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PAPER

Optimizing Radio Resource Allocation in Multimedia DS-CDMA
Systems Based on Utility Functions∗

Xiang DUAN†a), Nonmember, Zhisheng NIU†b), Member, and Junli ZHENG†, Nonmember

SUMMARY This paper addresses the utility-based radio resource al-
location problem in DS-CDMA systems carrying multimedia traffic. The
proposed scheme, aiming at achieving optimal resource allocation, consid-
ers the joint power and data rate allocation. To avoid high computational
complexity of nonlinear optimization, we reformulate the radio resource
allocation problem as a market model, where resource is regarded as a
commodity. Since the market model satisfies the incentive-compatible con-
straint, the optimal resource allocation can be obtained at the market equi-
librium in a distributed manner. According to whether to allocate a minimal
transmission data rate to each user, two algorithms, UCA and FCA, are pro-
posed. UCA emphasize on maximizing system overall utilities, while FCA
guarantees fairness to users. Simulation results show that the proposed ra-
dio resource allocation scheme and algorithms are flexible and efficient for
multimedia DS-CDMA systems.
key words: radio resource allocation, DS-CDMA, utility, optimization,
market, equilibrium

1. Introduction

In existing and emerging communication networks, it is of
increasing demands to carry a broad spectrum of multimedia
traffic with diverse quality-of-service (QoS) requirements.
In bandwidth limited wireless systems where channel con-
ditions are time-varying and location-dependent, radio re-
source allocation is one of the essential technologies for pro-
viding QoS to users [1]. The task of radio resource alloca-
tion is to control the behavior of user terminal via allocating
proper quota of radio resources to users, so that the desired
results, such as QoS provisioning, fairness, or efficient re-
source utilization, can be obtained.

Although most previous studies have interpreted user’s
QoS requirements into specific technical measurements
such as bandwidth, delay and loss probability [2], [3], QoS
in fact is the perception of users or upper layer applications
[4]. Based on this consideration, some researchers have pro-
posed utility-based QoS frameworks in communication net-
works [5]–[12]. Utility, which in economics describes the
welfare a consumer benefits when he or she buy a commod-
ity or service [13], represents the level of satisfaction that a
user or an upper layer application derives when using net-
works services. By mapping the QoS provided by networks
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as utility, which is interpreted as a “soft” object, the net-
work service is more flexible and therefore tunable accord-
ing to system load and channel conditions. However, since
most utility functions are nonlinear, the utility-based radio
resource allocation problems are often non-trivial.

In direct-sequence code-division multiple access (DS-
CDMA) systems, power control is the key component of
radio resource allocation. In [5] and [6], authors proposed
distributed utility-based power control schemes for uplink
and downlink in CDMA systems, respectively. Reference
[7] proposed a distributed power control scheme based on a
N-person non-cooperative game model, and [8] improved
the scheme by introducing cost to utility functions. Au-
thors in [9] and [10] considered different utility-based game-
theoretical uplink power control models for CDMA sys-
tems, and present different approaches to evaluate perfor-
mance.

In these references, however, only transmitted power is
regarded as the controllable resource, and QoS provided is
evaluated by the received signal-to-interference ratio (SIR).
As we know, in DS-CDMA systems, transmission data rates
are adjustable by regulating the variable spreading gains
(VSG) of users [14]. Therefore, data rate allocation should
also be regarded as a part of radio resource allocation mech-
anism, which is not considered in [5]–[10]. In [11], the
author presented a utility-based power and rate joint con-
trol control scheme for CDMA networks which tries to en-
hance the resource utilization using congestion price. How-
ever, the scheme was based on incentive of individual users,
which was not able to get the social optimum. A revenue-
suboptimal resource allocation scheme for HDR downlink
is presented in [12], where resource is allocated based on
each user’s bidding price. Unfortunately, the authors did not
consider the power control issue. Moreover, there are some
stringent constraints on users utility functions, which may
not be feasible for multimedia traffic with diverse QoS re-
quirements.

As we know, future wireless networks will carry traf-
fic that are highly asymmetric, requiring much more band-
width in the downlink than in the uplink. This leads to the
growing importance of radio resource allocation in down-
link. Therefore, in this paper we investigate the utility-
based radio resource allocation problem for multimedia DS-
CDMA downlink, considering both transmitted power and
data rate allocation. The radio resource allocation problem
is formulated as an optimization problem, which maximiz-
ing the system overall utilities (defined as the sum of utilities
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of all users in the system). Then the nonlinear optimization
problem is reformulated as market model for reducing com-
putational complexity. Through the adjustment of resource
price, the market converges to the its equilibrium, which is
the optimal resource allocation. According to whether to al-
locate each user with a minimal transmission data rate, two
different algorithms—utility-centric allocation (UCA) and
fairness-centric allocation (FCA)—are proposed.

The rest of the paper is organized as follows. In Sect. 2,
we present the system model of the utility-based resource
allocation problem. Then the market model is described in
Sect. 3, where the problem is decomposed into two subprob-
lems and the optimal resource allocation is achieved in a
distributed manner. In Sect. 4, a detailed description of the
proposed resource allocation algorithms are given. Also the
implementation structure of the utility-based radio resource
allocation framework is discussed. Section 5 presents the
numerical results. Finally we conclude the paper in Sect. 6.

2. System Model of Utility-Based Radio Resource Allo-
cation

We consider a typical cell in a multimedia DS-CDMA sys-
tem with N active users. Denoted by Ri the transmission
rate, by Pi the transmitted power, and by hi the channel gain
of base station to user i. For simplicity, in theoretical anal-
ysis we assume that the channel prediction or estimation
is perfect. W represents the system bandwidth, and Ii, the
background interference at the location of user i. Then, the
received signal-to-interference ratio (SIR) of user i is given
by

γi =
W
Ri

hiPi

θdhi(
∑

j�i P j) + Ii
(1)

where θd is the downlink orthogonality factor with the typi-
cal values falling in the range of (0.1, 0.6) [15].

We assume that a user evaluates the received QoS by its
throughput [4]. In wireless environment, the net throughput
of user i is given by its achieved effective bandwidth, which
is the product of transmission rate Ri and the transmission
efficiency, described as

si = RiEs(γi) (2)

where Es(·) is the transmission efficiency function of user
i. Transmission efficiency is defined as the percentage of
successfully transmitted information bits to overall bits sent
[16]. It is a function of received SIR, γi. Readers are re-
ferred to [16] for detailed information about transmission
efficiency.

The utility function of user i is given by Ui(si) =
Ui(RiEs(γi)). The form of Ui(·) should be properly selected
in order to reflect the nature of satisfaction level. Refer-
ences [5], [6] has pointed out that utility should be a non-
decreasing function satisfying Ui(0) ≈ 0 and bounded above
by Ui max, which is the maximal achievable utility of user i.
Generally, the form of utility functions of voice, data and

Fig. 1 Utility functions of typical voice, data and multimedia traffic.

multimedia applications are different, as shown in Fig. 1.
For voice traffic, a step function can describe its hard QoS
requirements on throughput. Since data traffic has no strin-
gent demand on rate, and more throughput leads to higher
satisfaction level, its utility is represented by an increas-
ing concave function. The QoS requirements of multime-
dia traffic are between voice and data, therefore an S-shaped
utility function (such as Sigmoid function [5]) is used. Note
that for convenience of mathematical treatments, a steep S-
shaped function instead of step function are used for voice
traffic. However, it should be clarified that our paper is suit-
able for a wide range of utility functions, not only limited to
the examples given in the figure.

Assume that Pmax is the transmitted power constraint
of base station, and let R = {R1,R2, · · · ,RN} and P =
{P1, P2, · · · , PN}. Mathematically, utility-based resource
allocation problem can be formulated as an optimization
model for maximizing the system overall utilities:

max
P,R

N∑
i=1

Ui(RiEs(γi))

s.t.
N∑

i=1

Pi ≤ Pmax (3)

The optimum solution (P∗,R∗) to Eq. (3) is called social op-
timal resource allocation for the utility-based radio resource
allocation problem.

Equation (3) is a nonlinear optimization problem with
2N decision variables. We have the following two theorems
for simplifying the system model.

Theorem 1: Assume that (P∗,R∗) is the optimum solution
to problem (3), then (P∗,R∗) satisfies

γ∗i = γ
∗, (i = 1, 2, · · · ,N) (4)

where γ∗ is the optimal received SIR which is given by

γ∗ = arg max
γ

Es(γ)
γ

(5)
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proof: We prove this theorem by contradiction. Suppose
the assumption in the theorem is not true, i.e., there exists
(P∗,R∗) that are the optimum solution to Eq. (3), and for
some i,

γ∗i =
W
R∗i

hiP∗i
I∗−i

� γ∗ (6)

where I∗−i = θdhi(
∑

j�i P∗j) + I∗i is the interference received
by user i. It is clear that I∗−i keeps unchanged when
data rate changes. Therefore, we let P′ = P∗, R′ =
{R∗1,R∗2, · · · ,R′i , · · · ,R∗N}, where

R′i =
W
γ∗

hiP∗i
I∗−i

(7)

Therefore, γ′i = γ
∗. Since γ∗ maximizes Es(γ)/γ, we get

R′i Es(γ
′
i ) =

WhiP∗i
I∗−i

Es(γ∗)
γ∗

>
WhiP∗i

I∗−i

Es(γ∗i )

γ∗i
= R∗i Es(γ

∗
i ) (8)

while R∗j Es(γ j)∗ keep unchanged for j � i. As a result,∑N
i=1 Ui(R′i Es(γ′i )) >

∑N
i=1 Ui(R∗i Es(γ∗i )). This contradicts

with the fact that (P∗,R∗) are the optimum solution to sys-
tem model (3). So the assumption in the above theorem must
be true. �

Theorem 2: Provided that γi = γ
∗ for all 1 ≤ i ≤ N, the

constraint conditions
N∑

i=1

Pi ≤ Pmax (9)

are equivalent to

N∑
i=1

δig(Ri) ≤ 1 (10)

where

δi = 1 +
Io
i

Pmax
, Io

i =
Ii

θdhi
(11)

and

g(Ri) =
1

W
θdRiγ∗ + 1

(12)

In this theorem, δi is the channel condition factor, and
Io
i is the equivalent background interference [17]. We have
δi > 1, and larger δi means worth channel conditions. g(Ri)
is called the power index [3], which is the measure of re-
sources obtained by a user. δig(Ri) is the system resources
consumption if user i is allocated with data rate Ri [17].
proof: We define

Z0 =

P,R|γi = γ
∗,

N∑
i=1

Pi ≤ Pmax


Zc =

P,R|
N∑

i=1

δig(Ri) ≤ 1

 (13)

Now the problem is converted to the proof of Z0 = Zc. As-
suming that (P,R) ∈ Z0, by mathematical manipulations
from Eq. (1), we get

Pi = g(Ri)


N∑

j=1

Pj + Io
i

 (14)

or

N∑
i=1

Pi =

∑N
i=1 g(Ri)Io

i

1 −∑N
i=1 g(Ri)

(15)

Since
∑N

i=1 Pi ≤ Pmax, we have

N∑
i=1

g(Ri) ≤ 1 −
N∑

i=1

g(Ri)Io
i

Pmax
(16)

i.e.,
∑N

i=1 δig(Ri) ≤ 1. Therefore, for any (P,R) ∈ Z0,
(P,R) ∈ Zc.

On the other hand, if (P,R) ∈ Zc, i.e., they satisfy∑N
i=1 δig(Ri) ≤ 1. By manipulation we get

∑N
i=1 g(Ri)Io

i

1 −∑N
i=1 g(Ri)

≤ Pmax (17)

Considering Eq. (15), we get
∑N

i=1 ≤ Pmax. Thus, (P,R) ∈
Z0. Therefore, Z0 = Zc. �

Theorem 1 illustrates that the optimal solution (P∗,R∗)
of problem (3) are not independent; they are coherent by γ∗.
Note that the value of γ∗, only determined by the form of
transmission efficiency function Es(γi), can be obtained by
solving Eq. (5) with any one-dimensional optimum search
algorithm [18], simulation, or measurements in real sys-
tems.

With further consideration of Theorem 2, we get that
problem (3) is equivalent to

max
R

N∑
i=1

Ui(RiE
∗
s)

s.t.
N∑

i=1

δig(Ri) ≤ 1 (18)

where E∗s = Es(γ∗) is the corresponding transmission effi-
ciency of γ∗.

The equivalent system model (18) has only N inde-
pendent decision variables, R, which is less than 2N in
the original system model (3). However, generally finding
optimum solution by normal algorithms, such as steepest
decent method or gradient projection method [18], is still
non-trivial and may be impractical for real systems. In the
next section we solve this problem by formulating it into a
market model, where the optimal resource allocation can be
achieved with lower computational complexity.
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3. Market Model: Achieving the Social Optimal Allo-
cation in a Distributed Manner

3.1 Description of Market Model

To solve the problem (18), we first introduce the following
lemma given in [18].

Lemma 1: Let f : RN �→ R and h : RN �→ R be arbitrary
functions. Let

L(X, λ) = f (X) − λh(X) (19)

be the Lagrangian function and

X̂(λ) = arg max
X
L(X, λ) (20)

where X = {x1, x2, · · · , xN}. Then X̂(λ) is a global optimum
solution of the following optimization problem:

max
X

f (X)

s.t. h(X) ≤ h(X̂(λ)) (21)

To make use of this lemma, we define the Lagrangian
function of (18) as

L(R, λ) =
N∑

i=1

Ui(RiE
∗
s) − λ


N∑

i=1

δig(Ri) − 1



=

N∑
i=1

{Ui(RiE
∗
s) − λδig(Ri)} + λ (22)

and let

R̂(λ) = arg max
R
L(R, λ) (23)

where R̂(λ) = [R̂1(λ), R̂2(λ), · · · , R̂N(λ)]. Thus, according
Lemma 1, R̂(λ) is the global optimum solution to the fol-
lowing problem.

max
R

N∑
i=1

Ui(RiE
∗
s)

s.t.
N∑

i=1

δig(Ri) ≤
N∑

i=1

δiĝi(λ) (24)

where ĝi(λ) = g(R̂i(λ)). Compare (24) with Eq. (18), we
find that if there is a λ∗ such that

∑N
i=1 δiĝi(λ∗) = 1, the

global optimum solution can be obtained by R∗ = R̂(λ∗).
If

∑N
i=1 δiĝi(λ∗) is close to 1 enough, we also find a good

approximation to the optimum solution.
Furthermore, since L(R, λ) is decomposable in R

(Eq. (22)), by defining the revenue function as

Ji(Ri, λ) = Ui(RiE
∗
s) − λδig(Ri) (25)

we get that R̂(λ) is the solution to (23) if and only if it solves

R̂i(λ) = arg max
Ri

Ji(Ri, λ), (i = 1, 2, · · · ,N) (26)

which means the Lagrange maximization problem (23) has
been decomposed into N subproblems. Therefore it is pos-
sible for solving the problem in a distributed manner.

According to discussions above, in order to achieve the
optimum solution to (18), we need to solve its dual problem
as

min
λ

∣∣∣∣∣∣∣1 −
N∑

i=1

δiĝi(λ)

∣∣∣∣∣∣∣
s.t. R̂i(λ) = arg max

Ri

Ji(Ri, λ),

(i = 1, 2, · · · ,N) (27)

In fact, from (3) to (27), we have reformulated the
utility-based radio resource allocation problem as a market
model. Here radio resource is regarded as a commodity to
be exchanged in the market, and λ is the price of resource.
Firstly take a further look at the Lagrangian maximization
problem, which is decomposed into N independent prob-
lems (Eq. (26)). Since λ is the resource price, and δig(Ri)
is the amount of resources consumed by user i, λδig(Ri)
is the expense of user i on using radio resources. Note
that Ui(RiE∗s) is the achieved utility, therefore Ji(Ri, λ) =
Ui(RiE∗s) − λδig(Ri) actually represents the revenue (utility
minus expense) of user i if allocated with Ri data rate and the
current resource price is λ. Hence, the constraint conditions
in (27) is interpreted as the revenue maximization problem
for each user.

Furthermore, we observe the optimization objective of
(27). In fact, in the formula |1 − ∑N

i=1 δiĝi(λ)|, “1” is the
overall supply of radio resource provided by supplier—the
network, and “

∑N
i=1 δiĝi(λ)” is the demand of resources, con-

sumed by users. According to [13], if the demand meet
supply in a market with a price, it is called the equilib-
rium, and the price is the equilibrium price. Therefore, λ∗
is the equilibrium price of the market model. Since that
the constraint conditions are revenue maximization prob-
lems, the market model denoted by (27) complies with
the incentive-compatibility constraint [13], where the rev-
enue maximization of individual user coincides with mar-
ket equilibrium. According to economics theory, with the
incentive-compatibility constraint satisfied, the social opti-
mal resource allocation can be achieved at the market equi-
librium.

3.2 Finding Social Optimum Allocation: Two Subprob-
lems

As discussed above, the utility-based radio resource alloca-
tion problem is reformulated as a market model, which is
decomposed into two subproblems:

1. Revenue maximization: Each individual user maxi-
mizes its own revenue (utility minus expense). This
subproblem is to find R̂i(λ) that solve Eq. (26);
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2. Market equilibrium: The market converges to the equi-
librium where supplies equal demands. This sub-
problem is to look for such resource price λ∗ that∑N

i=1 δiĝi(λ∗) = 1.

First we consider the revenue maximization subprob-
lem. According to [18], if Ji(Ri, λ) is a concave function
of Ri, the unique solution to maxRi Ji(Ri, λ) satisfies the first
order condition, i.e.,

∂J(Ri, λ)
∂Ri

= 0 (28)

or

E∗s
dUi(RiE∗s)

dRi
= λδi

dg(Ri)
dRi

(29)

With the definition of characteristic function as

fλi(Ri) = E∗s
dUi(E∗sRi)/dRi

dg(Ri)/dRi
(30)

the first order condition (29) can be rewritten as

δiλ = fλi(Ri) (31)

or equivalently

Ri = f −1
λi (δiλ) (32)

Figure 1 shows the characteristic functions of traffic
given in Fig. 2. We see that the fλi(Ri) is of a single-peak
shape†. Let

λi max = max
Ri

fλi(Ri)

ri min = arg max
Ri

fλi(Ri) (33)

It can be proven that Ji(Ri, λ) is convex in [0, ri min] and con-
cave in [ri min,+∞). Since the first order condition is ap-
plicable where Ji(Ri, λ) is concave, Eq. (32) solves problem
(26) only when δiλ ≤ λi max. Therefore, the solution to (26)

Fig. 2 Characteristic functions of typical voice, data and multimedia
traffic in system with γ∗ = 1.55 and E∗s = 0.3425.

is

Ri =


f −1
λi (δiλ), δiλ ≤ λi max

0, δiλ > λi max
(34)

We call λi max the reservation price of user i, which means
the highest tolerable resource price that user i can afford to
consume the commodity. ri min and λi max of the correspond-
ing types of traffic are also given in Fig. 2.

In Eq. (34), we observe that, if the channel condition
of a user is not good (with large δi), or the resource price
λ rises due to increase of system load, some users cannot
afford to consume radio resources. As a result, the portion
of users will be allocated with zero transmission data rate,
as shown in Eq. (34). Obviously this approach is somewhat
unfair for users far away from base station or in a very deep
shadowing environment.

In order to avoid this case, we can use another approach
to solve Eq. (26) by

Ri =


f −1
λi (δiλ), δiλ ≤ λi max

ri min, δiλ > λi max
(35)

Consequently, we propose two resource allocation al-
gorithms according to the two approaches discussed above,
which have different targets. One proposal is called Utility-
Centric Allocation (UCA) algorithm, solving Eq. (26) by
Eq. (34), which emphasizes on maximizing overall utilities
by each user maximizing its revenue and system balancing
the supplies and demands of resource. The other proposal
is Fairness-Centric Allocation (FCA) algorithm, as Eq. (35)
illustrated. The major difference between FCA and UCA is,
for any user i in UCA, when current weighted price δiλ ex-
ceeds its reservation price λi max, the user is simply cut off
(Ri = 0); while in FCA, the user always obtains a minimal
portion of resource allocation by guaranteeing ri min. Since
FCA concerns the fairness issue of users while pursuing the
system-wide optimum, it only achieves the social subopti-
mal resource allocation.

Note that Eq. (35) indicates that there is always a min-
imal data rate ri min allocated to each user. Therefore, it is
possible that

∑
i δig(ri min) > 1, which means that the system

resource cannot meet the total minimum data rate require-
ments of all users. This case is called system outage, which
should be avoided or restrained by the call admission con-
trol (CAC). This is out of range of this paper and will not be
discussed here further.

Then we consider the market equilibrium subproblem.
The objective of this subproblem is to adjust the resource
price λ to λ∗ so that

∑N
i=1 δiĝi(λ∗) ≈ 1. Mathematically, it

can be solved asymptotically by the golden section search
[18] (or called 0.618-method).

Since the revenue maximization subproblem is individ-
ual user based, the social optimal allocation can be achieved

†It can be verified that for most S-shaped and increasing con-
cave utility functions, the characteristic function will hold the
single-peak shape.
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in a distributed manner. In this way, the computational com-
plexity is greatly reduced, and hence the scheme is practical
for applications in real systems.

4. Algorithm Description and Implementation Discus-
sion

4.1 Detailed Algorithm Processes

Assume the following system parameters are given when the
system is set up: the base station transmitted power con-
straint Pmax, optimal SIR γ∗ and corresponding efficiency
E∗s . The forms of characteristic functions fλi(·), together
with the corresponding ri min and λi max of each types of traf-
fic should also be calculated in advance and stored in the
radio resource allocation module. The following steps de-
scribe in detail how the proposed algorithms FCA and UCA
work periodically at each radio resource allocation working
point.

1. [Adaption setup]
For all 1 ≤ i ≤ N, current channel gain hi and

background interference Ii are predicted or measured
at user terminals. The channel condition factor δi is
calculated and returned to base station. Then initialize
λ̄ and λ to the maximal and minimal possible price,
respectively, and set λ = 0.382(λ̄ + λ).

2. [Rate adaption]
For FCA, calculate Ri by Eq. (35); for UCA, cal-

culate Ri by Eq. (34). The calculation is per-user based,
therefore results can be obtained in a parallel, dis-
tributed manner.

3. [Price adaption]
Adjust λ̄, λ and λ by the golden section search: if∑

i δig(Ri) < 1, λ̄ = λ, and λ = 0.382(λ̄ + λ); otherwise
λ = λ, and set λ = 0.618(λ̄ + λ).

4. [Terminate condition]
If λ̄ − λ ≤ ε, stop; otherwise goto step 2 for M

times. Here ε is the required precision [18], and M is
the maximal iteration times.

5. [Normalization of resource allocation]
Calculate the normalized rate Ri by

R∗i = g
−1

(
g(Ri)∑

j δ jg(Rj)

)
(36)

where g−1(·) is the inverse function of g(Ri). By nor-
malization, we get

∑N
i=1 δig(R

∗
i ) = 1 is satisfied, which

means that the system resources are fully utilized.
6. [Transmitted power]

Transmitted power assigned to user i is given by

Pi = g(R
∗
i )(Pmax + Io

i ) (37)

As described above, the social optimal (sub-optimal for
FCA) resource allocation can be obtained in a distributed
manner with the adaption of resource price λ. Therefore,
the computational complexity is significantly reduced com-
pared with normal optimization algorithms, such as steepest

decent method or gradient projection method [18], which
may need hundreds of iterations to converge.

4.2 Implementation Issue

The utility-based resource allocation scheme proposed in
this paper is highly applicable to real systems. Take
WCDMA standard as a example. As we know, power con-
trol in WCDMA systems contains two hierarchical func-
tional module: inner-loop power control (ILPC) and outer-
loop power control (OLPC) [1], which are shown in Fig. 3.
ILPC adjusts the transmitted power very fast (1500 times
per second) to counteract fast channel fading. OLPC deter-
mines the relatively long-term transmission parameter (e.g.,
average transmitted power or target SIR) according to cur-
rent system load and large time-scale channel conditions. It
operates in time-scales much slower than ILPC (typically
10-50Hz in WCDMA systems). Actually, the resource al-
location mechanism contains the OLPC module, and carries
out the resource optimization process in the same frequency
as OLPC.

The implementation of the utility-based resource allo-
cation framework are illustrated in Fig. 4, only with some

Fig. 3 Power control in WCDMA systems.

Fig. 4 Implementation structure of proposed utility-based radio resource
allocation scheme and algorithms.
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small modifications to the standard WCDMA ILPC/OLPC
structure. As we see, there is a radio resource allocation
module located in either base station or radio network con-
troller (RNC) [1], which exchanges information with N user
control modules and adjusts the resource price. User con-
trol modules calculate the required resources that maximiz-
ing users revenues. Also to implement proposed algorithms,
some signalling or information flows should be added to the
standard WCDMA structure, as the dashed lines shown in
the figure. We see that only channel condition factors (δi)
are needed to be added over air interface. Since the resource
allocation works relatively slow, the information delivery
overhead is totally acceptable.

With this implementation structure, the required re-
sources are calculated in N user control modules parallelly,
so that social optimal resource allocation is achieved in a
distributed manner with lower computational complexity
and shorter run time.

5. Numerical Results

We simulate a typical cell in DS-CDMA systems with the
radius of 1km. A base station with omnidirectional antenna
is located at the center of the cell. Tens of mobile users move
in the cell with uniformly distributed velocities from 1 m/s
to 30 m/s. Their initial locations and moving directions are
randomly generated independently. Each mobile user alters
its directions randomly after a exponentially distributed pe-
riod of time. Since we do not focus on the handover issue,
when a user reaches the boundary of the cell, it is bounced
back.

Each user is equipped with one type of traffic among
the four considered types: voice, data, mmedia1 or mme-
dia2. Their utility functions and characteristic functions are
shown in Figs. 1 and 2, respectively. Parameters of these
traffic are calculated and shown in Table 1. Other system
parameters are assumed to be: W = 5 MHz, Pmax = 15 W,
θd = 0.4, and Ii ∼ (µ, σ2) with µ = 1 × 10−12 W and
σ = 2 × 10−13 W. QPSK modulation, (511, 175, 46) BCH
coding (coding rate 1/3) and simple ARQ scheme are used
as the physical layer technologies. According to [16], the
transmission efficiency function is

Es(γ) =
175
511

1 − peQ

46 − 511pe√
511pe


 (38)

where Q(·) is the residual distribution function of standard
normal distribution N(0, 1), and pe is the raw bit error rate
of block coding, which is a function of received SIR γ, pre-
sented by [15]

pe = Q(
√

2γ), (For QPSK modulation) (39)

Table 1 Traffic parameters in simulation system.

Traffic Type voice data mmedia1 mmedia2
Ui max 1.6 8 5 15

ri min(Kbps) 46.72 0 187.3 1137.6
λi max 3353 110.5 361.5 201.9

By numerical calculation we easily get that γ∗ = 1.55
(1.9 dB) and E∗s = 0.3425.

To shed light on the resource allocation algorithm, we
ignore the working process of ILPC and assume that the
small-scale fast channel fading are totally compensated by
ILPC. Thus, only long-term channel condition is consid-
ered, and the mobile channel is modelled as

hp = hp + hs (40)

where hp is the long-distance propagation loss, given in dBs
as [19]

hp(d) = −128.1 + 10n log10(d) (41)

where d is the distance from user terminal to base station
in Km; n is the loss index. According to [19], n = 3.76
for typical urban areas. The log-normal shadowing hs is
modelled as a stationary Gaussian stochastic process with
the autocorrelation function of [20]

Rhs (m) = E{hs(k)hs(k + m)}
= σ2

0η
|m|vTs/D
D (42)

where k is the sequence index, σ2
0 is the variance of the log-

normal shadowing in dBs, ηD is the correlation index be-
tween two points separated by a distance of D, v is the mov-
ing velocity of user terminals, and Ts is the time interval be-
tween two consecutive measurement points. Specifically we
assume σ0 = 4.3 dB corresponding to εd = 0.3 and D = 10,
as reported in [20].

We simulate 50 seconds in real time. The radio re-
source allocation module works 10 times per second (the
time interval between two consecutive resource control
work point is 100 ms). In order to analyze the performance,
we also consider two other proposals given in [11] and com-
pare them with our algorithm. One proposal is a resource
control algorithm of congestion pricing for downlink (CPD),
which is formulated as

max
Pi ,Ri

Ui(RiEs(γi)) − λPi (43)

We see that CPD is a per-user based optimization prob-
lem and it involves power and data rate joint control,
which has rather high complexity. Another algorithm is
called willingness-to-pay (WTP), with which the transmit-
ted power is allocated by

Pi =
wi∑
j w j

Pmax (44)

where wi is the user i’s paying willingness [11]. Here we use
the value of ri min to represent it.

In Fig. 5 we compare the system overall utility of of
CPD, WTP and our algorithms. In the figure x-axis de-
notes 5 different simulation scenario with the simulation en-
vironments (user location, movements, traffic type, etc.) be-
ing generated randomly. Figure 6 shows the comparison of
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Fig. 5 Comparison of achieved system overall utilities: UCA, FCA,
CPD and WTP.

Fig. 6 Comparison of average achieved utilities of some typical users
with different traffic types: UCA, FCA, CPD and WTP.

achieved utilities of typical users in a typical simulation sce-
nario. In Fig. 6, the value of Ui(ri minE∗s), which is the corre-
sponding utility of ri min, is drawn. From the two figures we
clearly observe that:

• UCA and FCA both achieve more overall utilities than
CPD and WTP, as shown in Fig. 5. Especially com-
pared with CPD, the utility gain is generally up to 50–
90%, which is significant. Though WTP performs bet-
ter than CPD, it still achieves less overall utilities than
our proposal.
• FCA obtains less overall utilities than UCA, which ver-

ifies the analysis in Sect. 3 that FCA get suboptimal re-
source allocation.
• Fairness is well guaranteed by UCA and FCA. As

shown in Fig. 6, for all proposals, the average achieved
utilities of all types of traffic exceed Ui(ri minE∗s). How-
ever, for WTP, data users suffer “service starvation” in
that their utility level is very low though other users
keeps relatively high. Hence, it is totally unfair for data

Fig. 7 Adaption and convergence observation of resource price λ in FCA
algorithm.

users.

As a conclusion, we see that UCA and FCA have ad-
vantages over CPD and WTP in overall utilities and better
user fairness, therefore our proposal are more appropriate
and efficient for radio resource allocation in DS-CDMA sys-
tems.

Then we take a detailed look on how our algorithms
work in a typical simulation scenario. First the dynamic
behavior of the network price λ corresponding to the vari-
ation of system load is depicted in Fig. 7. We take FCA as
an example. In the figure, the system load is represented
by

∑N
i=1 g(ri min), which is designed to be with an increasing

trend. From the figure we observe:

• The resource price fluctuates drastically. From the sys-
tem model we know that, the time-varying channel
conditions will influence resource price. When chan-
nel conditions are relatively good (the channel condi-
tion factor δi decreases), less resource is need to be
consumed to counteract the background interferences.
From the market’s point of view, the demands of the
commodity decreases. As a result, resource price λ
drops so that users are willing to consume more re-
sources. On the other hand, when the wireless link con-
ditions are deteriorated, resource price rises to prevent
users to over-consume radio resources.
• When the system load increases, each user has to con-

sume less resources so that the system can provide ser-
vice to all users simultaneously. Therefore, in a heavily
loaded system, λ also has a trend to increase.

Also the resource allocation before the normalization
is shown in Fig. 7 (“resource-1” in the figure, which means∑N

i=1 δig(Ri) before the step of normalization, see Sect. 4). It
clearly indicates that the algorithm adapts itself to the time-
varying mobile channels. From this figure we see that the
maximal iteration time M = 6 is good enough for the al-
gorithm to converge to the optimal resource allocation. For
UCA algorithm, the figures are slightly different, but similar
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Fig. 8 Simulation trace of the achieved utilities of voice, data and
multimedia users in a typical simulation scenario.

conclusions can be drawn.
Next in Fig. 8 we present the simulation trace of the

four types of traffic in the system. We see that the for voice
traffic, the achieved utility keeps almost unchanged at dif-
ferent system load; though the achieved utilities of the two
types of multimedia traffic are influenced by the variation of
system load, they also keep at a relatively high level. On the
other hand, traffic load has strong influence on the achieved
utility of data traffic: when system is heavily loaded, data
traffic withdraws from the contention of resources automat-
ically, and system radio resource is saved for traffic with
higher priority, i.e., data and multimedia traffic. Another
phenomenon worth mentioning is that: compared with FCA,
users of UCA experience more service starvation. For exam-
ple, for the observed mmedia2 user, it is cut off much more
often when the system load is high, while FCA allocates
minimal resource to the same user in most cases. This is
very helpful for the performance of application layer proto-
cols, since frequent dropping-to-zero of data rate may leads
to the case of time-out and lost of connections in upper layer
protocols and applications. In other words, compared with
UCA, FCA obtains better fairness in the expense of a small
amount of overall utilities.

6. Conclusions and Future Work

In this paper, we presented an utility-based framework for
radio resource allocation problems in the downlink of DS-
CDMA systems carrying multimedia traffic, where transmit-
ted power and data rate are controllable resources. The goal
is to achieve the social optimal allocation, which is the max-
imization of system overall utilities while the transmitted
power constraint of base station being satisfied. This utility-
based radio resource allocation problem is formulated as an
optimization model mathematically.

In order to avoid the high computational complexity
of solving the nonlinear optimization problem, we refor-
mulated it into an market model, where radio resource is

regarded as a commodity. It is supplied by the network,
and is consumed by users. In the market model, two sub-
problems are involved: one is revenue maximization sub-
problem, which finds the optimal transmission data rate of
each individual user according to their own utility function,
channel condition, and current resource price. The other
subproblem is market equilibrium. By dynamic adaption
of resource price, the market converges to the equilibrium,
where supplies of resource equals demands. Since the mar-
ket model satisfies the incentive-compatibility constraints,
the social optimal allocation is achieved at the market equi-
librium. In this way, the resource allocation problem is
solved in a distributed manner, and the computational com-
plexity is significantly reduced. The radio resource alloca-
tion framework can be easily applied in WCDMA systems,
and we also presented the implementation structure.

According to whether to concern the fairness issue of
users, two different utility-based radio resource allocation
algorithms, UCA and FCA, were proposed. UCA, simply
cutting off the user when the resource price is too high, focus
on the achieving the maximal overall utilities, while FCA
provides minimal transmission data rate guarantees to users
that cannot afford to consume the resource.

It can be observed from simulation results that both
UCA and FCA are flexible and efficient for the downlink
of DS-CDMA systems. Compared with UCA, FCA obtains
better fairness in the expense of a small portion of overall
utilities. We also compared the performance of proposed
resource allocation algorithms with other ones described in
previous researches. Simulation results have been shown
that the UCA and FCA have advantages on the overall per-
formance (system overall utilities) as well as the fairness for
users over other schemes. Therefore, they are feasible for ra-
dio resource allocation in multimedia DS-CDMA systems.

We do not consider the effect of delay to the utility
functions in this paper, which may be important to some
delay-sensitive traffic. It is a part of the on-going work. In
addition, we will analyze the influence of channel estima-
tion or prediction errors to the performance of the proposed
algorithms in future study.
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