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Abstract. Thestrengthf the RF signalsarriving from moreaccesgointsin a
wirelessLANSs arerelatedto the positionof the mobileterminalandcanbe used
to derive thelocationof theuser

In a heterogerouservironmert, e.g.insidea building or in a variegatedurban
geometrythereceved power is a very complex functionof the distancethe ge-
ometry thematerials The compleity of theinverseproblem(to derive the posi-
tion from the signals)andthelack of completeinformation,motivateto consider
flexible modelsbasedon a network of functions(neural networks).
Specifyingthe value of the free parameter®f the modelrequiresa supervised
learningstrateyy thatstartsfrom a setof labeledexamplesto constructa model
that will then generalizein an appropriatemanne when confrontedwith new
data,not presenin thetrainingset.

Theadwantageof themethodis thatit doesnotrequiread-hodnfrastructuren ad-
dition to thewirelessLAN, while the flexible modelingandlearningcapaliliti es
of neuralnetworks achieve lower errorsin determiningheposition,areamenakbe
to incrementaimprovements and do not requirethe detailedknowledgeof the
accessoint locationsand of the building characteristicsA userneedsonly a
map of the working spaceand a small numker of identifiedlocationsto train a
systemasevidenadby the experimentalkesultspresented.

Keywords: location-andcontet-awvarecompuing, wirelessLANs, IEEE302.11b,
neurad networks, machindearning

1 Introduction

Sentientcomputers,thattake the curren contet (e.g.location time, actiity, previous
history) into accoum wheninteractirg with the user hold significantpromsesfor a
seamlessiseof tomarow’s wirelessnetworksin which mobile computing andintemet
conrectiity will beprovidedfor prafessionabndrecrationalactiitiesthroudh PDAS,
smartphores,laptopsandothermobileappliarces.

Knowledgeof thelocationandsuitablemocklsareimportart in orderto rediwcethe
cogritiveburdenontheusersn contet- andlocationawaresystemg8, 1, 15]. Locatin
awarenesss consideedfor exanplein theinfostation-basetloardng work of [14], and



in thewebsignsystemof [17]. Sometechniqiesfor deternining the locationin indoa
andurbancontext (whereGPSassistedocalization encountersproblems)arebasedn
patternrecognition: from the signatureof the signalreceived by multiple antennasne
derives the positionof the mobiledevice [3]. A complicatio is causedy thefactthat
signalpropagationis influercedby ervironmenal factoslike, for exanple, thenumter
of peope locatedin the working area[2], the positionand materialof walls and,in
geneal, theinfrastrwcturecontairedin a building.

Theresearclin this papempropsesametha basednneuralnetworks for reducirg
theerrorsin thedeterminéon of thecurrentlocationof theuser Oneexecutesneasue-
mentsof the strengthof signalscomirg from the differentanten@asata seriesof points
distributedin theervironmen. Thesedataareatraining setthatcanbeusedby alearn-
ing algoiithm (e.g.aneuralnet)to develop anassociatiorbetweersignalstrengtls and
location.We proposeto useneurd networks andatrainingalgorithm basedn secone
orderinformationin orderto develop flexible modds of the relationshipbetweerthe
raw signalmeasuremntsandthelocationdata.

Thefollowing partof this paperis organizedasfollows. Section2 summarize pre-
vious appoachesgo the prodem, Section3 describeghe methalology for modelirg
theinput-outpu relatiorshipthrowgh multi-layerpereptronneural networks, Sectiond
describeshesystemandthecollectionof datapointsfor theexperiments,Sectionb dis-
cusseghe experimentsdealirg with the selectionthe neuial architectue andthelength
of thetraining phase.Finally, Section6 describeghe obtainedmeasuremnterrortest
resultsasafunction of the number of trainingexampes.

2 Previousapproaches

Advarcesin indoor, short-raigewirelesscomnunicationtechnolgy andtheincreasig
trendtoward portable, handheld persoml compuers equipped with high-speedradio
acceshiave madewirelessLANs popuar. Currently thereareseveralalternatve wire-
lessLAN techrologiessuchas|EEE 80211 a, b, HIPERLAN andBluetooth.Among
them,the|EEE 80211 standards gairing a gronving suppot asa solutionfor transmit-
ting/receving datawith high-speedatein indoa networks with a bandvidth of up to
54Mbps[16].

Mary different systemsandtechrologiesto determire thelocationof usersfor mo-
bile computing applicatiors have beenpropeed.Global PositioningSystem(GPS)is
a satellite-basetavigation aid originally developedby the US military. GPSsystems
receve signalsfrom multiple satellitesand usea trianguation proessto deternine
physical locationswith appraimately 10 metersaccuray. GPSis very successfuin
openareashutineffective for indoa useor in urbanareaswith tall buildingsthatshield
thesatellitesignals.

The Active Badgesystem[23], [9] is oneof the earliestindoor systemdor deter
mining the location basedon diffusedinfraredtechndogy. A badgeemitsa unique
IR signalperiadically or on demand Infraredsensorslacedin the building pick up
theseperiadic signalsandtransferthemto a masterstationfor processingAlthough
theActive Badgesystenprovidesaccuratdocationinformation, it alsosubjecto some



restrictionssuchasline-of-sightlimitations,poorperformane with fluorescenlighting
or directsunligh.

The Active Bat location system[24,10] devdloped by AT&T researcherusesa
combirationof RF andultrasouid time-d-flight to estimatethe distanceWhena con-
troller conrectedto the PC sendsa radioreqestmessagean Active Bat tag attached
to the objed reactsby emitting an ultrasonicpulsedirectedto a matrix of receving
elementanourted on the room ceiling. At the sametime, the contolling PC sendsa
resetsignalto the receversover the serialnetwork, sothatthey canmeasue thetime
interval andcalculatethe distancegrom thetagto therecevers. The useof ultrasoul
time-offlight requiresalargefixed-sensoinfrastricturethroudhoutthe ceiling andthe
accuray, thatcanreachabaut 9 cm, is rathersensitve to the preciseplacenentof the
sensors.

PinPointCorp.develops a productnamel 3D-iD local positioningsystem[25] for
determirng the 3D locatiors of itemsinsidebuildings.In thisarchitectue, 3D-iD read-
ersemit codesthat arereceved by the tagsattachedo mobile devices. Thenthe tags
simply charge the signal’s frequeng/ andtransmitbackto the readerwith tag ID in-
formation phase-rmdulatedonto it. The readerextractsthetag ID from this returnel
signalandalsodetermiresthetag’s distancerom theantennay measuringhe rourd
trip time of flight. The PinPointsystemis compaedof cellswithin a building anduses
spreadspectrunradiosignalsandmultiple antenna (up to 16) at the cell contrdler to
processthe signalfrom a tag. It candetectreliably itemsfrom abou a 30-meterdis-
tancewith 1 to 3-mderaccungy. Thedisadwartagesarethateachantena hasanarrov
coneof influence sothatubiqutousdeploymentbecoms prahibitively expensive. Ad-
ditionaldifficultiesarisewheninteroperatingwith theIEEE 80211 wirelessnetworking
infrastricturebecausef radiospectruncollision [11].

Microsoft ResearciRADAR locationsystemusedthe [IEEE 802 11bwirelessLAN
techndogy [3]. In the RADAR systemthe RF signalstrengthis usedasa measureof
distancebetweenAccessPoint (AP) andmobile terminal,andthenthis informationis
usedto compute the 2D positionby triangdation, with bothanempiricalmethodand
a signalpropagationmodelingmethod The resultsshow thatthe empiricalmethodis
superia in termsof accuacy with medianresolutionin the rangeof abou 3 meters,
while the signalpropagationrmocdeling methodhas4.3metersaccuacgy (mediar), but it
makesdeploymenteasier

Similar to Active Bat system,Cricket, a location-spport systemfor in-building,
mobile,locationdepadentapplicatins,usesacombirationof RF andultrasounl hard
wareto enablea smalldevice attachedo mobile user(thelistener)to estimatehedis-
tanceto thenearstbeacofil8]. Thelistenerperfomsthetiming andcompuationfunc-
tions.Oneachtransmissiona beaco, a smalldevice attachedo somelocationswithin
the geqraphc spacesendsbothspacanformationandan ultrasoric pulse.Whenthe
listenerhearsthe RF signal,it usesthefirst few bits astraininginformation andturns
onit ultrasonicrecever to listento theultrasoric pulse which arrive in shorttime later
Basedon the time interval betweenthe first bit of RF informationandthe ultrasonic
signal, the listenercan deternine the distanceto the beaco. Cricket's main features
are userprivagy, decentrbized administration, network heterogneity low costanda
portion-of-a-roomgrarularity of 4x4 feet.



SpotON,a new taggingtechnolgy for three-dmensionallocation sensingbased
on radio signalstrengthanalysiswasintrodwedin [12]. The systemis built by using
RFIDeasbadg andAIRID basestation- the praductof Illinois Company andHydra
microwebsenerthathasbothanEtherretandserialpott for the AIRID internetworking
task.In generalthe SpotONsystemis similar to Microsoft ResearchwirelessLAN
andthe PinPointsystemin developinga fine grainedtaggingtechnolagy basecon RF
signal strengh. However, following the authos’ laboratoy experimentsthe SpotON
canarchive betterresolutionandaccurag thanthe Microsoft Researctsystemwith a
muchlower costthantheprodict from PinPoint.

3 Methodology: Models based on multi-layer perceptron neural
nets

We introduceanewv methocdto determire thelocatiors of mokle terminalin high-speed
wirelessLAN environmert usingthe IEEE 80211b standardhatis basedon neural
network modés andautomaed learningtechniqes. As it is the casefor the RADAR

systempo special-prpcsseequiprentis neededn additionto thewirelessLAN, while

the flexible modelirg andlearnirg capabilitiesof neuralnetworks achieve lower er

rors in deternining the position are amenableo incrememal improvenents,and do

not requre the detailedknowledge of the accessoint locatiors and of the building

charactesticsin additionto a mapof theworking space.

In our systemwe usethe signal strenghs received at a mokle terminalfrom dif-
ferentaccesgoints (at leastthree)to detemine the positionof the terminalinsidea
working area.Thestartingpoint of themethdl is therelationshipbetweerdistanceand
signal strengthfrom a given accessoint. In a free spaceervironmen the power re-
ceivedby areceverantennavhichis separateftom aradiatirg transmitterantenia by
adistance is givenby thefollowing Friis free spacesquatiofil 9].

P,G,G,I? 1
(am)?dL @)
whereP; is thetransmittecoower, P,.(d) is therecevedpower, Gy, G, aretransmitter
andreceverantennagainrespectiely, d istheT — R separatiomistancen metersL is
the systemlossfactornotrelatedto the propagation(L > 1) and! is thewavelengthin
metersMoredetailedradiopropagatiormodelsfor indoa ervironmensareconsiderd
for examge in [3]. If oneknows distancesl; from the mobileterminalto atleastthree
differentAPs,onecancalculatethe positionof themokile terminalin the system.
However, in a variegatedandheterogneos ervironment, e.g.insidea building or
in a compex urban geonetry, the receved power is a very comple function of the
distancethe geometryof walls, theinfrastricturescontaired in the building. Evenif a
detailedmockl of the building is available,solving the direct prodem of deriing the
signalstrengthgiven the locationrequires a lengthysimulation.The inverse problem
of deriving thelocationfrom the signalstrengthss morecomgicatedandvely difficult
to solve in realisticsituations Furthernore,in orderto facilitatethe deploymentof the
system,it is unraalistic to requre a detailedexhastive specificationof the building
geoméry, materids, infrastrictures.The two reasonscompleity of the prablem and

Pr(d) =



lack of completeinformation, motivate to consideiflexible modelshasedon networks
of functions.Thesemodéds aretermed’non-paranetricmodels”in statisticsandneural
networks in othercontexts.

The nonlineartransformation of eachunit anda sufiiciently large nurber of free
parameersguarateethata neual network is capableof representig the relationslip
betweeninputs(signalstrengthsandoutpus (positior). Let us notethat the distance
from the acces9oints,andtherefae the detailedknowvledgeof their position is not
requied by the system:a usermay train and usethe systemwithout requiting this
information.

Specifying the value of the free paranetersof the model(alsocalled"weights” of
the network) requres a learnirg stratayy that startsfrom a setof labeledexanplesto
constriet amodé thatwill thengeneralizeén anappopriatemanrer whenconfronted
with new data,not presenin thetrainingset.

3.1 The One-Step Secant method for training neural networks

Efficient optimizaion algoithmsarecrucialin thelearningphaseof mocklslike neu-
ral networks and have beenstudiedfor exanple in [5], [6]. Let us briefly definethe
notation We considerthe "standad” multi-layer percepron (MLP) architectue, with
weightsconneting only nearbylayersandthesum-d-squaed-diferencegnergy func-

tion definedas:
P

P
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wheret, ando, arethetarget andthe currert outpu valuesfor patternp, respectiely,

asafunction of the paranetersof the networks (“weights” w). Thearchitectue of the
multi-layer percepronis organizedasfollows: thesignalsflow sequetially throughthe
differentlayersfrom theinputto the outputlayer. For eachlayer, eachunit ("neuron”)

first calculatesa scalamprodiuct betweeravectorof paranetergweighs) andthevecta

given by the outpus of the previous layer. A transferfunction is thenappliedto the
resultto producetheinputfor the next layer Thetransferfunction for thehiddenlayers
is the sigmoida function: f(z) = 1/(1 + e~ *), while for the outputlayer it is the
identity function, sothatthe output signalis notbowunded.

It hasbeendemorstratedthata network with a singlehidden layeris suficientto
apprximateary continwousfunctionto adesiredaccurayg, providedthatthenumber of
hiddenneuonsis sufiiciently large[13]. In thiswork we considera single-hidlen-layer
MLP anda training technigquie that usesseconederivativesinformation: the one-step
secanimethodwith fastline searche 0SS, se€[5], [4].

Thestandardackpropagationtechniqee usesonly first-orcer information (thegra-
dient).In particular the stochastion-line backpropagationupdateis givenby:

w1 = wg — € VE,(wy) 3)

wherethe patternp is choserrandanly from thetraining setat eachiteration,VE, is
thegradien, ande is afixedlearningrate.

Fastertraining canbe obtainedby usingalsosecondderiatives,but compuing all
secondierivatives(theHessianyequresorderO(N ?) operatims[7] andorder O(N 2)



memoy to storethe Hessiancompaments.In additian, the solutionof equatim to find
the step(or searchdirectian) in Newton’s methodrequres O(N 3) opeations,at least
when using traditioral linear algebraroutines.Forturately, someseconéorder infor-
mationcanbe calculatedy startingfrom thelastgradients,andtherefae redwcing the
compuationandmemay requirementdo find thesearctdirectionto O(NV).

Historicallytheone-stepsecanmethal OSSis avariationof whatis calledone-step
(memory-less) Broyden-Fletcher-Goldfarb-Shanno methal, see[20]. The OSSmethal
is describedn detailandis usedfor multilayerpercepronsin [4] and[5].

NotethatBFGSstoreshewholeapprximatedHessianwhile the one-step metha
requiresonly vectorscomputedfrom gradents.In fact,the new searchdirectionp 1
is obtainedas:

Dkt1 = —Gk+1 + Arsk + By (4)

wherethe two scalarsA;, and By, arethe following conbinationof scalarproducts of
the previously definedvectos sg, gr+1 andyy (last step,gradent and differerce of
gradiens):

_ yrue\ stoerr  yigeer | _ 8P grp
Ap=—(1+7k N s
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The searchdirectionis the negative gradent at the beginning of learningandit is
restartedo —gi+1 every N steps(NV beingthe nurmberof weightsin the network).

Thefastone-dmensionalminimizatian alongthedirectionp . is crucialto obtain
anefficientalgoithm. Theone-dmensionakearchs basednthe backtracking” strat-
egy. Thelastsuccessfulearningrate\ isincreased)\ + A x 1.1) andthefirst tentatie
stepis executed.If thenew valueE is notbelow the”upperlimiting” curve,thenanew
tentatize stepis tried by usingsuccessie quadatic interpolatisms until therequrement
is met.Notethatthelearnirg rateis decreasedy L 4., aftereachunsuccessturial.

Quadatic interpolatia is not wastingcompuation, in fact, afterthefirst trial one
hasexactly theinformationthatis neecedto fit a paralola: the valueof E, and E{ at
theinitial point andthevalueof E atthetrial point. Thepardola P(z) is:
E\ —Ey — /\E(’)] 22

(5)

P(z) = By + Eyz + [ v

andtheminimizer\,,;,, is:
—Ej 1

Amin =
‘ 2 [%lE’\_EAOZ_)‘EI] - 2(]- - Gdecr)

A (6)

If the "gradient-mdtiplier” G 4e.r is 0.5, the A\,,,;,, that minimizesthe paralola is
lessthan)\, seg[5] for thecomplée details.

4 System description and experimental setup

Our systemconsistsof a wirelessLocal Area Network usingthe IEEE 80211b stan-
dard.lt is locatedon thefirst floor of a 3-storged building. Thelayout of thefloor and



the positiors of the threeAccessPoints(APs) areshawvn in the Fig. 1. Thefloor has
dimensimsof 25.5m x 24.5m , for atotal areaof 62475m 2 andincludesmorethan
elevenroons (officesandclassroom).
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Fig. 1. Thefloor layoutof the experimen, with accesgointslocations

Theorigin of the coodinatesystem(0,0) is placedat the left bottan correr of the
map.The(z, y) coodinatef theaccespointsareasfollows: AP1= (0.66m, 19.36m),
AP2= (10m,0.5m) AP3= (23.41m, 17.90m).

TheAccessPointsare AVAYA WP-II E mockl by LucentTechndogiesNetherlaml
B.V., two with extemal antenmas.ThewirelessstationsarePentium-lased_aptopcom-
putersrunnirg Linux version7.2.EachLaptopis equipgdwith the ORINOCOPCcard
- awirelessnetwork interfacecardby Lucert Techndogies.

Thenetwork operdesin the2.4 GHz license-feelSM bandandsuppots datarates
of 1,2, 5.5,and11Mbps.The 2.4 GHz ISM bandis divided into 13 channel§IEEE
& ETSI WirelessLAN Standardl In our systemwe usethreechannés: chanmel 1—
at 2412 MHz; chamel 7 — at 2442 MHz and chanrel 13 — at 2472 MHz (Eurgpean
ChannelSelection—nn—-overlaping). Additional detailsof the systemspecifications
arecollectedin Tablel.

4.1 Collection of example patterns

In orderto facilitatethe collectionof labeledexamplepatternsthe mapof the areais
storedon alaptopanda userinterfacehasbeendesignedasednasingleclick onthe
displayedmap.



Frequeng 2.4GHzISM Bandwidth
ModulationMethod Direct Sequencé&preadSpectrunCCK at11 Mbps
and5.5Mbps,DQPX at2 Mbps,DBPSKat1 Mbps
MediaAccessProtocol CSMAJ/CA (Collision Avoidarce)with Acknowledgment(ACK)
Bit Error Rate(BER) Betterthan10~°
Nominal OutputPower 15dBm
ExternalAntennaGain 2.5dBi
TransmissiorSpeed Auto selectl, 2,5.5,and11Mbps
Spreading 11-chipBarker Sequence
Encryption 128hit - (RC4)-Gold, alsosupports
64-bit Wired EquivalentPrivacy WEP (RC4)- Silver
Recever Sensitvity -83,-87,-91,-94Bmat11,5.5,2, 1Mbps
Numberof APs 3
Numberof MeasurerentPointg56
Floor Dimensions 25.5mx24.5m
OSplatform Linux 7.2

Table 1. Thesystemspecifications

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 examges for
trainingandtestingtheneuralnetwork. A total of 56 measuremntpoirts areidentified
onthemapandcollectedduring differentperiads of theday.

5 Sdection of the multi-layer perceptron architecture

A labeledtraining set(given by inputs signalsand correspondiry outpu locatiors) is
usedby the OSSlearningalgorithmto deternine the free paranetersof the flexible
MLP architectue. The measuref the erroron thetraining setgivenby eq.2 is mini-
mizedby OSSduringthelearningprocelure.

It is essentiato notethatthe objective of thetrainingalgoiithm is to build a model
with goodgeneralization capaliities whenconfrontedwith new input values,values
not presentn thetraining set. The gereralizationis relatedbothto the numker of pa-
rametersindto thelengthof thetrainingphaseln geneal, anexcessie numter of free
paraméersandan excessvely long training phase(over-training) redwce the training
errorof eg.2 to small valuesbut prejudcatethe genealization:the systemmemorizes
thetraining patterrs anddoesnot extractthe regularitiesin the taskthatmalke geneal-
izationpossible.

Thetheoreticabasisfor appr@riategeneréizationis describedy thetheoy of the
Vapnik- Chenonenkis(VC) dimension[22]. Unfortunately the VC dimersionis not
easily calculatedfor a specificprodem and experimentationis often the only way to
derive anappr@riatearchitectue andlengthof thetraining phaseor a given task.



Thepurposeof theexperimentsn thissectionis to determire thearchitectue,in our
casethenumberof hiddenunits,andthelengthof thetrainingphasdeadirg to thebest
genealizationresults Fig. 2 describes significantsummay of theresultsobtairedin
theexpeliments.

Thethreearchitectuesconsideed aregivenby 4, 8, and 16 hiddenunits. A setof
labeledexamges (signalstrengtls andcorrectlocation) hasbeencollectedasdescribe
in Sec.4.1.Among all exampescollected 200areextractedrandanly andareusedfor
the training phasethe remainingonesare usedto testthe genealization, at different
stepsduring the training process.The plotted valueis the averag absolutedistance
error DE over all patterrs:

DE = %;¢ (tz, — omp(w))? + (tyy — oyp(w))? (7)

whereox,(w) andoy,(w) arethez andy coodinatesobtainedby the network and
tz, andty, the correct’targe” values.P is the numler of testor training patterns,
depenling onthe specificplot.

Both the training error and the genealization erra are shavn in eachfigure. As
expeded, the training errar deceasesduring training, while the genealization erra
first decrasesthenreaches plateawalueandfinally tendsto increasdover-training
effect). Theover-training effectis particdarly strongfor thearchite¢urewith 16 hidden
units. The bestgeneraliztéion values (of abou 1.52 meters)are reachedafter about
4,00 iteratiors for boththe 8 and16 hiddenunitsarchitectues.

Therobustnes®ftheMLP mockl for differentarchitectuesandfor differentlengtts
of the training phaseis to be noted.Whenthe architectue changsfrom 4 to 8 to 16
hiddenunits, the optimal generéization valuecharmgesonly by lessthan5% (from 1.6
metersto about1.52 meters) Whenthe nunber of iterationsincreasesfrom 2,0 to
20,0 the genealizationerrorworsensonly by a few percentpoints, in particula for
themorecompactarchitetures(4 and8 hiddenunits).

After this seriesof tests,the architectue 3 — 8 — 2 appaently achieves closeto
optimalgenertization values(of abou 1.53 meters)andis lesssubjectto overtrainirg
thatthe moreredwndan 3 — 16 — 2 archtecture.The structue of the neual network
usedin the subsequdrtestscorsistsof threelayersasshowvn in Fig. 3: 3 input units,
8 hidden layer units and 2 outpus. The network structureis feed-faward and fully
conrected.

The CPUtime for a singletraining sessior(2,00 iteratiors with 300examges)on
thearchitectue 3 — 8 — 2 is of about13.2second ona 140 MHz PentiumlV.

6 Improvement of measurement test error with number of
examples

While thetestsin Section5 have beendedicatedo evaluating the impactof the archi-
tectureandthe lengthof the training periodon thelocationaccuagy, the experiments
in this Sectionanalysen moredetailtheaccurayg thatcanbeobtaina asa function of
thenumter of training exanples.



Thefirst experimentconsider$6 exanplescollectedat a specificperiodduring the
day Fig. 4 shavstheaveragealistanceerror D E asafunctionof thenumlerof exanples
presenin thetrainingset,the remainingexampes beingusedto testthetrainedneural
net. The exanplesusedfor thetrainingareselectedandmly for eachtrial. We made
100repetitiors for the selectionof thetraining sets.For corvenierce, the averageover
all trialsis alsoplotted.

It canbe obseredthataboutfive rancbm examples aresufiicientto producea test
distanceerra of lessthan 3 meters,alreadysuficient to localize a mobile terminal
within a singleroom in mostcasesThis is anindicationthat,oncea mapof the en-
vironmentis available (without knowing the position of the three APs), a usermay
quickly train the systemto recogrize the positionby visiting aboutfive differert places
anddeternining their positionson the given map.Whenthe numter for examgesin-
creasesthe accurag improves,to reacha value of abou 1.9 metersfor a numter of
exampes equa to 45. After a carefu exanination of the datawe discoveredthatin a
fraction of the testpoints,only two of the threesignalsare present(whenthis event
occus oneof thesignalsis setto the lowestpossiblevalue) Thisis alsocausedy the
factthatonly two APsareequipedwith anexterral antenm. In this casethedistance
errortendsto belarger.

A secondxperimentconsideralsothevariahlity of thesignalstrengthgluringthe
day, avariahlity causedor exanple by thedifferentnumter of pe@le in theroons af-
fectingthesignalpropagationcharactestics. A total of 8 collectionsof signalstrengths
hasbeenexeautedat differenttimesof the day, rangng from 8:30amto 6:30pm, for a
total of 448exanples.

Fig. 5 shawvs the (test)distanceerra obtainedasa functionof the numter of train-
ing examges. For eachtrial, the specifiednumbe of exanplesis extractedrancbmly
from the comgete series,while the remainingexanplesare usedfor testing.For this
expelimentwe repeat 100timestherandan selectionof thetrainingsets.

It can be obsered that the distanceerra decreasesapidly as a function of the
numter for trainingexanples,to reachalimiting value of abou 1.5metersfor appiox-
imately300exampges. Let usnotethatthe secondexpetimentis moredifficult because
now the ervironmenal charateristicsmust be alsotaken into account by the neural
network modé.

The detailedhistogiam of the testerror is shavn in Fig. 6. The 50" perentile
(median is 1.0 meters.

Foracomgrison theresultspresenteih [3] areof 8.16meterg50 t* percentilefor
the“strongestbasestation’method(locationof terminalguessedo bethe sameasthe
basestationwith the strongessignal),2.94 metersfor the empiricalmethal proposed
in the citedpape, and2.75metershy averagng over 5 nearesheigtbors.

7 Conclusions

We considereda neual network (the multi-layer percepton) for building a flexible
mappirg betweertheraw signalmeasuementsandthepositionof themolile terminal.

Theaverag accuncgy reacledwhenthe environmertal chamgesduringtheday are
alsotakeninto accounis of appoximately2.3meterstherebreimproving theprevious



stateof the art results[3]. The positive featuresof the systemareits relianceon a
standardvirelessLAN infrastrudure,its respecfor privagy (the positioncomputation
is executed at the mobile station,the systemis informedonly if the userdesires)jts
simplicity andspeedThetrainingphasedoesnotrequre theknowledgeof thepositions
of the basestationsandtraining canbe doneincremetally, by identifying pointson
a map andrunnng the OSSalgoiithm. The collection of abou five knowvn pointsis
sufficient to determire the positionwithin about3 metersof accuray.

We planto extendthe presentwork to corsider different neual network and ma-
chinelearnirg methals,in particularby usingthestructuedrisk minimizatian prindple
presentedh [21].
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