
Emergence of ontological relations from visual data
with Self-Organizing Maps

Jorma Laaksonen and Ville Viitaniemi
?Helsinki University of Technology
Adaptive Informatics Research Centre

FI-02015 TKK, FINLAND
jorma.laaksonen@tkk.fi ville.viitaniemi@tkk.fi

Abstract

In this paper we examine how Self-Organizing Maps (SOMs) can be used in detecting and describing
emergent ontological relations between semantic objects and object classes in a visual database. The
ontological relations we have studied include co-existence, taxonomies of visual and semantic similar-
ity and spatial relationships. The used database contains 2618 images, each of which belongs to one
or more of ten predefined semantic classes.

1 Introduction

Data-driven learning of semantic properties and on-
tological relations has for long been a goal in AI re-
search. If machine learning were practicable, rule-
based generation and presentation of a priori top-
down knowledge could be complemented by infor-
mation obtainable from bottom-up data processing
and abstraction.

Techniques of traditional statistical pattern recog-
nition and soft-computing, including neural networks
and fuzzy logic, have been used for data-driven learn-
ing, but they have two severe limitations. First, they
need training data, and supervised classifiers addi-
tionally a priori knowledge of correct classifications
of the data. Second, statistical classifiers and other
non-structural recognizers mostly operate on very
low abstraction level data and there will inevitably
exist the semantic gap between their output and and
the required input for syntactic and other structural
processing stages.

In this paper, we will study a specific image col-
lection of 2618 images. The images are accompanied
with keyword-type annotations which specify a sub-
set of ten available keywords for each image. In ad-
dition, there exists information on the location of the
objects in the images in the form of bounding boxes.
The image database has been prepared for evaluation
of object recognition and detection techniques, but it
lends itself also for the purpose of studying the struc-
ture and ontological properties of the contained im-
ages.

The experiments to be described have been per-

formed by using the PicSOM image analysis, clas-
sification and content-based information retrieval
(CBIR) framework (Laaksonen et al., 2001, 2002). In
the PicSOM system, we have recently added func-
tionality for processing and analyzing also images
which have hierarchical segmentations (Viitaniemi
and Laaksonen, 2006b). As its name suggests,
PicSOM is based on using Self-Organizing Maps
(SOMs) (Kohonen, 2001) in organizing and indexing
objects of a database. We believe that SOMs – due to
their un-supervised training – can be a beneficial tool
for facilitating data-driven emergence of ontological
relations.

The rest of this paper is organized as follows. First,
in Section 2, a short literature review is presented.
Then, we give overviews of the Self-Organizing Map,
the PicSOM CBIR system and the low-level visual
features used in it in Section 3. Next, in Sec-
tion 4, we describe the image data set used in the
study. Section 5 presents and demonstrates the tech-
niques we have developed for using SOMs in discov-
ering and analyzing ontological relations in an image
database. Conclusions are drawn and future direc-
tions discussed in Section 6.

2 Related work
Ontologies can be used to boost the performance of
information retrieval systems (e.g. Bodner and Song
(1996)). This applies to both large external general
purpose ontologies, such as the WordNet (Fellbaum,
1998) with over one hundred thousand words, as well
as ontologies mined automatically from the data it-



self. In the visual domain, ontologies have been
used e.g. in aiding automatic image annotation (Jin
et al., 2005; Srikanth et al., 2005), keyword sense
disambiguation (Benitez and Chang, 2002), video
retrieval (Hoogs et al., 2003; Hollink and Worring,
2005), and video annotation (Bertini et al., 2005).

For the ontologies to be usable in connection with
visual data, they need to include visual components.
In the literature, this has been achieved mostly by two
means. First is linking pre-existing ontologies, such
as the WordNet (Hoogs et al., 2003; Hollink and Wor-
ring, 2005; Jaimes and Smith, 2003) or domain on-
tologies, with visual concepts. The visual concepts
are chosen so that they can be detected automati-
cally from image or video documents. “Sky”, “wa-
ter” and “man-made” are examples of such concepts.
In (Bertini et al., 2005) the concepts obtained by clus-
tering visual features of manually chosen representa-
tive video clips of soccer game highlights are linked
directly to the soccer game domain ontology nodes as
specializations. Also in other approaches the linking
involves manual labor. An advantage of this method
is the ability to use pre-existing ontologies that are
possibly very large. However, if the ontology is large
and there are only a few visual concepts, the coupling
between specific ontology concepts and visual prop-
erties may remain weak.

Another approach for building visual ontologies
is to hierarchically cluster a visual training data set
(e.g. Khan and Wang (2002)). Such clustering meth-
ods (e.g. Frakes and Baeza-Yates (1992)) have been
used earlier for ontology discovery in textual and nu-
merical data (Bodner and Song, 1996; Clerkin et al.,
2001). An alternative to clustering the training data
itself is to calculate a similarity measure between the
ontology concepts on basis of the training data, and
cluster directly the concepts based on the measure. In
the clustering approach, labels of the ontology nodes
are pre-specified by labels of the training data, and the
relations between the nodes are learned. The num-
ber of nodes varies from a few to few dozens. (Khan
and Wang, 2002) performs the clustering on basis
of weighted cosine distance measure between the re-
gion composition vectors of images. In (Koskela and
Smeaton, 2006) the distances between concepts de-
scribing videos are measured by the Jeffrey’s diver-
gence between their distributions in quantized feature
spaces. In this work, we will consider measuring the
distance between concepts by the performance of a
visual classifier attempting to separate the concepts.

Describing spatial relationships in images has at-
tracted research attention for decades (e.g. Winston
(1975)). Qualitative descriptions based on logical for-

malisms have often been used. More recently, fuzzy
descriptions of spatial relationships (Miyajima and
Ralescu, 1994; Bloch, 2005) have become popular in
the field. Spatial data mining from large databases
(e.g. Koperski et al. (1996)) is a relatively new devel-
opment. (Smith and Bridges, 2002; Lan et al., 2005)
exemplify data mining based on fuzzy spatial rela-
tionships.

In this paper, we will use Self-Organizing Maps
for the discovery and visualization of ontological
relations—including spatial relationships—using vi-
sual data. The SOM has been used for ontology
discovery and visualization earlier by Elliman and
Pulido (2001, 2002) with textual and categorical data.

3 SOMs and PicSOM

3.1 Self-Organizing Map

The Self-Organizing Map (SOM) is an unsupervised,
self-organizing neural algorithm widely used to visu-
alize and interpret large high-dimensional data sets.
The SOM defines an elastic net of points that are fit-
ted to the distribution of the data in the input space. It
can thus be used to visualize multi-dimensional data,
usually on a two-dimensional grid.

The SOM consists of a two-dimensional lattice of
neurons or map units. A model vector mi ∈ Rd is
associated with each map unit i. The map attempts
to represent all the available observations x ∈ Rd

with optimal accuracy by using the map units as a
restricted set of models. During the training phase,
the models become ordered on the grid so that similar
models are close to and dissimilar models far from
each other.

When training a SOM, the fitting of the model vec-
tors is carried out by a sequential regression process,
where t = 0, 1, 2, . . . , tmax − 1 is the step index:
For each input sample x(t), first the index c(x) of
the best-matching unit (BMU) or the “winner” model
mc(x)(t) is identified by the condition

∀i : ‖x(t)−mc(x)(t)‖ ≤ ‖x(t)−mi(t)‖ . (1)

The distance metric used here is usually the Eu-
clidean one. After finding the BMU, the vectors
of map units constituting a neighborhood centered
around the node c(x) are updated as

mi(t + 1) = mi(t) + h(t; c(x), i)(x(t)−mi(t)) .
(2)

Here h(t; c(x), i) is the neighborhood function, a de-
creasing function of the distance between the ith and



c(x)th nodes on the map grid. This regression is re-
iterated over the available samples and the value of
h(t; c(x), i) is let decrease in time to guarantee con-
vergence of the model vectors mi. Large values of
the neighborhood function h(t; c(x), i) are used in
the beginning of the training for initializing the net-
work, and small values on later iterations are needed
for fine-tuning. After the training, any vector in the
feature space can be quantized to a two-dimensional
index by its BMU on the SOM.

3.2 PicSOM
In the PicSOM1 image analysis framework, target ob-
jects are ranked according to their similarity with a
given set of positive example objects, simultaneously
combined with the dissimilarity with a set of negative
example objects. The objects are correlated in terms
of a large set of visual features of statistical nature.
For this purpose training and test set images are pre-
processed in the same manner: the images are first
automatically segmented and a large body of statisti-
cal features is extracted from both the segments and
whole images. Several different segmentations of the
same images can be used in parallel. In the current
experiments we consider only visual features, but the
framework has been used to index also e.g. videos and
multimedia messages (Koskela et al., 2005).

After feature extraction, a SOM is trained in an
unsupervised manner to quantize each of the formed
feature spaces. The quantization forms representa-
tions of the feature spaces, where points on the SOM
surfaces correspond to images and image segments.
Due to the topology preserving property of SOM
mapping, the classification in each of the individual
feature spaces can be performed by evaluating the
distance of representation of an object on the SOM
grid to the representations of positive and negative
example objects.

The positive and negative examples are marked on
the SOM surfaces with small impulse values of cor-
responding sign. As the SOM maps similar objects
in nearby map units, we are motivated to spatially
spread these sparse values fields by a low-pass filter,
i.e. to convolve them with a smoothing kernel. The
size and shape of the convolution kernel is selected
in a suitable way in order to produce a smooth value
map. In the resulting map, each location is effectively
assigned a relevance value according to the number of
positive objects mapped to the nearby units.

A single combined similarity measure is formed
by summing the contributions of the individual fea-

1http://www.cis.hut.fi/picsom

ture spaces. In the classification task where the tar-
get objects are images, the segment-wise similarities
are finally combined within an image by summing the
contributions of all the segments in the image.

3.3 Low-level visual features
The PicSOM system implements a number of meth-
ods for extracting different statistical visual features
from images and image segments. These features in-
clude a set of MPEG-7 content descriptors (ISO/IEC,
2002; Laaksonen et al., 2002) and additionally some
non-standard descriptors for color, shape and texture.

3.3.1 Color

Of the used MPEG-7 descriptors Color Layout, Dom-
inant Color and Scalable Color describe the color
content in image segments. In addition to the MPEG-
7 color descriptors, both the average color in the CIE
L*a*b* color space (CIE, 1976) and three first central
moments of the color distribution are used as color
features.

3.3.2 Shape

Besides the MPEG-7 Region Shape, the shape fea-
tures include two non-standard descriptors. The first
consists of the set of the Fourier descriptors for the
region contour. Fourier descriptors are derived from
the following expansion of the region contour:

z(s) =
∞∑

n=−∞
zne

2πins
L . (3)

Here the Cartesian coordinates of the contour are
represented by the real and the imaginary parts of
the complex function z(s), parameterized by the arc
length s. The resulting feature vector includes a fixed
number of low-order expansion coefficients zn. The
coefficients are then normalized against affine image
transformations. In addition, the high-order coeffi-
cients are quadratically emphasized.

The second non-standard shape descriptor is
formed from the Zernike moments (Khotanzad and
Hong, 1990) of the region shape. The Zernike poly-
nomials are a set of polar polynomials that are or-
thogonal in the unit disk. The Zernike moments Anm

are given by the expansion coefficients when the po-
lar presentation of the region shape is represented in
the basis of Zernike polynomials:

Anm =
n + 1

π

∑
x

∑
y

IxyVnm (ρxy, θxy) , (4)



Figure 1: A sample image with keyword dog and its
bounding box

where n− |m| is even. Here n is the order of the mo-
ment, m the index of repetition, x, y are the rectangu-
lar image coordinates, and ρxy, θxy the corresponding
polar coordinates. Ixy is the binary representation of
the region shape and Vnm is the Zernike polynomial:

Vnm(ρ, θ) = Rnm(ρ)eimθ (5)

Rnm(ρ) =

n−|m|
2∑

s=0

(−1)s(n− s)!ρn−2s

s!(n+|m|
2 − s)!(n−|m|

2 − s)!
. (6)

The feature vector includes coefficients Anm up to
a selected order. The feature is normalized against
translation and scaling by fitting the region inside the
unit disk. Rotation invariance is achieved by taking
the absolute values of the coefficients.

3.3.3 Texture

We have used MPEG-7’s Edge Histogram descriptor
to describe the statistical texture in image segments.
For non-standard description of a region’s texture the
YIQ color space Y-values of the region pixels are
compared with the values of their 8-neighbors. The
feature vector describes the statistics of the resulting
distribution.

4 VOC image database
The Visual Object Classes (VOC) 2006 image
database was created and annotated with keywords
and bounding box information for the purpose of a
challenge evaluation of object recognition and de-
tection techniques2. It contains 2618 PNG images
whose sizes are typically 500×375 pixels in either
portrait or landscape orientation.

2http://www.pascal-network.org/challenges/
VOC/

Figure 1 displays one example from the collection.
It has been given the annotation dogFrontal and the
associated bounding box. In our experiments, how-
ever, we have removed all pose information from the
annotations and therefore used only the keyword dog
for that image.

After discarding the pose information, there were
ten keyword classes left in the database. The classes
and the numbers of images in each of them are listed
in Table 1. One may note that the total number of
keywords is well above the number of images, which
is an indication of the fact that many of the images
have more than one keyword associated.

Table 1: The keyword classes in the VOC2006
database and their counts

bicycle 270
bus 174
car 553
cat 386
cow 206
dog 365
horse 247
motorbike 235
person 666
sheep 251

5 Ontological relations on SOMs
In this section we study three different types of infor-
mation present in the VOC image data that can suc-
cessfully be visualized and analyzed on a SOM.

5.1 Co-existence of classes
First we note that the ten keywords defined for the im-
ages in the collection form a ten-dimensional binary
space and that each image is mapped to one point of
that space. The ordering of the classes in such a vec-
torial presentation is meaningless, but the simultane-
ous existence of more than one keyword in one image
is of special interest here.

For ten keywords, the binary keyword vector can
have 210 = 1024 different combinations or values.
The distribution of vectors in this ten-dimensional
space will thus be difficult to visualize without means
for low-dimensional projections. We have used SOM
for this purpose as follows.

First, we have added small amount of white Gaus-
sian noise in the binary vectors. This ensures that



there will not exist two exactly equal data vectors
even though two images may have the same asso-
ciated keywords. As a further consequence, those
keyword combinations which are most common in
the image collection will occupy largest areas on the
SOM to be created.

Second, we trained a SOM and studied for each
of the ten keyword classes how images that had been
given that keyword are mapped on the keyword SOM.
Figure 2 shows the SOM areas where four image
classes are mapped. It can be seen that the class per-
son intersects notably with both dog and horse, but
not at all with sheep in this database.

After inspecting the distributions of all the ten key-
word classes, one can depict a co-existence graph
for describing the ontological relations of the classes
with respect to the likeliness of simultaneous exis-
tence in a photograph. The areas on the SOM surface
can be used to guide the placement of the nodes in
the graph, as can be seen done in Figure 3. It is obvi-
ous that in this collection the person class is very cen-
tral as almost all the other classes exhibit co-existence
with it. Furthermore, all the different vehicles form a
tightly interconnected subgraph.

5.2 Visual and semantic taxonomy
With our second experiment we show that the visual
similarities between the classes can be used in data-
driven creation of a taxonomy of object classes. For
that purpose, we first calculated pairwise misclassifi-

(a) dog (b) horse

(c) sheep (d) person

Figure 2: Areas occupied by four different image
classes on keyword SOM

person

sheep

motor−
bike

horse

dog

cat

cow

car bus

bi−
cycle

Figure 3: Co-existence graph of the VOC image col-
lection, created to match corresponding class areas on
the keyword SOM

cation rates between all class pairs. That is, we as-
sessed the similarity of two classes by studying the
difficulty of separating them. For achieving optimal
classification we used a k-nearest neighbor classifier
with optimization of the k value and sequential for-
ward selection (SFS) of the used visual features.

When the two classes which were the most diffi-
cult to separate were found, we created a virtual joint
class of those two and re-calculated all pairwise mis-
classification rates. This process produced the unbal-
anced binary tree of the ten classes shown in Figure 4.
We argue that even though this visual class taxonomy
has been created purely from low-level visual feature
data, it to some extent coincides with the correspond-
ing semantic class taxonomy one might come to by
mental contemplation.

In the VOC data, there exist class pairs (motorbike,
bicycle), (cat,dog) and (cow,sheep) which tend to be
misclassified and are therefore combined in the early
stages of the taxonomy tree formation process of Fig-
ure 4. Some of the later merges are, however, not as
straightforward to interpret. (One may actually state
that such an iterative merging process which only re-
lies on local information is bound to be chaotic.)

The same principle can be used also to create
a one-dimensional, non-hierarchical ordering of the
classes where mutually similar ones reside near each
other. In order to achieve this, we first changed for
each class the cardinal numbers that showed the mis-
classification rate between that class and each other
class to ordinal numbers which indicated the order of
the other classes in decreasing misclassification rate.
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Figure 4: Taxonomy tree of visual similarity of the
classes

Then we re-ordered the rows and columns of the re-
sulting matrix so that the smallest numbers we forced
to reside along the diagonal and the first subdiagonals
whereas the largest numbers were moved to furthest
away from the diagonal. The resulting ordering and
ordinal similarity matrix is shown in Figure 5. It can
be seen that there again exist obvious pairs (motor-
bike, bicycle), (cat,dog) and (cow,sheep), but they are
now aligned on a linear continuum between the two
opposites, bus and sheep.

The creation of the two similarity representations
for the ten object class were based on classifica-
tions which used potentially all the available low-
level features. Therefore, there does not exist a
single SOM map, where the ordering of the ob-
ject classes would match that of the class taxonomy
tree or the ordered similarity matrix. Some fea-
tures, however, may come quite close to that order-
ing. For an illustration, see Figure 6 where the VOC
image dataset has been ordered on a 16×16-sized
SOM created from the MPEG-7 EdgeHistogram fea-
ture. One can see how the antidiagonal order-

bus 0 3 2 4 1 5 6 7 9 8
car 3 0 2 4 1 5 6 7 9 8
motorbike 4 5 0 1 2 3 6 7 9 8
bicycle 7 6 1 0 2 4 5 3 8 9
person 7 6 1 3 0 2 5 4 9 8
horse 9 8 3 6 1 0 3 2 5 7
cat 8 9 5 4 3 2 0 1 5 7
dog 8 9 7 6 3 2 1 0 5 4
cow 8 8 7 6 5 2 4 3 0 1
sheep 9 8 5 7 4 3 6 2 1 0

Figure 5: Ordered similarity matrix of the object
classes

ing of the classes car–bus–motorbike–bicycle–horse–
dog/cat–sheep–cow quite well matches those of Fig-
ures 4 and 5.

cow
sheepdog

bicycle
motorbike

bus

car

horse cat

Figure 6: Ordering of object classes on MPEG-7
EdgeHistogram SOM

5.3 Spatial relationships
With our final experiment we want to show how the
SOM can be used in presenting spatial relationships
between objects in an image. We will here restrict
our attention to images where there exists one horse
and one person. The database contains a total of 84
such images. From the associated annotations we can
extract the bounding boxes of those two objects and
combine them in eight-dimensional feature vectors.

Figure 7 displays a 16×16-sized SOM created
from the eight-dimensional spatial location data. One
may coarsely identify four regions on the map. First,
on the left of the map there are images where the per-
son is standing to the right of the horse. On the bot-
tom left the situation is otherwise similar, but the spa-
tial ordering of the objects is reversed. On the right
of the map there are portrait images of riding and in
the middle parts similar landscape images.

We argue that the spatial relationship SOM has
been able to discover relations between the horses
and persons which we would associate to “riding”
and “standing”. This is an example of data-driven
emergence by a SOM which orders objects topo-
graphically on the basis of their low-level statistical
features. Only the linguistic concepts “riding” and
“standing” have in this case been added by human in-
spection of the outcome of the self-organization.

In this example we have used only data from im-
ages where horse and person have been the two ob-
jects whose spatial relationships have been of interest.
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Figure 7: Spatial relationship SOM created from im-
ages of a horse and a person

The approach is, however, independent of the classes,
so a single SOM could be created from data of all ob-
ject pairs. Such a map will inevitably describe the
relationships on a more general level, for example,
the relationship of person “riding” horse would be
replaced by a less context-specific expression person
“above” horse.

6 Conclusions and discussion
In this paper we have shown that the Self-Organizing
Map can successfully be applied in diverse data anal-
ysis tasks in which it is able to extract and display
emergent ontological relations between semantic ob-
jects and object classes. The studied ontological re-
lations included (i) simultaneous existence of objects
from two or more object classes in one image, (ii) tax-
onomy of visual (and arguably to some extent also
semantic) similarity, and (iii) spatial relationships be-
tween different object types in one image.

The experiments were performed within the Pic-
SOM framework for image analysis and content-
based information retrieval. The PicSOM system in-
herently uses SOMs in indexing and scoring images
by their similarity to other images known to be rele-
vant in a particular query instance. Consequently, the
co-existence and spatial relationship SOMs, which
were for the first time introduced in this paper, can
easily be integrated in that framework.

In another related study (Viitaniemi and Laak-
sonen, 2006a) we have already questioned whether
knowledge of a semantic taxonomy of object classes
would be beneficial for detection of objects. This is
an important issue because semantically related ob-
ject types often appear in visually similar contexts.

Therefore hierarchical detection of such objects may
to some level rely also on the context information, but
on the final stages the visual appearance of the sole
objects itself must be the only discriminating factor
as the context will be equally probable for all the can-
didate object classes.

In the future we will turn our attention to more
quantitative analysis and assessment of the benefits
obtainable from the techniques presented in this pa-
per. In the forthcoming experiments we will study
how the emergent ontological relations can be first
extracted from available annotated training data and
then be used to facilitate efficient retrieval from unan-
notated test data.
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