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Abstract

This paper studiesthe use of pricing as an incentive
mechanismto encourage private, self-interestednodesto
participate in a public wirelessmeshnetworkand coop-
erate in the packet forwarding service. Our focus is on
the “economicbehavior” of the networknodes—thepric-
ing and purchasingstrategiesof theaccesspoint, wireless
relayingnodes,andclients. We usea “game theoretic ap-
proach” to analyzetheir interactionsfromone-hopto multi-
hopnetworkandwhenthenetworkhasanunlimitedor lim-
ited channelcapacity. We showthat the accesspoint and
relaying wirelessnodeswill adopt a simple, yet optimal,
�xed-rate pricing strategy in a multi-hopnetworkwith an
unlimitedcapacity. Yet, the �xed-ratepricing strategy fails
to beoptimal in the limited capacitycase. To this end,we
focuson theaccesspointadoptinga morepractical “�xed-
rate, non-interruptedservice” modelandproposean algo-
rithm basedon theMarkoviandecisiontheoryto devisethe
optimalpricing strategy.

1 Intr oduction

Thegrowing interestof wirelessmeshnetwork technol-
ogy togetherwith the growing popularityof wirelessnet-
work devicesat homes,of�ces andpublic placesinducea
vision thatwhenwirelessmeshnetwork is deployedin the
public,we would have nearlyubiquitouswirelesscoverage
in urbanareas.Yet an importantquestionleft unanswered
is why privateaccesspointsandwirelessnodeswould par-
ticipatein a public meshnetwork andact in a cooperative
manner. Connectivity in a meshnetwork relies on nodes
forwardingpacketsfor eachother, but relayingpacketsin-
curscoststo anode,in termsof reducedbandwidth,energy
consumption,potentialsecurityrisks, etc. In community
meshnetworks,cooperationcanbeassumed,but in thepub-
lic domain,nodesin thenetwork will beself-interested,or
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economicallyrational. Without incentives,we shouldnot
assumethesenodesto cooperate.

In this work, we study the useof pricing as a mecha-
nismto encourageparticipationandcooperationin apublic
meshnetwork. As objectivesof most nodeswould be to
accessthe Internet,we take “ Internetaccess” asa service,
andhenceaccesspointsaretheservicesellers.Any down-
streamwirelessnodesmay purchasethis service,for her
own consumption,or for resellingit to nodesfurtherdown-
stream.Transactionsinvolvedmustbeon a per-accessba-
sis,usingtechnologysuchasthePayWord micro-payment
scheme[11, 9], which minimizesthetransactionoverhead.
Monthly prepaymentschemeor the like is impossibleas
nodeshereconcernedarenot reliableto provide consistent
servicein the long run. By this accessprovision business,
participatingnodesgeneraterevenueto compensatetheir
costsfor packet forwarding. We investigatethe economic
behavior of differentnodesin thenetwork. In particular, we
seekto answerthesequestions:

� How will theaccesspointanddifferentwirelessrelay-
ing nodessettheir pricesfor theservice?

� Will their optimal pricing schemesbe complicated,
suchasthe accesspoint charging a �oating ratewith
time,whichmaydiscourageclientsfor theservice?

� Doesthe pricing mechanismrequiresthird-party su-
pervision?

We believe answersto thesequestionswill shedlight into
thedeploymentof publicwirelessmeshnetworks.

Our analysisadoptsa gametheoreticapproachto �nd
out the strategies that the accesspoints, relaying wireless
nodes,andclientswill play throughoutthebargainingpro-
cessat equilibrium. We focuson meshnetworks in which
thereis a single accesspoint having the Internetconnec-
tivity, and every wirelessclient hasa single path toward
this accesspoint. Figure1 shows threeexamplesof such
a tree-like network. We differentiatetwo casesin this set-
ting: (1) thewirelessnetwork andtheaccesspoint's wired
uplink to theInternethaveanunlimitedcapacity(or theca-
pacity is suf�ciently large to satisfyall demands);(2) the
network hasa limited capacity. In eachcase,we �rst look
at a one-hopnetwork depictedin Figure1(a), in which all



(a)One-hopwirelessnetwork (b) Two-hopwirelessnetwork (c) Multi-hop wirelessnetwork
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Figure 1. Various wireless mesh netw orks analyzed in this paper

clientscanreachthe accesspoint directly; thenwe extend
it to the multi-hop caseasin Figure1(c), in which clients
haveto routethroughnumerousrelayingwirelessnodes,or
resellers,to the accesspoint, in orderto receive the Inter-
netaccessservice.Notethattheone-hopcaseandtwo-hop
case(Figure1(b)) undertheunlimitedcapacityassumption
are�rst studiedin theseminalwork by MusacchioandWal-
rand [10]. Studyingpricing underthe unlimited capacity
assumptionis worthwhile,asit providesasymptoticresults
as the wired and wirelessnetwork capacitygo abundant,
whichcanbeforeseendueto technologymaturity. Thelim-
itedcapacitymodeloffersamorerealisticinvestigation,and
weexpecttheaccesspoint to playaratherdifferentstrategy
whenshecanonly sell her serviceto a limited numberof
clients. Adopting a tree-like network modelsimpli�es the
problemandprovidesusthebasicpricingstructurein wire-
lessmeshnetworks.

The contributionsof this work are summarizedas fol-
lows. First, we generalizethemodelin [10] andshow that
it is only a specialcasewhenthenetwork hasanunlimited
capacity, or equivalently, hasan adequatesupplyof band-
width to meetall demandsfrom clients.Theelegantresults
in the unlimited capacitymodel—theaccesspoint andre-
sellerscharging a “ �xed rate” at all time—nolongerapply
in the limited capacitycase.Secondly, we extendthe two-
hop caseof the unlimited capacitymodel in [10] to study
multi-hopnetworksin general.Third, in view of the�x ed-
ratepricing strategy beingnon-optimalwhenthe network
hasalimited capacity, weproposeamorepracticalcharging
policy, the `�xed-rate, non-interruptedservice”, for wire-
lessInternetaccess.Underthis policy, we usethe policy-
iterationmethodfrom theMarkoviandecisiontheoryto de-
vise the optimal pricing strategy of the accesspoint. The
algorithmis madeapplicableto both theone-hopcaseand
themulti-hopcaseof thelimited capacitymodel.

Thebalanceof this paperis asfollows. In Section2 we
discussbackgroundandrelatedresultsin [10], forming the
basisof our work. In Section3 we extend the unlimited
capacitymodelto themulti-hopcaseby proposinganequi-

librium strategy pro�le. In Section4 weinvestigatethelim-
ited capacitymodel,showing the previous equilibrium no
longerholds,thenwepresentthe�x ed-rate,non-interrupted
servicemodelanddevisetheoptimalpricingstrategy of the
accesspointusingtheMarkoviandecisiontheory. We�nish
thesectionwith ananalysisof themulti-hopcase.Section
5 concludes.

2 RelatedWork and Background

While pricing in computernetwork hasbeenreceiving
muchattentionfrom thecommunityfor years,only recently
studyhasbeenconductedon wirelessnetwork, which has
differentcharacteristicsfrom traditionalwirednetwork. For
wired network, researchersmainly focus on pricing as a
mechanismfor admissionand congestioncontrol [8, 5],
while our work focuseson pricing as an incentive sys-
tem andthe relatedeconomicissuesof wirelessnetworks.
Amongthepublishedresultsfocusingonwirelessnetwork,
the most relatedonesto our work are [10, 2, 1, 12]. In
[10], authorsonly studythepricing issueundertheunlim-
ited capacityassumption.In [2], authorsstudythepricing
of wirelessnetworkbutwith theemphasisonsearchingfor a
strategy-proofpricing mechanism.It providesonly limited
analysisapartfrom simple�x ed-ratepricing. In [1], authors
adopta demand-and-supplyframework to analyzepricing
dynamicsin two-hop networks with one or more service
providers.In contrast,our work focusesonmonopolymar-
ketsin multi-hopnetworksandstudiesthestrategic behav-
ior of theaccesspoint,relayingnodesandclientswhichtar-
get at payoff maximizationbasedon their underlyingutil-
ity functions.In [12], authorsinvestigatepricing in general
wirelesscommunicationnetwork andaddressperformance
issues.Our work placestheproblemscenarioin a wireless
meshnetwork and studiespricing as an incentive mecha-
nismto stimulateparticipationandcooperation.

The seminal work by Musacchio and Walrand [10]
presentsthe economicbehavior of wirelessnodesundera
speci�c network topology. In particular, they study“one-



hop” and“two-hop” wirelessnetworks usinga gamethe-
oretic approach,andprove that “ �xed-rate pricing” is op-
timal to the accesspoint, given that clients have the so-
called“web browsing” utility function. Webbrowsingutil-
ity functionmodels,for a client browsingtheweb,herutil-
ity of having Internetaccess—theutility growsproportion-
ally with the time shegainsaccessinitially, andsaturates
whensheno longerintendsto browse. Note that theanal-
ysis adoptedandthe resultsprovenareonly valid undera
strongassumption:thenetwork hasan unlimitedcapacity,
i.e. thechannelcapacityof thewirelessnetwork is unlim-
itedandtheaccesspointhasanunlimiteduplink bandwidth
to the Internet,or the accesspoint providesno bandwidth
guaranteeto clients,while clientsvaluetheconnectionser-
vice without consideringtheavailablebandwidth.This as-
sumptionallows the accesspoint to admit in�nitely many
clients;theadmissionof oneclient hasno in�uence on the
admissionof others.Thus,theaccesspoint'stotalpro�t can
be maximizedby separatelymaximizingher gain in each
interactionwith a client. In theone-hopcase,a two-player
gamebetweentheaccesspoint anda singleclient abstracts
all detailsof the aggregatedsystem;while in the two-hop
case,a three-playergameamongthe accesspoint, a sin-
gle relaying node,and a single client will do. Our work
relaxes the unlimited capacityassumptionandshows that
�x ed-ratepricing is no longeroptimal to the accesspoint.
Themodeladoptedby [10] is hereaftertermedunlimitedca-
pacitymodel. In the following, we �rst presenttherelated
results,whichserveasthebasisof ourwork.
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Figure 2. Game modeling of the one-hop case
with a slot price 0�1 charged by the access
point

The one-hopcaseof the unlimited capacitymodel de-
scribesa wirelessnetwork whereall clientscanreachthe
accesspoint directly (i.e., without the needof packet for-
wardingby othernodes).Thedynamicsamongtheaccess
point and the numerousclients is capturedusing a two-
player gamebetweenthe accesspoint and a single client
asshown in Figure2. Time is divided into discreteslots.
At thebeginningof eachtime slot 2 , theclient requestsfor
connectionserviceover theslotandtheaccesspoint replies
with a slot price 0�1 . Theclient choosesto accepttheprice

andconnectto theaccesspoint, or to rejectandleave. The
gameendsoncetheclient rejectsa slot price,andthenum-
ber of time slotsthe client connectsis denotedby 3 . The
clienthasa webbrowsingutility function:

465 387:9<;>=@?�ACBEDGF 5 387H9<;I7
where9 is adiscreterandomvariablerepresentingthenum-
ber of time slots the client intendsto connectandbrowse
theweb,and ? is a continuousrandomvariablerepresent-
ing theclient'sutility of gainingInternetaccessin onetime
slot. The client knows her valuesof ? and 9 , while the
accesspoint's prior knowledgeof themincludesonly their
probability distributions, obtainedfor examplefrom mar-
ket survey.1 Upontheendof thegame,theclient hasa net
payoff of

465 387H9<;>JLKNM1PORQ 0 1 , while theaccesspoint hasa
pro�t of K M1PORQ 0 1 . Authorsin [10] prove thatthefollowing
strategy pro�le is aperfectBayesianequilibrium(PBE)[3]:

� The client connectsor remainsconnectedin slot 2 if f
2#S�9 and0�1>SN? ;

� The accesspoint chargesa non-decreasingprice se-
quenceT:0 1:U suchthat

0�1>VXW/Y[Z"B6W]\^ 0�_ 5 ?a`)0$; .
Thereare two points to be notedhere. First, the client's
strategy is namedthe “myopicstrategy”, for its sole de-
pendenceon the immediateslot price. Second,it is often
thecasethattheaccesspoint chargesa “constant”,or �x ed
price sequence,sincethe expression0�_ 5 ?b`c0$; is maxi-
mizedby a singleprice 0�d for mostdistributionsof ? , and
theprice 0 d doesnot varyover time slots.
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Figure 3. Game modeling of the two-hop case
with a slot price pq1 charged by the access
point, and a slot price 0�1 charged by the re-
seller

The two-hopcasedescribesthe situationwhena client
is incapableof reachingtheaccesspoint directly, but hasto

1It will be trivial if r is deterministicto theaccesspoint. Theaccess
pointwill chargetheclientaslotpriceof sht�uvr , giventhattheclientwill
chooseto payandconnectratherthanto rejecttheprice,while bothyield
herzeropayoff.



routeher traf�c throughan intermediatewirelessnode,re-
ferredasthereseller. Thegamenow involvesthreeplayers,
with theadditionalreseller, asshown in Figure3. At thebe-
ginningof eachtime slot 2 , theclient requestsservicefrom
the reseller. The resellerin turn requestsservicefrom the
accesspoint,who repliesherwith a slot price p 1 . Basedon
p 1 , theresellerdecideshow to chargeandsendsa slot price
0<1 to the client. The client choosesto acceptor reject the
price. If the client accepts0�1 , the resellerreplies“accept”
to the accesspoint; andvice versa. Whengameends,re-
sultedfrom the �rst rejectionof a slot price by the client,
thenetpayoff of theclient is

465 387H9<;RJ K M1PORQ 0<1 , while the
resellerandtheaccesspoint have pro�t of K M1PORQ 5 0<1"JLpq1 ;
and K M1PORQ pq1 respectively. Authors in [10] prove that the
following strategy pro�le is a PBE:

� Theclient follows themyopicstrategy, connectingif f
2	S�9 and0 1 S ? ;

� Theresellerpicksa pricemark-upfunction 0 d 5 pC; that
satis�estheproperties:

0 d 5 pC; V W/Y[Z"B6W]\^ 5 0 J pC;H_ 5 ?a`)0$;
0 d 5 p � ; ` 0 d 5 pC; � p ��� p

andchargestheprice 0�1 = 0 d 5 pq1 ; in slot 2 ;
� The accesspoint chargesa non-decreasingprice se-

quenceT pI1 U suchthat

pq1	V�W�Y:Z>B W/\� pI_ 5 ?a` 0 d 5 pC;H; .

As in the one-hopcase,it is commonfor the accesspoint
andthe resellerto adopta �x ed-pricestrategy, sincemost
distributionsof ? yield singlemaximizersof

5 0 J pC; _ 5 ?a`
0�; and pC_ 5 ?a` 0 d 5 pC;H; respectively.

Themostimportantresultof [10] is theproofof thenat-
ural selectionof the �x ed-ratepricing strategy by the ac-
cesspoint andthereseller, without theneedof contracten-
forcement.Fixed-ratepricing is appealingto customersfor
its simplechargingscheme;while theexclusionof contract
enforcementallows theservicemechanismto beon a pure
peer-to-peerbasisandhencebe scalable.However, aswe
aregoing to show in Section4, this resultonly appliesto
thefollowing specialsituations:

� The wirelessnetwork channeland the accesspoint's
uplink have anunlimitedcapacity, or have a suf�cient
capacityto meetall demands;

� The network has a limited capacity, but the access
pointdoesnotprovidebandwidthguaranteeto clients;
while clients'valuationsof theserviceareindependent
to its quality.

It is obviousthatthe�rst conditionis notalwaystrue,while
the secondcondition may not be realistic. In networks
wheretheaboveconditionsdonothold,thepricingandpur-
chasingstrategiesof nodesremainto beinvestigated.

3 Extensions to the Unlimited Capacity
Model—Multi-hop Case

In this section,we extendtheanalysisundertheunlim-
ited capacityassumptioninto the multi-hopcase,which is
derivednaturallyfrom thetwo-hopcasein [10]. Themulti-
hopcasedescribespricingdynamicsin amulti-hopwireless
network wherea client is at an arbitrary numberof hops
away from theaccesspoint. We �rst de�ne themodeland
somenotations,thenproposea gamePBE.Resultsin this
sectionalsocontributeto thesolutionto themulti-hopcase
underthelimited capacitymodellaterin Section4.2.

Reseller 1 ClientReseller 2Reseller n-1

pt
n

Access point n
......

......
pt

n-1 pt
3 pt

2 pt
1

Figure 4. Game modeling of the multi-hop
case

Themulti-hopcaseallowsclientsto bearbitrarily � -hop
away from the accesspoint. Due to the unlimited capac-
ity assumption,we canabstracttheaggregatedsystemto a
gameinvolving all nodeson the path from a client to the
accesspoint. The gameinvolves ���
	 players:the access
point, � J�	 resellersandthe client, asshown in Figure4.
Theresellersareindexedfrom theclient sideto theaccess
pointsideby 1 to � J�	 , while theaccesspoint is indexedby
� . Proceduresfor pricenegotiationareanalogousto thatin
thetwo-hopcase:ateachtimeslot 2 , accesspoint � charges
reseller� J
	 a price 0��1 , who in turn chargesreseller� J��
a price 0 ��� Q1 and so on; in the end, the client receives a
price 0 Q1 from reseller1. The net payoff of the client is465 387:9<; J�K@M1PORQ 0 Q1 for a usageof 3 time slots. The net
payoff for reseller� is KNM1PO-Q 5 0��1 J 0 ��� Q1 ; , for � =�	h7������I7���J�	 ,
andfor theaccesspoint, thepayoff is K M1PORQ 0 �1 .

To determinetheoptimalpricinganda perfectBayesian
equilibrium for the unlimited capacity, multi-hop wireless
network, weproposethefollowing strategy pro�le:

StrategyPro�le for Multi-hop Wir elessMesh Network:

1. Theclient follows themyopicstrategy, connectingif f
2#S�9 and0 Q1 S ? ;

2. Reseller� , for all �vV T�	h7������q7�� J�	 U , picks a price
mark-upfunction 0�� d 5 0���� Q ; that satis�es the proper-



ties:

0 � d 5 0 ��� Q ;XVjW/Y[Z�B6W]\^�� � 5 0 � Jo0 � � Q ; _ 5 ? `�� � 5 0 � ;H;��
0 � d 5 0 ��� Q � ; `g0 � d 5 0 ��� Q ; � 0 ��� Q � � 0 ��� Q
andchargestheprice 0 �1 = 0�� d 5 0 ��� Q1 ; in time slot 2 ;

3. Accesspoint � charges a non-decreasingprice se-
quenceT:0 �1 U with

0 �1 VvW�Y:Z�B6W]\^�� � 0 � _ 5 ? `�� � 5 0 � ;:;���7
wherethefunction � � 5 0���; is de�ned for all � V T�	h7������I7�� U
asfollows:

� � 5 0 � ;
	
� 0 Q d 5 0
� d 5 ����� 5 0�� � Q d 5 0���;H;������ ;H; � �>V)T � 7������I7 � U
0 Q � =�	 .

(1)
The function ��� 5 0�� ; representsthe price received by the
clientaftertheprice 0�� setby node� is markedupby all its
downstreamresellers.

It canbeproventhattheabovestrategypro�le is indeeda
PBE.Theproof followsnaturallyfrom theproofof thetwo-
hopcasePBEin [10]. Thecompleteproof is obtainablein
our technicalreport[7].

4 Limited Capacity Model

The formulationof the unlimited capacitymodel relies
on the assumptionthat the wirelessnetwork channeland
theaccesspoint's uplink have anunlimitedcapacity, or the
accesspointprovidesnobandwidthguaranteeto clients.In
this section,we considera morerealisticscenarioandin-
specttheeconomicsin wirelessnetworks in which thereis
a limited network capacity. Similar to theprevioussection,
we begin with a one-hopnetwork andshow why the pre-
vious one-hopcasePBE is not applicableunderthis new
setting.A substitutefor theaccessserviceprovisionmodel
named“ �xed-rate, non-interruptedservice” is hencepro-
posedand we provide an algorithm to obtain the optimal
strategyof theaccesspointin itsde�nedstrategyspace.The
analysisis �nished with anextensionto themulti-hopcase.

�>��� ')�	�+*�,	 -���o��./�

Here,we �rst presentthenecessarymodi�cations to the
original unlimitedcapacitymodelandtransformit into the
limited capacityversion. The one-hopcaseof the limited
capacitymodelstill describesawirelessnetwork consisting
of an accesspoint, plusclientswho reachtheaccesspoint
directly. Thedistinctionbetweenthetwo modelsis thatthe
wirelessnetwork andtheaccesspoint's uplink herehave a

Limited bandwidth Limited capacity

ISP

Access point Client

Figure 5. Network diagram with channel ca-
pacity for the one-hop case

limited capacity, andthe accesspoint hasto assureclients
thatthey will haveacertainamountof dedicatedbandwidth.
This imposestheaccesspoint abandwidthconstrainton its
pro�t maximizationproblem.Figure5 depictsthisscenario.
In our model, we limit the accesspoint to admit at most� ���

clientsatatime. Any clientwhoarrivesattheaccess
pointnotbeingimmediatelyserveddueto this limit will be
dropped.

Another addition to the original model is an explicit
client arrival processat theaccesspoint. This is necessary
astheinteractionsbetweentheaccesspoint anda clientare
now complicatedby the removal of the unlimited capac-
ity assumption—they cannotbesummarizedby onesimple
two-playergame;theaccesspoint mustdecideits strategy
oneachoccasion,basedonits systemconditionat thetime,
suchastheremainingcapacityfor admission.Wemodelthe
client arrival behavior usinga Poissoninput processwith a
�nite populationof clients.Eachclientarriveswith a rate �
at theaccesspoint, andthereis a total of � clientsin the
population.

The last modi�cation to the unlimited capacitymodel
is to transform it from a discrete-slotprocessinto a
continuous-timeprocessso as to easeour analysiswhen
matchedwith the client arrival model. In the continuous-
time version,the accesspoint chargesa particularclient a
priceperunit time, or rate,0 5 2H; at time 2 . Thevariables3 ,
9 and ? areconverted,in thecontinuous-timesense,to rep-
resenttheamountof timetheclientconnects,theamountof
time theclient intendsto connect,andtheclient's utility of
theserviceperunit time respectively. Thecontinuous-time
webbrowsingutility functionof theclient thusremainsthe
sameasits previousform:

465 3 7H9<;>=g?@AIB D F 5 387:9<; .
The accesspoint still only knows the probability distribu-
tionsof ? and 9 . Here,we further assumethat the access
pointtakes9 to beexponentiallydistributedwith mean	���� .
Our formulationof thelimited capacitymodelis now com-
plete.It shouldbeclearto seethecorrespondencebetween
our modeland the classicalM/M/m/m/M queuingsystem
[6].



Wefollow bygivingasimplescenarioto show thatunder
thelimited capacitymodel,theaccesspoint,onsomeocca-
sions,will chooseeither to charge clientswith a variable
rate, or to deliberatelydisconnectclients,ratherthanadopt-
ing a �x ed-rate,non-interruptingstrategy similar to theone
in the one-hopcasePBE of the unlimited capacitymodel
proposedin [10].

Lemma 1 A �xed-rate, non-interruptingstrategy is not at
all timeoptimalto theaccesspointunderthelimitedcapac-
ity model.

Proof: Considerthe scenariothat a new client arrivesat
the accesspoint, when it is at its full capacity. Let 0�� be
thepriceof oneof the � connectedclientsis paying. The
accesspoint may announcea price 0�� � � 0�� to the new
client. If the new client accepts,the accesspoint's best
responseis to disconnecttheold clientpaying0 � andadmit
the new one,unlessthe old client acceptsa raiseof price
from 0 � to 0 � � . Thus,a �x ed-rate,non-interruptingstrategy
is not thebestresponseof theaccesspoint at sometime of
theprocess.

Although the accesspoint will wish to ceaseserviceto
clientsor increasethepriceovertimeto obtainhigherpro�t,
it is reasonableto believe that clientswill be discouraged
from buying sucha kind of servicesinceit is unrealistic
to requireclientsto monitorthevaryingpricecontinuously.
Thus,weinvestigateamorepracticalservicemodel,named
the“ �xed-rate, non-interruptedservice”.

The�x ed-rate,non-interruptedservicemodelrequiresa
contractto be negotiatedbetweenthe accesspoint and a
particularclient asfollows:

� The accesspoint provides connectionserviceto the
clientuntil theclient voluntarilydisconnects;

� Theclientpaysa �x edrate0 for theservice.Thetotal
paymentis 0 timesthedurationof theservice.

Note that theaccesspoint is still allowed to announcedif-
ferent “�x ed rates” (or prices) to different clients under
this scheme,but onceannounced,this �x edratecannotbe
changedduringthecourseof servicefor a particularclient.

A strategy of theaccesspoint involvessettingthecharg-
ing rate to clientswho want to be connected.The access
point can make her decisionbasedon a single parame-
ter, namely, the numberof connectedclients in the sys-
tem. Adopting queuingsystemnotations,the numberof
connectedclients in the systemis representedby the cur-
rent “state”. For the M/M/m/m/M queuingsystem,it has� � 	 states,from state0 to state � . At state

�
, for all� V T � 7������C7 ��J 	 U , theaccesspoint hasto decidetherate

0�� to chargethenext “to-be-admitted”client. No decision

hasto bemadeatstate� astheaccesspoint is at its full ca-
pacity. Thus,apolicy of theaccesspointis completelychar-
acterizedby thepriceor ratevector �0 = 5 0 � 7e0 Q 7�������7e0�� � Q ; .

With the�x ed-rate,non-interruptedservicecontract,we
seethatclientswill play thefollowing strategy to maximize
herpayoff: connecttheaccesspoint if f ? `L0 ; disconnect
from the accesspoint at time 2 = 9 , with the assumption
that clientswith ? `�0 , utility per unit time not lessthan
chargedrate,will not deliberatelyrejectthe �rst presented
rateandwait until shereceivesa lower rateat a later time
whenthe accesspoint is lesscongested.Also, for clients
rejectingthe �rst presentedrate,our Poissonclient arrival
processmay not accuratelymodel their possiblebehavior
of re-probingtheaccessrateafterward.

We now derive an expressionof theexpectedpro�t per
unit time, or the gain, of the accesspoint in the long run
asa functionof the ratevector �0 . Thegeneralequilibrium
solution for birth-deathqueuingsystems[6] is employed.
Note that a transitionfrom state

�
to state

� � 	 , for all� V)T � 7������I7 � J 	 U , requiresnotonly anarrival of aclient,
but also her willingness to acceptthe charged price 0�� ,
therefore,the “arrival rate” of our model is differentfrom
thatof theconventionalM/M/m/m/M queuingsystemby a
factorof _ 5 ? ` 0 � ; for eachstate

�
,
� V T � 7������q7 � J 	 U .

Thetransitionratesof ourmodelare:

� � =
� � 5 � J � ; _ 5 ?a` 0	�]; ��
 ��

otherwise

��� = � � � = 	h7 � 7������I7 � .

With 
	� denotingthelimiting probabilitythatthesystemis
in state

�
, for all

� V T � 7������I7 � U , they aregivenby


	� = ��� �����	���� ��� � � Q
� O�� _ 5 ?a`)0 � ;

K �� O���� � � � ��� �� � � � � � Q� O�� _ 5 ?a` 0 � ;�� ,

whereempty productis unity by convention. For simpli-
�cation, considerthat the accesspoint earnsan expected
pro�t of 0	� ��� immediatelywhena client connectsat state�
. Hence,thegainof theaccesspoint is� 5 �0�;
=
� � Q �qO�� 
 � � � � 0 �� �

=
K � � Q�IO�� � 0�� 5 �(J � ; �!� �"�	�	���� � � Q�� �

� O�� _ 5 ? ` 0 � ; �
K � �qO��#� � � � � �	�� � ��� � � Q� O�� _ 5 ?a`)0 � ;�� .

(2)



The optimal policy of the accesspoint canbe obtained
by maximizingEq. (2) over the rate vector �0 . However,
usingclassicaloptimizationtechniquesto derive a closed-
form solutionof theoptimalpolicy requiressolvingsimul-
taneousnon-linearequations,which is exceedinglycompli-
cated. Instead,we usethe policy-iterationmethodin the
Markoviandecisiontheory[4] to determinetheproperpric-
ing for theaboveoptimizationproblem.
The Policy-iteration Method: Thepolicy-iterationmethod
involves an iteration cycle of two parts: the value-
determinationoperationand the policy-improvementrou-
tine. It usesthe notation � to denotethe gain of the sys-
tem, and introducesa set of relative values � � , for all� V T � 7�	�7������q7 � U , which has the physical meaningof
which � � J�� � is theincreasein thegaincausedby starting
thesystemin state� ratherthanin state� . Thealgorithmis
startedin the policy-improvementroutinewith all relative
values� � setto 0.
The Value-determination Operation The value-
determinationoperationevaluatesa policy �0 generatedby
the policy-improvementroutine. It requiressolving the
following setof equationsfor all relative values � � and �
by setting� � to zero:

� = � �j_ 5 ?a` 0 � ;�� Q J �
�j_ 5 ?a` 0 � ;�� �
� � �j_ 5 ?a` 0�� ; 5 0 �� ;

� = � 5 � J � ; _ 5 ?a` 0 � ;�� � � QJ 5 � 5 � J � ; _ 5 ?a` 0 � ; � � ��;�� � � � ��� � � Q
� � 5 � J � ; _ 5 ?a` 0 � ; 5 0 �� ;� = 	�7 �+7������I7 ��J 	

� = J � ��� � � � ��� � � Q .
With the solution, the algorithm goes into the policy-
improvementroutine.
The Policy-impr ovement Routine Basedon the relative
values � � obtainedfor the currentpolicy �0 in the value-
determinationoperation, the policy-improvementroutine
seeksto improve the currentpolicy by consideringalter-
nativesin eachstate.It requiressolvingthe following sep-
arableoptimizationproblemwherethedesignvariablesare
0���7�0$Q]7������I7e0 � � Q :
B6W/\ � �j_ 5 ?a`)0�� ;��hQ J � �j_ 5 ?a` 0�� ;�� �

� �
�j_ 5 ?c` 0�� ; 5 ^��� ;
B6W/\ � 5 � J � ;H_ 5 ?a` 0��/;�� � � QJ 5 � 5 � J � ;H_ 5 ?a` 0��/; � � ��;�� � � � ��� � � Q� � 5 �(J � ; _ 5 ?a` 0	�]; 5 ^
	� ;� = 	�7 � 7������C7 ��J 	 .

Whenthe client's utility rate ? hasa uniform distribution
on theinterval

� � 7
� � , onecanderivea closed-formsolution
for theoptimalrate0	� d for eachstate

�
. As anoptimalstate

rate 0	� d must lie on the interval
� � 7
� � , we may substitute

_ 5 ?a`)0	�/; with
5 ��J 0��]; � 5 ��J � ; . Dif ferentiationfollowed

by root �nding yieldstheoptimal 0 ��d for eachstate
�
:

0	� d = �#J � 5 � � � Q J�� � ;
�

� = � 7�	�7������I7 ��J 	 .

The solution to the optimizationproblemthenforms a
new policy. If the differencebetweenthis new policy and
thepreviouspolicy is smallerthana pre-de�nedthreshold,
the iterationprocesshasconvergedandthe (near-)optimal
policy is found. Otherwise,thealgorithmgoesbackto the
value-determinationoperationandthenew policy is evalu-
ated.

The policy-iteration method reducesthe pro�t maxi-
mizationproblemof theaccesspointto solvingsetsof � � 	
simultaneouslinear equationsin the value-determination
operation,andsetsof � independentone-dimensionalopti-
mizationproblemsin thepolicy-improvementroutine.The
computationalcomplexity is reduced(ascomparedwith the
standardnumericaloptimizationmethod),andit is shown
in [4] that theabove proceduresguaranteetheconvergence
to thebestpolicy.

Hereweshow somenumericalresultsobtainedusingthe
policy-iterationmethod.Casesin which client's utility rate
? is uniformlydistributedon

� � 7�	 � � , ornormallydistributed
with a meanof 5 anda standarddeviation of 1.67arestud-
ied. Weillustratethestateratesgivenby thepolicy-iteration
methodwhenthe accesspoint cansupport�l=�� clients,
and thereare totally � = 	 � potentialclientswho want
to receive theconnectionservice.We �x thedeparturerate
of client � to 1 andvary the arrival rate � from 0.2 to 10.
Figure6 showstheresults.It canbeobservedthatthestate-
dependentprice riseswith thenumberof clientsin theac-
cesspoint system: 0 � ` 0 � , for all � � � . This agrees
with theeconomicsensethatwhentheremainingresource,
or supply, of servicedecreases,the price increases.Also,
thestate-dependentpriceriseswith increasing� , andthis is
logical asthearrival rate � representsdemand.

Lastly, we �nd in our experimentsthat theconvergence
rateof the policy-iterationmethodis aroundfour for vari-
ousproblemsize � , thenumberof statepricesto bedeter-
mined,from 1 to 100.A detailedevaluationis documented
in our technicalreport[7]. Thealgorithmprovesto beef�-
cientin our accesspointpro�t maximizationproblem.

�>�e� ���	��
h
e*�,	 R� �o��.��

We now extendthe limited capacitymodelto themulti-
hopcase.We make theassumptionthatthebandwidthbot-
tleneckis at thewirelesschannelone-hoparoundtheaccess
point, or at theaccesspoint's uplink to the Internet,where
traf�c from all clientsin thewirelessmeshnetwork merges.
Hence,any resellerwho haspurchasedInternetaccessser-
vice from her upstreamwill have adequatebandwidthfor
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Figure 6. State-dependent price with varying
arriv al rate

Limited bandwidth

ISP

Access point ClientReseller

Limited capacity

Bandwidth bottleneck

Figure 7. Network diagram with channel ca-
pacity for the multi-hop case

herdownstream.This situationis depictedin Figure7. In
comparisonwith themulti-hopcasein theunlimitedcapac-
ity model,weseethatthebandwidthconstraintonly affects
the accesspoint; for the resellers,their strategiesonly de-
pendon the pricestheir respective upstreamhopscharge
them. Thus,any nodeapartfrom theaccesspoint will fol-
low herstrategy in theunlimitedcapacitymodelhere.

Thefocusof themulti-hopcaseis to devisetheoptimal
pricing strategy of the accesspoint, which involvesdeter-
mining therespectiveoptimalpricesfor clientsfrom differ-
ent distancesat eachstate. Thus,for an accesspoint with
capacity� , andwith the assumptionthat the mostdistant
clientsarriving at theaccesspoint arefrom � hopsaway, a
policy of theaccesspoint canbecharacterizedby theprice
matrix � consistingof elements0�� � , � V T � 7������I7 � J 	 U ,
� V�T�	�7������I7�� U , in which 0 � � representsthepriceat state

�
for a client � -hopaway.

To easeanalysis,wemodify theclientarrival processby
removing thefeatureof �nite clientpopulation.This is nec-
essary, asanarrival processwith �nite populationrequires
keepingtrackof thenumbersof admittedclientsatdifferent
distances,which highly complicatesstateinformation. We
roll backto anarrival modeloriginatedfrom theM/M/m/m
queuingsystem[6]. Assumingthe mostdistantclientsar-

rive from a distanceof � hops,weuseanarrival ratevector��N= 5 ��Q/7 � � 7������C7 � � ; to denotethe arrival ratesof clients
from differentdistances,in which � � denotesthearrival rate
of clients � -hopaway. With � denotingthedeparturerateof
aclient in thesystem,wehavethefollowing statetransition
rates:

��� =
� K �

� ORQ � � _
5 ?a`���� 5 0�� � ;H; ��
 ��

otherwise

��� = � � � = 	h7 � 7������I7 � .

The factor moderating� � , the pure arrival rate of clients
� -hop away, is now _ 5 ?(` � � 5 0 � � ;H; , which is a simple
re�ection from themulti-hopcasein theunlimitedcapacity
modelthatany staterate0 � � chargedby theaccesspointwill
bemarkedupby all ��J 	 downstreamresellers,asexpressed
by thefunction ��� 5 0 � � ; in Eq. (1).

Further taking the simpli�cation that the accesspoint
earnsanexpectedpro�t of 0�� � ��� immediatelywhenaclient
� -hopawayconnectsatstate

�
, wecanagainusethepolicy-

iterationmethodto solve for the optimal pricing policy of
theaccesspoint,but with thefollowing changes.Thesetof
equationsto besolvedin thevalue-determinationoperation
is updatedas:

� =
�
� 
� ORQ

� � _ 5 ? `�� � 5 0�� � ;H;����hQ
J

�
� 
� O-Q

� � _ 5 ? `�� � 5 0�� � ;:;�� � �
�

� 
� ORQ

� � _ 5 ?a`�� � 5 0�� � ;:; 5 0�� �� ;
� =

�
� 
� ORQ

� � _ 5 ? `�� � 5 0	� � ;H; � � � � Q
J

�
� 
� O-Q

� � _ 5 ? `�� � 5 0�� � ;H; � � ����� �
� � ��� � � Q � � 

� ORQ
� � _ 5 ? `�� � 5 0 � � ;H; 5 0�� �� ;� = 	h7 � 7������I7 ��J 	

� = J � ��� � � � ��� � � Q .
The set of optimization problems in the policy-
improvementroutineis updatedas:

B6W/\ � K �� ORQ � � _
5 ?a`���� 5 0 � � ;:; � � QJ � K �� ORQ � � _

5 ?a`���� 5 0 � � ;:; � � �� K �� O-Q � � _
5 ?a`�� � 5 0 � � ;H; 5 ^�� �� ;B6W/\ � K �� ORQ � � _

5 ?a`���� 5 0 � � ;H; � � � � QJ � K �� ORQ � � _
5 ?a`���� 5 0 � � ;:; � � � � � �

� � ��� � � Q ��K �� ORQ � � _
5 ?a`�� � 5 0 � � ;:; 5 ^�	 �� ;� = 	�7 � 7������C7 ��J 	 ,
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Figure 8. Price matrix with diff erent utility rate
distrib utions

wherethedesignvariablesarenow 0�� � , � V T � 7������q7 �fJ 	 U ,� VLT�	h7������I7 � U . Whenclient's utility rate ? hasa uniform
distributionontheinterval

� � 7 � � , weagainhasaclosed-form
solutionfor theoptimalrate0	� � d for clients � -hopaway for
eachstate

�
:

0�� � d = �>J � 5 � � � Q J�� �/;
�� = � 7�	�7������q7 ��J 	 and � = 	�7 � 7������q7 � .

It canbeobservedthat,when ? hasa uniform distribution,
optimalpricesfor clientsatdifferentdistancesarethesame
for eachstate.

The following shows some numerical results of the
multi-hop case obtained by using the policy-iteration
method. Figure 8 essentiallyplots the resulting optimal
pricematricesfor two cases.The�rst casehastheclient's
utility rate ? uniformly distributedon

� � 7�	 � � ; the second
casehas ? normally distributed with a meanof 5 and a
standarddeviation of 1.67. For bothcases,the arrival rate
vector �� is

5�� 7 �+7�	 ; , thedeparturerate � is 1, andthecapac-
ity of theaccesspoint � is 5. It canbeveri�ed thatwhen
? is uniformly distributed,theoptimalpricesfor clientsat
differentdistancesateachstateareidentical;while when ?
is normally distributed, the accesspoint tendsto charge a
lowerpricefor clientsfurtheraway. As in theone-hopcase,
pricesrisewith thenumberof admittedclients.

5 Conclusion

We have conducteda mathematicalanalysisof theeco-
nomicbehavior of nodesin a wirelessmeshnetwork, when
they are making decisionto establishan Internetconnec-
tion service.Two scenariosareinvestigated:eitherthenet-
work hasanunlimitedor limited channelcapacity. For the
unlimited capacitycase,we extendthe analysisin [10] to
cover themulti-hopscenario.In the limited capacitycase,

we have provedthata �x ed-ratepricing schemesimilar to
the one proposedin [10] is not optimal, or economically
bene�cial, to the accesspoint. We further investigatea
morepractical“�x ed-rate,non-interruptedservice”model
for charging. To determinetheoptimalpricefor this charg-
ing scheme,we model the problemas a Markovian deci-
sion processand usethe ef�cient policy-iteration method
to solve for theoptimalpricingstrategy of theaccesspoint.
Numericalresultsshow thatthestatepricefollowswith sup-
ply anddemand.
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