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Abstract

Thisreportpresentsa general analysisfor theperformanceof WLANlocationdeterminationsystems.In partic-
ular, wepresentananalyticalmethodfor calculatingtheaveragedistanceerror andprobabilityof error of WLAN
locationdeterminationsystems.Theseexpressionsareobtainedwith noassumptionsregarding thedistributionof
signalstrengthor theprobability of theuserbeingat a speci�c location,which is usuallytaken to bea uniform
distributionoverall thepossiblelocationsin currentWLANlocationdeterminationsystems.Weusetheseexpres-
sionsto �nd theoptimalstrategy to estimatetheuserlocationandto proveformally that probabilistictechniques
givemoreaccuracythandeterministictechniques,which hasbeentakenfor grantedwithoutproof for a longtime.
Theanalytical resultsare validatedthroughsimulationexperiments.We also studythe effect of the assumption
that theuserpositionfollowsa uniformdistribution over thesetof possiblelocationson theaccuracyof WLAN
location determinationsystems.Theresultsshowthat knowingthe probability distribution of the userposition
can reducethe numberof accesspoints required to obtain a givenaccuracy. However, with a high densityof
accesspoints,theperformanceof a WLANlocationdeterminationsystemis consistentunderdifferentprobability
distributionsfor theuserposition.

1. Intr oduction

WLAN locationdeterminationsystemsusethepopular802.11[10] network infrastructureto determinetheuser
locationwithoutusingany extrahardware.Thismakesthesesystemsattractive in indoorenvironmentswheretra-
ditional techniques,suchastheGlobalPositioningSystem(GPS)[5], fail to work or requirespecializedhardware.
Many applicationshavebeenbuilt on topof locationdeterminationsystemsto supportpervasivecomputing.This
includes[4] location-sensitive contentdelivery, direction�nding, assettracking,andemergency noti�cation.

In order to estimatethe userlocation, a systemneedsto measurea quantity that is a function of distance.
Moreover, the systemneedsone or more referencepoints to measurethe distancefrom. In caseof the GPS
system,thereferencepointsarethesatellitesandthemeasuredquantityis thetimeof arrival of thesatellitesignal
to the GPSreceiver, which is directly proportionalto the distancebetweenthe satelliteand the GPSreceiver.
In caseof WLAN locationdeterminationsystems,the referencepointsarethe accesspointsandthe measured
quantityis thesignalstrength,which decayslogarithmicallywith distancein freespace.Unfortunately, in indoor
environments,thewirelesschannelis very noisyandthe radio frequency (RF) signalcansuffer from re�ection,
diffraction, and multipath effect [9, 11], which makes the signal strengtha complex function of distance. To
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overcomethis problem,WLAN locationdeterminationsystemstabulatethis function by samplingit at selected
locationsin theareaof interest.This tabulationhasbeenknow in literatureastheradiomap,which capturesthe
signatureof eachaccesspointat certainpointsin theareaof interest.

WLAN locationdeterminationsystemsusuallywork in two phases:of�ine phaseandlocationdetermination
phase.During the of�ine phase,the systemconstructsthe radio-map. In the locationdeterminationphase,the
vectorof samplesreceived from eachaccesspoint (eachentry is a samplefrom oneaccesspoint) is compared
to the radio-mapandthe “nearest”matchis returnedasthe estimateduserlocation. DifferentWLAN location
determinationtechniquesdiffer in theway they constructtheradiomapandin thealgorithmthey useto compare
a receivedsignalstrengthvectorto thestoredradiomapin thelocationdeterminationphase.

In this report,we presenta general analysisof the performanceof WLAN locationdeterminationsystems.
In particular, we presenta generalanalyticalexpressionfor the averagedistanceerror andprobability of error
of WLAN location determinationsystems. Theseexpressionare obtainedwith no assumptionsregarding the
distribution of signalstrengthor usermovementpro�le . We usetheseexpressionsto �nd theoptimalstrategy to
useduring the locationdeterminationphaseto estimatethe userlocation. Theseexpressionsalsohelp to prove
formally that probabilistictechniquesgive moreaccuracy thandeterministictechniques,which hasbeentaken
for grantedwithout proof for a long time. We validateour analysisthroughsimulationexperiments. We also
presentananalysisof theeffect of theassumptionthat theuserlocationis uniformally distributedover thesetof
all possiblelocationson theperformanceof thelocationdeterminationsystems.For therestof thereportwe will
referto theprobabilitydistributionof theuserlocationastheuserpro�le .

To the bestof our knowledge,our work is the �rst to analyzethe performanceof WLAN locationsystems
analytically, provide theoptimalstrategy to selecttheuserlocation,andstudytheeffect of theuserpro�le on the
performanceof WLAN locationdeterminationsystems.

Therestof this reportis structuredasfollows. Section2 summarizesthepreviouswork in theareaof WLAN
location determinationsystems. Section3 presentsthe analyticalanalysisfor the performanceof the WLAN
locationdeterminationsystems.In Section4, we validateour analyticalanalysisthroughsimulationandprovide
experimentsto testtheeffect of theuserpro�le on theperformanceof locationdeterminationsystems.Section5
concludesthereportandpresentssomeideasfor futurework.

2. RelatedWork

Radiomap-basedtechniquescanbecategorizedinto two broadcategories:deterministictechniquesandprob-
abilistic techniques.Deterministictechniques(suchas [2, 8]) representthesignalstrengthof anaccesspoint at a
locationby a scalarvalue,for example,themeanvalue,andusenon-probabilisticapproachesto estimatetheuser
location.For example,in theRadarsystem[2] theauthorsusenearestneighborhoodtechniquesto infer theuser
location. On the otherhand, probabilistic techniques(suchas [3, 7, 6, 12]) storeinformationaboutthe signal
strengthdistributionsfrom theaccesspointsin theradiomapanduseprobabilistictechniquesto estimatetheuser
location. For example,the Horussystemfrom theUniversityof Maryland[12, 13] usesthestoredradiomapto
�nd thelocationthathasthemaximumprobabilitygiventhereceivedsignalstrengthvector.

All thesesystemsbasetheir performanceevaluationon experimentaltestbedswhich maynot give a goodidea
on the performanceof the algorithm in different environments. The authorsin [7, 12, 13] showed that their
probabilistictechniqueoutperformedthe deterministictechniqueof the Radar system[2] in a speci�c testbed
andconjecturedthatprobabilistictechniquesshouldoutperformdeterministictechniques.This reportpresentsa
generalanalyticalmethodfor analyzingtheperformanceof differenttechniques.We usethis analysismethodto
provide a formal proof thatprobabilistictechniquesoutperformdeterministictechniques.Moreover, we show the
optimalstrategy for selectinglocationsin thelocationdeterminationphase.

All thecurrentWLAN locationdeterminationsystemsassumethat theuserhasanequalprobability for being
at any locationin thesetof radiomaplocations(uniform userpro�le). We studytheeffect of this uniform user
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pro�le assumptionon theperformanceof thelocationdeterminationsystems.

3. Analytical Analysis

In this section,we give an analyticalmethodto analyzethe performanceof WLAN locationdetermination
techniques.We startby describingthenotationsusedthroughoutthereport.We provide two expressions:onefor
calculatingthe averagedistanceerror of a given techniqueandthe otherfor calculatingthe probability of error
(i.e. theprobabilitythatthelocationtechniquewill giveanincorrectestimate).

3.1.Notations

We consideranareaof interestwhoseradiomapcontainsN locations.We denotethesetof locationsasL. At
eachlocation,we canget thesignalstrengthfrom k accesspoints. We denotethek-dimensionalsignalstrength
spaceas S. Eachelementin this spaceis a k-dimensionalvector whoseentriesrepresentthe signal strength
readingfrom differentaccesspoints 1. Sincethe signalstrengthreturnedfrom the wirelesscardsaretypically
integervalues,thesignalstrengthspaceS is a discretespace.For a vectors 2 S, f �

A (s) representstheestimated
locationreturnedby theWLAN locationdeterminationtechniqueA whensuppliedwith theinputs. For example,
in theHorussystem[12, 13], f �

Horus(s) will returnthe locationl 2 L thatmaximizesP(l=s). Finally, we use
Euclidean(l1; l2) to denotetheEuclideandistancebetweentwo locationsl1 andl2.

3.2.AverageDistanceErr or

We want to �nd theaveragedistanceerror (denotedby E(DErr )). Usingconditionalprobability, this canbe
writtenas:

E(DErr ) =
X

l2 L

f E (DErr=l is thecorrectuserlocation):P(l is thecorrectuserlocation)g (1)

whereP(l is thecorrectuserlocation) dependson theuserpro�le.
Wenow proceedto calculateE(DErr=l is thecorrectuserlocation). Usingconditionalprobabilityagain:

E(DErr =l is thecorrectuserlocation)
=

P

s2 S
f E (DErr=s;l is thecorrectuserlocation):P(s=l is thecorrectuserlocation)g

=
P

s2 S
f Euclidean(f �

A (s); l ):P(s=l is thecorrectuserlocation)g
(2)

whereEuclidean(f �
A (s); l ) representstheEuclideandistancebetweentheestimatedlocationandthecorrectloca-

tion.
Equation2 saysthat to get theexpecteddistanceerrorgivenwe areat locationl, we needto get theweighted

sum,over all the possiblesignalstrengthvaluess 2 S, of the Euclideandistancebetweenthe estimateduser
location(f �

A (s)) andtheactuallocationl.
Substitutingequation2 in equation1 weget:

E (DErr) =
X

s2 S

X

l2 L

f Euclidean(f �
A (s); l ):P(s=l is thecorrectuserlocation):P(l is thecorrectuserlocation)g

(3)

Notethattheeffectof thelocationdeterminationtechniqueis summarizedin thefunctionf �
A . Weseekto �nd the

functionthatminimizestheprobabilityof error. Wediffer theoptimalityanalysistill wepresenttheprobabilityof
error analysis.

1if anaccesspoint cannotbeheardatagivenlocation,this is representedby aspecialsignalstrengthvalue.
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3.3.Probability of Err or

In this section,we want to �nd an expressionfor the probability of error which is the probability that the
locationdeterminationtechniquewill returnanincorrectestimate.Thiscanbeobtainedfrom equation3 by noting
thatevery non-zerodistanceerror(representedby thefunctionEuclidean(f �

A (s); l )) is consideredanerror. More
formally, wede�ne thefunction:

g(x) =
�

0 : x = 0
1 : x > 0

Theprobabilityof errorcanbecalculatedfrom equation3 as:

P(Error) =
X

s2 S

X

l2 L

f g(Euclidean(f �
A (s); l )) :P(s=l is thecorrectuserlocation):P(l is thecorrectuserlocation)g

(4)

In thenext section,we will presenta propertyof thetermg(Euclidean(f �
A (s); l )) andusethis propertyto get the

optimalstrategy for selectingthelocation.

3.4.Optimality

Wewill baseouroptimalityanalysison theprobabilityof error.

Lemma 1 For a givensignalstrengthvectors, g(Euclidean(f �
A (s); l )) will bezero for only onelocation l 2 L

andonefor theremainingN � 1 locations.

Proof For a givensignalstrengthvectors, the locationdeterminationtechniquewill returna singlelocation. If
this locationmatchesthe correctlocationl, the distanceerror will be zeroandhencethe functiong. If not, the
distanceerrorwill begreaterthanzeroandthefunctiong will equalsone.Theestimatedlocationf �

A (s) canonly
matchoneof thepossibleN locations.�

Thelemmastatesthatonly onelocationwill give a valueof zerofor thefunctiong(Euclidean(f �
A (s); l )) in the

innersum.This meansthattheoptimalstrategy shouldselectthis locationin orderto minimizetheprobabilityof
error. This leadsusto thefollowing theorem.

Theorem1 (Optimal Strategy) Selectingthe location l that maximizesthe probability P(s=l):P(l) is both a
necessaryandsuf�cient conditionto minimizetheprobabilityof error.

Proof [Suf�cient part] SelectingthelocationthatmaximizestheprobabilityP(s=l):P(l) will leadto makingthe
functiong in theinnersumequalszerofor thisprobability. Sincethistechniqueremovesthemaximumprobability
for all s 2 S, thisminimizestheoverall probabilityof error.

[Necessarypart] By contradiction:Assumenot, thenthereexist an optimal strategy A 1 that for at leastone
signalstrengthvectors, selectsa locationl 0 thatdoesnotmaximizetheproductP(s=l0):P(l0). Let theprobability
of errorusingthis strategy beE1. Consideranotherstrategy A 2 thattake thesamedecisionsasA 1 exceptfor the
signalstrengthvectors, whereit returnsthelocationl thatmaximizestheproductP(s=l):P(l). Let theprobability
of errorusingthisstrategy beE2. Clearly, E2 is lessthanE1 whichcontradictsourassumptionthatA 1 is optimal.
�

Theorem1 suggeststhat the optimal locationdeterminationtechniqueshouldstorein the radio mapthe signal
strengthdistributions to be able to calculateP(s=l). Moreover, the optimal techniqueneedsto know the user
pro�le in orderto calculateP(l).
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Figure 1. Expected error for the special case of two locations

Corollary 1 Deterministictechniquesarenotoptimal.

Proof Sincedeterministictechniquesdo not storeany informationaboutthesignalstrengthdistribution at each
location,it follows from Theorem1 thatthey arenotoptimal. �

Note that we did not make any assumptionaboutthe independenceof accesspoints,userpro�le, or signal
strengthdistribution in orderto gettheoptimalstrategy.

A major assumptionby all the currentWLAN location determinationsystemsis that all userlocationsare
equi-probable.In thiscase,P(l) = 1

N andTheorem1 canberewrittenas:

Theorem2 If the user is equallyprobableto be at any location of the radio map locationsL, thenselecting
the location l that maximizestheprobability P(s=l) is botha necessaryandsuf�cient conditionto minimizethe
probabilityof error.

Proof Theproof is aspecialcaseof theproofof Theorem1. �

This meansthat, for this specialcase,it is suf�cient for theoptimal techniqueto storethehistogramof signal
strengthateachlocation.This is exactly thetechniqueusedin theHorussystem[12, 13].

Figure1showsasimpli�ed exampleillustratingtheintuitionbehindtheanalyticalexpressionsandthetheorems.
In theexample,we assumethat thereareonly two locationsin the radiomapandthatat eachlocationonly one
accesspoint canbeheardwhosesignalstrength,for simplicity of illustration, follows a continuousdistribution.
Theusercanbeatany oneof thetwo locationswith equalprobability. For theHorussystem(Figure1.a),consider
the line thatpassesby thepoint of intersectionof thetwo curves. Sincefor a givensignalstrengththetechnique
selectsthelocationthathasthemaximumprobability, theerrorif theuseris at location1 is theareaof curve 1 to
theright of this line. If theuseris at location2, theerroris theareaof curve2 to theleft of this line. Theexpected
errorprobabilityis half thesumof thesetwo areasasthetwo locationsareequi-probable.This is thesameashalf
theareaundertheminimumof thetwo curves(shadedin �gure).
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Figure 2. Plan of the �oor where the experiment was conducted. Readings were collected in the
corridor s (sho wn in gray).

For the Radar system(Figure 1.b), considerthe line that bisectsthe signal strengthspacebetweenthe two
distribution averages.Sincefor a given signalstrengththe techniqueselectsthe locationwhoseaveragesignal
strengthis closerto thesignalstrengthvalue,theerror if theuseris at location1 is theareaundercurve 1 to the
right of this line. If theuseris at location2, theerroris theareaundercurve2 to theleft of this line. Theexpected
errorprobabilityis half thesumof thesetwo areasasthetwo locationsareequi-probable(half theshadedareain
the�gure).

FromFigure1, wecanseethattheHorussystemoutperformstheRadarsystemsincetheexpectederrorfor the
former is lessthanthe later (by thehashedareain Figure1.b). The two systemswould have thesameexpected
error if theline bisectingthesignalstrengthspaceof thetwo averagespassesby theintersectionpoint of thetwo
curves.This is not truein general.Thishasbeenprovedformally in theabove theorems.

Weprovidesimulationandexperimentalresultsto validateour resultsin Section4.

3.5.AveragingSignalStrengthVectors

DifferentWLAN locationdeterminationsystems[13, 7] suggestedthataveragingmultiplesignalstrengthvec-
torsandusingtheaveragedvectorasaninput to thesystemenhancesthesystemperformance.In this section,we
extendouranalysisto cover thecaseof averagingof multiplesignalstrengthvectors.

We startby obtainingthedistribution of theaveragevector. Let X betherandomvariable(R.V.) representing
theaverageof n signalstrengthvectors(si 's) at a givenlocation,all comingfrom thesamedistribution (denoted

by P(s=l)). ConsidertherandomvariableY =
nP

i =1
si , thedistribution of theR.V. Y is then timesconvolutionof

theoriginal distribution (P(s=l)). SinceX = Y=n, this impliesthatP(X = x) = P(Y = n:x). This relatesthe
distributionof theR.V. X to theoriginal signalstrengthdistributionP(s=l).

To obtain the averagedistanceerror andprobability of error, we canuseequations3 and 4 andsubstitutes
the distribution of the R.V. X insteadof the original signalstrengthdistributions. The equationfor the average
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distanceerror(Equation3) becomes:

E(DErr) =
X

s02 S0

X

l2 L

f Euclidean(f �
A (s0); l ):P(X = s0=l is thecorrectuserlocation):P(l is thecorrectuserlocation)g

(5)

WhereS0 is thenew signalstrengthspacefor theR.V. X representingtheaverageof n signalstrengthvectors.
Theequationfor theprobabilityof error(Equation4) becomes:

P(Error) =
X

s02 S0

X

l2 L

f g(Euclidean(f �
A (s0); l )) :P(X = s0=l is thecorrectuserlocation):P(l is thecorrectuserlocation)g

(6)

Theeffectof averagingmultiplesignalstrengthvectorsis to reducethevarianceof theresultingdistributionand
hencereducetheoverlapbetweendistributions. The lesstheoverlap,thebettertheerror. Note thatTheorems1
and2 still hold for averagingmultiplesignalstrengthvectors.

4. Simulation Experiments

In this section,we validateour analyticalresultsthroughsimulationexperiments.For this purpose,we chose
to implementthe Radarsystem[2] from Microsoft asa deterministictechniqueandthe Horus system[12, 13]
from the University of Marylandasa probabilistictechniquethat satisfy the optimality criteria asdescribedin
Theorem2. We startby describingthe experimentaltestbedthat we useto validateour analyticalresultsand
evaluatethesystems.

4.1.Testbed

We performedour experimentin a �oor covering an 20,000feet area. The layout of the �oor is shown in
Figure2. Both techniquesweretestedin theComputerScienceDepartmentwirelessnetwork. Theentirewing is
coveredby 12accesspointsinstalledin thethird andfourth �oors of thebuilding.

For building theradiomap,we took theradiomaplocationson thecorridorson a grid with cellsplaced5 feet
apart(thecorridor's width is 5 feet). We have a total of 110 locationsalongthecorridors.On theaverage,each
locationis coveredby 4 accesspoints.

WeusedthemwvlandriverandtheMAPI API [1] to collectthesamplesfrom theaccesspoints.

4.2.Simulator

Webuilt asimulatorthattakesasaninput thefollowing parameters:

� theradiomaplocationscoordinates.

� thesignalstrengthdistributionsateachlocationfrom eachaccesspoint.

� thedistribution over theradiomaplocationsthatrepresentsthesteadystateprobabilityof theuserbeingat
eachlocation(userpro�le ).

� n: thenumberof signalstrengthvectorsto average.
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The simulatorthenchosesa locationbasedon the userlocationdistribution andgeneratesa signalstrength
vectoraccordingto the signal strengthdistributions at this location. The simulatorfeedsthe generatedsignal
strengthvector to the location determinationtechnique. The estimatedlocation is comparedto the generated
locationto determinethedistanceerror.

Thenext sectionanalyzetheeffectof theuserpro�le ontheperformanceof thelocationdeterminationsystems.
Wevalidateouranalyticalresultsin all theexperiments.

4.3.Effect of UserPro�le on Performance

Wemadethreeexperimentsthatdiffer in how heterogeneousis theuserpro�le:

� Pro�le 1: Theuserhasequalprobabilityof beingatany location(uniformuserpro�le).

� Pro�le 2: Theusercanbein oneof two groupsof locations.Theprobabilityof beingin onegroupis twice
theprobabilityof beingin thesecondgroup.Theuserhasequalprobabilityof beingat any locationwithin
agroup.

� Pro�le 3: The userhasan exponentiallydampingdistribution for beingat different radio maplocations.
Morespeci�cally, theprobabilityof beingat locationi is givenby:

P(Location = i ) =
�

( 1
2) i : 1 < i < N � 1

( 1
2)N � 1 : i = N

Theheterogeneityof theuserpro�le increasesaswemovefrompro�le oneto pro�le three.Thepurposeof these
simulationexperimentsis to studytheeffectof theassumptionthattheuserlocationfollowsauniformdistribution
over all possiblelocationson theperformanceof thelocationdeterminationsystems.Thenext subsectionsshow
theresultsof theseexperiments.

4.3.1. Uniform user location distrib ution

This is similar to the assumptiontaken by the Horus system.Therefore,the Horus systemshouldgive optimal
results.Figures3 and4 show theprobabilityof errorandaveragedistanceerror(analyticalandsimulationresults)
respectively for the Radar and the Horus systems. The error barsrepresentthe 95% con�dence interval for
the simulationexperiments.2 The �gure shows that the analyticalexpressionsobtainedareconsistentwith the
simulationresults. Moreover, the Horus systemperformanceis betterthan the Radar systemas predictedby
Theorem2. TheHorussystemperformanceis optimalundertheuniformdistributionof userlocation.

The�gure alsoshows thatasthelocationdeterminationsystemaveragemoresignalstrengthsamplestheerror
decreases.The moresampleswe average,the narrower the resultingdistribution (lower variance),the lessthe
overlapbetweenthedistributionatdifferentlocationsandhencethelesstheerror.

4.3.2. Heterogeneoususerpro�le distrib utions

This experimentstudythe casewherea locationdeterminationsystemassumesthat the userlocationfollows a
uniformdistributionoverall possiblelocationswhile theactualdistribution is not.

Figures5 and 6 show theprobabilityof errorandaveragedistanceerrorfor pro�le 2. Figures7 and 8 show the
probabilityof errorandaveragedistanceerrorfor pro�le 3. The�gures comparestheRadarsystem,Horussystem,
andtheoptimalstrategy whichtakestheuserpro�le into account.The�gures show thatastheheterogeneityof the

2Theanalyticalresultsareshown by linesto distinguishthemfrom thesimulationresults(denotedby thesubscriptS in �gures) which
areshown aspointswith errorbars.
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Figure 3. Probability of error for the Horusand Radarsystems under a unif orm user pro�le (pro�le 1).
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Figure 4. Expected distance error for the Horus and Radar systems under a unif orm user pro�le
(pro�le 1)
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Figure 5. Probability of error under user pro�le 2.
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Figure 6. Expected distance error under user pro�le 2.
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Figure 7. Probability of error under user pro�le 3.
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Figure 8. Expected distance error under user pro�le 3.
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userpro�le increases(from pro�le 2 to pro�le 3), theperformanceof thelocationdeterminationsystemsdeviates
from theoptimalstrategy. Figure8 shows thattheknowledgeof theuserpro�le is critical for environmentswhere
thenumberof accesspointsdeployedis limited andtheheterogeneityof userpro�le is high. The�gure showsthat,
for oneaccesspoint,theoptimalstrategy givesanaveragedistanceerrorof about2.25feetwhile thestrategiesthat
doesnottaketheuserpro�le into accountgivesanaveragedistanceerrorof about27feet.However, asthenumber
of accesspointsincreases,thedifferencebetweentheperformanceof thelocationdeterminationsystemsandthe
optimalstrategy decreases.As thenumberof accesspointsincreases,theinformationthelocationdetermination
systemgetsaboutthe userlocation increasesanddominatesthe informationfrom the userpro�le. The Horus
systemmaintainsits superiorperformanceover theRadarsystem.

5. Conclusionsand Futur eWork

We have provided two novel contributions to the areaof WLAN locationdeterminationsystems.First, we
presentedananalysismethodfor studyingtheperformanceof WLAN locationdeterminationsystems.Themethod
canbeappliedto any of theWLAN locationdeterminationtechniquesanddoesnot make any assumptionsabout
thesignalstrengthdistributionsat eachlocation,independenceof accesspoints,nor theuserpro�le. Second,we
studiedtheeffectof theuserpro�le on theperformanceof theWLAN locationdeterminationsystems.

Weusedtheanalyticalmethodto obtaintheoptimalstrategy for selectingtheuserlocation,which is not imple-
mentedby any of thecurrentWLAN locationdeterminationsystems.Theoptimalstrategy musttake into account
the signalstrengthdistributionsat eachlocationandthe userpro�le. We alsousedanalyticalanalysisto study
theeffect of averagingmultiple signalstrengthvectorson performance.Theresultsshow thataveragingmultiple
signalstrengthvectorsreducesthe varianceof the resultingdistribution andhencereducethe overlapbetween
distributions.Thelesstheoverlap,thelesstheerror.

We usedsimulationexperimentsto validatethe analyticalresultsand to study the effect of userpro�le on
the performanceof the locationdeterminationsystems.The resultsshow that incorporatingthe userpro�le in
thelocationdeterminationsystemcanenhancetheaccuracy signi�cantly whentheavailablehardwareis limited.
However, with a reasonablenumberof accesspointsthat canbe heardat eachlocation,the performanceof the
locationdeterminationsystemis consistentunderdifferentuserpro�les.

For future work, the methodcanbe extendedto includeother factorsthat affects the locationdetermination
processsuchastheuserhistorypro�le (usuallytakenasthetimeaverageof thelatestlocationestimates),andthe
correlationbetweensamplesfrom thesameaccesspoints.
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