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Abstract— The number of wir elessnetworks that coexist in
spaceis increasing steeply. To allow coexistencewhile avoiding
interfer ence, it becomesimportant to properly characterize the
propagation contour where the received power of wir elesstrans-
mitters reachesa certain thr eshold. Detailed channel modeling
taking into account the speci�cities of typical urban scenarios
is however a very complex task. Thanks to the widespread use
of wir elessaccesstechnology, it becomesfeasible to usenetwork
nodesto estimateand communicate thesepropagation contours.
In this paper, we proposea lightweight practical schemefor local
contour estimation of a given transmitter. The local estimate is
ef�ciently propagated to all other secondary transmitters that
can then meet interfer ence constraints optimally, i.e., without
having to consider large safety margins that limit spatial reuse
gains.This optimality is obtained thr ough iterati ve power control
basedon true propagation contour distancesand local pathloss
estimates.The overhead of the estimation and communication
phasesis simulated to be closeto linear in the number of nodes,
so that the solution scaleswell. The schemecan be used for
optimal power control in practical wir eless networks, or for
the deployment of secondary networks in areas with primary
transmitters that should be protected.

I . INTRODUCTION

Due to signi�cant improvementsin semiconductortech-
nology, the use of wireless techniquesin every electronic
device has becomepossible. As a result, more and more
applicationsrely on wirelesstechnologyand more spectrum
is required to accommodatetheseapplications.Techniques
are being proposedto make better use of existing spectrum
resourcesin time, spaceand frequency. Given the fact that
wirelesscommunicationis inherentlydynamic,ef�ciency can
be obtainedthrough a more adaptive spectrumuse.How to
achieve this given practical constraintsis a very important
researchchallengetoday [1].

Controlling or adapting spectrum use in space is typi-
cally achieved using Transmit Power Control (TPC). Many
techniqueshave been proposedto achieve optimal power
control throughcentralcoordinationor in a distributedsetting
[2]. Each of these techniqueshowever requires a detailed
knowledge of the propagation conditionsof two con�icting
transmitterstowards their intendedreceivers. When it is not
possibleto rely on suchchannelstatefeedbackfrom the re-
ceivers,this informationis typically obtainedthroughsensing
for transmitters.To detectpotentiallyshadowedexisting trans-
mitters,the sensitivity requirementsof secondarytransmitters
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Fig. 1. Spatialreusein wirelessnetworks requireshigh sensitivity receivers
and moreover never achieves optimal adaptationto the real propagation
conditions, since safety margins are neededto avoid interferenceto the
potentialreceiverswith unknown channels.Wewantto achieveoptimalspatial
reuse(i.e., without safety margins that limit the gain), while relaxing the
receiver sensitivity constraints.

are very high [3]. Even when the requiredsensitivity can be
achieved, the allowed power for the secondarytransmitteris
typically much lower than the power that could actually be
tolerated,sincelargesafetymarginsarerequiredto accountfor
unpredictableshadowing. Indeed,as illustratedin Fig. 1, the
channelsensedbetweentheprimaryandsecondarytransmitter
only re�ects thechannelcharacteristicsalongthis speci�c path
andsafetymarginsneedto beintroducedto avoid interference
alongotherpathstowardsthe receivers.

To improve spatial planning of networks, we proposea
distributedandpracticalalgorithmthat

(a) relaxesthe sensitivity requirementsandhenceallows for
lessexpensive hardwareandmorepracticaldeployments,

(b) achievesoptimal power allocationasa functionof actual
andarbitrarypropagation conditions.

Moreover, we will show that our algorithmscaleswell andis
robust againstmeasurementnoise.

We develop our model based on measurementsof the
propagation characteristicsof outdoorIEEE 802.11networks
whereone AccessPoint (AP) is consideredto be a primary
AP anda secondAP shouldavoid interferingwith it. We also
illustratetheperformanceon a simulatednetwork with similar
real-world noisecharacteristics.However, our techniqueis not
limited to this context and will also bene�t spatial reusein
other networks that exhibit highly irregular and dif�cult to
predictpropagationcharacteristics.For example,in thecontext
of IEEE 802.22WirelessRegional Area Networks (WRAN),
there is a desire to re-usethe TV spectrumin areaswhere
certainTV bandsare not used[4]. The traditional approach
of GPS assisteddistance-basedpower control coupledwith
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Fig. 2. RSSI measurementsfor an outdoor802.11antennalocatedon top of Cory Hall at UC Berkeley. The left imageshows the resultingcontoursfor
a given RSSI threshold,as we will computein Sec.IV. The two right imagesshow measurementpoints and denoisedRSSI signalswith 95% con�dence
intervals for two different slices.The horizontaldashedline correspondsto the RSSI contour thresholdon the left image.Note the high noise levels, the
absenceof a clear trendand the very different resultsalong the two directions.

high sensitivity requirementsof secondarytransmittersresults
in poor spatialreusebecausethe power determinedfrom the
distancewill have to re�ect worst-casepropagationconditions.
Our techniquecould be usedto communicateactualpropaga-
tion contoursof TV transmittersand improve on the overly
conservative power estimates.

We do rely on the availability of nodal positioning infor-
mation which could be obtainedthroughGPSmeasurements
or a localization algorithm. We also assumethat for the
sake of determining the optimal power, a limited amount
of interferencefrom control messagesis tolerated.Standards
dealingwith coexistencespecify the time during which such
control communicationis allowed [4].

The remainderof this paperis organizedas follows. First,
in Sec.II, we give an overview of the outdoormeasurements,
illustrating many of the problems arising when estimating
propagationcharacteristics.Next, in Sec.III, we give a general
overview of our solutionandhow it differsfrom existing ones,
motivated by aforementionedproblems.Sec. IV, V and VI
detail themainstepsof our algorithm(i.e., contourestimation,
contourpropagation andpower adaptation).We concludeour
paperwith a discussionof resultsin Sec.VII.

I I . OUTDOOR 802.11 MEASUREMENTS

When designing the contour estimation and propagation
method, it is important to make the correct assumptions.
Typically, wireless propagation is characterizedby means
of a distance-dependentpathlossor trend. On top of this
trend, shadowing lossesare addedthat are assumedto vary
slowly. Finally, fastfadingdueto multipatheffectsintroduces
variations at very small timescales.We verify the impact
of each of those componentsthrough measurements.This
motivatesour generalcontourestimationmethod.

A. MeasurementSetup

Measurementswereobtainedfrom the outdoor802.11net-
work at the UC Berkeley campus.A highly accurateGPSre-
ceiver (with anerrorbelow 1m) provideslocationinformation.
Since this is very accuratecomparedto the received power
measurements,we will neglect positioning errors. At each
location, we obtain the Received Signal StrengthIndication
(RSSI)which is a measureof receivedpower for eachbeacon
received from the various 802.11 Access Points (AP) on
campus.

A reconstructedcontourusingour algorithmfor oneof the
APs is shown on the left of Fig. 2. The two graphsin the
middleandtheright of the�gure show pathlossmeasurements

along the slices indicatedon the left overview image.Each
of the continuouspathlosscurves in Fig. 2 is obtainedby
computing for each point along the horizontal axis a local
moving average(detailsarediscussedin Sec.IV). Along with
the moving average,we compute the variance,and hence
95% con�dence intervals (assumingthe error is normally
distributed),as indicatedon the �gures.

B. Observationsfrom Measurements

Fromthesemeasurements,we make following observations.
1) NoClearTrend: As canbeseenin theslicesdrawn from

themeasuredsignalstrengthin Fig. 2, it is not possibleto �nd
a cleartrendin thepathlossasfunctionof distance.Reception
candegradesigni�cantly behinda building, andthenimprove
again at larger distances.

2) Anisotropic dueto Shadowing:As shown in Fig. 2, the
propagationtrendlooksvery differentalongthetwo paths.We
henceconcludethat it is not possibleto �t a single trend to
themeasurementsandwe will proposea techniqueto �t local
trends,not relying on the assumptionthat a singlemodel �ts
the entirepropagation surfaceproperly.

3) Noisy Measurementsdue to Fast Fading: The RSSI
samplepoints in Fig. 2 appearvery noisy. We will proposea
techniqueto locally smoothout the noiseandobtainthe solid
curve alongwith associatedcon�denceintervals.

We will proposea local channelestimationstrategy to com-
bat both (1) and (3) andpresenta techniqueto communicate
the local estimatethrough the network and achieve a power
control consideringnot only distance,but also direction as
motivatedby conclusion(2).

I I I . ALGORITHM OVERVIEW AND DESIGN DECISIONS

The problem we want to solve can be statedas follows.
For eachpotentialsecondarytransmitter, we want to compute
its allowable transmissionpower, so that a maximumnumber
of receiving nodescan be reachedwithout interfering with
(potentially multiple) primary transmitters.In the following
we will show that this amountsto minimizing received power
contour-to-contourdistances.

On a high level our algorithm works as follows. First,
nodeswhich sensethe primary transmittercomputea robust
estimateof the local RSSI.Next, the shortestdistanceto the
interior nodes,i.e., nodeswithin the propagation contour or
with RSSIabove a given threshold,is propagatedthroughthe
network. This distancecanbeusedby a secondarytransmitter
to conservatively estimatean initial transmissionpower. Next,
the secondarytransmitter iteratively estimatesthe minimal
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distancebetweenthe primary signal thresholdcontourandits
own secondaryinterferencethresholdcontour and usesthis
contour-to-contourdistancealongwith a local estimateof the
pathlossmodelto adaptits transmissionpower to improve the
spatialreusegain.

We now discussthe designdecisionsfor thesethreesteps
which are basedon the aforementionedobservations in real-
world wireless networks. The algorithmic details will be
discussedin Sec.IV, V andVI.

A. Local ChannelEstimation

Adapting the spatial resourceallocationsat the time-scale
of fastfadingis dif�cult to achieve in practicalscenarioswhen
the time to communicatea changeis often much longer than
the time duringwhich the changeis in effect. The importance
of averagingout thosefast-fading effects for power control
wasalreadynotedin [5], wherethenumberof samplesneeded
to achieve a target con�dence interval of the slow pathloss
estimateis computedfor a theoreticalfadingmodel.

Sincewe are interestedin using power control for spatial
resourceoptimization,it is alsorequiredto averageout varia-
tions over small areas.Large-scaledistance-relatedpathloss
and shadowing due to large objects result in large effects
that should be consideredin the spatial planning.However,
fast fading due to multipath effects gives rise to very large
variationsover distancesin the orderof a singlewavelength.
Similar to the motivation above where fast fading effects
make it impossible to adapt timely, it is clear that spatial
planningusingpowercontrolcannottakeadvantageof channel
variationsover very small areas.

In additionto averagingover time, we thereforeproposein
Sec.IV a spatialMoving LeastSquares(MLS) algorithm to
obtain a local estimate ^RSSI of the received power measure
RSSI. MLS is a powerful regressiontechniqueto smoothout
noise, while obtaining the best local �t of the propagation
trend.As mentionedalsoin [6], andveri�ed by our measure-
ments,it is impossibleto rely on a known propagation trend,
so �tting this trendadaptively and locally without relying on
any falsemodelproves to be a very robust approach.

B. Distance-to-ContourFlooding

Propagating or broadcastinginformation in a network is
typically achieved through �ooding. In [7] it is shown that
in ad hoc wirelessnetworks, the more importantcost factor
for �ooding is the number of packet forwardings and it is
importantto pruneaway unnecessarytransmissions.

For reporting a measuredvalue to a sink, many schemes
have beenproposedin the literaturein the context of sensor
networks [8]. An interestingapproachis found in [9], where
theauthorsstudytheproblemof deliveringmessagesfrom any
sensorto aninterestedclientuseralongtheminimum-costpath
in a largesensornetwork. For asingleclient, they canestablish
the optimal cost �eld with N messages,throughthe useof a
clever backoff approach.This approachestablishesa treefrom
any sensorto a client. We will proposea similar algorithm
which propagatespathlossinformation from any receiver to

any potential transmitter, henceconceptuallyresulting in a
forest of trees.The resulting �ooding methodas detailedin
Sec.V requiresa numberof packet forwardingscloseto the
numberof nodesN .

C. Iterative Power Control

Wheneachsecondarytransmitterknows its distanceto the
�rst transmitter's contour, it cancomputeits maximalpoweras
functionof the interferencemarginsanda worst-casepathloss
modelasfunction of distance.We notethat from a secondary
transmitter's viewpoint, a worst-casepathlossmodel is an
optimistic one that assumesthat the power of the secondary
transmitterdecaysslowly, resulting in maximal interference.
Consequently, the computedpower level will be much lower
thanwhat could be toleratedin reality.

Using the approachof contour estimation and distance
�ooding, we can however iteratively adapt the distancebe-
tweenthe two contours.While estimatingthe contourof the
secondarytransmitter, we will also estimatea more realistic
pathlossmodel which in turn will be used to improve the
power estimate.Key here is to estimatethe pathlossin the
directionof the point closestto the �rst transmitter's contour.
Sincethe pathlossmodel can vary signi�cantly as a function
of the exact path followed, this direction gives the best
information for the targetedpower control. As will be shown
in Sec. VI, this iterative power adjustmentalgorithm will
converge in only a few stepsand will require an order of
N communicationsper secondarytransmitter.

IV. LOCAL CHANNEL ESTIMATION

In this section,wewill detailhow anodecanlocally smooth
the fast RSSI variations,without relying on a global trend,
which allows robust inside/outsideclassi�cation with respect
to the thresholdcontour.

Given a node N i at location x i , with received (noisy)
power measureRSSIi , we wish to �nd the noise-reduced
power ^RSSIi . Given a completepolynomial basis p(x) =
[1 x : : : xn ]T , we try to �nd the coef�cient vector âi which
minimizesfollowing weightedleastsquaresobjective function:

âi = argmin
a

X

j

wij (aT p(x j ) � RSSIj )2; (1)

where the summation is over N i 's neighboring nodes N j

(with positions x j ). Note that N i is containedin its own
neighborhood.For example, the completepolynomial basis
of ordern = 1 in two dimensionsis p(x) = [1 x y]T andthe
coef�cient vectora = [a0 a1 a2]T consistsof threeunknowns.
We will give resultsfor moving leastsquaresapproximations
of ordern = 0; 1 and2.

The �ltered RSSIat the nodeN i is thengiven by:

^RSSIi = âT
i p(x i ): (2)

Locality is obtainedby weighting the neighboringnodes'
contributions using the distance-basedweight function wij

with local supporth:

wij =
�

(1 � r 2
ij )3 if r ij � 1;

0 otherwise;
(3)
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wherer ij = (kx i � x j k)=h.
So,althoughin practicewe only �t a bi-variatepolynomial

at eachnodal position, the resulting ^RSSI is de�ned every-
whereandwill be C2-continuousthanksto the above de�ned
smoothlyvanishingweight function.This weight function de-
caysfastenoughto establisha truelocal �t [10]. Notethateach
nodecomputesits smoothed ^RSSIi estimateindependentlyand
only requireslocal RSSIandGPSlocalizationinformationto
do so,which canbe obtainedby a singlecommunicationstep
with its neighboringnodesif h is equalor smaller than the
communicationrangeof the secondarynetwork users.In the
remainder, we will assumethath is thecommunicationrange.
This stephencerequiresN communicationsin the network.

It is easyto seethat for ordern = 0, theminimizerof Eq.1
equalsthe weightedaveragemeasuredRSSI:

^RSSIi =

P
j wij RSSIj
P

j wij
; (4)

and thus the moving least squaresapproximationcoincides
with the well-known moving averageapproximationmethod.

Intuitively, when the main goal of the smoothingopera-
tion is to averageout spatial variations,the moving average
will result in adequateresults.Alternatively, in caselarger
neighborhoodsare used and more measurementpoints are
collected,it might make senseto �t a local trend(e.g., linear
or quadratic).Sucha trend will reducethe smoothingeffect
on the onehand,but will improve accuracy on the otherhand
since thereare more degreesof freedomfor the parameters.
We illustratethis in Fig. 3 (left) usingasimulatedscenario(see
alsoSec.VII) wherewe have a known contourandsystemati-
cally increasethenoiseof theRSSImeasurements.As canbe
seenon the�gure, whenlesssmoothingis required(lessnoise
power),aquadraticMLS approximatesthepropagationsurface
best.However, with increasingnoisepower more smoothing
is requiredand linear andconstantMLS start to outperform.

Choosing the order of approximationas function of the
neighborhoodsize is a delicatetrade-off. The choiceof local
support h as used in Eq. 3 in�uences the approximation
quality. As shown in Fig. 3 (right), anoptimalkernelwidth can
be found for all approximationordersand the optimal width
typically increaseswith approximationorder.

For thereal-world RSSImeasurementswe observeda noise
power of � 2

N = 4. At this noise level, quadraticMLS with
kernel width or communicationrangeof 95m proved to be
the best(cf. Fig. 3 (right)) andwe usedthesesettingsfor the
simulationresultsprovided in the following sections.

V. DISTANCE-TO-CONTOUR FLOODING

A node is now classi�ed as interior with respectto the
thresholdcontour if ^RSSIi � RSSIcontour. By determining
the distanceof each node to the closest interior nodes, it
is possibleto establishan estimateof the shortestdistance
to the contour. From this distancewe can then iteratively
approximatethe transmit power in Sec. VI. We will use a
fastmarchingalgorithmwhich bearssimilarities to Dijkstra's
shortestpath algorithm. However, instead of computing a
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Fig. 3. Left: Averagesquarederrorof themoving leastsquaresapproximation
(with �x ed supportradiush) for increasingnoisepower illustratedfor order
n = 0; 1; 2. At low noise levels, quadraticMLS is superior, while with
increasingnoiselevels,linearandthenconstantMLS havebetterperformance.
Right: Averagesquarederrorof themoving leastsquaresapproximation(with
�x ed noise power of 4) for varying kernel widths shown for order n =
0; 1; 2. Clearly, an optimal communicationrangeh can be found for each
approximationorder.

multihop distance,we will effectively computea straightline
distanceto the contour, which is possiblesincewe have GPS
coordinates.First, we will discussthe centralizedalgorithm
basedon a priority queue.Next, we show how it canbemade
fully distributed.

A. CentralizedDistance-to-ContourComputation

During the executionof the algorithmeachnodeN i stores
its distancedi to the closestinterior node, or footpoint f i ,
inside the contour. The algorithm startsby setting di  0
and f i  x i for all interior nodes.The distancefor all other
nodesis set to in�nity (di  1 ). The nodeswith di = 0
are addedto a priority queue,which is sortedin increasing
Distance-to-Contourorder.

The algorithm proceedsiteratively by taking the �rst node
N i from the queue (i.e., the one with the smallest di ),
and by updating its neighboringnodesN j (those within a
communicationdistanceh to N i ). Thefootpoint f i storedwith
N i is usedfor this. If kf i � x j k < dj , i.e., if N j is closer
to N i 's footpoint than it is to its previously computedown
footpoint, we updateN j 's distanceandfootpoint information
(dj  kf i � x j k andf j  f i ) andaddN j to thepriority queue.
This processis repeateduntil the queuebecomesempty.

Due to the useof a priority queuethis algorithm requires
a central base station. However, we can approximatethis
algorithmandmake it fully distributedby cleverly modifying
the mediumaccessprotocolasdiscussedbelow.

B. DistributedDistance-to-ContourFlooding

When implementingthe fast marchingin a network, it is
requiredthat eachnodeupdatesits neighborsby sendingits
footpoint information.We note that nodesthat are inside the
contour are footpoint to themselves, and hencehave perfect
information at the start of the algorithm. Inspired by the
optimal centralizedimplementationof the algorithm,we note
that it is optimal to have nodeswith a smallerdistanceto the
contourupdatetheir neighbors�rst. In practicalnetworks,we
can achieve this by giving thosenodesa higher probability
psendto gain accessto the channel.While nodesarewaiting
to accessthe channel,they can accumulateneighborupdate
events and only propagate the best footpoint found so far.
This probability psend is typically a function of a backoff
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Fig. 4. Black nodes(suchas f1 and f2 ) correspondto interior nodes(i.e.,
nodesinsidethecontour).Thestraightlinestracetheregionswhichareclosest
to a certaininterior node(i.e., theVoronoi regions).Our new proposedbackoff
schemeensuresthatnodes(suchasA andB ) which arecloserto the interior
contournodesare updated�rst before they propagate this contourdistance
informationto the othernodes.This propagation canbe performedwith little
more thanN transmissions,with N the total numberof nodes.

timer in practicalprotocolssuchas802.11,or alternatively, it
is a functionof theschedulingalgorithmcarriedout at theAP.

In our simulation,we optedfor a randombackoff timer that
determineswhen nodesupdatetheir neighbors.Assumethat
CW is theinitial backoff window resultingin anegligible num-
berof packet collisions.Sincedistance-to-contourinformation
is spreadingaway from thecontour, we wantto make surethat
nodesonly sendwhenall nodesin their neighborhoodthatare
closerto the contourhave sent�rst.

As illustrated in Fig. 4, we can be sure that all black
footpoints f i with backoff in the range[0: : : CW [ will have
sentafter time CW , if we neglectcollisionsrequiringretrans-
missionsfor the easeof reasoning.As a result,a nodeA that
receives an updatefrom a footpoint f1 (with backoff B f 1 in
range[0: : : CW [) will have to wait an additionalCW � B f 1

afterreceptionof f1 's update.This canbeachievedif A selects
a backoff in the range[(CW � B f 1 ) : : : (CW � B f 1 ) + CW [.
Clearly, as indicated in Fig. 4, the updating speedof the
network will be approximately1 the one-hopcommunication
rangeh, eachCW timeslots.

We notehowever that the distributedimplementationof the
schemecanpotentiallyresult in a nodespreadinginformation
before it obtainedits closestfootpoint. As a result, such a
nodewill have to updateits neighborsmore than once.This
is illustrated for node C in Fig. 4. Node C only receives
information of nodeB before time 2CW , and hencethinks
its closestpoint on the contour is f2. Following the algo-
rithm, C will have chosena random backoff in the range
[(CW � BB ) : : : (CW � BB ) + CW [ to start updating its
neighbors.If node C does not receive correct information
beforethatrandomtime,wronginformationwill bepropagated
and nodeC will have to updateits neighborsa secondtime
once information about the correct footpoint f1 is obtained.
In practice, with this scheme,we however experienceda
numberof updateeventsthatwasvery closeto thenumberof
nodes(neglectingcollisions)asalsoillustratedin TableI. The
contourspreadingas function of time is illustrated in Fig. 5
for a simulatedscenario(724transmissionstepswereusedfor
a total of N = 710 nodesfor this example).We notethat the

1Due to samplingirregularities,as illustrated in Fig. 4 also, the contours
do not spreadexactly over a distanceh eachstep.

A B C

Fig. 5. Distributeddistance-to-contour�ooding shown at threeintermediate
timestepsduring the algorithmfor a simulatedscenario.

algorithmwill converge for arbitrarycomplex contourshapes,
such as the one shown in Fig. 2 which consistsof multiple
parts.

VI . ITERATIVE POWER CONTROL

Given the learnedshortestdistanceto the target contour,
the secondaryuserdecidesconservatively on its transmission
power. This initial transmissionpower is typically suboptimal
andwill now beimprovedby thefollowing iterativeprocedure.
Using the contour estimationmethod proposedin Sec. IV,
nodesclassifythemselvesasinterior or exterior with respectto
thesecondarysender's target interferencepower contour. If no
nodeinsidethis contouris within a target distanceof the �rst
transmitter'scontour, thesecondarytransmittershouldincrease
its power. The amount of power increasewill be robustly
determinedby locally estimatingthe pathlossparametersas
will be discussedbelow. Alternatively, in casethe contours
overlap, the opportunistic sender's power will have to be
decreased.The number of messagesneededto inform the
secondarytransmitterwill be the number of interior nodes
N inter ior , which is smallerthanor equalto N 2. This power
adaptationis iterateduntil thedistancebetweenthecontoursis
smallerthanthe one-hopcommunicationdistanceh. We now
discussboth cases(i.e., power increaseanddecrease).

A. IncreasingPower

While estimatingthe secondarysender's propagation con-
tour, interior nodes also robustly approximate the local
pathloss parameters�̂ i and �̂ i by minimizing following
weightedleastsquaresobjective function:

f ^� i ; �̂ i g = argmin
�;�

X

j

wij (� 10log10(r j ) + � � RSSIj )2;

(5)
where r j = kx j � x s2k is the distancefrom node N j to
the secondarysenderand � is the pathlossexponentand �
representssystemlosses.The summationis performedover
the nodesN j in the local neighborhoodaroundN i , and the
weighting is distance-basedas given by Eq. 3. Due to this
locality, eachinterior nodeN i will �nd a differentestimateof
thoseparameters.However, aswe mentionedearlierin Fig. 2,
it is indeed the casethat pathlosscan vary signi�cantly as
function of the exact direction.In the power control problem,
it will be mostusefulto usethe pathlossestimateof the node
that will be closestto the �rst transmitter's contour.

2Here, we assumethat eachinterior nodecan reachthe secondarytrans-
mitter in a singlehop,which is the casein mostcommunicationsystemsthat
areduplex.
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Interior nodesN i now senda messageto the senderwhich
includesfollowing information:Estimatedpathlossparameters
�̂ i and �̂ i , footpoint f i on the primary sender's contourand
distanceto this footpoint di = kx i � f i k. The secondary
senderretainsfrom all thesemessagesthe one with minimal
di . The correspondingnode N i is the interior node (with
respectto the secondarysender's contour) which is closest
to the primary contourandhenceconsideredto give the best
estimateof � and � . The distanced = kx s2 � f i k from the
secondarysenderx s2 to the footpoint f i is usedtogetherwith
the estimatedpathlossparametersto estimatean improved
transmissionpower:

P = Pinterference+ �̂ i 10log10(d) + �̂ i ; (6)

wherePinterferencedenotesthemaximalinterferencethatcan
still be toleratedat the establishedcontourof the �rst sender.

This processof power adaptationbasedon the estimated
pathlossparametersat the minimal contour-to-contournode
canbe iteratedto further improve the secondarytransmission
power estimation.As canbe seenin Fig. 6, this requiresonly
a few iterationsteps.In eachstep,onecontourestimationand
informationpropagation substepneedsto be carriedout, each
with complexity of at mostN messages.

B. DecreasingPower

When the contours overlap, it will be required that the
opportunistic transmitter decreaseshis transmissionpower.
This however is relatively easy, sincea nodeN i inside both
contourswill haveanestimateof thereceivedpower from both
transmitters,andcanhenceeasilydeterminethe � Pi causing
the overlap in contours.A node noticing such an overlap
simply communicatesthe � Pi to the secondtransmitter, that
follows the largest power adjustmentreported.This caseis
very unlikely to happen,but sincewe extrapolateanestimated
pathlossmodel,we cannotavoid the possibility.

VI I . RESULTS

In this section, we introduce the simulation setup, and
discussthe main results.

A. SimulationModel

In order to verify the approachon a dataset underknown
circumstances,we establisha simulation model. The sim-
ulation sceneconsistsof a two-dimensionalarea in which
buildings or obstaclesresult in shadowing lossesL S , on top
of a generalpathlosstrend that varieswith distance:

L = 10� log10(d) + � + L S + X � ; (7)

whereL is the total pathlossin dB (� = 4 and � = 40dB
for the simulations).Since the measurementdata shows a
lot of variations in the measuredRSSI, even for a �x ed
positiond andshadowing L S , wealsoaddzero-meanGaussian
distributedvariationsor noiseX � . Following the ITU Terrain
Model [11] L S is modeledas function of the depth of the
line-of-sightray into the building. The motivation behindthis
is that the wavefront can be modeledas a zone of energy
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Fig. 6. Iterative power adjustmentfor threesimulationscenariosof 1km 2

with communicationrangeh = 95m, quadraticMLS and � 2
N = 4 which

is the variancenoticedon the outdoormeasurements.Eachbox representsa
building causingshadowing losses.The solid curves representthe approxi-
mation of the primary and secondarytransmitter's interferencecontour. The
dottedlinesarethereal (noise-free)contours.Thestraightline on eachimage
correspondsto thecontour-to-contourdistanceascomputedby our algorithm.
Row A shows for eachexampletheresultingcontourfor theinitial suboptimal
power. Note thesmallareacoveredby the initial secondarycontour. Fromthe
estimatedlocal pathlossmodelat the secondarytransmitter's contourpoint, a
new transmissionpower is computed.Rows B andC show the resultof this
iterativeprocess.Notethelargedifferencebetweenthesecondarytransmitter's
coverageareaat the original estimatein A andthe resultingcontourin C.

around the line-of-sight. Diffraction lossesoccur when part
of this zone is obstructed.When the ray just passesnext
to the building, half of the zone is obstructed.When the
ray passesin the middle of the building, the whole zone is
obstructed,leadingto larger losses.We however slightly adapt
the model to allow received signalsinsidebuildings.We note
thattheexactform of themodelis not that importantsinceour
techniqueshouldwork for any possiblesituation.Theresulting
shadowing loss is

L S = maxf 0; [5:125� (2 �
kxL � xO k

D=2
)]g; (8)

where xO is the position of the obstacle,D its width and
xL the orthogonalprojectionof x O on the ray. The fraction
kx L � x O k

D =2 tells us how closeto the centerof the building the
line-of-sight ray crosses.When the line-of-sight ray crosses
the building through the center, we have a maximal L S of
10:25dB per obstaclewhich is a value chosen from [3].
From the centerof the building, the shadowing lossdecreases
linearly until 0dB.

B. Resultsand Discussion

The resulting iterative power adjustmentis illustrated for
three examplesin eachcolumn of Fig. 6. The primary and
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secondarysenders'contourapproximationsaredrawn usinga
solid line. The real contoursare drawn as dashedlines. The
computedminimal contour-to-contourdistanceis indicatedby
the straightline connectingthe two correspondingnodes.The
buildings are drawn as gray boxes. The simulation model
as describedabove was used, with a noise power � N =
4 correspondingto the real-world measurements.We used
quadraticMLS with a kernel width of 95m in all examples.
Table I shows statisticsfor the threescenarios.

As can be seenin all imagesand Table I, the computed
contoursapproximatethe exact onesvery well: Only 0:7%
on averageof all nodeswasmisclassi�ed.Note that these2D
contourcurvesarein reality not constructed,but nodeslocally
makeabinaryclassi�cationasbeinginterioror not.Thecurves
areshown only for illustration purposes.

The imagesin row A show the secondarycontourresulting
from the initial power estimatebasedon the distancebetween
the secondarysenderand the primary contour. An optimistic
pathlossmodel with � = 2 was usedfor the computationof
thesecondarytransmitter's power asfunctionof themeasured
distancefrom the �rst transmitter. Since actual propagation
is by de�nition worsethan the mostoptimistic condition,the
coverageof the secondarytransmitteris typically very small
using this power, ascanbe seenin Fig. 6, A.

Our algorithmhowever iteratively estimatesa morerealistic
pathlossmodel for the secondarytransmitter, and as a result
achievesa muchmorerealisticpower adjustmentalreadyafter
oneiteration.As canbe seenin Fig. 6, the resultingcoverage
of the secondarytransmittercanbe increasedconsiderablyin
eachof the threescenarios,without causinginterference(i.e.,
overlap of the contours)to the �rst transmitter. Each power
adjustmentstep (shown in B and C) requiresestimationof
the secondarytransmitter's contourat the costof N transmis-
sions.Next, eachnodeinsidethe contourrequiressendingits
distanceto the �rst contourand its estimatedpathloss,at the
cost of N inter ior � N transmissions.As can be seenon the
�nal imagesC, a muchlargerareais coveredby thesecondary
transmitterascomparedto theinitial con�gurationshown in A.

Our algorithm not only results in improved spatial reuse
gain,but alsorelaxestheopportunistictransmitters'sensitivity
requirements.Indeed, traditional approacheswould require
eachpossibletransmitterto be able to sensethe �rst trans-
mitter. For a given targetpower of thesecondtransmitter, this
resultsin very high sensitivity requirements.In our approach,
these requirementsare relaxed, and the �rst transmitter's
propagation contouris estimatedcloseto the �rst transmitter
and then ef�ciently propagated. Both this estimation and
propagation arecheapandrequireonly N anda little over N
(as indicatedin Table I) transmissionsrespectively. Typically,
the algorithmconvergesin two to threeiterations.

Dueto theapproximateinside/outsideclassi�cation,we can
not guaranteethat the real �nal contoursdo not overlap and
little interferencemight occur. As canbe seenon the images,
only in example 2 the �nal contoursoverlap, though for a
negligible amount. However, it would be interestingfuture
researchto quantify the amountof possibleoverlap.

TABLE I

PERFORMANCE OF THE ALGORITHM FOR THE EXAMPLES OF FIG. 6.
numberof percentage

updates misclassi�ed
primary sender 724 0.28

example1 secondarysender 721 0.14
(710 nodes) secondarysenderupdate1 722 0.98

secondarysenderupdate2 714 1.12
primary sender 732 0.83

example2 secondarysender 730 0.14
(723 nodes) secondarysenderupdate1 732 1.24

secondarysenderupdate2 732 2.21
primary sender 721 0.70

example3 secondarysender 723 0
(712 nodes) secondarysenderupdate1 722 0.14

secondarysenderupdate2 719 0.98

VII I . CONCLUSION

In this paper, we proposea new approachfor iterative
power controlwhereto goal is to maximizespatialreusewhile
avoiding unwantedinterferenceto existing networks.First, the
propagation contoursof the existing networks are estimated
and ef�ciently propagated.Next, the secondarytransmitter's
power control is iteratively adaptedbasedon estimatesof real
pathlossconditions.The main conceptsbehindthe designof
the schemeare motivated from outdoor measurements.The
resultingschemeis shown to resultin a muchimprovedspatial
reusecomparedto traditionalapproaches.
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