’ will belong to different classes. Figure 3 shows examples of good
and bad letters in terms of width distribution.

One very important characteristic of good handwriting as defined by Donald
Thurber [5] is the slant of the written letters. For our system we used average
slants at angles of 0, 45 and 90 degrees that were computed using chain-codes for
letters. Figure 3(c) gives an example of a bad slanted letter ‘a’. Studies show that
in case of cursive handwriting the slant angle of 25 to 28 degrees from the vertical
axis is the easiest to read, therefore these numbers were taken into consideration
when grading the training set of letters.

2.3 Attribute Evaluator

Given a vector of low-level features the job of the attribute evaluation block is to
map the low-level features into a smaller set of high-level features that we call
attributes to distinguish between the two sets. In our approach, we use an artificial
neural network to perform this task.

An artificial neural network is a weighted directed graph in which artificial
neurons serve as nodes and directed edges with the corresponding weights are used
to connect the neuron outputs to neuron inputs, see for instance [6]. There are
many properties, such as learning and generalization ability, adaptability, and fault
tolerance that made a neural network a very attractive choice for our system.
Learning in the context of artificial neural networks means the ability to adjust the
network connections and /or the weights on each edge so that the network is able
to make a decision or solve a specific problem over and over again. In our case
supervised learning technique was used because the classes of high-level attributes
were known a priori.

We used a fully connected backpropagation artificial neural network which adjusts
the weights according to the following formula:

Aw, =16 0,

f] (net;)(t; —o;)if unit j is an output unit
0, = f;(net, )z5kwjk if unit j is a hidden unit
k

Our goal was to estimate 4 high-level attributes using 19 low-level features. After
experimenting with different models we decided in favor of having a dedicated
ANN for each high-level attribute, thus resulting in 4 separately trained neural
networks for each letter. All neural networks had the same structure. The input
layer consisted of 19 neurons, the hidden layer had 4 neurons and the output layer
had only one neuron. The 19 features of the input vector were normalized so that
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their values were in the range from 0 to +1. Similarly, the output vector elements
that were used in the training phase were scaled from their original values to the
interval of 0 to 1. Further details of using this set of neural networks and the results
we obtained are given in Section 3.

2.4 Grading Expert System

A rule-based specialized expert system was created using the knowledge and
expertise of the handwriting experts that accepts the four criteria from the attribute
evaluator and generates the feedback along with confidence levels for each letter.
Expert system can be loosely defined as a computer system that is capable of
giving an advice in some particular domain by the virtue of the fact that it
possesses the knowledge provided by a human expert. Following this definition
the following must be present in the expert system: knowledge base, which is
created by the expert through the expert interface, inference engine and user
interface. Knowledge base is a subsystem capable of accepting and storing
knowledge in the form of cause and effect information. Inference engine provides
the means of using the knowledge to provide the end user with results based on the
presented facts and questions.

The knowledge base of our expert system incorporates two major sets of rule. The
first set contains rules that allow a grading of each letter based on the 4 high-level
attributes described above. The second set includes the rules that incorporate the
knowledge of a teacher about the process of teaching handwriting. The function of
these rules in our system is to provide a feedback to the user for improving
handwriting. The rules that we used were similar to the following example:

The size and superposition are good (confidence level 9 out of 10), the slant is
satisfactory (confidence level 7 out of 10), shape is poor (confidence level 8 out of
10), and therefore you need to work on the shape of letters in class A, i.e. letters
that belong to the same cluster. Please take remedial lesson i.

As of today we only have a small number of rules. For instance, for lowercase
letter ‘a’ there are 10 rules of type one and 4 rules of type two. However, we are in
the process of building our expert system and many more rules are expected. The
major difficulty here is that of converting the knowledge of a human expert into
the rules that the computer can utilize consistently.

This module seems to have a very useful side effect for real life application of
teaching handwriting. In cases when different criteria must be used for grading
(say for first graders and second graders), instead of training a separate neural net
for each of those we can use the same net but plug-in a different expert system that
utilizes rules tailored for specific audience. Another reason for having a separate
module for attribute evaluation is its ease of customization for use with different
languages, even though the neural network has to be retrained in this case.
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3. Experimental Results

We conducted our experiments on the data that was collected using a tablet,
however, we did not use any timing information as of now. A total of 19 individual
features were computed and normalized for each letter. The sample letters were
graded by a human expert on a scale from 1 to 5 in terms of the 4 criteria
mentioned above. We used a combination of 4 neural networks described above to
train and test our grading system. The numbers below were obtained using a neural
network that was trained on a training set of 252 samples of letter ‘a’ and then
tested on a set of 48 samples. The two tables below give the numbers that show in
how many cases that grades given by the neural network agree with the grades
given by the teacher. The normalized values of the grades were 0.9, 0.7, 0.5, 0.3
and 0.1 for 5, 4, 3, 2 and 1 accordingly. We consider the system to agree with the
human expert if the difference between the expert’s and system’s grades differ no
more than 0.1. We ranked the differences for the test data and put them into Table
3.

Table 1 shows the results for the training phase.

Agreement Disagreement
% %
Shape 89.29% 10.71%
Size 84.52% 15.48%
Slant 84.52% 15.48%
Superposition 98.02% 1.98%
Table 1

Table 2 shows the test results on unseen (test) data.

Agreement Disagreement
% %
Shape 75% 25%
Size 91.7% 8.3%
Slant 86% 14%
Superposition 99.8% 0.2%
Table 2

We also experimented with a neural network that had the same number of neurons
in the input and hidden layers, and 4 neurons for each of the high-level attributes
in the output layer. The results were slightly worse but still comparable to those in
Table 2.
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Table 3 shows how much the grades given by the human expert differ from those
given by the computer for our test data set.

Rank 0 1 2 3 4
Shape 34 10 1 2 1
Size 40 6 1 1 0
Slant 39 7 1 1 0
Superposition 47 0 0 1 0

Table 3

Table 3 gives an idea about the actual performance of the system. The rank values
determine the amount of disagreement on the grade between the human expert and
the computer. Rank = 0 implies that both gave the same grade to the letter, rank =
1 means that one gave a grade of say 5 while the other gave a grade of 4 (1 point
difference) and so on. The numbers inside the table cells tell us the number of
times the human expert and the computer system agree (in case of rank 0) or
disagree (for all other values of the rank) for a total of 48 letters. As one can see
the highest count of disagreement is of rank=1 which implies that most of the
differences are 1 point only on a 5 point scale.

From the numbers in Table 2 we can see that there is a high percentage of
misclassification for the shape attribute, which in our opinion occurs because of
two reasons: 1) the set of low-level features that influence the shape representation
that we used is robust enough to differentiate well among different letters;
however it is not sensitive to variations of the same letter, and 2) the data used for
training was collected from 2 writers only which can not possibly represent the
entire universe of people. While 2) is a trivial problem we are working on 1) in
order to improve the performance of the system.

The use of the neural network achieves the goal of determining how good or bad
the shape, size, slant and position of each letter are on a scale from 1 to 5. Instead
of simply grading each letter we decided to add one more block to the system that
is intelligent enough to not only give a grade to the student but also provide certain
feedback in the form of advice as to what is wrong and what lesson might help to
improve the handwriting. This is achieved by means of a handwriting expert
system.

4. Conclusions and future work

We have presented an approach to quantitatively evaluate handwritten text and our
experimental results prove that this could be a fairly accurate method in terms of
grading and consistency. In several cases we found out that the computer was
more consistent than the human when grading a lot of letters, which is clearly good
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when it comes to evaluating the work of different people. We, however, still have
a lot of research in front of us in the area of shape evaluation to further improve
the feedback to the user. The timing information and direction of pen movement is
currently under investigation. We believe that this can improve out approach
tremendously because this will provide the same advantage of following every
movement of the pen and immediately recognizing the wrong practices that
students might use when learning how to write. Another area of research that we
are planning to do is adapting out approach for handwriting teaching techniques
that use joined cursive letters instead of separate letters, as used by D’Nealian
handwriting system [5].
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Abstract. Decision tree induction corresponds to partitioning the in-
put space through the use of internal nodes. A node attempts to classify
the instances misclassified by upper level nodes using a greedy search
strategy, i.e. to maximize the number of instances correctly classified at
the node. However, in so doing it is possible that the distribution of the
remaining (misclassified) instances is complex thereby requiring a large
number of additional nodes for classification. The so-called look-ahead
method was proposed to examine the classifiability of the remaining in-
stances. Typically, this is done using a classifier parameterized identically
(e.g. hyperplane) to the one used for partitioning. The number of correct
classification achieved in the look-ahead stage is factored in choosing the
partition established at a node. This has led to mixed results. In this
paper we argue that 1-step (or a few step) look-ahead amounts to an
approximate estimate of the classifiability of the remaining instances. In
many cases, it is gross approximation and hence the results are mixed.
We present an alternative approach to look-ahead which uses the joint
probability of occurrence of the classes as a way of characterizing the
classifiability of the remaining instances. We present the algorithm and
some experimental results.

Keywords: Decision tree, Look-ahead, Classification, Texture

1 Introduction

Each node of the decision tree partitions a region of the input space in an
attempt to classify the remaining instances (or patterns). Differences between
the approaches to decision tree induction arise based on whether,

(C1) The partition at each node is established based on a single attribute or
all the attributes. When based on a single attribute, the partition boundary
is orthogonal to the chosen attribute. When all the attributes are used, the
partition is typically based on a linear discriminant, i.e. the partitioning
is achieved using a hyperplane though higher order parameterizations are
possible. In the following we assume that the partition is established using
a hyperplane.

S. Singh, N. Murshed, and W. Kropatsch (Eds.): ICAPR 2001, LNCS 2013, pp. 16673, 2001.
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(C2) The node splitting criteria that is used. Some of the popular node splitting
criteria include entropy or its variants [1], the chi-square statistic [2, 3], the
G statistic [3], and the GINI index of diversity [4]. There appears to be no
single node splitting that performs the best in all cases [5,6]; however there
is little doubt that random splitting performs the worst.

The different node splitting criteria are united by their goal of seeking a split
that maximizes the number of instances correctly classified at the node so as
to arriving at smaller decision trees. However, the partition created by a node
corresponds to a locally optimum and irrevocable decision. Consequently, it is
possible that a (locally optimum) partition at node 7 leaves incorrectly classified
patterns that further require a large number of nodes for classification.

To illustrate, consider the following 2-class classification scenario. In the top
panel of Figure 1, there is only 1 instance that remains misclassified after the
first partition (identified with ’(1)’) is induced. This single remaining pattern
however, requires two additional partitions (nodes) to achieve correct classifica-
tion. The reason being that this remaining instance (incorrectly classified) was
surrounded by instances of other classes — a complex distribution (or low clas-
sifiability) of the remaining instances. On the other hand, consider the bottom
panel of Figure 1 in which the first partition leaves two instances misclassified.
However, a single additional partition (node) is sufficient to classify all instances
correctly. The reason being that the distribution of the remaining instances was
simpler than in the first case.

Motivated by the above, we propose an accurate and inexpensive node split-
ting criteria that not only attempts to maximize the number of correctly clas-
sified instances but also tries to produce a distribution of incorrectly classified
instances that facilitates easy classification. In Section 2, we discuss prior work
on look-ahead, discuss why these past efforts have resulted in mixed results, and
motivate the use of joint probabilities for characterizing the complexity of the
distribution of the remaining instances!. In Section 3, we present the complete
objective function based on joint probability and derive an algorithm for obtain-
ing the decision tree. In Section 4 we present our experimental results and in
Section 5 our conclusions.

2 Characterizing the Distribution of Remaining Instances

There are a handful of earlier efforts which attempt to characterize the dis-
tribution of the remaining instances based on look-ahead [7-9]. Look-ahead at
node i factors in the number of correct classifications that would result with
the patterns misclassified at node 4i. Mixed results are reported (ranging from
look-ahead makes no difference to look-ahead produces larger trees [9]).

We believe these mixed results (or more strongly, the lack of consistently
favorable results despite using look-ahead), arise because of the following con-
siderations [10],

! In other words, the classifiability of the remaining instances.



168

M. Dong and R. Kothari

Fig. 1. The distribution of the incorrectly classified patterns is important. The distri-
bution of the remaining instances after the first partition is established is more complex
in the top panel than in the bottom panel. Consequently, more additional partitions
(nodes) are required to achieve correct classification.

Ideally, the look-ahead should be multi-step corresponding to an exhaustive
search. This multi-step look-ahead is computationally not feasible for all but
the most trivial of problems. Consequently, single- or at most a few-step
look-ahead is commonly used.

The partitions (hyperplane) in the look-ahead stage are based on a classifier
that is identically parameterized as the one used for node splitting. Typically,
at each node, a hyperplane (or other lower order curve) is used.

A single-step look-ahead with a hyperplane corresponds to an approximation
of the true decision boundary in the space of remaining patterns with a
hyperplane. This single-step look-ahead results in an incorrect estimate of the
classifiability of the remaining instances. An illustrative situation is depicted
in Figure 2. If single-step look-ahead is used, then the classifiability of the
remaining instances is poor even though the remaining instances can be
accurately classified using two additional nodes, i.e. the look-ahead should
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have been a 3-step one. Of course, if a d step look-ahead is used, then a
(d + 1) or more-step look-ahead might have been more appropriate. Thus
when look-ahead is used with a parameterized decision boundary the results
are approximate. The accuracy of the approximation varies with the problem
and hence the results are mixed.
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Fig. 2. 1-step look-ahead corresponds to an approximation of the true decision bound-
ary. In the above case, the 1-step look-ahead indicates poor classifiability even though
the instances are classifiable using three hyperplanes.

Because of the above considerations, we propose the use of a non-parametric
approach for determining the classifiability of the remaining instances. Due to the
fact that the decision boundary is not parameterized (linearly or non-linearly),
classifiability results obtained by our proposed approach better reflects the com-
plexity of the true decision boundary required to classify the remaining instances.
We discuss our approach in greater detail in the next section.

3 Texture Based Decision Tree Induction

We consider a classification problem in which there are a total of C' classes
characterized by the set 2 = {wi,ws,...,wc}. We represent the number of
instances (or patterns) remaining at node i by N and the number of instances
of class wy at node ¢ by NLSZ,} Zk fok) = N®_ The hyperplane established at node
i is identified by HY (W) where W represents the parameters of the hyperplane.
We propose to identify the hyperplane %9 by maximizing the following objective
function [10],

JO =g £ AL® (1)
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where, G(9) represents the information gain, L") the classifiability of the remain-
ing (incorrectly classified) instances, and A represents the relative weighting of
G and L. In what follows, we discuss each of these terms in greater detail.

— The information gain term in equation (1) attempts to establish a partition
so as to maximize the number of correct classifications [1]. More specifically,
representing the two child nodes of node i as node (¢ + 1) and (i + 2) we

obtain,
) G =2 C i) [al) )
: N, N, NGO [N, N,
(&) = B P _ Wi Wk
¢ ; N0 98 G ZH/; NG® [No) log N(,-)] (2)
= Jj=t =

Note that in equation (2), the number of instances of each class on a given
side of the hyperplane is expressed in terms of the number of instances of
the next node.

— The classifiability term attempts to evaluate the distribution of the incor-

rectly classified instances. A distribution of these remaining instances which
can be partitioned using few additional nodes is favored over one requiring a
larger number of additional nodes to classify. We evaluate the classifiability
of the remaining instances using the concept of texture (or roughness). Ob-
serve that we can visualize the (n+ 1) variables of the classification problem
(n input variables and 1 variable indicating the class label) as a surface. For
example, when there are 2 inputs, the class label can be plotted on the z
axis and the inputs in the x —y plane. If nearby instances belong to different
classes, then this surface is rough. However, when local patches belong to
single class, the surface is smooth. Hence, our usage of texture as an indicator
of classifiability. The joint-probability of occurrence of the classes captures
the notion of texture or the roughness of the class-label surface?.
We propose computing this classifiability as follows. From one side of the
partition established at node 7, we obtain a matrix of joint probabilities P (%)
of size C x C (recall that C is the number of classes). Elements of Pj(,? are
the total number of remaining instances (i.e. instances misclassified at node
i) of class wy, that occur within a circular neighborhood of radius r of an
instance of class wj, i.e.,

N“()iji-l) NG+
J wl

P =33 flan,am) (3)
=1 m=1

where, z; denotes an instance of class w; and z,, denotes an instance of class
wg, and f(-) is an indicator function which is 1 if || ; — &y, ||< r. Similarly,
we can obtain a matrix of joint probabilities, say Q) from the other side of
the partition, i.e.
AD = p 4 ) (4)
2 This has a parallel in image processing where the co-occurrence matrix, a matrix of
joint gray level probabilities, is commonly used for quantifying texture[11, 12].
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One can normalize A() such that the sum of the elements of A is 1. Note
that in the ideal case (perfect classifiability) matrix A(?) becomes a diagonal
matrix. In the general case, the off-diagonal terms correspond to instances
of different classes that occur with a neighborhood of radius r®. We thus
obtain L) as,

< c o
L =340 3737 40 (5)
j=1

J=1 k=1
k#j

The partition induced at node ¢ is thus based on maximization of equation
(1). However, J( in equation (1) is not a continuous function of the parameters
of H?). We thus use a Genetic Algorithm (GA) [13,14] to obtain the parameters
of the hyperplane H (9.

In the next section, we present some experimental results obtained using the
proposed texture based look-ahead approach described above.

4 Experimental Results

We present the results of four simulations to illustrate the efficacy of the proposed
texture based look-ahead algorithm. The following applies to all the simulations.
The GA was run for a maximum of 600 generations or until the fitness value
(equation (1)) stopped increasing. In the GA, parameters were represented as
real values between —1 and +1 and quantized to a resolution of 10~%. Arithmetic
crossover and non-uniform mutation [14] were used. The total number of nodes
reported for the simulations are based on the number of decisions (leaf nodes
are not included).

In general, there is no way of knowing an appropriate value to use for A in
equation (1) or the value of the Neighborhood (r). For the latter three simula-
tions, we thus show the results shown below are thus over a range of A and r.
For these latter three simulations, we also report the results obtained when the
look-ahead is done using a classifier parameterized identically to the one used
for partitioning. This situation corresponds to the way look-ahead has typically
been implemented by other authors.

4.1 Data Set I: Synthetic Data

For the first simulation, we use a synthetic data set designed to illustrate the
effect of including texture based look-ahead. The left panel of Figure 3 shows
the results when look-ahead was not used. The information gain at the root
node was 0.3113. The right panel of Figure 3 shows the results when look-ahead
was used. The information gain at the root node was 0.2543 with A = 3 and
r = 0.5. This lower information gain based first partition however leads to a
more compact decision tree.

% Controlling r corresponds to adjusting the bias and the variance [10].
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Fig. 3. Look-ahead results in more compact decision trees as shown through this ex-
ample. The left panel is without the use of look-ahead (i.e. a greedy strategy, A = 0 is
equation (1). The right panel is with the use of look-ahead.

4.2 Data Set II: Iris Data

For the second simulation, we consider the well known Iris data set. The data
set consists of 3 classes (types of Iris plants — Setosa, Versicolor, and Virginica)
with 50 instances of each class. There are a total of 4 features (the sepal length
and width, and the petal length and width). It is also well known that one class
(Setosa) is linearly separable from the other two (Versicolor and Viriginica) and
that the latter two are not linearly separable from each other.

Initial population size for the GA was 200. As there is no separate testing
data in this case, we added internal nodes to achieve an accuracy of 100%, i.e.
correct classification of the 150 instances.
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Table 1 summarizes the results obtained. The first row in the table (r = 0,
A = 0) corresponds to no look-ahead. The second row corresponds to a single
step look-ahead using the a classifier parameterized identically to that used for
partitioning (a hyperplane in this case) and the remaining rows reflect the results
obtained with the proposed texture based look-ahead. It is clear from observing
the other rows that the use of the proposed texture based look-ahead results
in better performance. For example, without the use of the texture based look-
ahead we obtain a total of 6 nodes while the number is consistently less if texture
based look-ahead is used. For reference, ID3* requires 8 nodes to achieve an
accuracy of 100% on the training data.

[[Neighborhood (r)]A[Number of Nodes]|

0 0 6
0 1 6
0.6 1 5
0.8 1 5
0.6 3 4
0.6 4 5

Table 1. Results obtained for the Iris data set.

4.3 Data Set III: Breast Cancer Data

For the third simulation, we used the Wisconsin Breast Cancer data set available
at the UCI Machine Learning Repository [15]. Each pattern has 9 inputs and
an associated class label (benign or malignant). The two classes are known to
be linearly inseparable. The total number of instances are 699 (458 benign, and
241 malignant), of which 16 instances have a single missing feature. We removed
those 16 instances and used the remaining 683 instances. A total of 200 benign
and 200 malignant instances were used for training and the rest were used for
testing.

Initial population size for the GA was 600. Internal nodes were added until
the error on the training patterns was 0.

Table 2 shows the results obtained with the Wisconsin Breast Cancer data
set with varying values of the parameter. The first row in the table (r = 0,
A = 0) corresponds to no look-ahead. The second row corresponds to a single
step look-ahead using the a classifier parameterized identically to that used for
partitioning (a hyperplane in this case) and the remaining rows reflect the results
obtained with the proposed texture based look-ahead. It is clear from observing
the other rows that the use of the proposed texture based look-ahead results in
better performance. For reference, ID3 requires 19 nodes to achieve an accuracy
of 100% on the training data. The testing accuracy of ID3 was 95.40%.

* This is provided for reference and should not be used for a direct comparison. Recall
that ID3 does not uses a linear discriminant but rather a single attribute at each
node.
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[[Neighborhood (r)[A[Testing Accuracy (%)[Number of Nodes]

0 0 94.3 17
0 1 94.3 18
8 1 96.3 14
15 1 95.8 15
10 2 95.3 16

Table 2. Results obtained for the Wisconsin Breast Cancer data set.

4.4 Data Set IV: Balance Data

For the fourth simulation, we used the Balance Scale Weight and Distance data
set available at the UCI Machine Learning Repository [15]. Each pattern is
described by 4 inputs: the left weight, the left distance, the right weight, and the
right distance. There are three classes: balance scale “tip to the right”, “tip to
the left”, and “balanced”. The underlying concept is to compare (left distance x
left weight) and (right distance x right weight). If they are equal, it is balanced.
If the “left term” is larger then the class is “tip to the left” and so on.

The total number of instances are 625 (49 balanced, 288 tip to the left, and
288 tip to the right) with no missing values. We used the entire data set and
kept adding nodes until all the 625 training patterns are correctly classified.

[[Neighborhood (r)[A][Number of Nodes||

0 0 27
0 1 26
6 1 20
10 1 19

Table 3. Results obtained with the Balance Scale Weight and Distance data set.

Table 3 shows the results obtained with the Balance Scale Weight and Dis-
tance data set. The first row in the table (r = 0, A = 0) corresponds to no
look-ahead. The second row corresponds to a single step look-ahead using the a
classifier parameterized identically to that used for partitioning (a hyperplane in
this case) and the remaining rows reflect the results obtained with the proposed
texture based look-ahead. It is clear from observing the other rows that the use
of the proposed texture based look-ahead results in better performance.

5 Conclusion

Towards establishing compact decision trees, we presented a look-ahead method
which utilizes the concept of joint probability of occurrence of classes (texture) to
establish partitions at internal nodes of a decision tree. The rationale for looking
at texture is to establish partitions which maximize the number of instances
correctly classified at a node and ensuring high classifiability of the remaining
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(misclassified) instances. The algorithm proposed herein shows superior results
on test problems.
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Abstract. In this paper we present a new architecture for combining classifiers.
This approach integrates learning into the voting scheme used to aggregate indi-
vidual classifiers decisions. This overcomes the drawbacks of having static voting
techniques. The focus of this work is to make the decision fusion a more adaptive
process. This approach makes use of feature detectors responsible for gathering in-
formation about the input to perform adaptive decision aggregation. Test results
show improvement in the overall classification rates over any individual classifier,
as well as different static classifier-combining schemes.

Keywords: Decision Fusion, Multiple Classifiers, Adaptive, Architecture, Neural
Networks

1 Introduction

Combining classifiers for classification has been recently an extensively re-
searched topic. This is due to the fact that classification accuracy can be im-
proved using a multiple classifier paradigm. The fact that the patterns that
are misclassified by the different classifiers are not necessarily the same [1],
suggests that the use of multiple classifiers can complement the decision about
the patterns under classification. This will improve the reliability of the over-
all classification process. However, the issue of efficiently combing the indi-
vidual decisions to provide an aggregated decision is a very crucial issue in
making such systems worthwhile [2].

A variety of schemes have been proposed in the literature for classifier
combining. Perhaps the most often used schemes are the majority vote [3],
average vote [4], and weighted average [5]. Other techniques include Borda
count [6], Bayes approach and probabilistic schemes [3], Dempster Shafer
theory [7], and fuzzy integrals [8]. These different approaches can be viewed
as a means by which relative weights are assigned to each classifier. These
welghts can be data dependent. Woods [9], presents methods of combining
classifiers that use estimates of each individual classifier’s local accuracy in
small regions of the feature space surrounding the unknown test sample.
The Behavior-Knowledge Space (BKS) approach [10] is a similar approach.
The output of the individual classifier represent a decision space where every
dimension corresponds to the decision of one classifier. An unknown test

S. Singh, N. Murshed, and W. Kropatsch (Eds.): ICAPR 2001, LNCS 2013, pp. 176-[83, 2001.
© Springer-Verlag Berlin Heidelberg 2001



Feature Based Decision Fusion 177

sample is assigned a class with the most training samples in the same BKS
proximity.

The aggregations phase of a classifier combining approach can also be
viewed as a mapping between the input and out put of the combiner. Linear
combining is perhaps the most widely used techniques because of its sim-
plicity. In this case the final output is a linear function of expert outputs
Y(z) = Zlel/VZ(:v)Yz(:v), where Y;(z) is the output of the i-th classifier
and W; is the weight assigned to this classifier.Non-linear mapping include
methods such as stacked generalization [11]. In this approach classifiers are
used to correct the errors of one another. Order statistics combining, in which
the output of each classifier is considered an approximation of the a poste-
riori probability of class membership. These probabilities are ordered and
either the maximum, minimum or media probability is considered as the
final output. Rank based combining [6] in which classifiers using different
representations are used. These different classifiers provide outputs such as,
distance to prototypes, Values of an arbitrary discriminant, estimates of pos-
terior probabilities and confidence measures. The rank of the classes in the
output vector of each classifier has a meaningful interpretation in this case.
Belief-based methods, where the output of each classifier represents a belief
that the classifier has in it’s answer. Dempster Shafer theory [7] decouples
the classifier output from the confidence it has for this output. Both these
values are used in combining for the final output.

Another way of categorizing these different classifier combining techniques
is based on architecture. While parallel architectures are the most popular.
In this case each classifier operates independently and only the output of
these classifiers is used in the final combining phase. In this approach mod-
ular design is possible. On the other hand non-parallel cases the individual
classifiers are not independent, such as binary decision making. In this case
the classification procedure is sequential. The main objective it to transform
a multi-class problem to a set of two-class problems that are easier to solve.

Combining methods can be divided into two different classes depend-
ing on the representation methodology. The classifiers can all use the same
representation, and hence the classifiers themselves should be different. In
multi-representation approaches [1] the different classifiers us different repre-
sentations of the same inputs. This can be due to the use of different sensors
or different features extracted from the same data set. Another, and final
categorization of classifier combining methods are if they encourage special-
ization [12] in certain areas of the feature space. On the other hand, ensemble
of classifiers [2] have classifiers that do not encourage such specialization and
hence the classifiers themselves must have different classification powers.

The Cooperative Modular Neural Network (CMNN) [13] and the Ensem-
bles Voting OnLine (EVOL) [14] have presented techniques that make the
individual classifiers more involved in the final decision making process. How-
ever, even in these setups, the aggregation schemes implemented are totally
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isolated from the problem being considered. This fact makes the aggregation
procedure a predefined scheme, i.e., determined prior to the actual use of the
overall system. This work will focus on making the decision fusion a more
adaptive process. Local classification decisions are combined in a way similar
to the parallel suite in decision fusion models [15]. This approach requires the
aggregation procedure to gather information about the input beyond what
individual classifiers provide. The gathered information (i.e., the extracted
additional features) is used to tune the aggregation procedure.

This strategy will automatically guide the modules, during the develop-
ment phase to adapt more about the learning samples that are not correctly
classified, on the global level. This makes the efficiency of the global fusion
scheme related to the learning efficiency of all of the input samples, not the
local modular efficiency.

2 Feature Based Decision Aggregation

Figure 1 shows the block diagram of a proposed architecture that incorporates
these requirements. In the following subsections, we address each component
of this architecture in some detail.

o Dn 1
. Output

. AGGREGATION
. — PROCEDURE

— ™D j Modified Modified Modified

I

Different Modules

C, Classifier
E;  Error Analysis
M; Modification

D,  Detectors

Input

Fig.1. Block Diagram for the Proposed Architecture.

2.1 Classifiers

Each individual classifier, C;, produces some output representing its inter-
pretation of the input. In the context of this paper, we are more interested
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in using the output of these classifiers to help in the aggregation procedure
rather than the methodology of classification. Another goal is to utilize sub-
optimal classifiers in the proposed architecture, to make the development
overhead of such a system worthwhile.

2.2 Error Analysis

These modules {E;} use the previously studied error analysis of the indi-
vidual output and produce means to modify the output so as to overcome
possible errors. These modules must be dynamic as well as comprehensive
to adequately suit their purpose. Relevant information only is passed to the
modifying module.

The accuracy of a pattern recognizer depends upon the intrinsic overlap
of the class distributions and the estimation error due to the finite size of the
set of learning objects. Errors can be classified into two categories: classifi-
cation errors and systematic errors. The classification error, defined as the
probability of error in classifying new objects, is used as a measure for the
accuracy. The classification error depends on the characteristics of the fea-
tures chosen, the number of features, the size of the learning set, and on the
procedure used for the estimation of the discriminant function. A number of
these items are influenced or determined by a priori knowledge. Systematic
errors may be constant or may vary in a regular way [18]. Eliminating those
errors would help in achieving better performance. This is the main role of
this module. The techniques and approaches used are totally dependent on
the nature of the problem and the classification technique implemented in
the classification module.

2.3 Modification Modules

These modules {M;} use the information from the error analysis modules
and operate on the classifier input to produce a modified output that is nor-
malized to be within a common representation with all other inputs fed to
the aggregation procedure. Hence, the comparison between the different in-
puts then is meaningful. Similar to the error analysis modules, these modules
are dependent on the nature of the problem and the classifier used. In these
modules, a confidence index is associated to each classifier. This index can
be interpreted as the conditional probability that the classifier experienced
success given a certain input, or P(z; correct | Input), where z; is the output
vector of classifier 2. The confidence in the output can be interpreted in dif-
ferent ways. In this work, the difference between the two top output values
of each classifier is used as the confidence in the output of that classifier.

2.4 Detectors

Each detector, D;, takes the input space and tries to extract useful informa-
tion for the aggregation procedure, rather than aiming to solve the classifica-
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tion problem. In other words, it tries to understand and collect information
that might be helpful in the aggregation procedure. For instance, in a char-
acter recognition problem, the goal is to identify a given character. While
the individual classifiers try to determine the character, the detectors try to
identify the category of the character. This helps the aggregation scheme in
determining how to combine the different classification outputs to achieve a
better performance.

2.5 The Aggregation Procedure

The aggregation procedure represents the fusion layer of all the different out-
puts to generate a more competent output. The aggregation procedure uses
detectors’ outputs to guide the means of combining different classification
results. The aggregation scheme can be divided into two phases: a learning
phase and a decision making phase. The learning phase assigns a weight
factor to each input to support each decision maker. This weighting factor
represents a confidence in the output of each classifier. These confidences are
then aggregated using standard classifier-combining methods.

A neural network approach is selected to perform the weighting of the
individual classifier. The neural network would take the inputs from both
individual classifiers and detectors and presents a newly modified probability
of success of each classifier. Implementation details are given in the following
section.

3 Combining methods

The majority vote, maximum vote, average vote, Borda count and Nash vote
are the combining methods used in comparision to the feature-based aggreag-
tion procedure. In the following we will berifly decribe each of these combining
schemes.

3.1 Majority Vote

The correct class is the one most often chosen by different classifiers. If all
the classifiers indicate different classes, then the one with the highest overall
output is selected to be the correct class.

3.2 Maximum Vote

The class with the highest overall output is selected as the correct class.
q(z) = argmax?_, Y;(z) where n is the number of classifiers, ¥; (z) represents
the output of the ith classifier for the input vector z.
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3.3 Average Vote

This approach averages the individual classifier outputs across all the ensem-
ble. The output yielding the highest average value is chosen to be the correct
class. ¢(z) = arg maxp_, (Yk(:v) = %Z?:l yi7k(:v)) where K is the number of

classes, y;1 (z) represents the output of the éth classifier for the kth class for
the input .

3.4 Borda Count

For any class k, the Borda count is the sum of the number of classes ranked
below k by each classifier. If B; (k) is the number of classes ranked below class
k by the 4th classifier, then the Borda count for class k is B(k) = >, Bi(k)
The output is the class with the largest Borda count.

3.5 Nash Vote

Each voter assigns a number between zero and one for each candidate. Com-
pare the product of the voter’s values for all the candidates. The higher is
the winner. ¢(z) = argmazi_, [[—, Vis

4 Results

This architecture was tested using two data sets. In both cases the data was
divided into three sections, training, verification and testing. The individual
classifiers were implemented as backpropagation neural networks®. The stop-
ping criteria was to save the best network, with respect to the verification
set, over 10,000 iterations. A test for the best performance was performed ev-
ery 1000 iterations. All network used as part of the ensemble had 10 hidden
nodes. The utilized learning schemes is Backprop with Delta-Bar-Delta, tanh
transfer function and softmaz outputs. The momentum and learning coeffi-
cient were set to 0.4 and 0.5 respectivily. Each classifier is trained 10 times,
the best performance module is chosen. The ensemble of networks created
had partially disjointed training data.

4.1 Gaussian 20-class problem

This problem is basically a two dimensional recognition problem. It con-
tains 20 different classes that have equal probability presented by Auda and
Kamel[2]. Each class had a total number of 100 samples generated to follow
a Gaussian distribution around a random class mean. The classes also as-
sumed the same standard deviation. The complexity, and in this case what
makes the presented results more general, lies in the “non-homogeneous”

! Implementation was performed on Neural Works I1/Plus@NeuralWare Inc. 1993
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regions in the feature space and the overlapping boundaries between them.
The data set was divided into three sets, training, validation and testing sets;
1000/300/700 entries were used for training, validation and testing, respec-
tively.

Five individual backpropagation neural networks with 10 hidden nodes
composed the set of individual modules. The training set used was divided
into five parts. Each module was trained by four parts of these sets. This
partially disjointed training set between the modules allowed for different
training within these modules. Table 1 shows the performance of one module
across different training instances.

Table 1. Performance of an individual module on the Gaussian 20-Class problem.

Data set Training Verification Testing

Maximum performance 76.88 67.33 72.43
Minimum performance 66.88 62.00 66.14
Average performance 69.50 64.73 68.69
STD 4.27 1.96 2.45

The detector was a Self organizing map that divides the feature space
into 3 groups. These 3 groups contained classes {1,2,3,4,5,6,7}, {8,9}, and
{10,11,12,13,14,15,16,17, 18,19,20} respectively. The aggregation procedure
was another backpropagation neural network, taking the confidence output of
each classifier and the output of the detectors. The confidence was evaluated
using the confusion matrix of each classifier. The training of the aggregation
network is performed by running the training data through all the individual
classifiers and then using the outputs as the training data for the aggregating
neural network.

Table 2 shows the performance of the different techniques implemented.

Table 2. Performance of the Gaussian 20-Class problem.

Maximum Majority Average Borda Count Nash Feature Based

Testing 78.71 80.71 84.86 79.43 84.85 85.57
Group 1 81.63 84.90 88.16 88.57 88.98 91.83
Group 3 73.25 74.55 80.00 69.87 79.48 78.96

All the different classifier combination schemes did succeed in recognizing
data from classes 8 and 9 (group 2) perfectly; therefore it is not included in
the table. It can be noted that the static classifier combination procedures
did improve on the single classifier case, however, the feature based procedure
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proposed improved the performance further. Furthermore, it was consistent
with all the data subsets in producing high classification results and did not
suffer from high fluctuations in the reported output. This robustness is due
to its adaptability to the input data through the detectors.

4.2 Arabic Caps Problem

Handwritten Arabic character recognition data is a reasonably complex clas-
sification problem due to the similarities among many groups of its char-
acters [16]. This introduces different levels of overlap among the different
characters in the input-space, and hence complicates the job of the classifier
due to the resulting internal interference.

The structure used in this problem was an ensemble of networks. Four dif-
ferent back-propagation neural networks were implemented. These networks
had 10 hidden nodes and 28 output nodes. Training was perfromed using
partially disjoint training sets for 100k iterations. In this case the data set
was divided into three sets, training, validation and testing sets; 704/100/696
entries were used for training, validation and testing, respectively. The vali-
dation set was used to evaluate the best performance network

A self organizing feature map neural network dividing the characters into 6
groups was implemented as a detector. The output of this self organizing fea-
ture map was used to assist the aggregation procedure. The final aggregation
procedure was a back-propagation neural network. The training procedure is
performed by running the training data through all the individual classifiers
and then using the outputs as the training data for the aggregating neural
network.

Table 3 shows the recognition rates achieved by the individual classifiers
on the testing data. The proposed architecture showed a higher performance
than any of the individual classifiers. It successfully reduces the number of
classification errors by at least 14%. Moreover, it also produces better results
than some of the other architectures proposed in the literature to solve this
problem [13]. The results were also compared to different static combining
schemes. These schemes are the majority vote, Borda count, and average vote.
The proposed architecture outperformed all these schemes. The short-come
of the static combining schemes is due to the lack of consistency between the
output of the individual classifiers. The aggregation neural network overcomes
this problem. Table 4 shows the results of applying both the feature based
and static classifier combining schemes to the Arabic problem set.

To demonstrate the adaptive ability of the feature based architecture
we presented the system with different parts of the data set and observed
how each combining technique performs. The testing set was divided into six
groups based on the grouping proposed in [17]. Each group had a certain set
of characters. The Self Organizing Map used as a detector that classifies the
different characters into these six groups. Table 5 shows the results obtained.
If we observe the performance of the different static combining methods we
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Table 3. Performance of individual classifiers.

Classifier 1 Classifier 2 Classifier 3 Classifier 4
Performance 74.86 77.44 75.57 76.15

Table 4. Comparison of recognition rate between the new approach and static
classifier-combining techniques for the Arabic Caps problem.

Maximum Majority Average Borda Count Nash Feature Based

Type of CT static static static static static adaptive
Performance 88.36 88.94 88.36 88.07 88.65 90.52

find that, in some groups one technique outperforms the others, while the
same combining scheme is outmatched in a different test group. The feature-
based technique consistently provides the best performance across all the
different testing groups.

Table 5. Comparison of recognition rate between the new approach and static
classifier-combining techniques for different testing groups.

Combination Technique Group 1 Group 2 Group 3 Group 4 Group 5 Group 6

Maximum 80.26 89.58 90.63 87.18 90.29 92.31
Majority 81.58 89.59 92.97 86.15 90.85 96.15
Average 80.26 89.59 92.19 85.12 90.85 96.15
Borda Count 80.26 87.50 91.41 86.67 90.29 92.31
Nash 77.63 90.63 90.63 87.18 91.43 96.15
Feature Based 86.84 91.67 92.97 86.15 92.57  100.00

5 Conclusion

A new architecture was proposed to allow for dynamic decision fusion of clas-
sifiers. In this architecture, the aggregation procedure has the flexibility to
adapt to changes in the input and output in order to improve on the final
output. The main idea behind this architecture is that it tries to understand
changes in the input, by means of extracting features using the detectors, to
direct the way it performs the aggregation. The aggregation learns how to
combine the different decisions in order to improve the overall performance
of classification. This approach also aims at reducing the cost and time of
designing individual classifiers by allowing collaborate work. The empirical
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results were satisfactory. Both of the test problems showed improvement in
the performance over static combiners. The architecture proposed here pro-
vides a robust and adaptive scheme for combining classifiers.
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Abstract. Automatic feature selection methods are important in many situations
where a large set of possible features are available from which a subset should be
selected in order to compose suitable feature vectors. Several methods for automatic
feature selection are based on two main points: a selection algorithm and a criterion
function. Many criterion functions usually adopted depend on a distance between
the clusters, being extremely important to the final result. Most distances between
clusters are more suitable to convex sets, and do not produce good results for
concave clusters, or for clusters presenting overlapping areas. In order to circumvent
these problems, this paper presents a new approach using a criterion function based
on a fuzzy distance. In our approach, each cluster is fuzzified and a fuzzy distance
is applied to the fuzzy sets. Experimental results illustrating the advantages of the
new approach are discussed.

Keywords: feature selection, floating search methods, and fuzzy distance.

1 Introduction

Most methods for pattern recognition, both for statistical and for neural networks
paradigms, are based on extraction of a feature vector followed by classification.
Generally, there is a very large set of possible features to compose the feature
vectors, and it is desirable to choose a minimal subset among it. Although using
“as many features as possible” could be intuitively attractive, it is well-known that
this naive approach normally leads to worse results because the training set size
should increase exponentially with the feature vector size [7,2].

Despite the importance of such features, there are no definitive rules or pro-
cedures to select which should be used for each particular application [2]. Some
generic tips to choose a good feature set include the facts that they should dis-
criminate as much as possible the pattern classes and that they should not be
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correlated /redundant. Expert knowledge about each specific problem is also fre-
quently important when designing a feature set for a classifier. Finally, it is highly
desirable to have feature clusters with small variance, meaning that the measures
do not vary a lot for similar patterns.

Besides these generic rules, which are difficult to apply when a large set of possi-
ble features has to be handled, several automatic feature selection algorithms have
been proposed, and the reader is referred to [1] for a brief review with taxonomy
of this topic. Among the many different approaches, there is a large class of algo-
rithms based on two main points: a decision criterion and an algorithm to search
for feature sub-sets that are better with respect to the chosen decision criterion.
Among the search algorithms, it is worth mentioning those based on search trees
or on genetic algorithms.

As far as the decision criterion is concerned, there are two basic approaches:
(1) those based on classification results; and (2) those based on a distance between
clusters. In the former, each possible feature subset is used to train and to test
a classifier, and the recognition rates are used as a decision criterion: the higher
the recognition rate, the better is the feature subset. The main disadvantage of
this approach is that choosing a classifier is a critical problem on its own, and
that the final selected subset clearly depends on the classifier [7]. On the other
hand, the latter depends on defining a distance between sets (i.e. the clusters),
and some possibilities are Mahalanobis, Bhattacharyya and the class separation
distance [2,4]. In this work, we present a comparison between these approaches by
performing feature selection using, as decision criterion, the results of a classifier
and a measure of distance between clusters.

The large majority of distances between clusters are more suitable to convex
sets, tending to privilege linearly separable sets. The problem is that they fail to
detect good clusters with near means. As an example refer to the feature space
shown in Figures 3. Although the two clusters are well defined and would achieve
nice recognition rates e.g. with a k-nearest neighbor classifier, they would hardly
be recognized as good clusters by the majority of the standard distances.

In order to circumvent this problem, a new approach to calculate the distance
between clusters based on fuzzy sets and fuzzy distances is proposed. The underlying
idea of our approach is to consider the clusters as fuzzy sets (through fuzzification of
the original clusters) and to apply fuzzy distances [6] between them as the criterion
decision.

The idea is to consider that all points in a cluster do not play the same role.
Some points are more typical of the cluster than others, and should have a higher
degree of membership to the cluster. This typicality, and the fuzzy membership
to the cluster, is defined as a function of the distance to the cluster prototypes,
which are considered as the most typical samples. This step is described in Section
3.1. Once fuzzy clusters are defined, the quality of the clustering is derived from
a distance between fuzzy clusters. This distance aims at evaluating if the clusters
are compact and well separated. This is described in Section 3.2, while the search
algorithm, based on the work of Pudil [5], is described in Section 2. At this level
of development, the proposed approach has been applied only on simulated data,
with the only aim of illustration and first evaluation. In the experimental results
(Section 4), some tests are performed on a set of 6 features (generated by normal
distributions) from two classes. The samples are labeled a priori (supervised learn-



188  T.E. Campos, I. Bloch, and R.M. Cesar

ing), and the experiments aim at selecting a feature vector with 2 features. Once
the feature vector has been selected, its performance is evaluated by classifying the
samples using two statistical classifiers: a minimum-distance to the prototype and
a k-nearest neighbors classifier. As expected, the new distance is more suitable for
selecting feature vectors for the k-nearest neighbors classifier, leading to the best
results.

2 Feature Selection: The Algorithm

Automatic feature selection is an optimization technique that, given a set of m
features, attempts to select a subset of size n that leads to the maximization of
some criterion function, with n < m. Feature selection algorithms are important
to recognition and classification systems because, if a feature space with a large
dimension is used, the performance of the classifier will decrease with respect to
execution time and to recognition rate. The execution time increases with the num-
ber of features because of the measurement cost. The recognition rate can decrease
because of redundant features and of the fact that small number of features can
alleviate the course of dimensionality when the training samples set is limited. On
the other hand, a reduction in the number of features may lead to a loss in the
discrimination power and thereby lower the accuracy of the recognition system [7].

In order to determine the best feature subset for some criterion, some automatic
feature selection algorithm can be applied to the complete feature space, varying
the number of selected features (n) from 1 to m.

According to Jain and Zongker [1], probably the most effective feature selec-
tion technique is the sequential floating search methods (SFSM) [5]. There are two
main categories of floating search methods: forward (SFFS) and backward (SFBS).
Basically, in the case of forward search (SFFS), the algorithm starts with a null
feature set and, for each step, the best feature that satisfies some criterion function
is included with the current feature set, i. e., one step of the sequential forward
selection (SFS) is performed. The algorithm also verifies the possibility of improve-
ment of the criterion if some feature is excluded. In this case, the worst feature
(concerning the criterion) is eliminated from the set through one step of sequential
backward selection (SBS). Therefore, the SFFS proceeds dynamically increasing
and decreas