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Abstract

The classification methods can be divided into the two types: supervised and unsu-
pervised. In this thesis, we focus on the unsupervised classification (i.e. clustering).
We will point out the properties that the clustering method should have, and propose
a new clustering method with the properties.

The first property that the clustering method should have is the robustness
against noise. The noises are defined as the isolated samples whose distances to
the other samples are large. The robustness against noise is the property that the
clustering result does not change when the noises are added to the sample set. The
robustness against noise is important for the clustering method to be reliable even

when the unexpected samples are included in the sample set.

The second property is the analytical computability. Usually, the clustering
method is formulated as a nonlinear optimization problem and the clusters are ob-
tained as the optimal solution. Since the optimization problem usually has many
local minima, many initial values have to be tried, which takes a large computa-
tional time. When the clusters can be obtained by analytical computations without
using the nonlinear optimization algorithm, the clustering method is said to be an-
alytically computable. The analytical computability is important for keeping the

computational time small.

In this thesis, we propose a clustering method which have both of the proper-
ties. We call this method “analytically-computable robust clustering method (ARC
method)”. The ARC method is derived as the extension of the extractive method,

where the extension is performed by the mapping method called “inner product
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scaling”.

In the extractive method, the cluster center is determined so that the number
of the samples in the neighborhood is maximized. When the cluster center is deter-
mined, the samples around the center are extracted as a cluster. Then, the extracted
samples are removed from the sample set, and the next cluster is extracted in the
same way. The cluster extraction stops when the predetermined number of clus-
ters are extracted or the sample set becomes empty. One feature of the extractive
method is the shape of the clusters can be changed by using various distance mea-
sures. For example, when the Euclidean distance is used, the shape of the cluster is

spherical. When the cone distance is used, the clusters are cone-shaped.

The extractive method has the robustness against noise. On the other hand, in
most choices of the distance measure, it does not have the analytical computability.
However, it can be shown that, when the cone distance is used, the optimization
problem of the extractive method can be solved analytically. But, the method has
the drawback that it can only extract cone-shaped clusters, although the actual
clusters are considered to be spherical in many cases. So, the mapping method
that converts the spherical clusters into the cone-shaped clusters is needed for the

preprocessing.

For this purpose, the mapping method called “inner product scaling” is used.
By this method, the samples in the feature space are mapped into another space so
that the Gaussian similarity between the samples is reflected as the inner product.
We will show that the inner product scaling can convert the spherical clusters into
the cone-shaped clusters. The ARC method is the combination of the inner product
scaling and the cone cluster extraction. Since the two elements are analytically com-

putable, the ARC method can perform the spherical cluster extraction by analytical

computations.

In regard to the robustness against noise, we compared the ARC method with the
Noise Resistent C-Means method, which is a partitional clustering method specially

modified to improve the robustness against noise. As a result, the ARC method

achieved higher robustness.

We will present three applications of the ARC method. First, the ARC method
is applied to image processing: extraction of lines from an image. Clustering line
segments is an effective approach for line extraction. Line segments are obtained by
applying a line fitting process to the output of edge detection process. The similarity
between the line segments is defined so that two segments aligned in line have a large
similarity. Then, lines are extracted as clusters of line segments. The line segments
which are not aligned in line are considered as noises. The noise robustness of the
ARC method works well in the line extraction task.

Second, the ARC method is applied to document clustering. We used document
clustering for browsing a document database. The outline of the clustering-based
browsing system is as follows: The documents are indexed by the term occurrence
frequency and the similarity between documents is defined based on the number of
common terms. Similar documents are clustered and a representative document of
each cluster is shown to the user. The user can get the whole view of the database
without examining documents one by one. In the document database, there are
many documents whose contents are not similar to any document. Such documents
are considered as noise documents in clustering, so the ARC method is also useful
in document clustering.

Third, the ARC method is applied to the prototype generation for the nearest
neighbor method. To reduce the computational cost of the nearest neighbor method,
the reduction of the training samples is required. The training samples are parti-
tioned into several clusters and the reduced training set (i.e. the prototype set) is
obtained as the cluster centers. It is known that a “noise” training sample which
is distant from the other training samples is harmful for classifiers. So, the robust
clustering is needed to generate the prototypes that achieve high classification accu-
racy. We will show that the ARC method can generate better prototypes than the

C-Means with respect to the classification accuracy of the nearest neighbor method.
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Chapter 1

Introduction

Classification is the task to assign an object to one of the classes. There are two
cases in classification: unsupervised and supervised. In the unsupervised classifica-
tion, the classes are not given a priori but are created by gathering similar objects.
The unsupervised classification is also called “clustering”[1]. The clustering algo-
rithms play a fundamental role in many fields of computer science such as artifificial
intelligence[2, 3], communication[4] and information retrieval[5], because the orga-
nization of data into clusters is one of the most important fundamental procedures
of understanding and learning. On the other hand, in the supervised classification,
the definition of each class is given a priori. The classifying rule is created from the
class definition, and a sample is classified to the class based on the rule. Supervised
classification is also called “pattern recognition”[6].

To implement classification algorithms on computers, the samples must be rep-
resented by numerical data. In common settings[6], a sample is represented by a

tuple of p measurements. The sample is described as
t=(t,- - )7, (1.1)

where t;(j = 1,---,p) is the real value which corresponds to the j-th measurement,
and T denotes the transpose of a vector or a matrix. Since t is a p-dimensional real

vector, the sample is considered as a point in the p-dimensional real space ®”. This
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12 Chapter 1. Introduction

space is called a “feature space”.
The purpose of clustering is to extract ¢ subsets (i.e. clusters) Cy,---,C. out of

the finite sample set
T = {tl""7t7l}’ (12)

where each subset is comprised of similar samples. The clustering is performed
based on “distance” d(x,y), which is the function defined on R? x RP. The distance

shows how two samples are not similar. When the distance is large, the two samples
1

are considered as not similar. The distance has the following properties * :it is
symmetric,

d(x,y) = d(y.x), (1.3)
nonnegative,

d(x,y) >0, (1.4)
and becomes zero when x =y,

d(x,x) = 0. (1.5)

The most frequently used distance is the Euclidean distance denoted as follows:

=y = X = )" (16)

Clustering is used in the fields of computer science for many tasks. The tasks

can be classified into two categories.

o Compression Tasks

In these tasks, the samples in a cluster are replaced by a representative sample.
Then, the number of samples is reduced to the number of clusters, and so the

storage for the samples is compressed. The clustering methods are evaluated

!Notice that the triangle equality is not included here. The distance which also satisfies the

triangle inequality is called a “metric”[7].
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by the compression rate and the compression quality, where the compression
rate describes how much the storage reduced, and the compression quality is
defined by the average distance between each sample in the cluster and the
representative sample. For example, the vector quantization[4] is a typical

data compression task.

e Extraction Tasks

In these tasks, a cluster is expected to correspond to an entity in a real world.
The clustering methods are evaluated by the correspondence between a cluster
and a real entity. For example, in the image segmentation task|8], an image
is segmented to a number of regions so that a region corresponds to an object
in the image. This task can be implemented as the clustering of pixels, where
the distance between two pixels is defined as the probability that they are
contained in different regions. A cluster of pixels is expected to correspond to

a region in the image.

In the artificial intelligence or the pattern recognition, the extraction tasks are
of main interest[6]. For the extraction tasks, the clustering method should have
the following two properties, that is, the robustness against noise and analytical
computability.

The reason why the robustness against noise is needed is explained as follows.
In extraction tasks, the presence of noises makes clustering difficult. Conceptually,
the noises are defined as the samples that do not comprise the entity that we want.
In the task of image segmentation, the isolated pixels that do not belong to any
region are considered as noises. Quantitatively, the noise is defined as the isolated
sample in the feature space whose distances to the others are large (Fig. 1.1). Also,
the robustness against the noise is defined as the property that the clustering result
does not change by the addition of the noises. When the image segmentation 1s
performed by the robust methods[9], the produced regions do not change when the

isolated pixels are added. But, in the non-robust methods such as the K-Means
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Figure 1.1: Noises in clustering

method[1], the produced regions are biased by the isolated pixels and the regions
are not correctly extracted.

We will also explain the concept of the analytical computability. In the extrac-
tion tasks, the number of samples could be large (e.g. over 1000) and the number
of clusters could also be large (e.g. over 100). So, it is important that the computa-
tional time of the clustering method is admissible even in such large scale problems.
The analytical computability works for keeping the computational time small.

Most clustering methods are formulated as the nonlinear optimization problem[1]:
find the parameter vector # € R that minimize the objective function f(#) € R. To
solve the nonlinear optimization problem, you have to adopt the gradient descent
strategy as follows: First, a random initial value is set to @. Then, the gradient
vector of f(8#) at @ is computed and @ is changed slightly to the reverse direction
of the gradient. By repeating this process, finally get to the point in the parameter
space of @ where the gradient becomes the zero vector (i.e. saddle point). Then, the
process ends at this point. But, when the objective function is nonlinear, this point

is not necessarily the minimum of the objective function. In such a case, this point

15

is called a “local minimum”. To seek the global optimal solution, you have to try
many initial points to avoid local minima, which takes large computational time.
By the word “analytically-computable clustering method”, we mean the clustering
method where the clusters can be obtained by analytical computations without us-
ing the gradient descent method. In such methods, the local minima problem does
not occur and the computational time is usually smaller than the one which is not
analytically computable.

In recent years, it is widely recognized that the robustness against noise is an
important property for clustering[10]. Several robust clustering methods have been
proposed[11, 12, 13], but none of these methods are analytically computable. On
the other hand, the importance of the analytical computability is also recognized,
but it is considered to be difficult to implement the clustering algorithms by the
analytical computations. In recent years, there are almost no studies to propose the
analytically computable clustering method.

In this thesis, we will propose the clustering method that has the two proper-
ties. We call this method “analytically-computable robust clustering method (ARC
method)”. This method is derived as the extension of the clustering method called
“the extractive method”. In the extension, the key point is the mapping method,
which is called the “inner product scaling”.

In the extractive method, the cluster center m € R? is determined so that the
number of the samples in the neighborhood of m is maximized. When the cluster
center is determined, the samples around m are extracted as a cluster. The extracted
samples are removed from the sample set, and the next cluster is extracted in the
same way. The cluster extraction stops when the predetermined number of clusters
are extracted or the sample set becomes empty.

The mathematical formulation of the extractive method is described as follows:

Let the set A"(m) C R? be the neighborhood of m, then it is described as
N(m) = {x[d(x,m) < p}, (1.7)

where p € R (p > 0) is the width of the neighborhood. The number of samples in
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the neighborhood is written as

p(m) = w(d(t;, m)). (1.8)
=1
where w(z) is a window function described as,
1 <
w(z) = { (z <) . (1.9)
0 (z>p)

The cluster center is seeked to maximize the number of samples. This optimization

problem is formulated as follows:
Find m that maximizes p(m). (1.10)

When the optimal center is found, the samples in the neighborhood A are extracted

as a cluster. But, when the window function in (1.9) is used, p(m) is not continuous

and so the optimization is very difficult. So, the smoothed window functions are

used in many cases. The most frequently used one is the Gaussian window function:
. r?

w(x) = exp(— ), (111)
where o is the parameter which determines the width of the window function. In
the case of the smooth window functions, the samples whose w,(d(t;, m)) is above
the threshold are extracted as a cluster.

The main strong point of the extractive clustering method is the robustness
against noise. We will show that the extractive clustering method is robust against
noise by an example. Fig. 1.2(a) shows the situation that the samples are distributed
in the two dimensional space and one cluster is extracted by the extractive method.
Here, we assume that the distance is defined as the Euclidean distance and the
window function in (1.9) is used. The dotted circle in the figure denotes the boundary
of the cluster. On the other hand, Fig. 1.2(b) shows the situation where a number
of noises are added to the sample set. When the cluster center is set in the areas of
noises, the number of samples in the neighborhood is small, because the noises are
apart from each other. So, the cluster center is not to be determined in the areas of

noises. As a result, the cluster center is not moved from the one in the case without
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noises. Since the noises do not affect the clustering result, the extractive method is
considered as robust against noise.

On the other hand, the extractive clustering method is not analytically com-
putable for most choices of the distance measure and the window function. But,
when particular distance measure and window function are chosen, the extractive

clustering method becomes analytically computable. Let the distance be

xTy
de(%,y)=1— 7 ri— (1.12)
Iy o
and the window function be
T2

where v is the width parameter. Then, the optimization problem of (1.10) is rewrit-
ten as follows: Find m that maximizes

pefm) = 3

v—1 + mTt,-
= v vimlft]

)2 (1.14)

When we further assume that v = 1, the optimization problem is rewritten as: Find

m that maximizes

= ST nu il 119)

This optimization problem is identical with the one used in the principal component
analysis[6], and the optimal solution can be obtained by the analytical computations
(The proof will be shown in Sec. 3.3).

The contour plot of the distance d.(x,y) in the 2-dimensional space is shown in
Fig. 1.3, where y is fixed to (1,1) and x is moved. Since the contour of the distance
d.(x,y) forms the cone whose central axis is the line that intersects the origin and
y, we call the distance “the cone distance”. When using the cone distance, the
extracted clusters are also cone-shaped. From later on, we call the extractive method
with the cone distance “the cone cluster extraction”.

In the cone cluster extraction, we have the analytical computability. But, there

is a critical drawback in the cone cluster extraction: it only extracts the cone-shaped
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by the extractive method remains the same.

19

Figure 1.3: The contour plot of the cone distance. As the color changes from white

to black, the distance becomes larger.
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cluster of the fixed size. Practically, the shape and the size of the clusters are various
according to the tasks. Therefore, the applicable tasks of the cone cluster extraction
are very limited.

In most clustering methods, the shape of clusters is assumed to be spherical[1],
and such clustering methods have been successfully applied to many tasks. To make
the cone cluster extraction applicable to many tasks, the mapping of the samples
is needed to convert the spherical clusters into the cone-shaped clusters. Also, the
mapping should be able to control the size of cone-shaped clusters so that they can
be extracted correctly by the cone cluster extraction.

We propose the mapping method called “inner product scaling”{14] for this
purpose. This method maps the samples t;,---,t, to the ones 7y,---, 7, in n-

dimensional space R":
t,eR? — T, €N, (1=1,---,n). (1.16)

The purpose of this method is to map the samples so that the similarity defined as

the Gaussian function (i.e. Gaussian similarity),

|t =t |I°
s(ti, t;) = exp(—————) (1.17)
is reflected as the inner product 'r:fr‘rj. The mapped samples 7,(1 = 1,---,n) are

obtained so that the following simultanous equations are satisfied:
s(tit)) =7i7y, (1,j=1,---,n). (1.18)

The proof that the mapped samples can be obtained by analytical computations
will be shown in Sec. 3.2.

By the inner product scaling, the samples of the spherical cluster in R? are
mapped to the cone cluster in ®". Assume the cluster C; has the n; samples

tr1, -+, trn,, and the following inequality holds:

” tki - tk} ”2S T, (2 - 17 o ',nk)? (119)
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Figure 1.4: The inner product scaling maps a spherical cluster into a cone-shaped

cluster

where t;; is the sample in C; which is nearest to the cluster center. This inequality
shows that the cluster is spherical, i.e., the samples of the cluster are inside the
sphere of radius r centered on ty;. When the samples are mapped on R" by the

inner product scaling, the mapped samples satisfy the following inequality:

T
2 V(TaUL (Z — 17...3nk)7 1.20
ERIER (1.20)
where
T
(r.) = expl=1). (1.21)

Therefore, the spherical cluster Cy in R? are mapped to the cone-shaped cluster
whose central point is 7; and radius is y(r,o), which is illustrated in Fig. 1.4.
Also, the size of the cone-shaped cluster is described by v¥(r) and can be controlled

by the parameter o.
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The ARC method is the combination of the inner product scaling and the cone
cluster extraction. Since the two elements are analytically computable, the ARC
method can perform the spherical cluster extraction by analytical computations. So
far, the extractive method have not been applied to the actual large-scale problems,
although it has the robustness against noise. It is because of its large computational
time caused by the repeated trials to avoid local minima. Now, the ARC method

overcomes the drawback, so it can be applied to the actual problems.

In this thesis, we will show three applications of the ARC method. First, the ARC
method is applied to the image processing: the extraction of lines from an image.
Clustering line segments is known as an effective approach for line extraction. Line
segments are obtained by applying the line fitting process to the output of the edge
detection process. The similarity is defined between the pairs of line segments so that
the two segments aligned in line have a large similarity. Then, lines are extracted
as the clusters of line segments. The line segments which are badly aligned in line
are considered as noises. So, the noise robustness of the ARC method works well in

the line extraction task.

Second, the ARC method is applied to the document clustering. We used the
document clustering for browsing a document database[15]. The outline of the
clustering-based browsing system is as follows: The documents are indexed by the
term occurrence frequency and the similarity between pairs of documents is defined
based on the number of common terms. The documents which have the large sim-
ilarity to each other are clustered and a representative document of each cluster
is shown to the user. The user can get the whole view of the database without
examining the documents one by one. In the document database, there are many
documents whose contents are not similar to any document. Since such documents
are considered as noise documents, the ARC method is useful also in the document

clustering.

Third, the ARC method is applied to the prototype generation for pattern recog-

nition. The nearest neighbor pattern recognition method[6] requires the distance to

every training sample for classification. Since the computational time to obtain ev-
ery distance is very high, the reduction of the training samples is required to reduce
the computational time. Clustering methods are often used for this purpose. The
training samples are partitioned into several clusters and the reduced training set
(i.e. the prototype set) is obtained as the cluster centers. The most frequently
used method for the prototype generation is the C-Means method[l, 16], but it is
easily affected by the noise training sample which is the training sample isolated
from the others. We will show that the ARC method can generate the prototypes
which achieve high classification accuracy because of the robustness against noise.
To compare the prototypes generated by the C-Means and the ARC method, we
performed two pattern recognition experiments. The first one is the appearance-
based 3D object recognition experiment[17], and the second one is the Hiragana
recognition experiment[18, 19]. As a result, the prototypes generated by the ARC
method achieved higher classification accuracy.

The rest of this thesis is organized as follows: In Chap. 2, the previous clustering
methods are briefly reviewed. In Chap. 3, the ARC method is described in detail.
We describe the two factors that makes this method: the inner product scaling and
the cone clustering extraction. Also, the robustness against noise of this method
is evaluated in comparison with NR C-Means[11] method. Chap. 4, 5 and 6 will
present the three applications: line extraction, document clustering and prototype

generation, respectively. Chap. 7 is the concluding remarks.
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Chapter 1.

Introduction

Chapter 2

Prior Clustering Methods

This chapter presents prior clustering methods, which will be compared with the
ARC method in the later chapters.

There are three types in the clustering method: extractive, partitional and ag-
glomerative. The main difference between the types is the assumption which the
clustering method imposes on the sample set. The three types are summarized as

follows:

e Extractive methods

The size of clusters i1s assumed in advance.

e Partitional methods

The number of clusters is assumed in advance.

e Apgglomerative methods

No assumptions are made for the sample set. The number and the size of

clusters can be determined after clustering.

Before proceeding to the description of the clustering methods, we introduce the
membership value notation of the clusters. The membership value uy; is often used
to represent the clusters, when it is not convenient to describe a cluster as a set[1].

The membership value u; stands for the degree that the sample t; belongs to the

25
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cluster Cx. When the membership values are limited to either 0 or 1, each sample
belongs to the only one cluster. Such a clustering method is called a hard clustering
method. On the other hand, when the membership values are allowed to be any real
values between 0 and 1, the sample is allowed to belong to several clusters at the

same time. Such a clustering method is called a fuzzy clustering method.

2.1 Extractive Methods

In the extractive methods, the cluster center m € R” is determined so that the num-
ber of the samples in the neighborhood of m is maximized. The size of neighborhood
is determined in advance, which will be the size of the cluster. When the cluster
center is determined, the samples in the neighborhood are extracted as a cluster.
The extracted samples are removed from the sample set, and the next cluster is
extracted in the same way. The cluster extraction stops when the predetermined
number of clusters are extracted or the sample set becomes empty.

The optimization problem for seeking the center is formulated as follows:
Find m that maximizes p(m), (2.1)

where the objective function p(m) is described as

n

p(m) = 3 w(d(t;, m)). (2.2)

i=1
Here, w(z) is the window function which characterizes the extent of the neighbor-
hood of the center. The most frequently used window function is the Gaussian
window function described as follows:
72
wy(2) = exp(~ ), (2.9
where the size of the neighborhood is controlled by the parameter o. When the

optimal center is determined, the samples whose w,(d(t;, m)) is above the threshold

are extracted as a cluster.

2.2. Partitional Methods 27

The strong point of the extractive method is the robustness against noise[13],
and the weak point is that the optimization problem has many local minima[13].
The examples of the extractive methods include the mode seeking method[1, 20]

and Jolion’s method[13].

2.2 Partitional Methods

2.2.1 K-Means Method

The K-Means method is a hard clustering method where the number of cluster ¢

is determined in advance, and the sample set 7 is divided into ¢ disjoint clusters

Cy,--+,C.. In the membership value notation, the membership value uy; is limited
to 0 or 1,
Uki = {0’ 1}7 (24)

and the membership values indicate 1 only for the cluster,
Z U = 1. (25)
k=1

The K-Means method is formulated as the optimization problem that minimizes
the error function that describes the badness of the clusters. Since the purpose of
clustering is to extract mutually similar samples, the badness of the cluster Cy is
measured by how far the samples are apart from the cluster center. So, the error
function of each cluster Cy is described as the sum of the squared distance from the

cluster center v; as follows:
Zukidz(vkvx)v (26)
i=1

where the cluster center is described as

Vi =D uRX/ Y uki. (2.7)
1=1 =1

The error function of all clusters is described as the sum of that of each cluster:
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glag, -+ u.) = Zr:zn:ukidZ(Vk-,X)’ (2.8)

k=1i=1
where uy. denotes the n-dimensional vector whose i-th element is ug;. The K-Means
method is formulated as the optimization problem as follows: Find ug(k=1,---,¢)
that minimizes the error function g(uy,---,u.) subject to the constraints of (2.4)
and (2.5).

Such a nonlinear optimization problem is usually solved by the gradient descent
algorithm. But, for K-Means, there is a specialized optimization algorithm[1]. In this
algorithm, the optimization can be performed by repeating two phases alternately.
The first phase sets the centers at the means of the samples in clusters. The second
phase assigns every sample to its nearest center and forms clusters. The detailed

algorithm is described as follows:

1. Initialization.

Set the initial clusters C(k = 1,-- -, ¢) randomly or using a heuristic technique[21].

Let g,14 +— o0, where « denotes the substitution.

2. Obtain the cluster centers.

Calculate the cluster centers vy of all clusters as (2.7).

3. Update the clusters.

For each sample t;(: = 1,---,n), the nearest cluster C; is determined such
that the cluster center v, is the nearest among the cluster centers. Then, the

sample is added to C;. In the membership value notation, this process can be

written as follows:

Ug; — 1 (29)
wi — 0 (k40 (2.10)

where £ is the index of the class which has the nearest center:

(= argkir}i.r.l‘lcd(vk,t,-). (2.11)

2.2. Partitional Methods 29

As a result, the sample set 7 is divided thoroughly into the disjoint clusters.
4. Calculate the error function g(uy,---,u.) as (2.8).

5. Convergence check.

Stop if |g(uy,---,u.) — go4| < €, where € is stopping criterion. Otherwise,

Goid — g(uy, -+, u,) and go to step 2.

[t is proven that, by this algorithm, a local minimum of the error function can be
found[1]. But, it is not guaranteed to reach to the global minimum. To seek the
good solution comparable to the global minimum, many trials with changing the
initial clusters are required. So, the practical computational time for the K-Means

method is substantially large.

2.2.2 C-Means Method

The C-Means method is the fuzzy version of the K-Means method[16]. The difference
is that the membership value is allowed to be any value between 0 and 1. The error
function of the C-Means method is given as follows:

g(ulvl"’uC) - Zzuz;'d(ti’vk)zﬂ (212)
k

=1i1=1
and the constraints for the membership values are described as follows:

dup =1, 0<u, <1 (2.13)
k=1

The difference between the two error functions is that the “fuzzification parameter”
p (1 < p < o0) is added in the C-Means method. When p equals to 1, each
membership value uy; converges to either 0 or 1 in minimizing the error function
g[16]. For the clusters to be fuzzy,  should be determined to the value more than
1. But, when pu is too large, all the membership values converge to the same value.
It is known that the practical range of p is 1 < p < 5[8].

The optimization algorithm of the K-Means is applicable to the C-Means al-
gorithm with the following two modifications: In Step. 2, the cluster center is

calculated as follows:
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vy = Zu’,ﬁit,v/i: uf.. (2.14)
i=1 i=1

In Step. 3, the membership values are set as follows:

Up = (ch d(vi, t:)? /d(ve, t;,)?) V(D) (2.15)
=1

2.2.3 Noise Resistent C-Means

In Noise Resistent C-Means (NR C-Means)[11], the noise cluster is added as the

(¢4 1)-th cluster to achieve robustness against noise. This algorithm is designed to

classify noises to the noise cluster. The algorithm is obtained by modifying the step
3 of C-Means as follows:

(Cicy d(vi, t)?/d(ve, t:)?) 7070 (1

e { 5 (k

IA

kE<ec)
c+1)

IA

, (2.16)

Il

where 6 € R (6 > 0) is the distance threshold. As a result, the samples whose
distance to the nearest cluster center is more than é are gathered to the noise
cluster. So, the isolated noises are assigned to the noise cluster. Several algorithms

based on similar principle are reported by Ichikawa[22] and Frigui[12].

2.3 Agglomerative Methods

In the agglomerative methods, each sample forms a cluster at the beginning, and it
is repeated that the two clusters which has the smallest distance are merged to a
single cluster. The result of merging clusters is visualized in a dendrogram(Fig.2.1).
By cutting the dendrogram at a certain level, you can obtain any number of clusters.
So, in the agglomerative methods, you need not to specify the number of clusters in
advance.

The agglomerative methods vary with the definition of the distance between
two clusters. The representative methods are Single Link[23], Complete Link and
Group Average[l]. In Single Link, the distance between the clusters is defined as

the smallest distance between the samples in the clusters as follows:
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Figure 2.1: The dendrogram is derived from the 100 samples in the 2-dimensional
space using Complete Link. The distance between the samples was defined by
their Euclidean distance. The vertical axis of the dendrogram denotes the distance

between the merged clusters. You can see two distinct clusters in the dendrogram.
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A(C1,C2) = _min__ d(ti.t;). (217)

On the contrary, in Complete Link, the distance between the clusters is defined as

the largest distance between the samples.

)) = ). 2.18
d(Cy, C2) t.-elcllli‘feczd(t“tf) (2.18)

In Group Average, the distance between clusters is defined as the average of the
distances between the samples.

ST ditty), (2.19)

M2 gee t;eCy

1

d(Cy,C2) =

where n; and n, are the numbers of the samples in C; and Cs, respectively.

For Single Link, there is a fast O(n?) algorithm[24], but the resultant clusters
are very “loose”, that is, the distances between two samples within a cluster is not
remarkably smaller than the distances between the samples of different clusters.
Therefore, Single Link is seldom used in literature[24] except for rough and prelim-
inary exploration of data. On the contrary, Complete Link makes “tight” clusters
which are useful for many applications. But it requires O(n?) time[1], which is not

realistic for a large set.

Chapter 3

Robust Clustering by Inner
Product Scaling

3.1 Introduction

In this chapter, we describe the analytically-computable robust clustering method
(i.e. the ARC method). The ARC method is the clustering method such that the
clusters can be obtained by the analytical computations. Also, it has the robustness
against noise, which is useful for the tasks where many noises are expected to be
included in the sample set.

The ARC method is derived as the extension of the cone cluster extraction
method, which is the extractive clustering method based on the cone distance. The
cone cluster extraction has the advantage that the clusters can be obtained by the
analytical computations, but also has the drawback that it can only extract the
cone-shaped clusters of the fixed size. Since the actual clusters are considered to be
spherical, we added the preprocessing called “inner product scaling” which converts
the spherical clusters into the cone-shaped clusters.

In this chapter, we will describe the two elements of the ARC method: the inner
product scaling and the cone cluster extraction. We will show the proofs that the

two elements can be performed by analytical computations. Also, the robustness

33
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against noise of the ARC method is evaluated by comparing it with the Noise Re-
sistent C-Means method proposed by Dave|[11|. The two methods are applied to an
artificial point set including spherical clusters and uniformly distributed noises. We
examined the number of clusters correctly extracted. As a result, the ARC method
achieved higher robustness, which shows the effectiveness of the ARC method in
noisy problems.

The rest of this chapter is organized as follows: In Sec. 3.2, the inner product
scaling is explained. In Sec. 3.3, the cone cluster extraction is described. In Sec. 3.4,
the robustness of the ARC method is compared with that of NR C-Means method.

Sec. 3.5 is the summary.

3.2 Inner Product Scaling

As the first phase of the ARC method, the inner product scaling is performed to
convert the spherical clusters into the cone-shaped clusters. The inner product scal-
ing maps the samples t;,---,t, € R? to the samples 7y,---, T, € R", respectively.
The mapping is performed so that the Gaussian similarity in 7

-t P

ag?

) (3.1)

s(ti,t;) = exp(

is reflected as the inner product 1'?1']-, where o is a scalar parameter. This condition

is described as the following simultanous equations:
S(ti,tj) = T;FTJ', (Z-,_]. = 1,"',7’1,). (32)

We are going to explain how to solve the simultanous equations (3.2) to obtain

7,(¢ =1,---,n). In matrix notation, the equations (3.2) are written as
S=T1TT, (3.3)

where S is the n x n matrix whose (z, j)-element is s(t;, t;) and 7" is the n X n matrix
whose i-th column vector is 7;. Here, we perform the eigendecomposition[14]. Let

A1, -+, A, be the eigenvalues of § such that
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A > A > >, (3.4)
Let a; be the eigenvector corresponding to A;. We define the matrix L as

L = diag(y/Ar, -+, ), (3.5)

and the matrix A as the n x n matrix whose i-th column vector is a,. Then, S can

be decomposed as follows:

S =ALLTAT. (3.6)
From (3.3) and (3.6), T can be obtained as

T=1LTA"T. (3.7)

So, the mapped samples can be analytically computed by the eigenvalues and the

eigenvectors of S.

3.3 Cone Cluster Extraction

3.3.1 Seeking Cluster Center

As the second phase of the ARC method, we describe the cone cluster extraction
method. In this method, the center p € R" of the cone cluster is determined so

that the function

pe(pe) = > we(de(p, 1)) (3.8)
=1
is minimized, where the cone distance is described as
T
HoTi
de(pp, i) =1 — ———— (3.9)
el il

and the window function w,(z) is described as

we(w) = (1= =), (3.10)
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and v is the parameter which determines the size of the window function.
We will show the optimal solution can be computed analytically, when the size of
the window function v is fixed to 1. First, the norm of the samples 7; is normalized
to one,
T
———,
|7l

By this normalization, the optimal cluster center does not change, because the

(3.11)

T

function p.(p) is not affected at all. Also, since the norm of p does not affect p.(p).
we assume that || g ||= 1. Then, the optimization problem is rewritten as follows:

Find p that maximize

n

> (b7’ (3.12)

=1

subject to the constraint
I pll*=1. (3.13)
Let J be the n x n correlation matrix[25] of the samples:
J=Y 7T (3.14)
i=1
Then, the optimization problem can be rewritten as: Find p that maximize
utJp, (3.15)
subject to the constraint
| lP=1. (3.16)
The optimal solution of the problem is given by the following theorem[26].
Theorem 1 The optimal solution of the problem of (3.15) can be obtained as
W=z, (3.17)

where zy is the first eigenvector (i.e. the eigenvector corresponding to the largest

eigenvector) of J.
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(proof)
When the constraint is taken into account by the use of Lagrange multiplier v,

(3.15) is rewritten as

Q(p) = p" Jp—y(p"p—1). (3.18)
The gradient vector of Q(p) is denoted as

VQ(p) =2Jp = 2vyp. (3.19)

The stationary points of @) are obtained as the solution of VQ(p) = 0. So, the

stationary points of () satisfy the following equation:
Jm = ym. (3.20)

Thus, the stationary points of () are given by the eigenvectors of J. Let vy,---,v,

be the eigenvalues of .J where

V> > >, (3.21)

and let z;,---,z, be the eigenvectors of J. The maximum point is given by the
stationary point with the largest ). Since Q(z;) = v, Q(p) is maximized when

szl.D

3.3.2 Sequential Extraction of Cone Clusters

In the cone cluster extraction method, the clusters are extracted one by one. First
of all, the first cluster center p, is determined. Then, the samples close to the
center are extracted as a first cluster C;. The samples extracted as the cluster are
removed from the sample set, and the same procedure is repeated again to extract
the second cluster C,. The iteration continues until the sample set becomes empty
or the predetermined number of clusters are extracted.

We will explain how to choose the samples in the cluster C;. First, we define the

membership value of the sample 7, to C; as follows:
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uki = welde(p, 71))- (3.22)

Basically, the samples whose membership values are above the threshold are chosen

as the cluster. However, since the size of a cluster is various, it is not appropriate

to set a common threshold for every cluster. So, the samples of the cluster C; are

chosen by the following algorithm. Initially, Cy is a null set. The samples are added

to Cy one by one in descending order of u;,. The adding process continues until
Z Upi > 1) Zuki, (3.23)
t:eCy i=1

where 7 is the parameter which determines the cluster boundary.

3.4 Experiments on Robustness against Noise

In this section, the ARC method is applied to the artificial data which contain a
number of noises. The robustness against noise of the ARC method is compared
with those of C-Means and Noise-Resistent C-Means(NR C-Means)[11].

We produced 500 clustered samples and 300 noise samples on the two dimensional
region {(z,y)|0 < z < 1,0 < y < 1}. The clustered samples are placed at 7
positions using Neyman-Scott Process[1]. The procedure of Neyman-Scott Process

1s as follows:
1. Determine the number of samples contained in each cluster.

2. Set the central position of each cluster so that the distance between every two

centers 1s more than 0.2.

3. Produce samples of each cluster so that the distances from the samples to the

center have the normal distribution with expectation 0 and variance a?.

We prepared five kinds of test data with o = 0.02,0.04,0.06,0.08,0.1. The number
of samples of each cluster is determined randomly so that each cluster contains more

than 5% of all samples. The noise samples are scattered over the region according
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to the uniform distribution. This kind of test data is frequently used for evaluating
the robustness of the clustering algorithms against noise[27, 11].

In all methods, the number of clusters is set to the true number of clusters in
advance. In C-Means and NR C-Means, the initial cluster centers are determined

as follows:

1. The first center is chosen as the nearest sample to the arithmetic mean of all

samples.

2. Other centers are randomly chosen from the samples so that the distance

between every two centers is more than 0.2.

Ten trials are made and the most successful one which achieved the minimum value
of the error function is selected.

In the evaluation of results, the obtained cluster Cx(k = 1,---,¢) are matched
against the prepared cluster Bj(j = 1,---,c). The cluster Cj is judged as correctly

extracted, if

e There is a prepared cluster B; in which the 90% of the non-noise samples of

Ci are contained.
e No other cluster C;(2 # k) satisfies the first condition.

In C-Means and NR C-Means, each sample is assigned to the cluster which has the
largest membership value. We call the ratio of the number of the correctly extracted
clusters to that of prepared ones “the extraction rate”.

In the ARC method, the parameters are set as follows: n = 0.9,0 = 0.06. In
NR C-Means, the value of ¢ is set empirically at 0.12 as follows: the clustering is
performed at 6 = 0.1,0.11,...,0.2, and we chose the value that achieved the largest
sum of the extraction rates at a = 0.02,0.04,---,0.1.

The average extraction rate over 15 trials is shown in Fig.3.4. As a increases,
the duplication between clusters increases. So, dividing into clusters becomes hard

and the extraction rate decreases. The performance of C-Means is much worse than
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the other two, because C-Means does not assume the existence of noise. When « is
large, the ARC method performs better than NR C-Means significantly. The result
shows thet the ARC method has higher robustness than NR C-Meauns.

The example of clusters produced by the ARC method is shown in Fig. 3.2
(v = 0.06). The mark [ shows the cluster obtained at 7 = 0.99. You can see
that the noises are excluded and only high density areas are extracted. It must be
noted that the clusters extracted by our method are spherical. When a cluster is

not spherical, it is extracted as a sum of several clusters (Fig. 3.3).

3.5 Summary

In this chapter, we described the ARC method which is implemented by the combi-
nation of the inner product scaling and the cone cluster extraction. We compared
the noise robustness of the ARC method with that of NR C-Means method in the
experiment with artifitially generated samples, and found that the ARC method is
more robust to noises than NR C-Means. The suitable applications of the ARC
methods are considered to be the clustering where a lot of noises are included. The

following three chapters present the three applications of the ARC method.
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Figure 3.1: Cluster extraction rates of the ARC method, Noise-Resistent C-Means

and C-Means on noisy data



42

Chapter 3. Robust Clustering by Inner Product Scaling

Figure 3.2: An example of cluster extraction by the ARC method (1)
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Chapter 4

Application: Extracting Lines

from an Image :

4.1 Introduction

Extraction of lines from an image is an essential task in computer vision. Many au-
thors have reported various algorithms for line extraction, such as Hough Transfor-
mation and gradient-based methods[28]. Among them, clustering line segments[29,
30, 31, 32| is an effective approach for line extraction. A line segment is a small geo-
metric structure defined by two end points. Line segments are obtained by applying
the line fitting process to the output of the edge detection process. In many cases,
line segments lie along long straight lines. By clustering these segments, straight
lines in the image are extracted and the large linear structure can be found.

The line extraction process usually consists of two independent phases. First,
the “collinearity” (or similarity) of two line segments is measured based on their
directions and on the distance between their end points. Second, the clustering of
line segments is carried out. In our research, we will use the ordinal measure of
collinearity and focus our attention on the second part - the clustering algorithm.

As a clustering problem, the line extraction has the following three characteris-

tics:
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e The similarity between the samples is defined instead of the distance.

e Many noises are contained in the sample set.

e The number of samples and the number of clusters are very large.

The ARC method is considered to be appropriate for the line extraction, since the

characteristics are desirable for the method.

For the first characteristic, the ARC method is straightforwardly adaptable to
the similarity data. In the ARC method, the Gaussian similarity is used to perform
the inner product scaling as in (3.1). When you would like to perform clustering
using another similarity, the Gaussian similarity should be simply replaced by the
similarity. For the second characteristic, it has high robustness against noise. For
the third characteristic, the property that clusters can be obtained by analytical
computations is suitable for large scale problems. The partitional methods such as
NR C-Means might not be appropriate because the risk of stucking at local minima
is very high when the number of samples and clusters are very large. In this chapter,
we describe the application of the ARC method to line extraction, and its advantages

over the previous methods are discussed.

The rest of this chapter is organized as follows: In Sec. 4.2, previous methods
are reviewed and their problems are pointed out. In Sec. 4.3, the similarity measure
between the line segments is described. In Sec. 4.4, it is described how a cluster of
line segments is replaced by a longer line. In Sec. 4.5, we describe the experiments
where the ARC method is applied to a synthetic image, a natural image, and a rough
sketch. In Sec. 4.6, the line extraction process is extended to cope with arbitrary 2D
shapes. We will also show several preliminary experiments on 2D shapes. Finally.

we conclude our discussion in Sec. 4.7.
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4.2 Previous Clustering Methods for Line Ex-

traction

Let us review some of the previous clustering methods for the line extraction task.
The two well-known methods are the thresholding method[29] and the hierarchical
line clustering method|[30].

In the thresholding method, two line segments whose collinearity is above a
certain threshold are considered to constitute the same line. A cluster is formed by
traversing the segments whose collinearities are above the threshold. The advantage
of the method is its simplicity and high speed. The time complexity of this algorithm

is O(n?) and the storage requirement is O(n), where n is the number of line segments.

In the hierarchical line clustering method, it is repeated that the most collinear
pair of lines are merged into a longer line by the procedure described in Sec. 4.4.
The output of the algorithm is a binary tree whose terminal nodes are the original
line segments. Each non-terminal node is a line segment produced by merging of
its two children. Lines can be obtained by cutting this tree at a level where the
collinearity between lines are less than a threshold. This is a very slow method; the
time complexity of this algorithm is O(n?) and the storage requirement is O(n). Its
advantage over thresholding method is that the threshold can be determined after
grouping.

These two methods share one characteristic in common: they both use a thresh-
old to obtain clusters. The main difference between them is when thresholding is
conducted: before or after grouping. In these methods, the proper setting of the
threshold is very important to obtain desired results. If the threshold is too high,
the line segments will be divided into many clusters so that the extraction is almost
meaningless. On the other hand, if the threshold is too low, two kinds of problems
will occur: overclustering and noise inclusion. The overclustering is the phenomenon
that two obviously distinct lines are merged into one. On the other hand, the noise

inclusion is the one that the “noise segments” are included in the extracted lines.
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Figure 4.1: An example of weakly-collinear line segments with noise segments

The noise segments or “noises” are the randomly-oriented short segments produced
by the line segment fitting process. For example, if the image contains textured
areas (e.g. trees in scene images), these areas will be filled with noises. If noise
segments are by chance collinear and the collinearity between them is above the
threshold, they are clustered as a straight line. Noise inclusion emphasizes trivial
lines that do not belong to the structure of the contents in the image.

Consider the situation shown in Fig. 4.1. The line segments comprising a line
are weakly collinear, because the directions of line segments deviate from the true
direction of the original line during the edge extraction, thinning and line fitting.
There are several noise segments and some of them are collinear by chance.

Since the collinearity of the weakly-collinear segments is small due to the differ-
ence of directions, the threshold must be low to extract these segments as a line.
However, if the similarity between the noise segments are above the threshold, the

noise inclusion occurs. In such cases, it is impossible to cluster weakly-collinear line
segiments as a one line by a threshold.

4.3 Similarity between Line Segments

Since the line segment is characterized by the two end points in the two dimensional

space, the line segment is described as the four dimensional vector I;. The similarity
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between two line segments is determined by the parameters shown in Fig.4.2[33].

The similarity value between the two segments I, and 1; is

a(Cs — d/a)(§ = s)((c = ¢)
Cd(ch '

s(l, 1) = (4.1)

where a is the average of ¢; and a;, the lengths of two segments, d is the distance
between the nearest end-points, s is the difference of angles between two segments,
c is the average of ¢; and c¢;, which are the angles between the line connecting the
centers, (4,(, and (. are the constants that determine the effective ranges of these

variables.

4.4 Replacing Line Segments by a Single Line

When the clusters of line segments are obtained, each cluster has to be replaced
by a single straight line. The straight line replacing them is obtained as follows;
First, the straight line that minimizes the mean squared error of all the end points
to the line is constructed. Then, all the segments are projected to the line. The
end points of the straight line are determined as the two most distant points among
the end points of the projected segments. In the hierarchical line clustering, this
replacement procedure is used to merge two segments in the course of growing

clusters. In the ARC method, this replacement procedure is used after all clusters
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are found. However, you may replace each cluster one by one right after it is found,

since the clustering procedure and the replacement procedure are independent.

4.5 Line Extraction Experiments

4.5.1 Synthetic Image

With respect to the ability to extract weakly-collinear segments, the ARC method
and the hierarchical line clustering were compared using the synthetic image shown
in Fig. 4.3. There is a long line divided into 13 weakly-collinear segments in the
center of the image, and 150 widely scattered noise segments. The lengths of the
line segments were set to the same value. The direction of the segments belonging
to the line differs slightly from its true direction. The difference of the direction of
each segment was set randomly from —7° to 7°. The parameters were set as follows:
€a = 5,(, = 20°,(, = 20°. The task is to extract this long line without extracting
noise segments.

When the hierarchical line clustering was used with the threshold of 10 (Fig.
4.4(a)), the long line was broken into three pieces and four noise inclusions occured.
If you make the threshold higher, the noise inclusions can be resolved but the broken
lines will never be extracted as the line. For example, when the threshold was 14
(Fig. 4.4(b)), the noise inclusions decreased but the long line was broken into more
pieces. Whereas, if you make the threshold lower, the long line will be extracted
as the line, but the noise inclusions will never be reduced. For example, when
the threshold was 8 (Fig. 4.4(c)), the long line was extracted as the line, but the
noise inclusions increased. In this synthetic image, the noise inclusion could not be
avoided by adjusting the threshold without breaking the long line into pieces.

In contrast, in the ARC method, the noise inclusion could be avoided (Fig.
4.4(d)). The long line was extracted as the first cluster, and so no other lines were
extracted from noise segments. This result suggests that the ARC method is superior

to the hierarchical line clustering in extracting weakly-collinear segments.
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Figure 4.3: Synthetic Image with Noise

4.5.2 Textured Image

The line extraction was applied to a natural scene. The image used for the exper-
iment is the snapshot of a square paper placed on small pebbles(Fig.4.5(a)). The
purpose of the experiment is to extract the four lines that correspond to the bound-
ary of the paper. In the line extraction tasks from natural scenes, such textured
images are considered to occur frequently.

Edge detection, binarization, thinning and line segment fitting are performed on
the image. The obtained line segments are shown in Fig. 4.5(b). The small line
segments whose length is less than 3 pixels are omitted. The texture of pebbles
produces the noisy line segments.

The similarity between the line segments l; and 1; is determined as follows:
d
s(lily) = exp(—a - — = —), (4.2)

where £4, &, €. are the weights. Here, the weights are set as follows: &; = 80(pixels),
‘Ss - fc = 10°.
Fig. 4.5(c) shows the extracted lines by the ARC method. You can see the

four lines of boundary are almost completely extracted. On the other hand, Fig.
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Figure 4.4: Results for a synthetic image with noise
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4.6(a)(b)(c) show the extracted lines by the hierarchial clustering with the threshold
0f 0.2, 0.4, 0.6, respectively. In the case of low threshold, the four lines are extracted,
but many noise lines are also extracted. On the other hand, in the case of high
threshold, the four lines are not extracted at all. You can see that the four lines
cannot be extracted without extracting noise lines simply by the adjustment of
threshold. This result suggests the effectiveness of the the ARC method in image

processing tasks.

4.5.3 Rough Sketch

The application of the line extraction is not limited to computer vision. The line
extraction is applicable to reforming a rough sketch[33]. A rough sketch is a kind of
record of the design process and so several ideas are presented at the same time in a
sketch. A rough sketch has a characteristic that several lines are drawn to represent
a line. Our primary objective is to cluster such lines into the line which the designer
wanted to draw. This clustering can help the designer summarize his ideas. We call
this task the rough sketch reforming.

In this experiment, both the ARC method and the hierarchical line clustering
were applied to an on-line rough sketch. Since this sketch of a car is drawn on an on-
line environment, tracks of the pen can be obtained. Line fitting process is applied
to these tracks instead of the pixels in the image. In the on-line environment, no
noise segments are caused by edge extraction process and thinning process[33].

The original image contains 2315 line segments (Fig.4.7). 100 straight lines
were extracted by the ARC method (Fig.4.8(a)) and there were 1149 line segments
that remained unclustered. The reformed result was made by joining the extracted
straight lines and the unclustered line segments (Fig. 4.8(b)). Therefore, the number
of the lines in the reformed result was 1249. The parameters were set as follows;
e =1,(, = 12°,(, = 8°. In the reformed result of the ARC method, overlapped
strokes were clustered into a single line and the sketch was simplified as a whole.

However, several overclustered segments were found (e.g. in the wheels of the car).
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Figure 4.5: Extracted straight lines from a textured image by the ARC method
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Figure 4.7: Original Sketch (2315 lines)

The reformed result by the hierarchical line clustering is shown in Fig.4.8(c).
The number of lines in the reformed result of the hierarchical clustering is equal
to that of the ARC method. We can visually compare the two methods on the
occurence frequency of overclustering, since the difference is obvious: the number
of overclustering caused by the ARC method is less than that of the hierarchical
clustering. To reduce the overclustering in the hierarchical line clustering method,
the threshold must be set lower, which will then sacrifice the reforming effect. This
result shows that the ARC method outperforms the hierarchical line clustering on

reforming the rough sketch.

4.6  Rotation Invariant 2D Figure Extraction

By several modifications on the similarity computations, arbitrary 2D figures can
be extracted by the ARC method. In this section, we will show a simple example of

extracting 2D figures.

We assume that the image is represented by a set of line segments like the cases
of line extraction. The template of the figure is also represented as a set of line
segments. The similarity between the two line segments in the image 1s determined

according to the probability that the two segments simultanously belong to the

4.6. Rotation Invariant 2D Figure Extraction
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Figure 4.8: Line extraction from a rough sketch
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figure of the template. Then, the ARC method is performed, and the figures are
extracted as clusters of line segments.

This method has the drawback that the number of line segments in the template
must be equal to that of the figure in the image. Therefore, this method is not
scale-invariant. But, this method is rotation-invariant, since the relational position

of line segments is used for matching.

4.6.1 Similarity based on Template

In 2D figure extraction, the similarity should be determined based on the probability
that the two segments simultanously belongs to the figure. First, five basic features

are defined on the two line segments (Fig. 4.9).
¢ : The angle between two line segments.

al : The distance between the crossing point K and Al (i.e. the nearer end point

of line segment A).

a2 : The distance between the crossing point KX and A2 (i.e. the farther end point

of line segment A).

b1 : The distance between the crossing point K and Bl (i.e. the nearer end point

of line segment B).

b2 : The distance between the crossing point K and B2 (i.e. the farther end point

of line segment B).

Let the line segments of the template be L,(p = 1,---,m), and the feature
values of L, and L, be ©,,, Al,, and so on. Let the line segments of the image
be Ii(z = 1,---,n), and the feature values of l; and 1; be 6,5, al;; and so on. The
similarity between 1, and l; is obtained as follows:

o) = max simllL, Ly, L), (i = 1o, m), (43)

where
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Figure 4.9: Similarity for 2D Figure Extraction

Sim(lg, lj, Lp, Lq) = 'v(alij, a.?;j,Alpq,Aqu)'v(bli]-, b?,‘j, Blpq, szq)(Qt — I@,‘j - qul)

and

0 (al > A42) or (a2 < Al)

1 (al > Al,a2 < A2)

v(al,a2, A1, A2) = { (A2 —al)/(A2 — A1) (Al <al < A2,a2 > A2) .
(a2 — A1)/(A2 — A1) (Al < a2 < A2,al < Al)

(A2 — Al)/(a2 —al) (al < Al,a2 > A2)

The similarity s(l;,1;) is determined as the maximum value of stm(l, 1, Ly, Ly ),
which is defined as the difference of the angle and the degree of overlap v of the line
segments. The variable simn(l;,1;,L,, L;) has a large value when the angle difference
is small and the overlap is large. The parameter 6; is a threshold of the angle

difference, which was set to 3° in this experiment.

4.6.2 Experimental Result

We extracted the template figure shown in Fig. 4.11(b) from the image in Fig.
4.11(a). The image and the template were respectively divided into line segments

such that the length of every line segment is 10 dots (Fig. 4.11(c)). Then, the
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Figure 4.10: Clustering-based Token Extraction System

number of line segments in the image was 160 and that of the template was 32.
The similarities were set between every two line segments in the image. They were
normalized so that the maximum value becomes 1. Lines in Fig. 4.11(d) indicate
the similarity values between the line segments are more than 0.2. You can see
that there are high similarities between the line segments that consists the figures
which match the template. We extracted two clusters using the ARC method and
the results are shown in Fig. 4.11(e),(f). You can see that the correct figures are

extracted regardless of the rotation.

The basic element of images are called “tokens”. Tokens include regions, edge,
lines and so on. So far, many specialized methods are proposed for each kind of
the tokens, but there is no method that can deal with all tokens. Since all tokens
can be considered as clusters of pixels, the ARC clustering method has a possibil-
ity to provide a unified framework for extracting various tokens. The overview of
the clustering-based token extraction system is shown in Fig. 4.10. This system
consists of two sections. The similarity section calculates the similarities between
pixels according to the properties of a particular token. Then, the clustering sec-
tion produces clusters that correspond to the tokens. Since the clustering section is

independent from the similarity section, this part can be implemented by hardware.

4.6. Rotation Invariant 2D Figure Extraction
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Figure 4.11: Extraction of 2D figures by the ARC method
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4.7 Summary

In this chapter, we applied the ARC method to the line extraction process. As
a result, weakly-collinear line segments are successfully clustered as a line, which
was very difficult for the conventional threshold-based methods. We have applied
the method to rough sketch reforming and confirmed that it outperforms the hier-
archical line clustering method. The ARC method performed well also in the line
extraction from a natural textured image. The ARC method could be applied to

other extraction tasks from an image even when many noises are included.

Chapter 5

Application: Clustering-based

Browsing of Document Database

5.1 Introduction

In general, there are two ways to access a document database; searching and brows-
ing. In searching, a user makes a query with keywords and the retrieval system
returns the documents related to the query. In browsing, the user examines the
whole database and looks for the documents that match his interests. If the user
has a definite idea of what he needs, choosing keywords is an easy job. If not, the
user needs to browse over the database first to make his needs more clear. Browsing
function is indispensable for those who have vague needs.

In the vector space representation[5], a document is represented by a vector of
the term occurence frequency. Let the whole document database has ¢ unique terms,
then terms can be indexed from 1 to ¢. Since there are so many terms as listed in
the dictionary, ¢ is usually very large (10* ~ 10*). A document is represented by a g¢-
dimensional feature vector, where the i-th element denotes the number of occurence
of term ¢ in the document (Fig. 5.1). In document clustering, the normalized
cosine[5] is used for measuring the similarity between the documents.

So far, document clustering is mainly used to increase the efficiency of keyword

63
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Documents
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Figure 5.1: Vector space representation of documents
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search[34, 24]. The purpose of the keyword search is to find the documents that
contain user-specified keywords. To make the keyword search efficient, the number
of examined documents should be reduced. First, the documents are divided into
clusters and the vectors of the documents of each cluster are summed into one vector.
If user-specified keywords are not indicated in the summed vector of a cluster, you
need not to refer the documentsin the cluster, which reduces the number of examined

documents effectively.

Document clustering is recently used as a powerful tool for browsing [15]. An
outline of cluster-based browsing system is shown in Fig. 5.2. The documents are
indexed by the term occurrence frequency and pairwise similarities are set according
to the number of common terms. Similar documents are clustered and a represen-
tative document of each cluster is shown to the user. The user can get the whole

view of the database without examining documents one by one.

There are two requirements for a document clustering method. First, the method
must make “tight” clusters, in which documents are connected with high similarities.
In order to infer the contents of one cluster from a representative document, the
similarities between the representative and each of the other documents must be
high enough. Second, the method must be fast with regard to the processing time.
When the browsing system is used combined with the retrieval system, the user
repeats browsing and retrieval alternately. Clustering should be done in a time

tolerable for user interaction.

Most of existing document clustering methods are agglomerative methods. They
repeat finding the most similar pair of clusters and merging them to make a larger
cluster. Among the agglomerative methods, Complete Link method is recommended
by the tightness of the clusters[24]. But its time complexity is O(n*), where n is
the number of objects. In contrast, the time complexity of Single Link is O(n?), but
known to make meaningless clusters[24]. None of these methods could satisfy both

requirements.

In this chapter, we apply the ARC method to the document clustering in order
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to construct a browsing system. Then, we will show that the ARC method can
satisfy these two requirements. We examined the tightness of clusters produced by
the ARC method and found our method can produce as tight clusters as Complete
Link. And we compared the actual computational time of the ARC method with

that of Complete Link using a workstation.

In many cases, the input to an information retrieval(IR) system is the output
of an OCR system[35]. Though such OCR-ed documents contain certain amount
of recognition faults, existing IR systems pay no attention to this problem. We
evaluated our document clustering method with faulty documents and measured
the deterioration of the tightness of clusters. As a result, when the recognition rate
was more than 84.4%, our method could produce tight clusters usable for browsing.

Thus, our method can be used as a tool of browsing the faulty documents.

Clustering terms also plays a great role in information retrieval systems. Since
the representation of terms is very similar to that of documents, the clustering
methods applicable for document clustering is also applicable for the term clustering.
A term is represented by a vector whose i-th element is the number of the term
contained in the i-th document. The similarity between two terms is measured by

the cosine measure|[5].

The term clustering is useful for reducing the number of dimensionality of the
document vector. By replacing the terms by the term clusters, the dimensionality
of the document vector reduces to the number of clusters. In order not to lose
the retrieval accuracy, it is important that a cluster contains the terms which have
mutually related meanings. When irrelevant terms are contained in a cluster, the

query will retrieve many irrelevant documents, which is very annoying for users.

Since we only deal with the occurence frequencies, the semantic processing to
exclude irrelevant terms is difficult. But, there is a class of irrelevant terms which
can be found from the occurence frequencies. Such terms are called “trivial terms”.
The trivial terms are the ones that appear in documents regardless of the contents,

such as “the”, “degree”, “important” and so on. The occurence frequency of a
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trivial term is considered to be almost constant for every document. As a result,
the similarities between a trivial term and other non-trivial terms tend to have
a constant small value. So, the trivial terms can be considered as “noises” in a
framework of clustering. Therefore, the robustness against noise of the ARC method
can contribute to exclude the trivial terms from the clusters. We will evaluate the
ARC method from a viewpoint of the robustness against the trivial terms.

In Sec. 5.2, the similarity measure between documents is discussed. In Sec.
5.3, 1t 1s explained how to determine the representative document in a cluster. In
Sec. 5.4, the representative documents of the articles of IEEE Trans. PAMI are
extracted using the ARC method. In Sec. 5.5, the performance of the ARC method
is evaluated in comparison with agglomerative methods. In Sec. 5.6, the ARC

method is applied to term clustering. Sec. 5.7 is the concluding remarks.

5.2 Similarity between Documents

In this section, we define the similarity between two documents. Here, we assume
that the documents in the document database are indexed from 1 to n, where n is
the number of documents. Also, we assume that the terms are indexed from 1 to g,
where ¢ is the number of unique terms in the document database. Let wj; be the
number of the term j contained in the document 7.

In vector space representation[5], which is commonly used in information re-

trieval, the document i is represented by the g-dimensional vector
V= (Uilr"'sviq): (5.1)
where v;; is the tf x 7df normalized term frequency[5] described as
j ), (5.2)

where n; is the number of documents that include term j. The similarity between

n—n,-

vij = wij logy(

two documents v; and v; is defined by the cosine measure[5] as follows:

, viy
s(vi,v) = ——1___ 5.3
D= (5:3)
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5.3 Selecting Representative Documents

Let a document cluster Cy(k = 1,---,¢) is denoted as a set of the documents and

described as
Ck = {Vkls“'7vknk}a (54)

where ny is the number of documents in the cluster.

To inform users the contents of the document cluster Cy, a representative doc-
ument ry is selected from vy, ---,vy,, and its title is shown to users. The rep-
resentative document is determined based on the sum of similarities to the other

docuinents in the cluster:

Mg

E(vii) = s(Vii, Vi)) (5.5)

i=1
The document with the largest value of E is selected as the representative document

ry.

5.4 Representative Documents of PAMI

In this section, we present the representatives extracted from real document images.
These images consist of 97 papers and correspondences of JEEE Transactions on
Pattern Analysis and Machine Intelligence (from Jan. 94 to Aug. 94). The first
page of each paper is scanned and recognized. By a recognition method described
in [36], the recognition rate was 99.0%. Here, most recognition faults are caused by
segmentation faults. We used the word dictionary of uspell (103535 words) to verify
extracted terms and the term that has no entry in the dictionary is not counted.
As a result, the term loss ratio was 3.2%. We must note that the recognition rate
and the term loss ratio are just estimated values based on the investigation of only
3 documents. We used the ARC method for clustering these documents.
Representative documents of PAMI are shown in Table 5.1. We also show a

brief description about the topic of a representative and the number of documents
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Table 5.1: Representative documents of PAMI

Topic Documents | Representative
3-D Vision 19 Shape from focus (pp.824-830)
2-D Figure Analysis 14 Local versus Nonlocal Computation of

Length of Digitized Curves (pp.726-733)

Character Recognition 9 Recognition of Handwritten Cursive

Arabic Characters (pp. 664-672)

Classifier 7 Feature Preserving Clustering --- (pp. 554-560 )
Texture 6 Texture Segmentation Using --- (pp. 130-149)
Morphology 6 Algorithms for the Decomposition of

Gray-Scale Morphological Operations (pp.581-588)
Others 36

considered to be relevant to each topic. It seems that the representatives reflect
most important topics. However, we suppose that you can not judge our browsing
system is good or bad only from this result. In the next section, we will establish
the goodness measure of representative documents and evaluate our system quanti-

tatively.

5.5 Performance Evaluation

The plain-text database we used was the CF database[37]. This database consists of
1239 medical documents, but the documents with abstracts are only 683. Since we
used the abstracts to index documents, we rebuilt our database from 683 documents.
We applied three clustering methods(the ARC method, Complete Link and Group
Average) and random choosing to produce document clusters.
We defined the score of representatives as the average of the similarity between
a document and the representative that is most similar to it.
score_of representatives = Zn: max s(v;,ry) (5.6)

= k=1,.c
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Fig. 5.3 shows the score of representatives of the database. We extracted 3-
19 representatives using 3 clustering methods and random choosing. The score
of random choosing was averaged over 50 trials. Naturally, the score of random
choosing is the worst, and this is the lowerbound of the score. The score of the
ARC method compares favorably with that of Complete Link, regardless of the
number of representatives. The score of Group Average is almost equal to the other
two clustering methods when the number of representatives are few, but as the
number of representatives increases, the score gets worse. This result means the
representatives produced by the ARC method are comparable to those by Complete

Link and are better than those by Group Average.

Fig. 5.4 shows the computation time of Complete Link and the ARC method.
In the eigenvector calculation of the ARC method, we used the Lanczos method|38],
which is an efficient method for calculating several eigenvectors corresponding to the
largest eigenvalues. The time complexity of the Lanczos method is O(n?)[39]. This
experiment was performed on a random sparse similarity matrix whose non-zero
ratio is 10%, since the similarity matrix of documents is usually sparse[24]. The
machine used here was Sun SS10(50Mhz). As a result, the ARC method was faster

than Complete Link although it needs floating point calculations.

5.6 Experiment on OCR-generated Documents

In this section, we deal with OCR-generated documents that contain recognition
faults and examine the effect of recognition faults on the tightness of document
clusters. The experiment of document clustering needs a large number of texts, but it
is very hard job to scan and recognize a large number of document images. Moreover,
minute control of recognition rate by corrupting real images is very difficult. So, we
employed an OCR simulation system, SimOCR|[40], which substitutes a character for
another character according to an OCR model. We also simulated the postprocessing

facility that can recover a term with one fault, and terms with more than 2 faults
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were discarded. We used the same 683 abstracts from CF database as an input to
SimOCR. As a result, the term loss ratio was 22.7% at 85% recognition rate, 14.4%
at 90%, 4.3% at 95%, and 0.5% at 99%, respectively.

Fig. 5.5 shows the scores of the ARC method and Complete Link at various
term loss ratio. Clustering was performed with the similarities changed by term
loss and the scores were calculated with original similarities. Here, the number of
representatives was fixed on 15. To evaluate the effect of the term loss to the users’
browsability, it is necessary to make clear the correspondence between the score and
the browsability. To discuss this correspondence, we refer to another research about
cluster-based browsing[15]. Since Group Average-based clustering is used and gives
good browsability in this research, we assume that Group Average can produce tight
clusters enough to be used for browsing. According to Fig. 5.3, the score of Group
Average at 15 representatives is 0.273. In Fig. 5.5, the score of the ARC method
1s more than 0.273, when the term loss ratio is less than 24.4%. So, we conclude
that the ARC method can make clusters usable for browsing up to 24.4% term loss

ratio(84.4% recognition rate) at least.

5.7 Experiment on Term Clustering

Clustering terms can be performed in the similar way as clustering documents. The
term j is represented by a n-dimensional vector of the occurence frequencies in the

documents:
hy = (wyj, -+, wy). (5.7)

Then, the similarity between the two terms is obtained by the cosine measure.
T

stheby) = TR T

(5.8)

We extracted term clusters from a document database of the abstracts of 100
Japanese papers published by the information science department in Kyoto Univer-

sity in order to examine the robustness against trivial terms. The terms which are
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Table 5.2: The document database used in the term clustering experiment

Name Thesis
The number of documents 100
The number of unique terms 2329
The number of terms 14473
The number of terms in each document 94~234
The property of documents Abstracts of scientific papers

contained in the dictionary (19653 Japanese terms) were extracted using the ex-
haustive text search algorithm of Senda. et. al[41] This database is called “Thesis”
and the properties of this database are shown in Tab. 5.2.

The ARC method was performed and we obtained 6 clusters. We will show that
the trivial terms are excluded from the clusters. To evaluate the degree that a term

is trivial, we defined the “degree of importance” «; as follows[5]:

Q; = max w log, — a]-’ (5.9)
i=1n ;
where
aj = Z'w,']‘. (510)
=1

When the terms are concentrated on a small number of documents, a; is large. For
trivial terms, the occurence frequencies tend to be constant over all documents, so
a trivial term has a small degree of importance.

In this experiment, we measured the averages of the degree of umportance a;

over the following three term sets.
o Term set A: All the terms in extracted clusters.

® Term set B: The b terms which have the largest total occurence frequencies,

where b is the number of terms extracted in the clusters.
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Table 5.3: The most frequently occuring 17 terms in the database (The ones which

are not extracted as clusters are underlined)

Terms Processing Parallel Image Research System
Frequencies 238 160 139 132 131
Information | Contents | Recognition Logic Character | Important

125 107 105 103 102 89

Model Abstract | Computer | Language | Development Object

83 83 81 80 79 71

e Term set C: Randomly chosen b terms.

In Fig. 5.6, the averages of the degree of importance over the three sets against
the number of clustered terms b are shown. The number of clustered terms varies
due to the threshold 5 in Chap. 3. Since the degree of importance of the set A is
larger than those of B and C, it is considered that the extracted clusters have the
tendency to exclude trivial terms. Tab. 5.3 shows the most frequently occuring 17
terms. We underlined the terms that are not extracted as clusters. you can see that

the trivial terms such as “important” and “contents” are excluded.

5.8 Summary

In this chapter, we applied the ARC method to document clustering and evaluated it
as a document database browser. As a result, the clusters tighter than agglomerative
methods could be obtained in less computation time, which is desirable for extracting
representative documents. We also investigated the effect of character recognition
faults on document clustering and found our method can make tight document
clusters usable for browsing up to 24.4% term loss ratio. In the future work, we will
combine our system with an IR system and evaluate the user supporting performance

of our system.
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Chapter 6

Application: Generating
Prototypes from Training

Samples

6.1 Introduction

Pattern recognition is the task to assign a label of a priori defined classes to an
object. An unlabeled sample x € R? is classified to the class L0 = 1,---,q)
according to various rules. The rules are inferred from the examplar samples that
are already labelled. These samples are called “training samples”. The training
samples of class I'y are denoted as ty(7i = 1,---,n).

The nearest neighbor method[6] is the most fundamental pattern recognition
method. When the unlabeled sample x is given, the nearest training sample is
searched, and x is classified to the class which the nearest training sample belongs to.
Because of its simplicity, the nearest neighbor method is used in many tasks[42, 43],
and there are a lot of theoretical works about it[44, 45].

But, the computational cost of the nearest neighbor is large in comparison with
other classifiers, because the distance to every training sample has to be computed.

To reduce the computational cost, the reduction of the training samples is required.
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The reduced training samples are called “prototypes”[46]. The prototypes should
be generated so that the loss of the classification accuracy is minimized.

Clustering methods are often used for this purpose[47, 46, 48]. The training
samples are partitioned into several clusters and the reduced training set (i.e. the
prototype set) is obtained as the cluster centers.

The points which are classified to the class I'; by the nearest neighbor method
form a region Ry:

Re= U1 Ty, (6.1)

where
T ={x| || x=ta lI<|| x=ti; |, (VEk#LV)#10)} (6.2)

We call this region “the class region”. The whole feature space is partitioned by
the class regions thoroughly. Since the classification result of the nearest neighbor
method depends solely on the partition, the prototypes should preserve the partition
in order not to reduce the loss of the classification accuracy.

In the prototype generation, the most frequently used method is the C-Means
method[16, 46, 47]. But, due to the weakness against noise, the C-Means method
tends to change the partition largely due to a few noise training samples, which are
characterized as the training samples whose distances to the others are large. A
noise training sample forms a isolated region from the region of the majority of the
training samples, and the regions of other classes lie between the two regions (Fig.
6.1).

Since the C-Means classifies all the samples to clusters, the noise training sample
is classified into a certain cluster. By the inclusion of the noise training sample, the
center of the cluster is biased toward the noise training sample, because the center is
obtained as the arithmetic mean of the samples in the cluster. The bias of the center
is reflected as the bias of the prototype and, as a result, the class region grows toward
the noise sample and invades the regions of the other classes. The invasion changes

the partition substantially and leads to the loss of the classification accuracy.
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Region of
Class A

Region of a noise
training sample
of Class A

Figure 6.1: The class regions with a noise training sample

When there are noise training samples, the clustering method that has the ro-
bustness against noise is needed to avoid the loss of the classification accuracy. We
have already shown that the ARC method has the high robustness against noise in
Chap. 3, and so the prototypes generated by the ARC method might have less loss

of the classification accuracy than those by C-Means.

In the experiments of 3D object recognition[17] and Hiragana recognition[19, 49,
18], we examined the classification accuracy of the nearest neighbor method with
the prototypes generated by the ARC method and the C-Means. As a result, the
ARC method achieved the higher classification accuracy with the same number of
the prototypes. This result shows that robustness against noise is needed to generate

the prototypes with the small loss of the classification accuracy.

The rest of this chapter is organized as follows: In Sec. 6.2, the prior works on
pattern recognition are briefly reviewed. In Sec. 6.3, we will explain how to generate
the prototypes by clustering. In Sec. 6.4, the 3D object recognition experiment
is performed to evaluate the prototypes. In Sec. 6.5, the Hiranaga recognition

experiment is also carried out. Sec. 6.6 describes the summary.
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6.2 Prior Works on Pattern Recognition

In this section, a brief review of pattern recognition is made from our own point of
view. In classifying pattern recognition methods, there are many ways: parametric
vs nonparametric, nonlinear vs linear and so on. But, one of the most important
distinctions is that the classifier is prediction-based or regression-based.
Prediction-based methods use the distances to classes in classification. The dis-
tance to a class is derived as follows (Fig. 6.2): First, a class [y is described with
a set of points in the feature space called a predictor set P¢[50]. In discrete cases,
the predictor set P, consists of the training samples t¢,---,ts,, or the prototype
samples derived from the training samples. in continuous cases, the predictor set is

described by a function of the training samples:
Pe={x|x = fi(te, -, tem)} (6.3)

This function is called a predictor function. Then, when an unlabeled sample x is
given to be classified, the distance to P, is obtained based on a user-defined distance
measure M(x,P;). A frequently used distance measure is the nearest neighbor

metric:
M(x.P,}) = mi X — 2
I( s e) gell;’n, || P || . (6-4)

Then, x is classified to the class with smallest M(x, P;).

In discrete cases, the training is performed by choosing the prototype samples. In
continuous cases, the training is done by determining the parameters in the predictor
function f;. Usually, the training is formulated as an optimization problem such that
a specified criterion is optimized.

The prediction-based methods include Nearest neighbor[6], LVQ (learning vector
quantization)[51], Gaussian mixture|6], subspace methods(25], and several methods
using splines as the predictor function[17, 52|.

In regression-based methods, the classification is performed using a regression
function g¢(x,0),x € R¢, where 6 is a vector of parameters (Fig. 6.3). The pa-

rameters are trained so that g(x, @) indicates 1 and 0 when x belongs to class I’y

6.2. Prior Works on Pattern Recognition
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and other classes, respectively. The optimal 8 can be obtained as a solution of the

following simultanous equations.

olte8) = 1 (i=1,-.n) (6.5)
gf(tkiaa) = 0 (i=1,~--,n,k7€€), (66)

where t;; and ty; are the training samples of class I'y and Iy, respectively. These
equations are often nonlinear, so a nonlinear optimization method is required to ob-
tain a solution. In classification, the unlabeled sample x is substituted into g/(x, 8),
and the sample is classified to the class with the largest value.

Most of the neural networks classifiers belong to the regression methods. Two
major ones are multilayer perceptrons[53] and radial basis function (RBF) networks[54].
Also, any regression method can be applied to pattern recognition in the same man-

ner.

6.2.1 Nearest Neighbor

The nearest neighbor method is a prediction-based method, where the predictor set

is the set of training samples,
Pf - {tfla"'atfn}a (67)
and the distance measure to the predictor set is the nearest neighbor distance:
J.M X P - 1 - 2 . .
(x.Pe) = min || x —p | (6.8)

There is a extended version called K-nearest neighbor[42, 43], where an unlabeled
sample is classified to the class which has the largest number of samples in the
k-nearest samples.

The advantage of the nearest neighbor method is its simplicity. It is easy to
implement and to analyze. But, it is known that the classification accuracy of
this method is not high, especially when the number of samples is small[55]. The
situations that the nearest neighbor method can be used are limited to very easy

pattern recognition problems where the classes have almost no overlaps.
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Figure 6.3: Regression-based method in the case of 2 classes
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6.2.2 LVQ

The learning vector quantization (LVQ) is an expanded form of the nearest neighbor

method. The predictor set consists of the prototype samples:

Pe={Qe1, " Qem ) (6.9)

and the distance measure to Py is the nearest neighbor metric.
The prototype samples are determined so that each of the training samples is
classified to its own class. Although many improved forms are proposed, the most

basic algorithm is described as follows[53]:
e The prototype samples are initialized randomly.
e For each of the training samples t,(¢ = 1,---,c,7 = 1---,n), the following
procedure is repeated.
— Let the nearest prototype sample from tg; be q,,.
— if r = ¢, the prototype sample q,; is moved to
qr; +a(X —qr ). (6.10)
— if r # £, the prototype sample q,; is moved to
q,;, — (X —qy; ) (6.11)

It is desirable for the learning constant a to decrease monotonically with the
number of iterations. For example, @ may initially be about 0.1, or smaller, and
the decrease linearly with the number of iterations. After several passes through
the input data, the prototype samples would typically converge, and the training is

complete.

6.2.3 Gaussian Mixture

The Gaussian mixture method[6, 56] is also a prediction-based method, where the
class conditional distribution is assumed to be the mixture of sevaral Gaussian

distributions[6]. The predictor set is the prototype samples:
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Pe={qa, ", qem}, (6.12)

and the distance measure is

M(x,Pe) = —log(3" ae exp(—li—:a—iq—hﬁ)), (6.13)
i=1 b

where
iaﬁ = 1. (6.14)
i=1

The training is performed so that
i M(te, Pe) (6.15)
i=1

is minimized. Here, there are three kinds of parameters, ay.qq and oy, so the
optimization of these parameters is extremely difficult. Therefore, the application

of the Gaussian mixture to real-world large-scale problems is not realistic.

6.2.4 Multilayer Perceptron

The multilayer perceptron is a regression-based method where the regression func-
tion is composed of sigmoid functions[53, 57]. The network structure of standard
three-layered perceptron is shown in Fig. 6.4. Each node performs as an activation

function:
P
(Y wiy), (6.16)
=1

where z,,- -+, z, are input variables, wy,---,w, are parameters, and z is a sigmoid

function such as

1
z = — 6.17
(2) 1+ exp(—z) (6.17)
Therefore, the regression function of the multilayer perceptron is as follows:
@)y ()
ge(x) = Z(qu Z(Z wy, zi)), (6.18)
j=0 1=0
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outputs

hidden
nodes

Figure 6.4: An example of a multilayer perceptron having three layers. The bias

parameters are shown as weights from extra inputs having a fixed value 1

(1)

jt

are the weight parameters in the first layer, w§2)

; are those in the sec-

where w
ond layer, and m is the number of hidden nodes. Since the regression function is
highly nonlinear, local minima problem is very serious in the multilayer perceptron.
There is a parallel optimization algorithm called “back propagation”[6]. However,
this algorithm cannot avoid local minima, and much worse, it is not guaranteed to

converge to local minimaf53].
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6.2.5 RBF Networks

The RBF network[6, 54, 58] is a regression-based method where the regression func-

tion is summarized by the following general form:
ge(x) = > we®((x —yi)  (x = yi)), (6.19)
=1

where ®((x—y;)?(x—y;)) denotes the kernel function whose central point is y; € ®*,
and wy; denotes the weight value assigned to the kernel function. Normally, Gaussian

function is chosen as the kernel function, that is,
P(z) = exp(%), (6.20)

where o is a parameter that determines the width of Gaussian. The RBF network
consists of m kernel function nodes and one sum-up node as shown in Fig. 6.5.
When the width is fixed to a certain value and the central points are chosen from

training samples, that is,
vi€{tglt=1,---,¢c,)=1,---,n}, (6.21)

the weight parameters can be obtained analytically. Let the m-dimensional vector
of weight parameters be w,. This vector can be obtained as the solution of the

following linear simultanous equations:
AWg = b[, (622)

where A is a m x m matrix whose (i, 7) element is

ai; = ((yi = y,) (vi — ¥5)), (6.23)

and by is a m dimensional vector such that
1 yiely
b = { _ (6.24)
0 yvigle
However, if the central positions and the width are assumed to be variables, the

nonlinear optimization is needed for training[59].
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Sum Up Node

n Kernel Function Node

Figure 6.5: Network structure of RBF network
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6.3 Generating Prototypes by Clustering

In the generation of the prototypes, the m prototypes ps,---,Pem are generated

from the training sample set of the class I'y:
72: {tflr.'.vt’fn}' (625)

When the clusters Cy, - --,C,, is obtained from 7, one prototype is generated from
a cluster as the mean of all the samples in the cluster:
1
pi=— t (6.26)
N tec;

where n; is the number of elements of C;.

6.4 3D Object Recognition Experiment

In this section, the performance of the nearest neighbor method with the prototypes
generated by the C-Means method and the ARC method is examined in the 3D
object recognition experiment. The 3D object recognition is selected here as it is a
typical and practical pattern recognition problem. Eight objects shown in Fig.6.6
are used. The objects are rotated to random directions around the center of gravity,
and projected to 2D images. As a result, 80 images are obtained for each object
(Fig. 6.9 and Fig. 6.10). A half of those images are used for training and the others

are used for testing.

6.4.1 Derivative of Gaussian Filter

In feature extraction, we used the derivative of Gaussian (DOG) filters[60], because
they are considered as the good approximation of the feature extration filters in the

human fovea[60]. In this method, the Gaussian filter,

22 4 o2
Glr,y) = eXp(—I :;y ), (6.27)

is differentiated to be directional filters:
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Figure 6.6: 3D objects used for the experiment

dk

T
The DOG filters are rotated to be selective for particular directions, where the
angle of rotation is denoted as 6. In this experiment, the nine filters shown in Fig.

6.7 were used in the 12x12 grids on the image. Therefore, the dimensionality was
12x12x9=1296 here.

6.4.2 Experimental Result

The error rates of the nearest neighbor method based on the prototypes generated
by the ARC method and the C-Means method are shown in Fig. 6.8. The number
of prototypes was changed from 2 to 10. In the ARC method, n was set to 0.25 and
o was set to 2300. In C-Means, ten trials were made with different initial cluster
centers, and the one trial which achieved the smallest error is adopted.

When the number of prototypes was small, the error rate of the C-Means is
smaller than that of the ARC method. It shows that the prototypes by the ARC

method are concentrated in a small part of the class region and do not cover the

6.4. 3D Object Recognition Experiment

(g) k=3,0 =45° (h) k= 3,0 =90° (i) k=3,0 = 135°

Figure 6.7: Nine derivative of Gaussian filters used in the experiment
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whole region, because the number of the prototypes is too small. But, as the number
of the prototypes increases, the ARC method outperforms the C-Means method.
The result shows that the robustness against noise works to improve the classification

accuracy.

6.5 Hiragana Recognition Experiment

Here, we deal with 71 Hiraganas (Fig. 6.12), which is a small subset of Kanji
characters, Character images are derived from the ETL9B database, which contains
200 images for each character. We used randomly chosen 160 characters for training

and the rest 40 characters are used for testing.

6.5.1 Contour Direction Histgram Feature

In the feature extraction method called “contour direction histgram”(CDH) [18, 61],
the character image is divided into 7x7 blocks first. In each block, the contour is
traced and digitized into four directions (0,45,90,135 degrees), and the direction
histgram is computed as shown in Fig. 6.13. As a result, characters are represented

in a 196 (7x7x4) dimensional feature space.

6.5.2 Experimental Result

The error rates of the nearest neighbor method based on the prototypes generated by
the ARC method and the C-Means method are shown in Fig. 6.14. The parameters
of the ARC method were set as follows: 7 = 0.4, 0 = 20, and we made ten trialsin C-
Means. We had a similar result also in Hiragana recognition experiments: The error
rate of the ARC method was significantly smaller than that of C-Means method.
The results show that the advantage of our method is not limited to particular

problems, and it is suggested that the same result would appear in other problems.
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Figure 6.8: Error rates of the nearest neighbor classifier based on the prototypes

generated by the ARC method and the C-Means in 3D object recognition
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Figure 6.9: Examples of Rotated Objects (1)

6.5. Hiragana Recognition Experiment
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(a) computer
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Figure 6.10: Examples of Rotated Objects (2)
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(a) sandal

B

(b) shark

Figure 6.11: Examples of Rotated Objects (3)
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Figure 6.12: Samples of Hiragana (71 characters)

6.6 Summary

In this chapter, we applied the ARC method to generate the prototypes for the
nearest neighbor method. We compared the goodness of the prototypes with those
generated by the C-Means method with regard to the classification accuracy in the
experiments of the 3D object recognition and the Hiragana recognition. As a result,
it is shown that the robustness against noise works to improve the prototypes so

that the error rate gets smaller.
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Figure 6.14: Error rates of the nearest neighbor classifier based on the prototypes

generated by the ARC method and the C-Means in Hiragana recognition
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Chapter 7

Conclusion

In this thesis, we proposed the clustering method that has the two important proper-
ties: the robustness against noise and the analytical computability. The name of this
method is the “analytically-computable robust clustering method (ARC method)”.

The ARC method is derived as the extension of the cone cluster extraction
method, which is the extractive clustering method based on the cone distance. The
cone cluster extraction has the advantage that the clusters can be obtained by the
analytical computations, but has the drawback that it can only extract the cone-
shaped clusters of the fixed size. Since the clusters are usually considered to be
spherical, we added the preprocessing called “inner product scaling” which converts
the spherical clusters into the cone-shaped clusters.

We have presented the three applications of the ARC method. First, the ARC
method was applied to the line extraction from the images. In the line extraction
by the clustering, the lines are extracted as the clusters of line segments, where the
similarity is defined between the pairs of line segments so that the two segments
aligned in line have a large similarity. The line segments which do not belong to any
line are considered to be noises in the clustering. So, the robustness against noise
is needed for this task. As a result of the experiments, it is found that, with regard
to the frequency of the misextraction of the lines, the ARC method was superior to

the conventional threshold-based methods.

103



104 Chapter 7. Conclusion

Second, the ARC method was applied to the document clustering. In the docu-
ment database browser, similar documents are clustered and a representative docu-
ment of each cluster is shown to the user. The user can get the whole view of the
database without examining documents one by one. In a document database, there
are many documents whose contents are not similar to any document. Since such
documents are considered as noise documents in the clustering, the ARC method is
useful also in document clustering. As a result of the experiments, the ARC method
extracted more informative representative documents than those of the conventional
agglomerative methods.

Third, the ARC method was applied to the prototype generation for the near-
est neighbor method. To reduce the computational cost of the nearest neighbor
method, the reduction of the training samples are required. The training samples
are partitioned into several clusters and the reduced training set (i.e. prototypes) is
obtained as the cluster centers. The most frequently used method for the prototype
generation is the C-Means method, but it is easily affected by the noise training
samples. As a result of the experiments, we have shown that the ARC method
can generate better prototypes than the C-Means with respect to the classification
accuracy of the nearest neighbor method.

So far, the classification algorithms have developed from linear ones to nonlin-
ear ones in order to achieve the high classification performance[6]. In course of the
development, the analytical computability has been lost, and, as a result, the clas-
sification algorithms became very difficult to use. In this thesis, we proposed the
analytically computable algorithm for the robust clustering. In the future works, we
would like to develop the classification algorithms which have both of the analytical

computability and the high performance.
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