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Abstract

A Self-Organizing Map (SOM) is typically trained in unsupervised mode, using a large batch of training data. If the data contain
semantically related object groupings or classes, subsets of vectors belonging to such user-defined classes can be mapped on the SOM by
finding the best matching unit for each vector in the set. The distribution of the data vectors over the map forms a two-dimensional discrete
probability density. Even from the same data, qualitatively different distributions can be obtained by using different feature extraction
techniques.

We used such feature distributions for comparing different classes and different feature representations of the data in the context of our
content-based image retrieval system PicSOM. The information-theoretic measures of entropy and mutual information are suggested to
evaluate the compactness of a distribution and the independence of two distributions. Also, the effect of low-pass filtering the SOM surfaces
prior to the calculation of the entropy is studied.
© 2004 Published by Elsevier Ltd.
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1. Introduction a trained Self-Organizing Map (SOM) by finding the best
matching unit for each vector in the set. These ‘hits’ over the
The Self-Organizing Map (SOM) (Kohonen, 2001) is a map units form a discrete probability distribution over the

powerful tool for exploring huge amounts of high-dimen- two-dimensional SOM surface which characterizes
sional data. Many studies have been made on the clustering, the object class: even from the same data, qualitatively
visualization, and data mining capabilities of the SOM different distributions can be obtained by using different
(Kohonen, Oja, Simula, Visa, & Kanfas, 1996; Kraaijveld, feature extraction techniques, leading to different numerical
Mao, & Jain, 1995; Lampinen & Oja, 1992; Ultsch & representations of the data items.

Siemon, 1990; Vesanto & Alhoniemi, 2000). In a typical In this paper we do not discuss the SOM training at all,
data mining, visualization, or information retrieval appli- but assume that a properly trained SOM exists. Instead, we
cation, a Self-Organizing Map is trained in a fully address here the following two problems of great practical

unsupervised mode, using a large batch of training data. 1mportance:

Yet, it is often known that the data contain some
semantically related object groupings or classes, and there
are available subsets of vectors belonging to such user-
defined classes. Such a set of vectors can be mapped on

e Assume that a user-defined set of feature vectors,
similar to the ones used in training the map exists,
and it is known that this set represents semantically
related items. Typically, the set might be a part of the
training set, or a new batch of samples that were not
* Corresponding author. Tel.: +358 9 451 3269; fax: +358 9 451 3277. used for training. How do we map these items on
E-mail addresses: jorma.laaksonen@hut.fi (J.T. Laaksonen), markus. the SOM so that a Bayes optimal classification can be

koskela@hut.fi (J. Markus Koskela), erkki.oja@hut.fi (E. Oja). made for any new object?

0893-6080/$ - see front matter © 2004 Published by Elsevier Ltd.
doi:10.1016/j.neunet.2004.07.007

NN 1930—19/9/2004—11:34—SBALAJI—119374—XML MODEL 5 — pp. 1-13

57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
71
78
79
80
81
82
83
84
85
86
87
88
89
90

92
93
94
95
96
97
98
99
100
101
102
103
104
105
106
107
108
109
110
111
112


http://www.elsevier.com/locate/neunet

113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161
162
163
164
165
166
167
168

2 J.T. Laaksonen et al. / Neural Networks xx (xxxx) 1-13

List of symbols

X feature vector

p(x) probability density function

N total number of feature vectors

V; Voronoi region of ith SOM unit

P; probability of ith SOM unit being the BMU

#{-} cardinality of a set

C image class

N(C)  cardinality of class C

p(C) a priori probability of class C

P,(C) probability of ith SOM unit being the BMU for
class C

K numbers of symbols in an information source,
number of SOM units

H(P)  entropy of distribution P

H.x  theoretical maximum of entropy
H normalized entropy

G(+) kernel function

w; weight vector of ith SOM unit
h convolution mask

l size of the convolution mask

I(P, Q) mutual information of distributions P and Q
estimated joint probability of two distributions
normalized mutual information

number of parallel feature spaces

qualification value or score for image j

set of images retrieved on rth round

set of images marked relevant on tth round
query history up to the tth round

~

SRSE R

<

=

In the above situation, assume we have several different
feature extraction schemes, leading to several alternative
representations of the data. Then several separate SOMs
will result for the training data, each based on one of the
representations. When the user-defined class is mapped
on each of these SOMs, which one of them will give the
best discrimination for the class?

To answer these questions, we study how object class
histograms on SOMs can be given interpretations in terms of
probability densities and information-theoretic measures
such as entropy and mutual information (Cover & Thomas,
1991). The latter measures arise when the distributions of
the same objects after two different feature extraction stages
are compared. Shortly, the entropy of a certain feature
vector’s distribution is a measure of how uniformly the used
feature distributes the class over the map. A good feature is
obviously such that the class is heavily concentrated on only
a few nearby map elements, giving a low value of entropy.
Then the posterior probabilities of the classes are clearly
distinct over most of the map surface. The mutual
information of two features’ distributions is a measure on
how independent those features are. Obviously independent
features are better in describing objects than heavily
correlated features. These concepts are defined in the
following, and fairly extensive experimental evaluations are
given.

To use the class histograms for density presentation, we
use low-pass filtering of the SOM surfaces. This is related to
a mixture density or reduced kernel representation of the
density in the original feature space. This technique further
facilitates analyzing the compactness and internal structure
of an object class after mapping on the SOM surface, and
makes possible to use Bayes optimal decision rules in
classifying new data items.

The discussions in the paper are meant to be general in
their nature, suitable for any SOM application in which
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the data have inherent semantic classes. However, the
results will be illustrated throughout the paper by a specific
case study, which is content-based image retrieval (CBIR)
(Castelli & Bergman, 2002; Del Bimbo, 1999; Rui, Huang,
& Chang, 1999; Smeulders, Worring, Santini, Gupta, &
Jain, 2000), namely our PicSOM CBIR system. CBIR is a
very good case study for illustrations and examples of the
techniques outlined above, due to the statistically significant
sample sizes, a variety of possible feature extractions, and
the availability of user-defined classes.

We do not review PicSOM in this paper, because the
emphasis is not on image retrieval as such; for details, see
Laaksonen, Koskela, Laakso, and Oja (2001), and Laaksonen,
Koskela, and Oja (2002). PicSOM uses SOMs in imple-
menting relevance feedback (Zhou & Huang, 2003) and
query by example (QBE) paradigms (Lew, 2001) in
interactive and iterative information retrieval from unan-
notated databases. In all the illustrations and examples, we
use MPEG-7 (Manjunath, Salembier, & Sikora 2002;
MPEG, 2003) and keyword features extracted from a
Corel Gallery database of 59 995 images with miscellaneous
content. The MPEG-7 features are low level, describing the
coarse color, texture, and shape of an image, while the
keyword feature is computed from related textual data
(Koskela & Laaksonen, 2003). The dimensionalities of
MPEG-7 feature vectors are from several tens to hundreds
and the dimensionality of the statistical keyword feature has
been 150 in our experiments. In PicSOM, a separate SOM
for each feature type is trained by using the Tree Structured
SOM (TS-SOM) algorithm (Koikkalainen, 1994;
Koikkalainen & Oja, 1990) which makes training large SOMs
much faster than by using a conventional SOM. The sizes
of the TS-SOM layers are 4X4, 16X16, 64X64, and
256 X256 map units. Each layer is essentially a normal
SOM trained with the same data, and thus it is possible to
make quantitative comparisons of our results with different
SOM sizes.
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Sections 2—4 review the class histograms on the SOM
surface and the normalized entropy measure. SOM surface
convolutions are introduced in Section 5 and related to
kernel-based density estimation. Mutual information is used
in Section 6 to measure the independence of separate feature
representations. Section 7 discusses optimal Bayes classi-
fication based on the convoluted distributions on SOM
surfaces, and addresses the question how to choose the most
representative sample from a class. Finally, conclusions are
given in Section 8.

2. Class distributions

Assume that we have trained a SOM in an unsupervised
fashion, using a large set of high-dimensional vectors. Let
us choose a subset of vectors, which may be included in the
original training set or may be a new sample of similar data.
The subset contains objects that are semantically related, as
defined by a human user. Such a subset is standardly
mapped on the trained SOM by finding the best matching
unit for each vector and counting the number of hits for each
map unit. Normalized to unit sum, the hit frequencies give a
discrete histogram which is a sample estimate of a
probability distribution of the class on the SOM surface.

The shape of the distribution on the SOM surface
depends on several factors:

e The distribution of the original data in the very-high-
dimensional pattern space is generally given and cannot
be controlled.

e The feature extraction technique in use affects the
metrics and thus the distribution of all the generated
feature vectors.

e The overall shape of the training set, after it has been
mapped from the original data space to the feature vector
space, determines the, overall organization of the SOM.

e The class distribution of the studied object subset or
class, relative to the overall shape of the feature vector
distribution, specifies the layout of the class on the
formed SOM.

Fig. 1 visualizes how the pattern space is projected to
feature space, the vectors of which are then used in training
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-"'/ \\\ e '//r- \\

' /

{ @ ) (

\ T ' feature \ .' / SOM
y @ Fe + \ / a_

\\ formation

\
)

/ \ extraction |

( : \
5\

Ny ) "/

~_ —

Fig. 1. Stages in dimensionality reduction from the very-high-dimensional
pattern space through the high-dimensional feature space to the two-
dimensional SOM grid.
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the SOM. The areas occupied by objects of a particular class
are shown with gray shades.

In the very-high-dimensional pattern space the distri-
bution of any nontrivial object class is most certainly sparse.
As a consequence, in most cases it is meaningless to talk
about the uni- or multimodality of class distributions in the
pattern space. On the other hand, if the feature extraction
stage is working properly, semantically similar patterns will
be mapped nearer to each other in the feature space than
semantically dissimilar ones. In the most advantageous
situation, the pattern classes match clusters in the feature
space, i.e. there exists a one-to-one correspondence between
feature vector clusters and pattern classes.

In feature extraction, some pattern space directions are
retained better than others. This is known as a particular
type of feature invariance. Depending on the application,
different types of invariances are needed. The relative
distances between the feature vectors of a class compared to
the overall distribution of the feature space data determine
how well the class is concentrated in nearby SOM units. If
the class is truly multimodal with wide relative variance,
one cannot in general avoid its splitting in noncontiguous
map regions.

In the open literature, there exists a number of different
measures for assessing the denseness or locality of feature
vectors on a SOM. Some of the proposed techniques are
merely qualitative in their nature and mostly applicable to
visualization purposes. Such methods include, e.g. the
smoothed data histogram (SHD) (Pampalk, Rauber, &
Merkl, 2002). In SHD, each data point is mapped not only to
its nearest SOM unit but to s nearest units with reciprocally
decreasing fractions. With a properly selected value for the
smoothing parameter s, the SHD method is able to visually
identify the cluster structure of the data. Also the U-matrix
technique (Ultsch & Siemon, 1990; Kraaijveld et al., 1995)
serves well for visualizing the data distribution and its
clusters.

Proposed quantitative locality measures include, e.g.
map usage, average pair distance, fragmentation, and
purity used in Pullwitt (2002). The map usage and purity as
such are limited in their usability as their values are
invariant to random permutations of the SOM units. As a
consequence, they fail to take into account the topological
structure of the class. On the other hand, the fragmentation
measure, which counts the number of isolated areas on the
map, does not pay attention to the size of the fragments, i.e.
the numbers of SOM units and mapped data points in each
fragment. The average pair distance is thus the only
potential locality measure of the ones mentioned here.

3. BMU probabilities

In theory, one can calculate the a priori probability of each
SOM unit for being the best-matching unit (BMU) for any
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vector x of the feature space. This is possible if the probability
density function (pdf) p(x) is known. Denote the SOM unit by i
and its surrounding Voronoi region by {;. This is the set of
vectors in the original feature space that are closer to the
weight vector of unit i than to any other weight vector. One
may now calculate the unit’s a priori probability P; as

P, =PxeV,) = Jp(x)dx. @))

Vi

In mapping a data setx;,j=0,1,...,N—1 on the SOM surface,
we are actually replacing the continuous pdf with a discrete
probability histogram, by counting the number of times that
any given map unit is the BMU for the vectors in the data set.
Without danger of confusion, the probability can still be
denoted as P;
#jlx; eV}
N )
where { - } stands for the cardinality of a set. One needs to note
that the original probability density of the continuous feature
space cannot be directly approximated with the discrete P;,
because the sizes of the histogram bins, i.e. the Voronoi
regions, are not equal. It will suffice, however, that the one-
directional mapping from the continuous distribution to the
discrete one can be performed.

In what follows, we will concentrate oh the distributions
of specific subsets of data. We may assume that the
members of such a subset fulfill a specific ground truth
criterion by which each object can be classified as either a
member or nonmember of the class. The probability
histogram of class C on the SOM surface will thus be

P,=PxeV,) = 2)

PxeV,xel)
P(C) = PxEVIXEC) =0 b=, 3)
which will be estimated in the SOM mapping as
#jlx. €eV,x, €C
pie) = TN Vi € )

N(C)

with N(C) the cardinality of the subset of vectors in class C.

4. BMU entropy

We will now turn to study the uniformity of the
distributions of feature vectors’ BMUs on the SOM surface
A simple and commonly used measure for the randomness
of a symbol distribution is its entropy (Cover & Thomas,
1991). In our case, the BMU indices for the vectors of the
training set play the role of symbols. The entropy H of a
distribution P=(Py,P1,...,Px_1,) is calculated as

K—1

H(P)=H=—) P;logP, (5)
i=0

where K is the number symbols in the alphabet of the

stochastic information source, in our case thus the number
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of map units. P; is the probability of map unit i being the
BMU of an input vector, as defined before.

If one assumes that every map unit is equally probable as
an input vector’s BMU, i.e. the distribution is uniform, then
one can easily calculate a theoretical maximum for the
entropy of the BMU distribution

K—1
1 1
Hyp = n{})ail}x{—;P,» log P,} = —K~ElogE = log K.

(6)

For example, for a map of size K=16X16=256 units,
H,.x =38 when logarithm base two is assumed.

The entropy of BMU histograms can be made to some
extent independent of the size of the SOM by dividing the
entropy H by its theoretical maximum. The normalized
entropy H of the distribution is thus

H

H= .
Hmax

(7

One should, however, note that the above value for H,,,,, in
(6) is really an upper limit also in the sense that P;=1/K
only when N >> K and can hold exactly when N is divisible
by K. Consequently, A will be biased toward smaller values
especially in cases when the distribution of a small subset of
objects is studied.

In general it can be assumed that the usual unsupervised
training of a SOM distributes the training vectors fairly
evenly over the map surface (Kohonen, 2001). Therefore,
the normalized entropy H of the whole training set should be
near unity. On the other hand, all object subsets of semantic
similarity should be concentrated in few SOM units if the
feature extraction and SOM training phases have been
favorable to that specific subset. If that really is the case, the
normalized entropy will be clearly smaller than one. The
normalized entropy H(C) of class C can simply be
calculated by replacing P;s in (5) with P;(C)s of (3).

Table 1 illustrates this using image data having some
user-defined classes. The images can be represented as
numerical vectors using a number of different features. The
data used for training the SOMs were the 59 995 Corel
database images. The normalized entropies of all images in
the database, as well as in six semantic image classes are
shown. The used image classes were faces (1115 images, a
priori probability 1.85%), cars (864 images, 1.44%), planes
(292 images, 0.49%), sunsets (663 images, 1.11%), horses
(486 images, 0.81%), and traffic signs (123 images, 0.21%).
All classes were manually gathered by a single subject; for
more details, see Laaksonen et al. (2002). Four feature
extraction methods defined in the MPEG-7 standard were
experimented with, viz. the Color Structure (dimensionality
256), Scalable Color (256), Edge Histogram (80), and
Homogenous Texture (62) descriptors (Manjunath et al.,
2002). In addition, a keyword (150) feature obtained from
the original keyword annotations provided by Corel for
the images was used. The keyword feature was composed of
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Table 1

Normalized entropies of different SOM sizes with the Color Structure (CS), Scalable Color (SC), Edge Histogram (EH), Homogenous Texture (HT), and
keyword (KW) descriptors, respectively
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SOM size All Faces Cars Planes Sunsets Horses Tr. signs
CS

4X4 0.990 0.882 0.961 0.709 0.611 0.880 0.960
16X 16 0.995 0.877 0.928 0.762 0.710 0.859 0.762
64X 64 0.994 0.776 0.783 0.650 0.665 0.701 0.564
256X256 0.947 0.627 0.607 0.510 0.572 0.552 0.430
Ne

4X4 0.979 0.877 0.966 0.863 0.749 0.898 0.879
16X 16 0.995 0.885 0.927 0.799 0.775 0.799 0.788
64X 64 0.995 0.788 0.777 0.653 0.697 0.680 0.570
256256 0.943 0.629 0.606 0.507 0.575 0.544 0.433
EH

4X4 0.975 0.888 0.925 0.670 0.559 0.922 0.677
16X16 0.996 0.843 0.843 0.763 0.694 0.910 0.616
64X 64 0.995 0.759 0.752 0.648 0.686 0.725 0.519
256 X256 0.941 0.624 0.605 0.507 0.572 0.558 0.424
HT

4X4 0.989 0.914 0.949 0.880 0.711 0.960 0.779
16X 16 0.997 0.864 0.916 0.816 0.801 0.921 0.727
64X 64 0.995 0.783 0.780 0.663 0.720 0.721 0.543
256X256 0.948 0.627 0.607 0.510 0.580 0.557 0.425
KW

4X4 0.865 0.401 0.507 0.564 0.601 0.627 0.327
16 X16 0.922 0.499 0.384 0.288 0.621 0.495 0.360
64X 64 0.905 0.513 0.456 0.326 0.543 0.477 0.282
256X256 0.844 0.499 0.456 0.375 0.499 0.422 0.319

4538 keywords and then reduced to 150 dimensions with
latent semantic indexing (LSI) (see Koskela & Laaksonen,
2003 for more details). Four SOM grids of different sizes
were used (4X4, 16X16, 64X64, and 256X 256 map
units). In estimating the data distributions over the SOMs,
this results in approximately 3750, 234, 15, and 0.92
training set vectors on the average per SOM unit,
respectively.

First of all, it can be observed from Table 1 that the
normalized entropies of the whole database (column ‘all’),
for all SOM sizes and for all features, are close to one and
clearly higher than the ones computed with only one image
class. On the other hand, normalized entropies of semantic
image classes express distinct differences over the features,
providing estimates about the discriminating abilities of
those particular feature extraction methods with the used
object classes.

In our previous experiments on image retrieval (e.g.
Laaksonen et al., 2002; Koskela & Laaksonen, 2003), it has
been determined that of the six studied classes, sunsets and
traffic signs are the ‘easiest’ ones with the used low-level
visual features, i.e. they yield by far the best retrieval
results. The four remaining classes exhibit more similar
retrieval behavior, with the class of cars showing the lowest
retrieval precision compared to the a priori probability of the
class. These findings agree with the normalized entropies of
the classes. With the keyword feature, all the class-wise
relevant entropies are smallest, indicating that the feature is
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able to cluster all six semantic classes. Again, this agrees
with previous experiments (Koskela & Laaksonen, 2003), in
which the superior retrieval performance of the keyword
feature was perceived.

An overall trend seems to be that the normalized entropy
decreases as the size of the SOM increases, especially with
the distributions of the semantic classes. An explanation for
this behavior can be found from the fact that with the two
largest SOMs the ratio of the number of images in the
studied class and the total number of map units becomes
overly small. In this setting, the actual maximum of entropy
is considerably smaller than H ,,,x and the entropy value thus
mostly reflects just the size of the image class. The SOM
algorithm is by nature a trade-off between clustering and
topological ordering. This trade-off depends on the size of
the SOM; the clustering property is dominant with relatively
small SOMs whereas the topology of the map becomes more
significant as the size of the SOM is increased. For these
reasons, with large SOMs the class-wise normalized entropy
measure is less informative and the spatial configuration of
the data on the SOM grid should be taken into account.

5. SOM surface convolutions

As discussed above, the calculation of entropies does not
yet take into account the spatial topology of the SOM units
in any way. This is a direct consequence of the fact that the
SOM indices are regarded as discrete symbols without any
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connection to the SOM grid structure. This is clearly a
drawback, because it is the topological order of the units that
separates SOM from other vector quantization methods. It
should be possible to exploit the ordering property of the
SOM also in the entropy calculations.

Some authors have considered probabilistic models for
Self-Organizing Maps, for example, the Generative Topo-
graphic Mapping (GTM) by Bishop, Svensén, and Williams
(1998), coding models by Luttrell (1991), and various
energy functions that can be given probabilistic interpret-
ations (Heskes, 1999; Kostiainen & Lampinen, 2001;
Lampinen & Kostiainen, 2002). Especially, in Kostiainen
and Lampinen (2001), the authors present a generative
probability density model for which the usual SOM training
gives the maximum likelihood estimate. In the model, the
density has Gaussian form within each Voronoi cell.

Instead of using density models in the feature space, we
are here looking at the discrete distributions over the map
surface. If the BMU of each training vector is given a small
positive ‘hit’ value equal to the inverse of the number of
training vectors, and the hit values are summed in each
SOM unit, then the distribution (2) results.

One may now force the neighboring SOM units to
interact by low-pass filtering or convolving the hit
distributions on the SOM surface. When the surface is
convolved, the one-to-one relationship between input
vectors’ SOM indices and hits on the SOM surface is
broken. Instead, each hit results in a spread point response
around the BMU.

This is actually related to a kernel-based estimation of a
class density in the original feature space (Duda & Hart,
1973). Assume that we are using a reduced kernel expansion
in which the kernel centers are only located on the SOM
weight vectors. The weight of a kernel is equal to the a priori
probability of that unit as a BMU

K—1
pxIC) =Y " PAC)G(IIx — will), ®)
i=0

where G(-) is the kernel function, e.g. a spherical Gaussian,
and the SOM weight vectors w; are the corresponding
centroids. Instead of fitting this mixture model onto the data,
as, e.g. in the GTM method (Bishop et al., 1998), we take the
weights P;(C) from the computed hit histogram for class C
and the weight vectors from the trained SOM. Depending on
the variance of the kernel function, kernels will overlap and
weight vectors close to each other in the feature space will
partially share each other’s probability mass.

The present authors have made comparisons of various
ways to compute the convolution, including a kernel model
that takes the distances between the SOM weight vectors
into account in a manner resembling the U-matrix technique
(Ultsch & Siemon, 1990; Kraaijveld et al., 1995). In the
experiments, the form of the convolution was forced to
follow the form of the U-matrix, i.e. the span of the
convolution was tuned inversely to the distances between
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the SOM units. That method also bears similarity to the
smoothed data histogram approach (Pampalk et al., 2002) in
which data points are not mapped one-to-one to their BMUs
but spread into s closest map units in the feature space.
However, it turned out that results are almost the same if the
convolution is simply computed over the two-dimensional
map surface, which is computationally much simpler
(Koskela, Laaksonen, & Oja, 2002).

Let us next study the effects the convolution has on the
surface entropy with a series of simple artificial examples
with a convolution mask

11
16 8 16
h=1t 11
8 4 3
111
16 8 16

The left column of images in Fig. 2 shows a series of SOM
surface value fields prior to convolution. The right image
column displays the same surfaces after a convolution with

before convolution after convolution

0 . T 3
1 - - .31
1 " - 3.75
1 . == 4
2 | | 3.62

Fig. 2. Entropies of value fields before and after a convolution. The gray
shades have been scaled in each image separately so that the darkest shade
corresponds to the largest value in that particular image.
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this mask. The left and right value columns of Fig. 2 show
the corresponding entropy values. One can see how the
entropy measure is unable to make a difference between the
three nonconvolved two-unit distributions. On the other
hand, it is evident from the entropy values obtained after the
convolution that the nearer the two peaks are to each other,
the more the distribution resembles the one-peak distri-
bution of the first row. Even for the distribution on the last
row, where the nonconvolved entropy is the largest, the
convolved entropy is smaller than that of either of the two-
peak cases.

One may note that the entropy of the convolution mask 4
itself can also be computed to yield H=3. This value might
then further be used as a subtracter to ‘correct’ the post-
convolution entropy values in the right column of Fig. 2. As
the result, the convolved entropy values would seem to be
sums of two terms, one standing for the spread of the
original distribution and the other, constant value, for the
shape of the convolution mask. Unfortunately this is true
only for very compact distributions such as those seen in
Fig. 2. In the other extreme, when the distribution is even
over the whole SOM surface, the convolution really does
not change the entropy value at all.

The exact relationships between (i) the spatial compact-
ness of a pattern class; (ii) the entropy of its distribution on
the SOM; and (iii) the increase of the entropy in the
convolution still remain concealed. There are numerous
reasons for this. Most importantly, the compactness and
shape of a pattern class should first be defined in terms of the
pattern space, as depicted in Fig. 1. Only then would we be
able to study how the subsequent nonlinear projections
preserve these characteristics and to what extent interclass
impurities are being introduced as an unavoidable bypro-
duct. Following this line, the two-fold role of the selected
SOM size needs to be regarded. The smaller the map,
the denser the class distributions are forced to be, but they
will then also inevitably overlap. When the SOM size is
increased, the distributions become less overlapped, while
simultaneously becoming more fragmented.

An example illustration with real data is again obtained
from the CBIR application of Corel images, using the
sunsets image class and a 64 X 64-sized SOM trained with
the Scalable Color descriptor. Fig. 3 visualizes the original
distribution of BMU hits and a series of distributions with
increasing size of the convolution mask. The SOM surface
convolution has been performed as two consecutive

]

.

(a) Before convolution: H = 0.697

(b) Convolved with | = 3: H = 0.849

E g

(c) Convolved with [ = 6: [I = 0.889

(d) Convolved with [ = 9: i = 0.905

Fig. 3. Distribution of the sunsets class on a 64X 64-sized SOM trained with the Scalable Color descriptor (a) before and (b)—(d) after convolution with

triangular masks of size 3, 6, and 9 map units, respectively.
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Fig. 4. Histograms of SOM surface values before and after a convolution.
The sunsets class has been distributed on a 64 X 64-sized SOM trained with
the Scalable Color descriptor.

one-dimensional convolutions of a triangular window form

[ —|n|
l 9

wyln] = n=-L—-1+1,..,1L )
One may note that the convolutions in Fig. 2 correspond to
mask size /=2. In Fig. 3 the window sizes have been /=3,
6, and 9. It can be seen in all images that the studied class is
concentrated in a certain area of the SOM of the feature in
question, but, on the other hand, it is split into two or more
separate regions. The larger the convolution window is,
the smoother is the overall shape of the distribution due to

Table 2

the vanishing of the details. The selection of a proper size
for the convolution mask can thus be identified as a form of
the general scale-space problem, and different sizes will
certainly be optimal for different purposes, e.g. for
visualization and for classification.

Fig. 4 displays two histograms of SOM surface values
obtained again, with the sunsets class and the 64 X 64-sized
SOM of the Scalable Color descriptor as in Fig. 3. The first
histogram is calculated from the nonconvolved ‘raw’ value
field (Fig. 3(a)) and it peaks strongly in two locations,
corresponding to zero and one images being mapped to a
particular BMU. The first peak (zero images) actually rises
well above the scale of the figure, to the value 0.9. There are
also weaker but still visible peaks for two, three, and four
image cases. The second histogram has been obtained after
convolution (/=6, Fig. 3(c)) and it can be seen to be much
smoother, as it is the result of a low-pass filtering operation
on the discrete value field. Especially, there is a notable
fraction of values that are slightly greater than zero.

Similarly as in Table 1, Table 2 shows the normalized
entropies of all images and the six image classes with the
five feature extraction methods and four SOM grids, this
time calculated after convolving the discrete value fields
with triangular masks. The size of the used mask depends on
the size of the SOM: symmetric triangular masks with /=2,
4, 6, and 8 map units were used for the 4X4, 16X 16,
64X 64, and 256 X256 sized SOMs, respectively.

From the resulting normalized entropies in Table 2, it can
be seen that the convolution further increases the entropies

Normalized entropies of convolved SOMs with the Color Structure (CS), Scalable Color (SC), Edge Histogram (EH), Homogenous Texture (HT), and keyword

(KW) descriptors, respectively

SOM size All Faces Cars Planes Sunsets Horses Tr. signs
CS

4X4 0.997 0.936 0.982 0.830 0.780 0.945 0.990
16X 16 1.000 0.949 0.984 0.899 0.837 0.953 0.981
64X 64 1.000 0.946 0.977 0.905 0.848 0.942 0.940
256 X256 1.000 0.926 0.954 0.869 0.835 0.908 0.848
sC

4X4 1.000 0.945 0.997 0.960 0.861 0.989 0.960
16X 16 1.000 0.950 0.993 0.950 0.894 0.944 0.965
64X 64 1.000 0.944 0.980 0.928 0.889 0.917 0.943
256256 1.000 0.930 0.949 0.883 0.867 0.882 0.861
EH

4X4 0.994 0.947 0.986 0.825 0.734 0.969 0.856
16X16 0.999 0.937 0.950 0.882 0.826 0.976 0.879
64X 64 0.999 0.927 0.931 0.893 0.835 0.969 0.834
256X256 0.999 0.903 0.908 0.868 0.842 0.934 0.785
HT

4X4 0.995 0.955 0.972 0.933 0.823 0.984 0.895
16X 16 0.999 0.949 0.979 0.935 0.879 0.983 0.929
64X 64 0.999 0.938 0.971 0.926 0.889 0.977 0.895
256 X256 1.000 0.923 0.946 0.890 0.880 0.938 0.808
Kw

4X4 0.996 0.797 0.913 0.856 0.826 0.922 0.818
16X 16 0.999 0.851 0.853 0.800 0.844 0.902 0.799
64X 64 0.996 0.803 0.764 0.710 0.822 0.809 0.752
256 X256 0.992 0.772 0.713 0.653 0.783 0.751 0.657

NN 1930—19/9/2004—11:34—SBALAJI—119374—XML MODEL 5 — pp. 1-13

841
842
843
844
845
846
847
848
849
850
851
852
853
854
855
856
857
858
859
860
861
862
863
864
865
866
867
868
869
870
871
872
873
874
875
876
871
878
879
880
881
882
883
884
885
886
887
888
889
890
891
892
893
894
895
896



897
898
899
900
901
902
903
904
905
906
907
908
909
910
911
912
913
914
915
916
917
918
919
920
921
922
923
924
925
926
927
928
929
930
931
932
933
934
935
936
937
938
939
940
941
942
943
944
945
946
947
948
949
950
951
952

J.T. Laaksonen et al. / Neural Networks xx (xxxx) 1-13 9

of the distributions, so that when using all images the
normalized entropy approaches the theoretical maximum of
one. For the image classes, the normalized entropy values
continue to express the discriminating abilities of the
features with the used image classes, now taking also the
SOM topology into account. For sunsets and traffic signs,
being the easiest classes for the features, the normalized
entropies are overall the lowest. In this setting, the
normalized entropies on SOMs of different sizes are rather
similar and the inverse proportionality with respect to SOM
size present in Table 1 is not observed here since we used
larger convolution windows with larger SOMs. Overall, the
convolution spreads the dense clusters and partially fills the
empty gaps between them, causing thus increased entropy.

6. Multiple feature extractions

In some application areas it is possible to use more than
one feature extraction method in parallel. Our example case,
content-based image retrieval, is such an area. In CBIR,
three different feature categories are generally recognized:
color, texture, and shape features. Each of them is useful in
CBIR by its own right, and it is wise not to combine them all
in one descriptor. In addition, within each category there
exist various different feature extraction techniques that
complement each other.

Let us denote by P=(Py, Pi,...,Px—1) and Q=(Q,
Q1,...,0x—1) the probability distributions on two equal-
sized SOM surfaces, as explained in Section 4, obtained
from the same data with two different feature extractions.
Then the question of the independence of the features arises.
As entropies H(P) and H(Q) measure the distributions of the
single feature vectors, mutual information I(P, Q) can be
used for studying the interplay between them

K—1K—1 R..
IP.Q) = > Rylog - (10)
i=0 j=0 in

where R;; is the estimated joint probability, i.e. the number
of images whose P-type feature vector is mapped to the
P-type SOM’s unit i and Q-type feature vector is mapped to
the O-type SOM s unit j, divided by N. Mutual information
is always nonnegative and attains its minimum value of zero
if the two features are statistically independent, i.e. if R;=
P;Q; for all i, j.

Table 3

The dependency of the mutual information on the SOM
size can to some extent be canceled, e.g. by dividing it with
the smaller of the two entropies

I(P, Q)

—_ 11
min{H(P), H(Q)} (v

I(P,Q) =

yielding a measure I(P, Q) €10, 1] denoted here as normal-
ized mutual information. The normalized mutual infor-
mation thus equals to one if the denser one of the two
distributions P and Q does not contain any information not
present in the sparser one of the two. One could also have
chosen to normalize I(P, Q) by H.x, which would have
resulted in the normalized values being slightly smaller in
general.

Table 3 illustrates the normalized mutual information.
The pairwise normalized mutual information of the four
studied MPEG-7 descriptors and the keyword feature are
shown in two SOM sizes (4X4 and 16X 16 map units). In
addition, a normalized version (each vector component
normalized independently to zero mean, unit variance) of
the Homogenous Texture descriptor was used to train
separate SOMs. With the larger SOMs of previous
experiments (64 X 64 and 256 X256 map units), the mutual
information measure is as such not usable as the number of
images sharing a common BMU becomes small and the
joint probability distribution R;; sparse. Therefore, when
using larger SOMs with respect to the number of available
data items, information about the spatial configuration of the
data on the SOMs should be taken into account in this type
of considerations. Unfortunately, it is not straightforward to
calculate the mutual information of two features in that
manner from the convolved map surfaces.

The results in Table 3 show that the SOMs trained
with the unnormalized and normalized versions of the
Homogenous Texture feature (HT and nHT) have by far the
largest values for mutual information as can be well
expected. Of the separate features, the two color-based
features, Color Structure (CS) and Scalable Color (SC)
have the largest value on both SOMs, which again was to be
expected. Additionally, the mutual information of Edge
Histogram (EH) and Homogenous Texture (HT) is high on
the smaller SOM, but not so much on the larger SOM with
more resolution. In general, those visual features that
represent different aspects of the visual scene, e.g. color and
shape, have a low value of mutual information, indicating

Normalized Mutual Informations Of Different Features On 4 X4 And 16X 16 Sized SOMs

4 X 4-sized SOM

16X 16-sized SOM

SC EH HT nHT KwW SC EH HT nHT KW
CS 0.16 0.077 0.057 0.057 0.032 0.33 0.17 0.19 0.18 0.17
Ne 0.016 0.019 0.018 0.020 0.13 0.15 0.14 0.17
EH 0.14 0.14 0.031 0.21 0.21 0.16
HT 0.64 0.013 0.62 0.15
nHT 0.017 0.15
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that they are close to independent. The pair with the smallest
normalized mutual information is Edge Histogram and
Scalable Color. These features could thus be used together
to produce the most independent joint information. The
keyword feature is the most neutral one in the sense that its
mutual information values with different types of visual
features are all nearly equal. The semantic content of the
images expressed in terms of keywords thus does not seem
to favor any visual feature type more than the others.

7. Bayesian decision estimation

If one knows the a priori probabilities and probability
densities of the object classes, one can use the Bayesian
decision rule to make optimal classification for object x;

class = arg min P(C|x;), (12)
e '

where the posterior probability can be computed by Bayes

rule

p(C)P(x;|C)

J

(13)
There p(C) is the a priori probability of the class C and
P(lee) the probability distribution of the class C for object
x;. This distribution is discrete as there are only a finite
number of objects. The denominator has no influence on the
maximization over classes and can be dropped. One should
note that the fact that we are dealing with discrete
probability distributions and Voronoi regions of differing
sizes does not invalidate the principle of Bayesian decision
optimality.

In practice, the images are given in terms of their
features, which are distributed over the feature maps in
SOM training. If there are available L feature vectors X,
k=0,...,L—1 for the object x;, and if the features are
assumed mutually independent, the above expression can be
evaluated as

L—1
p(OPx;|C) = p(©) [ | Pl ©)
k=0

(14)

to decide on the jth object’s membership in class C. The
probability densities P(x;|C) are obtained from the
convolved distributions over the separate feature maps of
the images belonging to class C. In the CBIR setting,
assuming independence for different image features such as
color, texture, and shape is quite realistic, as indicated by the
small mutual information measures given in Section 6.

A typical scenario in a CBIR setting is that there are no
explicit classes given for the images. Instead, we are
interested in only two classes given by the user: the images
which are relevant vs nonrelevant to the present query,
respectively. The relevance is totally determined by the
user, who has in mind a certain type of image that she is
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looking for from the database. In the search technique called
query by example, the CBIR system suggest or presents a
number of images to the user at each query round, and the
user is expected to evaluate their relevance to her current
retrieval task. This information is then fed back to the
retrieval system. A straightforward way to implement this is
to ask the user to pick up those images that are relevant
to her from the set of returned images. The other images are
then assumed nonrelevant. With this information used
as relevance feedback, the system is able to incrementally
fine-tune the selection so that more and more relevant
images will be shown at consequtive query rounds.

Let us consider relevance feedback from the point of
view of Bayesian decision theory. In the above Bayesian
decision rule, we now ask what is the relevance vs.
nonrelevance of any given image Note that relevance and
nonrelevance are not mutually exclusive nor complemen-
tary; by the way the distributions are convolved over the
map surfaces, some images have nonzero probabilities of
both relevance and nonrelevance, and there may be images
for which both probabilities are zero, at least in early stages
of the query process. Estimates for the above probabilities
can be obtained from the relevance feedback information
received earlier from the user. The prior probability p(C)
can be estimated from the count of relevant objects found
that far, divided by the total count of retrieved objects. That
value is in information retrieval literature commonly
referred to as the precision of the retrieval. The estimate
is, however, overly biased toward large values as a
functioning CBIR system should always exceed random
browsing in accuracy. In our experiments with the PicSOM
system using visual low-level features and semantic (high-
level) image classes, the precision has most often been
around 10-15 times the a priori probability in the beginning
of an iterative query.

The question asked in relevance feedback is which
images to choose next for the user. In the most typical CBIR
setting, such images should have maximal probability of
relevance and minimal probability of nonrelevance. Instead
of maximizing the posterior probability of object x; with
respect to class C, as in (12), we should now find the object
that gives maximum probability of relevance

object index = arg max P(C,[x;), (15)

J

where C, is the class of objects known to be relevant. At
the same time, the probability of the nonrelevance class
Chomrel Should be minimized. A reasonable objective
function, to be maximized over the index j, is then

q; = P(Grellx_/) - aP(Gnonrellxj)’ (16)

where the parameter « can be used to adjust the
weighting between the two terms. Let us write this
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in terms of the a priori probabilities and class distributions

o p(Grel)P(leerel) - a/)(enonrel)P(leenonrel)
9 P(x;) :

a7

where the denominator is the class-independent prob-
ability of image x;. In practice, this function will be
maximized at the peak regions of P(x;|C,) where P(x;|
Cronrer) 18 small. Thus we may assume that for these
images, the density P(x;) is constant and it may be
dropped from the expression.

Another simplifying assumption is that «= p(C.)/
P(Cponre1)- Then what remains is just the difference between
the class-conditional distributions. As in (14), both of these
can be expressed as products of the corresponding
relevance/nonrelevance distributions over the separate
independent feature maps, and we obtain

L—1 L—1
qj = HP(XIklerel) - HP(Xjklenonrel) (18)
k=0 k=0

as a qualification value or score for image j. The conditional
probability densities P(X;|Cp) and P(Xy|Cyonel) are
obtained from the convolved feature distributions of the
images marked by the user as relevant and nonrelevant,
respectively.

In practice, a problem arises from the fact that, especially
in the early stages of the query process, the probability
distributions are quite sparse and only a few of the map units
have nonzero probabilities for either relevance or non-
relevance on any given feature map. Then the products of
the estimated probabilities are mostly zero and this
objective function is useless. To solve this problem, we
have in practice replaced the products of featurewise
probabilities by sums

L—1

qj/ = Z[P(Xjklerel) - P(Xjklenonrel)]
k=0

19)

Then, it is sufficient if an image is estimated as highly
relevant on one of the feature maps, even if the relevance
may be zero on some other map.

A probabilistic interpretation for the score function (19)
is that we are now looking at each feature separately. An
image is considered relevant if its probability of relevance is
high and probability of nonrelevance is low on either feature
0 or feature 2 or ... or feature L— 1. Thus we still assume
the features independent, as in (18), but do not look at the
total probability of the images. This is quite reasonable; it is
easy to imagine queries in which, e.g. the color has no
semantic meaning at all while the shape is very important.

Eq. (19) is exactly the core of the PicSOM CBIR system.
Its applicability has been experimentally validated in
various studies including Laaksonen et al. (2002), and
Rummukainen et al. (2003), where PicSOM’s retrieval
performance was found to be at least on the same level
as two other CBIR systems, one implemented by ourselves
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and based on vector quantization and the other being
the publicly available GIFT system (Squire et al., 2000). A
key finding in all performed experiments has been that
PicSOM’s retrieval accuracy can be increased by adding
new features in the system, i.e. by increasing L in (19). This
fact holds—but to smaller extent—even in the case when
the added feature is highly correlated with one or more
existing features in the sense of large mutual information
defined by Eq. (11).

In relevance feedback, another problem to be solved is
how to update the densities of the relevant and nonrelevant
classes after each query round. In practice, this can be done
in the PicSOM system simply by adding the hits caused by
the new relevant and nonrelevant samples to the map units,
convolving them with the mask used, and renormalizing the
distributions to unit sums. This process can also be given a
Bayesian interpretation in a similar fashion as in Cox,
Miller, Minka, Papathomas, and Yianilos (2000) or
Vasconcelos and Lippman (1999). Similarly as in Cox
et al. (2000), let us assume that the user has in her mind a
certain image X, that she is looking for. The query is started
in such a way that the CBIR system suggests to the user a set
of images @,. If x,; happens to be among them, the query
stops. Otherwise, the user indicates a subset of them, R, as
relevant, meaning that they somehow resemble the desired
image or belong to the same category by some criterion that
the user has in her mind. The system shows another set of
images @;, the user chooses the relevant ones R; from
them, etc.

Let us denote the history of the query up to the r—1’st
round by H, ;= (Dg, Ry, D1, Ry, ..e; D1, R—1). The
optimal images to be shown to the user at the next round ¢
are those images x that maximize the current probability of
relevance P(x = X.|#,_;). A recursive update for this
probability can be obtained by writing (Cox et al., 2000)

P(R,|X = Xrep, 7,1, DIP(X = Xeel |71, D)) (20)
= P(R;,X = X,|#,_1, D,) Q1)
= P(X = X;o|#;—1, Dy, ROP(RNH ,—1, D,) (22)
= P(X = X |H)P(R|H ,—1,D,). (23)

In a deterministic CBIR system, the set of displayed
images @, is completely determined once the query history
#,_; is given. Therefore, @, can be dropped from the
conditional probabilities. One thus ends with an iterative
update rule similar to the one obtained in Cox et al. (2000)

P(x = X,4|#,)P(x

P(mtlx = Xrel»%t—l)

- Xrell%t_l) P((Rzlgghl)

(24)

The denominator does not depend on X, but is just a
normalizing factor summing the term in the numerator
over all x. The important factor in the update is the term
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P(R,|x = X,e1, #,_;). At any point X, given that it is the
relevant image that the user is looking for, the closer the
marked images in (R, are to X, the higher is this probability.
Thus, qualitatively, the probability will be increased in the
vicinity of R, but not elsewhere. The same effect is in
PicSOM obtained by the simple method of adding the hits
caused by R, to the distribution, convolving, and renorma-
lizing. Exactly the same is done for the distribution of
nonrelevant images, and thus both distributions get tuned in
the query process.

8. Conclusions

In this paper, we have shown how distributions of feature
vectors calculated from objects of mutual semantic
similarity can be studied on the SOM surfaces. We
demonstrated that the entropy of the distribution character-
izes quantitatively the compactness of an object class. The
compactness in turn—even though not exactly defined—is
an intuitive indicator of the success of the feature extraction
and SOM training phases for that particular class. The more
compact the distribution is, the smaller overlap with other
classes can be expected in visualization and other uses of the
SOM. More informative entropy values were obtained if the
SOM surface with the class distribution was low-pass
filtered prior to the calculation of the entropy. In that
fashion, vector distributions which are unimodal are favored
whereas fragmented and multimodal distributions are
punished.

When studying two different SOMs created with
different feature extraction methods, we showed that
the mutual information of the distributions could be used
to identify both the most similar and the most
uncorrelated pair of features. In our example application
of content-based image retrieval, this quantitatively
confirmed the expected result that, e.g. two color features
are mutually more correlated than, e.g. a color feature
and a texture feature.

The described techniques can be utilized in selecting an
effective set of features in various application areas. The
content-based image retrieval application turned out to be
an eligible field for these considerations. There exists a vast
number of different feature extraction methods for images
and other visual data, and the proposed method can be used
as an efficient way of comparing these features and the
SOMs produced with them. Instead of having to run
extensively actual retrieval sessions with the CBIR system,
a direct measure based on the ability of the feature
extraction to discriminate images belonging to a certain
set of semantic similarity or relevancy from other images
was obtained. Mutual information can also be used to select
the subset of the feature extraction methods with the most
independent features.

In addition, it was shown here how the distributions on
SOM surfaces can be given a Bayesian interpretation and
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used for choosing either the most probable class for a data
item, or the most likely data item belonging to a given class.
This duality opens new perspectives for the use of SOMs in
data exploration and visualization and is an essential part of
the PicSOM CBIR system.
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