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Abstract

Researt in classifying and recognizing complex con-
cepts has been directing its focus increasingly on dis-
tributed sensingusing a large amount of sensors. The
colossal amount of sensor data often obstructs tradi-
tional algorithms in cenralized approaches, where all
sensordata is directed to one certral location to be pro-
cessed. Spreading the processing of sensor data over
the network seemsto be a promising option, but dis-
tributed algorithms are harder to inspect and evaluate.
Using self-su cien t sensorboardswith short-range wire-
less communication capabilities, we are exploring ap-
proachesto achieve an emerging distributed perception
of the sensedernvironment in real-time through clus-
tering. Experiments in both simulation and real-world
platforms indicate that this is a valid methodology, be-
ing especially promising for computation on many units
with limited resources.

In tro duction

It is obvious that distributed sensinghas beeninspired
to a great extent by biological systems,where highly re-
dundant sensorsappear in the form of duplicate sensing
(e.g. having two eyes), fusory sensing(e.g. seeingand
touching the sameobject), and distributed sensing(e.g.
networks in the skin) (Brooks 1988). It is our aim to
investigate what the impact of distributed algorithms,
self-organization, and sheernumber (scalability) of sen-
sor modules will have on sensingand perception of the
ervironment.

Moving sensingtasks to real-world applications often
provesto be impractical, asthe conceptsthat have to
be learned and distinguished are too complexto be cap-
tured by just a few sensors. Instead of improving the
quality of the usedsensor(s),the quartit y is increasedin
distributed sensing.Bene ts of this approach have been
mentioned early on in sensorfusion literature (Ayache
1990;Brooks & lyengar 1998):

1. redundancy in sensorsleadsto a more robust system
sincefaulty sensorshave little e ect on the output,

2. distributed sensorshave a higher chance to capture
relevant aspectsbecauseof their spatial spreading,and

3. the cost of producing many sensormodules that per-
form recognition concurrertly is considered to be
smaller, since sensorscan be smaller and are not re-
quired to be as precise.

We will concerrate in this paper on clustering data
originating from a numerically xed set of sensors,con-
currently operating in the sameervironment. A prime
requiremert is that the clustering should be donein a
decernralized way, since it is being implemented on a
hardware platform basedon microcortrollers with lim-
ited memory. The output of this distributed sensornet-
work is the distributed storageof typical represenations
of various states, or contexts, of the environment.

Researt into new interaction techniques in ubiqui-
tous computing is gradually moving towards “smarter'
objects that are able to monitor their environments with
hardware sensors.This researd is usually referredto as
“cortext awareness'(Abowd, Dey, & Brotherton 1997).
The many sensorsapproach in corntext awarenesshas at-
tracted attention from various researt domains (Kahn,
Katz, & Pister 1999;Lim 2001).

The Hardw are Platform

The platform for the experimerts in this paper is a col-
lection of “Smart-Its'?. In this sectionwe describe some
of the characteristics of the Smart-Its in order to pro-
vide insight into the experimental setup, and illustrate
someof the limitations. One Smart-It unit embodies a
sensormodule, and a communication module, which are
interconnected.

The core of sensormodule is a PIC 16F877microcon-
troller clocked at 20 MHz, which o ers 384 bytes of data
memory and 8K 14 bits of memory. SeeFigure 1 for
the arrangemert of the sensors. A library comeswith
the module that provides easyaccessto the sensorval-
ues. A serial line connector is available for connecting
the sensormodule to a PC. Of the two I°C connectors,
oneis usedto interface to the communication module.

1Smart-lts
its.teco.edu/

Project Home Page. http://smart-
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Figure 1: The two modulesthat combined make up the
Smart-It unit: Left, the sensormodule with light sen-
sor, microphone, 2 accelerometers,thermometer, pres-
sure sensor(bottom) and buzzer (top). Right, the wire-
lesscommunication module. Both boards measure43
50 mm.

The communication module is basedon the PICF876.
An RF stadk provideswirelesscommunication, at a max-
imum rate of 125kbit/s. The current implementation of
the RF stadk only supports broadcast. Two of the 1/O
pins are usedfor communication with the sensormodule
over I12C. The 12C interface o ers read and write access
to eld strength information, as well as accessto the
sender'sIP and the application data padket.

The Kohonen Self-Organizing Map

Self-organizationof neuronal functions seemsto exist on
very abstract levelsin the brain. When a laboratory rat
haslearnedits location in a labyrinth, certain brain cells
on the hippocampal cortex respond only when it isin a
particular location. The Kohonen Self-Organizing Map
(SOM) (Kohonen 1997) has a similar principle: units
(referred to as neurons) are recruited topologically for
tasks depending on the sensoryinput. It is commonly
classi ed as a neural network, and more specically a
winner-takes-all competitiv e algorithm, since the units
compete with ead other for speci c tasks.

Each unit i hasits own prototype vector w; (also re-
ferred to as codebook vector or weight vector), being a
local storagefor one particular kind of input vector that
has beenintroduced to the system. Initially these pro-
totype vectors with a dimension n equal to the input
space, start out as vectors with random small compo-
nents and, as new input enters the SOM, are improved
following this update rule:

wi = w; + (winner) (X;
where is called the learning rate and is situated be-
tweenOand 1, and (winner) is the neighbourhood func-
tion ranging from 0 to 1 as well, depending on the dis-
tance between the current SOM unit and the winner.
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Figure 2: A 2D Self-Organizing Map shawing di erent
regions of winning units for di erent states of the envi-
ronmernt.

The winner is the unit that hasa prototype vector that
is closestto the current input vector using the Euclidean
distance:

winner = argmin (xj  w;)?
i

j=1

The neighbourhood function is traditionally
mented as a Gaussian(bell-shaped) function:

imple-

. 1 . i 2_nh2
(Wlnner) =p 2_ be 0:5 (winner  curren t)“=nb
n

with nb a parameter indicating the width of the func-
tion, and thus the radius in which the neighbours of the
winning unit are allowed to update their prototype vec-
tors signi cantly. The map of units is usually taken as
a two-dimensional grid, although many other organisa-
tions have beenapplied (such asa map of hexagons).

After a su cien t amount of input data has beenpre-
serted to the SOM, self-organizationwill result in a to-
pographic map, wheresimilar data is mapped onto units
in a particular region of the map, and neighbouring units
will be activated (i.e. becomewinners) for similar input
data. Figure 2 shows how dierent units becomere-
cruited for di erent states of the ervironment by colour-
ing the units according to the state in which they were
declaredas winners.

Implemen tation

The Kohonen SOM mainly has implementations based
on a single-processor,certralized method. Therefore, it
is necessarythat we elaborate on the implementation for
the smart-its platform and the simulation?.

2The sourcecode and data les are available for download
from http://www.comp.lancs.ac.uk/~catterae/a life2002
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1| Unit ID

2 | Padket Timestamp

3 | Error (Euclidean distance betweenprototype and
input)

Table 1. Padket description for the Kohonen Self-

Organizing Map implemertation.

The distributed implementation of the Kohonen Self-
Organizing Map (SOM) producesan algorithm that has
seweral variations from the traditional certralized ver-
sion:

The units of the SOM are embodied by the Smart-Its:
ead Smart-It recordsa prototype vector that resem-
bles one particular kind of input it has experienced.
Note that this createslittle stresson the resources,
since one vector easily ts into the microcortroller's
memory.

The topology of the SOM, instead of beinga xed grid,
hasa loosetopology, de ned by the physical distances
betweenthe Smart-It units.

The input for ead of the units is di erent, though sim-
ilar sinceit comesfrom readingsfrom the samestate
of the ervironment. In a traditional SOM however,
inputs for all units are exactly the same.

Units can be moved, removed, or added, resulting in
atruly ad-hoc network. This resenblesreseart done
on growing SOMs and SOMs where “dead units' (i.e.
units that never tend to win) perish (Fritzk e 1997).

Communication betweenthe units acrossthe network
consists of padkets that encapsulate all the necessary
information to complete both the nd-winner and the
update-prototype-vectors phases. After having read the
sensorvalues, ead unit comparesthose values with its
internal values, stored in the randomly initialised proto-
type vectors and calculates the Euclidean distance be-
tweenboth vectors. A packet is then created and broad-
cast acrossthe network with the elemeris as they are
listed in Table 1. The timestamp is provided to elimi-
nate outdated padkages.

After receivingpacketsfrom the units in its neighbour-
hood, a Smart-It canidentify the winner by searding for
the minimum error. By then calculating how closeit is
to the winner (in physical distance), the prototype vector
can be updated as shown in the update rule above.

The output of the network is the “activation' of the
winning unit, which will be consistert with a self-
organized topology, provided enough iterations have
beenintroduced to the network, or if the network does
not changetoo rapidly.
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Figure 3: Datasets with sensorvalues from ead of the
smart-it units during se\eral states of the ervironment
(‘contexts"): Lights on (1{330), talking people nearhy
while lights remain on (331{400), lights turned o (401{
800), talking peoplenearby while light remain turned o
(801{1000), and heating on (1090{1400).

Discussion

Experiments on both simulation and Smart-Its platform
are discussedin this section. All results preseried here
were produced using datasetscortaining real-world data
from the actual sensormodules, and executed on the
simulation platform that was designedto be as closeas
possibleto the hardware units. This was doneto allow
us to evaluate the impact of varying the learning rate
and neighbourhood radius parameters, whilst using the
samesets of sensordata.

The v edatasets(one for eath smart-it) are visualized
by time seriesplots in Figures 3. Note that, although
the sensordata is very similar (as the units are physi-
cally closeto ead other), it is not exactly the same. The
intensity of the light for instance (marked in the legends
by 'Light’), is higher for units 1 and 2 since they were
positioned directly underneath the light source. The ac-
celerometerdata is alsoa bit dierent asnot all boards
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were positioned in the samefashion (the readings from
the accelerometersre ect position in the X-axis and Y-
axis). Also notice how somesensorssuc asthe temper-
ature sensor, change only slightly and gradually, while
others suc asthe sound level, tend to vary a lot. The
pressuresensoron ead unit wasusedto syncdronize the
data amongst the smart-its, as can be obsened around
sample 16800n the X-axis.

The successof our implementation of the Kohonen
Map, ason any of its implementations, depends heavily
on the choice for the learning rate and neighbourhood
radius parameters. We will concertrate on the rst, as
it is the most important one and the number of smart-
it units is not large enoughto evaluate the impact of a
changing neighbourhood radius.

error  —e— winner

Figure 4: Error (left Y-axis) and winning unit IDs (right
axis) over time with a high learning rate. Units “forget'
the stored prototype vector, which gets overwritten by
the current input.

Figures4 and 5 show the behaviour of the SOM with a
di erent learning rate. With a high learning rate, units
easily overwrite their prototype vector with eah new
kind of input vector. This problem is known in ma-
chine learning as “catastrophic forgetting' and relatesto
the “plasticity-stabilit y dilemma' (Grossberg 1976). Re-
sults with a smaller learning rate (Figure 5) do presene
their prototype vectors, although uctuating sensordata
causesthe recruitment of seweral units for one context
(331{400 and 801{1000 for instance, where the sound
level varies heavily).

The results from our experiments show that self-
organization doestake placeand that similar sensordata

error —e— winner
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Figure 5: Error (left Y-axis) and winning unit IDs (right
axis) over time with a normal learning rate. Unit 5 spe-
cializes for the rst context, unit 4 specializesfor the
third context, while the other two corntexts are not in-
troduced long enoughto be claimed by one unit.
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maps onto sensor units topographically. Similar data
clustersin a particular region of the ervironment popu-
lated with sensorunits.

Conclusions

Our aim in applying arti cial life principles to the do-
main of context clustering and evertually corntext clas-
si cation and discovery is to provide exibilit y and ro-
bustnessin a constartly changingernvironment. The sen-
sor boards themselwvesare relatively simple. By harness-
ing their collective intelligencearising from their interac-
tions, we aim to produce systemswhere individual sen-
sor boards and/or sub networks of sensorboards in the
collection, learn to specializein recognizinga particular

state of the ervironment or context.

Our experiments demonstrate that clustering of in-
coming sensordata through self-organization on many
distributed sensormodules with limited processingca-
pabilities is possible.
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