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Abstract—In this paper, wedealwith dynamic pricing strategiesin wire-
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 service price. By using standard Mark ovian
techniquesto representthe systemevolution, we devise an optimal linear
pricing scheme,which can be easilycomputedand controlled. When com-
paredwith a flat-rate policy, wherea constantprice for the network services
is fixed, the proposedsolution is able to provide a better quality of service
to the usersaswell asa greater revenueto the network operator.

I . INTRODUCTION

Recently, the wireless communicationmarket has experi-
encedan incrediblegrowth; market researchforecastsonebil-
lion mobilephoneswill beactivein 2002.Moreover, it is acom-
monbelief thatmobilephoneswill bethedriversof thewireless
Internet.

This enormousdevelopmentof thecellularphonemarkethas
involvedagreatdemandfor radioresources.Sincetheavailabil-
ity of the radiobandwidthis limited, new solutionsto increase
the availablecapacityof radio systemsneedto be found. Dif-
ferentapproachescanbeused,from cell splittingandfrequency
reuse[1] to overlappingcell layers[2], [3] anddynamicchannel
allocationtechniques[4]. However, thesemethodsoften imply
eitheran increasedsystemcomplexity or a significantdegrada-
tion of thequality of service.

In this paper, we dealwith pricing strategiesfor an efficient
managementof wirelessnetworks.Weproposeasolutionbased
on dynamicpricing techniques,i.e., on pricing schemeswhere
thecostthenetwork operatorchargesper time unit dependson
the network usageand is dynamicallyadaptedto the network
status.Indeed,pricing canaffect user’s behavior andallow for
an efficient control of the network operationalconditions. For
example,flat-ratepricing, i.e., a constantprice for thenetwork
services,is very effective in stimulatingnew applicationsde-
velopment,but it is no longersuitablefor anenvironmentwith
an increasingdemandfor network resources.On the contrary,
by adjustingpricesto the usageof the network, we canmake
a betteruseof theavailablebandwidth,andprovide thedesired
qualityof serviceto theusersaswell asa greaterrevenueto the
network operator.

Dynamicpricinghasbeenmainly introducedto controlwired
networkssupportingInternet-basedservices[5], [6], [7]. In this
case,techniquesto derivethesystemoptimalratehavebeenpro-
posed,which charge userson the basisof the congestionthey
causeto thenetwork. In [8], dynamicpricing hasbeenapplied
to the wirelessenvironmentand simulationresultshave been
presentedfor asimplepricingstrategy.

We first consider connection-orientedservices in third-
generationwirelesssystemsandwe proposea solution to dy-
namicpricing basedon an analyticalapproach.We model the
call durationasa functionof theservicepriceandtheuserde-
mandasa decreasingexponentialfunctionof thecall priceper
time unit andof the call blocking probability, that is the qual-
ity of servicemetric we selected.Then,sincecustomerstend
to prefertransparentandeasyto understandpricingpolicies,we
imposethat pricesfollow linear dynamics. By usingstandard
Markoviantechniquesto representthesystemevolution,wede-
viseanoptimallinearpricingstrategy whichmaximizesthenet-
work revenuewhile providing therequiredquality of serviceto
theusers.Performanceof theproposedpricing strategy is com-
paredto theresultsobtainedthrougha flat-ratechargingpolicy.

Next, wegivesomeinsightin theapplicationof dynamicpric-
ing to wirelessnetworks supportingdatapacket services. In-
deed,pricingstrategiesin telephony andInternetbasedservices
areboundconvergeasthenetworksevolve.

I I . SYSTEM MODEL

A commoneconometricmodel assumptionfor the userde-
mandfunctionis [9]���������
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where
�

is the price per time unit,
�

is the quality of service
and

�����
areconstantparametersrelatedto the userpopulation

behavior. Weassumeasqualityof serviceindex thecall success
probability; thus

���! "�$#�%
, where

#�%
is the call blocking

probability, i.e., the probability that the systemcannot accept
any new call. This demandfunctionrepresentstheusersactive
time expressedin secondsper time unit. This modeltakesinto
accounta commonuserbehavior: user’s demanddropsas the
pricepertimeunit increasesandthequalityof servicedecreases.
Theparameters

�
and

�
mustbeidentifiedby adequatemarket

research.
We usetheabove modelto derive the traffic intensityby as-

sumingthat thedemandin thetime span&"' is equalto theac-
tual traffic that is generatedin &"' , i.e., the traffic intensity (
weightedby thecall successprobability

 )�*# %
&"' 
+����,-�����"������ )�*#�%.	0/1� &"'2( �� )�*#�%.	43 (2)

Let 5 be themaximumnumberof availablecommunication
channels.Thesystemmaybedescribedby abirth-deathMarkov
chainwhereeachstate 6 �879��3:3�3 5 representsthe numberof
activecallsin thenetwork.

Let ; �<�=��>?�@�BAC�:3�3:3D�FEHGIA�	
be the price vector representing

thecostpertimeunit of acall startedwhenthesystemis in state
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Fig. 1. Markov model.

6 , with
7WV 6 V 5 �X 

. Our main objective is to determinea
convenientpricevectorwhich optimizessomenetwork perfor-
manceparametersaswe describein thefollowing.

Let Y9Z be the call arrival rate when the systemis in state 6
(
7$V 6 V 5 �[ 

) and let \IZ be the averagecall termination
ratewhenthe systemis in state 6 (

 ]V 6 V 5 ). Accordingto
the above econometricmodel the call arrival rate in state 6 is
modeledas

Y�Z � ^ Z )�W#_% 
�����,������ Z ���`�� ��*#�%�	0/ 7aV 6 V 5 �b 
(3)

wherewe have set ( � Y Z�c ^ Z , being ^ Z theaveragecall dura-
tion of a call startingin state6 .

Sincewe expectthatuserswill reactto the increaseof price
pertimeunit by reducingtheircall duration,wedefined1e Z-f andd1ehg+i astheminimumandthemaximumcall durationtimes,re-
spectively. We modeltheaveragecall durationof a call starting
in state6 asa decreasingfunctionof thecall pricepertime unit
in therange

, d1e Z-f � d1ejg�i / as 
^kZ � d1ejg�i 
+����,-��l e ��� Z �k� > 	0/ 7aV 6 V 5 �m 

(4)

where
l e �$n-o�� d1ejg�i c d1e Zpf 	 c ��� EHG1A ��� > 	 . Forexample,in the

caseof voicetraffic, a reasonablechoicecouldbe d ehg+i �q sr?7 s
and d e Z-f �Xt?7 s.

Assuming that call durationsare exponentially distributed
with rates ^]Z (

7mV 6 V 5 �u 
), the averagecall termination

ratein state6 is givenby

\ Z � ^ > � ^ A �$v�v�vC� ^ Z GIA  wV 6 V 5 3
(5)

Thesteadystatesolutionof theMarkov chainshown in Figure
1 is theprobabilityvector

�yx > ��x A �:3�3�3zx E 	
where

x9>{� |} E~�+� >
��� � A Y �

G1A
\ �

�� GIA
(6)

x Z � x > Z�� � A Y �
G1A
\ � 3

The systemblocking probability is
#�%���xFE

. Since Y�Z and\IZ are also functionsof
#_%

, the steadystatesolution must be
computediteratively until convergenceon

# %
is reached.

Let � ������AC�:3�3:3���E�	
be the revenuevectorrepresentingthe

total revenueper time unit of the network operatorwhen the
systemis in state

 wV 6 V 5 . We have

� Z � Z G1A~� � > � � (7)

sincewhenthesystemis in state6 eachuserhasstartedacall in
oneof thepreviousstates����6 .

Thetotalnetworkrevenueper timeunit is givenby

� � E~
Z � A x Z � Z (8)

andis of interestto thenetwork operator.
A usefulperformanceparameterof interestto theusersis the

call averagecostper timeunit, which is givenby

� � EHGIA~
Z � > x Z � Z 3 (9)

The aim of this paperis to evaluatea pricing policy (i.e., a
price vector) maximizing the total network revenue

�
, while

reducingthe call blocking probability
# %

. This optimization
problemin its generalform may be hardto solve numerically.
We considerasuboptimalapproachin thesensethatweassume
a linearly increasingprice vectorwhich graduallydiscourages
usersfrom startingnew calls asthe network load increases.A
furthermotivationfor the linear-ratechoiceis thesimplicity of
this pricingpolicy, whichcanbebetterunderstoodby theusers.
The optimal slopeof the linearly increasingpricevectoris de-
terminedin orderto maximizethetotal network revenue

�
. We

call thispricevectortheoptimal linear-ratepolicy. As outcome
of this procedurewe alsoobtainthecorresponding

#_%
, which is

a metricof interestto theusers.
As abaselinefor comparisonsweconsidertheflat-ratepolicy

wherethepricevectoris constantandtheaveragecall duration
is fixedto d ejg�i . In particular, we selecta flat pricewhich lays
betweentheminimumandthemaximumvalueof thelinear-rate
prices. The fact that the initial valuesof the linear-rateprice
vectorarelower thantheflat price is themain incentive for the
usersto placecallsduringoff-peaktime.

I I I . RESULTS

In thissection,weshow someresultsobtainedusingourana-
lytical modelin thecaseof voice traffic. We considerdifferent
userpopulationsby fixing

�m��7�3��
andchoosing

� c �m�� 
and�

, in networks with 5 ��r
and 5 �� st

radio channels.The
flat-ratepolicy is comparedto thelinear-ratepolicy on thebasis
of thenetwork revenuepertime unit andof theblockingproba-
bility.

In thefollowing, all curvescomparingthedifferentstrategies
aregiven in termsof the traffic load � , that we have whenthe
flat-ratepolicy is applied. Denotingby YF� the call arrival rate
relative to theflat-ratepolicy, we write

� � Y � d ehg+i 3 (10)

Figure2 showshow thenetwork revenuecanbeincreasedby
usingthe linear-ratestrategy. For any valueof � thereis a sig-
nificant improvementin network revenuewhenusingthelinear
policy. For examplefor � �$793 r weobservea � 7P� improvement
in
�

of thelinear-rateovertheflat-ratepolicy. Wealsonotethat
resultsaremildly affectedby theparameter

� c � .
Figure3 shows how theblockingprobabilitycanbereduced

by usingthelinear-ratepolicy. Thismaybeasecondarydesired
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Fig. 2. Linear- vs. Flat-rate:network revenueper time unit vs. traffic loadfor
differentusers’behavior ( �m k¡ ).

goalof thenetworkoperatorbut it isof greatinterestto theusers.
By applyingthe linear-ratepricing scheme,

# %
canbe reduced

by a factorrangingbetween2 and10 as � decreases.Herethe
dependenceon

�
and

�
is morecritical for high � s.

Figure4 compareson a singleplot
�

and
#_%

asfunctionsof� in the range
, 793- ��� +/

in stepsof
793- 

, for 5 �¢r
and 5 � :t

. Globallybetterperformancecanbenoticedwhenthecurves
move toward the upperleft cornerof the plot. Only the case� c �£�¢ 

is shown sincewe observed only minor differences
when

� c �¤�$� .
Figure5 showstheaveragecostpertimeunit asa functionof� . Note that in the flat-ratecasethe averagecostper time unit

decreaseswhen traffic load is high; this is explainedby look-
ing at (9) andconsideringthatfor high traffic loadtheblocking
probability becomesrelevant. Theplot suggeststhat the linear
dynamicpolicy is alwaysmoreadvantageousfor the operator.
Finally, Figure6 shows boththeaveragecostper time unit and
theblockingprobability, asfunctionsof � in therange

, 793- ��� �/
in

stepsof
793- 

.
Weobservethattheresultsgivenhereareasimpleexampleof

the possibilitiesofferedby our dynamicpricing scheme.More
realistic parametersshouldbe evaluatedby the network oper-
ator accordingto their userpopulationbehavior analysis. The
proposedmethodis anextremelyflexible andsimpletool to es-
timatetheperformanceof dynamicpricing policies.As already
noted,the linear pricing strategy is not necessarilythe optimal
one.Furtherinvestigationis neededto solvethepricingproblem
to optimum.

IV. FUTURE WORK ON PRICING FOR DATA PACKET

SERVICES

In this section,we considerthe possibility to apply pricing
strategiesto connection-lessservices.Thisproblemwasalready
addressedin [5], [6], [7], [10], [11].

We considerdifferentclassesof usersaccordingto their de-
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Fig. 3. Linear- vs. Flat-rate: call blocking probability vs. traffic load for
differentusers’behavior ( �m k¡ ).
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siredinformationbit rateandactualbandwidthoccupancy. Con-
sider, for example,usersthatrequireaninformationbit rate ª Z ;
dependingon thechannelconditionsandon their mobility pro-
file theactualusedbandwidth«¬Z maybegreaterthan ª¬Z dueto
the overheadof error correctionfunctions. Hence,a userclass
is identifiedby thepair

� ª�Z � «¬Z 	 .
The network operatorsuppliesa total sharedbandwidth « .

The pricing policy can be designedin order to maximizethe
operatorrevenueandthetotal usersinformationbit rate.

Thebaselinestrategy mayconsistin settingthepricefor each
userclassproportionally to «¬Z independentlyof the network
traffic load. Alternatively, we proposeto applya differentpric-
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ing policy for eachusersclassin suchaway thatuserdemandis
suitablyshapedto reducecongestion.

In order to selectthe optimal pricing policy, we model the
systemasfollows. We assumethat the total bandwidth, « , is
virtually divided into basicrate channelsof width equalto ´ ,
andwe express«¬Z asmultiplesof ´ . We modelusers’demand
in eachclasssimilarly to (1) anduseamultidimensionalMarko-
vian modelto representthesystemevolution.

From the operatorviewpoint, performanceis measuredin
termsof network revenue

�
andaverageblocking probability

overall userclasses.Whereas,from theuserviewpoint, theav-
eragecostperinformationbit andtheclassblockingprobability

mustbeconsidered.
By solving theanalyticalmodelwe canoptimizethepricing

strategiesfor thedifferentuserclasses.It will thenbepossible
to answerquestionssuchas: (i) Is it betterto chargehigh rate
usersmorethanlow rateusers?(ii) How muchcanweshapethe
usersdemandfor network resourcesasthenetwork traffic load
variesover time?

V. CONCLUSIONS

In this paper, a dynamicpricingschemefor wirelesscommu-
nicationsystemswaspresented.We modeledthe userdemand
and call durationas functionsof the serviceprice. Then, by
usingstandardMarkovian techniques,anoptimal linearpricing
policy was derived in order to obtaina transparentandeasily
controllablepricing strategy. Theperformanceof theproposed
solutionwasderivedin thecaseof voiceservicesandcompared
to theresultsobtainedwhena flat-ratepolicy is applied.It was
shown thatby adjustingpricesto theusageof thenetwork, we
canmakea betteruseof theavailablebandwidth,andprovidea
greaterrevenueto thenetwork operatoraswell asanimproved
qualityof serviceto theusers.Wealsogavedirectionsfor future
researchfor datapacket serviceson the lines of the proposed
methodology.
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