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Abstract—In this paper, quality-of-service (QoS) guarantees for
multiclass code division multiple access networks are provided by
means of cross-layer optimization across the physical and network
layers. At the physical layer, the QoS requirements are specified
in terms of a target signal-to-interference ratio (SIR) requirement,
and optimal target powers are dynamically adjusted according to
the current number of users in the system. At the network layer,
the QoS requirements are the blocking probabilities and the call
connection delays. The network layer guarantees that both phys-
ical layer and network layer QoS are met by employing admission
control. An optimal admission control policy is proposed based on
a semi-Markov decision process formulation. The tradeoff between
blocking and delay is discussed for various buffer configurations.
The advantage of advanced signal processing receivers is estab-
lished using a comparative capacity analysis and simulation with
the classical scenario in which the system uses matched filter re-
ceivers.

Index Terms—Admission control, capacity, CDMA, cross-layer,
multiuser detection, power control, QoS.

I. INTRODUCTION

OVER the past decade, both wireless communications
and wireline multimedia have experienced tremendous

commercial success and growth. This increase in popularity for
both services has opened new challenges for the next generation
of wireless networks, which are expected to provide ubiquitous
multimedia coverage with quality-of-service (QoS) guarantees.
A promising technology for such networks is code division mul-
tiple access (CDMA) due to its soft capacity characterization,
which allows a graceful degradation of the system performance
as well as statistical multiplexing of streams with varied bit
error rates and delay requirements. In CDMA systems, QoS
delivery relies on interference management techniques such as
power control, multiuser detection, and access/admission con-
trol. While there is a substantial amount of literature concerned
with each of these topics (e.g., [1], [2], [5], [9]–[11], [15], [16],
[18], and the references therein), very few papers [6], [12]
address the problem of interconnecting physical layer design
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(e.g., multiuser detection) with network layer optimization. In
[6] and [12], admission/access control algorithms for CDMA
networks employing multiuser receivers are proposed. The ap-
proaches in [6] and [12] are fundamentally different. While [6]
focuses on potential gains that can be achieved through access
control by taking advantage of real-time traffic burst activity
detection, in [12], the emphasis is on optimal call admission
design for maximizing the network capacity (minimizing the
blocking probability). The optimal call admission problem is
formulated as a semi-Markov decision process (SDMP) with
constraints on blocking probabilities and signal-to-interference
ratio (SIR). It is shown that the optimal admission policy can be
determined via a linear programming-based algorithm, and the
network capacity can be further increased if users requesting
connections are queued when resources are not available.
However, the approach in [12] optimizes only the network
layer performance, whereas the powers at the physical layer are
not optimally chosen. Furthermore, only blocking probability
constraints are considered in [12] since the proposed framework
does not allow the control of call connection delays generated
by buffering.

In this paper, QoS guarantees for multiclass CDMA networks
are provided by means of cross-layer optimization across the
physical and network layers. At the physical layer, the QoS re-
quirements are specified in terms of a target SIR requirement,
and optimal target powers are dynamically adjusted according
to the current number of users in the system. A closed-form
capacity expression is derived for large CDMA systems using
linear minimum mean square error (LMMSE) receivers in mul-
tipath fading channels and under imperfect channel estimation
conditions. Our physical capacity analysis shows that the max-
imum SIR that can be achieved for a particular class of users is
limited by the estimation accuracy of their channel link gain.

At the network layer, we consider both blocking probabili-
ties as well as call connection delay constraints. The network
layer guarantees that both physical layer and network layer QoS
are met by employing admission control. An optimal admission
control policy is proposed based on an SDMP formulation.

The proposed framework for admission control has several
advantages over the approach in [12]. Most importantly, it is
a genuine cross-layer design that adapts to interference level
changes at both the physical layer (power control) and at the
network layer (admission control) while exchanging informa-
tion between layers in both directions. Figs. 1 and 2 illustrate
the conceptual design difference between the approach we pro-
pose in this paper and the one proposed in [12]. Moreover, our
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Fig. 1. Optimization of network layer performance.

Fig. 2. Joint optimization across physical and network layer.

proposed framework can be extended to support multiple rate
users and average connection delay requirements. The admis-
sion policy is based on the SMDP formulation and considers
the interplay between blocking probabilities and delay require-
ments in a multiclass system. We show in this paper that if delay
is not of concern, blocking probability constraints can be sat-
isfied for all classes of users, using a simple threshold policy
and appropriately selecting the buffer lengths. This suggests that
the threshold policy may be a better option than the SMDP ap-
proach in [12]. The real advantage of an SMDP-based solution
is that it provides more flexibility in achieving blocking proba-
bility/delay tradeoffs.

While implementing an optimal policy yields some perfor-
mance gains over other classical admission control approaches,
it can be seen that the most significant network capacity gain is
a result of advanced signal processing at the physical layer. It is
shown experimentally that using MMSE receivers roughly dou-
bles the network capacity for given network QoS requirements.
This is especially why it is so important to optimize the physical
layer capacity by selecting appropriate target powers, according
to the current level of interference, which is in turn controlled
by the admission control.

The paper is organized as follows. In Section II, we introduce
the system model, whereas Section III presents the asymptotic
capacity derivation, and Section IV discusses the design for the
optimal admission control. Section V illustrates the admission
control performance using numerical examples and compares
the results with classical approaches in call admission control.
Finally, some concluding remarks are presented in Section VI.

II. SYSTEM MODEL AND ASSUMPTIONS

We consider a single-cell, power-controlled synchronous
CDMA system, which supports classes of users, character-
ized by different target SIRs , different blocking probability
requirements , and different connection delay constraints

, . All signature sequences are independent,
randomly chosen, and normalized, having a fixed spreading
gain . Multiple rates can be achieved using multicodes [17],
and the admission control design can easily be extended to
account for multiple rate systems. Requests for connections
occur with rates , and are Poisson dis-
tributed. The call durations are exponentially distributed, and

the mean duration is , . It is assumed that
due to fast fading, the channel cannot be perfectly known, and
it is characterized by its estimated average link gain, and its
estimation variance , both of which we assume to be the same
for all users from an arbitrary class. The implicit assumption
for the channel model is that it is conditioned on the slower
fading (free space path loss and shadow fading), which does
not affect the received power over the time scale of interest.
The effects of slow fading are absorbed into the attenuated
transmitted power, which is defined as

(1)

where is the path loss due to free space loss and shadow
fading, is the transmitted power, and is the total number
of users in the system.

For a multipath fading channel with resolvable paths, we
denote by the equivalent estimated average power gain,
which is defined as

(2)

where represents the average link gain for theth path for a
user in class .

The number of users in each class is limited by the admis-
sion control according to the current system state and the ad-
mission policy. Users that cannot be immediately admitted into
the system are queued using buffers of finite lengths ,

.

III. PHYSICAL LAYER CONSTRAINTS: ASYMPTOTICCAPACITY

In this section, we derive the asymptotic system capacity for
a multiclass CDMA system using LMMSE receivers under im-
perfect channel gain estimation. The analysis is based on large
random matrix results for CDMA systems in fading environ-
ments presented in [8]. We start with the general expression
for the SIR presented in [8] for a large system with random
spreading. Considering a multipath fading environment with
resolvable paths, the SIR achieved by an arbitrary user (say the

th one) can be expressed as

SIR (3)

where is the unique fixed point in that satisfies

(4)

with
, and .

As , approaches a constant for all users. If we
impose the condition that the achieved SIR should befor all
class users, (i.e., the minimum power solu-
tion is achieved with equality), and using the assumption that
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all users in the same class have the same channel characteris-
tics, it follows from (3) that all users in the same classmust
have equal attenuated transmitted powers:

(5)

where .
Since the powers must be positive and , an immediate

result is that , and the maximum achievable SIR
is

(6)

Denoting for the class of users and imposing
the constraint that the SIR condition should hold with equality
(SIR ), from (3), we can express as

(7)

Thus, for multiple classes of users, the following equality
holds:

(8)
Expressing the SIR condition for an arbitrary user in class 1, we
have

(9)

Using the notation , i.e., is the number of users
per dimension, the equality in (9) becomes

(10)

Using (8), we have

(11)

Hence, the transmitted power for user 1 can be determined as

(12)

where

(13)
Since the transmitted power needs to be positive, and consid-
ering (6) and (13), the system capacity is restricted by the power
control feasibility condition

(14)

The flat fading channel case can be obtained by setting .
The above derivation can be summarized in the following the-

orem.
Theorem 1: In an asymptotically large CDMA system

( , and is constant) operating
with linear MMSE receivers in a multipath fading environment
with imperfect channel estimation, a minimum received power
solution exists such that all users achieve their target SIRs if
and only if

and

The minimum transmit power solution for a user in classis
given by

The above results can be straightforwardly extended to account
for multiple rates implemented using multiple codes. Each high
rate user in class is assigned signature sequences and
transmits at times the basic rate (obtained using the lowest
spreading gain ). A high rate user is equivalent to virtual
low rate users. Hence, the power control feasibility condition
can be easily adapted from (14) to be

(15)

where , and is the number of the classusers
physically present in the system.

Theorem 1 illustrates the interdependence between the phys-
ical and the network layer performance. Referring to Fig. 2,
we can see that the capacity conditions are passed to the net-
work layer, and we will see shortly that they will determine the
set of feasible system states used to select the optimal admis-
sion policy. On the other hand, the optimal power allocation
(13) depends on the number of the users (in different classes)
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currently admitted in the network. This information should be
passed along from the network layer to the physical layer such
that appropriate target powers can be selected to optimize the
physical layer performance.

IV. NETWORK QOS: OPTIMAL ADMISSION CONTROL

While the previous section characterizes the system capacity
from the physical layer perspective, the admission policy
must also take into account network QoS requirements such as
blocking probability and average connection delay. We consider
the interplay between physical and network layer constraints
using an equivalent queueing system, as illustrated in Fig. 3.
The average connection delays and the blocking probabilities
can be derived using a queueing analysis. The service rate for
each queue is varied by the admission control such that the
power control feasibility holds, and hence, all users can meet
their target SIRs. The equivalent queueing problem consists
of queues [ represents the length of
buffer for queue ], , for which the service
rate depends on the current number of connections [such
that satisfies (14)], as well as on the current
number of calls waiting for connection (according to delay and
blocking constraints). We can formulate the admission control
problem as an SMDP under the assumption that the following
Markovian properties hold [13].

• Given the current decision time, when actionis chosen in
state , the time until the next decision epoch and the state at the
next decision epoch depend only on the present state and on the
current chosen actionand are independent of the past history
of the system.

• The costs incurred until the next decision epoch also depend
only on the current state and chosen action.

The optimality criterion for an SMDP is the long-run average
cost per unit time.

SMDPs can essentially be solved by considering an equiva-
lent discrete time average cost Markov decision process using a
process called uniformization [4]. As a consequence, algorithms
such as policy iteration, value iteration, and linear programming
(LP) can be used to provide solutions for the SMDP problem.
We are particularly interested in the LP approach, which allows
us to introduce easily optimization constraints such as max-
imum allowed connection delays and/or blocking probabilities.

An SMDP is completely characterized [13] by the following.

• the probability that at the next decision epoch the
system will be in state , if action is selected at the current
state .

• (sojourn time) the expected time until the next de-
cision epoch after action is chosen in the present state.

where represents the state space, andrepresents the
admissible action space.

• the expected costs incurred until the next decision
epoch after action is chosen in the current state.
In order to model the admission problem as an SMDP, we pro-

ceed to define the main constituents that characterize it: the state

Fig. 3. Equivalent queueing system.

space, the decision epochs, the action space, the state dynamics,
and the performance criteria (cost and probabilistic constraints).

The State Space
The state of each queueis characterized by the number of

users in the queue at time, , and the number of
servers at time (which is equivalent to the number of
connections admitted for class). Thus, we define the state of
the system at decision epochas

(16)

Since the arrivals and departures of users are random,
represents a finite state stochastic process. The state space

is comprised of any state vector, such that SIR constraints can
be met:

(17)

where we use the notation
.

For a multirate, multicode system, the state space is alterna-
tively defined as

(18)

where has the same expression as before.
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Decision Epochs
Every time a new user arrives and requests a new connection,

and any time a departure occurs, the state of the system changes.
Since these changes in the system state should affect the admis-
sion process, we choose the decision epochs to be the set of all
arrival and departure instances.

Action Space
At each decision epoch, an actionis chosen that determines

how the admission control will perform at the next decision mo-
ment. The action vectoris state dependent, and its components
depend on the type of event: arrival or departure. In general, ac-
tion at decision epoch is defined as

(19)

where denotes the action for queueif an arrival occurs, and
denotes the action for queueif a departure occurs, which

are defined as follows:

maintain the number of servers
for queue
increase (by 1) the number of servers
for queue
decrease (by 1) the number of servers
for queue
maintain the number of servers
for queue

The action space can be defined as the set of all possible actions:

(20)

The action space must be restricted for a given state
such that the selected action will not result in a transition into
a state that it is not allowed (not in ). In addition, we restrict
the admissible action space such that ,

, . More specifically, we impose the condition that
if the system is in state

. If this is not true, for this
particular configuration, which would result in the system being
forever in state . Thus, the admissible
action space can be defined as

if

and

if (21)

State Dynamics
The state dynamics of an SMDP can be characterized by the

transition probabilities of its embedded chain and the expected
sojourn time for each state-action pair [4].

We define the following notation:

•

• represents the state vector for classusers,
such that the state vector for the system can be expressed
as .

• represents a vector of dimension containing only
zeros except for the position , which contains
a 1; is equivalent to and maps an increase
in the queue of classusers by 1.

• represents a vector of dimension, containing only
zeros except for the position , which contains a
1; is equivalent to and maps an increase in
the number of servers for classusers (number of admitted
users) by 1.

Derivations of and rely on the statistical prop-
erties of the arrival and departure processes, which are Poisson
distributed and mutually independent. It follows that the cumu-
lative process is also Poisson, and thus, the cumulative event rate
is the sum of the rates for all constituent processes. It should
be mentioned that arrivals that are blocked do not constitute an
event such that the cumulative process includes only the un-
blocked arrivals, which are also Poisson distributed with rate

. Hence, the interevent time (the expected so-
journ time) can be defined as the inverse of the event rate

(22)

Equation (22) can be interpreted as follows: The embedded
chain always changes state when an arrival occurs unless
the arrival is blocked (the queue is full, and no new servers
are allocated for that particular queue); in addition, it always
changes state when a departure occurs.

To derive the transition probabilities, we use the decompo-
sition property of a Poisson process: An event of certain type
occurs (e.g., arrival class, departure class) with a probability
equal to the ratio between the rate of that particular type of event
and the total cumulative event rate . Hence, the tran-
sition probabilities for the embedded Markov chain are deter-
mined to be

if

if

if

if

otherwise.

(23)

Optimal Policy: Linear Programming Approach
For any given state , an action is selected according

to a specified policy . A stationary policy is a function that
maps the state space into the admissible action space, where the
class of admissible policies can be defined as

(24)
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According to [4], an average cost criterion for a given policy
and an initial state can be associated with the SMDP:

(25)

An optimal policy that minimizes an average cost cri-
terion for any initial state exists under the weak
unichain assumption. The weak unichain assumption requires
that the average cost optimal policy has no disjoint closed sets,
but the class of transient states can vary from policy to policy,
and nonoptimal policies may have multiple disjoint sets [13].

In (25), can be interpreted as the expected cost
until the next decision epoch and will be selected to meet the net-
work layer performance criteria, as will be discussed in the next
section. An optimal policy for the above defined SMDP process
can be determined using a linear programming approach. The
optimal policy can be obtained using
the decision variables , which are obtained
by solving the linear program associated with the SMDP [13]:

subject to the constraints

and

(26)

A heuristic explanation [13] for (26) is to interpret
as the steady-state probability of being in stateand choosing
action (for an aperiodic Markov chain). Hence, the objective
function is to minimize the long run average of the cost function
per unit time. The first constraint in (26) can be interpreted as
a balance equation, and the second constraint requires that the
sum of the steady-state probabilities should be equal to 1.

The coefficient represents the weighting of the cost func-
tion for a particular class.

The optimal policy for the admission control can be con-
structed as follows [13].

• , choose any such that ; then set the op-
timal policy for state to be

• If , arbitrarily choose , and then, set
the optimal policy for state to be .

As we will see shortly, for our purpose of meeting QoS re-
quirements in terms of blocking probabilities and average delay
constraints, it is very important to be able to solve a constrained
optimization. The linear programming approach allows us to in-
troduce very easily probabilistic constraints related to some ex-
pected cost functions [13]:

(27)

where is a fixed value constraint.

When probabilistic constraints are imposed, the optimal
policy becomes a randomized policy: In each state, an
action is chosen randomly according to a probability

. The randomized policy can
be specified as a matrix , with each entry
given as . The th entry for matrix
represents the probability that actionis selected when the
system is in state. The matrix is determined offline,
and the admission control randomly chooses actions at each
decisions epoch, according to the corresponding probabilities
from matrix .

Cost Functions and Network QoS
The network layer performance measures are the blocking

probabilities, , (which reflect the system ca-
pacity) and the average connection delays, .
More specifically, we determine the admission control policy
such that network QoS requirements for all admitted users can
be met. The network QoS requirements are given as

(28)

We now discuss how to select the cost functions and
, such that the optimal policy can be obtained using the

linear programming approach previously outlined.

Blocking Probabilility

In [12], the authors proved that the blocking probability can
be expressed as an average cost criterion for a similar system
setting. Therefore, in this paper, we just give an interpretation
of the cost expression for the blocking probability for our partic-
ular framework. The expression obtained for the blocking prob-
ability is similar to that in [12], and the proof in [12] applies
directly.

A call from class is blocked if the queue is full and the action
selected is zero. We can thus define the blocking probability
for class as the fraction of time the system is in some subset
of states , and the chosen action
is in some subset of the admissible action space

[13]

(29)

Expression (29) represents the cumulative average blocking
probability. We can then obtain an expression for the expected
blocking probability until the next decision epoch, when action

is chosen in current state:

(30)

To minimize a weighted sum of blocking probabilities for all
users in the system, (30) gives the expected cost in (26). Further-
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more, blocking probability constraints can be met by selecting
and in (27).

AverageDelay

As opposed to the blocking probability, the average connec-
tion delay cannot be expressed as an average cost criterion.
However, we will show that a combination of cost functions can
be used to ensure that the QoS requirements in (28) are met for
all users if the requirements are feasible.

The average connection delay can be expressed using a
queueing analysis for the equivalent system in Fig. 3. The delay
expression for a particular classis given by Little’s theorem
as a function of the average number of calls in theth queue

, the arrival rate , and the blocking probability for class
, :

(31)

The delay restrictions imposed in (28) for a classof users can
be rewritten as

(32)

Since is also required, (32) is guaranteed to be met if

(33)

Therefore, the network QoS requirements can be reformu-
lated to be

(34)

The average number of calls in the queue can be expressed as
an average cost function by selecting the expected cost until the
next decision epoch to be

(35)

Hence, to determine an admission policy which satisfies the re-
strictions in (34), constraints on both the blocking probability
and on the average number of queued call requests must be im-
posed. The last ones can be obtained by selecting
and in (27).

As a consequence, we can formulate the following proposi-
tion.

Proposition 1: An optimal admission control policy can be
determined as a solution of a constrained linear programming
optimization, such that the network QoS requirements in (28)
can be guaranteed for all users if the system is feasible. The
linear program can be formulated as follows:

subject to the constraints

(36)

The optimal solution obtained by solving (36) minimizes both
the blocking probabilities (a weighted sum for all classes) as
well as the average delays, subject to the network QoS con-
straints in (28).

Proof: The first three equations in (36) represent the stan-
dard linear programming solution for an SMDP formulation to
obtain an optimal admission control policy that minimizes a
certain average cost function. This cost function is selected ac-
cording to our previous discussion such that the weighted sum
of blocking probabilities for all classes of users is minimized.

Moreover, we already showed that the last two constraints in
(36) reflect the network QoS requirements in (28), which are
expressed in the equivalent form (34).

We now show that minimizing the blocking probabilities
minimizes the average delay over all policies that satisfy the
network QoS constraints. Without loss of generality, we con-
sider an arbitrary classfor which the network QoS constraints
are satisfied, and we denote , such that

(37)

The optimal admission policy , determined as a solution
to (36), yields a minimum blocking probability for class

over the set of all possible policies that satisfy the QoS con-
straints :

(38)

Hence, , , and given (37), we have that

(39)

Proposition 1 gives the optimal admission policy that mini-
mizes blocking probabilities and average delays under certain
network QoS requirement constraints. However, the admission
policy exists if the system is feasible, that is, if for the given ar-
rival rate for each class, the network QoS requirements can be
met for the given buffers’ dimension. As we will see also in the
numerical results section, not all buffers’ configurations result
in a feasible solution. The buffers’ dimension is thus a param-
eter of the optimization being closely related to the blocking
probability. In case of infeasibility, the linear programming can
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be reformulated for different buffers’ configurations. We will
present a numerical example in the next section.

There are also cases in which the arrival rate is simply too
high, and no buffers’ configuration can be found to accommo-
date the network QoS requirements. Theoretically, we can de-
fine a maximum arrival rate per class that can be supported by
the network such that QoS requirements are met. This represents
the network capacity. However, due to the dynamic program-
ming approach that we used for designing admission control, it
is hard to determine analytically what the network capacity is.
The solution is to try to solve the LP optimization with increas-
ingly lower arrival rates until the system becomes feasible. Let
us denote by the network capacity determined using this trial
and error procedure for an arbitrary class. Since , the
final blocking probability requirements have to be relaxed, and
the resulting blocking probability for classwill be

(40)

where .
In other words, the admission control policy will be selected

as a solution to an LP formulation with a lower arrival rate
such that it will meet the specified QoS requirements for this
arrival rate. The above discussion on the design of such optimal
policy directly applies, with the only difference being that fur-
ther action is needed to reduce the arrival rate, and the final ad-
mission control will be implemented in two steps. To reduce the
arrival rate from initial rate to , a higher level admission
control will be implemented as follows.

Before requesting a new call connection, each user in class
will run a Bernoulli trial experiment with a probability of suc-
cess . In case of success, the request for connec-
tion is made; otherwise, the call is automatically rejected. This
ensures that the rate of call connection requests is reduced to

, and the Poisson distribution of the call connec-
tion requests is preserved.

After the call connection request has been made, the call is
admitted or rejected according to the previously discussed op-
timal admission policy, based on the SMDP formulation.

V. NUMERICAL EXAMPLES AND COMPARISONS

The performance of the proposed call admission control is il-
lustrated for a two-class system having equal high transmission
rates corresponding to an equivalent spreading gain .
If is the actual spreading gain (), we expect that
the asymptotic approximation used for deriving the system ca-
pacity will be loose. In [8], it was shown experimentally that
the asymptotic approximation is fairly accurate for systems em-
ploying a spreading gain on the order of . As the
spreading gain decreases, it was shown that while the achieved
average SIR remains close to the theoretical values, the variance
increases, thus increasing the uncertainty of obtaining a speci-
fied target SIR.

Alternatively, the equivalent spreading gain can be
obtained using multiple code transmission, and a
higher spreading gain . Using a higher spreading gain
will ensure the accuracy of the asymptotic approximation, and
it is therefore more suitable for higher rate users.

The implementation of the admission control is transparent
to the multicode implementation. The only difference resides in
defining the state space according to (17) or (18), which are, in
fact, equivalent for .

We now discuss experimental results obtained for a multicode
system with , where each user transmits using
codes. The equivalent spreading gain is .

The arrival and departure rates for calls in classes 1 and 2 are
selected to be , , , and ,
respectively. The target SIRs for both classes are .

For the simulations, the channel parameters are chosen to
be for the estimated average link gain,
for the link gain estimation variance, and (flat fading).
According to the considered channel model, and given (6), the
achieved SIR can be at most . To en-
hance the system capacity, calls that cannot be accepted in the
system immediately are queued using buffers of finite lengths

and , respectively.
The optimal policy for each experiment is obtained using a

linear programming (LP) optimization. For each numerical ex-
ample, a randomized optimal stationary policy is obtained,
which is then used for simulations. The average call connection
delays are obtained from simulations, averaged over 10 000 call
requests. The blocking probabilities can be obtained both as a
result of the LP optimization, as well as from simulations im-
plemented using the obtained optimal policy.

In the presented experiment, we determine an optimal ad-
mission control policy such that network QoS constraints are
met: blocking probabilities for class 1 and 2, respectively,

, and average delays for class 1 and 2, respectively,
. As in Section IV, the delay constraints are

equivalently expressed as constraints on the average number of
users in the queues . We run the LP optimization
for different buffer configurations. As discussed in Section IV,
some configurations are infeasible: , ,

, , and . The network perfor-
mance is summarized in Table I. The first four columns repre-
sent the blocking probabilities and average number of queued
calls obtained from the LP optimization. The last four columns
represent simulation results. We can see that all four buffer con-
figurations result in admission policies for which the imposed
QoS requirements are met.

An interesting observation is that, as opposed to the case
in which only blocking probability constraints are considered
(as in [12]), buffer dimensioning cannot be implemented inde-
pendently for each class. For the case in which no delay re-
quirements are specified, lower blocking probabilities for both
classes can be obtained if the buffer lengths are increased at
the expense of an increased call connection delay. This can
be illustrated by a simple example (see Fig. 4) in which only
the minimization of blocking probability is considered, and no
delay constraints are enforced. The cost function for the LP is
the sum of the blocking probabilities for both classes (equally
weighted).

We can see in Table I that when delay constraints are im-
posed, increasing the length of the buffer for class 2 (the most
delay sensitive class) lowers but increases . This is a con-
sequence of the fact that class 2 users are more delay sensi-
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TABLE I
NUMERICAL RESULTS FOR THECASE WITH DELAY AND BLOCKING PROBABILITY CONSTRAINTS

Fig. 4. System performance when no delay constraints are enforced. (a) and (b) Blocking probabilities for class 1 and 2, respectively. (c) and (d) Average
connection delay for class 1 and 2, respectively.

tive, and by increasing their buffer length (and correspondingly
decreasing their blocking probability), their service has to be
sped up as well, so that the delay constraints can be met. The
most delay-sensitive class (class 2) is an expensive class since
increasing its share of capacity (lower blocking probability ob-
tained using more buffering) affects the performance of all other
classes in the system.

A. Multiuser Detection Performance Gain

We compare the capacity of a network using linear multiuser
receivers with the classical scenario in which all users have con-
ventional matched filter receivers. To derive the asymptotic ca-

pacity for the matched filter system, we rely on the SIR formula
presented in [8]:

SIR (41)

where is the unique fixed point in that satisfies

(42)
with .
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Fig. 5. Physical layer capacity comparisons: MF versus LMMSE.

Using a similar derivation as in Section III, the asymptotic
system capacity for the matched filter case can be expressed as

(43)

In addition, the minimum transmit power solution for a user
in class is given by

In Fig. 5, we present asymptotic physical layer capacity com-
parisons for LMMSE and matched filter systems for two classes
of users when . We can notice a very signifi-
cant gain in capacity when LMMSE receivers are used. This
has a great impact on the network capacity as well. We illus-
trate this by simulating the simplest example when no buffering
is allowed (the delay is zero). The spreading gain is chosen to
be . All other numerical values are chosen to be the
same as in the previous experiments. The cost criterion is set to
maximize the weighted sum of probabilities for the two classes
(equal weights are considered). After optimization,

is obtained for the matched filter case, whereas
, and is achieved for the

LMMSE case. Thus, the achieved LMMSE network capacity
is , compared with

for the matched filter case.

B. Comparisons With Classical Approaches in Admission
Control

On a final note, we compare the performance of the pro-
posed optimal admission policy with two classical approaches
in call admission control: the complete sharing policy (see, for
example, [6]) and the threshold policy (see, for example, [10]).
The complete sharing policy accepts users in the system when-
ever the SIR condition can be met for all users, including the
new call requesting connection. This policy cannot control the
blocking probability or average connection delay. The obtained
performance is simply characterized by the statistical proper-
ties of the traffic. Results for the complete sharing policy are
presented in Table II.

TABLE II
NUMERICAL RESULTS FOR THECOMPLETE SHARING POLICY

On the other hand, a threshold policy may be designed to
somewhat accommodate performance constraints for different
classes of users. For this particular example with two classes of
users, we partition the resources between the two classes such
that blocking probability constraints can be met. To this extent,
we first consider the most demanding class: class 2. In order to
fairly compare the results, we impose the same blocking proba-
bility constraints as the ones considered for the optimal policy:
[0.2, 0.1].

According to (14), the total number of users that can be ac-
cepted in the system for the considered numerical values is

. We wish to find and such that .
For fixed and , we have an queue,
and the blocking probability can be computed as [3]

(44)

where , and is the probability of an empty
queue and no one in service:

(45)
The average connection delay experienced by calls in class 2
can be expressed as

(46)

where is the probability of queueing, which is defined as

(47)

We note that both the blocking probability and the delay de-
pend on and ; therefore, they cannot be optimized in-
dependently. If we fix and for a given constraint for
the blocking probability, the delay is also automatically fixed to
the value computed from (46). However, if delay is not of con-
cern, a specified blocking probability can be obtained for class 2
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Fig. 6. Threshold policy. Blocking probability for class 2.

TABLE III
NUMERICAL RESULTS FOR THETHRESHOLDPOLICY

as well by appropriately selecting the buffer length . This
suggests that the threshold policy may be a better option than
the SMDP approach in [12], if only blocking probability con-
straints are considered, due to its implementation simplicity.

We represent in Fig. 6 as a function of for three dif-
ferent values of the buffer length. It can be seen that the partition

gives , depending on the designed
buffer length. Therefore, we use this partition to obtain simu-
lation results, which are summarized in Table III. We compare
the results with the ones obtained using the optimal policy (see
Table I). It can be seen that the QoS constraints
(for blocking probability) and (for average
delay) cannot be met. Lower blocking probabilities can be ob-
tained if the buffer lengths are increased for both classes, but
this comes at the expense of increased delay. We observe that
the threshold policy is clearly suboptimal and lacks flexibility
in guaranteeing the desired QoS. On the other hand, if the traffic
statistics change frequently and must be estimated, the optimal
policy based on linear programming may be too complex to im-
plement, and suboptimal policies may be preferred. As an alter-
native, measurement-based admission control may also be con-
sidered in such cases (see, for example, [2] and [7]).

VI. CONCLUSIONS

In this paper, we have proposed joint optimization across the
physical and the network layer to provide QoS in a multiclass
CDMA network. Our proposed approach integrates admission
control with power control and multiuser detection such that an
optimal admission policy can be obtained, subject to physical
layer QoS constraints (SIR targets) as well as network layer QoS
constraints (admission delays and blocking probabilities). We
have characterized the physical layer QoS by deriving the power
control feasibility condition for an asymptotically large system
under imperfect channel estimation for a multipath fading
environment. We have shown that the maximal SIR that can be
achieved for a particular class of users is limited by the estima-
tion accuracy of their channel link gain. Optimal transmission
powers for all classes of traffic have been jointly determined.
Network layer constraints have been incorporated using an
equivalent queueing system. The optimal admission policy
has been obtained using linear programming as a solution to a
semi-Markov decision process formalism. We have validated the
analytical results by simulations, and the tradeoff between delay
and blocking probability has been discussed for various buffer
configurations. We have also emphasized the performance gains
achieved using LMMSE receivers by providing comparisons
with a classical scenario in which all users have conventional
matched filter receivers. Further, the performance results (de-
lays and blocking probabilities) for the proposed admission
policy have been compared against two classical approaches for
admission control design: the complete sharing policy and the
threshold policy. It has been shown that, as expected, both the
complete sharing policy and the threshold policy are suboptimal
and lack flexibility in guaranteeing the desired QoS.
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