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Abstract—While the demand for wireless cellular services
continues to increase, radio resources remain scarce. As a result,
network operators have to competently manage these resources
in order to increase the efficiency of their Wireless Cellular
Networks (WCN) and meet the Quality of Service (QoS) of
different users. A key component of Radio Resource Management
(RRM) is congestion control. Congestion can severely degrade
the performance of WCN and affect the satisfaction of the users
and the obtained revenues. Several congestion control techniques
have been proposed for WCN. These techniques, however, do
not provide incentives to the users to use the wireless network
rationally, and hence they cannot solve the problem of congestion.
Recently, there has been some research on providing monetary
incentives to the users through congestion pricing to use the
wireless network rationally and efficiently. Congestion pricing
is a promising solution that can help alleviate the problem of
congestion and generate higher revenues for network operators.
This paper surveys recent research work on congestion pricing
in WCN. It also provides detailed discussions and comparisons of
the surveyed work as well as open problems and possible future
research directions in the area.
Index Terms—Wireless cellular networks, congestion pricing,
call admission control, power control, auction-based congestion
pricing.

I. I NTRODUCTION

T

HE RAPID proliferation of Wireless Cellular Networks
(WCN), as well as the emergence of new wireless
”content rich” multimedia applications, with diverse Quality
of Service (QoS) requirements, present many challenges to
wireless network operators due to the limited bandwidth.
As a result, network operators have to manage their shared
resources in the most efficient way. Specifically, such resources must be managed in a way that satisfies the QoS
requirements of the supported services, distributes the network
radio resources in an efficient and fair way, provides incentives
to the users to use the network services and maximizes the
obtained revenues. To achieve these objectives, wireless network operators utilize Radio Resource Management (RRM),
which is a set of algorithms that control the usage of radio
resources. Congestion control is one of the key components
of RRM. Congestion occurs when the demand for bandwidth
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exceeds the supply. This has recently arisen due to the rapid
increase in demand for wireless services especially multimedia
services that require high bandwidth allocations. Greed also
is another source of network congestion. When a resource is
publicly shared, as is the case with the wireless spectrum in
Wireless Fidelity (Wi-Fi) networks or when price is affordable,
a greedy user may continuously transmit, rendering the system
unusable for others. This phenomenon is known in economics
as the ”tragedy of the commons” [1] (Check the appendix
for a complete list of glossary). If a user transmits when the
network is congested, the QoS of other users in the network
such as packet delay and packet loss may become severely
degraded. In economics terms, this is known as congestion
externality, which is closely related to the tragedy of the
commons problem [2]. Therefore, without proper congestion
control mechanisms, the QoS requirements of different users
may never be guaranteed.
Any congestion control mechanism should promote efficient
use of the shared wireless resources by penalizing greedy
users to avoid the tragedy of the commons problem. It should
also provide incentives to users to use the network services
and maximize economic efficiency in a way that the users
who value the network resources the most are the ones who
actually get these resources. There are a number of ways to
deal with congestion in WCN. One such way is to keep the
demand for bandwidth at a low level by imposing high fees
on customers or expanding the wireless resources. Imposing
high fees may of course discourage users from using the
network services to the extent of underutilizing the network,
and hence affecting the obtained revenues. It is also very costly
to expand bandwidth in wireless networks and in many cases
this might not even be feasible due to physical or regulatory
restrictions. Another approach to deal with congestion is to
impose a penalty on greedy users. For example, the wireless
network operator may drop the packets of greedy users or
place a bandwidth, volume caps or time limits on their calls
to alleviate congestion. Despite their effectiveness, penalty
schemes fail to achieve economic efficiency, since they provide
no guarantees that the users who value the shared wireless
resources the most are the ones who actually get them.
Recently, there has been some research on using economicbased approaches to deal with congestion. The most common
approach is congestion pricing. Congestion pricing is based on
the idea of dynamically increasing or decreasing the prices of
network services (or resources) according to the congestion
level in the network [2]. Hence, congestion pricing is also
referred as dynamic pricing. Congestion pricing solutions
in general assume that users are price-sensitive, which is
normally the case with most users. This paper reviews and dis-
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Fig. 1.

Effect of Congestion Pricing on Shifting the Users’ Demand

cusses in depth several recent research studies on congestion
pricing in WCN. The paper is structured as follows. Section
II provides a brief overview of congestion pricing. Sections
III and IV present recent work on admission-level and powerlevel congestion pricing, respectively, which are the main two
types of congestion pricing in WCN. Section V states our
conclusions and outlines open problems and possible future
research directions in the area.
II. C ONGESTION P RICING
With congestion pricing, the charges of network services
are dynamically determined according to the network load
[2], where they are increased when the network load is high to
reduce the demand for network services and they are decreased
when the network load is low to increase the demand for
network services as shown in Figure 1 [2]. Congestion pricing
can, therefore, competently promote rational and efficient
usage of the shared wireless resources by influencing users’
behaviors. Congestion pricing is, therefore, a promising solution to traffic control problems, which can help alleviate the
problem of congestion. In addition, it can enhance economic
efficiency, since it ensures that the wireless resources are given
to those who value them the most. Furthermore, congestion
pricing is more cost-effective than bandwidth expansion and
it can generate higher revenues.
We remark that congestion pricing (and pricing in general)
is a complex and multifaceted problem since there are many
economical, social and technical issues that need to be taken
into consideration [3] and [4]. Examples of economical issues
include incentives to use the network services and knowledge
of users demand functions and their sensitivity to prices.
Social issues include social welfare1 , social fairness2 and user
acceptance of congestion pricing. Technical issues include
compatibility with existing and future standards, complexity,
determination of pricing interval and billing mechanisms.
In general, the design of any congestion pricing scheme
depends primarily on two crucial components:
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1) User demand behavior: any congestion pricing scheme
must take into account the demand behaviors of users.
Different users react differently to prices because some
of them are more sensitive to prices than others. This is
known in economics as the price elasticity of demand,
which measures the responsiveness of a change in
demand for a good or service to a change in price [5].
Different pricing schemes use different demand models.
For example, some of them use exponential functions
to represent the users’ demands for wireless services
whereas others use utility functions to represent the
users’ preferences and/or their Willingness to Pay (WTP)
for a certain service.
2) Price function: the price function determines how the
price of a certain service is computed for a unit of time,
bandwidth and/or power. Different schemes use different
price functions depending on many factors including
objectives of congestion pricing, characterizations of
resource usage, causes of congestion, assumptions about
users’ behaviors, etc.
Various congestion pricing schemes have been proposed for
wired networks, particularly the Internet, such as smart-market
congestion pricing [6], progressive congestion second pricing
[7] and proportional fair congestion pricing [8], [9] and [10].
These schemes differ in many aspects including their price
functions, demand functions, etc. Details on pricing schemes,
including congestion pricing, in wired networks can be found
in [3] and [11]. Congestion pricing in WCN is more involved
than wired networks due to limited bandwidth, interference
and user mobility. In this paper, we survey the schemes that
have been proposed for WCN. We classify congestion pricing
schemes in WCN into two categories namely, admission-level
and power-level congestion pricing. This classification is based
on the level at which users are charged. It should be noted that
the congestion charge3 is not the only component of the total
charge for a certain service. Along with a congestion charge,
the charge of a service may include an access charge, a usage
charge and/or a QoS charge [12].
III. A DMISSION -L EVEL C ONGESTION P RICING
In admission-level congestion pricing, the price for a unit
of time or bandwidth is determined when the user initiates a
call request and before the call is admitted to the system.
The price in this case is fixed for the call duration. This
price is dynamically determined according to the network
load. There are two types of calls at admission level, new
and handoff calls. A new call occurs when a user requests a
new connection, while a handoff call occurs when an active
user moves from one cell to another. It should be noted that
since calls are charged at admission level, handoff calls are not
affected by congestion prices since they were already charged
at the cell where the calls have been initiated. Therefore, most
of the schemes surveyed in this section, consider only the
effect of congestion pricing on new calls.

1 Social

welfare is the aggregate utility of the people
fairness refers to the state of economy where the majority of people
are able to buy certain products regardless of their incomes. In the context of
this paper, it refers to the ability to buy or use network services
2 Social

3 Charge is defined as the amount that is billed for a service, whereas price
is the amount of money associated with a unit of service. That is, price is
used to compute the charge [2]
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The rationale behind using congestion pricing at the admission level is to control call request arrivals to the system through monetary incentives in order to maintain the
connection-level QoS at a desired threshold. The main QoS
metrics at the connection level are new call blocking and
handoff call dropping probabilities. The new call blocking
probability is the probability that a new call is rejected.
Whereas, the handoff call dropping probability is the probability that a handoff call is dropped. The general procedure
for admission-level congestion pricing is as follows. When a
user makes a new call request, the base station or the Radio
Network Controller (RNC) computes the price for a unit of
time or bandwidth and announces this price to the user as
shown in Figure 2.(a). If the user accepts the price, he can
then establish the call. Otherwise, he can retry later when the
price is lower. Different schemes might use variations of this
general procedure. For example, in case of congestion pricing
based on bidding, when the user sends a new call request, he
attaches a bid with his request. The base station or the RNC
then determines whether this bid is accepted or not. If the
call request is of type handoff, then the base station or the
RNC only checks if there are enough available resources to
accept the call or reject it without computing a new price for
the call as shown in Figure 2.(b). We classify admission-level
congestion pricing schemes into two types: Direct and Indirect
Call Admission Control.
A. Direct Call Admission Control
Wireless networks operators employ Call Admission Control (CAC), which is a resource provisioning strategy that is
used to limit the number of connections in the network in
order to improve its performance and meet the Quality of
Service (QoS) of ongoing users’ connections. CAC, by itself
cannot avoid congestion because it does not provide incentives
to the users to use the shared wireless network resources
rationally and efficiently. Therefore, the new call blocking
and handoff call dropping probabilities can reach high levels
during congestion periods. To provide such incentives and
reduce these probabilities, CAC is integrated with congestion
pricing. Hence, the term Direct CAC.
Integrated Congestion Pricing with CAC
In [13], Hou et al. propose a scheme that integrates congestion
pricing with CAC to simultaneously address the problem
of congestion and maximize total user utilities (i.e., social
welfare). In this scheme, the utility of a user is defined as
a function of the call rejecting probabilities Pb , where Pb is
defined as a weighted sum of the new call blocking probability
and handoff call dropping probability. The authors in [13]
prove that for a given wireless network, there exists an optimal
new call arrival rate λ∗n that maximizes the total utility of
users. When λn > λ∗n , the network becomes congested as a
large number of new and handoff calls are blocked, and hence
users receive lower QoS than their requirements. Therefore, it
is in best interest of the wireless network operator to keep
the new arrival rate λn less than or equal to λ∗n , which is the
objective of congestion pricing.
Figure 3 shows a schematic representation of the proposed
CAC scheme in [13]. The system consists of two blocks,

the CAC block and the pricing block. The CAC block is
responsible for accepting or rejecting calls based on the
amount of available resources. The pricing block works as
follows: when λn < λ∗n a fixed price is charged to every user
and when λn > λ∗n a congestion price will be charged to
users who still want to use the network services. If users do
not accept the offered congestion price, they can make their
calls later when the network load decreases and the price is
lower. These users, denoted by hold-off users in Figure 3,
generate retry traffic with arrival rate λr . The scheme uses
the demand function proposed in [14] to model the users’
behaviors towards price changes as follows
2 
  cp(t)
, cp(t) ≥ f p
(1)
−1
D(cp(t)) = exp −
fp
where D(cp(t)) is the percentage of users that will accept the
congestion price, f p is the fixed price charged when λn ≤ λ∗n
and cp(t) is the price charged during congestion periods.
Using this demand function and through some mathematical
manipulations, cp(t) is calculated such that the arrival rates
λn + λr (i.e., of new and retry users) are equal to the optimal
arrival rate λ∗n . When compared to conventional systems,
where pricing is not taken into consideration, the scheme in
[13] shows considerable improvements in terms of congestion
prevention, achieved total user utility and obtained revenue. In
addition, the scheme assumes a realistic queuing model where
it considers new users as well as hold-off users. However,
the pricing scheme is designed to prevent the system from
over loading by keeping λn ≤ λ∗n , but it fails to prevent it
from being under utilized. This is because when λn is much
less than λ∗n , users are charged a fixed price and they are not
given any incentives to increase their usage of the network,
which results in resource wastage, and hence revenue loss.
Furthermore, the price setting totally depends on the demand
function and the assumption that the user’s utility is a function
of the parameter Pb . Therefore, if users’ real demands or
utilities are different from the assumed ones, the congestion
price will not be able to maximize the social welfare of
the system, and hence the performance of the system may
be greatly affected. Moreover, the assumed demand function
does not take into account the price elasticity of demands of
different users, which should be considered in any realistic
pricing scheme.
Congestion Pricing with Alternatives
S. Yaipairoj et. al. [15] propose a CAC with a congestion
pricing scheme, which divides users into two types, priority
users and conventional users. Priority users pay a higher price
in order to be served immediately or relatively sooner, whereas
conventional users pay a fixed price but are delayed for a
longer time. The scheme model, as illustrated in Figure 4,
consists of two queues, one for priority users and the other
for conventional users. The scheme consists of two important
functional blocks, a pricing block, which is responsible for
price broadcasting to incoming users and a Priority Call
Admission Control (PCAC) block, which is responsible for
admitting users from both queues. The scheme works as
follows. When the system is not congested, all incoming users
are charged a fixed price and are placed in the conventional
queue since there are enough resources to serve them all.
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(a)
Fig. 2.

(b)

Admission-Level Congestion Pricing Procedure for (a) New Call (b) Handoff Call

Phb

Handoff Call
Arrival
New Call
Arrival

Oh (t )
On (t )

Oin (t )

Call Admission
Control

O admit (t )
Admitted Calls

Pricing Scheme
H(t)

Or (t )

Delay

Fig. 3.

Handoff Call
Blocking

Pnb

Hold-off
Users

New Call
Blocking

Schematic Representation of the CAC Scheme in [13]

Accept congestion
price

Priority queue

Incoming calls
Pricing
Scheme

Reject congestion
price

Fig. 4.

PCAC

Admitted
calls

Conventional queue

Schematic Representation of the CAC Scheme in [15]

However, during congestion periods, a higher congestion price
is calculated and announced to incoming users. If users accept
the congestion price, they are placed in the priority queue
where they are served faster; otherwise, they will be placed in
the conventional queue. The authors in [15] define equations
for calculating the probability that the user’s delay of each
type of queue is larger than a certain threshold. Therefore,
the scheme can utilize these equations to guarantee that the
user’s call would not exceed a certain amount of time in
the corresponding queue. To distinguish between priority and
conventional users, the PCAC block uses a priority factor
(Ps ), which is the probability that the priority queue is served
over the conventional queue. Therefore, Ps greatly impacts

the performance of the system and the obtained revenues. The
value of Ps is determined with the help of congestion pricing
such that the maximum number of users that the network
can accommodate, and yet conform to the QoS constraints of
users. Numerical results [15] show that there is a significant
revenue increase using this scheme with pricing over a CAC
scheme that does not utilize congestion pricing. The overall
system utilization is also improved.
Although the scheme considers the delay the users experience in the two queues, it does not take into account the
new call blocking and handoff call dropping probabilities. This
may not be practical since wireless network operators have a
limit on the number of calls they can block, which is usually
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determined by regulations. Furthermore, there should be some
investigations on the amount of time users can tolerate waiting
in the queues prior to admission before they cancel their call
requests after which they are considered blocked.
CAC-Based Congestion Pricing and Dynamic Bandwidth Reservation for Handoff Calls
S.L. Hew [16] proposes a congestion pricing scheme that
is integrated with CAC in order to reduce congestion and
maximize revenues in multi-service WCN. The behaviors of
the users of service class i towards prices is modeled by their
Willingness to Pay (WTP), which is represented by a Weibull
distribution [17] with mean ϕi and shape βi . The Weibull
distribution is used because it is versatile and can take up the
characteristics of other types of distributions depending on the
value of βi . In fact, exponential demand functions such as the
one used in [13] and [15] are special cases of the Weibull
distribution [16]. Using the concept of WTP, a new user of
service class i will decide to make a connection request if his
WTP is larger than or equal to the expected cost of the service,
i.e., ϕi ≥ cpi (t)ḃi /ui , where cpi (t) is the price of the service
of class i at time t, bi is the units of the required bandwidth and
ui is the average call duration. Assuming k classes of service,
new users of service class i who are rejected by the CAC or
have insufficient WTP, will either retry later with probability
αRj , opt-out to another service j = i with probability αSOij
or abandon the system with probability αAij . New users of
service class i who retry later and users of service class j = i
who opt-in service class i are said to be in orbit, as shown in
Figure 5.
By varying the price, the arrival rate of a certain service
can be encouraged or discouraged in order to reserve some
bandwidth for arriving handoff or higher revenue-generating
users. The system is described by a Markov Chain [18] and
the problem of CAC and congestion pricing is formulated as
a Markov Decision problem [19] in order to exercise CAC
and congestion pricing such that congestion is reduced and
the long-run expected revenues are maximized. Numerical
results show that this scheme increases revenues and reduces
congestion compared to other schemes that do not employ
congestion pricing.
The most distinctive feature of this scheme compared to
other ones is the realistic queuing model that considers the

effects of prices on arrivals, retrials and substitutions among
services. However, this increases its complexity, and hence the
complexity of the solution. Another important feature is that
the scheme does not reserve a fixed number of channels (or
bandwidth) for handoff users as is the case with all schemes
presented in this section. Instead, the reservation of bandwidth
for handoff users is determined in real time based on the
expected revenues that the system would get from handoff
users. However, similar to the scheme in [15], this scheme fails
to consider the new call blocking and handoff call dropping
probabilities, which may limit its practicality.
B. Indirect Call Admission Control
The pricing schemes surveyed in this section are designed
to regulate the usage of the wireless network resources without
being integrated with CAC. Unlike Direct CAC schemes, the
schemes in this section do not employ explicit CAC but rather
they implicitly limit the number of connections at admission
level during congestion periods. Hence, we call them Indirect
CAC schemes.
Congestion Pricing for Differentiated Mobile services
In reference [20] a dynamic pricing scheme for differentiated
cellular mobile services is proposed. The scheme classifies
users into k QoS classes, where each class i (1 ≤ i ≤ k)
is defined by the new call admission probability δi (i.e., the
probability that a call is admitted) and δ1 > δ2 > · · · > δk .
The main feature of the scheme is that the price of the call
from the ith QoS class is varied according to the traffic load in
m discrete steps namely, cpi1 , cpi2 , . . . , cpim within a range
cpmin
and cpmax
in order to regulate users’ demands. This is
i
i
done such that the revenues of the wireless network operator
are maximized.
The effect of the price on the demand is modeled as follows
[21]:
(2)
Di (t) = ai (t)e−bi (t)cpi (t) ,
where at any given time t, Di (t) is the quantity of resources
demanded by the users in the ith QoS class, cpi (t) is the
price of a call from the ith QoS class, ai (t) is the demand
shift constant of ith QoS class and bi (t) is the price elasticity
of demand of the ith QoS class. ai (t) and bi (t), which can
assume different values for different times of the day and QoS
classes can be determined by market studies on real demand
behaviors for the different users.
Since prices are chosen from within a predetermined set,
users relatively know how much they are expected to be
charged. However, determining the range of the price set (i.e.,
and cpmax
cpmin
i
i ), its cardinality (i.e., m) and the different
prices (i.e., cpi1 , cpi2 , . . . , cpim ) for each QoS class is very
difficult. For example, choosing a high value of cpmax
may
i
lead to revenue loss as more users are discouraged from using
the wireless services. In addition, if m is large, the pricing
problem in [20] becomes much harder to solve. Therefore,
these values should be carefully chosen.
Auction-Based Congestion Pricing with Reservation
Price
S. Yaipairoj et al. [22] propose a congestion pricing scheme
for wireless data services in General Packet Radio Service
(GPRS) system - a 2.5G WCN [23]. The authors in [22] argue
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that estimating the users’ demands can be too complex and
time consuming because users’ demands can be a function of
QoS, price structure and the applications the users are running,
which vary significantly among different markets. The argument in [22] is that without accurate estimation of the users’
demands, auctions can be used to price wireless services. The
scheme is conceptually similar to smart-market pricing [6] in
which users submit bids along with their service requests. The
main difference between the smart-market approach and this
scheme is that in the former, bids are submitted with every
packet, whereas in the scheme in [22], bids are submitted only
at the beginning of the call. The auction method assumed in
the scheme is the multi-unit second-price sealed bid or multiunit Vickery auction [24]. In multi-unit Vickery auction, users
are allowed to bid for more than one unit of the same item
and the K highest bidders are admitted into the system where
they pay the value of the highest losing bid. In this scheme,
the submitted bids are required to be greater than or equal
to a certain value denoted by the reserve price. The authors
in [22] calculate the optimal reserve price that maximizes
the excepted revenues of the wireless network operator. This
price is to be used when the network is not congested. During
congestion periods, indicated by increased mean system delay,
the optimal reserve price is increased to discourage excessive
network usage. The new reserve price is calculated so that it
achieves the maximum delay improvement with the minimum
loss of revenue. Numerical results show that by increasing the
auction’s reserve price, the network congestion is significantly
reduced.
The most important feature that distinguishes the scheme in
[22] is that it does not require any estimate of user demand,
since this information is conveyed by the users through their
submitted bids. In addition, with Vickery auction users are
less likely to shade their bids, a phenomenon by which users
bid below their true valuations of the items being auctioned to
avoid subsequent loss of wining when bidding high prices in
auctions where users pay the highest bids [2]. As a result, the
largest overestimation of an item’s value ends up winning the
auction. Moreover, the scheme is designed for GPRS where
the QoS support in this system is very limited. The authors in
[22] claim that emerging technologies such as Enhanced Data
rates for GSM Evolution (EDGE) [23] - a GPRS-based system,
and Universal Mobile Telecommunication System (UMTS)
[25] - a 3G WCN, are potential candidates for deployment
of their proposed scheme. However, the deployment of the
scheme on EDGE and UMTS, requires new formulas for the
mean system delay to be derived as these systems differ from
GPRS in a number of aspects, including the supported data
rate, modulation and channel coding algorithms [23] and [25].
Auction-Based Congestion Pricing for Differentiated
Wireless Services
S. Mandal et al. [26] and [27] propose a congestion pricing
scheme for differentiated wireless services. The proposed
scheme is similar to the one in [22] in that it is based
on bidding and that it aims at maximizing the revenues
of the wireless network operator in addition to controlling
congestion. The difference with the scheme in [22] is that the
former does not use the reserve price. Two multi-unit auctions
mechanisms are proposed, namely uniform pricing auction and
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discriminatory pricing auction. In uniform pricing auction [2],
the highest L bidders are chosen and the bidders pay the same
price, which is the clearing price at which the demand exhausts
the available resources (i.e., the price of the lowest wining
bidder). In discriminatory pricing auction [2], the highest L
bidders are chosen such that the demand exhausts the supply
and each chosen bidder is charged his own bid. The proposed
scheme assumes k QoS classes where each class i (1 ≤ i ≤ k)
is assumed to be defined by new call admission probability
δi . To maximize the revenue, the scheme admits the highest
bidders according to the pricing auction being used such that
the QoS of different classes is met.
Simulation results show that uniform and discriminatory
pricing auctions outperform flat pricing in terms of revenues.
The major disadvantage of discriminatory pricing auction is
that it suffers from bid shading since users may bid below their
true valuations of the auctioned items to avoid paying high
prices when wining the auction. Similar to Vickery auction
[24], users with uniform pricing auction are less likely to
shade their bids and hence, uniform pricing auction may result
in higher revenues than discriminatory pricing auction [2].
Users, however, will bid on average higher prices with uniform
pricing than with discriminatory pricing because the former
eliminates the winner’s curse. As aforementioned, the scheme
in [26] and [27] does not use a reserve price. Nevertheless,
it is expected that this scheme could help control congestion
because as the arrival rate to the wireless system increases,
the number of bidders for resources increases and as a result,
the expected bids’ values go up. This makes the scheme easy
to implement. However, it also makes it less responsive to
congestion since without the reserve price, it takes the users
some time to figure out that the right values that they should
bid. In addition, without the reserve price, the earned revenues
depend totally on the amount of submitted bids, which if they
happen to be very low, will result in great revenue loss to
the wireless network operator. This problem becomes more
aggravated if users cooperate to submit low bids, which is a
highly unlikely but possible scenario.
Congestion Pricing for Connection-Oriented Services
E. Viterbo et al. [28] propose a linear optimal congestion
pricing scheme for connection-oriented services in 3G WCN
in order to maximize the revenues of network operators. The
authors argue that linear prices are less complex to compute
and are more understood by users. The user’s behavior is
modeled by the following demand function [29]:
D(cp(t), Q) = e−αcp(t)+βQ ,

(3)

where cp(t) is the congestion price at time t, Q is a quality
of service metric, which is defined to be the call admission
probability, and both α and β determine the rate of change of
D(cp(t), Q) as a result of the change in the congestion price
and/or the quality of service metric. Let N be the maximum
number of available communication channels. The authors in
[28] describe the system evolution as a set of states using
a Markov chain, where each state i = 0, , N represents the
number of active calls in the system (i.e., each call uses one
channel). A pricing vector cp = (cp0 , cp1 , . . . , cpN −1 ) is used
to represent the cost of using the service where cpi represents
the price of a call when the system is in state i (i.e., there are
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i active calls). The main objective of this scheme is to find
cp such that it maximizes the wireless network operator’s
revenues. Numerical results show that when compared to
flat rate pricing, the pricing scheme in [28] achieves higher
revenues and lower call blocking probability.
The most distinctive feature of this pricing scheme is that
it models the user’s call duration as a decreasing function
of the congestion price. Such modeling is logically important
because even though the users know how much they will be
priced at the beginning of their calls; they usually tend to
decrease their calls durations as the prices go higher. However,
this depends on many factors in addition to the price such
as the users’ WTP, their budgets, etc. Unfortunately, those
factors are not considered in the proposed model. Another
important aspect of the proposed scheme is the use of linear
pricing. Linear pricing may not yield the maximum revenues
because there could be another non-linear pricing vector cp
that achieves higher revenues. However, as argued by the
authors in [28], linear pricing schemes are more understood
by users, which might increase their acceptance of congestion
pricing. This pricing scheme is similar to the scheme in [20]
in which users can anticipate how much they will be priced
at, or at least they can anticipate the range that the prices will
fall in. However, the set of prices in [20] are predetermined
whereas in this scheme they are optimally computed.
Table I summarizes the most distinctive features and the
limitations of the schemes surveyed in this section.

TABLE I
S UMMARY OF F EATURES AND L IMITATIONS OF A DMISSION -L EVEL
C ONGESTION P RICING S CHEMES
Scheme
Reference
[13]

[15]

[16]

[20]

[22]

Most Distinctive Features
Realistic queuing
model

Alternatives to the
users to choose
between dynamic
and fixed prices
Realistic queuing model.
General distribution function
for user demand.
Good QoS support.
Dynamic bandwidth reservation for handoff calls.
Price determination
from within a
known set.

No estimate of user
demand is required.
Simple.

[26], [27]

No estimate of user demand is
required

IV. P OWER -L EVEL C ONGESTION P RICING
In power-level congestion pricing, users are dynamically
charged according to their power consumption in order to
regulate their power usage in the network and to help control
congestion. This means that power-level congestion pricing
is exercised after the call is admitted where the price varies
during the call according to the user’s power usage. Powerlevel congestion pricing schemes are specific to Code Division
Multiple Access-based (CDMA) networks [30] such as UMTS
[25] because these networks suffer from interference caused
by the power transmitted by the users to the base station
(uplink) or vice versa (downlink), which degrades their QoS.
The rationale behind using congestion pricing at the power
level is twofold. The first is providing monetary incentives to
the users to use the power rationally and efficiently in order
to mitigate interference, and hence alleviate congestion. The
second is to save power, and thus increase battery life of users’
mobile terminals. Therefore, congestion pricing at the power
level serves as a power control function. To determine the
amount of power needed in the uplink or downlink, a measure
of the user’s signal quality is needed. Three alternate measures
for the signal quality are used [31], namely:
1) Received Signal-to-Interference Ratio (SIR): the ratio
of power of desired signal to the power of all other
interfering signals. High SIR values mean good signal
quality, which allows higher data rate transmission.
2) Received Signal-to-Interference-Plus Noise Ratio
(SINR): similar to SIR expect that it takes into
account physical noises such as the thermal noise and
background noise. SINR is considered more accurate

[28]

Consideration of effect of
price on call duration.
Use of simple linear pricing

Limitations
No prevention of system’s underutilization.
No consideration of effect of
price on call duration.
Limited QoS support.
Total dependence on assumptions about utility function.
No consideration of effect of
price on call duration.
No support for connectionlevel QoS.
Limited QoS support.
Complex solution.
No consideration of effect of
price on call duration.
No support for connectionlevel QoS
Difficulty in determining the
price set, its cardinality and
prices within it.
Difficulty in determining the
price set, its cardinality and
prices within it.
No consideration of effect of
price on call duration.
Limited QoS support
Effect of price on call duration
is not considered.
No QoS support.
Less responsiveness to congestion.
Effect of price on call duration
is not considered.
Limited QoS support.
Revenue loss if users cooperate.
Limited QoS support.

than SIR. However, since the physical noises are
independent of the system under evaluation, SIR is
used for evaluating different power control schemes
3) Bit-Energy-to-Noise-Density Ratio (Eb /N0 ): obtained
by multiplying SIR or SINR by the processing gain (i.e.,
the physical bandwidth divided by the actual data rate).
This measure is usually used to obtain the Bit Error Rate
(BER), which is the number of erroneous bits received
divided by the total number of bits transmitted. The
BER is a very important physical QoS metric because
high BER values correspond to resource wastage due
to the large number of erroneous bits that need to be
retransmitted.
Since the channel characteristics in the uplink are different
from those in the downlink, congestion pricing in the uplink
is different from the downlink. Therefore, we classify the
schemes surveyed in this section into uplink and downlink
power-control congestion pricing. The general procedure for
power-level congestion pricing is as follows. In the uplink, the
base station or the RNC dynamically determines the price per
unit of power in the uplink and announces this information to
the users as shown in Figure 6(a). The users then decide the
amount of power they will transmit at in the uplink according
to the announced price. In the downlink, the base station
announces the price per unit of power in the downlink. The
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(a)
Fig. 6.
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(b)

Power-Level Congestion Pricing Procedure for (a) Uplink (b) Downlink

users then decide the amount of power in the downlink and
send this information to the base station, which will transmit
to the users according to their requested power as shown in
Figure 6(b). Different schemes might use different variations
of this procedure. For example, some schemes are distributed
and allow the congestion price to be computed at the user side,
as well as at the base station or RNC.
A. Uplink Power Control Congestion Pricing
The uplink in CDMA-based networks is interference-limited
[32], which implies that users cannot increase their power
without bound due to the interference that they would cause to
other users in the network. Therefore, the schemes surveyed
in this section aim at reducing interference in the uplink
by controlling the transmitted power by the users through
providing monetary incentives to them.
Utility-Based Congestion for WCN
To sustain high uplink data rates, users need to transmit
at high power levels in order to keep the received SIR at
the base station at high levels. However, as aforementioned,
transmitting at high power levels causes interference to other
users, which affects their attainable data rates. S.W. Han et.
al. [33] propose a distributed congestion pricing scheme for
optimal uplink power allocation in CDMA-based networks.
They model the users’ behaviors by a utility function of the
received SIR, which is in turn a function of the transmitted
power (i.e., the users are happier with high SIR since it
translates to high data rates). In their scheme, each user
decides on a transmission power as to maximize his utility
minus the cost of power (i.e., his net utility). The price is
updated in steps based on the user’s transmission power. The
authors then prove that their scheme converges to an optimal
power allocation that maximizes the social welfare.
The scheme in [33] reduces the signaling by the users and
the base station because the price and power computation
is done at the user’s side. This increases the computation
at the user side, which might affect his battery life. In
addition, the user’s utility is assumed to be a function of
the received SIR, which is a concave function. We remark,
however, that concave functions are incapable of representing
the satisfactions of users with minimum data requirements,
which are usually represented by sigmoid utility functions [34]

and [35]. Furthermore, users are charged differently in this
scheme based on their locations where users with good signal
qualities are charged less than the others. This is more network
efficient, since users contributing more to interference are
charged higher than others. Such a pricing scheme, however,
is unfair to users, since for the same the data rates, users with
different signal qualities will be charged differently. Therefore,
a balanced solution between network efficiency and fairness
would be more appropriate.
Uplink Resource Control for Elastic Traffic
V. A. Siris [32] proposes a distributed resource control scheme
based on congestion pricing for the uplink and downlink in
CDMA-based networks. It is mathematically shown that the
resource usage for each user i in the uplink in CDMA-based
networks is an increasing function of the product of two
parameters, the transmission rate ri and the signal quality,
expressed in terms of the target Bit-Energy-to-Noise-Density
Ratio, γi (i.e., Eb /N0 = γi ). Therefore, in this scheme, users
are charged proportionally to their uplink resource usage (i.e.,
ri · γi ). The work in [32] considers the case of elastic (besteffort) traffic where users value only the average throughput of
successful data transmission, which is shown to be a function
of ri and γi . Similar to [33], the users’ behaviors are modeled
by a utility function and the scheme aims at maximizing
social welfare. However, the user’s utility is assumed to be
a function of his average throughput, which is the most
important measure of user satisfaction for best-effort traffic. In
this scheme, each user decides on a target Eb /N0 (i.e., γi ) and
a transmission power as to maximize his utility minus their
cost. It should be noted that the users can maintain a target
Eb /N0 by gradually increasing their power until the desired
Eb /N0 is achieved. The author in [32] shows that the optimal
values of ri and γi can be computed in a distributed manner
where each user only has to compute his optimal transmission
rate whereas the optimal γi is computed at the base station.
The most distinctive feature of this scheme is that users are
charged based on their transmission rate ri and their target BitEnergy-to-Noise-Density Ratio, γi , irrespective of the amount
of power used in obtaining γi . This means that the price is
independent of user’s location. Whereas in the scheme [33],
the price depends on the power level, and hence users who are
close to the base station will potentially enjoy lower prices,
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since they require lower power to transmit than those users
who are far away from the base station. However, this comes
at the expense of reduced network efficiency since, for a
same data rate, users causing high interference are charged the
same amount as those users causing low interference. Another
feature of this scheme is that it can support other cost functions
in addition to the resource usage such as the cost of battery
power of the user and the cost of congestion in wired network
as explained in [32]. Therefore, the scheme can be used as a
basis for the integration of congestion control mechanisms in
wired and wireless networks.
B. Downlink Power Control Congestion Pricing
Unlike the uplink, the downlink in CDMA-based networks
is power limited [32], which means that there is a limit on the
total transmission power by the base station. This is because
the base station causes interference to adjacent cells, which
degrades the QoS of the downlink for users in those cells.
Therefore, the goal of the schemes surveyed in this section
is to regulate the allocation of the downlink power by using
congestion pricing.
Downlink Resource Control for Elastic Traffic
V. A. Siris [32] proposes a downlink resource control scheme
for CDMA-based networks, which is similar to the uplink
version in the same paper. It is mathematically shown that
the transmission power from the base station to user i
characterizes resource usage. Therefore, users are charged
proportionally to their power usage. In this scheme, each user
decides on a downlink transmission power as to maximize
his utility minus the cost of power, where the user utility is
assumed to be a function of his average throughput. The author
in [32] also shows that the optimal values for the transmission
rate ri and the target Bit-Energy-to-Noise-Density Ratio γi can
be computed in a distributed manner.
This scheme shares the same features as its uplink counterpart. However, unlike the uplink version, users are charged
according to the amount of transmitted power. Hence, for the
same average throughput, users close to the base station will
enjoy potentially lower prices than those who are far away
from it, which increases the efficiency of the network at the
expense of unfairness. In addition, the distributed algorithm
provided in [32] to compute the optimal values of ri and γi
involves more computations at the user’s side than the uplink
one, which reduces the signaling between the users and the
base station but might affect their battery life.
Downlink Power Allocation for Multi-Call Wireless
Systems
J.W. Lee et al. [34] and [35] propose a downlink power
allocation scheme for wireless systems supporting multiple
classes of service. The scheme uses a utility function to
represent user satisfaction of the received QoS. The utility
of user i is assumed to be a function of the received SIR.
Unlike other schemes, the authors in [34] and [35] argue that
natural utility functions for users are typically non-concave
and, therefore, they allow the utility function of each user
with respect to power allocation to be one of three types:
sigmoidal-like, strictly concave or a strictly convex function.
The objective of the scheme is to obtain a power allocation

that maximizes the social welfare. Since the scheme assumes
a general utility function, obtaining a global optimal power
allocation is difficult. Therefore, the authors propose a distributed algorithm based on congestion pricing to approximate
the performance of the global solution and show that its
asymptotic performance converges to the global optimum. The
algorithm consists of two stages, mobile selection and power
allocation. In the mobile selection stage, mobile users to which
the power is allocated are selected (only a subset of users are
allocated power since there is a limit on the total transmitted
power). Once the users are selected, the power is optimally
allocated to the selected users in the power allocation stage. In
this stage, each selected user will choose a transmission power
to maximize his utility minus the cost of power. Based on the
power request of each user, the base station will dynamically
adjust the price of power usage (cp(t)) such that it obtains a
good approximation of the global power allocation.
The most distinctive feature of this scheme is the use of a
general utility function, which is not restricted to be concave.
This is more practical and allows for supporting multi-class
services in a unified way, since different services might have
different utility functions. Note that the utility function assumed in [32] is a special case of the utility function assumed
in [34] and [35]. Similar to the scheme in [32], the price
depends on the amount of transmitted power. Mobile selection
and power allocation require a lot of signaling between the
users and the base station, which might increase interference
in the system, as well as increase resource wastage, since
such signaling consumes power. In addition, the high signaling
between the users and the base station might decrease the
battery life of the users.
Downlink Power Allocation Using Power and Code
Congestion Pricing
P. Liu et al. propose a downlink power control scheme for
voice users in CDMA-based networks in [36] and [37]. They
state that CDMA-based networks are limited by available
resources, which constitute transmission power and codes
where the number of available codes is limited by bandwidth,
whereas the amount of transmitted power is limited by physical constraint or by the interference caused to neighboring
cells. Therefore, pricing should include both transmitted power
and codes. The users are represented by a utility function,
which reflects their WTP for a certain QoS. Since only voice
users are considered, QoS is determined by the received SINR.
If the received SINR is above a certain threshold γ ∗ , then the
QoS is acceptable and the user is indifferent to any additional
increase in the received SINR. Conversely, if the received
SINR is less than γ ∗ , then the QoS is unacceptable and the
user derives zero utility. To model this, a step utility function
of the received SINR Ui (γi ) is used, where Ui (γi ) = Ui , γi ≥
γ ∗ and Ui (γi ) = 0 γi < γ ∗ . In the scheme, the base station
announces a price per unit of power cpp (t) and a price per
code cpc (t). Hence, the total charge for service incurred by
user i is cpc (t) + cpp (t) · pi , where pi is the requested power.
The user then responds by requesting a transmission power
that maximizes his net utility. The power radiated by the base
station causes interference to adjacent cells, which degrades
the QoS of the users in those cells. This is accounted for by
assuming that the base station makes a transfer payment to the
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network given by β · P , where β is a constant and P is the
total transmitted power by the base station. The objective of
the base station is then to find cpp (t) and cpc (t) to maximize
social welfare or revenue minus the transfer payment. The
authors in [36] and [37] show that the optimal prices (i.e.,
cpp (t) and cpc (t)) that maximize social welfare can be found
and provide a closed-form solution for them. However, when
maximizing the revenues, finding the optimal prices becomes
more involved since as the prices increase, the number of
active users decreases, but the revenue per user increases.
Optimization becomes difficult in this case since revenue as
a function of price is an irregular-surfaced function that has
many jumps corresponding to the specific prices at which users
become activated or deactivated [36] and [37]. In this case, to
find the optimal prices, the authors in [36] and [37] use a
large system model in which they assume that the number of
users and the number of codes tend to infinity while keeping
the load constant. This model is used to avoid the associated
analytical problems with a finite system and find the optimal
prices when the objective function is maximizing revenues.
Please refer to [36] and [37] for more details on this model.
Extensive experiments on the scheme are done in [37] and [38]
where the effect of code and power prices on the network load
are shown.
A very distinctive feature of the scheme in [36] and [37] is
the identification of resource usage by both power and codes.
Unlike other schemes, which only consider the amount of
transmitted power, this is more practical since a network with
limited power and codes may have high demands on codes
and less demand on power and vice versa. Another important
feature of the scheme is the consideration of the interference
caused by the cell on its adjacent cells, which help reduce
interference, and hence congestion in the whole network.
However, similar to other schemes, this scheme suffers from
unfairness since users are charged based on their signal quality.
Table II summarizes the most distinctive features and the
limitations of the surveyed schemes in this section.
V. C ONCLUSIONS , O PEN I SSUES AND F UTURE R ESEARCH
O PPORTUNITIES
Wireless cellular services have encountered an enormous
demand in the past few years. This trend is expected to
continue in the future due to the rapid support of new wireless
multimedia services that were previously available to wireline
users. In spite of such high growth in demand for wireless
cellular services, radio resources remain scarce. Therefore,
these resources must be managed in the most efficient way in
order to competently maximize the efficiency of the wireless
network and meet the requirements of both network operators
and users. Congestion control is one of the components of Radio Resource Management (RRM) techniques without which
wireless networks cannot work efficiently. Several congestion
control mechanisms have been proposed in the literature.
None, however, can effectively alleviate congestion especially
when the demand for a certain service is high. This is because
such techniques do not provide incentives to the users to use
the network rationally and efficiently. Recently, there has been
some research on providing monetary incentives to the users to
use the network wisely through congestion pricing. Congestion
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TABLE II
S UMMARY OF F EATURES AND L IMITATIONS OF A DMISSION -L EVEL
C ONGESTION P RICING S CHEMES
Scheme
Reference
[33]

[32]
(Uplink)

[32]
(Downlink)

[34], [35]

[36] [37]

Most Distinctive Features

Limitations

Simple

High computations at the
users’ side.
Limited utility function.
Unfairness.
No consideration for effect of
price on call duration.
Limited QoS support.
No consideration for effect of
price on call duration.
Low network efficiency.

Low signaling overhead
High network efficiency

Fairness
Ability to accommodate other
costs such as the battery cost
and the cost of congestion in
wired networks
High network efficiency
Ability to be used as a basis
of integration of congestion in
wired and wireless networks
Ability to accommodate other
costs such as the battery cost
and the cost of congestion in
wired networks
Ability to be used as a basis
of integration of congestion in
wired and wireless networks
High network efficiency
General utility function
Support for multi-service
classes in a unified way
High network efficiency
Identification of resource usage by both power and codes
Accounts for interference
caused by the base station on
adjacent cells
High network efficiency

Unfairness.
Limited QoS support.
High computations at the
user’s side.
Unfairness.
No consideration for effect of
price on call duration.
Limited QoS support.
High signaling overhead.
Unfairness.
No consideration for effect of
price on call duration.
Limited QoS support.
Unfairness.
Effect of price on call duration
is not considered.
Limited QoS support.

pricing is an effective congestion control mechanism since it
provides control signals to the users to decrease their demand
for a certain service when the network is congested. It can
also generate higher revenues to the service provider, which
maybe used to fund capacity expansion.
In this paper, we surveyed some recent congestion pricing
techniques for Wireless Cellular Networks (WCN). We classified them into two categories depending on the level at which
they are executed namely, admission-level and power-level
congestion pricing. In admission-level congestion pricing, the
price per bit or unit of time is dynamically determined at
the beginning of the call according to the network’s load
and is fixed during the call lifetime. This type of congestion
pricing has the advantage that users know how much they
will be priced. Therefore, they can make judicious decisions
whether to accept the price, and hence make the call, or not
depending on their budgets. However, pricing at the admission
level makes the network less reactive to congestion because
the system can never anticipate how much traffic the data
users will generate. Hence, it is possible that the network
reaches a congestion state and stays in such a state for a
long period even if the prices of the offered services are
raised because the users who are overloading the network are
already admitted and are not affected by the congestion prices.
In power-level congestion pricing the price is dynamically
determined during the call according to the network’s load

368

IEEE COMMUNICATIONS SURVEYS & TUTORIALS, VOL. 13, NO. 3, THIRD QUARTER 2011

TABLE III
C OMPARISON BETWEEN A DMISSION L EVEL AND P OWER L EVEL
C ONGESTION P RICING
Comparison
Criterion
Price Computation Interval
Price Duration
Effect
of
congestion
price
on
handoff
calls
Flexibility
to
respond to
congestion
User acceptance
Billing and
Accounting
overhead
Price Coverage
Channel
quality
conditions
of the users
Type of network

Admission-Level Congestion
Pricing
Every call

Power-Level Congestion Pricing
Every transmission power unit
or decision epoch

Fixed during the call

Varies during the call

No

Yes

•

•

•
Medium

High

Maybe more acceptable

Requires change in user perception
High

Medium

•

•
Both uplink and downlink
Not considered

Price for uplink is different
from price for downlink
Considered
•

Different types of WCN in
general

Specific to CDMA-based networks

and the user’s power usage. This means that unlike the case
in admission-level congestion pricing, handoff calls in powerlevel congestion pricing are affected by the congestion prices.
Since congestion usually occurs in short time periods, powerlevel congestion pricing is, therefore, more flexible in responding to congestion than admission-level congestion pricing.
However, short-term price fluctuations may not be desirable
from the user’s perspective. This is because users do not like
the uncertainty regarding the costs of their calls and, therefore,
they may prefer admission-level over power-level congestion
pricing. In addition, the short-term price fluctuations in powerlevel congestion pricing incur significant overhead, since the
network operator needs to keep detailed billing and accounting
records for every call in which the price changes during it.
Admission-level congestion pricing may incur some billing
and accounting overhead since the price changes from one
call to another but due to the fixed price during the call,
this overhead is lower than that of power-level congestion
pricing. Furthermore, at the power level, congestion pricing
for the uplink is different from that for the downlink due to
the different channel characteristics in each direction whereas
congestion pricing at admission level includes both the uplink
and downlink. Moreover, unlike the pricing schemes at the
call admission level, power-level congestion pricing schemes
consider the channel quality conditions of the users because
power control needs this information for its functionality.
Additionally, congestion pricing schemes at power level are
specific to CDMA-based networks whereas such schemes at
call admission level are usually general and can be implemented on a wide range of different WCN. Table III provides
a general comparison between congestion pricing at admission
level and power level.
In comparing individual schemes, we define the following
criteria (refer to Table IV):

Objectives: every pricing scheme has a goal besides
controlling congestion. For example, some of the schemes
surveyed in this paper try to maximize social welfare or
revenues.
Centralized/decentralized: some of the congestion pricing
schemes are centralized (i.e., prices are centrally computed at the base station) while others are decentralized
(i.e., prices are computed at the base station as well as
at the user’s side).
Type of supported QoS: different schemes support different QoS. For example, some schemes are concerned
only with maximizing average throughput while others
support multiple classes of service.
Model of user behavior: different schemes have different
models for user behaviors. For example, some of them
use a demand function and others use a utility function.
Price initiator: the price in the surveyed schemes is either
initiated by the base station/RNC or the users themselves
(in case of bidding).
Congestion measure: different schemes use different congestion measures such as system delay or arrival rate.

To conclude, we highlight some open problems that can be
derived from our study of the work described in this paper.
1) Comprehensive QoS support: QoS support is still an
open problem. Even though most of admission-level
congestion pricing schemes consider the connectionlevel QoS requirements of the calls, which include new
call blocking and handoff call dropping probabilities,
they still lack the support for packet-level QoS such as
packet delay, packet loss, etc. Power-level congestion
pricing schemes also lack the support of packet-level
QoS. To provide end-to-end QoS for the users, both
connection- and packet-level QoS should be considered
in the congestion pricing scheme.
2) User mobility: regretfully, all existing schemes do not
consider the effect of congestion prices on user mobility.
This may have a great impact on the performance and
planning of the network because some cells might become congested in the long-run due to user mobility as a
result of high congestion prices in neighboring cells. We
are currently investigating the adaptation of existing trip
distribution models in order capture the effect of prices
on user mobility. Trip distribution is a model of the
number of trips that occur between an origin zone and a
destination zone. A popular trip distribution model is the
gravity model [39], which determines the most probable
distribution of the number of trips between two regions
depending on the attractiveness of the destination. This
model could be used to study the user mobility between
two cells depending on their attractiveness (price wise).
3) Call duration: since congestion pricing is based on the
assumption that users are price sensitive, it is natural to
assume that they will respond to high congestion prices
either by postponing their calls until congestion is relieved or by lowering their call durations. Therefore, the
effect of price on call duration should be scrupulously
investigated.
4) Social fairness: congestion pricing may raise the prices
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TABLE IV
C OMPARISON BETWEEN D IFFERENT C ONGESTION P RICING S CHEMES
Scheme
Reference

Objectives Centralized
/
Decentralized
Maximize Centr.
social
welfare

Supported
QoS

User
Behavior

call
rejecting
probabilities

Maximize Centr.
number
of admitted
users
Maximize Centr.
revenues

Delay in
queues
before
admission

[20]

Maximize Centr.
revenues

Different
new
admission
probabilities

Exponential Base
demand
station/
funcRNC
tion
[14]
Exponential Base
demand
station/
funcRNC
tion
[14]
WTP
Base
through
station/
Weibull
RNC
distribution
[17]
Exponential Base
demand
station/
funcRNC
tion
[21]

[22]

Maximize Centr.
revenues
Maximize Centr.
revenues

None

None

User

Different
new
admission
probabilities

None

User

[28]

Maximize Centr.
revenues

Call
admission
probability

Exponential Base
demand
station/
funcRNC
tion
[29]

[33]

Maximize Decentr.
social
welfare

Data rates

[32]
(Uplink)

Maximize Decentr.
social
welfare

Average
throughput

[32]
(Downlink)

Maximize Decentr.
social
welfare

Average
throughput

[34],
[35]

Maximize Decentr.
social
welfare

Different
data rates
requirements

[36],
[37]

Maximize Decentr.
social
welfare/
maximize
revenues

SINR

Utility
function
of received
SIR
Utility
function of
average
throughput
Utility
function of
average
throughput
Utility
function
of received
SIR
Step
utility
function
of received
SINR

[13]

[15]

[16]

[26],
[27]

Different
bandwidth
requirements

Price
Initiator

Congestion
Measure
Call arrivals

Call arrivals

Call
arrivals/
bandwidth
Call
arrivals/
network
resources
System
delay

Base
station/
RNC/user

Call
arrivals/
network
resources
Call
arrivals/
communication
channels
Uplink
interference

Base
station/
RNC/user

Uplink
interference

Base
station/
RNC/user

Downlink
power

Base
station/
RNC/user

Downlink
power

Base
station/
RNC/user

Downlink
codes
and
power

of wireless resources (i.e., bandwidth) to very high
levels especially during congestion periods. Such prices
may not be affordable by many users. Congestion
pricing may, therefore, be viewed as promoting social
unfairness as fewer people in this case can afford to
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make connection requests. Hence, social fairness should
be carefully taken into consideration when designing
congestion pricing schemes.
5) Network stability: congestion pricing can affect the
stability of the network. When the network load is low,
prices are decreased, which encourages users to demand
more resources, thereby increasing the network load
and causing congestion. Therefore, the network state
changes quickly from underutilization to congestion and
vice versa, which causes instability in the offered QoS.
This problem is even more aggravated in power-level
congestion pricing since prices change at a smaller time
intervals than those at admission level. Such instability
complicates the tasks of network planning and optimization and QoS provisioning. Hence, solutions need to be
designed to efficiently limit the effects of congestion
pricing on network instability.
6) Channel quality condition: unlike power-level congestion pricing schemes, none of the surveyed schemes
at admission level consider the effect of the channel
quality conditions on the price. As aforementioned, the
amount of resources (e.g. power, time slots, etc) that
are needed to sustain a certain service to the users
(e.g. minimum bandwidth guarantees) depend on their
channel quality conditions [40]. Hence, this should be
taken into consideration when charging users in order
to improve the efficiency of the network. However,
considering the channel quality conditions of the users
as an additional dimension to the congestion pricing
problem at admission level is not an easy task. This is
because at admission level, the congestion price is fixed
during the user’s call but the channel quality condition of
the user continuously changes depending on his mobility
and geographical location. One possible solution that we
are currently investigating is on predicting the average
channel quality condition of the user at the beginning
of his call (i.e., after the user makes a call request)
and including the prediction in the price. If the user’s
actual channel quality during the call is better than the
predicted one, then the price of his call will be less than
the announced one and, therefore, the user will save
money. On the other hand, if the user’s actual channel
quality during the call is worse than the predicted one,
then the user is charged the announced price. In this
case, the user is never charged more than the announced
price. Existing channel prediction schemes such as the
ones in [41]–[43] can be used in our investigation.
7) Demand function: congestion pricing depends, among
other factors, on modeling the users’ demands in computing prices. Therefore, inaccurate demand modeling
can lead to undesirable network performance that not
only would affect its functionality but also affect the
obtained revenues and the satisfaction of the users. For
instance, underestimating the reduction of demand for
a certain increase in price would lead to revenue loss
and user unsatisfaction. Therefore, it is crucial to model
the users’ demand behaviors accurately and design congestion pricing schemes that can accommodate different
demand models.
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8) Next generation WCN: congestion pricing for next generation wireless cellular-based networks such as High
Speed Downlink Packet Access (HSDPA) [44], High
Speed Uplink Packet Access (HSUPA) [45], Worldwide
Interoperability for Microwave Access (WiMAX) [46]
and UMTS Long Term Evolution (LTE) [47] is still
an interesting open problem. RRM in general, and
congestion control in particular, are even more critical
in these networks due to the variety of services that they
offer and the increased support for bandwidth-intensive
multimedia applications such as video on demand and
high quality online gaming.
9) Congestion pricing standards and protocols: in addition
to the above-mentioned problems, the support of congestion pricing requires new standards and protocols as
current wireless standards are not designed with congestion pricing in mind. Moreover, new mobile services
and software applications need to be developed for the
user’s mobile terminals. Such applications and services
are required to offer necessary services such as price
updates and information gathering to help anticipate the
user’s utility function. To the best of our knowledge; no
work has been done in these two areas.
A PPENDIX A
G LOSSARY
•
•
•
•

•
•
•

•

•

•
•
•
•
•
•

Auction: The public sale of a property to the most eligible
bidder(s) as determined by the auction method.
Bid: The price the user offers in an auction.
Charge: The amount that is billed for a service.
Congestion externality: The degradation of quality of
service that occurs to other users when a certain user
transmits when the network is congested.
Handoff call: An active call that moved from one cell to
another and is requesting the service of its base station.
Handoff call dropping probability: The probability of
dropping a handoff call.
Multi-unit discriminatory pricing auction: An auction
method in which the highest bidders win and each bidder
pays his own bid.
Multi-unit uniform pricing auction: An auction method
in which the highest bidders win and they all pay the
clearing price at which the demand exceeds the supply.
Multi-unit Vickery auction: An auction method in which
the highest bidders win and they all pay the price of the
highest losing bid.
New call: A new call that is requesting to access the
network.
New call admission probability: The probability of admitting a new call.
New call blocking probability: The probability of rejecting a new call.
Price: The amount of money associated with a unit of
service.
Price elasticity of demand: The change in demand for a
certain product or service due to a change in its price.
Radio Resource Management: A set of algorithms to
control the usage of radio resources.

•

•
•

•
•
•

Social fairness: The state of economy where the majority
of people are able to buy certain products regardless of
their incomes. In the context of this paper, it refers to the
ability to buy or use network services.
Social welfare: Aggregate utility of people.
Tragedy of the commons: The phenomenon by which
greedy users use more than their fair share of a common
property to the point of damaging or destroying it.
Trip distribution: A model of the number of trips that
occur between an origin zone and a destination zone.
User’s Willingness to Pay: The amount of money the
users are willing to pay for a certain product or service.
Bid shading: A phenomenon that occurs when users bid
below their true valuations of the items being auctioned
to avoid subsequent loss of wining when bidding high
prices in auctions where users pay the highest bids such
as discriminatory auctions.
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