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Abstract—To limit the radio map size and the time required
to build the radio map, current WLAN location determination
systemsdo not handle small-scalevariations. This contributesto
most of the estimation errors in the current systems.We propose
a general technique, the perturbation technique, to handle the
small-scalevariations problem. The systemusesuser history to
detectsmall-scalevariations and then perturbs the signal strength
vector entries to overcome it. The results obtained show that
the accuracy can be increasedby more than 8%. Moreover,
the worst-caseerror is enhancedby more than 60%. We also
show that the perturbation technique can help in enhancing
the accuracy due to temporal variations in caseof changein
the ervironment conditions, thus increasing the accuracy of
the current WLAN location determination systemsbeyond their
limits.

I. INTRODUCTION

With the currentincreasein mobile devices and wireless
LANSs, detectingthe position of a mobile user has become
a pertinentissue. There have been mary applicationsthat
provide contet-awareservicego theusersbaseddntheirloca-
tion [1] including automaticcall forwardingto the userbased
on his currentlocation, helping shoppersthrough the stores
basedon their location, providing information to the tourist
about his currentlocation and of ce assistantthat interacts
with visitors and manageghe of ce owner's schedules.

Many systemsover the yearshave tackledthe problem of
determiningandtracking the userposition. Examplesinclude
GPSJ2], wide-areacellularbasedsystemd3], infrared-based
systemd4], [5], variouscomputervision systemg6], physical
contactsystemd7], andradio frequeng (RF) basedsystems
[8]-[16]. Of these,the classof RF-basedsystemsthat usean
underlyingwirelessdatanetwork [8]-[14], suchas802.11,to
estimateuserlocationhasgainedattentionrecently especially
for indoor application.Unlike infrared-basedystems which
arelimited in range,RF-basedechniquegprovide more ubig-
uitous coverageand do not require additional hardware for
user location determination thereby enhancingthe value of
the wirelessdatanetwork.

RF-basedsystemsusually work in 2 phasesofine phase
and location determinationphase.During the of ine phase,
the signalstrengthreceived from the accesgoints, at selected
locationsin the areaof interest,is takulated,in someform, in
what hasbeencalled in literature the radio-map.During the
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location determinationphase the vector of samplesreceved
from eachaccesoint (eachentryis a samplefrom oneaccess
point) is comparedto the radio-mapand the“nearest’match
is returnedas the estimateduserlocation.

RF-basedsystemsneedto deal with the noisy character
istics of the wireless channel. Those characteristicdead to
the deviation of the ervironmentfrom the storedradio map
and thus limits the accurag of such systems.Our research
focuseson identifying the noisy characteristicof the wire-
less channeland developing techniquesto overcomethem.
More speci cally, we identify three main causesfor signal
strengthvariations:temporalvariations,large-scalevariations,
and small-scalevariations.We shav that mostof the estima-
tion errorscan be attributed to small-scalevariations,though
none of the current WLAN location determinationsystems
addresghesevariations.In orderto enhancethe accurag of
these systemsbeyond their current limits, researchersieed
to develop techniquesto handle small-scalevariations. This
paperpresentsa techniqueto addresssmall-scalevariations.
Thetechniquds generabindcanbeimplementedvithin ary of
thecurrentWLAN locationdeterminatiortechniquesTherest
of this paperis organizedasfollows. In Sectionll, we explain
the different causesof variation in the signal strengthand
their effect on the accurag of WLAN location determination
systemsSectionlll describesour techniqueto handlesmall-
scale variations. We showv the results of an experimental
evaluation of the proposedtechniquein SectionlV. Finally,
SectionV concludesghe paperand givesdirectionsfor future
research.

Il. Noisy CHARACTERISTICS OF THE WIRELESS
CHANNEL

We canidentify three main causedor the variation of the
signal strengthin an ervironment:

1) Temposl variations:Whentheuseris standingata x ed
position, the signal strengthmeasuredzariesover time.
The histogramrangecanbe aslargeas10 dBm or more
(Figurel). Thistime variationof the channelcanbe due
to changesn the physical environmentsuchas people
movement.

2) Large-scalevariations: The signal strengthvaries over
a long distancedue to attenuationof the RF signal
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Fig. 1. Temporalvariations:An exampleof a histogramof the signalstrength
of anaccesoint.

(Figure?2).

3) Small-scalevariations: Thesevariations happenwhen
the user moves over a small distance(order of wave-
length.) This leadsto changein the averagereceved
signal strength.For the 802.11bnetworks working at
the 2.4 GHz range,the wavelengthis 12.5 cm and we
measurea variationin the averagesignal strengthup to
10 dBm in a distanceas small as 3 inches(Figure 3).

Large-scalevariations are desirablein RF-basedsystems
as they lead to changingthe signaturestoredin the radio
map for differentlocationsand, hence,better differentiation
betweentheselocations. Probabilistic techniqueshave been
shawn to give betteraccurag whendealingwith thetemporal
variationsby storingthe entirehistogramof therecevedsignal
strengthin the radio map,insteadof storingonly the average
value. During the location determinationphase,probabilistic
techniquesincludingour original techniqud9], [10], calculate
the probability of each location given the receved signal
strengthvector and return the most probablelocation as the
location estimate.

Dealingwith small-scalevariationsis the mostchallenging
part and none of the current systemshandleit. Since the
selectedradio map locations are typically placed few feet
apart, to limit the radio map size, the radio map does not
capturesmall-scalevariations.This contribtutesto mostof the
estimationerrors in the current systems.In order to boost
theaccurag of RF-basedocationdeterminatiorsystemsnew
techniqueshouldbe devisedto handlesmall-scalevariations.
Oneobviousway is to increasethe granularityof the resulting
radio map, which is not practicalin termsin the size of the
radiomapandthetime requiredto build this radio map.In the
next section,we present new techniqueto handlesmall-scale
variations.

I1l. A SOLUTION: THE PERTURBATION TECHNIQUE

We start by describingan experimentto showv the effect
of small-scalevariations and then presentour perturbation
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Fig. 2. Large-scalevariations:Averagesignal strengthover distance.

techniqueto identify and overcomethesevariations.

A. Small-scalevariations

We performedan experimentto measurehe signalstrength
from different accesspoints in an areaof 12 21 inches
(approximatelyl 2 feet). The measurementseretakenona
3 inchesgrid. The samplemprogramwasrunningon a Compaq
iPAQ Poclet PC's (modelH3650) runningthe Familiar distri-
bution (releaseversion0.5) of Linux for PDA's. The wireless
cardusedwasLucentOrinocoSilver cardsupportingup to 11
Mbit/s datarate.

To collectthe sampledrom the card,we usedour mwavelan
driver [17] that supportsthe collection of the signal strength
valuesfrom all accesgointsin rangeusingthe active scanning
technique[18]. We usedour MAPI API [17] to interfacethe
samplerprogramwith the device driver.

Figure 3 shaws the signal strengthcontoursfor different
accesgoints. We can note two thingsfrom this gure.

1) The signalstrengthcanvary by asmuchas10 dBm in
a distanceas small as 3 inches.

2) The degree of variation dependson the averagesignal
strength: The higher the average signal strength, the
higherthe variations.

B. The perturbationtechnique

We proposea new techniquethe Perturbatiortechniqueto
handlethe small-scalevariations. The techniqueis basedon
two sub-functions:

1) Detectingthe effect of small-scalevariations.
2) Compensatindor small-scalevariations.

In order to detectsmall-scalevariations, the systemcal-
culatesthe estimatedlocation using the standardradio map
and the original inferencealgorithm [10]. The systemthen
calculateghe distancebetweenthe estimatedocationandthe
previoususerlocation.If this distances above athresholdthe
systemdetectsthat there are small-scalevariations affecting
the signal strength.
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Fig. 3. Small-scalevariations:Signal strengthcontours

To compensatdor thesesmall-scalevariations,the system
perturbs the receved vector entries, and re-estiamtesthe
location. The nearestlocation to the previous user location
is chosenas the nal location estimate.For example,if the
receved signal strengthvector is (S1; Sp;::5; Sn), the system
perturbs this vector to obtain the set of vectors: (s;(1 +
X);S2(1 + X);:isn(d + X)), wherex 2 f d;0;dg is the
percentagey which to perturbthe signal strength(0 for no
perturbation).

Typically, three accesspoints (n 3) are sufcient to
obtain good accurag, so the numberof perturbedvectorsis
limited. Moreover, the measurementshav thatthe small-scale

variationsdepencheavily onthe strengthof the signalstrength
receved. This meansthat perturbing the componentcorre-
spondingto the strongestaccesspoint can obtain sufcient

results.The valueof d is choserto be relative to the receved
signal strength.The effect of the numberof accessointsto
perturbandthe valueof d on accuray is describedn the next
section.

IV. EXPERIMENTAL EVALUATION

To test the performanceof the perturbationtechnique,we
implementedthe original system[10] and the samesystem
with the additionof the perturbatiortechnique We performed
our experimentin the southwing of the fourth oor of the



Fig. 4. Planof the southwing of the 4th oor of the ComputerScienceDepartmentuilding wherethe experimentwas conductedReadingswvere collected

in the corridors(shavn in gray).

A. V. William's building in the University of Maryland at
College Park. The layout of the oor is shavn in Figure 4.
The wing has a dimensionof 224 feet by 85.1 feet. The
techniquewas testedin the Computer Science Department
wireless network. The entire wing is covered by 12 access
pointsinstalledin the third andfourth oors of the building.

For building the radiomap,we took the radiomaplocations
on the corridorson a grid with cells placed5 feet apart(the
corridor's width is 5 feet). We have a total of 110 locations
alongthe corridors.On the average,eachlocationis covered
by 4 accesspoints. The test set was collected by different
personson differentdaysandtime of daysfrom the training
set.

The Thresholdparameterusedto detectsmall-scalevaria-
tions,is dependenbn boththe userspeedandlocationupdate
rate. For the purposeof this paper we set this thresholdto
15 feetfor a locationupdateevery 2 secondgmaximumuser
speedof 7.5 feet per second).

Figure 5 shaws the effect of changingthe perturbation
percentaggamountby which to perturb eachaccesspoint)
on averageerror We can seefrom this gure that the best
value for the perturbationpercentages about 4%. We use
this value for the restof this ssection.

Figure 6 shaws the effect of changingthe numberof access
pointsusedin the perturbatiortechniqueon performanceThe
accesspoints chosenat a location are the strongestaccess
pointsin the setof accesgointsthat cover thatlocation.The
gure shows that accurag can be increasedby more than
8% (at 7 feet). Moreover, the worst-caseerror is enhanced
by more than 60%. It is importantto notice that the number
of accesointsusedin the perturbationtechniquehasminor
effect on accuray. This meansthat perturbingthe strongest
accesgointsonly is enoughto achieve betteraccurag than

2.8 /

Average Error (Feet)

24

22

0 2 4 6 8 10 12 14 16 18 20
Perturbation Percentage (Feet)

Fig. 5. Effect of changingthe perturbationpercentagen averageerror

the original technique.

Figure7 shaws the effect of changingthe numberof access
points used in the perturbationtechnique on the average
number of operationsper location estimates.Although the
averagenumberof operationger locationestimatesncreases
signi cantly for a large numberof accesspoints, perturbing
only one accessoint leadsto the desiredaccurag with very
low computationabverhead.

V. CONCLUSIONS AND FUTURE WORK

CurrentWLAN locationdeterminatiorsystemsdo not han-
dle small-scalevariations.To limit boththeradiomapsizeand
the time requiredto build the radio map,radio maplocations
aretypically placedfew feet apart. This meansthat the radio
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Currently we areworking on developingmodelsfor small-
scale variationsin 802.11bWLANs. We believe that these
modelscan help more in understandinghe wirelesschannel
characteristicend hencebetteraccurag.
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mapdoesnot capturesmall-scalevariations,which happensn
fractionsof the feet for the 2.4 GHz signal. This contritutes
to mostof the estimationerrorsin the currentsystems. (13]
We proposethe perturbationtechniqueto handlethe small-
scalevariationsproblem.The techniqueis generalandcanbe  [14]
incorporatednto all thecurrentWLAN locationdetermination
systems.The systemusesuser history to detectsmall-scale [15]
variationsand then perturbsthe signal strengthvector entries
to overcomeit. The resultsobtainedshov that the accurag 6]
can be increasedby more than 8%(at 7 feet). Moreover, the
worst-caserroris enhancedby morethan60%. Thisincreased
accurag doesnot comewith increasedomputationatequire- Hg

mentsas perturbingthe strongestaccesspoint only leadsto
the desiredaccurag. The perturbationtechniquecanalsohelp
in enhancingthe accurag dueto temporalvariationsin case
of changein the ervironmentconditions.
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