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all admission control (CAC) is a mechanism used
in networks to administer quality of service (QoS).
Whereas the CAC problem in time-division multi-
ple access (TDMA)-based cellular networks is sim-

ply related to the number of physical channels available in
the network, it is strongly related to the physical layer
performance in code-division multiple access (CDMA)
networks since the multiaccess interference in them is a
function of the number of users and is a limiting factor
in ensuring QoS. The CAC mechanism will thus rely
on the “soft capacity” of the CDMA network as deter-
mined by the level of multiaccess interference, often
characterized by the signal-to-interference ratio. In
such systems, the CAC design leads to significant inter-
action between the physical- and medium-access con-
trol layers. Multimedia wireless services stand to benefit

from CAC schemes in providing differentiated service
guarantees to different classes of users.

We begin with a problem stated in economic terms.
Imagine a highway whose building and operation are sup-

ported by customers paying tolls. From a revenue standpoint,
the highway operator is most interested in having the highway

operate close to full capacity. However, customers are interested in
the opposite: comfort and ease of passage. The more vehicles there are,

the slower the passage and greater the likelihood of delays; that is, the quality of
travel suffers. A similar situation prevails in the world of multimedia data transmission over
communication networks. Any given network has finite resources; that is, the numbers of
nodes, links, and buffers and the bandwidth are finite. Thus, there are a maximum num-
ber of packets that can be in a network at any given time. Although there are considera-
tions related to the economics of networks that favor operating at or close to full capacity,
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there are other considerations, related to QoS, that pro-
vide impetus to operating at less than full capacity.

The higher the packet traffic in a network or part of
a network, the greater the average delay per packet due
to the limited resources. Generally speaking, therefore,
the more packets there are, the lower the QoS. Thus,
maintaining QoS requires limiting the number of calls.
However, rejection of calls not only lowers potential
revenue but also creates a perception on the customer’s
part of the provider’s inability to offer service when
needed. Therefore, the service provider has an interest
in reducing call-blocking probability. End-to-end delay
is just one element of QoS. There are other QoS meas-
ures that must be considered as well. The overall prob-
lem faced by the network is one of measuring and
forecasting QoS, minimizing call blocking probability,
and maximizing throughput while maintaining QoS.

The network should provide various levels of service
as a function of customer categories. The typical
parameters that must be managed are latency, jitter,
bandwidth, and packet-loss rate [1], [2]. Requirements
vary as a function of multimedia data type and service
(see Table 1). Packet loss is mainly due to buffer over-
flow. A buffer at a router simply drops incoming pack-
ets if the buffer is full. Packet corruption can occur as a
result of transmission error, that is, erroneous reception
of bits due to physical layer impairments.

A lightly loaded network affords less loss of packets
due to a lower likelihood of overcrowded buffers. Light
loading can also reduce end-to-end delay and, in wire-
less networks based on CDMA protocols, lower packet
corruption caused by interference. QoS provisioning

refers to a network’s capability to provide different lev-
els of service to different classes of traffic. To imple-
ment QoS provisioning, a desired QoS is negotiated
between the customer and the network on each call,
and the network QoS parameters are set accordingly. 

Physical layer issues are an essential component of
QoS management in wireless networks, especially with
mobile platforms as varying channel conditions and
numbers of users directly affect reliability of communi-
cation. Thus, QoS-assurance schemes must potentially
integrate functions at the physical- and medium-access
control (MAC) layers. CAC has emerged as one key
component of such schemes. The reader can refer to
other articles, in particular [3], for addressing other
issues of relevance to QoS. The basic premise of CAC
is to admit a new user into the network only when
admitting the user satisfies the assured QoS of all exist-
ing users as well as that of the new user. Clearly, this
requires quantification of QoS requirements. As the
capacity of CDMA systems is interference limited, the
signal-to-interference ratio (SIR), which has a direct
bearing on the bit error rate (BER), is usually used as
input to the CAC algorithms. The CAC design
requires understanding and characterization of both
the physical layer performance and the access control
performance at the MAC layer.

In this article, we review CAC issues in multimedia
CDMA systems by illustrating the basic principles
underlying the various schemes that have been proposed
progressively, from the simplest to the complex. We
introduce SIR as a measure of QoS and describe rela-
tively simple schemes to administer CAC. The expres-
sion for SIR resulting from linear minimum
mean-squared error (LMMSE) processing is then pre-
sented. We next  illustrate how CAC for multiple-class
service can be cast into an optimality framework and
then discuss recent work addressing self-similar multiple
access interference. Finally, concluding remarks are pro-
vided. It must be noted that, although most of the
material presented has been developed in the DS-
CDMA context, several of the concepts are applicable
to CAC in other systems as well.

Signal-to-Interference Ratio and
Complete Sharing Schemes
Simple CAC schemes based on SIR measurements were
first proposed by Liu and El Zarki [4]. Suppose there
are M cells in a DS-CDMA network of interest with nk
calls in progress in cell k and we model the reception at
the receiving antenna of a particular cell’s base station
(BS) taking into account path loss, log-normal shadow-
ing, and multipath fading through the following
expression for the received field strength [4]:

�(r) = 10ξ/10r−α (1)

where α is a constant typically ranging from two to
four, r is the distance between the receiver and trans-

Table 1. QoS requirements for
multimedia service classes.

Multimedia traffic typically consists of streams of text,
video, and voice. This traffic may result from applications
that are streaming (one-way real-time transfer), interactive
(two-way real-time) or nonreal time (Web browsing, file
transfer). Interactive applications, such as voice over IP,
have stringent QoS requirements needing rate, delay, and
jitter (delay variation) guarantees. Carrying voice requires
rate guarantees of a few kilobits to tens of kilobits per sec-
ond depending on the compression used. Reductions in
rate will result in poorer voice quality noticeable to the
users. Round-trip delays have to be low (100–200 ms), and
jitter has to be small as well while packet losses can be toler-
ated to an extent. Other applications, such as the recently
popular gaming applications, are also delay sensitive and
may need rate guarantees. For streaming applications, typi-
cally voice or video streaming, a guaranteed rate is impor-
tant, but delay, delay jitter, and packet loss can be tolerated.
Such applications use an initial permissible startup delay to
fill a playout buffer that can be made large enough to
absorb jitter and some short-term rate fluctuation. Rate
guarantees are needed to prevent buffer overflow or under-
flow at longer time scales. Several nonreal-time applications,
such as Web browsing and file transfers, are elastic in the
sense that they can adapt to the rates that can currently be
made available by the network.
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mitter, and ξ is the transmit field strength in decibels
and is normally distributed. Assuming the background
Gaussian noise to be insignificant in comparison with
the intrasystem interference (see [4]), the total power
received by the BS in cell k is the sum of the power
from all the mobiles in the system and is given by

I (k) =
M∑

h=1

nh∑
i=1

Ii (h , k) (2)

where Ii (h , k) is the power received by cell k’s BS
from mobile i of cell h. Suppose, with ideal power
control (i.e., each mobile’s signal is perceived with
the same strength at its BS), S is the power level of a
mobile’s signal at its home cell BS and r (h )

i k is the dis-
tance between mobile i of cell h and the BS of the
cell k. Then

I (k) = Snk + S
∑
h �=k

nh∑
i=1

(
rih

r (h )

i k

)−α

10(ξi k−ξih )/10. (3)

Equation (3) assumes the controlled power per mobile
at each home BS is the same. Thus, the SIR at BS k is
given by

SIRk = S
I (k) − S

. (4)

The variable quantity in the expression for SIR in (4) is
I(k), the total power received at the kth BS. Equation
(3) shows that this is a random variable because it
depends on several other random variables, namely, the
number of callers, their positions, and the transmitted
power of interfering calls in neighboring cells. As the
number of out-of-cell callers increases, the distribution
of the out-of-cell interference tends to a Gaussian [5].

The capacity of CDMA systems is limited by the level
of multiaccess interference in the system, which is meas-
ured by the SIR. In general, because SIR drops and the
probability of packet error increases as the number of
users increases, it appears reasonable to maintain SIR
above set thresholds by limiting the number of incom-
ing users. This ensures QoS when it is seen as maintain-
ing BER below a certain limit. The residual capacity of a
cell is defined as the maximum number of additional
calls the BS can accept such that the system-wide outage
probability (i.e., the probability that the transmission
quality is less than acceptable) is maintained below a
certain level. An appropriate criterion then for accepting
a new call is to do so when the cell’s residual capacity is
greater than or equal to one. By improving the physical
layer performance, through multiuser detection
receivers [6], [7], for example, lower SIR thresholds can
be set and more call requests may be admitted in the
system for the same level of QoS.

Call requests can either be from new calls or hand-
offs. Demands are placed on the residual capacity prin-

cipally by new calls because handoffs typically take
place when the strength of the signal received from the
mobile at the new BS is higher than that at the current
BS. Therefore, power control with the new BS results
in reduced power output from the mobile, at least for
some time after completion of handoff. 

Liu and El Zarki [4] propose two algorithms for
CAC based on the SIR. From (3) and (4), the recipro-
cal of the SIR can be written as

1
SIRk

= nk +
∑
h �=k

nh∑
i=1

(
rih

r (h )

i k

)−α

10(ξi k−ξih )/10 − 1. (5)

For a given lower bound on the reciprocal SIR, an
upper bound can be derived for nk , the number of
users in cell k. Suppose the actual SIR is required to be
above a threshold SIRTH. As the term to the right of
the plus sign in (5) does not depend on nk , the differ-
ence between the reciprocal SIRs for two different val-
ues of nk would simply be equal to the difference
between those values. Therefore, the residual capacity
at cell k is given by

Rk = max
(

0,

⌊
1

SIRTH
− 1

SIRk

⌋)
(6)

where the function � � denotes the largest integer less
than or equal to its argument. Thus, a call is admitted if
the residual capacity is at least equal to one.

The CAC approach outlined above is very simple.
One merely measures the uplink (i.e., reverse link) SIR at
each BS and decides on the residual capacity with respect
to the threshold SIRTH. A call is admitted at a BS if there
is any residual capacity left. The value of SIRTH itself is
chosen such that the outage probability is below a speci-
fied limit. This requires determining, experimentally or
through simulations, the variation of outage probability
as a function of SIRTH. The probability of a call being
blocked at a BS is simply the probability of the station’s
residual capacity going to zero. As changes in SIRTH

affect the outage and blocking probabilities in opposing
directions, choosing the SIR threshold requires striking a
compromise between the two probabilities.

The above algorithm has a key limitation. The recip-
rocal SIR is affected not only by the number of callers
in the cell of interest but also by those in other cells
along with their positions relative to the BS being con-
sidered, as shown in (5). For example, the admission of
a few new callers in a short time span by BSs in a
neighborhood based on their assessment of individual
residual capacities might actually cause the expression
for the second term in parentheses of (6) in one or
more of the BSs to become negative. Liu and El Zarki
[4] propose a second approach to address this problem,
which results because the previously outlined approach
lets each BS proceed on its own assuming a static view
of traffic at other BSs.
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Liu and El Zarki’s second algorithm is a modifica-
tion of the first. Suppose each BS, in addition to its
own SIR computation, also receives the SIR measure-
ments of its adjacent cells. Such exchange of informa-
tion would be a peer-to-peer communication at the
network layer. Then, the base in cell k evaluates the
residual capacity in its cell as

min
(⌊

1
SIRTH

− 1
SIRk

⌋
,

⌊
1
β

(
1

SIRTH
− 1

SIRj

)⌋)

for j over adjacent cells. (7)

Here β is a parameter that permits taking into
account the fact that the residual capacity is affected by
activity in neighboring cells. The key contribution of
the second term in (7) is in forcing each cell to con-
tribute to the lowering of SIR in its neighboring cells.
The parameter β becomes another quantity to be deter-
mined along with SIRTH to balance the blocking and
outage probabilities. As the SIR in the cell of interest
should be given more weight than that from neighbor-
ing cells, we require 1/β > 1. In a simulation study of a
cluster of hexagonal cells (arranged into seven rows and
seven columns), it was found [4], as expected, that
increasing β lowered the outage probability but
increased the call-blocking probability. By conducting
simulations at different loading conditions (call arrival
rate) ranging from a nominal “normal” loading condi-
tion of 45 Erlangs per cell to an overloading of 80
Erlangs per cell, the authors determined that a
SIRTH = −19 dB and β = 0.5, satisfied the design
criterion that the outage probability be at most 0.02
under all loading conditions.

Even with these simple schemes, it is clear that CAC
in CDMA networks works across layers. Results of
measurement at the physical layer are conveyed to the
MAC layer where the call admission decision proce-
dures, such as Liu and El-Zarki’s Algorithms I or II,
are implemented. The schemes described above fall
under the category of complete sharing CAC schemes,
that is, a new user is always allowed into a cell as long
as there is nonzero residual capacity in that cell. The
schemes do not differentiate between the various class-
es of service with different QoS requirements that one
encounters in multimedia transmission. A few other
complete-sharing approaches have been proposed (see
[8]). Also, an alternative path-loss model to the one in
(1) exists for microcell, multipath, and line of sight
(LOS) propagation that is valid in inner cities [5], [9].
Methods have been proposed for real-time measure-
ment of SIR (e.g., [10]) in DS-CDMA systems that
can be used to provide input to the SIR computation.

Improving Physical Layer Performance
Although (4) looks at SIR purely as it is perceived at
the BS antenna, it is obviously affected by the receiver
processing. Specifically, various multiuser-detection and

channel-compensation schemes have been proposed
that lead to an enhancement of SIR (e.g., [11]–[13]).
Here we present expressions for SIR resulting from
LMMSE processing. Suppose we model the received
signal at a BS as [7]

r(i) =
√

P1b1(i)h1(i)s1+
K∑

k=2

√
Pkb k(i)h k(i)sk + σw(i)

(8)

where Pk, b k(i) = ±1, and h k(i) denote the transmit
power, the ith transmitted bit, and channel gain respec-
tively for the kth user and sk ∈ RN is the kth user’s sig-
nature sequence. The final additive term denotes white
noise with variance σ 2 with w(i) being a zero-mean,
unit variance, circularly symmetric, complex Gaussian
random variable. The sequence h k(i) is also complex
valued and random with mean and variance denoted h̄ k
and ξ2

k , respectively. Thus, over a bit interval, r(i)
yields an N-dimensional vector with N being the
CDMA processing gain.

Suppose we desire to detect data from user 1. An
LMMSE receiver [14] estimates b1(i) as the sign of
the real part of the inner product of a vector c 1 and
r(i) where

c 1 =
√

P1h1
(
SDST + σ 2IN

)−1
s1. (9)

In (9), D is a K × K diagonal matrix whose kth diagonal
entry is PkE {h k(i)h ∗

k(i)} and S is a N × K matrix whose
kth column is sk. The resulting SIR is given by [15]

SIR1 = P1|h̄1|2s T
1

(
S1D1ST

1 + σ 2IN + P1ξ
2
1 s1s T

1
)−1

s1

(10)

where S1 is a N × (K − 1) matrix that is a truncation
of S with the first column removed, and D1 is a trunca-
tion of D with its first row and first column removed.

If the signature sequences of the K users are chosen
randomly and independently, for large systems (large
spreading gains and large numbers of users), the SIR
expression of (9) can be well approximated by [7]

ŜIR1 = P1|h̄1|2γ
1 + P1ξ

2
1 γ

(11)

where γ is the fixed point of the expression

γ =
[
σ 2 + 1

N

K∑
k=2

Pk
(
ξ2

k + |h̄ k|2
)

1 + Pk
(
ξ2

k + |h̄ k|2
)
γ

]−1

.

Being dependent only on the transmit power of all
channels, channel means and variances, and independent
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of the signature sequences, the expression in (11) pro-
vides a simplification that makes numerical calculation
easier in evaluating CAC procedures [7]. In the next
section, we outline the optimal CAC procedure of
[7], which also uses the LMMSE receiver processing
just outlined.

Differentiated Services and Optimal CAC 
With undifferentiated service, simple complete sharing
would work fine. In such cases, there is not much more
one can do beyond maintaining the SIR for each user.
However, with multiple classes of service, the required
minimum SIR depends on the user class (i.e., class of
service specified by the user). The process of call
requests and service can be cast into a Markov frame-
work if the requests arrive in Poisson fashion and the
calls have exponential holding times.

Various schemes have been proposed to address the
issue of traffic type differentiation in the call admission
process. A systematic way of doing it is to index the vari-
ous classes as class 0, class 1, and so on. Suppose there
are L such classes, that is, 0, 1, . . . , L − 1. CAC schemes
have been proposed in which the classes are first priori-
tized. For example, the assignment of the indices to the
different classes can be done such that class i has priority
over class j if i < j [16]. This means that an incoming
call for class i has a higher priority than that of class j if
both calls arrive simultaneously. Furthermore, admission
is granted only if the SIR resulting after the admission
does not fall below a threshold. In threshold-based
schemes, thresholds are set for admission of a call of a
given class at each BS. To illustrate, let us suppose there
is a call request from class i. Let

SIR�,i ; � = 0, . . . , L − 1 (12)

be an estimate of class � traffic’s SIR resulting from
accepting the class i call. Then, the call is accepted only if

SIR�,i ≥ ��,i ; � = 0, . . . , L − 1 (13)

where ��,i are thresholds. The thresholds are set such
that if two classes of traffic have the same data rate, the
threshold is lower for the higher priority traffic. If the
data rates are not the same, the thresholds are such that
(13) is more likely to be satisfied for the higher priority
class than the lower priority class. That is, with differ-
ent data rates for different classes, one may end up hav-
ing a higher threshold for a higher priority class than a
lower priority class. However, with identical numbers
of users, the left-hand side of the inequality in (13) will
likely be greater for the higher priority traffic than the
lower in such cases. In all threshold-based schemes, the
thresholds are selected to achieve bounds on outage
and blocking probabilities. 

The threshold-setting process above for the different
classes is somewhat ad hoc. It is actually possible to cast
the CAC problem into an optimality framework when

we assign varied costs to actions taken during the call
admission process. The process of call requests and
service fit into a Markov setting if the requests arrive in
Poisson fashion and the calls have exponential holding
times. With the mix of cost assignments and the
Markov set up, it becomes possible to formulate an
optimization problem.

We develop the optimization framework as follows.
Suppose there are L user classes, of which some corre-
spond to voice traffic and the others to data traffic. We
assume that call admission decisions are made at time
instants referred to as decision epochs. An epoch itself
coincides with an arrival or departure, with the decision
epochs corresponding to arrivals. Suppose there are
xl (n) users of class l at epoch n. Furthermore, let there
also be rl (n) service requests for that class. That is,
xl (n) is the number of class-l calls in progress, which
means that they were admitted at a previous decision
epoch, and rl (n) is the number of class-l call requests
that are waiting to be admitted. The CAC state at
epoch n is given by the state vector

x(n) = [x1(n), r1(n), . . . , xL (n), rL (n)]T . (14)

Let the various possible states be denoted xi ; i =
1, . . . , I . The action that the CAC controller takes is
either to admit or reject a call request. For example, the
action might be to admit a1 users of Class 1, a2 users
of Class 2, and so on, on a first-come/first-serve basis.
Call requests of any class that arrive when the buffer of
that class is full are automatically rejected. A set of
actions prescribed as a function of state and epoch
defines a CAC policy. Suppose we are interested in
those policies that prescribe actions strictly as a func-
tion of state and not the epoch, that is, a particular
value of the state vector always engenders the same
action regardless of time instant. Such policies are
known as stationary policies. Under a stationary CAC
policy, if the call request arrival processes among the
classes are independent and Poisson while the call hold-
ing times are also independent and exponentially dis-
tributed, then the state transitions conform to a first
order Markov process. That is,

P (x(n + 1) = xi |x(n), x(n − 1), . . . )

= P (x(n + 1) = xi |x(n)). (15)

One optimization criterion is to minimize the average
number of requests rejected at any decision epoch sub-
ject to constraints on the SIR for various classes. This
optimization framework falls under the general catego-
ry of a semi-Markov decision process or SMDP (see
Table 2). Suppose admission requests for Class l arrive
in Poisson fashion at rate λl per second and last an
average of 1/µ1 seconds. Then, for any stationary poli-
cy, it will be possible to evaluate the probability of tran-
sition from one state to another. Let
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Pi j (U ) = P (x(n + 1) = xj |x(n) = xi ) (16)

under a policy U. A stationary policy U is a mapping

U : X → A (17)

where X is the set of states and A is the set of actions.
Let Pi (U ) be the probability of being in state xi at a

given decision epoch. Given Pi j (U ), the Pi (U )s are
found by solving the equations

∑

j �=i

Pj (U )Pi j (U ) = Pi (U )

∑

i

Pi (U ) = 1. (18)

Let Rm be the number of calls of Class m rejected
between two successive epochs and EU {Rm |xi } be the
expected number of such rejected calls given that the
CAC system was in state xj at the first of these two
epochs and policy U was adopted. Then

EU {Rm} =
I∑

i=1

Pi (U )EU {Rm |xi } (19)

is the expected number of Class m calls rejected under the
policy. A weighted average cost function can be formed as

C (U ) =
I∑

i=1

wi EU {Ri }. (20)

The optimization problem at hand is one of finding U
that minimizes the average cost in (20) subject to a SIR
constraint for each class. Optimization of average cost
in an SMDP context can be solved either through the
value iteration algorithm or through linear program-
ming [7], [17], [18]. Simulation results in [7] show
substantial improvement in performance, as measured
by blocking probability, of the optimal CAC approach
used in conjunction with LMMSE receiver processing,
compared to nonoptimal approaches.

Linear programming suffers from the twin “curses” of
dimensionality (i.e., exponential rise in time required to
solve the problem as the dimension increases, as is typi-
cal for any dynamic-programming-based approach [19])
and modeling (i.e., requirement of knowledge of transi-
tion probabilities). Recently developed reinforcement
learning algorithms for constrained Markov decision
processes to compute the optimal policy without explicit
knowledge of the transition probabilities of the underly-
ing Markov decision process [20], [21] provide some
relief from the curse of modeling. The optimization
framework explained in this section can be enlarged by
considering joint optimization between the network and
the physical layer, as the state space used to construct the
optimal policy depends on the physical layer capacity
(given the SIR constraints), which, in turn, can be opti-
mized (optimal power allocation) based on the current
number of users admitted into the system, which is, of
course, influenced by the admission control) [6].

Recent Developments: 
Bursty Data and CAC
A recent development in wireless CAC research is the
investigation of heavy-tailed and long-range-dependent
(LRD) phenomena. Unlike voice traffic, data traffic is
bursty in nature. That is, it typically occurs in bursts
interspersed with extended periods of quietness. A
model that has been developed to describe such traffic
is that of on/off processes with heavy-tailed distribu-
tions for the durations of the on and off periods. It has
been shown that aggregation of a large number of such
sources leads to processes that are self-similar and often
LRD [22]–[25]. If the wireless traffic is dominated by
such data transmission, then the multiple-access inter-
ference (MAI) will also be a bursty LRD process [26].

The long-range dependence can potentially be
exploited in CAC through long-range prediction. If the
SIR can be predicted accurately several steps ahead,
then one can make call admission decisions beforehand
that would contribute to a smoother process by mini-

Table 2. Semi-Markov decision processes
and average cost criterion.

Semi-Markov decision processes (SMDPs) occur widely in
economics and operations research. Suppose we track
events whose instants of initiation are Poisson distributed
and whose durations are independent and exponentially dis-
tributed. Then the system state, by which we mean the total
number of events in progress at any time, is a Markov
process. If the event durations are not exponentially distrib-
uted but obey some other probability law, then the state is
not a Markov process. However, it is semi-Markov in the
sense that a Markov chain, or discrete-time Markov process,
results if we make the timeline discrete to instants or epochs
where there are state transitions (i.e., either a new event is
initiated or an event in progress is completed). Let X be the
set of states of a Markov chain and A be the set of actions
that we can take. Let

U : (X, t ) → A

define a mapping from the set of states to the set of actions
at epoch t . If the transition probability from one state to
another is dependent on the action taken at that state, we
get a decision process whose state transitions may not consti-
tute a Markov chain. A control policy U, as defined above, is
a prescription for taking an action at each epoch. If a
unique action is associated with each state independent of
epoch and transition history as U : X → A the state transi-
tions form a Markov chain and U constitutes a stationary
policy. Let cU (i) be the cost incurred in state xi under a
stationary policy U. Under certain assumptions, the long-
term average cost, that is, the cost per epoch tends in the
limit to the expected steady-state cost 

∑
i πi cU (i) where

πi is the steady-state probability of being in state xi . The
minimization of this cost function over all stationary poli-
cies can be accomplished using the value iteration algorithm
or linear programming.
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mizing periods of underutilization. Zhang et al. [9]
offer a scheme that combines rate control with CAC in
the presence of long-range dependent MAI. Rate-con-
trol schemes are used to control the bit rate of the
mobile users as a function of current load and SIR. If
MAI can be predicted, so can the SIR as it is merely the
ratio of the signal power to that of the MAI. 

The predictor in Zhang et al. [9] takes the form of 

Î (i) = ζ Î P (i) + (1 − ζ )Î L (i); 0 < ζ < 1 (21)

where Î L (i) = (1/m)
∑i−1

n=i−m I (n) is a long-range pre-
diction of the MAI at instant i based on samples of the
MAI at the previous m instants and Î P (i) = I (i − 1) is a
short term prediction using the previous sample. It
should be noted that the quantity I above is different
from the total signal level in (2). Studies of optimum pre-
diction of LRD processes using long-range autoregressive
models [27], [28] point to the domination of short-term
effects even in LRD processes when they are Gaussian (in
which case they are fractional Gaussian). Thus, if LRD
prediction is to offer significant gain, it may have some-
thing to do with the heavy-tailed nature of the process at
hand. Further studies are required to explore this matter.

Another dimension can be added to the CAC prob-
lem if we consider the integration of Web traffic (charac-
terized as self-similar) with real-time traffic such as voice.
This topic is addressed in [29], where an admission con-
trol policy is designed for World Wide Web (WWW)
users, such that voice activity is exploited and an average
delay requirement for Web packets can be met. The
average delay requirement for data packet transmission is
caused by the MAC, which schedules data transmission
according to the residual available capacity (after the pre-
dicted voice contribution has been subtracted). The
residual capacity is determined such that SIR require-
ments (different SIR requirements can be considered for
voice and WWW traffic) for all users in the system can be
met. Assuming that new WWW connection requests
arrive according to a Poisson distribution, a maximum
arrival rate can be determined such that the desired QoS
(SIR and average delay) can be met, and an upper level
admission control can be implemented to limit the
arrival rate for the WWW users to this arrival rate target.

Conclusion
We have provided an overview of CAC principles as they
apply to wireless DS-CDMA networks offering multiple
classes of service. The key distinguishing feature for
CAC in such networks that leads to cross-layer design
issues is the role of SIR. CAC algorithms for multimedia
CDMA systems play the role of balancing the system
load such that both physical layer QoS requirements
(BER targets) as well as network layer requirements
(delays) can be met for each user in the system. Among
the implications of this role is the influence of node-level
signal processing on CAC issues. In this context, it is evi-

dent that optimal joint design of optimization algo-
rithms at the physical layer and admission strategy is
highly desirable. Although work has been done for joint
receiver optimization and admission control [7], the
analytical framework it is based on is an SMDP formula-
tion, which will not hold true for some applications of
interest (such as Web browsing), which are characterized
by self-similar traffic. Some other open problems that
may be considered are the implementation of distributed
algorithms for ad hoc networks and cross optimizations
of the transmitter design and CAC. In addition to the
schemes outlined here, novel approaches, such as inter-
action between CAC and packet scheduling, are being
explored. Methods for improving the prediction of long-
range dependent processes may enable more reliable
MAI prediction for CAC in bursty traffic. A general for-
malism and recent results in this area are reviewed in the
monograph by Comaniciu et al. [30]. The impact of
CAC for wireless systems should be realized in the near
future with the anticipated widespread availability of
wireless multimedia services.
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