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Abstract—This paper proposes a scheme of optimal resource management for reverse-link transmissions in multimedia wideband

code-division multiple-access (WCDMA) communications. It is to guarantee quality-of-service (QoS) by resource (transmit power and

rate) allocation and to achieve high spectral efficiency by base-station assignment. This approach takes the form of a nonlinear-

programming large-scale optimization problem: maximizing an abstraction for the profit of a service provider subject to QoS

satisfaction. Solutions for both single-cell and multicell systems are investigated. The single-cell solution has the advantage of low

complexity and global convergence in comparison with the previous work. Maximum achievable throughput (capacity) of a single cell is

mathematically evaluated and used as the benchmark for performance measure of multicell systems. For multicell systems, due to its

max-max structure, solving the optimization problem directly entails a high-computational complexity. Instead, the problem is

reformulated to a mixed integer nonlinear-programming (MINLP) problem. Then, binary variables indicating base-station assignments

are relaxed to their continuous analogs to make a computer solution feasible. Furthermore, approximations can be made to make the

resource-management scheme less computationally complex and allow its partial decentralization. The sensitivity of the proposed

scheme to path-gain estimation error is studied. Simulation results are presented to demonstrate the performance of the proposed

scheme and the throughput improvement achieved by combining resource allocation with base station assignment.

Index Terms—Wideband code-division multiple access (WCDMA), resource management, quality of service (QoS), base station

assignment, multimedia services.
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1 INTRODUCTION

DIRECT-SEQUENCE wideband code-division multiple access
(WCDMA) has been proposed as the major multiple-

access technique for the third generation of wireless
systems [1], [2], [3] due to its potential for high-capacity
reliable mobile communication over fading channels and its
ability to accommodate multimedia services. In WCDMA
systems, transmit power and rate can be controlled to
accommodate the various bit-error rate (BER) and delay
requirements of multimedia users. The allocated resources
may vary significantly with the base-station assignment. If
traffic is evenly distributed over the whole network and,
consequently, each signal received at a base station sees the
same total multiple-access interference, the conventional
least-signal attenuation (LSA) assignment provides the best
performance. Each mobile is connected to the base station
with the strongest pilot signal. With unevenly-distributed
traffic, a base station with higher local traffic, despite being
the choice of LSA, may receive a mobile signal with a lower
signal-to-interference ratio than would a nearby base station
with lighter local traffic. Therefore, an assignment decision
based on the global traffic (reasonably, a cluster of nearby
base stations) is expected to perform better.

Combining power control with base-station assignment
has been formulated as an optimization problem for single-
service (voice) systems [4], [5], [6], [7]. The tradeoff between
handoff-switching cost and connection quality has been
investigated separately from power-control optimization
[8], [9]. For multimedia communications, variable spreading
gain and power control have been proposed to handle
mixed traffic with different rates and QoS requirements
[10], [11]. In [12], minimizing the total power and maximiz-
ing the total rate have been treated as separate optimiza-
tions on the reverse link of a single-cell system. As future
wireless systems will employ packet-switching techniques
to provide multimedia services in an Internet Protocol
based network infrastructure [13], intensive research on
resource allocation for packet-switching WCDMA systems
has been carried out in recent years [14], [15]. In this paper,
we investigate optimal resource management for the
reverse link of a wireless multimedia WCDMA system.
The proposed scheme combines power and rate control
with base-station assignment in a nonlinear-programming
(NLP) large-scale optimization problem. It maximizes an
abstraction for the profit of a service provider subject to QoS
satisfaction.

In Section 2, we describe the multimedia WCDMA
system model and optimal resource-management problem.
In Section 3, we present the solution to the optimization
problem for a single-cell system. The single cell capacity is
derived and used as a benchmark for performance measure
of multicell systems. In Section 4, the solution for a multicell
system is investigated. The max-max structure of the
optimization implies a high-computational complexity in
solving it directly. As a result, the original problem is
reformulated as a mixed integer nonlinear-programming
(MINLP) problem, then improved by relaxing the integer
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variables and allowing LSA assignment initialization.
Furthermore, a less computationally complex version of
the improved MINLP (I-MINLP) approach, called simpli-
fied MINLP (S-MINLP), is proposed which can facilitate
centralized or partially decentralized implementation. In
Section 5, preliminary simulation results demonstrate that
both the I-MINLP algorithm and S-MINLP algorithm can
significantly outperform LSA assignment when the dis-
tribution of traffic is nonuniform. Using a resource-manage-
ment algorithm requires knowledge of the propagation-
path gains. The effect of path-gain estimation error on
resource management is investigated in Section 6. Section 7
gives the conclusions of the research. The proofs of the
results, given as lemmas, corollaries, and theorems, can be
found in the appendix. As there are many variables used in
this paper, Table 1 gives a summary of the important
symbols.

2 SYSTEM MODEL AND RESOURCE MANAGEMENT

There are N mobile users and M base stations in the system
and a total bandwidth of W (for the reverse link) with a
fixed chip rate. Packetized information from mobiles is

transmitted in synchronized time frames, each having a
constant period Tf . Repetition codes [16] are used for
different transmission rates to preserve perfect multiplexing
while using a fixed symbol duration. We assume channel
variations over time Tf (e.g., 10 ms) are small so channel
characteristics are treated as constant during each frame.

The system accommodates three classes of service
similar to those in [17]. Class I are highly delay-sensitive
real-time connections with zero delay tolerance such as
voice or low-rate video. Class II are non-real-time delay-
sensitive services with a small delay bound such as remote
log-in, file transfer protocol (FTP), and similar applications
associated with transport control protocol (TCP). Class III
are delay-tolerant services such as paging, electronic mail,
voice mail, facsimile, and data-file transfer. Both constant-
bit-rate and variable-bit-rate services are supported in each
class. The QoS parameters under consideration are BER and
delay bound. BER is related to the ratio Eb=I0 of the average
signal energy per information bit to the interference-plus-
noise spectral density seen at the receiver. The relation
between BER and Eb=I0 is one-to-one and dependent on
channel coding, modulation, diversity, etc. The target BERs
for voice and data are typically 10�3 and 10�6, respectively
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[1], [2], [3]. The transmission-delay QoS requirement is
specified by a maximal tolerable delay 
 .

The control variables for resource management are the
transmit powers and rates of the mobiles and the base-
station assignment. These variables are to be updated at the
discrete times n 2 f0; 1; � � �g of the next frame. Let piðnÞ and
riðnÞ denote the transmit power and rate of mobile i at time
n, where i 2 f1; 2; � � � ; Ng. Let aiðnÞ ¼ k denote the assign-
ment of mobile i to base-station k, where k 2 f1; 2; � � � ;Mg.
There are MN distinct assignments which we distinguish by
superscripts so the ‘th assignment is represented by the
vector a‘ðnÞ ¼ ½a‘1ðnÞ; � � � ; a‘NðnÞ
, where ‘ 2 f1; 2; � � � ;MNg.
The path gain from user i to base-station k is denoted by
gikðnÞ. The number of handoffs is h‘ðnÞ and depends both
on the next assignment a‘ðnÞ and the current (say jth)
assignment ajðn� 1Þ since a handoff is initiated if
a‘iðnÞ 6¼ ajiðn� 1Þ.

The network throughput is not properly represented byP
i riðnÞ as it does not capture the fact that different users

may have different QoS requirements. When the total
interference at a base station is much larger than the signal
from user i, the required signal power at the base station
from that mobile is approximately proportional to its Eb=I0
requirement. Let �i be that Eb=I0 requirement. Since
WCDMA is interference limited, the network resources
used for each bit of user i are approximately proportional to
�i. Thus, the product �iriðnÞ is a better indication of the
resources given to user i than the rate riðnÞ alone. In
comparison with the conventional

P
i riðnÞ for single-

service applications,
P

i �iriðnÞ is quantitatively different
by a scaling factor and is not directly compatible. To avoid
this problem, we divide by the user-average Eb=I0 require-
ments (�is) and define network throughput by

RðnÞ ¼ 1

���

XN
i¼1

�iriðnÞ; where ��� ¼ 1

N

XN
i¼1

�i: ð1Þ

It reduces to the usual
P

i riðnÞ if all users have the same
required Eb=I0. The network capacity CðnÞ is defined as the
maximal achievable throughput.

Having knowledge of the user types, QoS requirements,
and path gains, a resource-management algorithm is to
update, at the beginning of each frame, the powers pðnÞ ¼
½p1ðnÞ; � � � ; pNðnÞ
 and rates rðnÞ ¼ ½r1ðnÞ; � � � ; rNðnÞ
 for the
best base-station assignment a‘ðnÞ, such that 1) the BER and
delay requirements of each user can be guaranteed, 2) the
network throughput RðnÞ is maximized, and 3) the number
of handoffs h‘ðnÞ is controlled to not exceed a predefined
threshold. As described above, BER requirements are
expressed as target Eb=I0s and are indirectly given by the
vector � ¼ ½�1; � � � ; �N 
. A target Eb=I0 can be achieved by
controlling the power and rate. Controlling the rate can also
satisfy a delay requirement.

Without going into details of commercial issues, we

abstract that the network revenue is proportional to the

total rate weighted by the QoSs provided in the network,

so we (arbitrarily) define it by
PN

i¼1 �iðnÞriðnÞ, where

�iðnÞ ¼ AþB exp
�
r;iðnÞ
D

� �� �
�i:

Here, A, B, and D are positive real constants and 
r;iðnÞ is
the residual delay, i.e., the time remaining if we are to
guarantee the delay requirement for user i at time n. The
constant A is used to prevent the function from being 0,
while the constants B and D are used to associate the cost
with the delay requirement. Thus, a real-time service is
more expensive than a delay-insensitive service by a factor
of ðAþBÞ=A for the same BER. The rate of change in price
is controlled by D. For smaller values of D, the price of
delay-insensitive services drops faster. The residual delay is
mapped to a requirement of minimal transmission rate
Ri;minðnÞ [18].

Each handoff is associated with additional control
signaling and possible buffered-data transfer for establish-
ing a new connection [19] and for transmission of the user’s
information (such as the new base-station assignment) to
the network database. We define �h as a fixed cost per
handoff, which is assumed the same for all services. The
overall profit at time n is then

XN
i¼1

�iðnÞriðnÞ � �hh‘ðnÞ

for the lth assignment. Our objective is to determine the
control variables pðnÞ, rðnÞ, and a‘ðnÞ, which maximize
profit subject to satisfying QoS requirements for all users.

The optimizing of resource allocation for maximal total
profit can be formulated as shown in Fig. 1, where Pi;max is
the mobile’s maximal power, Ri;max is its maximal rate that
preserves an acceptable processing gain, hmax is the
maximal number of handoffs allowed, � is the average
power of the background noise, and wi ¼W=�i. The
assignment a‘ðnÞ determines the number of handoffs. Rate
only appears in the second constraint. Otherwise, from the
resource manager’s point of view, it is related through the
path gains and BER requirements to power. In attempting
to solve the mathematical-programming problem shown in
Fig. 1, a fundamental question to be addressed is whether
the model variables should be integer or real. Technologi-
cally and practically, the allocated power and data rate are
discrete. However, it is well-known that integer-valued
problems are inherently much harder to solve than the
corresponding real-valued problems and a great deal of
effort is exerted to avoid integer programming in model
building [20]. One way out of this problem is to solve the
relaxed (real-valued) problem and in some way round or
truncate noninteger results. Simulations in [21] indicate that
power and rate variables may be handled this way and, if
the number of discretization levels is sufficiently large, the
resulting throughput loss should be negligible. To simplify
the notation, we henceforth omit time indices from time-
dependent variables (unless it is necessary to keep the
indices) and the assignment superscript ‘.

The preceding resource allocation formulation aims at a
maximal utilization of the radio spectrum by using the
newly defined network throughput. As the CDMA system
is interference limited, the new throughput definition,
ð1=���Þ

P
i �iriðnÞ, is a better indication of how the resources

are utilized than the conventional throughput
P

i riðnÞ. On
the other hand, the objective of maximizing the profit does
not necessarily translate to a maximum value of the
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conventional throughput in the case of multiclass services,
especially with Classes II and III services. If the objective
were to maximize the conventional throughput, a user with
a lower transmission accuracy requirement would be
allocated more resources than a user requiring higher
transmission accuracy. Because of the nonlinear relation
between Eb=I0 and BER, a smaller amount of resources is
required to achieve the same conventional throughput for a
lower transmission accuracy requirement. A better com-
promise between the maximal conventional throughput
and the maximal radio resource utilization may be achieved
via techniques such as automatic retransmission request
(ARQ) protocols for error correction [22] for non-real-time
services. The formulation of resource allocation with ARQ is
extremely complex as the extra transmission delay incurred
in the retransmission needs to be taken into account in
ensuring the QoS satisfaction.

3 SINGLE-CELL SOLUTION

3.1 Linear Programming Model

In a single-cell system (M ¼ 1), there is only one base
station and, therefore, only one base station assignment
(MN ¼ 1). The path gain from mobile i to the base station at
time n is denoted by gi. The value of hl is zero because no
handoff takes place. In the following lemma, we prove the
existence of an efficient and convex solution for the
mathematical programming problem in Fig. 1 for a single

cell if the number of users is large enough (N  1). In other
words, our optimization problem can be translated into a
linear programming problem for a single-cell environment.

Lemma 1. For N  1 and M ¼ 1, the optimization problem
defined in Fig. 1 has an equivalent linear programming (LP)
problem as shown in Fig. 2, where y, g, and u are defined as

y ¼ up; ð2Þ

g ¼ ½g1; g2; . . . ; gn
; ð3Þ

m ¼ ½�1w1g1; � � � ; �NwNgN 
; ð4Þ

u ¼ 1

gp0 þ � : ð5Þ

Corollary 1. The capacity of a single cell is Cc �W=���.

Thus, in a populated and interference-limited cell, the
capacity is independent of the system parameters such as

Pmax ¼ ½P1;max; P2;max; . . . ; PN;max
;

Rmax ¼ ½R1;max; R2;max; . . . ; RN;max
, N , and g. It is affected by
the available bandwidth and the error performance require-
ments. In a single service case, where �i is the same for all
users, the above capacity is equivalent to what has been
given in [24] in terms of the number of users in the cell.
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Fig. 1. Resource-management optimization problem.

Fig. 2. Linear programming model for a single-cell system.



3.2 Simulation of the Multiclass Services

Consider that there are 50 mobile users in service at time
n ¼ 0 and there is no new call arrival. The users are
randomly located in a 4-km-wide square cell with a uniform
distribution and the base station is located at the cell center.
Under the assumption that each and every user is at a
standstill during its call duration, the frame duration is
chosen to be 1 s. Other system parameters are set at: W ¼ 5
MHz, �i ¼ 10 dB, Ri;max ¼ 128 kbps, and Pi;max ¼ 1 watt.
The transmission channel exhibits a fourth-order log-linear
propagation law with log-normal shadowing. Each user has
a stored data or image file for transmission from time n ¼ 0.
The file size, after encoding and using a modulation with
the spectral efficiency of 1 bit/s/Hz, is uniformly distrib-
uted with mean 500 kilobits and standard deviation
96 kilobits. Simulation results are presented for three users:
users #2 (U2), #13 (U13), and #29 (U29), with a path gain
(normalized to the average path attenuation among all the
users) of g2 ¼ 0:11, g13 ¼ 0:03, and g29 ¼ 90:3, respectively.
Among all the users, users #13 and #29 have the lowest and
highest path gains, respectively. For comparison, we
consider three scenarios:

A. all the connections are Class III,
B. user #2 requires Class II service with a delay bound of

20 frames and the rest connections are Class III, and
C. user #13 requires Class I service with a rate of

64 kbps and the rest connections are Class III.

Figs. 3a and 3b illustrate the allocated rates and the residual
amounts of data for scenario A. It takes 57 frames to
complete the transmissions for all the users. The service
time of user #29 is the shortest (three frames) due to the
high path gain and, therefore, high allocated rate; while that
of user #13 is the longest (57 frames) due to the low path
gain. From the simulation, it is observed that:

1. if a mobile is able to transmit at the maximum rate, it
is allocated the minimum power that satisfies the
target BER,

2. if a mobile is not able to transmit at the maximum
rate, it is allocated maximum power to achieve the
highest rate that satisfies the target BER, and

3. all the users have a share of the network resources
and communicate reliably although some transmis-
sion rates may be very low. (For example, Fig. 3a
shows that the initial allocated rates to users #2 and
#13 are in the range of a few kbps.)

Figs. 3c and 3d depict the results for scenario B. It can be
seen that by the end of the 20th time frame, the data from
user #2 has been transferred successfully. The service class
change of user #2 slightly increases the transmission
duration of user #13 (by one frame), but does not affect
the transmission of user #29. Figs. 3e and 3f show the results
for scenario C. While satisfactory service is offered to user
#13 (i.e., a constant 64 kbps rate during the service time), the
service to user #29 remains the same as that in scenario A,
but the service time for user #2 is increased slightly as
compared with that in scenario A. In both scenarios B and
C, when more resources are allocated to a specific user than
those in scenario A, other users in the cell may experience a
longer service duration due to the decrease in the available
remaining resources. The resource allocation algorithm

indeed gives a higher priority to the more expansive
services of Class I and II to satisfy the QoS requirements,
at the cost of service quality degradation of other less
expansive connections. It is observed that the QoS require-
ments of all the 50 users are satisfied in the simulation.

3.3 Comparison with Previous Work

Optimal resource management for a single-cell system,
supporting only Class I services, is addressed in [12]. Their
formulation of the problem is a special case of our
mathematical model described in Fig. 1. This special case
is solved in [12] employing the gradient projection method
for nonlinear problems. It is reported that the algorithm
converges to local minima in certain cases. These local
minima imply that the problem is nonconvex. No specific
solution is proposed in the literature to overcome this
problem except trying different initial values. For further
performance evaluation, it is helpful to compare our results
from the LP algorithm with what has been reported in [12].
We adapt our system parameters to the simulation
condition of [12] to maximize

P
i ri: bandwidth W ¼ 1:25

MHz, Ri;min ¼ 8 kbps, �i ¼ 5, and the maximum received
power at the base station qi;max ¼ 1 watt for voice users,
Ri;min ¼ 4 kbps, �i ¼ 8, and the maximum received power
qi;max ¼ 0:5 watt for data users. Table 2 presents the results
given in [12] together with ours, where subscript v and d are
used to refer to voice and data users, respectively. In
general, the global solution of our LP algorithm provides a
higher performance in terms of the sum of allocated ratesP

i ri
� �

in kbps, except for the first result. The exception is
mainly due to the approximation made in linearizing the
problem in Lemma 1, as given in (19). The approximation
may degrade the performance of the single-cell solution
when the number of users in the cell is small, depending on
the path gains and allocated powers of all the users. In
terms of computational complexity, in general, an NLP
problem is more complex than an LP problem of the same
size. In particular, gradient projection method is a feasible
direction method to project the gradient into the feasible
space. In [12], it is said that 40 to 100 iterations are needed
for their NLP algorithm to converge to a local maximum. To
project the gradient onto the feasible space, a number of
matrix multiplications and inversions are required. If the
linear feasible space is defined by Hx ¼ b, ðHH 0Þ�1 is one of
the necessary computations in each iteration [23]. Using
MATLAB, this operation for Nv ¼ 25 and Nd ¼ 1 needs at
least 83 kflop (floating point operations). Regarding the
number of iterations, 3.3 to 8.3 Mflop computation is
needed in total. The same problem is solved by our LP
algorithm with 766.1 kflop in MATLAB.

4 MULTICELL SOLUTIONS

In a multicell environment (general case), the optimization

problem of Fig. 1 has the max-max structure with its inner

NLP problem and outer assignment maximization over a

huge set of possible assignments. The complexity of this

problem is extremely high and derivation of an efficient and

accurate solution is very challenging. In this section, we first

try to solve the problem as is and then reformulate the max-

max form into a single problem.
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4.1 Solution of the Max-Max Problem

A straightforward approach to solve the max-max problem

in Fig. 1 requires an efficient and accurate solution for the

NLP subproblem and some criteria to significantly reduce

the size of the feasible assignment set. The NLP subproblem

is nonconvex. It is well-known that, in nonconvex program-

ming, different approaches may prove to be best fitted to

different problems [25]. One way to solve the NLP

subproblem is to use available solvers directly, such as

MINOS (modular in-core nonlinear optimization system)

[26], CONOPT [27], [28], [29], and the optimization toolbox

in MATLAB which is based on the sequential quadratic

programming (SQP) method [23]. Many optimization

algorithms, including those in the above packages, have

been developed to find at least one local optimum for

nonlinear problems. None of the existing algorithms,

however, guarantees a global optimal solution unless the

problem is convex or quasiconvex. Since we are interested

in a global solution and our problem is a nonlinear

nonconvex problem, an alternative to using NLP solvers

is to linearize or convexify the problem, at least in an

approximate sense [30], as in the case for a single-cell

system. This can be done by exploiting the fractional

structure of the objective functions in the alternative

models, using an approach similar to that in Theorem A1

of the appendix. Given an assignment vector al, the

optimization problem converts to the form shown in Fig. 4.

Here, without loss of generality, we have assumed the cost

per handoff �h ¼ 0 for simplicity of the analysis. The NLP

problem is linearized in the following generalized version

of Theorem A1 and can be solved by using LP methods.

Theorem 1. The linear multifractional programming problem in

Fig. 4 has an equivalent LP problem as shown in Fig. 5, where
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uai ¼
1PN

j¼1 gjaipj þ �
; ð6Þ

yai ¼ uaip: ð7Þ

Using the equivalent LP problem, a simulation is carried
out for a small scale network with two base stations and
three users [21]. To find the optimal throughput, the LP
problem is solved for all eight possible assignments and the
maximum throughput over all assignments is selected in
every time frame. The results are obtained for more than
50 frames and compared with the case of nearest base
station assignment. On average, optimal assignments result
in 11 percent higher throughput.

The NLP subproblem or its equivalent LP problem in
Figs. 4 and 5 should be solved for each base station
assignment al 2 S, where S, the set of feasible assignments,
is a subset of MN possible assignments. In this case, the
cardinality of S, jSj, has a significant impact on the
complexity of the solution. Thus, it is very important to
eliminate infeasible and invalid assignments and avoid
unnecessary computations. The Eb=I0 and handoff con-
straints can have a significant role in reducing jSj. The Eb=I0
constraint limits jSj due to the fact that reliable commu-
nications can usually take place only within a certain range
and through a number of nearby base stations.

Corollary 2. There exists a lower bound on the path gain gik
beyond which reliable communications from user i to base
station k is not possible.

It is also desirable to develop an analytical expression for
the feasibility condition when the nonlinear problem has
linear constraints. Having such an expression derived, it is

possible to find out whether an assignment is feasible by

performing the first phase of the simplex method. As an

example, the following corollary provides an analytical

feasibility condition for a system of two base stations and

two users.

Corollary 3. Let M ¼ 2 and N ¼ 2. The assignment al, where

l ¼ 1; � � � ; 4, is feasible if

g1a1g2a2
g1a2g2a1

>
�1�2R1;maxR2;max

W 2
: ð8Þ

This condition relates the locations and propagation media

of the users to their service qualities. Having the lower

bound in Corollary 2, all assignments to base stations with a

path gain below the lower bound or being invalid in the

feasibility condition can be removed. Similarly, extending

condition (8) to other values of N and M, we can perform a

feasibility test for each assignment before going through the

optimization process.
The other factor in reducing jSj is the limited number of

handoffs, hmax. With this constraint, the cardinality of S

drops significantly. If we let at most hmax users switch to

new base stations, we have

jSj �
Xhmax

j¼0

N
j

� �
ðM � 1Þj: ð9Þ

This value is derived based on the fact that there are ðM �
1Þj different assignment vectors with j handoffs. Obviously,

for hmax ¼ N , jSj is equal to MN . As an example, let N ¼ 20

and M ¼ 5. If hmax ¼ 4, the number of assignments reduces

from 520 ¼ 9:54� 1013 to 425� 103. This number will

SOLEIMANIPOUR ET AL.: OPTIMAL RESOURCE MANAGEMENT IN WIRELESS MULTIMEDIA WIDEBAND CDMA SYSTEMS 149

TABLE 2
Comparison between Our Results and those Reported in [12]

Fig. 4. The NLP subproblem for a typical assignment.



further be reduced to less than 6:2� 103 if each mobile finds

its best assignment from the two nearby base stations.
The solution of the max-max problem suffers from the

limit on the number of users and base stations as the

computational complexity increases exponentially with N

and M, no matter how efficiently the NLP subproblem is

solved. A completely different approach to solving the

problem is to reformulate it to a less complex problem,

preferably changing the structure from the max-max form

to a single problem.

4.2 Problem Reformulation: I-MINLP Algorithm

The optimization problem of Fig. 1 can be reformulated if

we introduce binary assignment variables determined from

the assignment a‘ðnÞ by

b‘ikðnÞ ¼
1; if user i assigned to base-station k
0; otherwise:

	
ð10Þ

Let bik denote bikðnÞ and b�ik denote bikðn� 1Þ. Using these,

we can reformulate the problem to that of Fig. 6, where

b ¼ ½bik
 is an N �M matrix. This is the same optimiza-

tion problem expressed in a MINLP form but it is still a

difficult problem to solve. Several approaches were tried

in [21] and simulation results there indicate that a direct

solution starting from an initial LSA assignment (what we

call I-MINLP) yields the best allocations so only details

related to that method are discussed.

MINLP problems include the complexities of both NLP
and integer programming problems and have proven to be
very difficult to solve. Some helpful developments since the
mid 1980’s include the outer-approximation algorithm [31]
and its extension with the equality-relaxation strategy [32].
These are available in a program called DICOPT (DIscrete
Continuous OPTimizer) [33], [34], available as a solver
within the GAMS (General Algebraic Modeling System)
package [35]. To solve a MINLP problem using DICOPT, its
integer variables must be binary and they must appear
linearly. In our problem, the binary variables bik are
involved nonlinearly in the objective function. Thus, we
modify the problem by introducing cik 2 ½0; 1
 as a con-
tinuous version of the assignment variable and replacing bik
by cik in the objective function. Correspondingly, the
handoff variable h has a new representation (approximate
unless the ciks solve to binary integers) as

h ¼ 1

2

XN
i¼1

XM
k¼1

jcik � b�ikj: ð11Þ

Fig. 7 shows this version of the problem, where c ¼ ½cik
 is
the N �M assignment matrix. The resulting assignments
are binary integers if the problem has an integer solution.
Otherwise, since a user is to be connected to only one base
station (assuming hard handoff), it is reasonable to assign
mobile i to base-station k (bik ¼ 1) if cik � cij for all j 6¼ k.
Fig. 8 summarizes the algorithm for the solution of the
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Fig. 5. The equivalent LP problem for the NLP subproblem.

Fig. 6. Reformulated problem for a multicell system.



MINLP problem. The floors are taken over the sets of
available discrete rates and powers.

Our optimization problem is nonconvex so finding a
good solution depends on having a good starting point,
which LSA assignment seems to provide. The DICOPT
software starts its algorithm by solving the problem as a
relaxed MINLP optimization. Then, the relaxed values of
the binary variables are input to the mixed integer linear-
programming (MILP) master problem. It is, therefore,
insensitive to any initial assignment for the binary variables.
By changing the assignment variables from discrete to
continuous, we have also made the assignment initializa-
tion possible.

4.3 Implementation: S-MINLP Algorithm

Centralized resource management needs information on a
network-wide scale and is difficult due to the resulting
communication overhead (both for collecting the informa-
tion and for disseminating the resource allocations) and due
to the computational complexity. WCDMA systems are a bit
less complex than narrowband wireless systems in that the
channel assignment (the spreading code) is fixed during a
call and all users share the same radio channels. Fig. 9
illustrates a centralized implementation, where all neces-
sary information is made available to the resource-manage-
ment center (RMC) for processing and the resulting
decisions are transmitted to base stations and users. Each
base-station k ð2 f1; � � � ;MgÞ measures the path gains gik for
all mobiles i ¼ 1; � � � ; N and reports them to the RMC. User

information, including service types and QoS requirements,

is stored in a user database updated on the admission of

each new user. Fixed user parameters, including �i, �h,

Pi;max, Ri;max, and the Eb=I0-requirement �i, are made

available to the RMC by the database. Having the path

gains and user information, the RMC runs a resource-

management algorithm to determine the new resource-

allocation values p, r, and b which are sent to the base

stations and users. Base stations need the following data:

1) allocated power for each user in the network—these,

together with the received signal powers, are required for

measuring path gains. This method is preferred over using

the pilot signal in the forward link because the measure-

ments are more accurate and, given knowledge of the users’

power levels at the base station, that control information is

not sent over the wireless link; and 2) allocated rate for each

user of the base station—the cell-site receivers need the

data-transmission-symbol durations for their matched

filters.
A centralized implementation of the I-MINLP resource-

management algorithm can modify base-station assign-
ments to reduce local congestion due to uneven traffic
distribution (while maintaining QoS) and it does not impose
additional control signaling on the wireless links beyond
telling each mobile its allocated power, rate, and base
station. Still, we would like to reduce the amount of control
information flowing in the wired network and reduce the
computational complexity of the approach. Toward that
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Fig. 7. The MINLP problem.

Fig. 8. The MINLP algorithm.



end, we introduce approximations as follows: Let Ik be the
total received power at base-station k (at time n), we have

Ik ¼
XN
j¼1

gjkpj þ � �
XN
j ¼ 1
j 6¼ i

gjkpj þ � ð12Þ

for WCDMA with a reasonably large number of users in the

system and we use this to represent the interference plus

noise for mobile user i. This simplifies the interference sums

in the objective function and second constraint of Fig. 7.

Also, Ik is easily measured at the base station. If its variation

between two consecutive time frames is sufficiently small,

we can obtain an approximation of Ik at frame n by

ÎIk � Imk ðn� 1Þ, where Imk ðn� 1Þ is the measured total

received power at base-station k in the previous frame

and is updated from frame to frame. This eliminates the

interaction of the current power allocation with the

interference-plus-noise parts of the objective function and

second constraint, whereby the latter becomes

Ri;min �
wigikpi
Ik

� Ri;max ð13Þ

and it can be combined with the first constraint. Putting this

all together, the MINLP problem of Fig. 7 becomes the

S-MINLP problem of Fig. 10. The algorithm of Fig. 8 is used

with S-MINLP instead of MINLP in the first step. Resource

allocation based on S-MINLP has the following advantages

with respect to one based on MINLP:
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Fig. 9. A centralized implementation of the I-MINLP algorithm.

Fig. 10. The S-MINLP algorithm.



1. A base station measures the path gains of its own
users and the total received signal. Overall, N þM
instead of NM such items are sent to the RMC.

2. The number of active constraints is reduced by 2N .
3. The objective function changes from a sum of linear

fractions to a quadratic form (the cikpi part).

Thus, there is less signaling overhead on the wired network

and the optimization problem is computationally easier.
So far, we have focused on the centralized resource

allocation. However, partially decentralized resource man-

agement will reduce the computational complexity for a

system with large numbers of base stations and mobile

users. In this case, we can partition the network coverage

into cell clusters, each cluster consisting of a small number

of radio cells. At the cluster level, resource management is

distributed, while within each cluster resource management

is centralized. The intercluster interference from all other

clusters should be taken into account in determining the

Eb=N0 value. With slight modification, the S-MINLP

problem/algorithm can be extended to be partially decen-

tralized. Define the interference ratio f of intercluster

interference to intracluster interference. In Figs. 7 and 10,

assume the following modifications: 1) Parameters such as

M and N refer to the cluster. 2) Interference
P

j6¼i gjkpj þ �
or Ik is multiplied by 1þ f , assuming that the background

noise � is small compared with the total interference.
Other authors [24], [36], [37] have studied the suitability

of using the interference ratio f in conditions similar to those

of our simulations as described in Section 5. It has been

shown both analytically and by simulation that f � 1=3 to

1=2 due to users who are power controlled by other base

stations. Under similar conditions, the interference ratio for a

base station in a cluster will be less than this because part of

the interference from users assigned to other base stations is

already included in the intracluster interference (i.e., some

nearby base stations are part of the same cluster). In a more

sophisticated design, the size and user population of clusters

could be dynamically changed according to the instanta-

neous state of the network. Further investigation on

evaluating the interference ratio and dividing the network

into subnetworks could be considered for future work.

Overall, resource allocation in a partially decentralized

network will be worse in terms of spectral efficiency but

require less signaling in the wired network and less

computational effort.

5 PERFORMANCE ANALYSIS

Improvement by optimal base station assignment. To compare,

consider the LSA algorithm where 1) the base station

assignment is based on the conventional LSA criterion and

is independent of the resource allocation, 2) the optimal

resource allocation is defined by the NLP subproblem as

given in Fig. 4, and 3) the unique solution of the NLP

subproblem is solved exactly by using the equivalent LP

problem given in Fig. 5. For a uniform distribution of

mobile traffic, simulation results in [21] demonstrate that

LSA algorithm performs very close to the I-MINLP

algorithm. Here, we compare them when the mobiles are

not uniformly spread around the network. In the simula-

tion, 100 Class III users are randomly located according to a

two-dimensional radially symmetric Gaussian distribution

centered (with a standard deviation of 1 km) on a network

with nine (3� 3 on a 2-km grid) base stations in the middle

of an 8� 8-km square. The mobile users move in a radially

outward direction and each has a random data-transfer

requirement (uniform between 0 and 1,024 kb). A logarith-

mically linear propagation law (without shadowing) is used

and the path gains are known accurately. To demonstrate

the effect of user mobility on resource allocation and base

station assignment, we assume large random values for

mobile speeds. At the start, mobiles are mostly clustered

near the middle cell. By the end, they are concentrated in

the outer eight cells. Table 3 summarizes these and other

simulation parameters and assumptions. The target Eb=I0 is

similar to that of the long constrained delay (LCD) data-

bearer service described in [1] which can maintain a BER of

10�6 by using a turbo code with constraint length 3,

quadrature phase-shift keyed (QPSK) modulation, 2-anten-

na diversity, RAKE receiver, and soft-decision decoding.

The symbol rate in the physical layer for a 64-kbps LCD

service is 256 ksps. The simulation is carried out for

200 frames. To address handoff cost, the number of

handoffs is limited to 10. With a small number of handoffs,

it is observed from simulation that the value of the handoff

cost �h has a negligible impact on the resource allocation

when the overall handoff cost is small as compared with the

revenue. As a result, in the following, we present the

simulation results for the case of �h ¼ 0. Figs. 11 and 12

illustrate two snapshots of the network for I-MINLP and

LSA algorithms under the same conditions respectively. An

explanation of these figures is given as follows:
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TABLE 3
Simulation Parameters and Assumptions



1. Each mobile user is represented by a rectangle,
shaded based on its allocated rate. The vertical bar
shown on the right-hand side scales allocated rates
from 0 (light) to 256 (dark) ksps.

2. Assignment of each user is shown by a solid line
originating from the user to the assigned base
station. No connection line implies that at the
particular frame the user has not been allocated
any resources (including the case that the data
transfer is completed).

3. The network throughput is shown with respect to
the capacity by the vertical bar on the left-hand side.

The capacity and fraction of the utilized capacity are

printed beside the bar. Note that, as all the Class III users

have the same Eb=Io requirement, the network throughput

given in the following simulation results is the actual

throughput defined in the conventional way (i.e., the sum of

the transmission rates from all the mobiles). Fig. 14 shows

the network throughput in 200 successive time frames for
the I-MINLP, S-MINLP, and LSA algorithms. The network
capacity is calculated based on the single-cell solution
which has global convergence. In the figure, infeasible
solutions appear in the form of small gaps in the results, as
throughput is zero when there is no feasible solution. We
make the following observations:

1. LSA assignment is not the best assignment when
traffic is nonuniform. The I-MINLP and S-MINLP
algorithms achieve a higher throughput by sharing
the traffic load among all base stations.

2. Network throughput with any of the algorithms
varies with time as the traffic pattern varies: the
higher the concentration of users in the network, the
lower the total network throughput.

3. On average, the I-MINLP algorithm has about
10 percent improvement over the LSA algorithm by
optimal base-station assignment and has 6 percent
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Fig. 11. Comparison of the I-MINLP and LSA algorithms for unevenly distributed traffic (frame 2). (a) I-MINLP and (b) LSA.

Fig. 12. Comparison of the I-MINLP and LSA algorithms for unevenly distributed traffic (frame 118). (a) I-MINLP and (b) LSA.



improvement over the S-MINLP algorithm. The S-
MINLP algorithm outperforms the LSA algorithm.

4. The S-MINLP algorithm produces no infeasible
solutions in the simulation over 200 frames and the
I-MINLP algorithm experiences much less infeasi-
bility than the LSA algorithm.

Frequency reuse factor with uniform traffic: Another simula-
tion is carried out to study the frequency reuse efficiency
and the effect of the number of base stations in a fixed area

using the I-MINLP algorithm in otherwise the same
conditions described in Table 3. The cell capacity in this
case is 2,338 ksps. Table 4 presents the network capacity C

and network throughput R, both in ksps, for M ¼ 1, 4, and
9, respectively. The frequency-reuse factor -, defined as

R=C, is also given. As M increases, the reuse factor
decreases due to the increased intercell interference.
However, reuse factors larger than 0.94 for all the M values

are sufficiently high, as compared with the theoretical reuse
factor of one in WCDMA systems.

Performance comparison between the I-MINLP and S-MINLP

algorithms. The simulation environment is the same as that
given in Table 3 except here we consider propagation
shadowing with a standard deviation of 0 to 8 dB. It is

assumed that the shadowing is independent from frame to
frame (the worst-case) and there is no path-gain estimation
error. S-MINLP will be affected by variations in Ik across

two frame periods (2Tf ). If the standard deviation . of the
log-normal shadowing process increases, the path-gain
variations due to shadowing increase, and there is a higher
probability of large differences between Ik and ÎIk. This is
verified by the simulation results shown in Fig. 13.
Fortunately, in practice, the strong autocorrelation of the
shadowing process for each mobile over a period of 2Tf
would improve the performance of the S-MINLP algorithm,
as that demonstrated in Fig. 14 in the case of no shadowing.

Computational complexity. Speed of computation is crucial
if we are to implement such a resource-management
algorithm. For both the I-MINLP and S-MINLP approaches,
a large amount of the computation is done in DICOPT which
is called from GAMS which is called from the main
simulation program running in MATLAB using an interface
described in [38]. Although this is a nicely flexible structure,
it adds significant overhead in the exchange of data between
program environments. Still, to get some idea of the
computational complexity, we measure the elapsed compu-
tation time for different numbers of users when the
simulations are run on a Sun Ultra-10 workstation (net-
worked multiuser environment). Fig. 15 illustrates the
elapsed computation time to run the I-MINLP and S-MINLP
algorithms for nine base stations and 90 to 110 users in the
network. It appears that the time increases almost linearly
withN . The actual times would be much less on a dedicated
powerful computer at the RMC or if the program code were
rewritten as a single dedicated application. We have not
determined the theoretical complexity.

6 EFFECT OF PATH-GAIN ESTIMATION ERROR

Knowledge of the reverse-link path gains (signal attenua-

tions) is required in the resource-management algorithms but

these are subject to estimation error. Let ĝgik be the estimate of

the actual path gain gik so, while the signal actually

experiences gik, the resource-management algorithm uses
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TABLE 4
Network-Reuse Factor Using I-MINLP

Fig. 13. Throughput comparison of I-MINLP and S-MINLP.



ĝgik in the computations and allocates its resources accord-

ingly. The question is whether the allocated resources remain

feasible. The relationship between the standard deviation of

the estimation error and the probability of an infeasible

solution is investigated in the following.
Assuming independent fading in each path, the giks can

be modeled as independent random variables and related to

the estimated path gains by gik ¼ ĝgik þ eik, where eik is an

estimation error with zero mean and variance .2g. Experi-

mental data [37], [39] and theoretical studies [40] on the

short term averages of radio signals on fading channels

suggest that the received signal power at the base station has

a log-normal distribution. Thus, given pi, the path-gain

distribution is log-normal with mean 0gik and variance .2g.

The distribution of gik becomes

fgikðzÞ ¼
1ffiffiffiffiffiffi

22
p

.3 z
exp � 10 logðz� 0Þ2

2.2

( )
; ð14Þ

where 3 ¼ ðln 10Þ=10 and the parameters . and 0 (in dB) are

related to the mean and variance of the distribution through

0gik ¼ ĝgik ¼ e30þ3
2.2=2 ð15Þ

and
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Fig. 14. Throughput versus time with unevenly distributed traffic.

Fig. 15. Elapsed computation time versus number of users.



.2g ¼ e230þ23
2.2 � e230þ32.2 : ð16Þ

For user i assigned to base-station k with power pi and

rate ri, the probability that the allocated resources are

infeasible is

Pinf;i ¼ Pr ri >
wigikpiX

j6¼i
gjkpj þ �

0
BB@

1
CCA ¼ Pr 4ik >

wigikpi
ri

� �
; ð17Þ

where

4ik ¼
X
j6¼i
gjkpj þ �:

Sums of log-normal random variables are often approxi-

mated by another log-normal random variable [41]. A

Gaussian approximation is also valid when log-normal

random variables are independent and their number is

large enough. The latter conditions hold in our problem,

therefore, the distribution of 4ik is approximated as

Gaussian with parameters

04ik ¼ E½4ik
 ¼ E
X
j 6¼i

gjkpj þ �
" #

¼
X
j6¼i
ĝgikpj

.24ik ¼ Var
X
j6¼i
gjkpj þ �

" #
¼
X
j 6¼i

.2gp
2
j

assuming the variance of � is negligible. As a result,

Pinf;i ¼
Z
Q

wizpi=ri � 04ik
.4ik

� �
fgikðzÞ dz: ð18Þ

Infeasibility occurs with probability 1�
Q
ið1� Pinf;iÞ.

Fig. 16 shows the probability of infeasibility versus

estimation-error standard deviation for different numbers

of discrete rate levels and N ¼ 30; 40; 50. We observe the

following:

1. A larger number of rate levels (which should yield a
higher capacity utilization closer to optimal and
have a smaller margin for error) makes infeasibility
more likely.

2. Error tolerance increases with the number of users if
the number of rate levels is small.

3. Error tolerance is unaffected or slightly worse as the
number of users increases if the number of rate
levels is large.

In the system, the path gain can be estimated directly from

the mobile transmit power (known to the base station) and

the received power measured at the base station receiver.

The estimation error mainly results from the fact that the

channel changes with time. With a small time frame

duration (e.g., Tf ¼ 10 ms), channel variations over the

period should not be significant and, therefore, high

estimation accuracy can be expected.

7 CONCLUSIONS

In this paper, we have developed techniques and algo-

rithms to solve the optimal resource management problem

for single-cell and multicell systems. The single-cell algo-

rithm finds the exact global optimum and determines the

maximum achievable throughput per cell for specific Eb=I0
requirements. This value represents a new cell capacity

bound and is used as a benchmark for evaluation purposes.

In a multicell system, for fixed assignments such as LSA

assignment, the optimization problem has an equivalent LP
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Fig. 16. Probability of infeasibility versus path-gain estimation error.



problem and is globally optimal. The Eb=I0 and handoff

constraints can be used to eliminate infeasible assignments

and, hence, avoid unnecessary computations. In general,

solving the optimization in its original max-max structure

suffers computational complexity as the NLP subproblem

or its equivalent LP problem needs to be solved for each of

the base station assignments. To overcome the complexity

problem, the optimization problem has been reformulated

to a MINLP problem which combines the NLP subproblem

with the base station assignment. The I-MINLP algorithm

has been developed to achieve a high utilization of the

network resources and the less complex S-MINLP algo-

rithm has been developed to facilitate a centralized or

partially decentralized implementation of the resource

management. It has been shown that the S-MINLP

algorithm outperforms the LSA algorithm and, with respect

to the I-MINLP algorithm, runs faster with lower infeasi-

bility at a cost of slightly reduced throughput. Computer

simulation results demonstrate that, for a limited number of

transmission rate levels, the I-MINLP algorithm has a

reasonable tolerance to the path gain estimation error. A

combination of the I-MINLP algorithm and the closed-loop

power control can be applied to the resource management

of the International Mobile Telecommunications in 2000

(IMT-2000) proposals [42].

APPENDIX

Proof of Lemma 1. For a large N , the approximation

XN
j¼1;j 6¼i

gjpj �
XN
j¼1

gjpj ð19Þ

is valid, as the received signal power from one user (when
j ¼ i) is very small compared with the total received power
from all the N ð 1Þ users. By this approximation, the
summation in the objective function becomes

XN
i¼1

�iwigipiPN
j¼1;j6¼i gjpj þ �

�
PN

i¼1 �iwigipiPN
j¼1 gjpj þ �

¼ mp0

gp0 þ � : ð20Þ

Thus, the problem in Fig. 1 can be written in a new
structure as shown in Fig. 17. It can be seen that the new
structure is a linear fractional programming (LFP)
problem. The theorem in the following states that for

any LFP problem, there exists an equivalent LP problem.
Using this theorem, the LFP problem in Fig. 17 is
equivalent to the LP problem in Fig. 2. Therefore,
resource management in a single cell can be modeled
as an LP problem and can be solved efficiently by LP
methods. tu

Theorem A1 [43]. The linear fractional programming

Maximize

p

mp0

gp0 þ �

	 �
subject to p � 0; Ap ¼ v; gp0 þ � > 0

ð21Þ
has an equivalent linear program with one additional variable
and constraint given as

Maximize

y; u
fmy0g subject to y � 0; u > 0;

gy0 þ �u ¼ 1;Ay� vu ¼ 0;

ð22Þ

where p, y, and v belong respectively to <N , A 2 <N�N , and
u 2 <, and it is assumed that no point ðy; 0Þ with y � 0 is
feasible for (22).

Proof of Corollary 1. The throughput of a single cell is

Rc ¼
1

���

XN
i¼1

�iri ¼
1

���

XN
i¼1

�i
W

�i

gipiPN
j¼1;j6¼i gjpj þ �

; ð23Þ

�W

���

PN
i¼1 gipiPN

j¼1 gjpj þ �
; ð24Þ

�W

���
: ð25Þ

In writing (23), the Eb=I0 constraint for the BER
requirement is used. Equation (24) is derived using the
approximation (19) for a largeN and the assumption that
� is negligible as compared with the multiple access
interference term. tu

Proof of Theorem 1. The variable uai is positive and the
vector yai is nonnegative. Accordingly,

yiai ¼ piuai � Pi;max uai ; ð26Þ

wigiaiyiai ¼ wigiaipiuai ¼
wigiaipiPN

j¼1;j6¼i gjaipj þ �
; ð27Þ
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Fig. 17. Linear fractional programming for a single-cell system.



XN
j¼1;j6¼i

gjaiyjai þ �uai ¼ uai
XN

j¼1;j6¼i
gjai þ �

 !
¼ 1:

ð28Þ

Thus, the point ðyai ; uaiÞ is feasible. Conversely, if ðyai ; uaiÞ
is feasible and the point ðyai ; 0Þ is infeasible, then uai > 0

andp ¼ yai=uai satisfies the constraints. Therefore, (6) and

(7) map the optimization problem one-by-one onto the

equivalent problem as presented in Fig. 5. The first

constraint in this figure is a combination of the following

constraints.

0 � yiai � Pi;maxuai ; ð29Þ

Ri;min

wigiai
� yiai �

Ri;max

wigiai
: ð30Þ

The result is an LP problem. tu
Proof of Corollary 2. The Eb=I0 constraint for user i

connected to base station k is given in Fig. 4. The lower
bound on the path gain can be evaluated based on the
best possible traffic condition in the network. This
condition occurs when there are no interfering users in
the network and user i transmits at its maximum power
and minimum rate. Substituting these values in the
constraint and evaluating gik, we get

gik �
� �i Ri;min

W Pi;max
ð31Þ

which gives the desired lower bound. When the path
gain is smaller than this bound, under no circumstance
can the Eb=I0 at the receiver satisfy the target BER. tu

Proof of Corollary 3. For the feasibility condition of a
system of two users and two base stations, we use the
first phase of the simplex method. Using the rate
constraint in Fig. 1, the constraints of this system are
given in the following six inequalities

R1;min �
w1g1a1p1
g2a1p2 þ �

� R1;max; ð32Þ

R2;min �
w2g2a2p2
g1a2p1 þ �

� R2;max; ð33Þ

p1 � P1;max; ð34Þ

p2 � P2;max: ð35Þ

To perform the simplex feasibility test, we need to
express the constraints in the standard form [44]. That is,
to alter the above inequalities into equalities. For this
purpose, we add the slack variable 7j; j 2 f1; 2; . . . ; 6g,
and the artificial variables 83 and 84 to the inequalities.
Thus, the constraints become

w1

R1;max
g1a1p1 � g2a1p2 þ 71 ¼ �; ð36Þ

w2

R2;max
g2a2p2 � g1a2p1 þ 72 ¼ �; ð37Þ

w1

R1;min
g1a1p1 � g2a1p2 þ 83 � 73 ¼ �; ð38Þ

w2

R2;min
g2a2p2 � g1a2p1 þ 84 � 74 ¼ �; ð39Þ

p1 � P1;max þ 75 ¼ 0; ð40Þ

p2 � P2;max þ 76 ¼ 0: ð41Þ

We solve this system of linear equations symbolically
for p1, p2, and different sets of four slack and artificial
variables. The desired feasibility condition is derived by
applying the nonnegativity property of p1 and p2 to the
solution of the linear system with the variables p1, p2, 83,
84, 75, and 76, as given in (8). tu
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