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Abstract— Wir elessmeshnetwork deploymentsare pop-
ular as a cost-effectve meansto provide broadband con-
nectivity to large user populations. As the network usage
grows, network planners needto 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 placementalgorithm,
MinHopCount, is adapted from a solution to the facility
location problem. MinHopCount minimizes path lengths
and iteratively estimates the wireless capacity of each
gateway location. Our second algorithm, MinContention,
is adapted from a solution to the uncapacitated k-median
problem and minimizes average contention 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 placementsbut the
near-optimal placementsfound by local seaich are similar
in con guration to the optimal.

I. INTRODUCTION

Multi-tier wirelessmeshnetworks are beingdeployed
in mary cities in order to provide ubiquitous Internet
accesg5]. A meshnetwork's directionallinks and gate-
way nodegthat connectthe wirelessmeshwith thewired
Internetare critical capacitypointsastheir locationand
guantity determineghe maximumthroughputsupported
by the network. Namely the placementof thesepoints
determinesthe hop-lengthof the pathsin the network,
the amountof congestionand the available bandwidth
to and from the Internet. Prior work has shavn how
capacityscalesasymptoticallywith the numberof gate-
ways and nodes[10], but does not considerhow to
choosegatavay locationsin speci ¢ topologies.Like-
wise, greedyheuristics[4] and local searchoperations
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[14] have beendevelopedfor gatevay placement,but
neitherincorporateswirelesscontentionnor studiesin-
crementaldeployment.

In this paperwe studythe gatevay placemenproblem
and then presentand evaluate two local searchalgo-
rithms. The gatavay placemenproblemis relatedto the
facility locationandk-medianproblemsandis NP-hard.
Consequentlywe develop local searchapproximation
algorithmsin order to 1) provide the ability to apply
local changeswhenincrementallyupgradinga network
without recomputingthe full placementand 2) provide
polynomialtime approximationschemes.

First, we proposean efcient techniqueto incorpo-
rate the effects of wireless contention and calculate
the gatevay-limited fair capacity of a wireless mesh
network. While previous work providesa computational
frameawork for capacity[7], we focus here on access
networks without direct client-to-clientcommunication,
i.e., networks in which all traf ¢ traversesthe gatavay.
Thus, capacitypointsnecessarilycarry moretraf ¢ than
othermeshnodes,and consequentlyve de ne gatevay-
limited capacityin termsof the contentionexperienced
at eachgatevay. Our calculationsare suitablefor local
searchwherealargespaceof possibleoperationsnustbe
consideredand, for optimizationpurposescan be sepa-
ratedinto two componentspathlengthsand contention.

We next presentwo local search-baseglatavay place-
mentalgorithmsadaptedrom the facility locationprob-
lem. A key challengeis that the contentionat each
gatevay dependson the full routing matrix. There-
fore, eachgatevay's capacitydependson the locations
of other gatevays and cannot be known in adwance
of determiningother gatevay placements.To address
this challenge,our algorithmsfeaturetwo different ap-
proachego estimatingthe unknowvn gatevay capacities.
The rst algorithm,termedMinHopCount adaptsa local
searchalgorithm for the capacitatedfacility location
problem [13] and iteratively estimatesthe unknown
wirelessgatavay capacitiesThe idea of local searchis
to carefully choosea setof gatavaysto closeandopen
a set of new gatavays subjectto capacityand budget
constraintdn orderto minimize the objectve of interest,
i.e.theaveragehopcount.Loweringhop countgenerally
(but not always) increasescapacity and has the addi-
tional critical propertyof obeying the triangleinequality
The secondplacementlgorithm,MinContention adapts
from a solution to the uncapacitateck-medianfacility



location problemand minimizesthe averagecontention
for all meshnodeswith provableapproximatiorratio of
3+ [2], wherethe parameterdeterminesaccurag
and runtime. To minimize contention,we assignlink
weights equal to the amountof contentioncausedby
eachlink, consideringcontentionon all nodesinsteadof
only gatavays.Further thelink weightis theunionof the
setof nodesin contentionrangeof eitherendof thelink,
which preseresthetriangleinequalityfor swap() -based
local search.This local searchis similar to open/close
except that a swap must open an equal number of
gatevays as it closes.The MinHopCount algorithm is
moregeneralandcanhandlegatevayswith non-uniform
costs,whereaghe MinContentionalgorithm hasa built-
in budget constraint,and thereforeretains a provable
constant-&ctorapproximationratio.

Lastly, we evaluatethe performanceof our algorithms
in realistic topologies.We rst validatethat our capac-
ity calculationtechniquescorrectly rank placementsas
comparedo ranking placementdasedon measurement
datafrom an operationalurbanmeshnetwork. To com-
pare our placementalgorithms,we perform numerical
simulationson thetopologiesof threecurrentlydeployed
meshnetworks: TechnologyfFor All (TFA), Chaskaand
GoogleWFi.! We nd that our local searchalgorithms
perform up to 64% betterthan a greedyalgorithm and
produceplacementsvithin 2% of the optimal placement
found via exhaustve search.We also study the degree
of similarity betweengatevay placementsusing a hop-
distance metric that measuresthe amount of change
neededo transformonegatavay placemento the other
We nd thattherelative distancebetweerthe optimal so-
lution andnearoptimalsolutionsfoundby local searchis
small,which indicatesthe suitability of local operations.

The remainderof this paperis structuredas follows.
Sectionll introducesour meshcapacitycalculationand
formally de nesthegatavay placemenproblem.Section
lll presentghe two local searchalgorithmsand Section
IV describesur evaluationof the placementlgorithms.
SectionV discusseselatedwork, and then SectionVI
concludes.

Il. ADDING CAPACITY POINTS

In this section,we rst introducea new techniquefor
calculatingthe gatevay-limited fair capacityof a mesh
network. We then formulate the problem of upgrading
the capacityof an existing meshnetwork. For easeof
discussionwe referto all capacitypointsas“gatenvays”
whetherthey are a true wireline gatavay or a wireless
link that does not interfere with the remaining mesh
network's resourcese.g., a directional WiFi or WiMax
link to a wireline gatevay (seeTFA for an example of
directional WiFi gatavays).

1seetfa.rice.eduwww.chaska.netand wi .google.com.

In this work, we consider multi-tier wireless mesh
networks, consistingof a backhaultier for interconnec-
tion betweenmeshnodes,an accesdier for connection
betweermeshnodesandclients,anda capacityinjection
tier to wirelessly connectthe meshnodesto the wired
Internet. Further we focus on a single-radio, single-
channelbackhauland accesdier architecture although
it is a simpleextensionto separat@ccesgier contention
and considerdual radio platformsthat have a separate
accessand backhaulradio. We let the userspeci ed
cost of installing a physicalwire or dedicatedwireless
connectiorbe differentfor eachlocationandallow non-
uniform capacitiesat eachlocation.

A. Gatevay-LimitedFair Capacity

The capacitycalculationcaptureshe impact of wire-
lesscontentionon the utilization of the wirelessmedium
in a computationally ef cient manner Our capacity
calculation considersaccessnetworks where all trafc
to andfrom clientsmusttraversea gatevay, makingthe
gatevaysbottlenecksn the network. Thereforewe focus
on the performanceof the gatevay nodesin our de ni-
tion of the gatavay-limitedfair capacity The advantages
of this modelover previous, moregeneralcomputational
models[7] are 1) exactcomputationin polynomialtime
(important for evaluating mary possible local search
operations)and 2) extensionto local searchalgorithms
by enabling tractable approximationswhich optimize
over oneof two component®f capacityde nition: route
lengthsor contention.

A key aspectof our techniquefor calculating ca-
pacity is to model the wirelessinterface of a gatevay
as alternating its time between transmitting to one-
hop neighbors,receving from one-hopneighbors,and
deferringto otherneighborswithin contentiorrange.The
time a gatevay spendsdeferringto ongoing transmis-
sionsin contentionrangereduceghe gatevay's available
capacity Therefore,we de ne the gatevay-limited fair
capacity as a function of the airtime utilization of the
gatevays,which depend®on the routesusedandamount
of time the routeslead to a gatevay deferring. In this
de nition, gatevay capacityis signi cantly affected by
fairnessFor example,allocatingall resource$o one-hop
0 ws andnoneto multi-hop o wswill yield the greatest
capacitybut would be undesirableas large portions of
the network would be non-functional.Consequentlywe
imposea per mesh node fairnessconstraint,requiring
thateachmeshnodereceve its fair shareof the wireless
airtime at the gatevay nodes.

More formally, let n be the total number of mesh
nodesin the network, and m the total numberof links.
De ne G asthe setof all potential gatavay locations,
which is a subsetof M, the set of all mesh nodes.
Mesh nodei hasa trafc demandd|i] that represents
the aggrgate demandof all the end-clientsassociated
with it. We representhe routesusedby eachmeshnode



to reachone or more gatevays as a two-dimensional
matrix R, whereR [i; j ] indicatesthe amountof nodei's
demandthattraversedink j . We designatesrc(i) asthe
accestier link for meshnodei andassignR [i; src(i)] =
d[i]. Our calculationsensurefairnessby requiring that

d[i] units of meshnode i's demandare sened by
gatevays. The positive-valued parameteris uniform
for all meshnodesand thereforeleadsto weightedfair
shareseingenforced We scalethe demandswith the
parametersuchthat they are feasible,andthen nd the
R matrix as solution to a transhipmentproblem opti-
mizing capacity potentially allowing multipath routing.
We representthe contentioncausedby eachlink in a
two-dimensionamatrix |, wherel [i; j ] indicatesif link
j is in contentionrangeof nodei. Thel matrix notation
extendsto links that, due to physicallayer shadaving,
only causecontentionduring a fraction of time.

Our techniquefor calculatingthe amountof time a
gatevay is idle due to contentionproceedsas follows.
A link inducescontentionequalto the numberof mesh
nodesthat cannotbe actively transmittingor receving
when the link in questionis active. Consequentlythe
total contentionon a gatevay dependson how mary
routesusethe link andhow muchdemands routedover
thelink. We usecontentiorasa simpli cation of interfer
ence,aswe are concernedpeci cally with situationsin
which a nodeis forcedto deferdueto eitherconcurrent
transmissioror interferenceWe assumea perfectMAC
protocolwithout unfairnessor hiddenterminal effects.

The total gpntentionon a gatevay nodeg 2 G caused
by link j is i”:1 R[i;j] 1[g;j]- The total contention
on gatevay g, vy is thengiven by:

o
Vg = RI[ij]
j=1i=1

gl 1)
The fair wirelesscapacityof a gatavay is computed
asfollows. Gatavay g servicestotal demandsg, which

is the sum of demand=on all links incidentto gatevay
g, denotedby link (g):

X X o
Sq = RI[i;j]
i=1 j2link (g)

)

Expressingthe capacityof gatavay g asthe amountof
wirelesstime vy requiredto sere sy units of time at the
wired interface,ug = sg=Vy. Thus, the total gatavay-
limited fair capacityis the sumof u; termsforallj 2 G.

This sum is a lower bound of the actual gatavay-
limited capacitydueto potentialdouble-countingf links
in contentionwith the gatevay. This may occur if two
links that contendwith a speci c gatevay are not in
contentionwith eachother and can thereforebe active
simultaneouslyin this case the gatevay is deferringto
two links at once,whereasour calculationwould count
separatelthe defertime for both links.

B. Gatewvay PlacementProblem

We referto the problemof decidinghow bestto place
a x ed numberof additionalcapacitypointsin an exist-
ing meshnetwork so asto maximizethe overall capacity
improvementas the gatevay 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 & representthe currently
deployed capacitypointsWe de ne thetotal cost,C(G),
of installing new capacitypointsin the meshnetwork as:

i]

8i2Gy

C(G) = Glil:

We expressthe gatavay placementproblemas maxi-
mizing the network capacitygivena speci ed budgetfor
adding capacity points. Our formulation contrastswith
previous work ([4] and [14]) which doesnot directly
accountfor wirelesscontentioneffects or considerthe
needfor upgradingexisting meshdeployments.

The placemenproblemis dif cult becauseét requires
simultaneouslysolving three subproblems:1) gatevay
selection,2) client assignmento gatevays,and3) route
selection.The approximationschemesve presentin the
next section use local searchtechniquesto decouple
these subproblems.The algorithms solve (2) and (3)
together(i.e., a transhipmenproblem)in orderto evalu-
atethe effectivenesf all possiblelocal operationsand
therebychooseoperationgthat bestsolve (1).

I1l. SOLVING THE PLACEMENT PROBLEM

The gatevay placemenprobleminvolvesmaximizing
capacitydirectly, which canbe expressedas an integer
program (IP). We instead propose two local search
basedalgorithms due to the following disadwantages
of an IP: (i) an IP cannotsolve 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
(i) an IP is not suitablefor online computation,e.g.,
it precludesthe caseof incrementallyadding gatevays
without recomputingthe locationsof every gatavay.

We thereforetake analternateapproactof maximizing
capacitywith local searchalgorithms.We presentwo al-
gorithmsthat optimizeoneof the two major components
of our capacitycalculation:the size of the routesin R
or the impact of contentionin I on meshnodes.We
rst do this by minimizing hop count as a capacitated
facility location problem with budget constraint and
solving with local operationsopen() and closg) and
iterative capacity estimation. Our secondapproachis
to minimize averagecontentionas an uncapacitated-
medianproblem,solved by local swap() operations.



A. Solvingby Minimizing Hopcount

We rst review the facility locationproblemandthen
describehow we mapthe gatevay placementproblem.

1) Facility Location Problem: The gatevay place-
ment problemis a generalizatiorof the capacitateda-
cility locationproblem[13], which is de ned asfollows.
LetM beasetof customersandW bea setof facilities.
Eachcustomer 2 M hasa demandd[i]. Eachfacility
i 2 W, hasa maximum capacityu[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
fol+ Chirjl X[ j]
i 2G j2G; i2m
where X [i; j ] denotethe fraction of demandfrom cus-
tomeri sened by facility j .
In our formulationof the gatavay placemenproblem,

the facilities map to capacitypoints and the customers
correspondo meshnodes.The key differencesare:

The wireless capacity of each gatavay depends
on nearby contention,which in turn dependson

the placementof other gatevays. Therefore,the

capacitiesare not known a priori becauset would

requireknowledgeof the nal placement.

De ning a costfunctionfor servingmeshnodei by

gatavayj doesnot presere the triangleinequality

This costis equalto the fair shareof meshnodei at

gatevay | . If the customerandfacility costmetrics
do not presere the triangle inequality no constant
factor approximationalgorithmsare known.

Despitethesedifferencesthe local searchalgorithms
developed for the facility location problem apply to
the gatevay placementproblem (both differencesare
addressedh our adaptionof the algorithm,asdescribed
later).

2) Local Seach Opemtion: We next describethe
local searchalgorithm [13] for the facility location
problemin the contet of the gatavay placementprob-
lem, highlighting modi cations to accountfor gatavay
placementspeci cs. We denotes asa nodeandT asa
setof nodeswhich we describehow to nd laterin this
section.The algorithmcando one of threeoperationgo
improve the solution: add(s) installsa gatevay at node
s, open(s; T) installsa gatavay at nodes andremoves
gatevaysat all nodesin setT, andclosg(s; T) removes
the gatavay at nodes andinstallsgatevaysat all nodes
in setT.

Let us refer to the set of available gatavay locations
as W, which is a site-speci ¢ subsetof all meshnode
locations.Let G representhe set of installed gatavay
locationsthroughoutthe executionof the algorithm,i.e.,
GJ[i] = 1, if i 2 G. The local searchalgorithm operates

as follows. We start with an arbitrary valid gatevay
placementand perform one of the three operations,
add(), open(), and closeg), to improve the quality
of the solution. To ensurethe algorithm terminatesin

polynomial time, we require that each step lowers the
costby at leastc(S)=p(n; ), wherep(n; ) is a chosen
polynomialin n and1= . Here, > 0 indicatesthe error
toleranceandthe algorithm's run time is polynomialin

1=.

We now review in more detail each local search
operation.Becauseall possiblecombinationsfor setT
cannotbe evaluatedin polynomial time, the algorithm
instead nds a goodchoicefor thesetT asthe solution
to a knapsackproblem,whereT is found asthe set of
itemsto put in the knapsackThe operationgproceedas
follows:

add(s) — For all non-gatevay nodess, evaluate
the costto opena gatavay at s 2 W. This cost
evaluationrequiressolving a transhipmenproblem
to nd optimal routing matrix R for the setof all

installedgatevaysin G[ fsg.

open(s;T) — Install gatavay at nodes 2 W and
remove gatavaysin setT G fsg, reassigning
meshnodessened by T to the gatavay at s. Note

that gatavay s could already have beeninstalled
with someunusedcapacity

closgs; T) — Remore gatavay s 2 G andinstall a

setof gatavaysT W fsg. Thenreassigrroutes
destinedto s to gatavaysin T without ary effect

on meshnodessened by other gatavays.

Let M bethe setof all meshnodes
Initialize u[i] valuesto gatevay wired capacities
/I Note that valid heremeanssatis es budget

Do f
/I Runlocal searchalgorithmwith u[i] capacities
Startwith arbitrary valid solution G
Do f
Foreachs 2 M
Find valid add(s)
Find valid open(s; T)
whereT is solutionto knapsackproblem
with knapsacksize of u[s]
Find valid close(s; T)
whereT is minimal covering knapsack
with knapsacksize of u[s]
Calculate costfor all valid operations
Apply operationto G with best cost
g while (  cost C(G)=p(n; ))
OutputG aslocally optimal solution

Calculatecapacitiei[i] of placemeniG
Updately cur [i] to new lower boundif Q[i] < uprev[i])

g while ( iN=1 Uprevli] ucur [i] )

OutputG assolution

TABLE |
PSEUDOCODE FOR MINHOPCOUNT ALGORITHM.



3) Adapting MinHopCount: We next describe our
modi cations to allow the facility location algorithmto
minimize hop count subjectto a budgetconstraintand
gatevay capacitiesWe then describeour techniquefor
iteratively estimatinggatevay capacity

We usehop countasthe costfunctionin our problem,
which is a rst-order approximationof the capacity
i.e. it reducesthe contentionin Eqg. 1 by reducingthe
valueof R entries.Anotherimportantadvantageof this
metric is thatit preseresthe triangle inequality which
is necessaryfor provable boundson the local search
algorithm's performance.

We alsoadd a budgetconstraintto the MinHopCount
algorithm,makingthe problemwe solve a generalization
of the capacitatedk-median problem (more general
becauseave allow all gatavay costs f[i], to be different).
While thereareno known constanfactorapproximation
algorithms for the capacitatedk-median problem, we
shav through evaluation that the algorithm performs
closeto optimalin realistictopologies(seeSectionlV).

The local searchoperationsnd a placementsubject
to gatevay capacity constraints,but thesegatevay ca-
pacitiesare not known a priori becausdhey dependon
thefull gatevay placementAs shavn in Tablel1, we use
lower bound estimatedor the gatevay capacities,u[i],
anditeratively updatethe gatevay capacitylower bounds
after successie runs of the local searchalgorithm. The
algorithmterminateswhenthe currentsumof the lower
bound capacityestimatesuq, [i] doesnot decreaseby
more than userchosenparameter from the previous
iteration's estimate,up ev[i]. Intuitively, we capturethe
lower boundcapacityof a nearoptimalplacementywhich
is atighterboundthanthe worst-casdower boundsof all
placementsTheruntime of the MinHopCountalgorithm
is polynomialin  and %,

B. Solvingby Minimizing Contention

Our secondlocal searchalgorithm, MinContention,
nds the gatavay placementhat minimizesthe average
contentionin thenetwork. We rst describehek-median
problemandreview alocal searchalgorithmusinglocal
swap() operationsSecondwe discusshow to mapthe
gatevay placementproblemto this algorithm suchthat
we nd theplacementvith 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 clientsto a facility. We considerthe uncapacitated
versionof the problemas thereis currently no known
constantfactor algorithm for the capacitatedk-median
problem.In contrast,thereis a local searchalgorithm
for the uncapacitated-medianproblemwith a locality
gapof 3+ 2=p[2], wherethelocality gapis themaximum
difference betweenthe worst local optimum and the

globaloptimumandthe parametep controlsthe number
of gatevays the algorithm considersfor simultaneous
swapping.This locality gapresultsin an approximation
ratio of 3+ . This local searchalgorithm is based
on repeatedlyswappingp opengatevaysfor p unopen
gatevays until no swaps can improve the solution. A
larger p value leadsto more accurateresults but with
exponentialincreasein runningtime.

The main idea of the MinContentionalgorithmis to
install k gatevays 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 Sectionll, our
actual objective is to minimize the total contentionon
gatevays, but we cannotdo that becauseit requires
knowing the full gatevay placementto correctly as-
sign link weights. We therefore solve the problem of
minimizing the contentionon all nodesas a means
of approximatingthe gatevay contentions.Note that
a disadwantageof this algorithm over the previously
discussedMinHopCount algorithm is that it requires
identical gatavay costs.

2) Swap-basedLocal Seach: The MinContention
algorithm is summarizedin Table 2. The cost of a
placements the sum of the active link weights,which
are eachassignedo be the total numberof meshnodes
in contentionrangeof the link. Additionally, we scale
the shortestpaths' weight in proportionto the nodes
trafc demand.This allows us to take client demands
into accountandfavor installinggatevaysnearetto mesh
nodeswith greaterdemand.

Find a feasiblestartingplacemeniG

Do f
Find all valid swap(S;T)
whereS is setof p gatavaysto open
andT is setof p gatevaysto close
Calculate costfor eachoperation
Apply swapwith largestpositve
g while ( cost C(n‘.s) )
OutputG aslocally optimal solution

cost

TABLE Il
PSEUDOCODE FOR MINCONTENTION ALGORITHM.

3) Triangle Inequalityfor Contention:In orderfor the
above algorithmto have a provablelocality gap of 3 +
2=p, the link weightsmustobey the triangle inequality
As previously stated the assignedink weightis the size
of theunion of the setsof nodesin contentionrangewith
eachendpointof thelink, which we now shav preseres
the triangle inequality

Considera triangle of three meshnodelocations,a,
b, and ¢, and the resulting three links betweenthem,
labeled AB, AC, and BC. The contentioncausedby
link AB is lessthanthe sum of the contentionof links



AC andBC for the following reason.Let function ()
representhe numberof nodesin contentionwith a node
or link. By de nition, we have thatlink AB 's contention
consistsof the nodesin contentionrangeof nodesa and
b, resultingin ( AB) = (a) [ (b). The contention
causedy links AC andBC is(( a)[ (o) + ((b]
( ¢)) andis smallestwhen node ¢ contendswith no
meshnodes.Thereforethe contentionis lower-bounded
by (a)+ ( b), whichis greaterthanor equalto ( AB),
ensuringthat the triangle inequality is presered.

IV. EVALUATION

In this sectionwe 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 Capacity Calculation

We rst showv the ability of our proposedcapacity
calculationtechniqueto accuratelyrank gatevay place-
mentsfrom highestto lowesttotal capacity We compare
our calculationwith measuredhroughputdatafrom the
operationalTFA meshnetwork, in orderto shav thata
betterplacementsperour capacitycalculationis alsoa
betterplacementas per measurements[FA is a multi-
tier meshnetwork providing Internetaccessn a densely
populatedsingle-family residential urbanneighborhood
with 18 deployed meshnodes[3]. In the topology, two
mesh nodesare connectedif their link is on average
usableat greaterthan 1 Mbps.

At the time of theseexperiments,the TFA network,
featuredtwo capacity points: gatavay GW-A is a true
wireline gatevay and gatevay GWB is connectedto
GWA via a directionallink. We measurghreedifferent
capacity point con gurations: GW-A only, GW-B only,
and both GWA and GWB. We obsene the network
during weekdaypeakhoursfor eachof the threecon g-
urations,eachmeasuredn a subsequentveekday For
example,on one day, the directionallink was disabled,
making GW-B a non-gatevay meshnode.The measured
throughputis the peak rate (in Mbps) of data ow
betweenthe TFA network andthe Internetover the ob-
senedtime period. The traf c measureds the naturally
occurringusageof the network. The throughputof the
network with bothgatevayspeaksat 2.2 Mbps. The GW
A con guration hasa peakthroughputof 1.46 Mbps and
the GWB con guration peaksat 610 Kbps. Using our
techniqudn Sectionll, we calculategatavay-limitedfair
capacityof the GW-A-only con guration as 1.5 Mbps,
the GWB-only con guration as 1.35 Mbps, and both
gatevaystogetheras1.75Mbps. Our techniquepredicts
the correctranking, with the GWA-only con guration

achieving 11% greater capacity than the GW-B-only
con guration. The actual throughputvalues are lower
thanour capacitycalculationsdueto several factorsnot
includedsuchascontrol overhead MAC unfairnessand
non-backloggedrafc sources.

B. Performanceof PlacementAlgorithms

We now studythe performanceof MinHopCountand
MinContention algorithms presentedn Sectionslll-A
andlll-B on grid-basedand realistic topologies.For all
experiments,we consideran 802.11bsystemwith the
single-link wirelessthroughputassumedo be 6 Mbps.
All meshnodelocationsare x ed and gatavays can be
installedon any meshnode.We comparethe algorithms
againsta greedy placementstratgyy which repeatedly
placesthe gatevay that leadsto the largest reduction
in averagepathlength.

1) Regular Grid Topolagy: We rst examine the
placemenglgorithmsona7 7 regulargrid topology A
meshnodecommunicateslirectly 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 mary new capacitypointsare added.
For a network of this size,we also include the optimal
placementsound using brute force search.
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Fig. 1. Capacityof placementsarrived at by algorithmson a square
grid topologywith 49 meshnodes.

For addingbetweenthreeand six gatavays, the Min-
HopCount and MinContention algorithms nd place-
ments with capacitiesat least 86% and 77% of the
optimal respectiely, while the greedy placementis at
least72% of the optimal. The MinHopCountalgorithm
performs better in this regular topology becausecon-
tention is uniform, leading to fewer or no situations
where a greaterhop countleadsto bettercapacity We
also nd that the eachalgorithm sometimesperforms
slightly worse with more gatevays due to the fact that
the hop countand contentionmetricsthey useare only
a rst orderapproximationof the meshcapacity Note



that, in this topology the mamginal benet of each
new gatevay decreaseslue to the increasinglevel of

contentionbetweengatavays. This effect is signi cant

as gatavays sene the mosttrafc and thereforecause
more contentionthan other meshnodes.

2) Real-VWrld Topologies: We next consider our
placemenalgorithmsonthetopologiesof threecurrently
deploed mesh networks: TFA, Chaska,and Google.
Thesetopologiespresenta new challengein that the
connectvity and contentionmatricesare no longer uni-
form for each mesh node. In these topologies, the
local searchalgorithmshave greatergain over greedy
heuristicsthanin grid topologiesbecausehe irregular
contentionleadsto situationswherelongerroutesresult
in highercapacity For eachtopology we x anumberof
alreadyinstalledgatevays and focus on upgradingwith
new gatevays.

For the TFA topology we areableto directly measure
the signal strength betweeneach pair of nodes. The
topologyis thena combinationof this informationwith
empirically measuredcommunicationand contention
thresholds.For the Chaskaand Google topologies,we
must estimate the connectvity information with AP
coordinatesand manufcturers information,introducing
possible errors. While the true connectvity matrix is
not obsenable externally, we assumea link existsif the
physicaldistanceis lessthan 200 meters.

The rst deployed topology correspondso the 195
node Chaskatopology [1]. We begin with four known
gatevays and place additional capacity points in the
network usingthe greedy MinHopCount,and MinCon-
tention algorithms,plotting the resultsin Figure 2. Op-
timal doesnot appeathereasthe network size prohibits
exhaustve search.The MinContention algorithm typi-
cally performsthe best,up to 64% betterthanthe greedy
placementpbecausehe local searchimprovesupon pre-
vious choicesit madeand the algorithm considersthe
amountof contentioncausedby a pathand not just the
path length. For this topology, the MinHopCount per
forms up to 30% betterthangreedy but its performance
becomessimilar to greedy beyond 15 gatevays. We
suspecthatthe MinHopCounts capacityestimatesu([i],
degradefor more than 15 gatevays for this topology
andit 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 gatavays and use our algorithmsto determine
upgradelocations. MinContention outperformsgreedy
by up to 8%, thoughnot with smallbudgets.Corversely
MinHopCountperformsbestwith small budgets,but is
approximately10% lower capacity than greedy when
consideringarger budgets.This is aresultof our simple
capacity estimationstrateyy, which doesnot take into
account contention between gatevays. Note that our

topologyestimationresultsin a conserative 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 currenttopology
featurestwo capacity points: one wired gatevay and
one directional antennaconnection.Figure 3 presents
the resultsof addinga small numberof gatevaysto the
projectedTFA topologywhile holding x ed the current
two gatevays. Also included are the optimal values
found via exhaustve search.

12H o' Greedy
—o— MinHopCount
111 - ® - MinContention|
-=- Optimal

Total Mesh Capacity (Mbps)
o

2 3 4
Additional Capacity Points Added

Fig. 3. Comparisorof MinHopCountand MinContentionalgorithms
with optimal placementfor TFA-projectedtopology

The local searchalgorithmsclosely approximatethe
optimal solution for the addition of up to 3 gatevays;
MinHopCountand MinContentionsolutionsare within
97% and 96% of the optimal. As the budgetincreases,
the solutionsdeclineto aslow as 80% of the optimal,
with MinHopCount declining more. Greedy performs
worst with small budgets,but improvesasthe maminal
gain of additional gatevays declines and allows the
greedyto make up for early suboptimalchoices.The
MinHopCountalgorithm performsworsewith ve gate-
waysthanwith four dueto thefactthatiterative capacity



estimation does not directly take into accountinter-
gatevay contentionand henceMinHopCount doesnot
performaswell whengatevayscontendwith eachother
In other words, it conseratively choosesonger paths
so asto ensurethat gatevay capacityconstraintsare not
violated.

In summarywe foundthatourlocal searchalgorithms
signi cantly outperforma greedy algorithm, by up to
64%, and this gain is more pronouncedon irregular
topologies. For small budgets,the algorithms achiese
very close( 97%) to optimal capacitiesandfor larger
budgets,MinContentionperformsbest.

C. TFA PlacementaseStudy

We next study in greater detail the TFA network
using an exhaustie study of all possible placements.
We nd that while the best placementshave similar
con gurations,i.e. roughly the samegatevay locations,
thereis a large capacitygapbetweemearoptimal place-
ments and the optimal. In other words, the optimal
placementassigni cantly higher capacitythana near
optimal placement,demonstratingthe need for good
approximationalgorithms.Further the con guration of
gatevaysin the optimal placementis similar to a near
optimal placement,ndicating the applicability of local
searchoperationsfor nding optimal placementsWe
consider the case of adding four additional capacity
pointsin the projectedTFA topology

1) Distribution of PlacementQuality: We presentin
Figure 4 a histogramof all possibleways to install
four additionalcapacitypoints. Four candidatdocations
have beenchosenbasedon availability of structuresto
mountantennasandwe comparethis manualplacement
with our algorithms.To understandhe spaceof possible
placementsFigure 4 is a histogramof the capacities
resulting from all possiblegatevay placementsfound
via exhaustve search.The averageplacementresultsin
a capacityof 7.7 Mbps with standarddeviation of 1.2
Mbps and the optimal placementis 11.7 Mbps.
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Fig.4. Histogramof all placement®f 4 new gatevaysin theprojected
TFA topology alongwith the capacitiesfound by our algorithms.

The differencein capacitybetweenthe meanplace-
mentand the optimal placementis a factor 1.7 , indi-
catingthe needfor a goodapproximatioralgorithm.The
MinHopCount and MinContention algorithms achieve
85% and 79% of the optimal con guration respectiely,
whereaghe greedyplacementchiereslessthan60% of
the optimal. Also, MinContentionwith p = 1 givesthe
samecapacityas with p = 4 (maximump possiblein
this casebecause k.

We alsoconsiderthe percentag®f all possibleplace-
mentswith highercapacitythanthe placementrrived at
by our algorithmsfor this TFA scenarioMinHopCount
achieves 85% of the optimal capacity but only 0:1%
of all possibleplacementsesultin higher capacity For
MinContentionand greedy approximatelyl% and 15%
of all placementgesultin higher capacityrespectiely.
These results demonstratethe importanceof a good
approximatioralgorithmastherearelarge capacitygains
due to nding better placementsfrom amongthe top
0:1% of all placements.

2) Characterizing Similarity of Placements:In this
section,we examinethe characteristicof the solutions
found by the local searchalgorithmsin comparisonto
the optimal placement.We de ne a simple metric to
capturethe amountof similarity betweenary two gate-
way placementsthe hop distancebetweenthe gatavays
in the two placements.The distanceis calculatedas
the minimum hop cost to move the gatevays in one
placementto matchthe gatevaysin the other This is
equivalentto a transhipmenproblemwherethe demands
arethe capacitiesof the gatavaysin oneplacementand
the capacitiescorrespondo the gatavaysin the second
placement.

Fig. 5. Scatterplot for all possiblegatavay placementsn the TFA-
proj topologywith 4 new gatevays.

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



placementA carefully designedocal searchalgorithm
cantake adwantageof this similarity to nd the optimal
placementin the exampleof addingfour gatavays,we
nd thatthedistancebetweerthe second-begplacement
andthe optimal placements four hops.This meanghat
the second-begplacemenis a minor perturbationof the
bestplacementandthereforethe optimal placementan
be found from the second-besplacementwith a local
operationthat movesgatevaysa combinedtotal of four
hops(not four hopspergatavay). Both of our algorithms
nd placementswithin six hopsfrom the optimal.

V. RELATED WORK

A gatavay placemenalgorithmusinga greedyheuris-
tic has beenpresented4] to sene neighborhoodnet-
works, as well as a local searchalgorithm [14] for
minimizing a combined cost and hop count metric.
Theseapproachedgliffer from oursin that we 1) incor-
porate wireless contention,2) considerdeployed city-
wide meshtopologies,and 3) presenttwo local search
approximationalgorithms, one of which has provable
constant-fctor approximationratio. Others developed
generaltechniquego calculatenetwork capacitieswith
interference[7] and incorporatingmultiple radios and
channelq8]. Thesetechniquesequiresolvinglinearand
mixedinteger programgo nd upperandlower capacity
bounds. In contrast, we presenta simple technique
for exactly calculatinggatevay-limited fair capacityin
polynomialtime.

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

We adaptour algorithmsfrom solutionsto the related
capacitatedacility location problemand uncapacitated
k-median problem. Constant-fctor approximationsare
known to exist for theseproblemsusingbothlocal search
[2], [13] andLP relaxationmethodg9]. The algorithms
we presentcan be improved with more sophisticated
local searchtechniques[11], [16] that achiee better
approximatiorratios. For the closelyrelatedcapacitated
k-medianproblem,thereis a constant-fctor algorithm
with up to 50 violation of capacity constraints[6],
making the algorithmtoo inaccuratefor our purposes.

VI. CONCLUSIONS

We study the gatevay placementproblem, rst in-
troducing a techniqueto efciently computegatavay-
limited fair meshcapacityasa function of the contention
at eachgatevay. We then presenttwo gatevay place-
mentalgorithmsadaptedrom local searchheuristicsfor
relatedfacility location problemswith provable perfor
manceguaranteesThe MinHopCountalgorithm adapts

a local search algorithm for the capacitatedfacility

locationproblemandminimizesthe averagewirelesshop
countfor all pathsin the network, iteratively estimating
the gatevays' wireless capacities.The MinContention
algorithm is adaptedfrom a solution to the uncapac-
itated k-median problem and minimizes the average
contentionregion size within a provable approximation
ratio of 3+ . MinHopCountis more generaland can
handlenon-uniformgatavay costs,while MinContention
is able to provide better performanceguaranteesOur

numericalresultson threereal topologiesshav that our

algorithms outperform a greedy heuristic and achiese

closeto the optimal capacity Further we shov thatnear

optimal solutionshave similar gatevay con guration as
the optimal, but the differencein capacityis large,which

supportsthe use of local searchoperationson near

optimal placements.
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