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Abstract— Wir elessmeshnetwork deploymentsare pop-
ular as a cost-effective means to provide broadband con-
nectivity to large user populations. As the network usage
grows, network planners need to evolve an existing mesh
network to provide additional capacity. In this paper, we
study the problem of adding new capacity points (e.g., gate-
way nodes)to an existing meshnetwork. We �rst presenta
new techniquefor calculating gateway-limited fair capacity
as a function of the contention at each gateway. Then, we
presenttwo online gateway placementalgorithms that use
local search operations to maximize the capacity gain on
an existing network. A key challengeis that eachgateway's
capacity dependson the locations of other gatewaysand
cannot be known in advance of determining a gateway
placement.We addressthis challengewith two placement
algorithms with differ ent approachesto estimating the un-
known gateway capacities.Our �rst placement algorithm,
MinHopCount, is adapted fr om a solution to the facility
location problem. MinHopCount minimizes path lengths
and iterati vely estimates the wir eless capacity of each
gateway location. Our second algorithm, MinContention,
is adapted fr om a solution to the uncapacitated k-median
problem and minimizes averagecontention on meshnodes,
i.e. the number of links in contention range of a mesh
node and the number of routes using each link. We
show that our gateway placement algorithms outperform
a greedy heuristic by up to 64% on realistic topologies.
For an example topology, we study the set of all possible
gateway placementsand �nd that there is large capacity
gain betweennear-optimal and optimal placements,but the
near-optimal placementsfound by local search are similar
in con�guration to the optimal.

I . INTRODUCTION

Multi-tier wirelessmeshnetworksarebeingdeployed
in many cities in order to provide ubiquitous Internet
access[5]. A meshnetwork's directionallinks andgate-
way nodesthatconnectthewirelessmeshwith thewired
Internetarecritical capacitypointsastheir locationand
quantitydeterminesthe maximumthroughputsupported
by the network. Namely, the placementof thesepoints
determinesthe hop-lengthof the pathsin the network,
the amountof congestion,and the available bandwidth
to and from the Internet. Prior work has shown how
capacityscalesasymptoticallywith the numberof gate-
ways and nodes [10], but does not consider how to
choosegateway locations in speci�c topologies.Like-
wise, greedyheuristics[4] and local searchoperations
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[14] have beendeveloped for gateway placement,but
neither incorporateswirelesscontentionnor studiesin-
crementaldeployment.

In thispaper, westudythegatewayplacementproblem
and then presentand evaluate two local searchalgo-
rithms.Thegateway placementproblemis relatedto the
facility locationandk-medianproblemsandis NP-hard.
Consequently, we develop local searchapproximation
algorithms in order to 1) provide the ability to apply
local changeswhen incrementallyupgradinga network
without recomputingthe full placement,and2) provide
polynomial time approximationschemes.

First, we proposean ef�cient techniqueto incorpo-
rate the effects of wireless contention and calculate
the gateway-limited fair capacity of a wireless mesh
network. While previouswork providesa computational
framework for capacity [7], we focus here on access
networks without direct client-to-clientcommunication,
i.e., networks in which all traf�c traversesthe gateway.
Thus,capacitypointsnecessarilycarrymoretraf�c than
othermeshnodes,andconsequentlywe de�ne gateway-
limited capacityin termsof the contentionexperienced
at eachgateway. Our calculationsare suitablefor local
searchwherea largespaceof possibleoperationsmustbe
consideredand,for optimizationpurposes,canbe sepa-
ratedinto two components:pathlengthsandcontention.

Wenext presenttwo localsearch-basedgatewayplace-
mentalgorithmsadaptedfrom the facility locationprob-
lem. A key challengeis that the contention at each
gateway dependson the full routing matrix. There-
fore, eachgateway's capacitydependson the locations
of other gateways and cannot be known in advance
of determiningother gateway placements.To address
this challenge,our algorithmsfeaturetwo different ap-
proachesto estimatingthe unknown gateway capacities.
The�rst algorithm,termedMinHopCount, adaptsa local
searchalgorithm for the capacitatedfacility location
problem [13] and iteratively estimatesthe unknown
wirelessgateway capacities.The idea of local searchis
to carefully choosea setof gatewaysto closeandopen
a set of new gateways subject to capacityand budget
constraintsin orderto minimizetheobjective of interest,
i.e. theaveragehopcount.Loweringhopcountgenerally
(but not always) increasescapacity and has the addi-
tional critical propertyof obeying thetriangleinequality.
Thesecondplacementalgorithm,MinContention, adapts
from a solution to the uncapacitatedk-medianfacility



location problemand minimizesthe averagecontention
for all meshnodeswith provableapproximationratio of
3 + � [2], where the � parameterdeterminesaccuracy
and runtime. To minimize contention,we assign link
weights equal to the amount of contentioncausedby
eachlink, consideringcontentionon all nodesinsteadof
only gateways.Further, thelink weightis theunionof the
setof nodesin contentionrangeof eitherendof thelink,
which preservesthetriangleinequalityfor swap()-based
local search.This local searchis similar to open/close
except that a swap must open an equal number of
gateways as it closes.The MinHopCount algorithm is
moregeneralandcanhandlegatewayswith non-uniform
costs,whereasthe MinContentionalgorithmhasa built-
in budget constraint,and therefore retains a provable
constant-factorapproximationratio.

Lastly, we evaluatetheperformanceof our algorithms
in realistic topologies.We �rst validatethat our capac-
ity calculationtechniquescorrectly rank placements,as
comparedto rankingplacementsbasedon measurement
datafrom an operationalurbanmeshnetwork. To com-
pare our placementalgorithms,we perform numerical
simulationson thetopologiesof threecurrentlydeployed
meshnetworks:TechnologyFor All (TFA), Chaska,and
GoogleWiFi.1 We �nd that our local searchalgorithms
perform up to 64% better than a greedyalgorithm and
produceplacementswithin 2% of theoptimalplacement
found via exhaustive search.We also study the degree
of similarity betweengateway placementsusing a hop-
distancemetric that measuresthe amount of change
neededto transformonegateway placementto theother.
We �nd thattherelativedistancebetweentheoptimalso-
lution andnear-optimalsolutionsfoundby localsearchis
small,which indicatesthesuitability of local operations.

The remainderof this paperis structuredas follows.
SectionII introducesour meshcapacitycalculationand
formally de�nesthegatewayplacementproblem.Section
III presentsthe two local searchalgorithmsandSection
IV describesour evaluationof theplacementalgorithms.
SectionV discussesrelatedwork, and then SectionVI
concludes.

I I . ADDING CAPACITY POINTS

In this section,we �rst introducea new techniquefor
calculatingthe gateway-limited fair capacityof a mesh
network. We then formulate the problem of upgrading
the capacityof an existing meshnetwork. For easeof
discussion,we refer to all capacitypointsas“gateways”
whetherthey are a true wireline gateway or a wireless
link that does not interfere with the remaining mesh
network's resources,e.g.,a directionalWiFi or WiMax
link to a wireline gateway (seeTFA for an exampleof
directionalWiFi gateways).

1Seetfa.rice.edu,www.chaska.net,andwi�.google.com.

In this work, we considermulti-tier wireless mesh
networks, consistingof a backhaultier for interconnec-
tion betweenmeshnodes,an accesstier for connection
betweenmeshnodesandclients,anda capacityinjection
tier to wirelesslyconnectthe meshnodesto the wired
Internet. Further, we focus on a single-radio,single-
channelbackhauland accesstier architecture,although
it is a simpleextensionto separateaccesstier contention
and considerdual radio platforms that have a separate
accessand backhaul radio. We let the user-speci�ed
cost of installing a physicalwire or dedicatedwireless
connectionbe differentfor eachlocationandallow non-
uniform capacitiesat eachlocation.

A. Gateway-LimitedFair Capacity

The capacitycalculationcapturesthe impactof wire-
lesscontentionon theutilization of thewirelessmedium
in a computationally ef�cient manner. Our capacity
calculationconsidersaccessnetworks where all traf�c
to andfrom clientsmusttraversea gateway, makingthe
gatewaysbottlenecksin thenetwork.Therefore,wefocus
on the performanceof the gateway nodesin our de�ni-
tion of thegateway-limitedfair capacity. Theadvantages
of this modelover previous,moregeneralcomputational
models[7] are1) exact computationin polynomialtime
(important for evaluating many possible local search
operations)and 2) extensionto local searchalgorithms
by enabling tractable approximationswhich optimize
over oneof two componentsof capacityde�nition: route
lengthsor contention.

A key aspectof our techniquefor calculating ca-
pacity is to model the wirelessinterface of a gateway
as alternating its time between transmitting to one-
hop neighbors,receiving from one-hopneighbors,and
deferringto otherneighborswithin contentionrange.The
time a gateway spendsdeferring to ongoing transmis-
sionsin contentionrangereducesthegateway'savailable
capacity. Therefore,we de�ne the gateway-limitedfair
capacity as a function of the airtime utilization of the
gateways,which dependson theroutesusedandamount
of time the routeslead to a gateway deferring. In this
de�nition, gateway capacityis signi�cantly affectedby
fairness.For example,allocatingall resourcesto one-hop
�o ws andnoneto multi-hop�o ws will yield thegreatest
capacitybut would be undesirableas large portionsof
the network would be non-functional.Consequently, we
imposea per meshnode fairnessconstraint,requiring
thateachmeshnodereceive its fair shareof thewireless
airtime at the gateway nodes.

More formally, let n be the total number of mesh
nodesin the network, andm the total numberof links.
De�ne G as the set of all potential gateway locations,
which is a subsetof M , the set of all mesh nodes.
Mesh node i has a traf�c demandd[i ] that represents
the aggregatedemandof all the end-clientsassociated
with it. We representthe routesusedby eachmeshnode



to reach one or more gateways as a two-dimensional
matrix R , whereR [i; j ] indicatestheamountof nodei 's
demandthat traverseslink j . We designatesrc(i ) asthe
accesstier link for meshnodei andassignR [i; src(i )] =
d[i ]. Our calculationsensurefairnessby requiring that
� d[i ] units of mesh node i 's demandare served by
gateways. The positive-valued � parameteris uniform
for all meshnodesand thereforeleadsto weightedfair
sharesbeingenforced.We scalethedemandswith the �
parametersuchthat they are feasible,and then �nd the
R matrix as solution to a transhipmentproblem opti-
mizing capacity, potentially allowing multipath routing.
We representthe contentioncausedby each link in a
two-dimensionalmatrix I , whereI [i; j ] indicatesif link
j is in contentionrangeof nodei . The I matrix notation
extendsto links that, due to physical layer shadowing,
only causecontentionduring a fraction of time.

Our techniquefor calculatingthe amountof time a
gateway is idle due to contentionproceedsas follows.
A link inducescontentionequalto the numberof mesh
nodesthat cannotbe actively transmittingor receiving
when the link in questionis active. Consequently, the
total contentionon a gateway dependson how many
routesusethe link andhow muchdemandis routedover
thelink. Weusecontentionasasimpli�cation of interfer-
ence,aswe areconcernedspeci�cally with situationsin
which a nodeis forcedto deferdueto eitherconcurrent
transmissionor interference.We assumea perfectMAC
protocolwithout unfairnessor hiddenterminaleffects.

The total contentionon a gateway nodeg 2 G caused
by link j is

P n
i =1 R [i; j ] � I [g; j ]. The total contention

on gateway g, vg is thengiven by:

vg =
mX

j =1

nX

i =1

R [i; j ] � I [g; j ] (1)

The fair wirelesscapacityof a gateway is computed
as follows. Gateway g servicestotal demandsg, which
is the sum of demandson all links incident to gateway
g, denotedby l ink (g):

sg =
nX

i =1

X

j 2 link (g)

R [i; j ] (2)

Expressingthe capacityof gateway g as the amountof
wirelesstime vg requiredto serve sg unitsof time at the
wired interface,ug = sg=vg. Thus, the total gateway-
limited fair capacityis thesumof uj termsfor all j 2 G.

This sum is a lower bound of the actual gateway-
limited capacitydueto potentialdouble-countingof links
in contentionwith the gateway. This may occur if two
links that contendwith a speci�c gateway are not in
contentionwith eachother and can thereforebe active
simultaneously. In this case,the gateway is deferringto
two links at once,whereasour calculationwould count
separatelythe defer time for both links.

B. Gateway PlacementProblem

We refer to theproblemof decidinghow bestto place
a �x ed numberof additionalcapacitypointsin an exist-
ing meshnetwork soasto maximizetheoverall capacity
improvementas the gateway placementproblem. It is
de�ned asfollows.Let G bea (0; 1)-vectorof sizen that
indicateswhethera givenmeshnodei is a capacitypoint
or not. On an operationalmeshnetwork, G[i ] = 1, for
all i 2 G. Let the monetarycostof installing a capacity
point i be f [i ] and the set G0 representthe currently
deployedcapacitypointsWe de�ne thetotal cost,C(G),
of installingnew capacitypointsin themeshnetwork as:

C(G) =
X

8i =2G 0

f [i ] � G [i ]:

We expressthe gateway placementproblemasmaxi-
mizing thenetwork capacitygivena speci�ed budgetfor
addingcapacitypoints. Our formulation contrastswith
previous work ([4] and [14]) which does not directly
accountfor wirelesscontentioneffects or considerthe
needfor upgradingexisting meshdeployments.

Theplacementproblemis dif�cult becauseit requires
simultaneouslysolving three subproblems:1) gateway
selection,2) client assignmentto gateways,and3) route
selection.The approximationschemeswe presentin the
next section use local searchtechniquesto decouple
these subproblems.The algorithms solve (2) and (3)
together(i.e., a transhipmentproblem)in orderto evalu-
atethe effectivenessof all possiblelocal operationsand
therebychooseoperationsthat bestsolve (1).

I I I . SOLVING THE PLACEMENT PROBLEM

Thegateway placementprobleminvolvesmaximizing
capacitydirectly, which can be expressedas an integer
program (IP). We instead propose two local search
basedalgorithms due to the following disadvantages
of an IP: (i) an IP cannot solve the problem exactly
in polynomial time, (ii) prior work has shown that a
simpli�ed version of the problem, capacitatedfacility
location, has an unboundedintegrality gap [12], and
(iii) an IP is not suitablefor online computation,e.g.,
it precludesthe caseof incrementallyaddinggateways
without recomputingthe locationsof every gateway.

Wethereforetakeanalternateapproachof maximizing
capacitywith local searchalgorithms.We presenttwo al-
gorithmsthatoptimizeoneof thetwo majorcomponents
of our capacitycalculation:the size of the routesin R
or the impact of contentionin I on mesh nodes.We
�rst do this by minimizing hop count as a capacitated
facility location problem with budget constraint and
solving with local operationsopen() and close() and
iterative capacity estimation.Our secondapproachis
to minimize averagecontentionas an uncapacitatedk-
medianproblem,solved by local swap() operations.



A. Solvingby Minimizing Hopcount

We �rst review the facility locationproblemandthen
describehow we map the gateway placementproblem.

1) Facility Location Problem: The gateway place-
ment problemis a generalizationof the capacitatedfa-
cility locationproblem[13], which is de�ned asfollows.
Let M beasetof customers,andW beasetof facilities.
Eachcustomeri 2 M hasa demandd[i ]. Eachfacility
j 2 W, has a maximum capacity u[j ] and a facility
cost f [j ]. The cost matrix C[i; j ] representsthe cost
of servingone unit of demandfrom customeri by the
facility j . A facility cansatisfya customerdemandonly
if it is open.Thefacility locationproblemthenis �nding
a setof facilities to open, G, with minimum total cost:

X

j 2G

f [j ] +
X

j 2G ; i 2M

C[i; j ] � X [i; j ]

whereX [i; j ] denotethe fraction of demandfrom cus-
tomer i served by facility j .

In our formulationof thegateway placementproblem,
the facilities map to capacitypoints and the customers
correspondto meshnodes.The key differencesare:

� The wireless capacity of each gateway depends
on nearby contention,which in turn dependson
the placementof other gateways. Therefore, the
capacitiesarenot known a priori becauseit would
requireknowledgeof the �nal placement.

� De�ning a costfunctionfor servingmeshnodei by
gateway j doesnot preserve the triangleinequality.
This costis equalto thefair shareof meshnodei at
gateway j . If thecustomerandfacility costmetrics
do not preserve the triangle inequality, no constant
factorapproximationalgorithmsareknown.

Despitethesedifferences,the local searchalgorithms
developed for the facility location problem apply to
the gateway placementproblem (both differencesare
addressedin our adaptionof the algorithm,asdescribed
later).

2) Local Search Operation: We next describe the
local search algorithm [13] for the facility location
problemin the context of the gateway placementprob-
lem, highlighting modi�cations to accountfor gateway
placementspeci�cs. We denotes asa nodeandT asa
setof nodes,which we describehow to �nd later in this
section.The algorithmcando oneof threeoperationsto
improve the solution:add(s) installsa gateway at node
s, open(s;T ) installsa gateway at nodes andremoves
gatewaysat all nodesin setT , andclose(s;T ) removes
the gateway at nodes andinstallsgatewaysat all nodes
in setT .

Let us refer to the set of available gateway locations
as W, which is a site-speci�c subsetof all meshnode
locations.Let G representthe set of installed gateway
locationsthroughouttheexecutionof thealgorithm,i.e.,
G [i ] = 1, if i 2 G. The local searchalgorithmoperates

as follows. We start with an arbitrary valid gateway
placementand perform one of the three operations,
add() , open() , and close() , to improve the quality
of the solution. To ensurethe algorithm terminatesin
polynomial time, we require that eachstep lowers the
cost by at leastc(S)=p(n; � ), wherep(n; � ) is a chosen
polynomialin n and1=�. Here,� > 0 indicatestheerror
tolerance,andthe algorithm's run time is polynomial in
1=�.

We now review in more detail each local search
operation.Becauseall possiblecombinationsfor set T
cannotbe evaluatedin polynomial time, the algorithm
instead�nds a goodchoicefor the setT asthesolution
to a knapsackproblem,whereT is found as the set of
itemsto put in the knapsack.The operationsproceedas
follows:

� add(s) – For all non-gateway nodess, evaluate
the cost to open a gateway at s 2 W. This cost
evaluationrequiressolving a transhipmentproblem
to �nd optimal routing matrix R for the set of all
installedgateways in G[ f sg.

� open(s;T ) – Install gateway at node s 2 W and
remove gateways in set T � G � f sg, reassigning
meshnodesserved by T to the gateway at s. Note
that gateway s could alreadyhave been installed
with someunusedcapacity.

� close(s;T ) – Remove gateway s 2 G and install a
setof gatewaysT � W � f sg. Thenreassignroutes
destinedto s to gateways in T without any effect
on meshnodesserved by othergateways.

Let M be the setof all meshnodes
Initialize u [i ] valuesto gateway wired capacities
// Note that valid heremeanssatis�es budget

Do f
// Run local searchalgorithmwith u [i ] capacities
Startwith arbitrary, valid solutionG
Do f

Foreachs 2 M
Find valid add(s)
Find valid open(s; T )

whereT is solution to knapsackproblem
with knapsacksizeof u [s]

Find valid close(s; T )
whereT is minimal covering knapsack
with knapsacksizeof u [s]

Calculate� cost for all valid operations
Apply operationto G with best� cost

g while (� cost � C(G )=p(n; � ))
OutputG as locally optimal solution

Calculatecapacitieŝu [i ] of placementG
Updateu cur [i ] to new lower boundif û [i ] < u pr ev [i ])

g while (
P N

i =1 upr ev [i ] � u cur [i ] � � )

OutputG assolution

TABLE I
PSEUDOCODE FOR M INHOPCOUNT ALGORITHM .



3) Adapting MinHopCount: We next describe our
modi�cations to allow the facility location algorithmto
minimize hop count subjectto a budgetconstraintand
gateway capacities.We then describeour techniquefor
iteratively estimatinggateway capacity.

We usehopcountasthecostfunctionin our problem,
which is a �rst-order approximationof the capacity,
i.e. it reducesthe contentionin Eq. 1 by reducingthe
valueof R entries.Another importantadvantageof this
metric is that it preserves the triangle inequality, which
is necessaryfor provable boundson the local search
algorithm's performance.

We alsoadda budgetconstraintto the MinHopCount
algorithm,makingtheproblemwe solvea generalization
of the capacitatedk-median problem (more general
becausewe allow all gateway costs,f [i ], to bedifferent).
While thereareno known constantfactorapproximation
algorithms for the capacitatedk-median problem, we
show through evaluation that the algorithm performs
closeto optimal in realistic topologies(seeSectionIV).

The local searchoperations�nd a placementsubject
to gateway capacityconstraints,but thesegateway ca-
pacitiesarenot known a priori becausethey dependon
thefull gatewayplacement.As shown in Table1, we use
lower boundestimatesfor the gateway capacities,u[i ],
anditeratively updatethegatewaycapacitylowerbounds
after successive runsof the local searchalgorithm.The
algorithmterminateswhenthe currentsumof the lower
bound capacityestimatesucur [i ] doesnot decreaseby
more than user-chosenparameter� from the previous
iteration's estimate,upr ev [i ]. Intuitively, we capturethe
lowerboundcapacityof anear-optimalplacement,which
is a tighterboundthantheworst-caselowerboundsof all
placements.Theruntimeof theMinHopCountalgorithm
is polynomial in 1

� and 1
� .

B. Solvingby Minimizing Contention

Our secondlocal searchalgorithm, MinContention,
�nds the gateway placementthat minimizesthe average
contentionin thenetwork.We �rst describethek-median
problemandreview a local searchalgorithmusinglocal
swap() operations.Second,we discusshow to mapthe
gateway placementproblemto this algorithm suchthat
we �nd theplacementwith thelowestaveragecontention
region size.

1) Thek-MedianProblem: The k-medianproblemis
a variantof the facility locationproblemwherethereare
only a �x ed numberk of facilities that can be opened.
The objective is to minimize the cost of connecting
all clients to a facility. We considerthe uncapacitated
versionof the problemas there is currently no known
constantfactor algorithm for the capacitatedk-median
problem. In contrast,there is a local searchalgorithm
for the uncapacitatedk-medianproblemwith a locality
gapof 3+ 2=p[2], wherethelocality gapis themaximum
difference betweenthe worst local optimum and the

globaloptimumandtheparameterp controlsthenumber
of gateways the algorithm considersfor simultaneous
swapping.This locality gapresultsin an approximation
ratio of 3 + � . This local searchalgorithm is based
on repeatedlyswappingp opengateways for p unopen
gateways until no swaps can improve the solution. A
larger p value leadsto more accurateresultsbut with
exponentialincreasein runningtime.

The main idea of the MinContentionalgorithm is to
install k gateways to minimize the averagecontention
on the meshnodes,which is a function of which links
contendwith eachnodeand how often thoselinks are
usedin routes.As per our de�nition in SectionII, our
actual objective is to minimize the total contentionon
gateways, but we cannot do that becauseit requires
knowing the full gateway placementto correctly as-
sign link weights. We thereforesolve the problem of
minimizing the contention on all nodes as a means
of approximatingthe gateway contentions.Note that
a disadvantageof this algorithm over the previously
discussedMinHopCount algorithm is that it requires
identicalgateway costs.

2) Swap-basedLocal Search: The MinContention
algorithm is summarizedin Table 2. The cost of a
placementis the sum of the active link weights,which
areeachassignedto be the total numberof meshnodes
in contentionrangeof the link. Additionally, we scale
the shortestpaths' weight in proportion to the node's
traf�c demand.This allows us to take client demands
into accountandfavor installinggatewaysnearerto mesh
nodeswith greaterdemand.

Find a feasiblestartingplacementG

Do f
Find all valid swap(S; T )

whereS is setof p gateways to open
andT is set of p gateways to close

Calculate� cost for eachoperation
Apply swapwith largestpositive � cost

g while (� cost � C ( G )
p( n;� ) )

OutputG as locally optimal solution

TABLE II

PSEUDOCODE FOR M INCONTENTION ALGORITHM .

3) Triangle Inequalityfor Contention:In orderfor the
above algorithm to have a provable locality gap of 3 +
2=p, the link weightsmust obey the triangle inequality.
As previously stated,theassignedlink weight is thesize
of theunionof thesetsof nodesin contentionrangewith
eachendpointof the link, which we now show preserves
the triangle inequality.

Considera triangle of threemeshnode locations,a,
b, and c, and the resulting three links betweenthem,
labeledAB , AC , and B C. The contentioncausedby
link AB is lessthan the sumof the contentionof links



AC andB C for the following reason.Let function �()
representthenumberof nodesin contentionwith a node
or link. By de�nition, we have that link AB 's contention
consistsof thenodesin contentionrangeof nodesa and
b, resulting in �( AB ) = �( a) [ �( b). The contention
causedby links AC andB C is (�( a) [ �( c)) + (�( b) [
�( c)) and is smallestwhen node c contendswith no
meshnodes.Thereforethe contentionis lower-bounded
by �( a)+ �( b), which is greaterthanor equalto �( AB ),
ensuringthat the triangle inequality is preserved.

IV. EVALUATION

In this section we examine the performanceof our
placementalgorithms. We �rst examine the proposed
technique for capacity calculation with measurement
data. We next study the algorithms on regular grid
topologiesand then real topologiesthat underlie three
deployed meshnetworks, and �nally study the charac-
teristicsof an optimal placement.

A. Validating CapacityCalculation

We �rst show the ability of our proposedcapacity
calculationtechniqueto accuratelyrank gateway place-
mentsfrom highestto lowesttotal capacity. We compare
our calculationwith measuredthroughputdatafrom the
operationalTFA meshnetwork, in order to show that a
betterplacementasperour capacitycalculationis alsoa
betterplacementas per measurements.TFA is a multi-
tier meshnetwork providing Internetaccessin a densely
populated,single-family residential,urbanneighborhood
with 18 deployed meshnodes[3]. In the topology, two
mesh nodesare connectedif their link is on average
usableat greaterthan1 Mbps.

At the time of theseexperiments,the TFA network,
featuredtwo capacitypoints: gateway GW-A is a true
wireline gateway and gateway GW-B is connectedto
GW-A via a directionallink. We measurethreedifferent
capacitypoint con�gurations: GW-A only, GW-B only,
and both GW-A and GW-B. We observe the network
duringweekdaypeakhoursfor eachof the threecon�g-
urations,eachmeasuredon a subsequentweekday. For
example,on one day, the directionallink was disabled,
makingGW-B a non-gateway meshnode.The measured
throughput is the peak rate (in Mbps) of data �o w
betweenthe TFA network and the Internetover the ob-
served time period.The traf�c measuredis the naturally
occurringusageof the network. The throughputof the
network with bothgatewayspeaksat2.2Mbps.TheGW-
A con�gurationhasa peakthroughputof 1.46Mbpsand
the GW-B con�guration peaksat 610 Kbps. Using our
techniquein SectionII, we calculategateway-limitedfair
capacityof the GW-A-only con�guration as 1.5 Mbps,
the GW-B-only con�guration as 1.35 Mbps, and both
gatewaystogetheras1.75Mbps.Our techniquepredicts
the correct ranking, with the GW-A-only con�guration

achieving 11% greater capacity than the GW-B-only
con�guration. The actual throughputvalues are lower
thanour capacitycalculationsdueto several factorsnot
includedsuchascontroloverhead,MAC unfairness,and
non-backloggedtraf�c sources.

B. Performanceof PlacementAlgorithms

We now studythe performanceof MinHopCountand
MinContention algorithms presentedin SectionsIII-A
and III-B on grid-basedandrealistic topologies.For all
experiments,we consideran 802.11bsystemwith the
single-link wirelessthroughputassumedto be 6 Mbps.
All meshnodelocationsare �x ed andgatewayscan be
installedon any meshnode.We comparethe algorithms
againsta greedy placementstrategy which repeatedly
placesthe gateway that leads to the largest reduction
in averagepath length.

1) Regular Grid Topology: We �rst examine the
placementalgorithmson a 7� 7 regulargrid topology. A
meshnodecommunicatesdirectly with at most4 neigh-
borsandcontendswith all two-hopneighbors.The only
signi�cant distinction betweennodesare thosethat are
on the borders.Figure 1 shows the performanceof the
greedy, MinHopCount,andMinContentionalgorithmsas
a function of how many new capacitypointsareadded.
For a network of this size,we also include the optimal
placementsfound usingbrute force search.
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Fig. 1. Capacityof placementsarrived at by algorithmson a square
grid topologywith 49 meshnodes.

For addingbetweenthreeandsix gateways,the Min-
HopCount and MinContention algorithms �nd place-
ments with capacitiesat least 86% and 77% of the
optimal respectively, while the greedyplacementis at
least72% of the optimal. The MinHopCountalgorithm
performs better in this regular topology becausecon-
tention is uniform, leading to fewer or no situations
wherea greaterhop count leadsto bettercapacity. We
also �nd that the each algorithm sometimesperforms
slightly worsewith more gateways due to the fact that
the hop countand contentionmetricsthey useareonly
a �rst order approximationof the meshcapacity. Note



that, in this topology, the marginal bene�t of each
new gateway decreasesdue to the increasinglevel of
contentionbetweengateways. This effect is signi�cant
as gateways serve the most traf�c and thereforecause
morecontentionthanothermeshnodes.

2) Real-World Topologies: We next consider our
placementalgorithmson thetopologiesof threecurrently
deployed mesh networks: TFA, Chaska,and Google.
Thesetopologiespresenta new challengein that the
connectivity andcontentionmatricesareno longeruni-
form for each mesh node. In these topologies, the
local searchalgorithmshave greatergain over greedy
heuristicsthan in grid topologiesbecausethe irregular
contentionleadsto situationswherelongerroutesresult
in highercapacity. For eachtopology, we �x a numberof
alreadyinstalledgatewaysandfocuson upgradingwith
new gateways.

For theTFA topology, we areableto directly measure
the signal strength betweeneach pair of nodes.The
topologyis thena combinationof this informationwith
empirically measuredcommunication and contention
thresholds.For the Chaskaand Google topologies,we
must estimate the connectivity information with AP
coordinatesandmanufacturer's information,introducing
possibleerrors. While the true connectivity matrix is
not observableexternally, we assumea link exists if the
physicaldistanceis lessthan200 meters.

The �rst deployed topology correspondsto the 195
nodeChaskatopology [1]. We begin with four known
gateways and place additional capacity points in the
network using the greedy, MinHopCount,andMinCon-
tentionalgorithms,plotting the resultsin Figure2. Op-
timal doesnot appearhereasthe network sizeprohibits
exhaustive search.The MinContentionalgorithm typi-
cally performsthebest,up to 64%betterthanthegreedy
placement,becausethe local searchimprovesuponpre-
vious choicesit madeand the algorithm considersthe
amountof contentioncausedby a pathandnot just the
path length. For this topology, the MinHopCount per-
formsup to 30% betterthangreedy, but its performance
becomessimilar to greedy beyond 15 gateways. We
suspectthat theMinHopCount'scapacityestimates,u[i ],
degrade for more than 15 gateways for this topology,
and it is the main reasonthat its performancebecomes
similar to greedy.

The seconddeployed topology consideredin Figure
2 is the 447-node Google Mountain View network.
In this network, we considerthe current con�guration
of 59 gateways and use our algorithms to determine
upgradelocations. MinContention outperformsgreedy
by up to 8%, thoughnot with smallbudgets.Conversely,
MinHopCountperformsbestwith small budgets,but is
approximately10% lower capacity than greedy when
consideringlargerbudgets.This is a resultof our simple
capacityestimationstrategy, which doesnot take into
account contention betweengateways. Note that our

topologyestimationresultsin a conservative andregular
contentionpatternin this topology.
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Fig. 2. Performanceof placementalgorithmson Chaska(top) and
Google(bottom)topologies.

The third deployed topology we consideris the TFA
network expansion,consistingof the currentlydeployed
18 nodesand 35 plannednodes.The current topology
featurestwo capacity points: one wired gateway and
one directional antennaconnection.Figure 3 presents
the resultsof addinga small numberof gatewaysto the
projectedTFA topologywhile holding �x ed the current
two gateways. Also included are the optimal values
found via exhaustive search.
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Fig. 3. Comparisonof MinHopCountandMinContentionalgorithms
with optimal placementfor TFA-projectedtopology.

The local searchalgorithmsclosely approximatethe
optimal solution for the addition of up to 3 gateways;
MinHopCountand MinContentionsolutionsare within
97% and 96% of the optimal. As the budget increases,
the solutionsdecline to as low as 80% of the optimal,
with MinHopCount declining more. Greedy performs
worst with small budgets,but improvesas the marginal
gain of additional gateways declines and allows the
greedy to make up for early suboptimalchoices.The
MinHopCountalgorithmperformsworsewith � ve gate-
waysthanwith four dueto thefactthatiterative capacity



estimation does not directly take into account inter-
gateway contentionand henceMinHopCount doesnot
performaswell whengatewayscontendwith eachother.
In other words, it conservatively chooseslonger paths
so asto ensurethat gateway capacityconstraintsarenot
violated.

In summary, we foundthatour local searchalgorithms
signi�cantly outperform a greedyalgorithm, by up to
64%, and this gain is more pronouncedon irregular
topologies.For small budgets,the algorithms achieve
very close(� 97%) to optimal capacitiesand for larger
budgets,MinContentionperformsbest.

C. TFA PlacementsCaseStudy

We next study in greater detail the TFA network
using an exhaustive study of all possibleplacements.
We �nd that while the best placementshave similar
con�gurations,i.e. roughly the samegateway locations,
thereis a largecapacitygapbetweennear-optimalplace-
ments and the optimal. In other words, the optimal
placementhassigni�cantly highercapacitythana near-
optimal placement,demonstratingthe need for good
approximationalgorithms.Further, the con�guration of
gateways in the optimal placementis similar to a near-
optimal placement,indicating the applicability of local
searchoperationsfor �nding optimal placements.We
consider the case of adding four additional capacity
points in the projectedTFA topology.

1) Distribution of PlacementQuality: We presentin
Figure 4 a histogram of all possible ways to install
four additionalcapacitypoints.Four candidatelocations
have beenchosenbasedon availability of structuresto
mountantennasandwe comparethis manualplacement
with our algorithms.To understandthespaceof possible
placements,Figure 4 is a histogramof the capacities
resulting from all possiblegateway placements,found
via exhaustive search.The averageplacementresultsin
a capacityof 7.7 Mbps with standarddeviation of 1.2
Mbps andthe optimal placementis 11.7 Mbps.

2 4 6 8 10 12
0

0.5

1

1.5

2

2.5

3
x 10

4

Total Mesh Capacity (Mbps)

F
re

qu
en

cy

 

 

All Placements
Optimal
Manual
Greedy
MinHopCount
MinContention

Fig. 4. Histogramof all placementsof 4 new gatewaysin theprojected
TFA topology, alongwith the capacitiesfound by our algorithms.

The differencein capacitybetweenthe meanplace-
ment and the optimal placementis a factor 1:7� , indi-
catingtheneedfor a goodapproximationalgorithm.The
MinHopCount and MinContention algorithms achieve
85% and79% of the optimal con�guration respectively,
whereasthegreedyplacementachieveslessthan60%of
the optimal. Also, MinContentionwith p = 1 gives the
samecapacityas with p = 4 (maximump possiblein
this casebecausep � k.

We alsoconsiderthepercentageof all possibleplace-
mentswith highercapacitythantheplacementarrivedat
by our algorithmsfor this TFA scenario.MinHopCount
achieves 85% of the optimal capacity, but only 0:1%
of all possibleplacementsresult in highercapacity. For
MinContentionandgreedy, approximately1% and15%
of all placementsresult in higher capacityrespectively.
These results demonstratethe importanceof a good
approximationalgorithmastherearelargecapacitygains
due to �nding better placementsfrom among the top
0:1% of all placements.

2) Characterizing Similarity of Placements:In this
section,we examinethe characteristicsof the solutions
found by the local searchalgorithmsin comparisonto
the optimal placement.We de�ne a simple metric to
capturethe amountof similarity betweenany two gate-
way placements:thehop distancebetweenthegateways
in the two placements.The distanceis calculatedas
the minimum hop cost to move the gateways in one
placementto match the gateways in the other. This is
equivalentto a transhipmentproblemwherethedemands
arethecapacitiesof thegatewaysin oneplacement,and
the capacitiescorrespondto the gateways in the second
placement.

Fig. 5. Scatterplot for all possiblegateway placementsin the TFA-
proj topologywith 4 new gateways.

Figure5 plots the rangesof capacitiesobtainedwhen
addingfour additionalgatewaysto the TFA network as
a function of their distancefrom the optimal placement
using this metric. We �nd that there is a strongcorre-
lation betweendistancefrom theoptimal placementand
the capacitywith a correlationcoef�cient of � 0:807. In
other words, the higher capacity placementsare most
likely to be similar in con�guration to the optimal



placement.A carefully designedlocal searchalgorithm
cantake advantageof this similarity to �nd the optimal
placement.In the exampleof addingfour gateways,we
�nd that thedistancebetweenthesecond-bestplacement
andtheoptimalplacementis four hops.This meansthat
thesecond-bestplacementis a minor perturbationof the
bestplacement,andthereforetheoptimalplacementcan
be found from the second-bestplacementwith a local
operationthat movesgatewaysa combinedtotal of four
hops(not four hopspergateway).Both of our algorithms
�nd placementswithin six hopsfrom the optimal.

V. RELATED WORK

A gatewayplacementalgorithmusinga greedyheuris-
tic has beenpresented[4] to serve neighborhoodnet-
works, as well as a local searchalgorithm [14] for
minimizing a combined cost and hop count metric.
Theseapproachesdiffer from ours in that we 1) incor-
porate wireless contention,2) considerdeployed city-
wide meshtopologies,and 3) presenttwo local search
approximationalgorithms,one of which has provable
constant-factor approximationratio. Others developed
generaltechniquesto calculatenetwork capacitieswith
interference[7] and incorporatingmultiple radios and
channels[8]. Thesetechniquesrequiresolvinglinearand
mixedintegerprogramsto �nd upperandlower capacity
bounds. In contrast, we present a simple technique
for exactly calculatinggateway-limited fair capacityin
polynomial time.

The capacityof hybrid wired and wirelessnetworks
hasbeenstudiedin [10], thoughthis studyonly provides
asymptoticboundsand does not addressthe gateway
placementproblem.For regular topologies,[15] studies
the impactof gateway densityon network capacityand
presentstechniquesto calculate connectivity to gate-
ways.

We adaptour algorithmsfrom solutionsto the related
capacitatedfacility location problemand uncapacitated
k-medianproblem. Constant-factor approximationsare
known to exist for theseproblemsusingbothlocalsearch
[2], [13] andLP relaxationmethods[9]. The algorithms
we presentcan be improved with more sophisticated
local searchtechniques[11], [16] that achieve better
approximationratios.For the closelyrelatedcapacitated
k-medianproblem,there is a constant-factor algorithm
with up to 50� violation of capacity constraints[6],
making the algorithmtoo inaccuratefor our purposes.

VI . CONCLUSIONS

We study the gateway placementproblem, �rst in-
troducing a techniqueto ef�ciently computegateway-
limited fair meshcapacityasa functionof thecontention
at eachgateway. We then presenttwo gateway place-
mentalgorithmsadaptedfrom local searchheuristicsfor
relatedfacility location problemswith provable perfor-
manceguarantees.The MinHopCountalgorithm adapts

a local search algorithm for the capacitatedfacility
locationproblemandminimizestheaveragewirelesshop
count for all pathsin the network, iteratively estimating
the gateways' wireless capacities.The MinContention
algorithm is adaptedfrom a solution to the uncapac-
itated k-median problem and minimizes the average
contentionregion size within a provableapproximation
ratio of 3 + � . MinHopCount is more generaland can
handlenon-uniformgatewaycosts,while MinContention
is able to provide better performanceguarantees.Our
numericalresultson threereal topologiesshow that our
algorithms outperform a greedy heuristic and achieve
closeto theoptimalcapacity. Further, we show thatnear-
optimal solutionshave similar gateway con�guration as
theoptimal,but thedifferencein capacityis large,which
supportsthe use of local searchoperationson near-
optimal placements.
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