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ABSTRACT

The topology of a body sensornetwork has, until recently,
oftenbeenoverlooked;eitherbecausethelayoutof thenetwork is
deemedto be suf�ciently static (”we always know well enough
wheresensorsare”),we alwaysknow exactlywherethenodesare
or becausethe location of the sensoris not inherently required
(”as longasthenodestayswhereit is, wedonotneedits location,
just its data”). We argue in this paper that, especiallyas the
sensornodesbecomemorenumerousanddenselyinterconnected,
an analysison the correlationsbetweenthe datastreamscan be
valuablefor a variety of purposes. Two systemsillustrate how
a mappingof the network's sensordata to a topology of the
sensornodes'correlationscanbeappliedto revealmoreaboutthe
physicalstructureof bodysensornetworks.

INTR ODUCTION

Large sensornetworks are still a novelty, and often speci�-
cally engineeredwith addressablenodesthat communicatetheir
identity, purpose,and location throughoutthe network. Some
nodes have built-in positioning systemsas their applications
speci�cally needexact locations(e.g., the Relateapproachfrom
Hazaset al., [3]), other nodesare carefully placedso that they
stayarrangedconforma pre-designedmodel. Here,we limit our
investigationto a techniquethat estimateshow close a sensor
nodeis to anotherin thenetwork by deducingthis from how the
sensedinformation from both nodescorrelates (as previously
demonstratedby Holmquistet al. [4]).

This methodhasnot only meritsfor estimatingspatialtopologies
of networks,it couldalsobeusedto searchfor nodesthattransmit
corruptedsensordata,or for tracking anddealingwith changes
in the topology. Relatedwork includesthe locationdetectionof
body-worn devicesby Kunzeet al. [7], wherethe locationof an
objecton the body (suchasglasseson the head,in a pocket, or
in the hands)is detectedby looking at the signalsfrom built-in
motionsensorsduringintervalswheretheuseris walking.

COLLECTION OF DATA AND CORRELATION

The data used in this paper is taken from Van Laerhoven
and Gellersen[8], where 40 accelerometersthat are loosely
strappedto thesubject's legs, form a distributedsensingnetwork
that is shown to be accurateenoughto detecta basicrangeof
motion-relatedactivities suchassitting down, running,or riding
a bicycle. The objective is now to get an estimationof spatial
arrangementof thesesensorsby mereanalysisof their data,and
without any prior knowledgeof thesensor's location. This is not
just an imaginaryscenario,as this problemis closely relatedto
that in vast wirelessnetworks wherenodescannotbe assigned
uniqueIDs: sensordatacould in that casebe a complementary

techniqueto verify wherethepacket of datacamefrom.

The input data is provided by 20 sensornodes attachedto
trousers(�g.1), eachequippedwith a 2-dimensionalaccelerome-
ter sensor. It is datacollectedduringdifferentphysicalactivities,
suchasstanding,walking andclimbing stairs[8]. To pre-process
the data a sliding window of the size T is used. This data is

Figure1: Distributionof sensornodeson thetrousers

storedin matrices(equation1), one per sensornode Sk , with
two row vectors(xl and yl ) representingthe dimensionsof the
accelerometer(1ststateof �gure 2).
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A correlationcalculation(equation2) is performedupon the 20
matricesof theframedinput data.EachsensornodeSl 's correla-
tion (equation3) towardsa referencesensornodeSk is storedin a
40-dimensonalvector(2ndstateof �gure 2). Thereferencenode
selectionSk is shifting over thewholesetof sensornodes,which
resultsin acycleof 20vectorsafterwhich the�rst sensornodeS1

is the referenceagain. Thesevectorswill thenbecomeinput for
theKSOM asshown in �gure 2.
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CORR(Sk ; Sl ) = (COR(~xk ; ~x l ); COR(~yk ; ~yl )) (3)

If the nodes' raw sensordata would be usedas input for the
KSOM, a lot of overwriting would occur in the map, sincethe
differentactivities (standing,walkingandclimbingstairs)activate
sameregions acrosssensornodesand annihilate the previous
topology. To usethe raw dataanyway, eachactivity would need
its own map. Another big issue is the lack of calibration for
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Figure2: State�o w diagramof eachstateof thedataprocessing
chain.

accelerometers.Even though some sensornodeshave nearly
the sameposition on the trousers,they can producea different
output due to inaccuracy of the measurements.Since in the
correlationcalculationonly similar output signalsat the same
time determinethe outcomeof the calculation, the calibration
errorsare eliminated. The correlationvaluesare in the interval
[� 1; 1], whereas+1 indicatestotal correlation,� 1 if the slopes
of the two wavesareconverseto eachotherand0 if thereis no
correlationbetweenthe respective waves. The x andy valuesin
the input vector of the KSOM are always alternatelycorrelated
independently(equation3), which guaranteesa betterresulteven
if thesensorsarenot exactly orientedtowardseachother. In this
mannerit would bebestto have threedimensionalsensornodes.

INDEPENDENT COMPONENT ANALYSIS (ICA)

Our real objective can be characterisedas a visualisation
one: once all the incoming data signalshave beencorrelated
with eachother (seethe secondstatein �gure 2), we are left
with a 40 dimensionalvector per sensornode that represents
similaritiesbetweenthesignals'behaviours.Reducingthis to a2-
or 3-dimensionalspacewithout losing too muchof the structure
in thecorrelationspaceis our coreobjective, to give anadequate
representationof proximity betweenour sensornodes:thosethat
arestrappedto the samelimb segmentshouldbe in the vicinity
of eachother in the visualisationas well, or thosethat are on
differentlegsshouldbefurtheraway from eachother.

Obviously, we are interestedin algorithms that perform this
mappingfrom correlationspaceto a lower dimensionalvisualisa-
tion in realtime,asthesensordatastreamsin. To have something
to compareagainst,however, we will �rst show someresultswith
a well-known off-line algorithm that obtainsan ideal mapping
by going over our data in multiple passes,called Independent
ComponentAnalysis (ICA). Readersinterested in the inner
workingsof this algorithmareencouragedto useOja's work asa
startingpoint [5].

The correlation of the incoming sensordata delivers twenty
(oneper sensornode)40-dimensionalvectorsthat are theneach
plottedin threedimensionalspaceusingICA. Figure2 shows two
typical instancesof theseplots, wherethe nodesare connected
to re�ect the physicalarrangementin the experiment. The left
plot shows thetypical organisationduringactivities of movement
(such as walking), whereasthe right plot shows what happens
if one of the user's legs remainsimmobile (and no correlation
can be witnessed);The lower two plots show the real incoming
accelerationdata (over a history of 500 samples)for the �rst
sensornode.

Figure3: IndependentComponentAnalysis(l) with muchmove-
mentand(r) with nearlynomovement

KOHONEN SELF-ORGANIZING MAP (KSOM)

The KSOM [6] is a topological map with a �rm grid, in
this casetwo dimensional. Every neuron in the map has an
associatedcodebookvector that hasthe samedimensionas the
input vectors. As a new input vector is presentedto the map,
its distanceto eachneuron's codebookvector is calculated.The
neuronwith the smallestdistanceis the ”winner” neuron. Every
neuron in the grid has a relation to its neighbours,according
to this relation the input data is distributed over the map, in
mannerof moving thecodebookvectorstowardstheinput vector
correlative to theneuron's distancetowardsthe”winner” neuron.

Since the correlation calculation produces a 40-dimensional
vector, the codebookvectorsneedto have the samedimension.
Becauseof visualizationreasonsall valueshavebeenconvertedto
unsignedinteger(math.not.:127(x + 1)). This high dimensional-
ity slows down theperformanceof theKSOM (3rd stateof �gure
2) training andtestingin a major way. Becauseof visualization,
performanceand mappingreasonsa 25 � 20 map was chosen.
Lower dimensionalitywould prevent a distinct mappingof the
inputvectorsuponthemap.

For training of the KSOM different kinds of parameterar-
rangementsanddistribution functionshave beentested.Theused
distributionfunctionsareagaussiandistributionandadistribution
where the euclidian distancebetweenthe neuronsin the grid
determinesthe in�uence of the input vector on the codebook
vectors. The gaussiandistribution wasthe successfulone,since
the euclidianoneproducedonly partly trainedmapswith totally
unin�uencedregionsor mapswhereevery neuronhadnearlythe
samecodebookvector. To prevent theKSOM from over training,
a linear decreasinglearning rate was chosen. A set of 60000
trainingvectorswith correlationgroupedper20 wasusedto train
themap.In �gure 6 on theleft sidea successfullytrainedKSOM
is shown. The trainedKSOM was usedafterwardsto generate
a test diagram(�gure 4), wherethe activationsof neuronswere
countedfor eachsensornodeasreferenceone.

K-MEANS CLUSTERING

The k-means clustering algorithm [1] establishesk clusters
upona setof vectors.Thealgorithmstartswith k clustercenters,
eachrepresentedvia a prede�nedvector. For eachvectorof the
input set,it is decidedto which clustercentereit hasthesmallest
distance.This clustercenters'vector is thenmoved towardsthe



Figure4: Testresultsfor activationsof neuronscorrespondingto
sensornodes.Testresultsfor activationsof neuronscorrespond-
ing to sensornodes.Theleft plot shows thenumberof timeseach
neuronin themaphaswon, per sensornode(representedby dif-
ferentlycolouredblocks).Theright plot shows thetopview of the
sameplot, connectingthe winner neuronsconform�gures 1 and
3.

input vectorby a smallfraction,which is shown in equation4.

~x t +1
i = ~x t

i + � (~yinput � ~x t
i ); i 2 f 1; :::; kg (4)

In our case,the 20-meansclustering(one clusterper reference
sensornode)is placedupontheKSOM (4th lower stateof �gure
2), by usingthemostlyover all winnerneuron's codebookvector,
of eachsensornodes'testset,asinitial clustercenter. All neuron's
codebookvectorsarethenpresentedto thek-meansalgorithmto
updatethe clustercenters. The cluster to which the respective
neuron belongs to is visualized through different background
colors,asin �gure 5 canbeseen.

Figure5: KSOM with k-MeansClusters

For eachvectorof a testsetit is now decidedto which clusterthe
correspondingwinnerneuronbelongsto.

GROWING NEURAL GAS (GNG)

The GNG network is similar to the KSOM in manner of
neurons,codebookvectorsand neighbourhoodrelations. The
differencesaredespiteof theseessential,sincethereis a growing
numberof neuronsand a dynamicneighbourrelationship(con-
nectionsbetweenthe neurons). The GNG algorithm startswith

two neuronsand a connectionbetweenthem. Stepby stepthe
amountof neuronsis increaseduntil the input datais satis�ably
covered. GNG learnsthe input data similar to the KSOM via
moving codebookvectorstowardsthe input vector, but only for
the two nearestneurons. For further informationson the GNG
network the notesof Fritzke [2] give a precisedescriptionof its
algorithm.

With a trained KSOMs' test output a two dimensionaldata
streamis gained,since the ”winner” neuronhas a two dimen-
sional position in the KSOM grid. This datastreamis usedto
train a GNG network (4th stateof �gure 2) with two dimensional
codebookvectors. Since the codebookvectorsare two dimen-
sionaltheGNG network is easilyvisualizable.Throughtraining
connectionsaremadebetweenneuronsanddeletedif redundant,
which leads to a web (right side of �g.6) that representsthe
correlationof thesensornodes.Theincreasingnumberof neurons

Figure 6: (l) KSOM in a �nal trainedstate(r) GNG network
trainedwith pre-trainedKSOM winneroutput

in thenetwork is limited to 20,soeverynodein theGNGnetwork
representsonesensornode.Theconnectionsin thewebform the
correlationsof correlatedsensornodeson thetrousers.

EVALUATION

Depicted in �gure 7, preliminary visual comparisonof the
plots from the off-line ICA-basedalgorithm with those from
the proposedon-line algorithm shows many similarities: The
proximity betweennodeson lower and upper legs is presentin
both, and the two approachesalso sharethe sameoutlier nodes
(seefor exampleS10 , S11 , and S20 ). The plots in �gure 7 are
representative for mostsectionsof theuseddatawheresuf�cient
motion occurredto extract the correlationsamongsensornodes
(notethatslightmotionduringstandingwouldbeadequate).

Figure7: Topologicalmappingof correlationsusing(l) ICA in a
3D spaceand(r) KSOM connectedwinnernodes

To give a more exact measureof how the proposedtopological
algorithmsperformedon the datasets,however, we canmeasure



how relative distancesevolve over time and compare these
distanceswith thoseobtainedwith the ICA method. Figure 8
shows the distanceover time betweentwo adjacentnodes(S7

andS8), while �gure 9 shows the samefor two nodesfar away
from eachother in the network (S1 and S20 ). This particular
sectionof the datasetcontaineddatawhile the testsubjectwas
standing upright, walking and climbing stairs; in the middle
portion(betweensamples400and500),thetestsubjectstoodstill
which resultedin poorcorrelationfor theleft leg (alsoobservable
in theright sectionof �gure 3).

Figure8: Distanceof S7 andS8 overasetof 714samplesin ICA
andKSOM

Figure9: Distanceof S1 andS20 over a setof 714 samplesin
ICA andKSOM

Both �gures illustrate that topologiesindeedget stored in the
KohonenSelf-OrganisingMap, albeit in lessdetailandin a more
course-grainedfashion than in the spaceobtainedwith ICA.
It is also important to note that we used a three-dimensional
ICA-createdtopology while our KSOM topology was restricted
to a two-dimensionalone,sincea lean,real-timeimplementation
wasoneof our goals.Therealadvantageof thelatter is therefore
preserved: it canbuild up a topologyfrom thecorrelationsasthe
datagetspresentedto thesystem.

Evaluating the performanceof the Growing Neural Gas and
K-Meansclusteringfor additionalvisualisationis highly depen-
denton that of the KSOM, and is left as future work. It would
for instancebe possibleto match up the graph model created
by the GNG to the actual model (resemblingthat of �gure 1)
includingthecreatededges,but wehaddif�culties decidingonan
appropriatemethodto achieve this.

CONCLUSION

Correlation data often reveals the proximity of sensornodes
to each other becausewhat they senseis more similar; This
can be exploited even more so in large sensornetworks where
the sametype of nodeshave multiple sensorsand are grouped
in comparatively densecon�gurations. This paperuseda net-
work of 20 two-dimensionalaccelerometernodesasa casestudy
whereeachnodecoversasmallsurfaceareaof aperson's trousers.

We propose the use of correlation between distributed sen-
sor nodes, combined with topological mapping algorithms,
to approximatea spatial model of the sensornetwork. The
algorithmsdiscussedare self-organising in nature and operate
in real-time on incoming sensordata. They can also be used
as a complementarysystemto any sensoranalysissystemfor
networks of sensorsthat are observinga commonphenomenon
(e.g.,parallelto a recognitionsystem),andareparticularlysuited
to bodysensornetworks.

The createdtopologies can be utilised to visually reveal de-
fect or corruptnodeswhile thesensingis in progress,or thestate
of the topology (or detectedchangesin it) could be usedas an
additionalinput in classi�cationsystems.

References
[1] C. M. Bishop. Neural networks for pattern recognition.

Oxford University Press, 1995.

[2] B. Fritzke. A growing neuralgasnetwork learnstopologies.
Advancesin NIPS,7, 1995.

[3] M. Hazas,H. Gellersen,C.Kray, H. Agbota,G.Kortuem,and
A. Krohn. A relativepositioningsystemfor spatialawareness
of co-locatedmobiledevicesandusers.submittedto MobiSys,
2005.

[4] L. E.Holmquist,F. Mattern,B. Schiele,P. Alahuhta,M. Beigl,
and H.-W. Gellersen. Smart-its friends: A techniquefor
usersto easilyestablishconnectionsbetweensmartartefacts.
Ubicomp,2201/2001, page116,2003.

[5] A. HyvärinenandE. Oja. Independentcomponentanalysis:
Algorithmsandapplications.Neural Networks,13(4-5), pages
411–430,2000.

[6] T. Kohonen. Self-organizingmaps. Springer Ser. in IS,30,
1995.

[7] K. Kunze,P. Lukowicz, H. Junker, andG.Troester. Wheream
i: Recognizingon-bodypositionsof wearablesensors.LoCa,
2005.

[8] K. V. Laerhoven and H.-W. Gellersen. Spine versuspor-
cupine,a study in distributed wearableactivity recognition.
ISWC,8, pages142–149,2004.


