
 

 

Abstract — This paper presents and analyses a 
solution for embedding a Kohonen Self Organizing 
Map (SOM) into a Wireless Sensor Network. The 
presented approach allows for a fully distributed 
operation, with a fixed and predetermined number 
of messages that need to be exchanged. To 
achieve these goals the SOM nodes make local 
estimates of their distance to the winning node, 
rather than finding this through communication 
with the whole network. An extended solution that 
deals with two sources of variability in sensor 
data: the type of causing event or state in the 
environment, and the location of its origin (or the 
distance to the sensing mote) is also presented. 
Both solutions are analyzed in a simulation study 
and the results are presented and disused. 

 
Index Terms — Kohonen Neural Networks, Self-

Organizing Map, Wireless Sensor Network, 
Distributed Machine Learning 

 

1. INTRODUCTION 

1.1. Wireless sensor networks 

Wireless sensor networks (WSN) are systems 
consisting of a (possibly large) number of small 
devices equipped with sensing capabilities, a 
limited amount of processing power and a radio 
communication chip. Usually battery powered, 
these units are referred to as nodes or motes 
(due to the term node being also used in relation 
to the Kohonen Self Organizing maps (to be 
introduced shortly), but in a different context, 
WSN units will be referred to as motes).  

   WSN have been adapted to a variety of 
applications, including: environmental [1], 
healthcare [2], defense [3], etc. In the vast 
majority of these applications, the WSN motes 
use their sensors to gather information regarding 
the environment they are in, do some limited 
amount of processing, and forward the 
information to collection site. In these scenario, 
two typical problems arise: 1) communicating the 
data through the network is a major source of 
power drainage, and 2) large amounts of data 
require a significant amount of processing power 
at the central site, while the processing 
capabilities of the motes (albeit fairly limited) 
remain unused. 
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 To address these issues attempts have been 

made to increase the amount of in-network 
processing, with approaches like the distributed 
database engines [4]. One class of these 
approaches focuses on embedding data mining 
algorithms into WSNs. 

   As in the general field of data mining, an 
algorithm embedded into a WSN can be 
designed for classification (placing the state, or 
an event in the environment into one of 
predetermined classes [5], [6], [7]), regression 
(estimating a value from the readings taken from 
the environment [8], [9]), or clustering (grouping 
patterns seen in the sensor data [10], [11], [12]). 
For a more detailed survey of data mining 
approaches in WSN systems see [13].  

 
1.2. Kohonen Self Organizing Maps 

   A Kohonen SOM (also called the Kohonen 
Neural Network) is a clustering approach, 
inspired by the mechanisms employed in the 
cerebral cortex to organize data. It can be used 
to classify data into groups. Unlike back-
propagation neural networks, SOMs do not use 
pre-existing information regarding the classes a 
particular instance of data belongs to. This 
makes them particularly suitable for use with 
WSNs, as there is no need to transfer information 
regarding the labels to the motes. 

   A Kohonen SOM consists of a number of 
nodes, each containing its own set of weights, of 
equal length as the input vector. When a new 
instance of data (an input vector) is to be 
processed, each node determines the output as 
the Euclidian distance to between the input and 
its weight vector. The node with the smallest 
distance is declared the “winner”, meaning that 
the instance is closest to group represented by 
that node.    A SOM can be interpreted as each 
node representing a separate class, or by 
assuming that groups of nearby nodes represent 
separate classes (as it will be shortly explained, 
the training procedure causes the nodes closer to 
each other will have similar weight vectors).  

   The training phase of a Kohonen SOM starts 
by initiating the weight vectors of all of the nodes 
to small random numbers. Then, for each 
instance in the training set the winning node is 
determined, through normal operation (described 
above). All of the nodes than update their weight 
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vectors, following the update rule: 
 
w = w + α*η(winner)*(w - x)                (1) 
 

where w represents the node’s weight vector, x is 
the input vector, α is the learning rate, and η is 
the neighborhood function, which ensures that 
the nearby nodes respond to similar inputs. The 
neighborhood function takes as the input the 
distance to the winning node. A common choice 
for this function is the Gaussian (bell shaped) 
function. 
 

2. RELATED APPROACHES 

   Adaptations of the Kohonen SOMs to WSN 
have been studied in number of applications [14], 
[15], [16], [17]. 

   Closest to the work presented here, Catterall 
at al. proposed embedding a Kohonen SOM into 
a WSN by mapping a SOM node to each of the 
motes in the network [16]. The input vectors of 
the nodes are the readings from the sensors of 
the corresponding mote. This choice implies that 
inputs for the SOM nodes differ, unlike with the 
traditional SOMs. Furthermore, the distance 
between nodes (used in calculating the value of 
the neighborhood function) is taken to be the 
physical distance between the corresponding 
motes, rather than the logical distance in the 
SOM. Yun et al. expanded this approach with the 
use of Receive Signal Strength Indication (RSSI) 
to achieve a better estimate of the distance to the 
winning node [17].  

   Unlike these approaches, this paper 
proposes using the logical (SOM node) distance, 
rather than the physical distance between motes. 
Furthermore, a solution is devised which allows 
for communication to take place only between the 
motes contain nodes that are direct neighbors in 
the SOM (the above approaches require the 
mote to communicate with all of the motes in 
range). Finally, we extend the solution to deal 
with two sources of variability in sensor data: the 
type of causing event or state in the environment, 
and the location of its origin (or the distance to 
the sensing mote). 

3. DETAILS OF THE PROPOSED SOLUTION 

   In this section the theoretical details of the 
proposed solution are outlined. First, a simpler, 
basic approach, capable of either localizing, or 
classifying an event or state in the environment 
(depending on the patterns in sensor readings 
and the propagation of effects through the 
environment) is presented. Later, an enhanced 
solution is presented, capable of localizing 
classifying events or states in the environment, in 
cases that the effects of the event or state visibly 
diminish as they move further from the point of 
origin (there is a detectable and significant 
variation in readings at different nodes, 

depending on the physical distance to the point of 
origin). 

 
3.1. Basic approach 

   In the basic approach, the SOM nodes are 
correlated with the WSN motes, so that each 
mote holds a single node. This choice is much 
like the one presented in [16], so the same set of 
variations to a traditional SOM presented in that 
publication is restated here, with the differences 
outlined: 

 

 The units of the SOM are embodied by WSN 
nodes: each node records a prototype vector 
(weight vector) that resembles the particular 
kind of input it has experienced 

 The topology of the SOM is loose and defined 
by the topology of the WSN. Unlike [16], 
distances are taken as the logical distances in 
the SOM, and not the physical distances 
between the motes. 

 The input vector is different for each node, 
defined by the reading of the motes sensors 
(the input vector of a node is the vector of 
sensor readings at the corresponding mote) 
 
   In the operation phase, each node takes the 

readings from its motes sensor and calculates 
the Euclidian distance its weight vector. Like in 
the ordinary Kohonen SOM, the node whose 
weight vector is the closest is declared the 
winner. In the update phase, the nodes would 
need information regarding the identity of the 
winner node, in order to calculate the value of the 
neighborhood function. However, this would 
require exchange of information between all 
motes in the network. To circumvent this problem 
this paper proposes an alternative mean of 
calculating the distance for the neighborhood 
function. 

   Let us assume that there is a node whose 
input vector is the “perfect match” to its input 
vector, thus a node that has the best response 
possible to the pattern in the sensor data (a node 
that calculates the Euclidian distance of 0 
between the inputs and the weights). Actual 
existence of such a node is unlikely, and this 
hypothetical node may not be perfectly aligned 
with any of the real nodes.  

   Instead of locating the actual winner node 
and calculating the distance to it, each node than 
calculates neighborhood function based on the 
estimated distance to this “perfect winner” node. 
Equation (1), thus, becomes: 

 
w = w + α*η(estimated_perfect)*(w - x)                
(2) 

 
with w, α, η, and  x having the same meaning 

as in (1). 
   The question remains how to estimate the 

distance to the perfect node. Let every node 
exchange the information regarding the output 



 

value with its immediate neighbors. Note that this 
does not constitute the containing mote 
communicating with all of its neighbors (in a 
context of a WSN motes are commonly regarded 
as neighbors if they can communicate directly), 
but only the motes containing the SOM nodes 
adjacent in the SOM topology. Assuming a grid 
topology, this implies that each mote 
communicates with at most 4 others (those at the 
network edges with less). 

   Due to the nature of a Kohonen SOM, that 
the closer nodes are, the better they respond to 
similar patterns, the nodes that are closer to the 
“perfect winner” will exhibit a smaller distance to 
the particular input. In other words, the outputs of 
the nodes will reduce at some rate as the “perfect 
winner” is approached. An estimate of this rate 
can be taken by extrapolating the trends in the 
output value in the neighborhood of the node. 
Thus, each node makes a least-squares linear 
estimate of the function by which the outputs vary 
across the network. The distance at which this 
distance takes the 0 value is taken as the 
distance to the perfect node. The linear 
approximation may be criticized as a fairly strong 
assumption (other choices for estimating the 
distance to the “perfect winner” will be analyzed 
in a future publication). However, simulation 
results (Section III) show that the system 
operates well, even with this simplification. 

   Finally, a discussion is due related to the 
learning rate parameter. The learning rate 
controls how quickly the system learns from new 
examples. With a higher learning rate, the system 
can be expected to require less training, and to 
converge more quickly. Furthermore, with a 
higher learning rate, the system can be expected 
to adapt to changes in patterns (the concept drift, 
[6]) more rapidly. On the other hand, if the 
learning rate is set too high, the system may fail 
to converge altogether, and suffer from constant 
overtraining towards the last seen examples.  

   Previous empirical analyses [16] have shown 
an optimal learning rate around 0.4 for Kohonen 
SOMs embedded in a WSN. In our simulations, 
this value was determined to be somewhat lower, 
around 0.3. It should be noted that the choice of 
the learning rate is heavily dependent on the 
properties of the data and the patterns to be 
found, thus this difference may not entirely relate 
to algorithmic differences between the approach 
resented here and in [16].  

 
3.2. Extended approach 

  In order to justify the extension of the 
described approach, the following observation is 
introduced: In a WSN deployed in an 
environment there are two sources of variation in 
the sensor readings (on top of ant underlying 
noise). First is due to the different types of the 
occurring events and/or environment states 
(answers the questions “What is going on in the 
environment”). Second is due to the physical 

distance between the location individual sensor 
mote taking the measurements and the location 
of the origin of these variations (answers the 
question “Where in the environment has the 
source taken place?”). 

  In a small WSN with the motes being close to 
each other, the first source of variation is likely to 
dominate. In such a case the trained SOM is 
likely distinguish different types of events or 
environment states. However, with a larger, more 
disperse WSNs, the second source of variability 
is likely to have an increasing impact, with the 
SOM shifting towards responding to the location 
of origin, rather than type (with the winning node 
becoming the one in the mote closest to the 
location origin). In the extended approach we 
focus on the latter situation. 

   Initially, we start with a WSN with a Kohonen 
SOM implemented as described in the basic 
approach. As stated above, such a SOM will 
respond to the locations of the events taking 
place in the environment. The winning node will 
be the one closest to this location (in the ideal 
case, realistically, it will be one of the closest 
ones). In order to further distinguish between 
different types of events or environment states, a 
second, traditional, Kohonen SOM is trained, 
locally on this winner node (actually, each mote 
will contain its own version of this second, local, 
SOM). This local SOM also uses the readings 
from the containing mote as the input vector (for 
simplicity these second, nodes local to each 
sensor node, will be denoted as local SOMs, the 
first SOM, distributed thought the entire network 
and responding to event location will be denoted 
as the global SOM).  

   First, assume the local SOMs are only used 
and trained when the corresponding mote also 
contains the winner node of the global SOM. As 
the local SOMs are only trained on data taken at 
the site of the containing mote, the variation due 
to the distance between the mote location and 
the point of event origin are eliminated. Thus, the 
local SOMs can on the variations due to event 
types. 

   However, if a local SOM is trained only when 
containing mote is the winner, the training will be 
based on only a small subset of cases. In 
traditional machine learning this would relate 
using a portion of the available data set. In this 
WSN based approach this relates to prolonging 
the training phase, until each global node wins a 
sufficient number of times. 

   To alleviate this problem, a further extension 
is proposed, based on the following observation: 
The mote closest to the location of the event 
origin is likely to have the “best view” of the event 
taking place. However, other nearby motes will 
also have a “good view” of the event, depending 
on the distance to the event. Therefore, local 
SOMs at motes close to an event can be trained 
to find distinguishing patterns related to event 
types.  



 

   To take into account the fact that the closer 
the mote is to an event, the better view it will 
have, the proposed solution varies the training 
rate of the local SOMs with this distance. Since 
the global SOM is trained to respond to event 
locations, the information regarding this distance 
is already available –in the form of the response 
of the global node located at the mote. This 
distance becomes a parameter in the update 
rule, additionally controlling the rate at which the 
nodes learn. The update rule formula is thus: 

 
w = w + α*η(winner)*(w - x)*β                  (3) 
 
with w, α, η, and x having the same meaning 

as in (1) and (2), and the new parameter β being 
based on the output of the global SOM node 
located at the same WSN mote.   

4. SIMULATIONS AND RESULTS 

   In order to validate and evaluate the 
effectiveness of the proposed solutions, a set of 
simulation-based analyses was conducted. As 
when outlining the theoretical concepts, we first 
present the simulation details and results for the 
basic case, and then follow with the extended 
approach. 

 
4.1 Basic approach 

   A WSN network consisting of 100 motes was 
simulated. The motes were arranged in regular 
two-dimensional (10x10) grid topology. Each 
node contains one sensor. 

   The environment in each simulation step is 
simulated by drawing from a Gaussian 
distribution with a fixed mean and variance. The 
location of the point of origin of the event defining 
the environment state is taken at random in each 
step. From this point, the event effects propagate 
through the environment with a linear weakening. 
To simulate the presence of a background noise 
in the sensor readings, white noise is added, with 
the maximum value of 0.15 (15% of the 
maximum value of the event effect). More 
specifically, one iteration of the simulation 
procedure included the following: 

 

 Simulate an event by drawing the magnitude 
from a Gaussian distribution, and the location 
from a two-dimensional uniform distribution 

 Calculate the propagation of the event effects in 
the entire environment 

 Add noise in each point in the environment 

 For each mote, take the sensor reading (the 
event effect with the noise added at the mote’s 
location) 

 Calculate the SOM nodes’ outputs and update 
the network, as described in Section 3.1. 
 
   The presented results are averages from 

running the simulation procedure 100 times, with 
5000 steps in each simulation. 

   Figure 1 shows the error (output value of the 
winning node) during the simulation procedure 
(average values from 100 repetitions). The error 
sharply decreases in the first steps, and steadily 
continues to decrease at a low rate.  

 
Fig. 1. Output values of the winning node (perfect match 

produces a zero value). 

 
   Figure 2 shows the outputs of the SOM 

nodes, for two different simulated events. Nodes 
with a lower output (closer to the event location) 
are presented in lighter color. In both cases, the 
SOM produced correct results. 

 

 
Fig. 2. The outputs of the SOM nodes, for two different 

simulated events. Nodes with a lower output (closer to the 
event location) are presented in lighter color. 

  

 
Fig. 3. Estimated values (full line) and the estimation error 

(dotted line) as a function of the actual distance to the winning 
node 

 
   Finally, Figure 3 illustrates the effects of 

using the estimation of the distance to the 
“perfect winning” node, rather than the actual 
distance to the actual winning node. The 
estimated distances follow the actual ones fairly 
closely. 

 
4.2. Extended approach 

   Network of the same size and topology as for 
the simulations related to the Basic approach 
was used to simulate the operation of the 
algorithm described in the extended approach 
(100 motes, 10x10 grid topology). 



 

   As the extended approach deals with 
categorization of events, on top of localization, 
the environment state was extended to belong to 
one of several types, rather than be defined only 
by the location of the event origin. Concretely, it 
was assumed that the environment is described 
by two independent parameters, variable1 and 
variable2. Each mote is assumed to be equipped 
with two sensors, each directly measuring the 
value of one of the two parameters. Each 
parameter is independently drawn from one of 
two possible Gaussian distributions, with different 
means and variances. The environment 
(category of the occurring event) takes one of 
four possible values, depending on the 
distributions the two parameters are taken from, 
as described in Table 1: 

Background noise is added in the same 
manner as with the basic approach simulations. 
Thus, one iteration of the simulation procedure 
included the following: 

 Select an event type, by randomly drawing from 
the set {1,2,3,4} 

 Simulate an event by drawing the parameter 
magnitudes from the appropriate Gaussian 
distributions (depending on the event type 
selected in the previous step, as defined in 
Table 1), and the location from a two-
dimensional uniform distribution 

 Calculate the propagation of the event effects in 
the entire environment 

 Add noise in each point in the environment 

 For each mote, take the sensor readings (the 
event effects with the noise added at the mote’s 
location) 

 Calculate the global SOM nodes’ outputs and 
update the network, as described in Section 
3.2. 

 Calculate the local SOMs nodes’ outputs and 
update the network, as described in Section 
3.2. 
Local SOMs are linear, and contain four nodes 

each. 
 

Environme
nt state 

Parameter1 
distribution 

Parameter2 
distribution 

1 Gauss1 Gauss1 

2 Gauss1 Gauss2 

3 Gauss2 Gauss1 

4 Gauss2
 

Gauss2 
Table 1: The values of the environment parameters 

defining the environment state in the simulations 
 

Figure 4 shows the output of the systems for a 
simulated event, at the end of the simulations 
procedure. Shade of the filed depicts the global 
output value, and the color depicts the winning 
node in the corresponding local SOM. 

 
 

 
Fig. 4.  Outputs of the system for a simulated event: Colors 

denote the winning node of the local SOM at a mote, and the 
shade represents the global output (darkest color denotes the 
winning node)   

 
   Figure 5 shows the error in the wining node’s 

local SOM (the output of the local winning node) 
during the training procedure. A sharp decrease 
in the early period of the training procedure, 
followed by a relatively stable error can be 
observed. This behavior is characteristic to 
Kohonen SOMs. 

 
Fig. 5.  Training error (distance between the inputs and the 

local winning node’s weight vector at the mote containing the 
global winning node) during the simulation procedure 

5. DISCUSSION AND CONCLUSION 

  Two approaches of adopting the Kohonen 
Self Organizing Maps to distribute operation in a 
Wireless Sensor Network have been presented in 
this paper. 

The Basic approach is capable of correctly 
localizing an event taking place in the 
environment. For this approach, it is sufficient 
that each node exchanges data with a low, 
predetermined number of direct neighbors (the 
exact number being defined by the topology of 
the Kohonen SOM, for a 2D grid, this number is 
4).  

  The extended approach is further capable of 
categorizing the events into different types, while 
not requiring additional communication in the 
network. This extended approach introduces 
local SOMs at each mote. It should be noted that 
the local SOMs at each mote are trained 
independently of each other. As the region of a 
SOM is dependent on the order the network sees 
data, and the initial choice of weight values (here 
chosen randomly), there is no guarantee that the 
local SOMs will map the same types of events to 
same regions. In fact, most often this will not be 



 

the case (in our simulations some of the local 
SOMs mapped the events of type 1 to the “left 
most” node, others to the “right most”). This effect 
does not compromise the correct operation of the 
system, but should be taken into account when 
interpreting the outputs from different local 
SOMs. 

   Furthermore, it should be noted that the 
extended algorithm is based on the assumption  
 
that the motes closest to an event origin is the 
mote best capable of observing defining patterns 
in its readings. While often true, this assumption 
does not hold in some cases (i.e. different 
propagations of different types of effects may 
make the patterns clearer at some distance to the 
event). For these cases an additional extension 
to the algorithm may be required (a topic not 
examined by this paper). 

  Computationally, both approaches are 
relatively cheap and suitable for use in resource-
constrained WSN motes. The Basic approach 
requires only one weight vector to be maintained 
at the mote’s memory. The computational cost 
related determining the output and updating the 
weight is low, dependent on the number of 
sensor on each mote as O(n) (n being the 
number of sensors). The extended approach 
requires each mote to maintain an additional 
local SOM. The complexity (both in terms of 
space and computation) is thus O(m*n), where n 
is the number of sensors at each mote, and m 
being the size of the local SOMs (depends on the 
number of categories into which the 
events/environment states are to classified). 
However, as both n and m can reasonably be 
expected to be relatively small, the extend 
approach should be suitable for most WSN 
applications. 

The presented algorithm could also be 
extended to include knowledge available through 
(manual) labeling of data. The labels would be 
introduced for some of the classified events, 
denoting the correct event type (this could be 
done after an event has been detected and 
categorized by the network). Such an approach 
could be used to assign the physical types of 
events to the corresponding regions of the local 
SOMs (thus solving the issue of different SOMs 
mapping the events to different areas). Rather 
than only looking at the winning mote, the 
algorithm could then be modified to make 
decisions by a weighted majority vote, of the 
motes in the entire network, or the regions with a 
high global response. The choice of weights 
could be related to the output values of the global 
SOM nodes, or be based on some performance 
statistics, as in some of the other approaches to 
embedding the data mining algorithms into WSNs 
[6], [7]. Such an approach may also lead to a 
solution suitable for alleviating the issue with the 
patterns defining the events becoming more 
clearly visible at some distance to the events. 
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