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Abstract—In this paper, we dealwith dynamic pricing strategiesin wir e-
lesscommunication systems. Dynamic pricing policies allow the network
operator to charge a cost per time unit dependingon the network usage.
In this way, the usersbehavior can be regulatedand the network manage-
ment is significantly improved. We model the user demand and the call
duration as functions of the sewice price. By using standard Mark ovian
techniquesto representthe systemevolution, we devise an optimal linear
pricing schemewhich can be easily computedand controlled. When com-
paredwith aflat-rate policy, wherea constantprice for the network sewices
is fixed, the proposedsolution is able to provide a better quality of sewice
to the usersaswell asa greater revenueto the network operator.

|. INTRODUCTION

Recently the wireless communicationmarket has experi-
encedan incrediblegrowth; market researcHorecastone bil-
lion mobilephonewill beactivein 2002.Moreover, it isacom-
monbeliefthatmobilephoneswill bethedriversof thewireless
Internet.

This enormousievelopmenbf the cellularphonemarkethas
involvedagreatdemandor radioresourcesSincetheavailabil-
ity of theradio bandwidthis limited, new solutionsto increase
the available capacityof radio systemsneedto be found. Dif-
ferentapproachesanbeused from cell splitting andfrequeny
reuse[1] to overlappingecell layers[2], [3] anddynamicchannel
allocationtechniqueg4]. However, thesemethodsoftenimply
eitheranincreasedystemcompleity or a significantdegrada-
tion of the quality of service.

In this paper we dealwith pricing stratgjiesfor an efficient
managemertf wirelessnetworks. We proposea solutionbased
on dynamicpricing techniquesi.e., on pricing schemesvhere
the costthe network operatorchagespertime unit dependn
the network usageandis dynamicallyadaptedo the network
status.Indeed,pricing canaffect users behaior andallow for
an efficient control of the network operationalconditions. For
example,flat-ratepricing, i.e., a constanfprice for the network
services,is very effective in stimulatingnew applicationsde-
velopmentput it is no longersuitablefor an ervironmentwith
anincreasingdemandfor network resources.On the contrary
by adjustingpricesto the usageof the network, we can make
abetteruseof the availablebandwidth,andprovide the desired
quality of serviceto theusersaswell asa greaterrevenueto the
network operator

Dynamicpricing hasbeenmainly introducedo controlwired
networkssupportinginternet-basederviceq5], [6], [7]. In this
casetechniqueso derivethesystenoptimalratehave beenpro-
posed,which chage userson the basisof the congestiorthey
causeo the network. In [8], dynamicpricing hasbeenapplied
to the wirelesservironmentand simulationresultshave been
presentedor a simplepricing strateyy.

We first consider connection-orientedservices in third-
generationwirelesssystemsand we proposea solutionto dy-
namic pricing basedon an analyticalapproach.We modelthe
call durationasa function of the serviceprice andthe userde-
mandasa decreasingxponentialfunction of the call price per
time unit and of the call blocking probability, thatis the qual-
ity of servicemetric we selected. Then, sincecustomergend
to prefertransparenandeasyto understangbricing policies,we
imposethat pricesfollow linear dynamics. By using standard
Markoviantechniquego representhe systemevolution, we de-
viseanoptimallinearpricing stratey which maximizeghenet-
work revenuewhile providing the requiredquality of serviceto
the users.Performancef the proposedricing strateyy is com-
paredto theresultsobtainedthrougha flat-ratechaging policy.

Next, we give someinsightin theapplicationof dynamicpric-
ing to wirelessnetworks supportingdatapaclet services. In-
deed pricing stratgjiesin telephoty andinternetbasedservices
areboundcorvergeasthe networksevolve.

Il. SYSTEM MODEL

A commoneconometricmodel assumptiorfor the userde-
mandfunctionis [9]

D(p, Q) = exp(—ap + Q) 1)

wherep is the price per time unit, @ is the quality of service
anda, 8 areconstantparameterselatedto the userpopulation
behaior. We assumesquality of serviceindex thecall success
probability; thus@ = 1 — P,, where P, is the call blocing
probability, i.e., the probability that the systemcannot accept
ary new call. This demandunctionrepresentshe usersactive
time expressedn secondgpertime unit. This modeltakesinto
accounta commonuserbehaior: users demanddropsasthe
pricepertime unitincreasesandthequality of servicedecreases.
Theparametersx and 8 mustbeidentifiedby adequatenarket
research.

We usethe above modelto derive thetraffic intensityby as-
sumingthatthe demandn thetime spanAt is equalto the ac-
tual traffic thatis generatedn At, i.e., the traffic intensity v
weightedby the call succes@robabilityl — P,

Atexp[-ap+ (1 - B)] = Aty(1 - B) . 2

Let N be the maximumnumberof availablecommunication
channelsThesystemmaybedescribedy abirth-deathMarkov
chainwhereeachstatei = 0,... N representshe numberof
active callsin the network.

Letp = (po,p1,---pn—1) bethe price vectorrepresenting
the costpertime unit of a call startedvhenthe systemis in state
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Fig. 1. Markov model.

i, with 0 < ¢ < N — 1. Our main objectie is to determinea
corvenientprice vectorwhich optimizessomenetwork perfor
manceparametersiswe describen thefollowing.

Let \; bethe call arrival rate whenthe systemis in state:
(0 € i < N —1)andlet u; bethe averagecall termination
ratewhenthe systemis in statei (1 < i < N). Accordingto
the abose econometrionodel the call arrival ratein statei is
modeledas

m;
Ai =

) exp[—ap; + B(1 — B)]

0<i<N-1 (3
wherewe have sety = \;/m;, beingm; the averagecall dura-
tion of a call startingin statei.

Sincewe expectthatuserswill reactto theincreaseof price
pertime unit by reducingtheir call duration,we defineT,,;,, and
Timaz astheminimumandthemaximumcall durationtimes,re-
spectvely. We modelthe averagecall durationof a call starting
in statei asa decreasindunction of the call price pertime unit
in therang€[T nin, Trmaz] @S

1

— = Tmaw _K’m (i
- exp[—Kom(pi — po)]

0<i<N-1 (4

whereK,, = In(Tyaz/Tmin) /(PN—1—Po). Forexample,in the
caseof voicetraffic, areasonablehoicecouldbe T}, ., = 180s
andT,,;, = 60s.

Assumingthat call durationsare exponentially distributed
with ratesm; (0 < ¢ < N — 1), the averagecall termination
ratein state; is givenby
1<i<N. (5)

Thesteadystatesolutionof theMarkov chainshavn in Figure
1is theprobabilityvector(mg, 71, . . . mn ) Where

Mg =mo +my + -+ M1

-1

N ko
m o= | >[I (6)

k=0 j=1 Wi

- T Ais

i 71'0]1;[1 /Lj .

The systemblocking probability is P, = wn. Since \; and
u; arealsofunctionsof Py, the steadystatesolution mustbe
computedteratively until corvergenceon P, is reached.

Letg = (g1,---gn) betherevenuevectorrepresentinghe
total revenueper time unit of the network operatorwhenthe
systemis in statel < < N. Wehave

i—1
9= D (7)
=0

sincewhenthe systemis in statei eachuserhasstartedacall in
oneof thepreviousstatesj < i.
Thetotal networkrevenuepertime unitis givenby

N
G= Z T3 Gi
i1

andis of interestto the network operator
A usefulperformanceparametenof interestto theuserss the
call average costpertimeunit, whichis givenby

(8)

N-1
Cc =

(9)

TiPi -
=0

The aim of this paperis to evaluatea pricing policy (i.e., a
price vector) maximizing the total network revenueG, while
reducingthe call blocking probability P,. This optimization
problemin its generalform may be hardto solve numerically
We considera suboptimabpproachn the senseghatwe assume
a linearly increasingprice vectorwhich graduallydiscourages
usersfrom startingnew calls asthe network load increases A
further motivationfor the linearratechoiceis the simplicity of
this pricing policy, which canbe betterunderstoody the users.
The optimal slopeof the linearly increasingprice vectoris de-
terminedin orderto maximizethetotal network revenueG. We
call this price vectorthe optimallinear-rate policy. As outcome
of this procedureve alsoobtainthe corresponding?,, whichis
ametricof interestto theusers.

As abaselindor comparisonsve considetheflat-ratepolicy
wherethe price vectoris constantandthe averagecall duration
is fixedto T;,44. In particular we selecta flat price which lays
betweertheminimumandthemaximumvalueof thelinearrate
prices. The factthat the initial valuesof the linearrate price
vectorarelower thanthe flat priceis the mainincentie for the
usergo placecallsduring off-peaktime.

I1l. RESULTS

In this section we shav someresultsobtainedusingour ana-
lytical modelin the caseof voicetraffic. We considerdifferent
userpopulationsby fixing o = 0.2 andchoosing3/a = 1 and
4, in networkswith N = 8 and N = 16 radiochannels.The
flat-ratepolicy is comparedo thelinearratepolicy onthebasis
of the network revenuepertime unit andof the blocking proba-
bility.

In thefollowing, all curvescomparingthe differentstratejies
aregivenin termsof the traffic load p, thatwe have whenthe
flat-ratepolicy is applied. Denotingby A the call arrival rate
relative to theflat-ratepolicy, we write

p= )\meaz . (10)

Figure2 shavs how the network revenuecanbeincreasedy
usingthe linearratestratey. For ary valueof p thereis a sig-
nificantimprovementin network revenuewhenusingthelinear
policy. For examplefor p = 0.8 we obsenea50% improvement
in G of thelinearrateovertheflat-ratepolicy. We alsonotethat
resultsaremildly affectedby the parametery/3.

Figure 3 shows how the blocking probability canbereduced
by usingthelinearratepolicy. This maybeasecondaryesired
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Fig. 2. Linear vs. Flat-rate:network revenuepertime unit vs. traffic load for
differentusers’behaior (N = 8).

goalof thenetwork operatotbutit is of greatinterestto theusers.
By applyingthe linearratepricing scheme P, canbe reduced
by a factorrangingbetween2 and10 asp decreasesHerethe
dependencen « andg is morecritical for high ps.

Figure4 comparen asingleplot G and P, asfunctionsof
p in therange[0.1,1] in stepsof 0.1, for N = 8 and N =
16. Globally betterperformanceanbenoticedwhenthecurves
move toward the upperleft cornerof the plot. Only the case
a/B = 1is shavn sincewe obsened only minor differences
whena/S = 4.

Figure5 shavsthe averagecostpertime unit asafunctionof
p. Notethatin theflat-ratecasethe averagecostper time unit
decreasesvhentraffic load is high; this is explainedby look-
ing at (9) andconsideringhatfor high traffic loadthe blocking
probability becomegelevant. The plot suggestghatthe linear
dynamicpolicy is always more advantageougor the operator
Finally, Figure6 shaws boththe averagecostpertime unit and
theblockingprobability, asfunctionsof p in therange]0.1,1] in
stepsof 0.1.

We obsenethattheresultsgivenhereareasimpleexampleof
the possibilitiesofferedby our dynamicpricing scheme.More
realistic parametershould be evaluatedby the network oper
ator accordingto their userpopulationbehaior analysis. The
proposednethodis anextremelyflexible andsimpletool to es-
timatethe performancef dynamicpricing policies. As already
noted,the linear pricing stratey is not necessarilythe optimal
one.Furtherinvestigatioris neededo solve thepricing problem
to optimum.

IV. FUTURE WORK ON PRICING FOR DATA PACKET
SERVICES

In this section,we considerthe possibility to apply pricing
stratgjiesto connection-lesservices This problemwasalready
addresseth [5], [6], [7], [10], [11].

We considerdifferentclasseof usersaccordingto their de-
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Fig. 3. Linear vs. Flat-rate: call blocking probability vs. traffic load for
differentusers’behaior (N = 8).
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Fig. 4. Linear vs. Flat-rate:network revenuepertime unit vs. call blocking
probabilityfor N = 8, 16.

siredinformationbit rateandactualbandwidthoccupang. Con-
sider, for example,userghatrequireaninformationbit rate R;;

dependingon the channelconditionsandon their mobility pro-
file theactualusedbandwidthB; maybegreaterthanR; dueto

the overheadof error correctionfunctions. Hence,a userclass
is identifiedby the pair (R;, B;).

The network operatorsuppliesa total sharedbandwidth B.
The pricing policy canbe designedin orderto maximizethe
operatorevenueandthetotal useranformationbit rate.

Thebaselinestratgly mayconsistin settingthe pricefor each
user classproportionallyto B; independentlyof the network
traffic load. Alternatively, we proposeto apply a differentpric-
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Fig.5. Linear vs. Flat-rate:useraveragecostpertime unit vs. traffic load for

N =8andf/a =1,4.
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Fig. 6. Linear vs. Flat-rate:useraveragecostpertime unit vs. call blocking
probabilityfor N = 8,16 and3/a = 1.

ing policy for eachusersclassin suchaway thatuserdemands
suitablyshapedo reducecongestion.

In orderto selectthe optimal pricing policy, we model the
systemasfollows. We assumehat the total bandwidth,B, is
virtually divided into basicrate channelsof width equalto b,
andwe expressB; asmultiplesof b. We modelusers’demand
in eachclasssimilarly to (1) andusea multidimensionaMarko-
vian modelto representhe systemevolution.

From the operatorviewpoint, performanceis measuredn
termsof network revenueG and averageblocking probability
over all userclassesWhereasfrom the userviewpoint, the av-
eragecostperinformationbit andtheclassblocking probability

mustbe considered.

By solvingthe analyticalmodelwe canoptimizethe pricing
stratgiesfor the differentuserclasses.t will thenbe possible
to answerquestionssuchas: (i) Is it betterto chage high rate
useramorethanlow rateusers?ii) How muchcanwe shapehe
usersdemandor network resourcessthe network traffic load
variesovertime?

V. CONCLUSIONS

In this papera dynamicpricing schemédor wirelesscommu-
nication systemswas presented We modeledthe userdemand
and call durationas functionsof the serviceprice. Then, by
usingstandardMarkovian techniquesan optimallinear pricing
policy was derived in orderto obtaina transparenand easily
controllablepricing stratgyy. The performanceof the proposed
solutionwasderivedin the caseof voiceserviceandcompared
to theresultsobtainedwhena flat-ratepolicy is applied. It was
shawvn that by adjustingpricesto the usageof the network, we
canmalke a betteruseof the availablebandwidth andprovide a
greaterevenueto the network operatoraswell asanimproved
guality of serviceto theusers We alsogave directionsfor future
researchfor datapaclet serviceson the lines of the proposed
methodology
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