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The Kohonen Self-Organizing Map Method: An Assessment
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Abstract: The ‘‘self-organizing map’' method, due to Kohonen, is a well-known
neural network method. It is closely related to cluster analysis (partitioning) and
other methods of data analysis. In this article, we explore some of these close rela-
tionships. A number of properties of the technique are discussed. Comparisons
with various methods of data analysis (principal components analysis, k-means
clustering, and others) are presented.
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1. Introduction

Kohonen (1982) presents his clustering and dimensionality reduction
methods as a “‘self-organizing process’’ whereby a *‘simple network of adap-
tive physical elements’’ is made to resonate in a particular way with exter-
" nally provided signals (a ‘‘primary event space’’). Kohonen seeks to link
these 1deas with the functioning of the human brain. We view this procedure

This work has been partially supported for M. Herndndez-Pajares by the DGCICIT of
Spain under grant No. PB90-0478 and by a CESCA-1993 computer-time grant. Fionn Mur-
tagh is affiliated to the Astrophysics Division, Space Science Department, European Space
Agency.

Authors’ addresses: Fionn Murtagh, Space Telescope-European Coordinating Facility,
European Southern Observatory, Karl-Schwarzschild-Str.2, D-85748 Garching, Germany;
Manuel Herndndez-Pajares, Departament de Matematica Aplicada i Telematica, Universitat
Politécnica de Catalunya, Apartat 300002, E-08080, Barcelona, Spain. -



166 : F. Murtagh and M. chuindsz—F‘ujurcs

(or related procedures) in algorithmic terms only. In this article we wil]
present various arguments to show what a particular Kohonen net approach
does. We will present experimental results of various kinds to show how wel]
it performs. .

The class of methods that have been often termed “self-organizing
maps’’ (SOM) involve iterative procedures for associating a finite number of
object vectors (inputs) with a finite number of representational points — these
will be viewed below as bins or clusters — in such a way that proximity rela-
tionships between the inputs are respected by these representational points.
The representational points may, for instance, be arranged in a planar grid.
When arranged on a one-dimensional curve, the self-organizing map
approach has been used to provide a (suboptimal) solution to the traveling
salesman problem (Angéniol, de la Croix Vaubois and Le Texier 1988). We
will be exclusively concerned with the planar grid output, since we find it to
be particularly close to widely-used clustering and dimensionality reduction
methods.

The methods developed by Kohonen have been Popular: a bibliography
containing more than 1200 publications concerning these methods is avail-
able (anon. 1993). The SOM approach is representative of an unsupervised
learning approach: i.e., cluster properties (centroid, cardinality, etc.) are to be
estimated or learned, without using prior information. Therefore SOM fits
into the category of cluster analysis methods (or, for that matter, such dimen-
sionality reduction methods as principal components analysis), as opposed to
supervised methods such as discriminant analysis techniques.

The SOM method as presented in the works of Kohonen is as follows.
First, here is a formulation related to a possible (but, of course, unproven)
neural science orientation. Consider a mapping of multi-(> 2-)dimensional
inputs onto (say) a 2-dimensional space, in a way reminiscent of principal
components analysis (PCA) or, more generally, some dimensionality reduc-
tion method. The 2-dimensional space takes the form of a single layer of neu-
rons, arranged as a 2-dimensional sheet with lateral interconnectic:ns, and
connected to a common bundle of input/output fibers. Equivalently
expressed, the neurons are highly connected within, and to the outside world.
From our point of view, the latter fact indicates that inputs, from an input data
Stream, can be accessed by the Kohonen 2-dimensional sheet of intercon-
nected neurons. The SOM method makes the surface of neurons resonate
(i.e., change associated weight values) in accordance with the outside world
as represented by the input vectors.

Next, we will describe this algorithm again, but in more mathematical
terms. Consider m-dimensional vectors associated with neurons, each of the
values of which is initially random and bounded by 0 and 1. An m-
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dimensional input pattern is presented. The values of thic nattern ar2 alen
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assumed bounded by 0 and 1. The dot (scalar) product of the input pattern
and each neuron is determined. The normalized Euclidean distance could
equally well be used. '

The m-dimensional neuron with the best match will be updated. So
also will a small neighborhood of neurons, around this “‘winner’’ neuron.
These two sets of wupdates represent competitive learning, and
collective/cooperative learning. The neighborhood around a ‘‘winner’’ neu-
ron 1s assumed to be governed by a function of excitation and inhibitory
effects such as a ““Mexican hat.”” This is shown in Figure 1a for 1 dimension,
but generalizes to 2, 3 or more dimensions.

Neurons within a distance of a on either side of the ‘‘winner’” neuron
are excited; neurons at a distance between a and a + b (cf. Figure 1) on any
side of the ‘‘winner’’ neuron are inhibited, and there is zero effect on all neu-
rons at a distance greater than a + b. In practice this ‘‘sombrero’’ function
may be approximated by a rectangle or box function. Furthermore, the width
of this function around the ‘‘winner’’ neuron should decrease as the learning
proceeds. Figure 1b also shows a number of such successive (inward-
approaching) areas of excitation and/or inhibition.

3

In learning, the “‘winner’s” neuron weight vector (#,;,) is brought
closer to the input pattern’s (*):

—ﬁ?new =Wﬂf¢f t 0"(? _W{JM‘) .

The excited neurons in the neighborhood of the *‘winner’’ may be updated in
an identical manner. The value of o is a small fraction which decreases as
learning takes place.

Consider, as an example (briefly described in Kohonen 1988) a Carte-
sian product of 32 items and 5 attributes. An item-vector is represented by ¥
and 1s of dimensionality 5. As an output representation, neurons (points) on a
7 x 10 regular hexagonal grid will be chosen. A neuron is represented by W,
and is of dimensionality 5 (the same as each input vector).

Representation: A 7 X 10 regular hexagonal lattice or grid is used, as
portrayed in Figure 2. :

Consider a weight vector, W;, associated with each lattice element i.
. The weight vector at lattice element i at iteration number ¢ is w. We
require the definition of some metric, ||-| This last condition can be relaxed
to dissimilarities and (mutatis mutandis) to similarities such as the scalar pro-
duct. Setr =0.

Step 0: Take an input vector® randomly from the set of input vectors:
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Step 1: Determine the neuron (lattice element) ¢ = i such that [[® —wi |

............ . o o








































































