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ABSTRACT

The topology of a body sensornetwork has, until recently
oftenbeenoverlooked; eitherbecausé¢helayoutof the network is
deemedto be sufciently static ("we always know well enough
wheresensorsare”), we alwaysknow exactly wherethenodesare
or becausehe location of the sensoris not inherently required
("aslong asthenodestayswhereit is, we do not needits location,
just its data”). We amgue in this paperthat, especiallyas the
sensonodeshecomanorenumerousanddenselyinterconnected,
an analysison the correlationsbetweenthe datastreamscan be
valuablefor a variety of purposes. Two systemsillustrate how
a mapping of the network's sensordatato a topology of the
sensonodes'correlationsanbeappliedto revealmoreaboutthe
physicalstructureof body sensometworks.

INTRODUCTION

Large sensornetworks are still a novelty, and often speci -

cally engineeredvith addressabl@odesthat communicateheir
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-designedanodel. Here,we limit our

investigationto a techniquethat estimateshow close a sensor
nodeis to anotherin the network by deducingthis from how the
sensedinformation from both nodescorrelates (as previously

demonstratetdy Holmquistetal. [4]).

This methodhasnot only meritsfor estimatingspatialtopologies
of networks, it couldalsobeusedto searctfor nodeshattransmit
corruptedsensordata, or for tracking and dealingwith changes
in thetopology Relatedwork includesthe location detectionof
body-worn devicesby Kunzeetal. [7], wherethe locationof an
objecton the body (suchas glassesn the head,in a poclet, or
in the hands)is detectedby looking at the signalsfrom built-in
motionsensorsluringintenalswherethe useris walking.

COLLECTION OF DATA AND CORRELATION

The data used in this paperis taken from Van Laerhoen
and Gellersen[8], where 40 accelerometerghat are loosely
strappedo the subjects legs, form a distributed sensingnetwork
that is shawvn to be accurateenoughto detecta basicrangeof
motion-relatedactiities suchassitting down, running, or riding
a bicycle. The objective is now to get an estimationof spatial
arrangementf thesesensordy mereanalysisof their data,and
without ary prior knowvledgeof the sensors location. This is not
just animaginary scenario,as this problemis closely relatedto
that in vast wirelessnetworks where nodescannotbe assigned
uniquelDs: sensordatacould in that casebe a complementary
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techniqueto verify wherethe paclet of datacamefrom.

The input data is provided by 20 sensornodes attachedto
trouserg( g.1), eachequippedwith a 2-dimensionabccelerome-
ter sensor It is datacollectedduring differentphysicalactiities,
suchasstandingwalking andclimbing stairs[8]. To pre-process
the dataa sliding window of the size T is used. This datais
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Figure1l: Distribution of sensomodesonthetrousers

storedin matrices(equationl), one per sensornode S, with
two row vectors(x; andy,) representinghe dimensionsof the
accelerometeflststateof gure 2).

T

X Xk0; Xk1, » XkT
= = 1
S ¥ Yko;Yki; 3 YkT (1)

A correlationcalculation(equation2) is performeduponthe 20
matricesof the framedinput data. EachsensomodeS;'s correla-
tion (equation3) towardsareferencesensonodeS is storedin a
40-dimensonaVector (2nd stateof gure 2). Thereferencenode
selectionS, is shifting over the whole setof sensomodeswhich
resultsin acycle of 20 vectorsafterwhichthe rst sensonodeS;
is the referenceagain. Thesevectorswill thenbecomeinput for
theKSOM asshavnin gure 2.
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If the nodes'raw sensordatawould be usedas input for the
KSOM, a lot of overwriting would occurin the map, sincethe
differentactvities (standingwalking andclimbing stairs)activate
sameregions acrosssensornodesand annihilate the previous
topology To usethe raw dataaryway, eachactiity would need
its own map. Another big issueis the lack of calibration for
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Figure?2: State o w diagramof eachstateof the dataprocessing
chain.

accelerometers. Even though some sensornodeshave nearly
the sameposition on the trousers,they can producea different
output due to inaccurayg of the measurements. Sincein the
correlation calculationonly similar output signals at the same
time determinethe outcomeof the calculation, the calibration
errorsare eliminated. The correlationvaluesare in the intenal

[ 1;1], whereast+1 indicatestotal correlation, 1 if the slopes
of the two waves are converseto eachotherandO if thereis no
correlationbetweenthe respectie waves. The x andy valuesin

the input vector of the KSOM are always alternatelycorrelated
independently{equation3), which guarantees betterresulteven
if the sensorarenot exactly orientedtowardseachother In this
mannerit would be bestto have threedimensionakensomnodes.

INDEPENDENT COMPONENT ANALYSIS (ICA)

Our real objectve can be characterisedas a visualisation
one: once all the incoming data signals have beencorrelated
with eachother (seethe secondstatein gure 2), we are left
with a 40 dimensionalvector per sensornode that represents
similaritiesbetweerthesignals'behaiours. Reducinghisto a 2-
or 3-dimensionakpacewithout losing too much of the structure
in the correlationspacds our coreobjectie, to give anadequate
representationf proximity betweenour sensomodes:thosethat
are strappedo the samelimb segmentshouldbe in the vicinity
of eachotherin the visualisationas well, or thosethat are on
differentlegs shouldbe furtheraway from eachother

Oblviously, we are interestedin algorithms that perform this
mappingfrom correlationspaceto alower dimensionavisualisa-
tion in realtime, asthe sensodatastreamsn. To have something
to compareagainsthowever, we will rst shav someresultswith
a well-known off-line algorithm that obtainsan ideal mapping
by going over our datain multiple passescalled Independent
ComponentAnalysis (ICA). Readersinterestedin the inner
workingsof this algorithmareencouragedo useOja's work asa
startingpoint[5].

The correlation of the incoming sensordata delivers twenty
(one per sensomode)40-dimensionalectorsthat are theneach
plottedin threedimensionakpaceusingICA. Figure2 shavs two
typical instancesof theseplots, wherethe nodesare connected
to re ect the physicalarrangemenin the experiment. The left
plot shaws thetypical organisatiorduring actiities of movement
(suchas walking), whereasthe right plot shavs what happens
if one of the users legs remainsimmobile (and no correlation
can be witnessed);The lower two plots shav the real incoming
accelerationdata (over a history of 500 samples)for the rst
sensomode.
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Figure3: Independen€omponenfnalysis(l) with muchmove-
mentand(r) with nearlyno movement

KOHONEN SELF-ORGANIZING MAP (KSOM)

The KSOM [6] is a topological map with a rm grid, in
this casetwo dimensional. Every neuronin the map has an
associatedcodebookvector that hasthe samedimensionas the
input vectors. As a new input vector is presentedo the map,
its distanceto eachneurons codebookvectoris calculated. The
neuronwith the smallestdistanceis the "winner” neuron. Every
neuronin the grid hasa relation to its neighbours,according
to this relation the input datais distributed over the map, in
mannerof moving the codebookvectorstowardsthe input vector
correlatve to the neurons distanceiowardsthe "winner” neuron.

Since the correlation calculation producesa 40-dimensional
vector the codebookvectorsneedto have the samedimension.
Becausef visualizationreasonsll valueshave beencorvertedto
unsignednteger (math.not.127(x + 1)). This high dimensional-
ity slows down the performancef the KSOM (3rd stateof gure
2) training andtestingin a majorway. Becauseof visualization,
performanceand mappingreasonsa 25 20 map was chosen.
Lower dimensionalitywould prevent a distinct mappingof the
inputvectorsuponthe map.

For training of the KSOM different kinds of parameterar
rangementsinddistribution functionshave beentested.The used
distribution functionsarea gaussiaristribution anda distribution
where the euclidian distancebetweenthe neuronsin the grid
determinesthe in uence of the input vector on the codebook
vectors. The gaussiardistribution wasthe successfubne, since
the euclidianone producedonly partly trainedmapswith totally
unin uencedregionsor mapswhereevery neuronhadnearlythe
samecodebookvector To preventthe KSOM from over training,
a linear decreasingearning rate was chosen. A setof 60000
trainingvectorswith correlationgroupedper20 wasusedto train
themap.In gure 6 ontheleft sidea successfullyrainedKSOM
is shavn. The trained KSOM was usedafterwardsto generate
atestdiagram( gure 4), wherethe activationsof neuronswere
countedfor eachsensomodeasreferenceone.

K-MEANS CLUSTERING

The k-means clustering algorithm [1] establishesk clusters
upona setof vectors.The algorithmstartswith k clustercenters,
eachrepresentedia a prede nedvector For eachvectorof the
input set,it is decidedto which clustercentereit hasthe smallest
distance. This clustercenters'vectoris thenmoved towardsthe



Figure4: Testresultsfor activationsof neuronscorrespondingo
sensomodes. Testresultsfor activationsof neuronscorrespond-
ing to sensonodes.Theleft plot shavs the numberof timeseach
neuronin the maphaswon, per sensomode(representedby dif-
ferentlycolouredblocks). Theright plot shavs thetop view of the
sameplot, connectingthe winner neuronsconform gures 1 and
3.

inputvectorby a smallfraction,whichis shavn in equatiord.

x %) 2 £1; 1 kg (4)
In our case,the 20-meansclustering(one cluster per reference
sensomode)is placeduponthe KSOM (4th lower stateof gure
2), by usingthe mostly over all winnerneurons codebookvector
of eachsensonodes'testset,asinitial clustercenter All neurons
codebookvectorsarethenpresentedo the k-meansalgorithmto
updatethe clustercenters. The clusterto which the respectie
neuron belongsto is visualized through different background

colors,asin gure 5 canbeseen.
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Figure5: KSOM with k-MeansClusters

For eachvectorof atestsetit is now decidedto which clusterthe
correspondingvinnerneuronbelongso.

GROWING NEURAL GAS (GNG)

The GNG network is similar to the KSOM in manner of
neurons,codebookvectors and neighbourhoodrelations. The
differencesaredespiteof theseessentialsincethereis 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 dimensional data
streamis gained, since the "winner” neuronhasa two dimen-
sional positionin the KSOM grid. This datastreamis usedto
train a GNG network (4th stateof gure 2) with two dimensional
codebookvectors. Sincethe codebookvectorsare two dimen-
sionalthe GNG network is easilyvisualizable. Throughtraining
connectionsaare madebetweemeuronsanddeletedif redundant,
which leadsto a web (right side of g.6) that representshe
correlationof thesensonodes.Theincreasinghumberof neurons

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

in thenetwork is limited to 20, soevery nodein the GNG network
represent®nesensomode. The connectionsn thewebform the
correlationsof correlatedsensomodeson thetrousers.

EVALUATION

Depicted in gure 7, preliminary visual comparisonof the
plots from the off-line ICA-based algorithm with those from

the proposedon-line algorithm shavs mary similarities: The
proximity betweennodeson lower and upperlegs is presentin

both, andthe two approacheslso sharethe sameoutlier nodes
(seefor example Syo, Si11, and Sy). Theplotsin gure 7 are
representate for mostsectionsof the useddatawheresufcient

motion occurredto extract the correlationsamongsensomodes
(notethatslight motion during standingwould be adequate).

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

To give a more exact measureof how the proposediopological
algorithmsperformedon the datasetshowever, we canmeasure



hov relative distancesevolve over time and compare these
distanceswith thoseobtainedwith the ICA method. Figure 8
shaws the distanceover time betweentwo adjacentnodes(Sy

andSg), while gure 9 shavs the samefor two nodesfar awvay
from eachotherin the network (S: and Sx). This particular
sectionof the datasetcontaineddatawhile the testsubjectwas
standing upright, walking and climbing stairs; in the middle
portion (betweersamplegt00and500),thetestsubjectstoodstill

which resultedn poorcorrelationfor theleft leg (alsoobserable
in theright sectionof gure 3).

Figure8: Distanceof S; andSs overasetof 714samplesn ICA
andKSOM

Figure9: Distanceof S; and Sy over a setof 714 samplesn
ICA andKSOM

Both gures illustrate that topologiesindeed get storedin the
KohonenSelf-OganisingMap, albeitin lessdetailandin a more
course-grainedashion than in the spaceobtainedwith ICA.
It is also importantto note that we used a three-dimensional
ICA-createdtopology while our KSOM topology was restricted
to a two-dimensionabne, sincea lean,real-timeimplementation
wasoneof our goals. Therealadvantageof thelatteris therefore
presered: it canbuild up atopologyfrom the correlationsasthe
datagetspresentedo the system.

Evaluating the performanceof the Growing Neural Gas and
K-Meansclusteringfor additionalvisualisationis highly depen-
denton that of the KSOM, andis left asfuture work. It would
for instancebe possibleto match up the graph model created
by the GNG to the actual model (resemblingthat of gure 1)
includingthe createcedgespbut we haddif culties decidingonan
appropriatamethodto achieve this.

CONCLUSION

Correlation data often reveals the proximity of sensornodes
to eachother 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 comparatiely densecon gurations. This paperuseda net-
work of 20 two-dimensionahccelerometenodesasa casestudy
whereeachnodecoversasmallsurfaceareaof apersonstrousers.

We proposethe use of correlation between distributed sen-
sor nodes, combined with topological mapping algorithms,
to approximatea spatial model of the sensornetwork. The
algorithms discussedare self-omganisingin nature and operate
in real-time on incoming sensordata. They can also be used
as a complementarysystemto ary sensoranalysissystemfor
networks of sensorghat are observinga commonphenomenon
(e.g.,parallelto arecognitionsystem) andareparticularlysuited
to body sensomnetworks.

The createdtopologies can be utilised to visually reveal de-
fector corruptnodeswhile the sensings in progresspr the state
of the topology (or detectedchangesn it) could be usedasan
additionalinputin classi cationsystems.
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