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Preface

The Neural Networks Research Centre (NNRC, neuroverkkojen tutkimusyksikko) of
Helsinki University of Technology (HUT) was established for the years 1994-98, and
its funding comes from the Academy of Finland and HUT. It was selected as one of
the centers of excellence (COE) in 1995, and its mandate was first extended up to
the end of 1999. The COE status has later been approved for the years 2000-2005.
The purpose of the NNRC is to pursue research in new information processing meth-
ods called the neural networks, but the major part of its research has concentrated
on the theory and applications of the class of algorithms called the Self-Organizing
Map (SOM) and its variations. This may have been justified, since the SOM was
originally conceived here, and some time ago we listed 3343 publications on the SOM
research from all over the world. It may be reasonable that the NNRC tries to keep
the leading role in this extensive field of research.

Although the Neural Networks Research Centre is directly subordinated to the Sen-
ate of the University of Technology, it historically emerged from the Laboratory of
Computer and Information Science (LCIS, informaatiotekniikan laboratorio), and
there exist close ties between the two. The personnels of these laboratories cooper-
ate in many ways, share common duties and use the same laboratories and facilities.
Therefore it would be difficult to separate the researches of these two laboratories.
A special research area of the LCIS has to be mentioned: new nonlinear estima-
tion methods, in particular the Independent Component Analysis, where interesting
neural-network implementations have been developed.

This report describes the research results of both laboratories in the years 1994-1998.

Espoo, March 22, 1999

Teuvo Kohonen Erkki Oja

Academy Professor Professor

Director, Director,

Neural Networks Research Centre Laboratory of Computer and
Helsinki University of Technology Information Science

Helsinki University of Technology

Olly Simula

Professor

Laboratory of Computer and
Information Science

Helsinki University of Technology
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1 The Self-Organizing Map (SOM)

Teuvo Kohonen

1.1 Introduction

The SOM is a new, effective software tool for the visualization of high-dimensional
data. It implements an orderly mapping of a high-dimensional distribution onto
a regular low-dimensional grid. Thereby it is able to convert complex, nonlinear
statistical relationships between high-dimensional data items into simple geometric
relationships on a low-dimensional display. As it compresses information while pre-
serving the most important topological and metric relationships of the primary data
items on the display, it may also be thought to produce some kind of abstractions.
These two aspects, visualization and abstraction, can be utilized in a number of
ways in complex tasks such as process analysis, machine perception, control, and
communication.

The SOM usually consists of a two-dimensional regular grid of nodes. A model of
some observation is associated with each node (cf. Fig. 1).

LOGOOHHOELOVU

Figure 1: In this exemplary application, each processing element in the hexagonal
grid holds a model of a short-time spectrum of natural speech (Finnish). Notice
that neighboring models are mutually similar.

The SOM algorithm computes the models so that they optimally describe the domain
of (discrete or continuously distributed) observations.

The models are automatically organized into a meaningful two-dimensional order in
which similar models are closer to each other in the grid than the more dissimilar
ones. In this sense the SOM is a similarity graph, and a clustering diagram, too. Its
computation is a nonparametric, recursive regression process.
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1.2 The incremental-learning SOM algorithm

Regression of an ordered set of model vectors m; € R” into the space of observation
vectors x € R" is often made by the following process:

m(t + 1) = m;(f) + he(x)i(x(t) — mi(t)) (1)

where t is the index of the regression step, and the regression is performed recursively
for each presentation of a sample of x, denoted x(¢). The scalar multiplier h¢(x); is
called the neighborhood function, and it is like a smoothing or blurring kernel over
the grid. Its first subscript ¢ = ¢(x) is defined by the condition

Vi, [[x(t) = m ()] < [[x(t) - mi@)[[ , (2)

that is, m.(¢) is the model (called the “winner”) that matches best with x(¢). The
comparison metric is usually selected as Euclidean; for other metrics, the forms of
(1) and (2) will change accordingly. If the samples x(¢) are stochastic and have a
continuous density function, the probability for having multiple minima in (2) is
zero. With discrete-valued variables, multiple minima may occur; in such cases one
of them should be selected at random for the winner.

The neighborhood function is often taken to be the Gaussian

hc(x),i = a(t) exp <_%> ’ (3)

where 0 < «a(t) < 1 is the learning-rate factor, which decreases monotonically with
the regression steps, r; € R? and r. € R2 are the vectorial locations on the display
grid, and o(t) corresponds to the width of the neighborhood function, which is also
decreasing monotonically with the regression steps.

A simpler definition of Ay is the following: hex); = «(t) if ||r; — r.|| is smaller
than a given radius from node ¢ (whereupon this radius is a monotonically decreasing
function of the regression steps, too), but otherwise f.); = 0. In this case we shall
call the set of nodes that lie within the given radius the neighborhood set N..

Due to the many stages in the development of the SOM method and its variations,
there is often useless historical ballast in the computations.

For instance, an old ineffective principle is random initialization of the model vectors
m;. Random initialization was originally used to show that there exists a strong
self-organizing tendency in the SOM, so that the order can even emerge when start-
ing from a completely unordered state, but this need not be demonstrated every
time. On the contrary, if the initial values for the model vectors are selected as a
regular array of vectorial values that lie on the subspace spanned by the eigenvectors
corresponding to the two largest principal components of input data, computation
of the SOM can be made orders of magnitude faster, since (i) the SOM is then al-
ready approximately organized in the beginning, (ii) one can start with a narrower
neighborhood function and smaller learning-rate factor.

Many computational aspects like this and the selection of proper parameter values
have been discussed in the software package SOM_PAK [1], as well as the book [2].
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1.3 The batch version of the SOM

Another remark concerns faster algorithms. The incremental regression process
defined by (1) and (2) can often be replaced by the following batch computation
version which is significantly faster and does not require specification of any learning-
rate factor a(?).

Assuming that the convergence to some ordered state is true, we require that the
expectation values of m;(¢ + 1) and m;(¢) for ¢ — oo must be equal, even if h.;(t)
were then selected nonzero. In other words, in the stationary state we must have

Vi, Et{hc(x)’i(x - mf)} =0. (4)

In the special case where we have a finite number (batch) of the x(t) with respect to
which (4) has to be solved for the mj, and hc), represents the kernels used during
the last phases of the learning process, we can write (4) as

mt = 2t he(x),iX(t) (5)
’ Et hc(x),i ‘

This, however, is not yet an explicit solution for m;}, because the subscript ¢(x) on
the right-hand side still depends on x(t) and all the m}. The way of writing (5),
however, allows us to apply the contractive mapping method known from the theory
of nonlinear equations: starting with even coarse approximations for the m}, (2) is
first utilized to find the indices ¢(x) for all the x(¢). On the basis of the approximate
he(x), values, the improved approximations for the m; are computed from (5), which
are then applied to (2), whereafter the computed ¢(x) are substituted to (5), and so
on. The optimal solutions m; are usually obtained in a few iteration cycles, after the
discrete-valued indices ¢(x) have settled down and are no longer changed in further
iterations. This procedure is called the Batch Map principle.
An even simpler Batch Map principle is obtained if h¢(x); is defined in terms of the
neighborhood set N.. Further we need the concept of the Voronoi set. It means a
domain V; in the x space, or actually the set of those samples x(t) that lie closest
to m}. Let us recall that we defined N; as the set of nodes that lie up to a certain
radius from node 7 in the array. The union of Voronoi sets V; corresponding to the
nodes in N; shall be denoted by U;. Then (5) can be written

. Ex(t)EUi x(t)

where n(U;) means the number of samples x(¢) that belong to Uj.
Notice again that the U; depend on the m}, and therefore (6) must be solved itera-
tively. The procedure can be described as the following steps:

m

1. Initialize the values of the m} in some proper way. (Even random values for
the m} will usually do.)

2. Input all the x(¢), one at a time, and list each of them under the model m;
that is closest to x(¢) according to (2).

14



3. Let U; denote the union of the above lists at model m; and its neighbors that
constitute the neighborhood N;. Compute the means of the vectors x(¢) in
each U;, and replace the old values of m; by the respective means.

4. Repeat from 2 a few times until the solutions can be regarded as steady.

A further acceleration of computation results if one notes that for the different nodes
1, the same addends occur a great number of times. Therefore it is advisable to first
compute the mean X; of the x(¢) in each Voronoi set V; and then weight it by the
number n; of samples in V; and the neighborhood function. Now we obtain

o = 2 "l

= , 7

where the sum over j is taken for all units of the SOM. For the case in which
neighborhood sets NN; are used,

JEN; Tt

A convergence and ordering proof of the Batch Map has been presented in [3].
There is a Matlab SOM Toolbox program package available in the Internet at the
address http://www.cis.hut.fi/projects/somtoolbox/, which makes use of the Batch
Map method.

1.4 Learning Vector Quantization (LVQ)

If each of the sample vectors x(¢) is known to belong to some predefined class,
and the model vectors m;(t) are labeled by symbols corresponding to the predefined
classes, too, then a supervised-learning algorithm can be used to fine tune the model
vectors [2]. The basic LVQ1 algorithm can be written in a compressed form as

m;(t+1) = my(t) + at)s(t)dalx(t) — mi()],

where s(t) = +1 if x and m,. belong to the same class,

but s(tf) = -1 if x and m, belong to different classes . 9)

Here «(t) is the scalar-valued learning-rate factor, 0 < «(t) < 1, and 6, is the
Kronecker delta (=1 for ¢ =i, = 0 for ¢ # i) ; usually «(t) is initially of the order
of a couple percent and decreases monotonically with time. The index c labels the
winner according to (2). Notice that the neighborhood set around the winner now
consists of the winner itself only.

15



Batch-LVQ1

The LVQ1 algorithm, like the SOM, can be expressed as a batch version. In a
similar way as with the Batch Map (SOM) algorithm, the equilibrium condition for
the LVQ1 is expresssed as

Vi, E{s(t)0u(x —m3)}=0. (10)

The computing steps of the so-called Batch-LVQ1 algorithm (in which at steps 2
and 3 the class labels of the nodes are redefined dynamically) can then be expressed,
in analogy with the Batch Map, as follows:

1. For the initial reference vectors take, for instance, those values obtained in the
preceding unsupervised SOM process, where the classification of x(¢) was not
yet taken into account.

2. Input the x(¢) again, this time listing the x(¢) as well as their class labels
under each of the corresponding winner nodes.

3. Determine the labels of the nodes according to the majorities of the class labels
of the samples in these lists.

4. Multiply in each partial list all the x(¢) by the corresponding factors s(t) that
indicate whether x(¢) and m.(¢) belong to the same class or not.

5. At each node i, take for the new value of the reference vector the entity

L Ss()x(t) )

¢ Zt’ S(tl) ’
where the summation is taken over the indices ¢’ of those samples that were
listed under node :.

6. Repeat from 2 a few times.

Comment 1. For stability reasons it may be necessary to check the sign of 3, s(t').
If it becomes negative, no updating of this node is made.

Comment 2. Unlike in usual LVQ, the labeling of the nodes was allowed to change
in the iterations. This has sometimes yielded slightly better classification accuracies
than if the labels of the nodes were fixed at first steps. Alternatively, the labeling
can be determined permanently immediately after the SOM process.

1.5 Further remarks

Finally it should be taken into account that the purpose of the SOM is usually
visualization of data spaces. For an improved quality (isotropy) of the display it
is then advisable to select the grid of the SOM units as hexagonal; the reason is
similar as when using a hexagonal screen for images, say, in color television.

The above algorithms can be generalized, e.g., by defining various generalized match-
ing criteria.

The following categories of similarity graphs, computed by the SOM, have already
been used in many practical applications:
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1. State diagrams for processes and machines

2. Data mining applications: similarity graphs for

- statistical tables

- full-text document collections

A list of 3043 research papers from very different application areas of the SOM and
its variations is presented in [4].
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2 Analyzing Self-Organization in the SOM

Adrian Flanagan

The SOM algorithm despite the simplicity of its implementation has shown itself to
be particularly resistant to a general analysis of its self-organizing ability. For the
most part theoretical analyses of the self-organizing property have been confined to
the one dimensional case, that is a one dimensional input with a one-dimensional
neuron grid. One of the reasons for this limitation is that it is only in this particular
case that an organized state has been, so far, rigorously defined. Despite the ro-
bustness of the SOM which has been used successfully in many different application
areas, very little is know from theory what conditions are sufficient for it to self-
organize, and under what conditions it cannot organize. This project is concerned
with extending already existing proofs of self-organization in the SOM, in a general
way, such that sufficient conditions for self-organization to occur become apparent.
To explain more specifically it is necessary to introduce some notation for the SOM.
As so far the project has dealt with the one dimensional case, only the one dimen-
sional SOM is described. The input z € R is considered a random variable with
probability distribution P. At each time iteration ¢ a winner neuron c is chosen such
that

c(t) = arg min |z(t) — m;(t)] (12)
where m;(t),i = 1,..., N is the neuron weight value. Each neuron weight is then
updated as follows,

mi(t+1) = mi(t) + a(t)h(]i — c(t)|)(z(t) — mi(t)). (13)

The gain «(t), with 0 < «(t) < 1 during the training phase is normally a decreasing
function with time. The function h(|i —v(t)|) with 0 < h(|i—c(t)|) < 1 is referred to
as the neighborhood and h(j) decreases with increasing j. In what follows A(|i—c(t)])
will be written as h(i, c(t)). Generally h is defined as,

h(i,i) = 1

Wi £ W) = hp >0
h(i,j) = 0, |i—j|>W (14)
h(i,j) < h(ik), |i—j| > |i — k|

2.1 A Method for Analyzing Self-Organization

In the one dimensional case the organized configuration D of the neuron weights is
absorbing,

D={M:x1<$2<...<xN}U{M:x1>x2>...>xN} (15)

and in Cottrell and Fort [2] it has been shown that from any initial condition where
m; # mj,t # j, W = 1, and a uniform P that the weights will almost surely
converge to D. This result was further generalized in Erwin et al [3], Bouton and

18



Pages [4], Fort and Pages [5], Flanagan [6], [7] and Sadeghi [8]. All of the latter
consider M(t) = (mq(t), ma(t),...,) as a Markov process defined on the common
probability space (¥, F, ), and to prove self-organization it is shown that 3 7 < oo
and § > 0 for which

mmo({Y €V : 7p <T}) 26 (16)

or that the probability m), of finding sets of samples 7 in the sample space ¥
which take the neuron weights M from any initial condition M(0) to the organized
configuration in a finite time 7 is non zero. In [2], [3], [4], [5] and [8] either a
uniform P or a diffuse P has been assumed. The generalization of these results is
limited by the existence of situations where the inability to define a winner neuron
can lead to the instability of the organized configuration. An example of when this
may occur is m;(t) = m;(t),7 # j and

i,j = arg min |z(t) — my(t)| (17)
1<k<N

In [8] a modified version of the winner selection criterion of equation (12) to overcome
this problem is presented along with a general analysis of the one dimensional SOM.
This approach however is not generalizable to the higher dimensional case. In [6], [7]
a different approach has been taken which avoids this problem of winner definition
and it can be applied to both diffuse and discrete P and requires no change to the
original SOM algorithm. The only restriction is that the neighborhood function h(j)
be assumed strictly monotonic decreasing with increasing j, that is

h(z,j)gh(z,k)—qbfor |Z_.7|>|Z_k|7 ¢>0 (18)

In [6] it was shown that when N < W, for self-organization of the weights, the
requirements on P are that its support contains a skeleton structure of two intervals,
with [dP(z) > 0 for each interval and that each interval be separated from the
other by a certain minimum distance defined in terms of parameters of the map.
The condition on P can be used both for discrete and diffuse P and this proof has
already been easily extended to higher dimensional SOMs [6], which suggests the
general framework of the proof developed in this project is not restricted to the one
dimensional case. Define the order, n of an SOM as

n:{[%“—l’ N mod W # 0 (19)

. Nmod W =0
and in this project the results of [6] (i.e. n = 1), and [7] (i.e. n = 2) are generalized,
for the one dimensional case, for any n > 1. In other words general conditions that
the SOM and support of P must satisfy are described and it is then proven that
these conditions are sufficient for self-organization of the neuron weights for any
n > 1 and any initial state of the neuron weights.

2.2 A Structure for Self-Organization

In the course of the project a structure has been defined, which if it exists in the
support of P then self-organization can be shown. This structure .4, associated
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with an SOM of degree n, is defined in terms of two structures A,_;, separated
by a certain minimum distance which depend on parameters of the SOM. Hence
the structure A, is defined recursively from 2" basic structures Ay, which is quite
basically an interval on the line. Given this structure A,, with an SOM of degree n,
then assuming that

then the fOHOWng theorem can be stated and proved.

Theorem 1 For any initial, finite M(0) and the structure A, such that N < nW
with

/AOdP(a:) > 6 €>0 (21)

for every Ay interval in A, then 3T < oo and § > 0 for which
mmo({Y €V : Tp <T}) >6 (22)
where Tp 18 the first entry time of M into D.

The recursive nature of the structure A,, leads to a proof by induction of the theorem.
Throughout the proof three basic principles which apply at the level of the neuron
weight updates are used, they are referred to as, convergence, order preservation
and one step organization, and as well as being used in the one dimensional case,
similar principles have been applied to higher dimensional SOMs.

2.3 Conclusion

By defining a special structure A, on the support of P a general proof of self-
organization in a one dimensional SOM has been given. The proof itself is theo-
retical, which raises many interesting questions concerning the implications of the
proof in a practical situation. The conditions as determined are sufficient for self-
organization to occur, but are they necessary in a practical situation, if not, how
close are they to being necessary ? This question is very difficult from a theoretical
point of view, given that the system being dealt with is stochastic. An estimation
only of the importance of the conditions can be obtained from simulations.
Another interesting point of the structure A, is the fact that it is self-similar, that
is it looks the same on a large or small scale. In [9] the existence of a 1/f spectrum
for the update of the neuron weights during training was shown by simulation. This
is interesting in that there is a more general class of non linear systems which are
referred to as emergent, they are usually associated with some form of self-similarity
and a 1/f spectrum of some form. The significance if any of this relative to the
SOM remains to be seen.
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3 Point Density of the Model Vectors in the SOM

Teuvo Kohonen

3.1 Introduction

In the classical vector quantization (VQ) the objective is usually to approximate n-
dimensional real signal vectors x € R" using a finite number of quantized vectorial

values m; € R*,s = 1,..., N called the codebook vectors. One may want, e.g., to
minimize the functional called the distortion measure:
Eyq = [ Ix—mip(x)dx, (23)

where r is some real-valued exponent, the integral is taken over the complete metric
X space, m, is the m; closest to x, i.e.,

¢ = argmin{[lx — m,||} (24)

the norm is usually assumed Euclidean, p(x) is the probability density function
of x, and dx is a shorthand notation for the n-dimensional volume differential of
the integration space. All the values of x that have the same m, as their nearest
neighbor are said to constitute the Vorono:i set associated with m.. Under rather
general conditions one can determine the point density ¢(x) of the m; as in the
following expression |2, 8|:

¢(x) = const. [p(x)nLJrr] . (25)

A related problem occurs with the self-organizing map (SOM), which resembles VQ,
but in which the m; are ordered in R" according to their similarity. The SOM carries
out a vector quantization, too, but the placement of the m; in the signal space is
restricted by the neighborhood relations.

A long-standing problem has been whether the SOM model vectors could be deter-
mined by the minimization of some objective function. For instance, Kohonen, 1991
[3] discussed the distortion measure

= [ Y halx—m?pde =3 [ 3 hyllx —my[p(x)ix . (26)

where V; is the Voronoi set around m;. The gradient of E consists of two terms :

oF
ij

= G+H, (27)

where G is obtained if the integration borders are kept fixed and the differentiation
with respect to m; is carried out in the integrand only, whereas in the computation
of H, the integrand is held constant and the integration borders are let to vary when
the m; differential is taken.

In order to avoid the evaluation of the above integrals, one may try to resort to the
classical method called the stochastic approzimation [7]. If the inputs x are obtained
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as a sequence of samples {x(¢)}, one can compute at every time ¢ the best tentative
estimate of m; so far, called m;(¢). The expression

Eq(t) = 3 heillx(t) — mi(#)]|* (28)

is taken as the sample of function F at time ¢. Following Robbins and Monro, at
time t we approximate the gradient of E with respect to m; by the gradient of F(¢)
with respect to m;(¢). Then

mi(t+1) =m0~ (3) gggg (29)

with ¢ a small number. However, it is not yet clear how good an approximation
the Robbins-Monro process is in this case. We have now shown that the point
density derived from the SOM algorithm and the point density derived from the
SOM distortion measure are different already in the one-dimensional case.

3.2 Point Densities in a Simple One-Dimensional SOM

3.2.1 Asymptotic State of the One-Dimensional Finite-Grid SOM Algo-
rithm

Consider a series of samples of the input z(¢t) € R, ¢t = 0,1,2,... and a set of k
model (codebook) values m;(t) € R, t =0,1,2,..., whereupon ¢ is the model index
(¢=1,...,k). For convenience assume 0 < z(t) < 1.

The original one-dimensional self-organizing map (SOM) algorithm with at most
one neighbor on each side of the best-matching m; reads (Kohonen, 1997):

mi(t+1) = m(t) +e(t)[z(t) — m;(t)] for i € N,
mi(t+1) = my(t) for i ¢ N, ,
¢ = argmin{|z(t) —m,(?)[} , and
N. = {max(1l,¢—1),¢,min(k,c+ 1)}, (30)
where N, is the neighborhood set around node ¢, and £(¢) is a small scalar value

called the learning-rate factor. In order to analyze the asymptotic values of the m;,
let us assume that the m; are already ordered. The Voronoi set V; around m; is

forl<i<k, V; =

b

[mi—l +m; m; +mi
2 ’ 2
v, = [0’ my ;—m2] V= mk12+ my,

forl<i<k, U = Vi UViUViy ,Ui=ViUVa, U=V, 1UVi.  (31)

,1] , and denote

One can write the condition for stationary equilibrium of the m; for a constant ¢ as:

Vi, E{z —m;lz € U;} =0. (32)
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For 2 < 7 < k — 1 we have for the limits of the U;:

1 1
A= é(mi72 +mi1) ,Bi= i(mi+1 + mito) - (33)
For + = 1 and 7+ = 2 we must take B; as above, but A; = 0; and for ¢ = £k — 1 and

1 = k we have A; as above and B; = 1.

Numerical example. Let p(z) = 2z for 0 < z <1 and p(x) = 0 otherwise.
The stationary values of the m; are defined by the set of nonlinear equations
2B — A

Vi, m; = E{z|z € U;} = 3

3(B7 - A7) 34

and the solution of (34) is sought by the so-called contractive mapping. Let us de-
note z = [my, my, ... ,my]". Then the equation to be solved is of the form z = f(z).
Starting with the first approximation for z denoted z(®), each improved approxima-
tion for the root is obtained recursively:

201 = f(219) . (35)

In the present case one may select for the first approximation of the m;, e.g., equidis-
tant values.

It may now be expedient to define the point density ¢; around m; as the inverse of
the length of the Voronoi set, or ¢; = [(my1 — mi_1)/2]7 .

The problem expressed in a number of previous works, e.g., Ritter and Schulten
(1986), Ritter (1991), and Dersch and Tavan (1995), is to find out whether ¢; could
be approximated by the functional form const.[p(m;)]*. Previously this was only
shown for the continuum limit, i.e. for an infinite number of grid points. The present
numerical analysis allows us to derive results for finite-length grids, too. Assuming
tentatively that the power law holds for the models m; through m; (leaving aside
models near to the ends of the grid), we shall then have

o = 108(mit1 —mi1) — log(m;1 —m;_1)
log[p(m;)] — log[p(m;)]

(36)

In Table 1, using 7 = 4 and j = k — 3, between which the border effects may be
assumed as negligible, the exponent « has been estimated for 10, 25, 50, and 100
grid points, respectively.

3.2.2 Optimum of the One-Dimensional SOM Distortion Measure with
Finite Grid
In the previous example, (26) becomes
D;
E = 2) Z/ (x —m;)’zdx
i jen;’Ci
4 1
= 2> m?(D?—CiZ)—gmj(Df—C§)+§(D?—Cf) (37)

i JEN;
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where the neighborhood set of indices N; was defined in (30), and the borders C;
and D; of the Voronoi set V; are C1 =0, Dy =1,

Ci:w for 2<i<k,and Dy = "L g i<k 1.
(38)
The optimal values of the m; are determined by the gradient method:
Vi, mi(t+1)=m(t)— \¢t)-0E/Omyl; , (39)

where A(t) is a suitable small scalar factor. With A(¢) > .01 (even with A(¢) = 10)
and starting with very different initial values for the m;, the process has converged
robustly to a unique global minimum. After computation of the optimal values
{m;}, the exponent « of the tentative power law was computed from (36) of the
previous section and presented in Table 1 for different lengths of the grid. Clearly
the cases discussed in Secs. 2.1 and 2.2 are qualitatively different.

Table 1: Exponent « derived from the SOM algorithm and the SOM distortion
measure, respectively
Grid points SOM algorithm SOM distortion measure

10 0.5831 0.3281
25 0.5976 0.3331
50 0.5987 0.3333
100 0.5991 0.3331

3.3 Derivation of the VQ Point Density by the Calculus of
Variations

The technique that will be used to approximate point densities for higher-
dimensional SOMs will first be applied to the simpler VQ problem. If p(x) is smooth
and the placement of the m; in the signal space is reasonably regular, one may try
to approximate the Voronoi sets, which are polytopes in the n-dimensional space,
by n-dimensional hyperspheres centered at the m;. This, of course, is a rough ap-
proximation, but it was in fact used already in the classical VQ papers |2, 8|, and
no better treatments exist for the time being.

Denoting the radius of the hypersphere by R, its hypervolume has the expression
kR™, where k is a numerical factor. If p(x) is approximately constant over the poly-
tope, the elementary integral of the distortion ||x — my||™ = p" over the hypersphere
is

R T n—1 nk n-4r
D:nk/o p(x)-p" - p"rdp = —— - p(x) - R"'"; (40)

notice that if v(p) is the volume of the n-dimensional hypersphere with radius p,
then dv(p)/dp = nkp™ ! is the “hypersurface area” of the hypersphere.
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The point density ¢(x) is defined as 1/kR"™. What we aim at first is the approximate
“distortion density” that we denote by I[x, ¢(x)], where ¢(x) is the point density of
the m; at the value x:

= D )= P g (a1)

n+r ' n+r
In the continuum limit, the total distortion measure is the integral of the “distortion
density” over the complete signal space:

I[x, q(x)]

[ 1 aalax = [P gk (42)

This integral is minimized under the restrictive condition that the sum of all quan-
tization vectors shall always equal /N; in the continuum limit the condition reads

/q(x)dx =N. (43)

In the classical calculus of variations one often has to optimize a functional which
in the one-dimensional case with one independent variable x and one dependent
variable y = y(x) reads

[ 1y (44)

here y, = dy/dzx, and a and b are fixed integration limits. If a restrictive condition

b
/ I (z,y, ys)dx = const. (45)

has to hold, the generally known Euler variational equation reads, using the La-
grange multiplier A and denoting K = I — \[;,

0K d 0K

oy dx Oy,

(46)

In the present case x is vectorial, denoted by x, ¥y = ¢(x), and I and I; do not
depend on 0g/0x. In order to introduce fixed, finite integration limits one may
assume that p(x) = 0 outside some finite support. Now we can write

_r
nk™n

I= p(x) - lg(x)] 77, hi=q(x), K =1~ (47)

8(?1@) B _Z;k—jl p(x) - [g()] 7 = A =0. (48)

At every location x there then holds
g(x) = C - [p(x)]7 , (49)

where the constant C' can be solved by substitution of ¢(x) into (43). Clearly (49)
is identical with (25). We have now obtained the same result that earlier ensued
from very intricate signal and error-theoretic probabilistic considerations.
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3.4 The SOM Point Density Derived from the Distortion
Measure for Equal Vector and Grid Dimensionalities

It is possible to carry out the following analysis with a rather general symmetric h;;,
but for simplicity, without much loss of generality, we may assume, like in the basic
SOM theory, h;; = 1 within a certain radius, relating to the distances measured
along the grid from the node j; outside this radius h;; = 0. This is called the
neighborhood around grid point mj.
In the signal space this then means that if p(x) and the point density of the m; are
changing slowly, in the first approximation we can take h;; = 1 up to a distance aR?
from m;, where R is the radius of the hypersphere that approximates the Voronoi
set V}, and a is a numerical constant; in other words, the neighborhood shall contain
a constant number of grid points everywhere over the SOM (except at the borders
of the SOM).
For the elementary integral of the distortion over the neighborhood up to radius aR,
with the exponent r = 2, we then obtain according to (40):

nk

D=5 pk): (aR)"?, (50)

and relating the “distortion density” to the “volume” of V},

_ D _nan+2
kR n+2

I[x, ¢(x)] p(x) - [kg(x)] "% . (51)

We then directly obtain in analogy with equations (41) through (48) and taking
7 = 2 the result

4(x) = C'p(x)]"+ (52)

with another constant C’ computed from the normalization condition.
Notice that (52), however, does not yet tell anything about the exponent if the SOM
algorithm is used to determine the m,.
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4 The Median SOM

Teuvo Kohonen

The model vectors m; in the basic SOM were determined as conditional averages over
selected subsets of samples x(¢). Thereby, however, sharp structures in the patterns
formed by the components of x(¢) will be smoothed out. Also, if the SOM is used
to represent sets of statistical descriptors of a discrete set of items (cf. Sec. 11), the
models will no longer be exact replica of any descriptor sets.

An alternative way for the construction of the SOM is to use the Batch Map princi-
ple, but instead of updating the old models m;(¢) by the respective means over the
unions of the Voronoi sets, one can take the so-called set medians over the unions
for the updated values of the m;(¢).

The set median M over the set S = {X(¢)} is defined to be that member of S, the
sum of distances of which from all the other elements of S is minimum:

3" d[X(t), M] = min! (53)

The reason for calling M the “median” is that if the X (¢) are scalar numbers, and if
d[X (t), M] = |X(t) — M|, then M is easily seen to be the arithmetic median of S.
However, in the most general case, the X (¢) need not even be vector-valued.

The Batch Map algorithm is thus modified in the following:

1. Initialize the models M; in some proper way.

2. Input all the available samples X (¢), and list each of them under the respective
winner unit ¢ (for which d[X (¢), M;] is minimum). If there are several winners
for X (t), select one of them at random for listing.

3. Take for the updated value of M; the median over the neighborhood N,, i.e.,
over the union of the above lists associated with the winner unit ¢ and its
neighborhood N.. If there are several medians, select one of them at random
for the effective median.

4. Repeat from 2 a few times, until the values of the M; can be regarded as
steady.

In order to speed up the computations, if the usual SOM or Batch Map algorithm
is applicable to the X (¢), it may be advisable to first construct the SOM in the
traditional way and after that continue using the median algorithm.

As the set median is a replica of some of the members, the internal structures of
this member will be preserved in the mapping, and thus every model resulting in
the SOM will always represent some real input sample.
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5 Self-Organizing Maps of Symbol Strings

Teuvo Kohonen and Panu Somervuo

The SOMs are usually defined in metric vector spaces. A different idea altogether
is organization of symbol strings or other nonvectorial representations on a SOM
array, whereupon the relative locations of the images of the strings on the SOM are
expected to reflect some distance measure, e.g., the Levenshtein distance or feature
distance (FD), between the strings (for textbook accounts, cf. [1,2]). If one tries to
apply the SOM algorithm to such entities, the difficulty immediately encountered
is that incremental learning laws cannot be expressed for symbol strings, which are
discrete entities. Neither can a string be regarded as a vector.

It has recently transpired [3] that the SOM philosophy is amenable to the construc-
tion of ordered similarity diagrams for string variables, too. This method applies
the following idea, earlier partly reported in Sec. 4: The Batch Map principle [2]
(cf. also Sec. 1) is used to define learning as recursively computed set medians,
generalized medians, set means, or generalized means [4] over sets of strings.

An additional advantage, not possessed by the vector-space methods, is obtained
if the feature distance measure for strings is applied. The best match between the
input string against an arbitrary number of reference strings can then be found
directly by the so-called Redundant Hash Addressing (RHA) method [2,5]. In it,
the number of comparison operations, in the first approximation at least, is almost
independent of the number of model strings. Construction of very large SOM arrays
for strings becomes then possible.

Let us recall that the set median M over S = {X(t)} was defined by

> d[X(t), M] = min! (54)

where d[X (i), X (j)] is the general distance between elements X (i), X (j) € S, and
M € §. Similarly, the set mean m over § shall satisfy the condition

; d*[X (t), m] = min! (55)

The generalized median and the generalized mean are then defined to result from
the conditions (54) and (55) when M and m are not restricted to belong to S. If
X(t) € R"™, and if m need not belong to S, m is simply the arithmetic mean of the
X(t).

The basic types of error that may occur in strings of discrete symbols are: (1) re-
placement, (2) insertion, (3) deletion of a symbol. (Interchange of two consecutive
symbols can be reduced to two of these operations.) An insertion or deletion er-
ror changes the relative position of all symbols to the right of it, whereupon, e.g.,
the most trivial distance between strings of symbols, the Hamming distance is not
applicable. There are at least two categories of distance measures that take into
account the “warping” of strings: (1) Levenshtein distance, which usually computes
the minimum number of editing operations (replacements, insertions, and deletions
of symbols) needed to change one string into another; these operations can also be
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weighted in many ways; (2) comparison of strings by their local features, e.g., sub-
strings of N consecutive symbols (N-grams), whereupon the respective local features
are said to match only if their relative position in the two strings differs in no more
than a prespecified number of positions. The string lengths can also be taken into
account |1, 2|.

The set median and the set mean for strings are found easily, by computing all the
mutual distances between the given strings, and searching for the string that has
the minimum sum of the distances, or the minimum sum of squares of the distances,
respectively, from the other strings. The generalized median and the generalized
mean are then found by systematically varying each of the symbol positions of the
set median or the set mean, making ‘errors’ of all the three types over the whole
alphabet, and checking whether the sum of the distances or the sum of squares of
the distances from the other elements is decreased. The computing time is usually
quite modest; even with the 50 per cent error rate discussed here, the generalized
median and the generalized mean can be found in the immediate vicinity of the set
median and the set mean, respectively, in one or a couple of cycles of variation.

A number of additional problems has to be solved, too. One of them is initialization
of the SOM with proper strings.

It is possible to initialize a usual vector-space SOM by random vectorial values. We
have also been able to obtain organized SOMs for string variables, starting with
random reference strings. However, it is of a great advantage if the initial values are
already ordered, even roughly, along with the SOM array.

Ordered, although not yet optimal initial values of the strings can be picked up from
the Sammon projection [2,6] of a sufficient number of representative input samples.
Another partial problem is interpolation between strings, especially if the dimensions
of the SOM are changed during learning, as made in this work.

The most advantageous learning strategy for this method is to start with a very small
SOM, and after its preliminary convergence, to halve the grid spacings intermittently
by introducing new nodes in the middle of the old ones. If we input all the available
samples to the smaller SOM and construct the partial lists at the matching nodes,
then for the intermediate value to be used for the initialization of each middle node,
we can take the average (median or mean) over the union of the lists collected for
the neighboring nodes. After the first “expansion” and initialization of the middle
nodes, the larger SOM is again taught by the available samples and “expanded,” the
new middle nodes are initialized in the same way, and so on, until the wanted size
of the SOM is achieved.

SOMs of strings have been made for phonemic transcriptions produced by the speech
recognition system similar to that reported in [7]. As feature vectors we used con-
catenations of three 10-dimensional mel-cepstrum vectors computed at successive
intervals of time 50 ms in length. The phoneme-recognition and phoneme-decoding
part was first tuned by the speech of nine male speakers using a 350-word vocabu-
lary, after which the parameters of the system were fixed. The phoneme strings used
in the following experiment were then collected from 20 speakers (15 male speak-
ers and five female speakers). The string classes represented 22 Finnish command
words. Finnish is pronounced almost like Latin. The results are shown in Fig. 2.
The classification accuracy of a usual SOM can be improved by supervised learning,
fine tuning the reference vectors by the Learning Vector Quantization (LVQ) (cf.,
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Table 2: Medians and means of garbled strings. LD: Levenshtein distance; FD:

feature distance

Correct string: MEAN
Garbled versions (50 per cent errors):

MAN
QPAPK
TMEAN
MFBJN
EOMAN

Al .

Set median (LD): MEAN
Generalized median (LD): MEAN

Set median (FD): MEAN
Generalized median (FD): MEAN

Correct string: HELSINKI
Garbled versions (50 per cent errors):

HLSQPKPK
THELSIFBJI
EOMLSNI
HEHTLSINKI
ZULSINKI

Ol b=

Set median (LD): HELSSINI
Generalized median (LD): HELSINKI

Set median (FD): HELSSINI
Generalized median (FD): HELSSINI

6. EN

7. MEHTAN
8. MEAN

9. ZUAN
10. MEAN

Set mean (LD):

Generalized mean (LD):

Set mean (FD):

Generalized mean (FD):

6. HOELSVVKIG
7. HELSSINI

8. DHELSIRIWKJII
9. QHSELINI

10. EVSDNFCKVM

Set mean (LD):

Generalized mean (LD):

Set mean (FD):
Generalized mean (FD):

MEAN
MEAN

MEAN
MEAN

HELSSINI
HELSINKI

HELSSINI
HELSSINI

e.g., [2]). It can be shown that a particular kind of LVQ is able to fine tune strings,

too.

In accordance with the Batch-LVQ1 procedure introduced in Ref. |3] and also ex-
pounded in the first article of this report, we obtain the Batch-LVQ]1 for strings by
application of the following computational steps:

1. For the initial reference strings take, for instance, those strings obtained in the

preceding SOM process.

2. Input the classified sample strings once again, listing the strings as well as
their class labels under the winner nodes.

3. Determine the labels of the nodes according to the majorities of the class labels

in these lists.
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Figure 2: A 13 by 9 unit string-mean SOM. The shades of gray represent distances
between neighboring reference vectors; dark means large distance, white small dis-
tance, respectively.

4. For each string in these lists, provide its distance (or its square of the distance)
from every other string in the same list with the plus sign, if the class label of
the latter sample string agrees with the label of the node, but with the minus
sign if the labels disagree.

5. Take for the new value of the reference string the string that has the smallest
sum of expressions defined at step 4 with respect to all the other strings in
the respective list. Continue by systematically varying each of the symbol
positions by replacement, insertion, and deletion of a symbol accepting the
variation if the sum of expressions defined at step 4 is decreased. Take the
best variation for the new reference string.

6. Repeat steps 1 through 5 a sufficient number of times.

The multi-speaker word recognition experiments for the 20 speakers were carried out
using smaller (9 by 9) hexagonal SOM lattices than in the previous examples. After
training of the SOMs, seven rounds of fine tuning by LVQ1 were performed. The
training and test sets consisted of 880 words each. The recognition results are given
in Table 3.

We can see from the experiments that the SOM alone may already yield a reason-
ably high recognition accuracy. For comparison, if the correct (linguistic) phonemic
transcriptions had been used as reference strings, the error percentage would have
remained higher: 5.8 per cent.
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Table 3: Recognition experiments. Average error percentages of four independent
runs

Median strings

training set | test set
SOM only, generalized median 4.3 4.5
SOM only, set median 3.7 3.7
SOM + LVQ1 3.2 3.3

Mean strings

training set | test set
SOM only, generalized mean 4.1 4.4
SOM only, set mean 4.0 4.0
SOM + LVQ1 2.6 2.7
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6 The SOM as a Model of Brain Maps

Teuvo Kohonen

The original motivation for the SOM algorithm was an attempt to explain various
spatially organized neural “maps” in the central nervous system. In the light of the
present knowledge, however, it seems necessary to distinguish three categories of
such “brain maps™ Al. Feature-sensitive cells that respond, e.g., to specific sensory
stimuli. A2. Anatomically organized representations of the body or some receptor
surface of it, e.g., in the visual, somatosensory, motor, and auditory cortices. A3.
Abstract feature maps that constitute a topographical or topological representation
of a specific feature space of the sensory experiences. Examples of such abstract
maps are the color map in the visual area V4, and various maps of the auditory
space.

Unlike the anatomical maps, the ordered mappings of abstract features cannot be
produced by genetically controlled ordered growth of axons, because no ordered
receptor system, from which such ordered axons could originate, exists for abstract
features. The order that has ensued in the mapping must have emerged by self-
organization.

The following three conditions seem to be necessary for the production of biological
maps of abstract features: B1l. All the cells of such a brain area must receive
essentially similar information. B2. There must exist a mechanism for the activation
of that particular cell (called the “winner”) which, in some sense, is “best fit” to the
input information. Its activity shall further be enhanced, for instance by lateral
excitation and inhibition, while the activity in the rest of cells is suppressed. B3.
There must exist a learning mechanism by which the “winner” and a subset of its
spatial neighbors in the area become “tuned” to the prevailing stimulus, while no
learning outside this subset occurs. In the long run, when different subsets of cells
are activated by different stimuli, a global order along with some dominant features
in the stimuli then ensues.

It will be necessary to notice that the above conditions B1 and B2 entail that an
area over which the input can be regarded similar, and in which lateral interactions
over the area may occur, cannot be very large. In view of the extent to which the
afferent axons and intracortical collaterals can spread, a feature map in the cortex
may only have a diameter of a few millimeters.

In the biological modeling it is customary to approximate the activation of a neuron
by the dot product of its input signal vector x and its synaptic weight vector m,;,
but if this law is used for the definition of the winner in the SOM, then the updating
law must be made self-normalizing:

m; (¢ + 1) = m;(t) + hei[x(t) — (my (£)x(t))my(1)] (56)
where h; is the neighborhood function, and the winner is defined by

c=arg miax{m;f(t)x(t)} . (57)

In the next report we shall show how the maximum selection in (57), in principle at
least, could be implemented by physiologically plausible networks.

35



It can be shown that starting with arbitrary initial values m;(0), with ||x(¢)|| = 1,
and h; sufficiently small, the ||m;(¢)|| tend to the value 1. Nonetheless (56) preserves
the self-organizing property, which can be seen, e.g., from Fig. 3, where the phoneme
map has been computed using this equation.
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Figure 3: Self-organizing map of Finnish phonemes when 15-channel short-time
spectra of natural speech, evaluated at every 20 ms, were used as the x(¢) in (56).

The biological motivation for the bracketed expression in (56) may come from the
following argumentation. First, the adaptive changes of a synapse must be made
reversible in order to keep its weight on the dynamic range during its whole lifetime.
Such a law, in the discrete-time formalism, could have the general form

m;(t + 1) = my(t) + o[ Px(t) — Qm;(?)] , (58)

where « is a small factor. The term aPx(t) describes the memory traces due to all
presynaptic excitations, and the strengths of the memory traces are assumed pro-
portional to x(t), while —a@Qm;(t) represents the forgetting effect, which is assumed
proportional to m;(¢). It may be stipulated that the biological forgetting is mostly
“active,” e.g., () depends on the degree of activation of the cell, being proportional
to m; (¢)x(t). Furthermore, in order to hold the “memory traces” steady for indef-
inite periods of time, while being able to change them fast upon demand, it must
be assumed that both learning and forgetting (i.e., in general the synaptic changes)
not only depend on the presynaptic signal activity, but are also conditioned by some
plasticity control factor or “learning factor” produced by strong activities either at
the cell itself or at its neighboring cells. If then the activity of the neural network is
strongly clustered, i.e., if some kind of competitive process is at work selecting the
winner, enhancing its activity, and suppressing the activity in the rest of the cells,
then spatial spreading of the “learning factor” to neighboring cells means that P and
() must involve some interaction kernel h.; as a factor, relating to the active cell ¢
and cell 4. This argumentation then directly results in the adaptation law (56).
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7 Winner-Take-All (WTA) Network

Samuel Kaski and Teuvo Kohonen

In the practical SOM algorithms, selection of the winner by arithmetic computation
is no problem. However, as the biological neural networks must implement this
computation by dynamical components and networks with simple structures, special
solutions compatible with the real neurophysiology must then be sought.

The winner index ¢ in the biologically motivated SOM was defined by

¢ = argmax{m; x} . (59)

In modeling, the dot products m; x correspond to the total postsynaptic activations
I; of the neurons. They are formed directly at the inputs of the neurons. Therefore,
it will remain necessary to study under what conditions a physiologically plausible
simple network structure can select the largest of its scalar inputs (activations), i.e.,
implement the winner selection. Such a circuit is called the “winner-take-all” (WTA)
network. For an early approach to this problem, cf. [1,2].

Our analysis is potentially applicable to any network in which the connections com-
ing to each neuron can be grouped into external input, self-feedback, and feedback
from the other neurons within the network (Figure 4). We used a neuron model
introduced earlier [5|, which describes changes in the activity, averaged spiking fre-
quency 7, of a cell as a function of the external inputs to the cell, I, and a nonlinear
convez loss function +:

dn/dt =1—(n) . (60)

The nonlinear loss function represents the resultant of all losses and the effect of
the refractory time of the cell. (To be exact, equation 60 holds only when 1 > 0 or
when the right-hand side is positive, since spiking activity must always be positive.)
In the simplest network that we analyze, the input to neuron ¢ consists of the
external input coming from outside of the network, I7, self-feedback from the neuron
to itself, g*o(n;), and the feedback from the other cells, g~ >, o(n;). Here g* and
g~ are coefficients that determine the strength of the connections, and o models
the combined effects of the transfer functions of the possible interneurons and any
saturating nonlinearities on the signals. The dynamical system formed of the neural
network can be described with the following set of differential equations:

dni/dt = I + g% o(n) + 9~ > o(m) — v(m) , (61)

1=1,...,N, where N is the number of neurons in the network.

This simple network type had already been analyzed previously [6], but now it
turned out that the analysis could be generalized [4] to networks with several types
of even nonidentical feedback connections (interneurons). To make the analysis
most general the system of differential equations generalized from (61) was dressed
mathematically into the form of a certain class of dynamical systems,

dy;/dt = Ays)[ai(yi) + b(y)] , (62)
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Figure 4: A schematic winner-take-all network. The neurons compete through the
negative (inhibitory) feedback connections. The neuron receiving the largest input
will be the only neuron that remains active after the initial transient activity. Only
the connections coming to neuron ¢ are shown.

where A, a;, and b are certain functions, and y is a vector formed of all the state
variables y;. Convergence properties of these types of systems had already been
analyzed in [3].

It was then possible to prove that if certain restrictions are placed on the functions
A, a;, and b, only one of the state variables y; remains above a threshold, whereas
the rest of them remain below a lower threshold. The lower threshold is zero for the
neuron models. This is the essence of any WTA function.

When this more general analysis [4] was applied to the more general neural network
models, conditions under which the networks have the WTA property were obtained.
The most important conditions concern the external input: one of the neurons must
receive the largest input, and all the other inputs must lie within a sensible range
that does not depend on the largest input; otherwise also some other neurons may
become active. In the beginning of the competition the winner must also be at least
as active as the other neurons, which is the case, e.g., in the more complete network
model described later in this section. The other, very mild conditions concern the
form and steepness of the loss-function v and the conductance function o, and the
strengths of the feedback connections g* and g~.

The essential novelty in our analyses was their generality. Nevertheless, the models
incorporated the common assumption that “sigmoidal”-type nonlinear transfer func-
tions (function o in 61) are adequate for modeling the effects of interneurons. It was
possible, however, to further generalize the analyses by modeling the interneurons
explicitly; the system of differential equations (61) then includes one extra equa-
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Figure 5: a Auxiliary slower inhibitory interneurons (marked with (; in the schematic
network) inactivate the active neuron after a brief interval, whereafter the compe-
tition may start again. If the inputs have changed meanwhile the previous winner
was active, the new winner will be the one receiving the largest input. Otherwise
the “runner-up”, the neuron receiving the second-largest input will win. b A sample

period of the activities of the neurons in a 20-neuron network.
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tion for each interneuron. It is not possible, however, to guarantee in general that
such models converge, but we were able to give general conditions under which the
convergent models are WTA networks.

The WTA networks in which the winner remains active after it has become active are
of course not sufficient models of the activity in physical neural networks. We coined
such networks weak WTA circuits. In practice a network must be able to follow the
changing activity it receives — we called networks in which a new unit becomes
active when the inputs change strong WTA networks. We have demonstrated that
the networks we studied are strong WTA networks if there are certain auxiliary
slower interneurons in the network. These neurons provide negative feedback that
in effect resets the activity of the winning neuron after a certain period of time
(Figure 5).

We may summarize our analyses by concluding that the network structure of the
type schematized in Figure 4 has been shown to be very robust in implementing the
competition that is a necessary precursor of the Self-Organizing Map, or in fact any
competitive learning application.
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8 The Adaptive-Subspace Self-Organizing Map
(ASSOM)

Teuvo Kohonen, Samuel Kaski, and Harri Lappalainen

A long-standing goal in our research has been to find out how certain invariant-
feature filters may emerge in learning processes. This problem was recently solved
by one of the authors [1-3]. The key insight was that if input patterns must be recog-
nizable invariantly to certain transformations, the members in natural sequences of
such patterns must also be produced from each other by the same transformations.
If the sequences are relative short, one may think that a particular transformation
predominates in them, and the successive patterns then belong to some linear sub-
space that corresponds to this transformations. Such signal subspaces can be learned
by the architecture delineated in Fig. 6.

X 7

Winner take all (WTA)

! ! V

Figure 6: The ASSOM architecture.

Each dotted line in Fig. 6 distinguishes a module, a processing unit in a special SOM
array. The first-layer neurons are linear and they output the sums of dot products
of x with the various synaptic input weight vectors. The second-layer neurons (Q)
form quadratic functions of the first-layer neuron outputs. If the weight vectors
of the linear layer are orthonormalized, the neurons of the output layer shall form
sums of squares of their inputs. The circuit represented by Fig. 6 can then be shown
to compare the input pattern x with the linear subspaces spanned by the weight
vectors of the first layer. If the weight vectors can be defined in a way in which their
linear combinations represent some transformation groups, then matching becomes
invariant with respect to these groups. Below it will be shown that such weight
vectors emerge in an unsupervised learning process.

The outputs from the modules shall further be compared by a winner-take-all (WTA)
function, which in Fig. 6 is shown as a separate operation. The WTA function spec-
ifies the “winner” module, indexed by ¢, as defined below; module ¢ and its neighbor-
ing modules in the array will be updated in proportion to the so-called neighborhood
function h,; like in a usual SOM. In a physical network the WTA function may be
integrated with the modules, for instance by their lateral interaction. _
Let us denote the input weight vector, indexed by h of module 7 by bgf). The bff)
of the same module are now assumed orthonormal; at least they can be orthonor-
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malized easily. They can then be regarded as the orthonormal basis vectors of some
linear subspace L&, or a set of vectors x, where every x can be expressed as a general
linear combination of the bh .

Let % be the orthogonal projection of x on L%, or

. AT

0 =3"b{ x. (63)

h
For an arbitrary x that need not belong to £® one can define its distance d from
L defined by
d? = d*(x, £9) = |Ix|* — x@*. (64)

The wvectorial projection error is the residual

%W =z — %O (65)

For an arbitrary x, its minimum projection error can be defined as the distance of

x from the closest subspace L&, and the “winner subspace” with index ¢ is defined
by

9] = min{||x?]}, or (66)
2
K9] = max{||x?]} . (67)
(2
Our goal is to let all the modules of Fig. 6 approximate x by its different projec-
tions, and always select the module that produces the best approximation over the

array. The objective function that defines the average expected spatially weighted
normalized squared projection error is

z)||2

/ z hm SRS (68)

where h,; is the neighborhood function that defines the interaction of modules ¢ and
i like in a usual SOM, and c is the index of the winner subspace L% = L), Notice
that c is a function of x and all the basis vectors b;f).

Minimization of (68), i.e., selection of the basis vectors b;f) for all subspaces £ such
that the average expected distance of x from the closest subspace is minimized, is a
rather complicated process [1-3]. Some extra problems are caused by the stability of
the recursion by which F; is minimized. Without quoting all the details it may be
mentioned that if the Robbins-Monro stochastic approximation process [4] is used,
i)

the optimal values of the bEL are obtained in the recursion [5].

b (¢t + 1) = b (1) + A()hei () S22 (2) | (69)

Consider now an “episode” S that consist of a finite set of successive sampling times
tp; denote S = {t,}. The set of samples X = {x(t,)|t, € S} has to be recognized as
one class, such that any member of X and even an arbitrary linear combination of
the x(t,),t, € S shall be decoded by the same module of Fig. 6 (subspace £®). In
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learning, the vector set X, defined as the Cartesian product of the x(¢,), ¢, € S, must
be taken as one batch, instead of optimizing the error using single patterns x(t,)
one at a time. The error minimization problem will now be modified by defining the
new objective function in terms of the average expected spatially weighted normalized
squared projection error over the episodes:

xz) 2
b= [ ¥ Yhal . (10)

tp€S 4

Here p(X) is the joint probability density for the samples x(¢,),, € S that produce
the Cartesian product set X, and dX is a shorthand notation meaning a volume
differential in the Cartesian product space of the x(%,).

Minimization of (70) defines the basis vectors b\’ and a set of analyzers that are
optimally invariant to the transformations that occur in the input signal patterns.
The Robbins-Monro stochastic approximation is applicable to the minimization of
E5, too, when the gradient step is made to consist of the whole episode S. The
learning phase is then desribed by the following equation:

b+ =B+ A0rY ¥ XEELp . )

5 Ix@)P

When A(t) is small, (71) is equivalent with the following learning process in which
the basis vectors are formed by a product of elementary projection operators, each
one corresponding to one pattern x(t,),t, € S:

@) _ o x(tp)x" () (i)
b= IL | e e ) ()

The special learning-rate factor A = a(t,)||x(t,) || /|1X® (¢,)]] in (72) has been chosen
for stability reasons.

There are several other minor details in the process that improve the algorithm [3,5].
We have produced various ASSOM filters for very different input data [1,2]. Here a
simple demonstration, illustrating the basic idea, is shown.

Over the input field we generated patterns consisting of colored noise (white noise,
low-pass filtered by a second-order Butterworth filter with cut-off frequency of 0.6
times the Nyquist frequency of the sampling lattice). The input episodes for learning
were formed by taking samples from this data field. The mean of the samples was
always subtracted from the pattern vector.

In the translation-invariant filter experiment, the episodes were formed by shifting
the receptive field randomly into five nearby locations, the average shift thereby
being +2 pixels in both dimensions. Fig. 8 shows the basis vectors b;; and b,
similar to Gabor filters, in a gray scale at each array point of a two-dimensional
ASSOM. One should notice that the spatial frequencies of the basis vectors of the
same unit are the same, but the b;; and b;, are mutually 90 degrees out of phase.
(The absolute phase of b;; can be zero or 180 degrees, though.)

The episodes for the rotation filters were formed by rotating the input field at random
five times in the range of zero to 60 degrees, the rotation center coinciding with the
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Figure 7: Colored noise (second-order Butterworth-filtered white noise with cut-off
frequency of 0.6 times the Nyquist frequency of the lattice) used as input data. The
receptive field is demarcated by the white circle.
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Figure 8: The ASSOM that has formed Gabor-type filters: (a) The b;;, (b) The b;,.

center of the receptive field. Fig. 9 shows the rotation filters thereby formed at the
ASSOM units; clearly they are sensitive to azimuthal optic flow.

Scale-invariant filters were formed by zooming the input pattern field, with the cen-
ter of the receptive field coinciding with the zooming center. The filters thereby
formed, shown in Fig. 10, have clearly become sensitive to radial optic flow, corre-
sponding to approaching or withdrawing objects.
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i=13 14 15 16 17 18 19 20 21 22 23 24

Figure 9: One-dimensional rotation-invariant ASSOM. (a) Cosine-type “azimuthal
wavelets” (b;1), (b) Sine-type “azimuthal wavelets” (bs). Notice that the linear
array has been shown in two parts.
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Figure 10: One-dimensional zoom-invariant ASSOM. (a) Cosine-type “radial
wavelets” (b;1), (b) Sine-type “radial wavelets” (b;s). Notice that the linear array
has been shown in two parts.
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9 Speedup of SOM Computation

Teuvo Kohonen

9.1 Addressing Old Winners

If there are M map units (neurons) in the SOM, and for a certain statistical accuracy
one stipulates that the number of updating operations per unit should be some
constant (say, on the order of 100), then the total number of comparison operations
to be performed by exhaustive search of the winners is ~ M?2.

Koikkalainen [1,2] has recently suggested a speedup method in which a search-tree
structure, except its last layer, is replaced by pointers from data items to the next-to-
last layer. A more accurate search is then made among the last branches of the tree.
We will show below, however, that this idea is not restricted to tree structures, but
can readily be added to any SOM software package. The total number of comparison
operations can be made ~ M, provided that the training vectors have been given in
the beginning, i.e., their set is finite and closed.

Assume that we are somewhere in the middle of the training process, whereby the
last winner corresponding to each training vector has been determined; then the
training vectors can be expressed as a linear table, with a pointer to the correspond-
ing tentative winner location stored with each training vector (Fig. 11).

Training
vectors

Pointers

new winner

winner

SOM

/\\/

Figure 11: Finding the new winner in the vicinity of the old one, whereby the old
winner is directly located by a pointer. The pointer is then updated

Assume further that the SOM is already smoothly ordered although not yet asymp-
totically stable. This is the situation, e.g., during the lengthy fine-tuning phase
of the SOM, whereby the size of the neighborhood set is also constant and small.
If, after inputting a particular input, updating of a number of map units is made
before the same training input is used again some time later, it may be clear that
the new winner is found at or in the vicinity of the old one. Therefore, in searching
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for the best match, it will suffice to locate first the map unit corresponding to the
associated pointer, and then to perform a local search for the winner in the neigh-
borhood around the located unit. This will be a significantly faster operation than
an exhaustive winner search over the whole SOM. The search can first be made in
the immediate surround of the said location, and only if the best match is found at
its edge, searching is continued in the surround of the preliminary best match, until
the winner is one of the middle units in the search domain. After the new winner
location has been identified, the associated pointer in the input table is replaced by
the pointer to the new winner location.

For instance, if the array topology of the SOM is hexagonal, the first search might be
made in the 7-neighborhood of the winner. If the tentative winner is one of the edge
units of this neighborhood, the search must be continued in the new 7-neighborhood
centered around the last tentative winner (for the three map units that have not yet
been checked), etc.

This principle can be used with both the usual incremental-learning SOM and its
batch computing version.

A benchmark with two large SOMs relating to our recent practical experiments was
made. The approximate codebook vector values were first computed by the CNAPS
computer, whereafter they were fine-tuned by a general-purpose computer. During
this fine-tuning phase, the radius of the neighborhood set in the hexagonal lattice
decreased linearly from 3 to 1 units equivalent to the smallest lattice spacings, and
the learning-rate factor at the same time decreased linearly from 0.02 to zero. There
were 3645 training vectors for the first map, and 9907 training vectors for the second
map, respectively. The results are reported in Table 4.

Input dimensionality Map size Speedup factor Speedup factor

in winner search in training
270 315 43 14
315 768 93 16

Table 4: Speedup due to shortcut winner search.

The theoretical maximum of speedup in winner search is: 45 for the first map, and
110 for the second map, respectively. The training involves the winner searches,
codebook updating, and overhead times due to the operating system and the SOM
software used. The latter figures may be improved by optimization of computing.

9.2 Estimating Initial Values for a Large SOM

Several suggestions for “growing SOMs” (cf., e.g. [3-5]) have been made. The detailed
idea presented below has been optimized in order to make very large maps, and is
believed to be new. The basic idea is to estimate good initial values for a map that
has plenty of units, on the basis of asymptotic values of a map with a much smaller
number of units.

As the general nature of the SOM process and its asymptotic states is now fairly well
known, we can utilize some “expert knowledge” here. One fact is that the asymp-
totic distribution of codebook vectors is generally smooth, at least for a continuous,
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smooth probability density function (pdf) of input, and therefore the lattice spacings
can be smoothed, interpolated, and extrapolated locally.

As an introductory example consider, for instance, the one-dimensional SOM and
assume tentatively a uniform probability density function (pdf) of the scalar input
in the range [a,b]. Then we have the theoretical asymptotic codebook values for
different numbers of map units that approximate the same pdf, as shown in Fig. 12.

|
1
a WO WY WO WY b

I 1| | | | | | | 1| I
a l'1(110) “'(510) “(1100) b

Figure 12: Asymptotic values for the p; for different lengths of the array, shown
graphically

Assume now that we want to estimate the locations of the codebook values for an
arbitrary pdf and for a 10-unit SOM on the basis of known codebook values of the
5-unit SOM. A linear local interpolation-extrapolation scheme can then be used.
For instance, to interpolate ugm) on the basis of ,ugf’) and ,ugs), we first need the

interpolation coefficient A5, computed from the two ideal lattices with uniform pdf:

P = X + (1= As)” (73)

from which A5 for ,uglo) can be solved. If then, for an arbitrary pdf, the true values

of ,u’gf’) and o/ ;(35) have already been computed, the estimate of the true ﬂ;,(lo) is

i = oy + (1= Xy (74)
Notice that a similar equation can also be used for the eztrapolation of, say, ugm) on
the basis of u?) and ,ugs).
Application of local interpolation and extrapolation to two-dimensional SOM lat-
tices (rectangular, hexagonal, or other) is straightforward, although the expressions
become a little more complicated. Interpolation and extrapolation of a codebook
vector in a two-dimensional lattice must be made on the basis of vectors defined at
least in three lattice points. As the maps in practice may be very nonlinear, the best
estimation results are usually obtained with three reference vectors.
Consider a pdf that is uniform over a two-dimensional rectangular area, approxi-
mated by two different overlapping “ideal” two-dimensional SOM lattices with the
codebook vectors mgd) € N2, mgs) e 2, mg-s) € %2, and m,(f) € R? its nodes, where
the superscript d refers to a “dense” lattice, and s to a “sparse” lattice, respectively. If
mgs), m]-s), and m,(f) do not lie on the same straight line, then in the two-dimensional

signal plane any mgd) can be expressed as the linear combination

mgd) = apm!® + ﬂhmgs) +(1—ap— ﬂh)mg) , (75)

where 5, and [, are interpolation-extrapolation coefficients. This is a two-
dimensional vector equation from which the two unknowns «, and (3, can be solved.
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Consider then a pdf in a space of arbitrary dimensionality and two SOM lattices
with the same topology as in the ideal example. When the true pdf is arbitrary,
we may not assume the lattices of true codebook vectors as planar. Nonetheless we
can perform a local linear estimation of the true codebook vectors m'gd) € R" of the
“dense” lattice on the basis of the true codebook vectors m’z(s), m’g-s), and m’ 5:) e R
of the “sparse” lattice.

In practice, in order that the linear estimate be most accurate, we may stipulate

that the respective indices h, 4, 7, and k are such that in the ideal lattice mgs), mg-s),
and m,(f) are the three codebook vectors closest to mgd) in the signal space (but not
on the same line). With «;, and ), solved from (75) for each node h separately we

obtain the wanted interpolation-extrapolation formula as

fnlh(d) = ahm'gs) =+ ﬂhm'gs) + (1 — Op — ﬂh)m',(:) . (76)

Notice that the indices h,i,7, and k refer to topologically identical lattice points
in (75) and (76). The interpolation-extrapolation coefficients for two-dimensional
lattices depend on their topology and the neighborhood function used in the last
phase of learning. For the “sparse” and the “dense” lattice, respectively, we have
to compute first the ideal two-dimensional codebook vector values. As the closed
solutions may be very difficult to obtain, the asymptotic codebook vector values
may be solved by simulation. If the ratio of the horizontal vs. vertical dimensions
of the lattice is H : V, we may draw two-dimensional input vectors at random from
a uniform, rectangular pdf, the width of which in the horizontal direction is H and
the vertical width of which is V.
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10 Fast Evolutionary Learning in the SOM

Teuvo Kohonen

Above we dealt with vector-valued x(t) and m;(¢). The SOM philosophy, however,
can be much more general. The structures of the models and data can be different:
it will suffice that some fitness function is definable between the general inputs X
and the general models M;, respectively. Let this function be denoted f(X, M;).
Notice carefully that we do not need any distance function in the X space, nor in
the M; space.

Even under the above conditions, the SOM can be computed in an “evolutionary”
process (cf. [1], Sec. 5.7). We may initialize the models as random samples from
the set of possible models. Next we input the samples of X, one at a time, and at
each step determine that model M, for which

c = arg mzax{f(X, M;)} . (77)

The next step is some kind of variation of the M; in the neighborhood set N, of the
fittest model M,.. This variation usually means random but statistically independent
replacement of each M;, i € N, by some other possible model M on the condition
X, M) > f(X, M;).

The evolutionary learning can be implemented by the batch-type SOM without
random probing, whereupon it proceeds fast:

1. Initialize the models M;, e.g., by a random choice of their parameter values
from a set of possible values.

2. Input a number of items X and list each of them under the respective winner
unit (i.e. that M; for which some fitness function f(X, M;) is maximum). In
case there is a tie, i.e., two or more M; have the same fitness to X, select one
of them randomly for the effective unique “winner” under which the listing is
made.

3. Find a new value M/ for each M; such that if U; is the union of lists relating to
model M; in the same way as in the Batch Map algorithm discussed in Sec. 1,
the sum of the fitness-function values f(X, M]), X C U; is increased. If there
exist ties, a random choice between the best M/ is made.

4. Repeat from step 2.
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11 Statistical Data Analysis
by the Self-Organizing Map

Samuel Kaski and Teuvo Kohonen

Knowledge discovery in databases (KDD) [1]|, sometimes also referred to as data
mining, is a recently established field of research in which the aim is to discover
novel patterns or structures in large data sets. The complex interactive discovery
process involves several stages, of which the central stage called data mining refers
to the application of essentially any suitable methods for finding interesting patterns
in data.

KDD is related to a field of statistics called exploratory data analysis. Statistical
inferences are often made in a two-stage process. Hypotheses are first generated in
a data-driven phase, and the hypotheses are tested in another, confirmatory phase.
The first methods for the exploratory, data driven phase were developed already in
1970’s. The increase in computing power allows us to use much more sophisticated
methods for looking at the statistical structures in data, and to analyze much larger
data sets.

The central goal in exploratory data analysis is to present a data set in a form that is
easily understandable but at the same time preserves as much essential information
of the original data set as possible. The exploratory data analysis methods are
general-purpose instruments that illustrate the essential features of a data set, like
its clustering structure and the relations between its data items.

One may distinguish two categories of exploratory data analysis tools with some-
what different goals. First, some tools like the Sammon projection |5] project the
multidimensional data set to, e.g., a two-dimensional plane while trying to preserve
its whole structure (the distances between the data items) as well as possible. Other
methods [3] try to find clusters in the data, whereby instead of the large data set
only a small number of clusters needs to be considered.

A vast number of different algorithms to perform clustering is available. Choosing
suitable algorithms and applying them correctly requires thorough knowledge of
both the algorithms and the data set. There must exist enough clustering tendency
in the data set in order that the use of clustering algorithms would be sensible at
all, and as different clustering algorithms tend to find clusters of different shapes,
the suitability of the shapes to describe the data set must be verified.

The projection methods, on the other hand, do not reduce the amount of data to
be presented. Although they illustrate the essential features of the data set, the
illustration is costly to obtain and may still be difficult to understand if the data
set is large.

The self-organizing map algorithm is a unique method in that it combines the goals
of both the projection and the clustering algorithms. It can be used at the same time
to visualize the clusters in a data set, and to represent the set on a two-dimensional
map in a manner that preserves the nonlinear relations of the data items; nearby
items are located close to each other on the map. Moreover, even if no explicit
clusters exist in the data set, the self-organizing mapping method reveals “ridges”
and “ravines”. The former are open zones with irregular shapes and high clustering
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tendency, whereas the latter separate data subsets that have a different statistical
nature.

11.1 Case Study: Structures of Welfare and Poverty
in the World

In this study we have demonstrated how the Self-Organizing Map is able to describe
structures in a macroeconomic system. The map is shown to illustrate the “welfare or
poverty states” of the countries of the world, when the data set describes different
aspects of the standard of living. State transitions can easily be followed on the
map. It is hoped that this study would serve as a recipe on how, using standard
procedures, the state of any micro- or macroeconomic system can be presented in
an easily understandable form. Only the data set needs to be changed in different
applications.

The understanding and description of a complex entity like the standard of living
requires simultaneous consideration of a large collection of statistical indicators de-
scribing its different aspects and their relationships. In this study we used a total of
39 indicators that described factors like health, education, consumption, and social
services, picked up from the World Development Report of the year 1992 |7|. Based
on the set of statistical indicators the SOM can be used to represent the welfare and
poverty “states” of the countries on a “poverty map”.
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MLI NER
SLE

GO HVO

COG BDI
SOM RWA

Figure 13: Structured diagram of the data set chosen to describe the standard of
living. The order of the abbreviated country names indicates the similarity of the
standard of living of the countries, and the colors indicate the degree of clustering.
Light areas represent areas of a high degree of clustering and dark areas gaps in
the degree of clustering. Different types of welfare and poverty are visible as the
clustered (light) areas on the map, separated by the dark “ravines”.
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Figure 14: Distribution of the GNP per capita, which was not used in computing
the maps, shown over the SOM groundwork. White indicates the largest value in
the material and black the smallest, respectively. The horizontal axis of the map
seems to correlate with the distribution of the overall welfare, as measured by the
GNP per capita.

The clustering tendency in the data set can be visualized as a false-color or gray-scale
display on the map (Figure 13; the display is a smoothed version of the so-called U-
matrix [6] display; cf. also [2]). Different types of welfare and poverty are manifested
on the display as clustered areas. For example, the cluster in the top left corner
consists predominantly of the OECD countries, and an annex on the right of it is
a cluster consisting mostly of the countries of Eastern Europe. It is evident from
the display that most of the clustered areas are neither regularly shaped nor easily
separated, but instead form some kinds of “hills”, “ridges” and “ravines”. It is then
a definitive advantage of the method that no assumptions need to be made about
the cluster shapes before the analysis, as is implicitly done in many other clustering
methods.

The overall order of the countries on the map was found to illustrate the traditional
conception of welfare; in fact, the horizontal dimension of the map seems to correlate
fairly closely with the GNP (Gross National Product) per capita (Figure 14).
Refined interpretations about the fine structure of the welfare and poverty types,
the clustered areas on the map display, can be made based on the original statistical
indicators. The values of the indicators can be displayed in their natural order on
the groundwork formed of the organized map. This display is much more easily
understandable that ordinary linear statistical tables (examples have been shown in
Fig. 15). Furthermore, such displays are readily amenable to interactive exploration
using suitable computer interfaces. For example, a click on an interesting location
on the cluster display (Figure 13) might highlight the corresponding location on the
indicator displays of Figure 15.

11.2 Case Study: Country Risk Ratings

Similar displays can be created to illustrate any data set. Another economic data
set that may be of interest to economists is a set of nine indicators published by the
Euromoney magazine (March 1996): Country risk ratings. In the display shown in
Figure 16, like in the previous display of welfare and poverty, Finland is situated in
the top left corner, together with, e.g., most West-European countries.

These kinds of displays provide an overview of the state of the world at a given
moment, and a possibility to explore the state further. It would of course be of
interest also to follow the changes in the state for several years. The Self-Organizing

93



(d)

(f) (8) (h)

Figure 15: The values of some of the indicators visualized on the SOM ground-
work. Since the countries have been organized into a natural order, the displays
have clear “patterned” outlook instead of being purely random. Therefore they can
be interpreted quickly. (a) Life expectancy at birth (years); (b) Adult illiteracy
(%); (c) Share of food in household consumption (%); (d) Share of medical care in
household consumption (%); (e) Population per physician; (f) Infant mortality rate
(per thousand live births); (g) Tertiary education enrollment (% of age group); and
(h) Share of the lowest-earning 20 percent in the total household income. In each
display, white indicates the largest value and black the smallest, respectively.

Map is readily amenable also for such studies.

11.3 Conclusions

The SOM has been applied to case studies to show how it can be used as a decision-
support system, to get a quick but yet quite accurate impression of the structures
inherent in any data set.

Following exactly the same procedures the SOM could also be used for analyzing and
visualizing sets of statistical indicators in other similar applications. For instance,
the method has already been used for the analysis of states of banks [4]. The SOM
formed a “solvency map,” from which the state of the banks could be inferred at a
glance. In time series analysis it is important that the nature of change in the state
of the banks can be visualized on the map (e.g., as a slow shift toward the bankrupt
region) even if the changes could not be predicted by more traditional methods.
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Figure 16: Country risk ratings (Euromoney, March 1996). An illustration of the
structures within a data set that describes different aspects of the country risk
(economic performance, political risk, debt, access to finance etc.). Based on the
distribution of the original indicators on the map groundwork (not shown) it may be
summarized that, e.g., the countries in the upper right hand corner have significant
amounts of debts, and countries in the lower right hand corner perform poorly eco-
nomically. Countries in the upper left hand corner perform best on every indicator.
(The “10 labels” in the image refers to countries LU , CHE, SGP, JPN, USA, NLD,
DEU, AUT, GBR, and FRA.)
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1  Metho s for nterpreting Self-Organize Maps
in Data Analysis

Samuel Kaski anne ikkil and Teuvo Kohonen

The Self-Organizing Map (SOM) can be used for forming overviews of multivariate
data sets and for visualizing them on graphical map displays, as described in Sec-
tion 11. Each map location represents certain kinds of data items and the value of
a variable in the representations can be visualized in the corresponding locations on
the map display. Examples of such component plane displays have been shown in
Figure 15 in Section 11. The component planes contain all the information needed
for interpreting the map but information about the relations of the variables remains
implicit. We have developed methods that visualize explicitly the contribution of
each variable in the organization of the map at different locations.

It is additionally possible to summarize the characteristics of different areas on
the SOM, for instance areas corresponding to different clusters, by measuring the
contribution of each variable in the cluster structure within the area.

We are currently in the process of evaluating the proposed methods in case studies.
Here the methods will be demonstrated with a simple data set consisting of 13 prop-
erties of 16 animals. Each variable has the value one if the animal has the property
and zero if it does not. A SOM of the animal data set is shown in Fig. 17. Different
regions of the map represent different kinds of animals in an ordered fashion.

12.1 Local actors

The SOM can be thought of as a nonlinear lattice of points that are determined by
the model vectors in the high-dimensional data space. It is not possible to interpret
the nonlinear lattice as simply as for example the set of linear factors obtained
by factor analysis. The lattice can, however, be approximated locally by a linear
hyperplane which is fitted to represent the model vectors within a certain radius
on the map. The approximation can be computed with the principal component
analysis algorithm resulting in two local factors.

The combined contribution of a variable on the local factors, computed as the sum of
squares of the “factor loadings”, at each location of the map lattice can be visualized
as a gray-level display that resembles a component plane (Fig. 17 ). It can be seen in
the figure that the variable “has hair” contributes strongly to the organization of the
map along a stripe in the middle of the map where the representation changes from
birds to other animals. The variable “has hooves” contributes to the organization in
the top right corner.

12.2 Summary eneration

The methods described above aim at making the basis of organization of the SOM
explicit. They do not, however, further reduce the amount of data, and we have
therefore developed a method for generating briefer summaries of the important
characteristics of the maps. In this study the method is used in a partly manual
mode but most of the steps can be automated.
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Figure 17: Sample illustrations of the methods applied to the animal data. The SOM
of the animal data set is shown on the left; gray shades indicate clustering tendency
(white: clustered area, dark: sparser area in between clusters). On the right, the top
row visualizes the variable “has hair” and the bottom row “has hooves”, respectively.
a The component planes. Each plane describes the values of one variable at each
location on the map.  The contribution of the variables in the two local factors
(white: maximal contribution, black: minimal contribution).

CONTRIBUTION TO THE UMATRIX

SMALL /IG AR LEGS/ HOOVES\ FEATHQ RU& SWIM
MANE HUNT FLY

MEDIUM  TWO LEGS HAIR

Figure 8: Characterization of a cluster in terms of the contributions of the original
variables in the cluster structure. The region around the cluster in the top right
corner is shown on the left, and the contribution of the variables within this area is
shown on the right.

fter the user has found some interesting area on the map, for example a cluster, we
aim at summarizing which of the original variables contributes most to the direction
of the map around the area.  very simple and easily computable measure of such
contribution is the share of the component in the distances between neighboring
map units around the cluster.

n example of the analysis of a clustered area is shown in Figure 8. The cluster
consisting of cow, horse, and zebra seems to be characterized mainly by the variable
“has hooves”.
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1 oloring that Reveals igh-Di ensional Struc-
tures in Data

Samuel Kaski a kko enna and Teuvo Kohonen

When illustrating statistical tables, it is commonplace to visuali e different groups
of data items with different colors. For example, the World Bank visuali es different
groups of economies, vi . low income, middle income, and high income economies,
by coloring the countries in each of the three groups with different, manually chosen
colors on a world map display.

imilar visuali ations are being used so pervasively that the uestion naturally arises,
whether it would be possible to construct such a coloring that the relations of the
colors would represent the relations of the clusters or, more generally, so that the per-
ceptual relations in the colors would re ect the relations between the high-dimensional
data items.
In ection .2 we present a solution in the special case that is especially useful for
exploratory data analysis: coloring of data sets organi ed on elf rgani ing Maps.
First, however, the basic setting is introduced in a simpler form in which the coloring
is chosen interactively.

131 Sim le method for interactive coloring

The starting point of the coloringis a elf rgani ing Map of the data set. The map
can be used to visuali e cluster structures in the data on a map display as discussed

in ection . sample display that describes the structures of welfare and poverty
in the countries of the world is shown in Figure  of ection , and reproduced in
Figure

In the interactive coloring system the user decides, based on the clustering display,
how many clusters there are in the data, points out the cluster centers, and chooses
colors for them.  sample choice of the centers has been shown in Figure . n
automatic system | | may be used to make preliminary choices.

fter the cluster centers have been colored, the color is “spread” to the neighborhood
of each center; while the color spreads its intensity diminishes according to the
distance it has passed. The clustering structure (illustrated in shades of gray in
Figure ) is taken into account when computing the distance: in the clustered
areas the intensity diminishes more slowly than in the “ravines” between the clusters.
Each location on the map receives the color that is a mixture of the colors that have
spread to it from the cluster centers, each weighted by the distance of that unit from
the corresponding center.
In the resulting map display (Figure 2 ) the colors have an intuitive interpreta
tion: Each bright (pure) color corresponds to a certain data type, and mixed colors
correspond to intermediate forms.

13 2 utomatic coloring

The coloring described in the previous section was more faithful to the relations
between the actual data items than a completely manual coloring, but it was still



not perfect.

Ideally, the colors should be such that the relations between the high dimensional
data items would be re ected as closely as possible in the perceptual relations be
tween their colors. The perceptual differences between colors can be approximated
by distances in a color space called IELab. Therefore, any coloring actually cor
responds to a certain mapping of the high dimensional data set into a smaller
dimensional space, the IELab color space.

The perceptual color space is unfortunately only three dimensional, and therefore
it is impossible in general to construct a mapping that would preserve all of the
pairwise distances between the data items. Fortunately, all of the distances are not
e ually important for the wuality of the coloring. Longer distances do not usually
need to be represented as accurately as shorter ones. In traditional hierarchical clus
tering, for example, the relation between data items is represented as their relation
in a hierarchical tree of clusters. istances of items in different clusters will then
not be represented individually but in terms of the relation between the clusters.
It has turned out in our studies that it is possible to construct a coloring that
concentrates almost entirely on representing the local, small distances, but which
still becomes globally ordered. The only additional constraint needed is that no data
item that is originally farther away may attain a color that is, intuitively speaking,
in between the colors of two close by data items. uch a color would break the global
order. These constraints have turned out exible enough to allow the mapped colors

O O
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Figure : Locations of the chosen cluster centers, shown on top of the clustering
diagram formed by the elf rgani ing Map algorithm. The diagram describes dif
ferent aspects of the welfare and poverty of different countries. Light areas represent
areas of a high degree of clustering and dark areas gaps in the degree of clustering.

ifferent types of welfare and poverty are visible as the clustered (light) areas on
the map, separated by the dark “ravines”.



to fill the available color space reasonably well.

The mapping method has been applied to coloring M displays which are well

suited for such coloring. eighboring map units represent similar data items, and
therefore the distances between neighboring units may be regarded as the local ones
that will be represented accurately.

The mapping is constructed by re uiring that ( ) the local distances, i.e. distances
between model vectors of neighboring map units, will be preserved as accurately as
possible; (2) the model vectors belonging to farther away map units remain farther
away (but their relative order may be arbitrary); and ( ) the colors remain within
the region of the color space which is representable in the chosen media, for example
by the RT tube. Each of these three conditions was dressed into a term in a
cost function, whereafter the minimum of the cost function can be sought with any
standard optimi ation algorithm. or far we have used stochastic gradient descent
which aids in avoiding local minima.

The result of mapping the model vectors of the =~ M of Figure into the IELab
color space is shown in Figure 2 . When the map units were colored according
to the projection (Figure 22), the differences in the hue of neighboring map units
corresponded well with the distances in the original data space, depicted as shades of
gray in Figure . In addition, the hues became ordered globally; different clustered
areas attained different, relatively uniform hues.

The resulting coloring is almost tailored for the human color vision system which

Figure 2 : elf rgani ing Map display in which different, manually chosen clus
ters have been colored with different colors. The colors are brightest in the cluster
centers, and change gradually with increasing distance from the center. The col
ors change in proportion to the clustering structure so that tight clusters have a
relatively homogeneous coloring, and the color changes the more sharply the more
clear cut the border between the clusters is.



is very accurate in detecting differences between the colors of neighboring areas, in
this case the neighboring map units.

ela ion o ossi le al e na ive me hods The traditional multidimensional
scaling methods like the ammon’s mapping [2] could in principle be used for pro
jecting the data items into the color space. They do not, however, produce as exible
mappings as our method, since they try to represent all of the pairwise distances.
The local differences will then necessarily be represented less accurately, except in
special cases. Moreover, it may be more difficult to utili e all of the available color
space when the mapping is more stiff.
In principle our method could be used to map the data set directly, instead of
mapping the model vectors of a M computed from the data set. It would, however,
be more difficult to define which distances are local enough so that they should be
represented accurately. If it is necessary to obtain a characteristic color for each data
item then local linear approximations, for instance, may be used to complement the

mapping.
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Figure 2 : The projection of the model vectors of the M of Figure into the

IELab color space. nly part of the space was used to ensure that the obtained
colors would differ only in one perceptual uality, the hue. The lightness was fixed
to a constant value, which reduces the space into a two dimensional slice of the
original three dimensional color space, and projections onto non saturated colors in
the middle, encircled in the figure, were discouraged. The small circles denote the
projections of the model vectors. rojections of model vectors of neighboring map
units have been connected with lines. The long lines delimit the region representable
by a typical RT tube.



133 am le: colorng of he orld ma accordng o
overy y e

The coloring can be even more useful if the original data set can be visuali ed also
in some other manner. Then each data item can be colored with the color that the
item has on the M display. The welfare and poverty structures can be visuali ed
in a straightforward manner: the countries can be colored according to their welfare
or poverty type on a geographic map display (Figure 2 ).

The result is a display where countries having a similar welfare or poverty type
have been colored similarly irrespective of their geographical location. Japan and
ustralia, for example, are fairly similar to the European countries and the U
and anada. ountries which belong to very different types than their neighbors

pop out strongly, like Japan, ri Lanka, and Ibania.

Visuali ations like the one shown in Figure 2 can be very useful if the data has a
“natural” ordering like the geographical order here. In fact, any order of the data
items can be used. For example, if the countries were ordered simply according to
the G per capita in a statistical table and colored using a M, then countries
in which the welfare or poverty type is different from the other countries having a
similar value of G~ per capita would be clearly discernible based on sharp discon
tinuities in the coloring.

Figure 22: oloring of the = M according to the projection shown in Figure 2 .
The relative differences in the colors of the neighboring map units re ect closely the
clustering display in Figure . The cluster areas have relatively uniform coloring,
and the differences are the larger the steeper the “ravine” between the clusters is.
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Figure 2 : The types of welfare and poverty that the elf rgani ing Map has
revealed can be visuali ed on a geographical world map. Each country is colored
according to its color on the M display (Figure 22). ountries for which no data
was available (like Russia) have been colored with dark gray.

13 Conclu on

We have constructed an automatic method for coloring data so that the perceptual
properties of the coloring re ect closely the properties of the high dimensional sta
tistical data. The easily interpretable coloring makes it possible to visuali e complex
statistical structures automatically for non experts in statistics.
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1  Self-Organization of ery Large Docu ent ol-
lections

Teuvo Kohonen Samuel Kaski K is a a us Timo onkela
a kko Salo vi ukka onkela esa aaeo n 1iSaa ela
and n 1 honen

In the vast majority of M applications, the input data constitute high dimensional
real feature vectors. In the Ms that form similarity graphs of te t documents,
models that describe collections of words in the documents may be used. The
models can simply be weighted histograms of the words regarded as real vectors,
but usually some dimensionality reduction of the histograms is carried out, as we
shall see next.

1 1 S C ode of docu e
The imiiveve 0 s a e model

In the basic vector space model | | the stored documents are represented as real
vectors in which each component corresponds to the fre uency of occurrence of a
particular word in the document: the model or document vector can be viewed as
a weighted word histogram. For the weighting of a word according to its impor
tance one can use the hannon entropy over document classes, or the inverse of the
number of the documents in which the word occurs (“inverse document fre uency”).
The main problem of the vector space model is the large vocabulary in any si able
collection of free text documents, which means a vast dimensionality of the model
vectors.

aen seman i inde in S

In an attempt to reduce the dimensionality of the document vectors, one often
first forms a matrix in which each column corresponds to the word histogram of
a document, and there is one column for each document. fter that the factors
of the space spanned by the column vectors are computed by a method called the
singular value decomposition ( V ), and the factors that have the least in uence
on the matrix are omitted. The document vector formed of the histogram of the
remaining factors has then a much smaller dimensionality. This method is called
the latent semantic inde ing LSI 2.

andoml oe ed his o ams

It has been shown ex erimentally that the dimensionality of the document vectors
can be reduced radically by a random rojection method ,  without essentially
losing the ower of discrimination between the documents. onsider the original
document vector (weighted histogram) € R™ and a rectangular random matrix

, the elements in each column of which are assumed to be normally distributed.
Let us form the document vectors as the proj ctions x € R , where m



X = : (78)

It has trans ired in our ex eriments that if m is at least of the order of , the
similarity relations between arbitrary airs of rojection vectors (x x;) are very
good a roximations of the corres onding relations between the original document
vectors ( ;j), and the com uting load of the rojections is reasonable; on the
other hand, with the radically decreased dimensionality of the document vectors,
the time needed to classify a document is radically decreased.

iso amson he od ae o ma

In the self organi ing semantic ma  method the words of free natural text
are clustered onto neighboring grid oints of a s ecial M. ynonyms and closely
related words such as those with o  osite meanings and those forming a closed set
of attribute values are often ma ed onto the same grid oint. In this sense this
clustering scheme is even more e ective than the thesaurus method in which sets of
synonyms are found manually.

The in ut to the self organi ing semantic ma  usually consists of adjacent words
in the text taken over a moving window. Let a word in the vocabulary be indexed
by k and re resented by a uni ue random vector . Let us then scan all occurrences
of word (k) in the text in the ositions j(k), and construct for word (k) its average
context vector

E{;¢ } -
k E{J,;k }

where E means the average over all j(k), ;j is the random vector re resenting
word (k) in osition j  j(k) of the text, and is a scaling (balancing) arameter.
otice that this ex ression has to be com uted only once for each di erent word,
because the ; for all the j  j(k) are identical.
In making the semantic =~ M or the word cat gor map, all the x; from a th
docum nts are in ut iteratively a sufficient number of times. fter that each grid
oint is labeled by a thos words k , the x; of which are ma ed to that oint.
In this way the grid oints usually get multi le labels.  sam le ma is shown in
Figure 2 .
In forming the word category histogram for a document, the words of the document
are scanned and counted at those grid oints of the M that were labeled by that
word. In counting, the words can be weighted by the hannon entro y or the inverse
of the number of documents in the text cor us in which this word had occurred (
inverse document fre uency ).
The word category histograms can be com uted reasonably fast, much faster than,
e.g., the L 1.
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In a g eat numbe ex e iments e med by us it has t ans i ed that i the
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a te disca ding vey a e w ds, the emaining v cabula y may c nsist  tens
th usands w ds. In de t kee thenumbe w ds neach int thew d
categ y ma at the t le able level, the w d categ y ma thee e had t be
eas nably la ge, exam le | 2gid intsins me u latest ex e iments.
The hist g ams  this dimensi nality we then again jected and mly t m
dimensi nal statistical d cument vect s.
The ¢ mbinati n w dcateg iati nand and m  jecti n gua antees a ce tain
deg ee inva iance with es ectt thech ice ,e.g.,syn nyms, while a high deg ee
disc iminati n between d cuments can still be maintained, simila eas ns as
in the and m  jecti n meth d.

ons u iono he andom o e ions oin e s
Teeexsts se 1 et d g jet st tgves sg d esults s
te d jet sdsussed b vebut s ut t lly u eeffi et

s se utvet s(Tble .Te e d sbee ds ussed et

1 C c h dc
u g 1 d u t g t yt WEB M

66



e o0 essin F

URL
T
E
F
E
E
omaiono saisialmodels T
J
J
o ma ion o he do umen ma T
T
B
T



se ine ae

on en add essa lesea h



The la es

2

2

H L
The la es
C ¢

u lished ma
U
2
ma ein o essed

EB



[

QUERY:: chessplaying neural nets,
NN chess player vs. human player

)

o*
.
.
.
.
.
.
o*
.
















Map unit j










am
verb

king's
noun
poss

long

ad)

much
adv

just
once

adv

last.
ordinal

will should did beggn
modal modal verb ver|
would
modal
must could
modal modal
shall came
modal verb

num num
me
pron
her at
detposs prep
pron my
detposs
your
. detposs
his after
detposs prep
their good
detposs adj
well on
adv prep
of
. prep
real
&
beautiful some | off
adj quantif prep
this nothing
. det pron
quite
adv
more here
quantif adv
still together
adv adv
about up
prep adv
over down
prep prep
home
adv
back away out
adv adv adv

ut
\Berb
thought said
verb verb

cried
verb

neg
all
predet
and
cnj .
by little
prep adj
from
prep .
in
prep
to
prep
cnj
again
adv
noun
door
noun
them
pron
water
noun
tree house
noun noun
forest
noun

she
pron

ask
verb

pron

who
pron

mother
noun

way
noun

eyes
noun

looked
verb

gave
verb

there
pron

daughter
noun

father
noun

wife
noun

head
noun



Short-time Context HMM state
L HMM state Phoneme
mel-cepstra feature classification . .
. . e segmentation extraction
extraction selection probabilities




mel-cepstrun

N
o

=

time window of congxt vector

time


















i

LTl












0.25f correct state rival state B

0.2

0.1

0.05

observation






O

\\8 <\/
c X}
O

n
O hth best match (true)

© K best from the previous search

; The actual search order






Sl

S2

885 8.8.8-










training strings N-gram table dictionary
LITTLE LIT —
- GEN
GENTLE ENT| _] LITTLE
ITT —
input string: TTL | =
NTL GENTLE
AITTLE TLE










ps

sk

hl

MALE SPEAKERS

kav

th

mp

FEMALE SPEAKERS

rm
ml
kr
K
hy \\"”Jfk/
kv ea jj
pp













o

FPz-Fz “ o rn N e s
FZ-CZ ™ At
CZ-PZ <A AN ST
Pz-0Oz 5,

Fp2-F4 L N W WPV
F4-C4 A~
Ch-P4 A N2
P4-02 V\/\/\/\J\/\/\/\/\/\/\—/\r’\f

FPL-F3 SV ettt ergnnr
F3-C3 ~ s s e
C3-P3 v A s/ s
P3-01 WWWWV\/\/\W

Fp2-F8 A Jurbmstrn ™™=
F8-T4 & e Py inn—a
T4-T6 = A N NATTI e
T6-02 on ~NANNNA N7

FPL-F7 = s e WA
F7-T3 st om
T3-T5 (/\/\/\/\/\/V\/\/\"V’\/\J\/
T5-01 ~ANNNN ML

1.28s

:

g























































M1

M4

M7

M2

M5

M8

M3

M6

M9



~(W+NPCA1) W+NPCA2 —(W+NPCA3)

~(W+NPCA4) W+NPCA5 W+NPCAG

W+NPCA7 W+NPCAS W+NPCA9
























— saccades — p— blinking —] — bitng —]
ME  SCALES
| 1 - MEG [ 1000 fT/cm

* EOG [ 500wV
ECG |: 500 pV

5
T

> SENSOR
T POSITIONS
5

1

B

o o o o A~ b W W NN

IC1

IC2

W .y " 4"1;.\\"“‘&']1'1”‘HJ”;\IJHIVJ_"“'A‘JTx'J:J:.J;.AVJW\1J1.|‘J"u.‘.“'u
.. 1



MEG sample

CA IC1 IC2

w

T
238

"
T
i W 1t\.\

i 4ty K

I
Ml L
4Fp y \.\w{fwv el

Bl

i
o
-
~ |
w
o |-
@
&
o
-
~
w
IS
@

7





















Problem

Variable
selection

Data
acquisition

Pre-
processing

Combinatior)

Analysis

Conclusiong




Continuous

digester Steam
Impregnation
vessel
——————— Top screen
— N . Old extraction
L - screens
Ty Black liquor
Extraction
Ty scre‘eln\s Black liquor
L
. [} L]
¥
Wash liquor L\ PP

White liquor

Kappa measurement



N
N
o
S
1

c
2
3 1000
<}
T goo I I I I I I I I I I
BOUQ 200 400 600 800 1000 1200 1400 1600 1800 2000
s
1
& 600 G\,
I N A W%r\
400 I I I | | | I I I I
0 200 400 600 800 1000 1200 1400 1600 1800 2000
5 200 -
& 100 Pt e e e P A
=
Yoy I I I I I I I I I I
1000 400 600 800 1000 1200 1400 1600 1800 2000
K]
3
o 50 R
£ s
© % i I I I I I I | I
04 400 600 800 1000 1200 1400 1600 1800 2000
£ - o X Lo
8 e ; o
a9 L L L 1 L L L 1 I
120% 400 600 800 1000 1200 1400 1600 1800 2000
0
3
8 100 —
5
a
80 I I I I I I I I I I
500 200 400 600 800 1000 1200 1400 1600 1800 2000
§ PSP A, NS
g
0 I I I I I

I I I I I
0 200 400 600 800 1000 1200 1400 1600 1800 2000



Chip level

H-Factor

Extraction

Chip level

110
580
60
560
540 50
520
40
500
480 30
Press. diff. Screens Kappa 36
0.2 100
99.5 34
99
0.15
98.5 32
98
0.1 97.5 30
97
28
Color code
650 120
600 110
8 550 5 100
S S
£ g
T 500 Z 90
450 80
400 70
20 30 40 20 30 40
Kappa Kappa
100 0.4 101
80 100 “"‘
0.3 N
. 99 3
60 5 2 .
%02 5 o8 -
40 g @ .
oo, 97
0.1
20 96
0 0 95
20 30 40 20 30 40 20 30 40
Kappa Kappa Kappa












Trans- Transmission Re- Desti-
Source . — 1 aa .
mitter channel ceiver nation
Noise, ISI,
nonlinear

distortions




x(n)
T T
Self-Organizing m (n)
@( Map
y(n)

[ Control unit }

10° ¢ 10° ¢
=MLP
---- =RBF
-1, -1
10 »—— = DFE+means 10
: +- -~ =DFE+SOM
N
\ x- - -x = DFE 0dB _
wio \ w1072k =MLP \
\ =
. DFE ---- =RBF
\
Y% »— = DFE+means
10 Y 103 +--—+ =DFE+SOM
x- - -x = DFE 0dB
o——o =DFE
1074 L L 1074 L L L
0 5 10 15 20 25 30 0 5 10 15 20 25 30
SNRin dB

SNRin dB



c
SOM ¢ | Emor | | soM
— ~ | delay =/ —— Jr)
Estimates line Errors £
€
Cc

r B Z S
o DFE\ @ f °

X

10 T T T T T
T T T T T
10"
w107
—— =WITHOUT D
—— =WITHOUT EN
o—o =DFE AN
o—o =DFE A
- -- =som1 NN
- -- =som1 103k X 1
L J % — % =RBF AN
+ - + =RBF+DFE SN
+ ~ + = RBF+DFE K Te o
R
10’4 L L L AN 1
. . . . . 0 5 10 15 20 25 30
0 5 10 15 20 25 30 SIR in dB

SIRindB









apply. for
service

reject

find combined _
ERD

@ accept

_usage.
information

invoke process(es
or task(s)

N—r



THe Intéiligeﬁf 'NodéiSCP')'

e A e ety ACG Controller

1 : Queue A
; _ , .
drops » . ; A :
A /\( . > @9_ :
n 7 -

The Queue of SMS

Queue B

\/

— =

Rate Controller




FDMA TDMA CDMA

time time time.

frequency frequency frequency

code code code



+1

Data bits b,

time

Code sequence

S0
time

Transmitted signal

ooooo
ooooo
ooooo
ooooo
ooooo
ooooo

Ssaoan

ooooo
ooooo
ooooo
ooooo
ooooo

S
O—-0

ASO NN LR N
®
©

Noise subspace
U,=[ug
S~ —

Magnitude

bZs(0)

time

®
o®

Time delay

Signal subspace
U= [u, u)



3(d)

® © 0o oo
120 120 120 120
100 100 100 100
80 80 80 80
60 60 60 60
40 40 40 40
20 20 20 20
%% 50 60 40 60 40 50 60

50 60 40
Delay [samples]







o ® ~ © © <

SAV13Q 40 ¥3EWNN d3LVINILST 40 NvaW

=

~

20 25 30

5

1
SIGNAL-TO-NOISE RATIO

10






CLOUD SCREENING

Feature Vector

_>

CLOUD
CLASSIFICATION

ClassifyingMap

Classifiedmage




91
92
. —
M
Feature Cloud classification
vector codebook
f1
f2
/( fn
Feature Cloud screening
vector codebook

o

Image where cloudsare

Five channel AVHRR image separated from surface

Final classified image




Sea Snow Land Cloud Sea Snow Land Fog Sc Cu Cb Ac Ns Cil Ci2 Ci3 Cs



7777777777777777777777777777777777777777777777777777 b

i T
| Data
Whole-Sky . Feature o Encoding
Imager Preprocessing Extraction Classification and Transfer

Cloud Classifier






CcE
CiE

ScB

NsB  Sky
StB CiE

CbB NsB
NsB  AcG

. CsB

NsB

NsB  NsB
ScB  AcG

Sky
AsB AsB .

AsB .

. NsB . CsB

Sky . Sky
AcG CsB

e Sky CsB Sky

. Cirrostratus (Cs)
M cinus ci)

. Cirrocumulus (Cc)
. Altocumulus (Ac)
. Altostratus (As)
. Nimbostratus (Ns)
. Cumulonimbus (Cb)
. Cumulus (Cu)

. Stratocumulus (Sc)
. Stratus (St)

Sun

W sy






N{8181616101010
AEIOOCRIEIED
AL I IEAFAVAVA
MM K 6)

WWICICIC]

181414219
, 6161616
/ 1917177
2819818151513
71819 1719191919.

)
I]
7.
b

FIEIE
FIEN
FILIK
FIEID
FI1CIk










A A A



number of errors per 101 samples

30

25

100

I I I I I I I
200 300 400 500 600 700 800
number of characters used in adaptation









SEGMENTATION PHASE CLASSIFICATION PHASE

—»— SEGMENTATION ™ CLASSIFICATION

EXTRACTION

FEATURE |
EXTRACTION !

} FEATURE




- = OOO% ?
Self-Organizing Limit T

1
2
/7
Feature Map

Original image  vector Segmented image




SHAPE -
FEATURES CLASSIFICATION
- GRAY LEVEL . FINAL
DEFECT PREPROCESSING HISTOGRAM CLASSIFICATION COMBINER CLASSIFICATION

TEXTURE
FEATURES }—’{ CLASSIFICATION




conv per comp cvar evar
GLH

0.5

123 45678

energy contr entropymean

O

SSD GLH TEX
1 2
AN TS D
H =N o
i
-1
1 conv_pcr_comp cvar_evar 1 2 3 45 6 7 8 energy contr entropymean
0 0
| [ | o D
=
-1

conv pcr comp cvar evar
SOM unit 9

12 3 456 78
SOM unit 3

energy contr entropymean
SOM unit 9




B

convexity elongation compactnesscircular variance elliptic variance




(OVEOREEIOR, (OAYITENAY:: (NN, (OVAWOEIOL: (OCETTEE: XTI

(ORI




d our & @ @ oY
W B W o o L

€
€ € ¢«

ST S Y A P ey






2000

1500

1000

500

NS

SEENS,

S e NN A e
SASANTS S avay
R

RS

/‘ﬁ
X











































U-matrix (all components) blks/s

Map: SOM 14-Apr-1998, Data: system.data, Size: 25 12























































































