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Abstract The development of wireless LAN
technologies offers a novel platform for internet srvice
resale via wireless community mesh networks that
provide high network coverage and lower infrastructire
cost. In a wireless community mesh networkaccess point
functions as both the Internet service provider and
Internet access provider to the mesh network neighdrs
(end-users) since the upstream Internet service pviers
of the access point is not able to monitor and biflor the
resold traffic within the community mesh network. In
this Internet service resale business, the accesoyider
sets their pricing policy as an Internet reseller @
maximize its revenue, while the end-users who areipe
sensitive, respond to this pricing policy by contriing
their Internet usage. Using a queuing theory modelwe
propose an optimal pricing model to achieve revenue
maximization for a mesh network access provider. Té
user’s sensitivity to the price is modeled in orderto
discover the optimal price. The effects of the prie on the
traffic load and the maximum number of users at the
access point are explored since price is viewed as
additional strategy to encourage a better usage dhe
limited bandwidth resource. Monte Carlo simulation
results are presented to verify the analytically opmal
price based on the proposed pricing model.

Index Terms—Mesh network; Pricing; Quality of
Service; Queuing model

I. INTRODUCTION

HE low-cost wireless mesh network (WMN) technolog)'/
induces the expanding of wireless community mes|

networks or WMNSs. It is viewed as an opportunitgxpand
markets for telecommunication services to empoweall

communities and to expand economic capacity al

commerce in rural areas [1].

Internet access is one of the most common appitsidf
WMN:S. In its most general form as shown in Figa WMN
interconnects stationary and / or mobile users aodiges

internet access as well as communications withia t

network. The nodes connected to the Internet alledca
access points (APs). In the WMN, the objectivesnaist
end-users would be to access the Internet at anmebke cost.

resell Internet services to end-users within the MVMhe
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upstream Internet service providers (ISPs) will beable to
monitor resold traffic within the WMN in order tallothe

end-users. The APs set the pricing policy to gerarvenue
to cover their costs and maximize their profit. Rbe

end-users as “buyers” of resold Internet serviasch
end-user derives some value from accessing andj tisa
Internet, based on the APS’ pricing policy.

Each end-user’s willingness to pay for the Intesestice
is dependent on their perceived need for the ackleswe, it
is important to analyze the end-users’ behavior rwiae
pricing strategy is investigated to maximize reweffior an
AP provider.

Internet
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Fig.1. Mesh-based Internet Access

Quality of service (QoS) is another aspect thatcadf the
end-users’ usage behavior. As the WMN expands Afhe
whose uplink has a limited data capacity will irebly
result in the end-users having to face traffic @stign at the
AP node. In general, congestion control is espigcial
important for best-effort services, since themegongestion
voidance mechanisms implemented in the netwoiginigr
IS widely viewed as a mechanism to give users itines to
use the network efficiently or a means for netwodage
cc?ntrol. Using price, the network could send signal the
users, providing them with incentives that influertbeir
usage behavior and decisions [2]. By these meaRs,can
provide a better and more stable service to entsubethis
paper, we will investigate how price impacts thd-eser’s

ﬁraﬁic and the system utilization at the AP node.

We model a typical mesh network in which thesei
single AP providing Internet connectivity and seeé to the

end-user nodes, as an M/M/1/S queue system [3]. The
SIgl/M/l/S is a special type of Markovian system, weher

customers arrive according to a Poisson processaaad
served by a single server with an exponential seririme
distribution. The system can accommodate &tyaximum
customers simultaneously. In this model, as longhes
end-user accepts the price charged by the AP aareé ik



room in the queuing system, the end-user is seawedthe
AP earns the revenue based on the end-user’s usage.

pricing in a two-hop network with one or more seevi
providers. Our work places the problem scenarioain

The end-users’ demand is modeled as a functiomef tcommunity mesh network, in which cooperation betwie

service price. The utility function is an importagdncept
which is widely used in literature to give a mea&sof the
users’ sensitivity to the price and their percei@ab level.

For the general case of Internet provision, whétsi&fers
a service at a particular price to the users, tlisses will
respond to this price by changing their usage tgimize
their utility. From an economic point of view, theility
function is strictly related to the user’'s demandve, which
is associated to the users’ willingness-to-pay dneir
perceived QoS level.

Since it is difficult to find direct knowledge oers’ utility
function, we will model these dependences in owlital
pricing model instead of using a utility functiamriepresent

nodes is assumed. In [7] the authors present theoatc
behavior of wireless nodes in wireless networkegisigame
theory approach. However, the authors only deah whie
pricing issue under the assumption of unlimitedacéy,
which relies on the assumption that the wirelessvork
channel and the AP’s uplink have an unlimited cépaor
users have no minimum bandwidth requirements. ¢ de
with a more realistic scenario in which there ifinaited
channel capacity at the AP and end-users are Qusgise.
In [8] the authors analyze the pricing and purahgsi
strategies of the AP, relaying nodes and clientsgus game
theory approach and propose a pricing algorithmthiar
limited capacity model based on Markovian decisiogory.

the end-users’ demanit the price charged by the AP is outHowever, our objective is to investigate the efect the

of the range of the end-user’s willingness to plag,end-user
is likely to decrease their Internet usage. Itvglent that
there is a trade-off between the price and the amot

end-users’ Internet usage. A lower price attracitsrem

end-users with large demands but yields less revemu
end-user, while a higher price yields more revepee
end-user but might discourage more end-users feinguhe
service.

In this paperan optimal pricing model to maximize the
AP’s revenue based on the end-users’ behavior misde

presented. In this pricing model, the traffic irgity, the
end-users’ willingness to pay and the QoS metréctaken
into account to develop the optimal pricing aldomit The
proposed pricing scheme can determine an optinieg fom
order to maximize the revenue, while maintaining titaffic
intensity and the maximum of end-useBsat the AP to a
reasonable level.

Further, we focus on usage-based pricing. Ubaged
pricing is incentive compatible since it encouragestomers
to use network resources more efficiently [4]. Shely in [5]

end-users’ willingness-to-pay on the optimal pritet
maximizes the AP’s revenue for a finite capacitstesn.

l. SysTEMMoDEL

When end-users connect to an AP to access thmbit the
AP has a total bandwidth Bf(Mbits/sec) available for all the
end-users. Suppose that end-users arrive at trezédpding

jfo a Poisson process distribution with an arrivaieri

(users/minute) and each end-user utilizes (trarsswaitd

receives) a certain amount of data during theinegtion to

the Internet before disconnecting. Literature oradealysis
of internet traffic describes the sizes of the filegsmitted
over the Internet as being heavy tail distributagtthermore,
in [9] the authors show that the transmission donatalso
follows a heavy-tailed distribution due to the heailed

distributed file sizes. It is generally assumed tha service
time is strongly correlated to the file size. liistbontext, the
service time is taken to be equal to the transomssime of a

shows that customers are willing to pay an addiion e which is proportional to the size of the fil&0]. For
per-usage charge in order to improve the networ§mpiification, we suppose that file sizes are ewgially
performance (QoS charge) and to avoid the perfoc@anyistribyted with mear (Mbits). When there ari>1 users

degradation due to the network congestion.
The rest of this paper is organized as folldwsSection I,

we discuss some related work about WMN pricing. |

Section lll, we describe a queuing system modeliffoited
capacity systems. In Section 1V, we analyze theradtion
between the end-users’ behavior and the pricedaride an
optimization problem to determine the optimal prite
Section V, we evaluate the effects of the optirmalepon the
traffic load and the minimum bandwidth that the -eisgrs
can be allocated at the AP. The session level MGatdo
simulation results are presented to verify the wiuall
results. Section VI contains concluding remarks.

Il. RELATED WORK

Pricing for communication networks has been assesd
for years, while studies in WMN pricing have onlgen
recently performed. These studies [6,7,8] mainufoon
using pricing as an incentive to encourage padian and
cooperation from self-interested nodes. In [6] thhors
propose a demand and supply framework to analyzardic

in the system at the same time, each user is &ddcan
instantaneous bandwidth BfN. This system as shown in

ig.2 is equivalent to an M/M/1/S PS (Processorriaiga
queue with arrival raté. and exponentially distributed
service rate: (minute). Then the traffic intensity is denoted
asp= A/ u. In practice, it is suggested that a shared resour
should be designed in such a way that its utilirais less
than two-third of its full capacity€l) [3].
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Fig.2. M/M/1/S model

IV. PRICING MODEL
From [3], in an M/M/1/S queue system, when ¢hareS
customers in the system or the system is saturaked,
blocking probability P, is:



(1—p)ps Therefore, the long-term average revenue pdrtime is
Po=——%r- (1) expressed as:

=p AVR(p) =N, *F* p

Since the maximum value of end-users that can be =p©)* (=P )*F *p
accommodatedy is determined by the blocking probability ) ) ) °
given a certain traffic intensigy, the minimum bandwidth Wherepis the price per Mbit of data transferred.
allocation for a certairP, is B/S given a certain traffic |

intensityp. Therefore, we can also say a minimum bandwidth 09
allocated to the end-users can be determined livem g, .

From the viewpoint of the AP providers, the lowérdiing
probability (P;) implies that more end-users can obtain

services and more revenue can be generated. Hgowevel
according to Eq.1 the lower blocking probabilitg@means
that the maximum of end-user§ {n the system is higher.
Hence, from the end-user point of view, even wiltieir
requests can be accommodated with higher probathili to
the lower blocking probability, the minimum bandtidhat
can be allocated to them might be lower. In thigipg .
model, we use the blocking probability as an intticaf the s T T s v
minimum bandwidth to determine the limitation fdret Quoted price
value of P;. In Section V, we will use the blocking Fig.3. Traffic intensity versus quoted price
probability to model the end-users’ reaction torthiaimum
bandwidth. Now we can formulate the optimization problem to
According to queue theory, the average numtfer determine the optimal price:
customers at the services facility, is: maximize AVR p = p @ )*(I-R, )*F *p @
Ng = p(1-F;) 2) subjectto P, <s¢ ,& O
However, the arriving end-users are price sensifiteeir where ¢ is a constraint of blocking probabilif . The
responses to the price charged by the AP depeachomber  solution of thisoptimization problem is characterized by
of factors. In [11] the authors suggest that a @bdtstic IAVR(p) ao(p)
model for end-user’s willingness-to-pay the quopeite “op =p(p)+ Da—p =0. (8)
using a Pareto distribution of customer capacipyep Every

end-user has the capacity to pay based on a PardRfrefore, the long-term average revenue per imé is
1

distribution with scalé and shape:, where all customers a+o )
have capacities at least as largda@nda determines how maximized wherp,, is equal t{ J
the capacities are distributed. Thwgndb are the Pareto (5+l)a
distribution parameters for the end-user capadtypay

function. It is reasonable to assume that end-users

willingness-to-pay is associated with their cagasito pay. V. SIMULATION
Therefore, the expectation of acceptance giverepris:
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In this section, we show some simulation results to
evaluate and validate the analytical model discugsehe

-9 Py &psp X . - U )

E= a+d'b previous section. Taking into account the usag®ioing as
L(E)é , p>b (3)  atraffic control mechanism, we choose a valuesdio®ne as
a+é'p initial traffic intensityp to investigate the traffic load at the

Where § is the equivalent to the economic elasticity ofAP. As the load approaches the full capacity of shtem
demand of the end-users. The higher the valdgtble more (p=1), the number of customers grows rapidly withooind
willing the end-users is to pay. and the system becomes unstable [3].

Thus, the “arrival rate” of our model is differednom that The objective function in Eq.7 is shown numericatly
of the conventional M/M/1/S queuing system as nuerail  Fig.4 and Fig.5 wittu=2, b=4, §=6, ¢&=0.01. Fig.5 and Fig.6
above by a factor df: JE. In other words, the arrival rate is characterizes the relationships between the reyéne@rice
denoted as a function of the price. and the end-users’ response to the price by adgstie

Correspondingly, the traffic intensity of thesssm model amount of usage of the Internet service. As theepri
that we mentioned above is denoteg@y= 1E(p) / u. Fig.3 increases, the number of the end-users decreasksstiv
shows that the traffic intensity decreases whengthgted revenue per end-user increases. The total revesue i
price increases, since a higher price leads to allem maximized when the price reaches the optimal gige
end-user arrival rate. Substitutipfp) for p in (1) and (2), It is shown in Fig.4 and Fig.5 that as the quoteidep

we get the following: reaches the optimal pricg,,, the maximum number of
1- p(p))p(p)° customersS reduces from 34 to 15, which indicates that the
S (4) minimum bandwidth allocation for the end-users @ases,

and the traffic intensity dropped from 0.95 to Ovdich is
Ns =p(p)(1-Fs) ®)



approximately in accordance with the “two-third”leuas
mentioned in Section lIl.
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Fig.4. Normalized long-term average revenue pertime and the
maximum number of customer S versus quoted price.
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Fig.5. Long-term average revenue per unit timeteatitic intensity
versus quoted price.

Fig.6-Fig.8 shows how the parameters of thetion of
willingness-to-pay affect the value of the optinpailce. It is

Quoted price

Fig.7. Long-term average revenue per unit timeugrgioted price
for differenta.
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Fig.8. Long-term average revenue per unit timeugrgioted price
for differento.

The AP provider has no knowledge about the paraswte
b ando of the expectation of acceptarieén Eqg.3. Moreover
it is impossible for the AP providers to find reldt
information by means of observations or interviebessause

shown that the parametersands have little impact on the the typical end-user does not have a satisfactenghmark

value of the optimal price while parametbrplays an
important role in determining the optimal price.
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with which to compare prices for what is to him/teer
abstract quantity (i.e. 1Mbit data). However, the provider
can observe the end-users’ acceptance to the gpoies
online. In [11] the authors suggest an adaptiverélyn to
learn these parameters from the observed acceptateds at
end-users accept a given price. Since the optinieeg 5 not
very sensitive ton and §, one only needs to adjust the
estimated valub based on the real-time user reaction. This
will make the implementation of this optimal prigischeme
easier. In fact, the process of learning theserparers is a
dynamic process with the aim to make the priceetlos the
end-users’ real perception about the QoS, sinceusars’
evaluation about the Internet service can fluctuhte to
various internal and external factors. The objectiof
dynamically learning these parameters is to captbhee
time-varying feature of customer behavior.

We further assume that the end-users are sensititres

Fig.6. Long-term average revenue per unit timeugtgioted price  changes of the minimum bandwidth provided. Accogdio

for differentb.

Eqg. 1,Sis reduced as blocking probability decreases gaven
certain traffic intensityp. Obviously, it is reasonable to
assume that a higher minimum bandwidth encouragesu



to spend more time on the Internet. For simplifaat we

will use the blocking probabilitys as an indicator of the In Figs.11-13, all curves comparing the MonterlCa
minimum bandwidth as we mentioned in Section IVreHe simulation results to the analytic results are giwveterms of
we use the following function to model the mearvigertime the different parameters of end-user’s willingnesgay.

u's dependence on the blocking probabifty We observe that only the paramekeplays a determining
/U(Ps) — lue—ps*ﬂ ®) role in the optimal price as mentioned above.
wherep is a factor related to the end-users’ behaviore Tt 4 —_—
higher the value @b is, the less sensitive the user is to thi - Merte Carof 156 55 | |
minimum bandwidth. Therefore, the traffic intensign be To- berabedl bes
written asp( P,)=AE/ u( Ry). Fig.9 illustrates that the traffic 20|~ R B
o
intensity p increases with the increasing blocking 5l [T VO S L,
probability ;. This is because the mean service time 2 =119
decreases. Note the fact that the traffic intenisitgreater A G AR A R A e
than one indicates that customers arrive faster thay are 1514 A e
served and the system becomes unstable. Therdferealue : ‘ '
of P, must be smaller than 0.067 as shown in Fig.10. B I 72 VT A
5 % 5 A S A
YT T T T T K&viwﬂu.
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Fig.11. Simulation- versus theoretical: revenueypet time versus
quoted price for different b.
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Using the M/M/1/S PS queue system model destribe 10 N
Section Ill, a session level Monte-Carlo simulatit 3 P52 O . Y
performed to validate the analytical pricing model.the J | R
Monte-Carlo simulation, the optimal price can berfd by R R e i %
an exhaustive search. In Fig.10, the aggregateghueyof Quioted price
the Monte-Carlo simulation and the analytic longyte Fig.12. Simulation- versus theoretical: revenueysetr time versus
average revenue per unit time are plotted overqinzed quoted price for different.
price to compare the optimal prices for the Monti@ - e
simulation and the analytical model. It is showmtthhe A N — MomeCaro 650
optimal price for the Monte-Carlo simulation, whishequal * 'ﬁ — theoretical 9=9
. . . . —a- thearetical 5=13
to 4, is close to the theoretical optimal prigg (3.644). 40}
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Fig.10. Simulation- versus theoretical revenue.



VI. CONCLUSION AND FUTURE WORK

In this paper, an optimal pricing model fordrriet service
resale via WMN was presented. We model end-usexffic
as a function of the service price. Based on aiggesystem
model, an optimal price algorithm is developed &ximize
the AP providers’ revenue. The performance of tfeppsed
pricing scheme is investigated and the analyticafitimal
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