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Abstact—In this paper, we deal with dynamic pricing strategiesfor
connection-orientedservicesin wir elesssystems.Dynamic pricing poli-
ciesallow the network operator to chargea costper time unit depending
on the network usage.In this way, the usersbehavior can be regulated
and the network managementis significantly improved. We model the
user demandand the call duration asfunctions of the sewice price. By
using standard Mark ovian techniquesto representthe systemevolution,
we devise an optimal linear pricing scheme,which can be easily com-
puted and controlled. When compared with a flat-rate policy, where a
constantprice for the network sewicesis fixed, the proposedsolution is
ableto provide a better quality of sewiceto the usersaswell asa greater
revenueto the network operator. For example,when eight radio chan-
nels are available and the traffic load is equal to 0.8, we obtain a 25%
improvementin the network revenuewith respecto the flat-rate policy,
while the blocking probability is halved.

|. INTRODUCTION

Cellulartelepholy hasexperiencedan enormouspopular
ity all over the word, reachingup to 60% of penetrationn
countriesuchasltaly andSwedenand25%in theUSA. The
enormougyrowth of the cellularphonemarket hasimplied a
greatdemandfor radio resources.Sincethe availability of
the radio bandwidthis limited, new solutionsto increasehe
availablecapacityof radio systemsieedto be found. Differ-
entapproachesanbeused from cell splitting andfrequeny
reusq1] to overlappingcell layerg[2], [3] anddynamicchan-
nel allocationtechniqueg4]. However, thesemethodsoften
imply eitheranincreasedystemcompleity or a significant
degradatiorof the quality of service.

In thispaperwe proposeasolutionbasedndynamicpric-
ing techniquesij.e., on pricing stratgieswherethe costthe
network operatorchagesper time unit dependon the net-
work usageandis dynamicallyadaptedo the network status.
Indeed pricing canaffectusersbehaior andallow for anef-
ficient controlof the network operationaktonditions.For ex-
ample,flat-ratepricing, i.e., a constantprice for the network
servicesjs very effectivein stimulatingnew applicationgde-
velopment,but it is no longer suitablefor an ernvironment
with an increasingdemandfor network resources.On the
contrary by adjustingpricesto the usageof the network, we
canmake abetteruseof theavailablebandwidth andprovide
the desiredquality of serviceto the usersaswell asa greater
revenueto the network operator It is intuitive thatthe trend

of usersdemandiuringthe daycanbe modifiedby imposing
high ratesin the correspondencef peak-trafic time periods
andlow rateswhenlargeradioresourcesireavailable. Thus,
makingpricesdependentn the network usagecanbe an ef-

ficient solutionto network congestiorproblems.

Dynamic pricing has beenmainly usedto control wired
networks supportinginternet-basederviced5], [6], [7]. In
this case techniquego derive the systemoptimal rate have
beenproposedwhich chage userson the basisof the con-
gestionthey causeto the network. In [8], dynamicpricing
hasbeenappliedto the wirelessenvironmentandsimulation
resultshave beenpresentedor a simplepricing strateyy.

We consider connection-orientedservices in third-
generatiorwirelesssystemsandwe proposea solutionto dy-
namic pricing basedon an analyticalapproach. We model
the call durationas a function of the serviceprice and the
userdemandasa decreasingxponentialfunction of the call
price pertime unit andof thecall blocking probability, thatis
the quality of service(QoS)metricwe selected.Then,since
customergendto prefertransparenaind easyto understand
pricing policies,we imposethat pricesfollow lineardynam-
ics. By usingstandardMarkoviantechniquego representhe
systemevolution, we devise an optimal linear pricing strat-
egy which maximizesthe network revenuewhile providing
therequiredquality of serviceto theusers.

Performancef the proposedricing stratey is compared
to the resultsobtainedthrough a flat-rate chaging policy.
Wheneightradio channelsare available andthe traffic load
is equalto 0.8, we obtain an improvementwith respectto
theflat-ratepolicy of 25%in the network revenue while the
blocking probabilityis halved.

The paperis organizedasfollows. In Sectionll, the sys-
temmodelis presentedindthe performanceametricsarede-
fined. Sectionlll shavs anexampleof theimprovementhat
can be obtainedin network managemenby applyinga lin-
eardynamicpricing. SectionlV draws someconclusionand
directionsfor futurework.



Il. SYSTEM MODEL

A commoneconometrienodelassumptiorior theuserde-
mandfunctionis [9]

D(p,Q) = exp(—ap + Q) 1)

wherep is the price pertime unit, @ is the quality of service
anda, 8 areconstantparameterselatedto the userpopula-
tion behaiior. We assumesquality of serviceindex the call

succesgrobability; thusQ = 1 — P, whereP, is the call

blocking probability, i.e., the probability thatthe systemcan
notaccepiary new call. Thisdemandunctionrepresentthe
usersactive time expressedn secondger time unit. This
modeltakesinto accountacommonuserbehaior: usersde-
manddropsasthe price pertime unit increaseandthe qual-
ity of servicedecreases.The parametersx and 5 mustbe
identifiedby adequatenarketresearch.

We usethe abose modelto derive the traffic intensity by
assuminghatthedemandn thetime spanAt is equalto the
actualtraffic thatis generatedn At, i.e., thetraffic intensity
~ weightedby thecall succesprobabilityl — P,

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

Let N be the maximumnumberof availablecommunica-
tion channelsThe systemmaybe describedy a birth-death
Markov chainwhereeachstatei = 0,... N representshe
numberof active callsin the network.

Letp = (po,p1,-..pn—1) bethe price vectorrepresent-
ing the costpertime unit of a call startedwhenthe system
is in statei, with 0 < ¢ < N — 1. Our main objective is
to determineacorvenientprice vectorwhich optimizessome
network performanceparameterss we describein the fol-
lowing.

Let \; bethecall arrival ratewhenthe systemis in state:
(0 < ¢ £ N —1) andlet u; bethe averagecall termination
ratewhenthe systemis in statei (1 < ¢ < ). Accordingto
the above econometrianodelthe call arrival ratein states is
modeledas

-
PV

T_F exp[—ap; + (1 - B)]

0<i<N-1(@3
wherewe have sety = \;/m;, beingm; the averagecall
durationof a call startingin states.

Sincewe expectthatuserswill reactto theincreasef price
pertime unit by reducingtheir call duration,we defineT,,;,
and Ty,4. asthe minimum andthe maximumecall duration
times,respectiely. We modelthe averagecall durationof a
call startingin statei asadecreasingunctionof thecall price
pertime unitin therange[Tin, Tmaz] 8S

1

— = Thas exp[_Km(pi - pO)]

0<i<N-1 (4
m;
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Fig. 1. Markov model.

whereK,, = In(Thaz/Tmin)/ (PN-1—Do). FOrexample,in
thecaseof voicetraffic, areasonablehoicecouldbeT,,, ., =
180sandT},;, = 60s.

Assumingthat call durationsareexponentiallydistributed
with ratesm; (0 < i < N — 1), theaveragecall termination
ratein state; is givenby

i =mo+my+---+m;_1 1<i:<N. (5)

The steadystatesolution of the Markov chain shown in

Figurelis theprobabilityvector(mg, 71, . . . mn) Where

-1

N k A
m o= (XI5 (6)
k=0 j=1 i
7
Aj—
™= 7TOH J 1.
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The systemblocking probabilityis P, = wn. Since); and
w; arealsofunctionsof P, the steadystatesolutionmustbe
computedteratively until corvergenceon P, is reached.

Letg = (g1,-..9n) bethe revenuevectorrepresenting
the total revenuepertime unit of the network operatorwhen
thesystemisin statel < ¢ < N. We have

i—1
9i = ij
=0

sincewhenthe systemis in statei eachuserhasstarteda call
in oneof the previousstatesj < i.
Thetotal networkrevenuepertime unit is givenby

N
G= Zﬂ'i!]i
i—1

andis of interestto the network operator
A usefulperformanceparametenf interestto the usersis
the call average costpertimeunit, whichis givenby

N-—1
c= E TiPi -
i=0

Theaim of this paperis to evaluatea pricing policy (i.e.,a
pricevector)maximizingthetotal network revenueG, while
reducingthe call blocking probability P,. This optimization

(7)

(8)

(9)



problemin its generalform may be hardto solve numeri-
cally. We considera suboptimalapproachin the sensethat
we assumea linearly increasingprice vector which gradu-
ally discouragesisersfrom startingnew callsasthe network
loadincreasesA furthermotivationfor thelinearratechoice
is the simplicity of this pricing policy, which can be better
understoodby theusers.Theoptimalslopeof thelinearly in-

creasingprice vectoris determinedn orderto maximizethe
total network revenueG. We call this price vectorthe opti-

mallinear-rate policy. As outcomeof this procedurave also
obtainthe corresponding?,, which is a metric of interestto

theusers.

As a baselinefor comparisonsave considerthe flat-rate
policy wherethe price vectoris constantindthe averagecall
durationis fixedto T}, In particular we selectaflat price
which lays betweenthe minimum and the maximumyvalue
of thelinearrateprices.Thefactthattheinitial valuesof the
linearratepricevectorarelowerthantheflat priceis themain
incentive for the usersto placecallsduring off-peaktime.

I1l. RESULTS

In this section,we shav someresultsobtainedusing our
analyticalmodelfor thefollowing scenario We considerdif-
ferentuserpopulationsby fixing o = 0.1 (unlessa different
valueof « is explicitly specifiedjandchoosing3/a = 1 and
4, in networkswith N = 8 and N = 16 radiochannelsThe
flat-ratepolicy is comparedo thelinearratepolicy ontheba-
sis of the network revenuepertime unit andof the blocking
probability.

In thefollowing, all curvescomparingthe differentstrate-
giesaregivenin termsof thetraffic loadp, thatwe havewhen
theflat-ratepolicy is applied.Denotingby A; thecall arrival
raterelative to theflat-ratepolicy, we write

p= )‘meaz . (10)

Figure2 shavs how the network revenuecanbeincreased
by usingthelinearratestratayy. For p < 0.4 thereis aminor
lossin network revenuewhenusingthe linear policy. This
lossmay be greatlycompensatetly the gain obtainedwhen
p > 0.4: for examplefor p = 0.8 weobserea25% improve-
mentin G of thelinearrateovertheflat-ratepolicy. We also
notethatresultsaremildly affectedby the parameter/3.

Figure 3 shavs how the blocking probability can be re-
ducedby using the linearrate policy. This may be a sec-
ondarydesiredgoal of the network operatorbut it is of great
interestto the users. By applying the linearrate pricing
scheme,P, canbe reducedby a factor ranging between2
and 10 asp decreasesHerethe dependencen a andj is
morectitical for high ps.

Figure4 compare®nasingleplot G and P, asfunctionsof
pintherangel0.1, 1] in stepsof 0.1, for N = 8 and N = 16.
Globally betterperformanceanbe noticedwhenthe curves

Linear- vs. Flat-rate Pricing (N = 8)
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Fig. 2. Linear vs. Flat-rate:network revenuepertime unit vs. traffic load
for differentusers’behaior (N = 8).

move towardthe upperleft cornerof the plot. Only the case
a/B =1 is shavn sincewe obsenedonly minor differences
whena/( = 4.

Similar curvesarepresentedn Figure5, whereresultsare
derivedfor N = 16 anda varying. Althoughthelinearrate
policy still outperformsheflat-ratestrateyy, for a = 0.2 the
linearrategivesremarkablyworseperformancén termsof G
thanfor o = 0.1. Thisis becausehe userdemandbecomes
more sensitve to the price growth whenhighervaluesof «
are considered.Therefore,as pricesincreasethe reduction
in theuserdemandbecomesnoresignificant.Clearly; in the
caseof flat-rate,varying o doesnot affect the performance
sincethepriceis keptconstant.

Finally, Figure 6 showns the averagecostpertime unit as
afunction of p. The flat-rateprice was selectedso that for
low traffic load (p < 0.13), thelinear policy becomesnore
attractive to theusers.Notethatin theflat-ratecasethe aver-
agecostpertime unit decreasewhentraffic loadis high; this
is explainedby looking at (9) and consideringthat for high
traffic loadthe blocking probabilitybecomeselevant.

We obsenethattheresultsgivenhereareasimpleexample
of the possibilitiesoffered by our dynamicpricing scheme.
Morerealisticparametershouldbeevaluatedoy the network
operatoraccordingo their userpopulationbehaior analysis.
Theproposednethods anextremelyflexible andsimpletool
to estimatehe performancef dynamicpricing policies.

IV. CONCLUSIONS AND FUTURE WORK

In this paper a dynamicpricing schemefor connection-
oriented servicesin wireless communicationsystemswas
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presented.We modeledthe userdemandand call duration
asfunctionsof the serviceprice. Then, by using standard
Markovian techniquesan optimal linear pricing policy was
derived in orderto obtaina transparentind easily control-

lablepricing strategy. Theperformancef the proposedolu-

tion wasderived andcomparedo the resultsobtainedwhen
a flat-ratepolicy is applied. It wasshowvn that by adjusting
pricesto the usageof the network, we canmake a betteruse
of the availablebandwidth,andprovide a greaterevenueto

the network operatoraswell asanimproved quality of ser

viceto theusers.

Futurework will studythe performancenf dynamicpric-
ing when connection-oriente@nd connection-lesservices
sharethe samepool of network resources.Alternative dy-
namicpricing stratgiesanddifferentmodelsof userdemand
will beanalyzed.
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