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Abstract. The knowledge of the location of a mobile terminal can be usedto
reducethe cognitive burdenon theusersin context—avaresystemsandit is acru-
cial informationfor routingin ad—toc networks andfor optimizing the topology
in orderto minimize the enegy consumptiorof the nodes.The strength<f the
RF signalsarriving from moreaccesgointsarerelatedto the position (location
fingerprinting), but the compleity of the inverseproblemto derive the position
from the signalsandthelack of completenformation,motivateto considerflexi-
ble modelsbasedn anetwork of functions(neural networks, developedthrough
asupervisedearningstrateyy.

Theadwantageof themethodis thatit doesnotrequiread-hodnfrastructuren ad-
dition to thewirelessLAN, while theflexible modellingandlearningcapaliliti es
of neuralnetworksachieze smallerrorsin determiningheposition,areamenakbe
to incrementaimprovements and do not requirethe detailedknowledgeof the
accesoint locationsand of the building characteristicsThe systemdoesnot
participatein anactive mannerto determinethe position,thereforeguaranteeing
acompleteprivagy.

Experimentakesultsand comparisonsith alternatve techniquesare presented
anddiscussed.

Keywords: location andcontext-awarecomputing, wirelessLAN, IEEE 802.11b,
neurad networks, machindearning

1 Intr oduction

Theresearctin this papemroposesanev methodto determinghelocationof a mobile
terminal. Knowledgeof thelocationandsuitablemodelsareimportantin order to re-
ducethecogritive burdenontheusersn context- andlocatiorawaresystemg7, 1, 14].
Locationawarenssis consideedfor exanplein theinfostationbasecdoardng work of
[12], andin thewebsignsystemof [15]. In addition,thelocationof mobileterminalsis
requiedby technigeesfor routing in ad—toc networksandfor optimizing thetopdogy
in orderto minimize theenegy consumgion of thenodesseefor exanple [13].
Therefore, mary different systemand techndogies to deternine the location of

usersfor mobilecompuing applicatiors have beenpropsed.BesidesGlobal Position-
ing System(GPS),usedvery successfullyn open areasut ineffectiveindoor, thereare



severalindoa locationtechniqessuchasActive Badge[19 usinginfraredsignals Ac-
tive Bat[20,9], Cricket[16], usinga combnationof RF andultrasound to estimatethe
distancePinPoint3D-iD[21], RADAR[2], Nibble[6] andSpotON[D], usingRF-based
locationdetermiration.

Thecurrentpapercorsidersahigh-speedvireless. AN ervironmenusingthelEEE
80211bstandardThe methal is basedn neual network modelsandautonatedlearn-
ing technigies.As it is thecasefor the RADAR systemno special-pirpcseequipnent
is neededn addition to the wirelessLAN, while the flexible modellingandlearnirg
capabilitiesof neuralnetworks achieve lower erras in determiring the position are
amenale to increnentalimprovementsanddo not requirethe detailedknowledgeof
theaccesgpointlocationsandof the building charateristicsin additionto a mapof the
working spacePreliminay resultsof this work arepresenin [5].

The following part of this paperis organized as follows. Section2 describs the
methoalogy for mocklling the input-autput relatiorship throuch multi-layer percep
tronneuralnetworks, Section3 describsthesystemandthecollectionof datapoirtsfor
the expeiiments,Section4 analyesthe distanceerra resultsobtaine from the neural
network andSection5 discusseshe resultsobtainel by usingthe k-neaest-reighbas
method The effeds of the signalvarialility on the positionerra areassesseih Sec-
tion 6.

2 Methodology: Models basedon neural networks

In our systemthe signalstrengthgeceved at a mobile terminalfrom differentaccess
points(atleastthree)areusedto deternine thepositionof thetermiral insideaworking
area.The startingpoint of the methdal is the relatiorship betweendistanceandsignal
strengthfrom a givenaccesgoint. Detailedradio propagtion mocelsfor indoa envi-
ronmentsareconsideredor examge in [2]. If oneknows distancesl ; from the mobile
terminalto at leastthreedifferent APs, one can calculatethe position of the mobile
terminalin thesystem.

In avariegatedandhetero@neos ervironmen, e.g.insidea building or in acom-
plex urban geomety, the receved power is a very comgex function of the distance,
the georretry of walls, the infrastricturescontairedin the building. Evenif a detailed
model of the building is available, solving the direct prodem of deriving the signal
strengthgiven the locationrequres a lengthysimulation. The inverse problem, of de-
riving the locationfrom the signalstrengtls is more complicatedandvery difficult to
solvein realisticsituations.

Neurd network mocelsandautomatedearnirg techniqesareaneffective solution
to estimatehelocationandto redicethe distanceerror. The nontlineartransfomation
of eachunit anda suficiently large nunber of free paranetersguarateethata neural
networkis capalte of represeting therelationshigbetweerninputs (signalstrengtis) and
outpus (position) Let us notethatthe distancefrom the accesgoirts, andtherefae
thedetailedknowledge of their position is notrequiledby thesystemausermaytrain
andusethe methodwithout askingfor thisinformation.

The specificatiorof the free paranetersof the model(alsocalled"weights” of the
network) requiesa learningstrateyy thatstartsfrom a setof labelledexanplesto con-
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Fig. 1. An exampleof multi-layer perceptrorconfiguration

structamodelthatwill thengenealizein anappr@riatemannemwhenconfrontedwith
new data,notpresehin thetrainingset.

We considerthe “standard multi-layer percepton (MLP) architectue, seefor ex-
ampleFig. 1, with weights conneting only nearly layersand the sum-ofsquared
differencesnegy function definel as:
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wheret,, ando, arethetarget andthe currer outpu valuesfor patternp, respectiely,
asa function of the network weightsw.

The architectue of the multi-layer percepron is organizedasfollows: the signals
flow sequentiallyhroughthedifferentlayersfrom theinput to theoutputlayer. For each
layer, eachunit (“neuron”) first calculatesa scalamprodict betweera vecta of weights
andthe vectorgiven by the outputs of the previous layer A transfe function is then
appliedto theresultto producetheinputfor thenext layer Thetransfe function for the
hiddenlayersis thesigmoidalfunction: f(z) = 1/(1 + e~*), while for theoutput layer
it is theidentity function, sothatthe output signalis notbourded.

It hasbeendemorstratedthata network with a singlehidden layeris suficientto
apprximateary continwousfunctionto adesiredaccurayg, providedthatthenumber of
hiddenneuonsis sufiiciently large[11]. In thiswork we considera single-hidlen-layer
MLP anda training techniqie that usesseconederivativesinformation: the one-step
secantmethal with fastline searche©©SSintroducedin [3,4]. The onestep-secant
methodOSSis a variationof whatis calledonestep(memory-les) BroydenFletcher



Goldfarb-Shamo method see[17]. The OSSmethodis descriledin detailandis used
for multi-layer perceptonsin [3] and[4].

3 Systemand experimental setup

Our systemconsistsof a wirelessLocal Area Network basedon the IEEE 80211b
standardlt is locatedonthefirst floor of a 3-storgzedbuilding. Thefloor hasdimersions
of 25.5m x 24.5m, for atotal areaof 62475m 2 andincludesmorethanelevenrooms
(officesandclassrooms).

The threeaccespointsare AVAYA WP-II E modelby Lucert Techndogies,two
with exterral antenas. Thewirelessstationsare Pentium-lasedaptopcompuersrun
ning Linux versim 7.2. Eachlaptopis equipedwith the ORINOCOPC card- a wire-
lessnetwork interfacecardby LucentTechnolgies.

Thenetwork operadesin the2.4 GHz license-feelSM bandandsuppots datarates
of 1,2, 5.5,and11Mbps.The 2.4 GHz ISM bandis divided into 13 channel§IEEE
& ETSIWirelessLAN Standariiandonly threechamelsareused:chanmel 1,7, 13 at
2412 2442 and2472MHz respectidy, in orderto minimizetheinterfererce.

Fig. 2. Thefloor layoutof the experimentwith accesgointslocations.

To facilitate the collection of labelled exampe patterns,the map of the areais
storedon a laptopanda userinterfacehasbeendesignedbasedon a singleclick on
the displayedmap. The origin of the coodinatesystem(0,0) is placedat the left bot-
tom corne of themap.The(z ) coordnatesof theaccesgointsareasfollows: AP1
=( m1l m),AP2=(1m m),AP3=(1 m m).



Whenthe useris at an identifiade positionin the expeimental area(e.g.,at the
entrane of aroom,closeto acorner closeto acolum, etc.)heclicks onthedisplayel
mapin a point correspadingto the currert position Immediately after the click, the
threerecevedradiosignalstrengthgrom the APsareautomaticallymeasureéndthey
are saved togetherwith the point’s coordnatesin a file, to prepae the exampges for
trainingandtestingtheneurad network.

A total of 194measuren pointsarecollectedduiing differert periods of theday.

4 Selectionof the multi-lay er perceptr on architecture

A labelledtraining set(given by inputs signalsand corresponihg outpu locatiors) is
usedby the OSSlearningalgorithmto deternine the free paranetersof the flexible
MLP architectue. The measureof the erroron the training setgivenby eq. 1 is mini-
mizedby OSSduringthelearningprocelure.

It is essentiato notethatthe objective of thetrainingalgoiithm is to build amodel
with good generlization capaliities whenconfrontedwith new input values,values
not presentn thetrainingset. The gereralizationis relatedbothto the numker of pa-
rameterandto thelengthof thetrainingphaseln geneal, anexcessve numter of free
paraméersandan excessvely long training phase(over-training) redwce the training
errorof eq.1 to smallvaluesbut prejudce thegenealization:thesystenmemorizeshe
trainingpatterrs anddoesnotextractthereguaritiesin thetaskthatmale gereralization
possible.

Thetheoreticabasisfor appr@riategeneréizationis describedy thetheoy of the
Vapnik- Chenonenkis(VC) dimension[18]. Unfortunately the VC dimersionis not
easily calculatedfor a specificprodem and experimentationis oftenthe only way to
derive anappr@riatearchitectue andlengthof thetraining phaseor a given task.

Thepurposeof theexperimentdn thissectionis to determire thearchitectue,in our
casethenumberof hiddenunits,andthelengthof thetrainingphasdeadirg to thebest
genealizationresults Fig. 3 describes significantsummay of theresultsobtairedin
theexpeliments.

Thethreearchitectuesconsideed aregivenby 4, 8, and 16 hiddenunits. A setof
labelledexampes(signalstrenghsandcorrectiocation)hasbeencollectedasdescribe
in Sec.3. Amongall examges, 140areextractedrancbmly andareusedfor thetraining
phase the remainirg ones(54) are usedto testthe genealization, at different steps
during thetrainingprocessTheplottedvalueis theaverag absolde distanceerror E
over all patterrs:

P
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whereoz,(w) ando ,(w) arethez and coodinatesobtainedby the network and
tz, andt , the correct’targe” values. is the numter of testor training patterns,
depemnling onthe specificplot.

Boththetrainingerrorandthegeneralizatio erra areshavn in eachfigure As ex-
pectedthetraining errordecreaseduring training, while the generaliztion erra first
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Fig. 3. Training andtesterror for architecture (top), (middle),
(bottom).



decreaseshenreachesminimum valueandfinally tendsto increasdgover-training ef-
fect). The overtraining effectis particulaty strongfor thearchitectue with 16 hidden
units. The bestgeneréization values(of about1.80meters)arereachedafter appoxi-
mately3,00 iterationsfor boththe8 and16 hidden unitsarchitectues.

Therohustnes®ftheMLP mockl for differentarchitectuesandfor differentlengtts
of the training phaseis to be noted.Whenthe architectue changsfrom 4 to 8 to 16
hiddenunits,theoptimalgenealizationvaluechangs only by lessthan14%(from 1.9
metersto about1.75 meters) Whenthe nunber of iterationsincreasesfrom 2,0 to
50,00thegenerézation erra remainsapprximately stablefor the morecompactar
chitecturg4 hiddenunits),andincreaseslowly for thearchite¢ureswith morehidden
units,asexpectedbecageof thelargerflexibility of thearchitecture.

After this seriesof tests,the architeture3 16 2 achievesthe bestresult(in
the exampes of Fig. 3 we obtainaresultonthetestsetof 1.75meters).The structure
of theneual network usedin thesubsequat testscorsistsof threelayers:3 inputunits,
16 hiddenlayerunitsand2 outpus. The CPUtime for a singletraining session(3,00
iterationswith 194 exanples)onthearchiteture3 16 2 is of 21 second ona
1400MHz PentiumlV.

To studytheeffect of thenuntberof training exampdesonthegereralizationerrora
seriesof testshasbeenexeaited.For eachtest,a specifiedcnumbe of exanplesareex-
tractedrandonly from the entiresetandusedfor training,while theremainirg onesare
usedto testgenealizationaftertrainingis comgeted.For a givennumter of exanples,
100testshave beenexeauted.
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Fig. 4. MLP: reductionof averagedistanceerror (test)asa functionof numberof examplesn the
training set(with 16 neurondn the hiddenlayer): averageandindividual results.

Thereductia of theaverag distanceerror (test)asafunction of numbe of exam
plesin thetraining set(with 16 neunonsin thehiddenlayer)is illustratedin Fig. 4. The



averag erra decreasempidly asafunctionof thenunmberof examges,to reachafinal
averag valueof 1.91. The standarddeviation of the individual resultsis largerwhen
eitherthenumker of trainingexamgesor the nunberof testexamgesis very small.

In order to usethelargestnurber of examgesfor training,the leave-one-ait tech-
niguehasbeenadogedfor afinal test.In thiscase all exampesapartfrom oneareused
for training while the genealizationis testedon the single left-out exampe. The ex-
perimett is repeatedy considerig eachpatternin turn astheleft-out examge. When
usinganarchitectue with 16 neurasin thehidden layertheaverag resultof theleave-
one-aittestis of 1.& meters.

5 Comparisonwith K-Nearest-Neighbors

The -neaest-neigbhorsruleis a well known nonparanetric techniqe. For the case
of classificationthe nearest-aighba rule classifiesa patternwith the samelabel as
theoneof the closestiabelledsample the procedireis subopimal but, with unlimited

numter of samplegshe erra rateis never worsethantwice the minimum (Bayes)erra

rate[8]. In the context of regressiorto obtainthelocation,the -neaest-neighbrsrule

(ageneréizationthatconsiders insteadof the singlenearesheigtor) hasbeenused
in[2].

Becausat is difficult to comparetheresultsobtaina in differentexperimentalen-
vironments the k-neaest-neighbrs rule in the signalspacehasbeenusedto classify
thesameexampges usedfor the previoustests.This methodcomputesthedistancese-
tweenthevectorof thereceved signalsata certainpointandthevectos of signalsof a
setof pointswith known locations.Thevectos havingthe smallestdistancesrecon-
sideredandtheestimategositionis compuedasanaverag of thepositiors associated
with the smallest-distanceectos.

Thesamedatasetusedfor MLP is divided into two disjointedsetsof exampes:one
for training andonefor testing.

In thetraining setwe consideboththe signalstrengtls andthe position:

(14 ey

If thetraining setconsistsof  exanples,in orderto compue the positioncorre-
sponding to atriplet of signalstrengthy 2 ) takenfrom thetestset,one
proceedsasfollow:

— For each 1 , compute the distanced; between( { ¢ %) and
(1 2 )

— Findthe smallestistancegwith fixed): d; d;

— Computethe estimatedpositionasthe averageof the positiors recorakd for the

x

exampesselectedatthepreviousstep:z = , =

ThestandardEuclideandistancel; is used:



Insteadof the simpleaverage, a weightedaverage canbe adoptedIn this casethe
positionsare weightedaccordimy to the inverse of the distance(unlessthe distanceis
zero,in which casetheweightis 1,000). The estimatedgositionis now compuedas:

i1 i1
-1 =1

1 1
=1 =1

To analyz the effect of the nurmber of neigtbors  on the error, the leave-ore-out
technigieis usedon the whole dataset.Fig. 5 shovs the averag error resultsfor the
weightedandstandardnethod. In bothcasesthebestresultis obtainedor = .The
averag distanceerra is 1.81 meterswhenusingthe normalaverageand1.78 meters
for theweightedaverag case Theweightedmethodachieves betterresultsandis more
stablewhenthe paraneter increasesthe effect of far away neigtborsonthe averag
beconeslessdargerots, asexpected

étandard 'average j——
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Fig.5. K-NN: reductionof averagedistanceerror (test)as a function of numker of neightors:
standarcandweightedaverage.

A seriesof testshasbeenexecued to study the averagedistanceerror whenthe
numter of the examges usedfor thetrainingsetis charged,in the samemanrer asin
Sec.4.As it is shavnin Fig. 6 theerrordeceasesrom 4.5 metersby using10training
exampes, to lessthan 1.90 metersby using more than 170 examges. With only 50
exampestheaveragedistanceerroris alreadyof 2.38meters.

6 Effect of Signal Variability on Location Err ors

The signal strengh variahlity at a fixed position causesa locationerra that canrot
be eliminatedif a singlemeasureas execued. This erra canbe consideed asa lower
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Fig. 6. K-NN: reductionof averagedistanceerror (test)asa function of numbe of examplesin
thetrainingset(using6 neightors).

bourd, unlessmorethanonesignalmeasurés executed(for examge by averaying or
by consideing amoving averag).

In orderto verify the variability duringthe day of the signalstrengh andthe cor
respoiing variahlity of the positionestimation,a mobile terminalwasleft at a fixed
positionto acquiethesignalsrecevedfrom theaccespointsduring theday At theend
atotal of 11,625 valuesof the signalsfor the samepositionwerecollected,althowgh,
becausef quantizgéion, only 465 different triplets of signalsexist in the dataset. The
valueswereacquiredduring a working day whenmary peopge moved in the test-bed
area.

After usingthe sametraining setasin Sec.4-Sec.5, the position of the mobile
terminalis evaluatedthrough both MLP and -neaest-neighbrs. Fig. 7-8 shawv the
obtainel positiors andtheir distribution, by courting how mary positionsfall in each
bin. Fig. 7 shaws the resultobtaired with MLP. The error in the position estimation
causedy signalfluctuationis ratherimited, with 0.3% metersstandardleviation. The
Fig. 8 describs theresultfor -neaest-neighbrscase.The standardieviation for the
distancas now 0.392 metersalittle higher thanthe standardieviation for MLP.

Bothresultsindicatea significantgapbetweertheerra obtainedwith thepreseied
technigiesandthe estimateof the location variability causedonly by signalfluctua-
tions.Additionalwork shouldtherefae considedifferentandmorepowerful modellirg
techniqgiesaimingat a possibleadditionad reductia in the distanceerror

7 Conclusion

A new mocel basedon MLP neuralnetworks to determinethe position of a mobile
terminalin awirelessLAN contet hasbeenpresentedThetechniqie hasbeenevalu-
atedin areal-world test-bectconsistingof accesgpointsandmobile termirals usingthe
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IEEE 802 11bstandardIn addition acompaisonwith analternatve methodbasedn
-neaest-neighbrs hasbeenexecued in the sameexpeimental contect. The results
obtainel with the MLP neual network (1.82meterslarecomparableto the bestresults
obtainel with the -neaest-neighbrswhentheparaneter is optimizedfor thecurrent
contet (1.81 metersfor the standad averaye,1.78metersfor theweightedaverage.
Thefactthata basicmethal like the -nearst-neighlors achieves similar results
is anindication thatthe comgex depenénciesbetweersignalsand positiors are not
easilymodelledby anMLP neural network.
Thepresetedmethalsarenotassociatetb thespecificcorsideredechndogy. We
planto contiruethis work by consideing differenttechrologiesandcontexts (e.g, the
Bluetoothprotacol) anddifferentnonparametrianoddling techniqiesthatmaylower
thepositionerrasto valuescloserto the erras causedy the signalfluctuatians.
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