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Abstract— The Self-Organizing Map (SOM) attracts
attentions for clustering in these years. In this study, we
propose a Reunifying Self-Organizing Map which is a new
SOM algorithm. The initial state of all neurons of the
proposed SOM are connected to no neuron. However, the
neurons are connected gradually to other neurons as learn-
ing progressed. The behavior of the reunifying SOM is
investigated with application to clustering. We can con-
firm that the result of using the reunifying SOM includes
no inactive neuron.

1. Introduction

Since we can accumulate a huge amount of data
in these years, it is important to investigate various
clustering methods. Then, the Self-Organizing Map
(SOM) attracts attentions in recent years. SOM is an
unsupervised neural network introduced by Kohonen
in 1982 [1] and is a model simplifying self-organization
process of the brain. SOM obtains statistical feature of
input data and is applied to a wide field of data clas-
sifications [2]-[5]. We can obtain the map reflecting
the distribution state of input data using SOM. How-
ever, if we apply SOM to clustering of the input data
which includes some clusters located at distant loca-
tions, there are some inactive neurons between clus-
ters. Because inactive neurons are on a part without
the input data, we are misled into thinking that there
are some input data between clusters.

In this study, we propose a new SOM algorithm
which is the Reunifying Self-Organizing Map. The
initial state of all neurons of the proposed SOM are
connected to no neuron. However, each neuron has its
own physical location on the 2-dimensional grid, so,
the neurons are connected gradually to other neurons
as learning progressed: hence, the name “reunifying”.

In Section II, we explain the learning algorithm of
the conventional SOM. In Section III, the learning al-
gorithm of the reunifying SOM in detail. The learn-
ing behaviors of the reunifying SOM are investigated
in Section IV with applications to clustering of vari-
ous 2-dimensional input data. Furthermore, clustering
ability is evaluated by visualization of results. We can
see that there are no inactive neurons using the reuni-
fying SOM.

2. Self-Organizing Map (SOM)

We explain the learning algorithm of the conven-
tional SOM. SOM consists of m neurons located at a
regular low-dimensional grid, usually a 2-D grid. The
basic SOM algorithm is iterative. Each neuron i has

a d-dimensional weight vector wi = (wi1, wi2, · · · , wid)
(i = 1, 2, · · · ,m). The initial values of all the weight
vectors are given over the input space at random.
The range of the elements of d-dimensional input data
xj = (xj1, xj2, · · · , xjd) (j = 1, 2, · · · , N) are assumed
to be from 0 to 1.

(SOM1) An input vector xj is inputted to all the
neurons at the same time in parallel.
(SOM2) Distances between xj and all the weight vec-
tors are calculated. The winner, denoted by c, is the
neuron with the weight vector closest to the input vec-
tor xj ;

c = arg min
i
{‖wi − xj‖}, (1)

where ‖ · ‖ is the Euclidean distance.
(SOM3) The weight vectors of the neurons are up-
dated as;

wi(t + 1) = wi(t) + hc,i(t)(xj −wi(t)), (2)

where t is the learning step. hc,i(t) is called the neigh-
borhood function and is described as a Gaussian func-
tion;

hc,i(t) = α(t) exp
(
−‖ri − rc‖2

2σ2(t)

)
, (3)

where ‖ri − rc‖ is the distance between map nodes
c and i on the map grid, α(t) is the learning rate,
and σ(t) corresponds to the width of the neighborhood
function. Both α(t) and σ(t) decrease monotonically
with time as follows;

α(t) = α(0)(1− t/T ), σ(t) = σ(0)(1− t/T ), (4)

where T is the maximum number of the learning.
(SOM4) The steps from (SOM1) to (SOM3) are re-
peated for all the input data.

3. Reunifying Self-Organizing Map

In this study, we propose a new algorithm of SOM,
Reunifying Self-Organizing Map. The initial state of
all neurons of the reunifying SOM are connected to no
neuron, but each neurons have its own physical loca-
tion on the 2-D grid. The initial value of the weight
vectors are given at orderly position.

(RSOM1) An input data xj is inputted to all the
neurons at the same time in parallel.
(RSOM2) The winner c is found according to Eq. (1).
(RSOM3) The neighborhood distance between c and
each neuron i, denoted by nc,i, is calculated. The
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(a) (b)
Figure 1: Neighborhood distances of the rectangular
grid. (a) Discrete neighborhoods (size 0, 1 and 2) of
the centermost neuron when all the neurons are con-
nected. (b) Neighborhood distances nc,i of c = 13.
nc,14 = 1, nc,12 = 3, nc,5 = nc,22 = m (namely, 25).

neighborhood distances are defined as shortest-path
distances between connected map nodes as Fig. 1. If a
neuron i is not connected directly or indirectly to the
winner c, nc,i is equal to the number of neurons m.
(RSOM4) The weight vectors of the neurons are up-
dated as;

wi(t + 1) = wi(t) + hRc,i(t)(xj −wi(t)), (5)

where hRc,i(t) is the neighborhood function of the re-
unifying SOM and described as;

hRc,i(t) = α(t) exp
(
− (nc,i/m + ‖wi − xj‖)2

2σ2(t)

)
. (6)

(RSOM5) A set of 1-neighborhood neurons of win-
ner c, on the assumption that all the neurons are con-
nected (as Fig. 1(a)), is denoted as Nc1. The number
of Nc1 is between two and four when the neurons are
located on the 2-D rectangular grid.

A set of the neurons, whose neighborhood distance
is the longest in Nc1, are denoted as Sq (as Fig. 2).

Sq = arg max
i
{nc,i}, i ∈ Nc1. (7)

If nc,Sq = 1 (as Fig. 2(c)), we perform (RSOM8).
However, if not, we perform (RSOM6).
(RSOM6) The connecting neuron q is chosen from
Sq, according to;

q = arg min
i
{‖wi − xj‖}, i ∈ Sq. (8)

In other words, the connecting neuron q is the neuron
with the weight vector closest to xj in Sq.

If ‖wq −wc‖ ≤ D(t), we perform (RSOM7). How-
ever, if not, we except the neuron q from Nc1, and
perform the simulation again from (RSOM5).

D(t) increases monotonically with time according
to;

D(t) =
Dmax

T
t + Dmin. (9)

(RSOM7) The winner c is directly connected to a
connecting neuron q, namely, nc,q becomes 1.
(RSOM8) The steps is returned to (RSOM1) and is
repeated for all the input data.

(a) (b) (c)
Figure 2: Example of connection of neurons. c = 13.
Nc1 = [8, 12, 14, 18] (a) Sq = 12. q = 12. (b) Sq =
[14, 18]. q is the neuron with the weight vector
smaller distance between the input vector. (c) Sq =
[8, 12, 14, 18] = Nc1. q is not chosen.

4. Application to Clustering

4.1. Simulation 1

First, we consider 2-dimensional input data as
shown in Fig. 3(a). The input data is generated ar-
tificially as follows. Total number of the input data N
is 600, and the input data include two clusters. 300
data are distributed within a range from 0.2 to 0.8 hor-
izontally and from 0.1 to 0.3 vertically. The remaining
300 data are distributed within a range from 0.2 to
0.8 horizontally and from 0.7 to 0.9 vertically. All the
input data are sorted by random.

Both the conventional SOM and the reunifying SOM
has m = 100 neurons (10×10). We repeat the learning
20 times for all input data, namely T = 12000. The
parameters of the learning are chosen as follows;
(For SOM)

α(0) = 0.5, σ(0) = 3,

(For Reunifying SOM)

α(0) = 0.5, σ(0) = 0.8, Dmin =
√

2/10, Dmax =
√

2/2.

The simulation result of the conventional SOM is
shown in Fig. 3(b). We can see that there are some
inactive neurons between two clusters.

The other side, the result of the reunifying SOM
and its learning process are shown in Fig. 4. We can
see from Fig. 4(h) that there are no inactive neurons
between two clusters.
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Figure 3: Clustering of 2-dimensional input data.
(a) Input data. (b) Simulation result of the conven-
tional SOM.
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Figure 4: Clustering using the reunifying SOM. (a) Initial state (t = 0). (b) t = 100. (c) t = 500. (d) t = 1700.
(e) t = 6000. (f) t = 6200. (g) t = 6700. (f) Simulation result (t = 12000).

Let us consider the learning process. The initial
state of neurons are not connected to other neurons
and are located at orderly position as Fig. 4(a). In the
early-stage of learning as Figs. 4(b) and (c), we can see
that some neurons are connected gradually to other
neurons. However, there are some groups of neurons,
because the connected neuron is preferentially-selected
from the neuron which is connected to no neuron. Fur-
thermore, as Fig. 4(d), there are no neurons which are
connected to no neuron, and each two group of neurons
self-organize respective two cluster without connect-
ing each other. In the middle stage as Fig. 4(f), two
groups of neurons are connected each other accord-
ing to increase D(t). However, neurons of each group
self-organize the respective two clusters without being
mingled as Fig. 4(g). in other words, the neurons of
each group are not influenced by each other. This is
because the learning rate α(t) and the neighborhood
radius σ(t) decrease according to Eq. (4), namely α(t)
and σ(t) are small value.
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Figure 5: Visualization of result. (a) Conventional
SOM. (b) Reunifying SOM.

Figure 5 shows distances between neighboring neu-
rons and thus visualizes the cluster structure of the
map. Black circles on this figure mean large distance
between neighboring map nodes. Clusters are typi-
cally uniform areas of white circles. We can see that
the boundary line of the reunifying SOM is clear than
the conventional SOM.

4.2. Simulation 2

Next, we carry out simulation for another 2-
dimensional input data example shown in Fig. 6. The
input data include two clusters. Total number of in-
put data N is 600. We repeat the learning 20 times
for all input data. The parameters of the learning are
the same value used in the simulation 1 except for
Dmax =

√
2.

The results of SOM and the reunifying SOM are
shown in Figs. 7(a) and (b), respectively. We can see
that there are no inactive neurons in the reunifying
SOM although there are some inactive neurons in con-
ventional SOM.

0 0.2 0.4 0.6 0.8 1
0

0.2

0.4

0.6

0.8

1

Figure 6: 2-dimensional input data.
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Figure 7: Results of clustering. (a) Conventional
SOM. (b) Reunifying SOM. (c) Visualization of the
conventional SOM. (d) Visualization of the reunifying
SOM.

4.3. Simulation 3

Furthermore, we carry out simulation for the con-
cave input data shown in Fig. 8. Total number of
input data N is 600. We repeat the learning 20 times
for all input data The parameters of the learning are
the same values used in the simulation 1.

Figure 9 shows the result of SOM and the reunifying
SOM. As we can see from these figures, the clustering
ability of using the reunifying SOM method is effective.
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Figure 8: Concave input data.

5. Conclusions

In this study, we have proposed the new SOM algo-
rithm which is the Reunifying SOM. The initial state
of all neurons of the reunifying SOM are connected to
no neuron. However, the neurons are connected grad-
ually to other neurons as learning progressed. We have
investigated its behaviors with applications to cluster-
ing, and have confirmed the efficiency.
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Figure 9: Clustering results for concave input data.
(a) Conventional SOM. (b) Reunifying SOM. (c) Vi-
sualization of the conventional SOM. (d) Visualization
of the reunifying SOM.
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