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ADVANCES IN MOBILE MULTIMEDIA

Cross-Layer Modeling for QoS-Driven
Multimedia Multicast/Broadcast over
Fading Channels in
Mobile Wireless Networks
Xi Zhang and Qinghe Du, Texas A&M University

ABSTRACT
In this article we propose a cross-layer design
model for multimedia multicast/broadcast services to efficiently support the diverse quality of
service requirements over mobile wireless networks. Specifically, we aim at achieving high system throughput for multimedia multicast/
broadcast while satisfying QoS requirements
from different protocol layers. First, at the physical layer, we propose a dynamic rate adaptation
scheme to optimize the average throughput subject to the loss rate QoS constraint specified
from the upper-layer protocol users. We investigate scenarios with either independent and identically distributed (i.i.d.) or non-i.i.d. fading
channels connecting to different multicast
receivers. Then, applying the effective capacity
theory at the data link layer, we study the impact
of the delay QoS requirement (i.e., QoS exponent) on the multimedia data rate of mobile
multicast/broadcast that our proposed scheme
can support. Also presented are simulation
results which show the trade-off among different
QoS metrics and the performance superiority of
our proposed scheme as compared to the other
existing schemes.
The research reported in
this article was supported
in part by the U.S.
National Science Foundation CAREER Award
under Grant ECS0348694.
1

Broadcast (to all
receivers) is a special or
extreme case of multicast
(to a group of specified
receivers); thus, we use the
term multicast to refer to
broadcast and all types of
one-to-many communications services in the rest of
this article.
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INTRODUCTION
As the demands of group-oriented and wirelessconnection-based multimedia services with
diverse quality of service (QoS) requirements
increase explosively, mobile multimedia multicast/broadcast (one-to-many) communications
such as teleconferencing, live video broadcasting,
air/highway traffic control, and online gaming
have become a critically important component of
the next-generation wireless networks. One of
the most important characteristics of mobile
multicast1 is highly efficient group communications with significantly reduced wireless resource
consumption. In particular, by taking advantage
of wireless channels’ broadcast nature, radio signals sent by the sender can be captured by all
multicast receivers within reception range. Clear-
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ly, this feature is very attractive for downlink
transmissions in widely used cellular architectures (e.g., third-/fourth-generation cellular networks and 802.16x networks). Consequently,
mobile multicast in these types of network architectures has received more and more research
attention [1–3].
Besides broadcast, time-varying fading is the
other essential feature of wireless channels. Usually, adaptive modulation and coding (AMC) [4,
5] at the physical layer provides efficient and
promising ways to adapt transmission rates to
variations in wireless channel quality such that
the specified QoS requirements can be supported, including high throughput, low delay, and
limited loss rate. However, the heterogeneous
channel qualities, both instantaneous and statistical, among different receivers present great
challenges in supporting the diverse QoS
requirements (multiple QoS metrics) of multimedia multicast services. For instance, consider
a multicast session in cellular networks (downlink transmission) where the sender transmits a
single stream to all multicast receivers. On one
hand, to guarantee reliability at the physical
layer, the transmission rate has to be confined to
the capability of the worst case instantaneous
channel quality over all multicast receivers,
which results in severely low multicast throughput and long delay. In particular, from an information theory perspective, the authors of [1]
investigated physical-layer multicast capacity
with multiple transmit antennas at the sender,
where the worst case instantaneous achievable
throughput over all multicast receivers is optimized. They showed that with a finite number of
antennas, the multicast capacity tends to be zero
as the multicast group size becomes large. While
they proved that a non-zero limiting capacity
with an infinite multicast group size for multicast
can be achieved by using an infinite number of
transmit antennas, only a small number of antennas are typically used in most practical systems.
On the other hand, if applying higher transmission rates for multicast, data losses often
occur at receivers with poorer instantaneous
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■ Figure 1. The cross-layer design model for multimedia multicast in cellular wireless networks: a) the base station sender; b) N mobile
multicast receivers.

channel qualities. Although with real-time
requirements multimedia services can usually
tolerate a certain level of data loss to trade off
for high throughput (or low delay), the data loss
rate cannot be arbitrarily high, depending on the
requirements of the upper-layer protocols. Consequently, the efficient design and implementation of adaptive transmissions for mobile
multimedia multicast cannot be achieved only at
the physical layer, but needs to be integrated
with other QoS constraints from the upper protocol layers such that diverse QoS requirements
can be supported. In [3] the authors studied the
throughput-delay trade-off for cellular multicast.
For a single multicast session, a static rate control algorithm was studied in [3], where the
transmission rate is always dominated by the signal-to-noise ratio (SNR) which is in a fixed
quantile of the ordered SNRs over all multicast
receivers. However, this static rate control algorithm is not as efficient as the dynamic rate control/adaptation strategy.
To overcome the aforementioned problems,
we propose a cross-layer design model for multimedia multicast services to efficiently support
diverse QoS requirements over mobile wireless
networks. Specifically, we aim at maximizing
multimedia multicast throughput through QoS
information exchanges across different protocol
layers. First, at the physical layer, we propose a
dynamic rate adaptation scheme to optimize the
average throughput subject to the loss rate QoS
constraint specified by upper-layer protocol
users. Then, applying the effective capacity theory [6, 7] at the data link layer, we study the
impact of a delay QoS constraint (i.e., QoS
exponent) on the data rate of mobile multimedia
multicast traffic that can be supported. Simulation results are also provided to show the tradeoff among different QoS metrics and the
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performance superiority of our proposed scheme
over existing schemes.
The rest of this article is organized as follows.
We start with presenting the cross-layer system
model. Then we propose a dynamic rate adaptation scheme at the physical layer subject to the
loss rate QoS constraint specified at upper layers. Finally, employing the QoS exponent as the
delay QoS constraint at the data link layer, we
evaluate the effective capacity performance of
our proposed scheme through simulations, which
is then followed by the article’s conclusion.

THE CROSS-LAYER DESIGN
SYSTEM MODEL
SYSTEM MODEL
We concentrate on a discrete time mobile multicast system in cellular networks, where the
sender (base station) attempts to directly transmit a single multimedia data stream to N (the
multicast group size) mobile multicast receivers
through broadcast wireless channels, which is
illustrated in Fig. 1. The sender and all multicast
receivers use single-transmit/-receive antennas
for multicast transmission. As shown in Fig. 1,
the upper layer data with constant arrival rate is
divided into frames at the data link layer and
stored in the buffer. We assume that the time
used to transmit any frame is the same and equal
to T, and the amount of data contained in a
frame varies with the transmission rate used at
the physical layer. The frames are then converted into a bitstream and finally fed into the physical layer. We denote the total physical layer
signal bandwidth for multimedia multicast by B.
The sender uses AMC techniques to adapt the
transmission rate according to the channel state
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It should be noted
that the delayconstrained
multimedia services
usually can tolerate a
certain level of data
loss. However, how
much data loss can
be tolerable depends
on the requirement
from upper layer
protocols.
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information (CSI) fed back from all multicast
receivers and the loss rate QoS constraint, denoted q th , specified by the upper-layer protocols.
Each multicast receiver performs the reverse
operation to recover the data for the upper-layer
user when it receives the multicast signal transmitted through wireless fading channels. The
constant data rate of multimedia source data
that can be supported is eventually evaluated at
the data-link layer by using the effective capacity
theory subject to a QoS delay constraint, named
the QoS exponent and denoted θ. As discussed
above, there are two QoS constraints of interest,
the loss rate constraint q th and the QoS exponent θ, which are both statistical QoS metrics.
The value of qth characterizes the loss rate constraints from upper protocol layers, while the
QoS exponent θ can be used to estimate and
evaluate the violation probability of the specified
delay bound or queue (first in first out) length
threshold. These two metrics will be elaborated
on in more detail later.

THE WIRELESS CHANNEL MODEL
The fading channel between the sender and a
receiver for a communication pair is modeled as
a discrete time, ergodic, flat block fading stochastic process. In particular, the instantaneous
received SNR (defined as the ratio of the
received signal power to additive white Gaussian
noise power within the signal bandwidth B at the
receiver end) of the nth receiver, denoted γn, is
invariant within a frame’s time duration, but
varies independently among different frames.
Without loss of generality, we form all γns as an
N-dimension SNR vector γ to characterize a particular fading state of the corresponding CSI.
Moreover, we use the subscript π(⋅) to denote
the permutation of γns in a fading state such that
γ π(i) decreases as i increases from 1 to N.
Throughout this article, we assume that γ follows
continuous distribution (the most widely used
fading models, e.g., Rayleigh and Nakagami
models, fall into this category); that is, the cumulative distribution function (CDF) is continuous.
Also, we assume that CSI γ is perfectly estimated
at multicast receivers and is reliably fed back to
the sender without delay.

CROSS-LAYER DESIGN PROBLEM
FORMULATION OF RATE ADAPTATION
FOR MOBILE MULTIMEDIA
MULTICAST WITH
STATISTICAL QOS PROVISIONING
PHYSICAL-LAYER RATE ADAPTATION
SUBJECT TO LOSS RATE
QOS REQUIREMENTS FROM UPPER LAYERS
The sender uses a constant transmit power, but
dynamically regulates the transmission rate
through AMC as depicted in Fig. 1. In this article we focus on rate adaptation for Shannoncapacity-based multicast systems. Specifically, for
the transmission in a frame, the sender dynamically picks an SNR from γ ns as the dominating
SNR, denoted γ dom, and then set the transmis-
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sion rate equal to the Shannon capacity with
γdom, that is, B log2(1 + γdom) b/s. Thus, given a
γ, the transmission rate can take N possible values within a frame. To get a more general framework, we allow the time-sharing strategy [10] to
be applied among these N possible values. In
particular, given any fading state we allocate the
time proportion, denoted λn (0 ≤ λn ≤ 1, n = 1,
2, …, N), for the transmission rate corresponding to γdom = γn, where λns are the functions of
γ, and the sum of λ ns is equal to 1. We further
use all λns to construct an N-dimension function
vector λ to completely characterize the rate
adaptation policy. Thus, given a transmission rate
with γdom, the nth receiver can correctly receive
the signal with this rate only when γn is greater
than or equal to γdom. On the other hand, if γn is
smaller than γ dom, the nth receiver has to drop
the received signal, implying zero instantaneous
data rate. Now, we need to introduce some variables as follows. We call the transmission rate
averaged within a frame the instantaneous
throughput and denote it R. The instantaneous
data rate achieved by the nth receiver, denoted
gn, is then called instantaneous goodput. Correspondingly, we use E{R} and E{gn} to represent
the average throughput and average goodput of
the nth receiver, respectively, where E{⋅} denotes
the expectation over all fading states.
If setting λ π (N) = 1 for all γ s, where λ π (i)
represents the time proportion for the transmission rate with γdom = γπ(i), the transmission rate
is always determined by the worst case instantaneous SNR among all receivers; thus, there are
no losses for any receivers. We call it the worst
case SNR dominating (WSD) scheme. Otherwise, data loss is usually unavoidable for
receivers with low instantaneous SNRs. It should
be noted that the delay-constrained multimedia
services can usually tolerate a certain level of
data loss. However, how much data loss can be
tolerated depends on the requirements of upperlayer protocols. In this article we use a loss rate
threshold, termed the loss rate QoS and denoted
qth, to characterize this requirement. Specifically,
the loss rate of the nth receiver, denoted q n, is
defined as the ratio of the amount of data (averaged over all fading states) not correctly received
by the nth receiver to that of the transmitted
multicast data (averaged over all fading states),
and q n s of all receivers are required not to
exceed qth. Under the above system settings, we
can derive efficient rate adaptation schemes by
solving the following average throughput optimization problem:
max

λ :λn ≥ 0, ΣnN=1λn =1

qn @ 1 −

{E{ R}} , subject to:

E{gn }
≤ qth , n = 1, 2,… N .
E{ R}

(1)

EFFECTIVE CAPACITY WITH
STATISTICAL DELAY QOS GUARANTEES
By optimizing average throughput, we can
achieve low average delay for multimedia multicast transmission. However, the metric of average throughput itself is not enough to
characterize the delay QoS provisioning. Because
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of random fading over wireless channels, the
hard delay bound required for delay-sensitive
multimedia services is usually difficult to guarantee. Thus, we consider statistical delay QoS
guarantees instead. A statistical QoS requirement measure, denoted θ and called the QoS
exponent, was developed to characterize delay
QoS provisioning in [6, 8]. Specifically, θ is a
positive real-valued number that connects a
specified queue length threshold, denoted Qth,
with the probability that the queue length, denoted Q, exceeds Qth during transmission. Note that
for our mobile multimedia multicast model, the
queue is measured at the buffer in the data link
layer as shown in Fig. 1. It was shown that with
stationary and ergodic arrival and service processes under certain conditions, the probability
that Q exceeds Qth can be approximated as e–θQth
for a large Qth [8] and βe–θQth for a small Qth [6],
where β is the probability that the buffer is not
empty. Note that if we map the queue length
threshold to the delay bound, we can obtain similar approximations to those above in terms of
delay bound violation probability. Clearly, the
parameter θ measures the exponential decaying
rate of the threshold violation probability. A
larger θ corresponds to a more stringent delay
QoS requirement, which implies a higher decaying rate of the QoS violation probability as a
function of the specified Qth, and vice versa.
Using the QoS exponent θ, the authors of [6]
proposed a useful concept, effective capacity,
defined as the maximum constant arrival rate
which can be supported by a certain random service process (e.g., an adaptive transmission rate
over a wireless fading channel) subject to a specified θ. For the flat block fading channel with
independent variation across different frame
durations, the effective capacity (bits per frame),
denoted EC(θ), of a rate adaptation scheme with
the specified QoS exponent θ is determined [7] by

({

})

1
EC (θ ) = log E e−θTR .
(2)
θ
Correspondingly, E C(θ)/(TB) denotes the normalized effective capacity (bits per second per
hertz). In this article, in order to observe the
impact of delay QoS constraint on the achievable data rate for mobile multimedia multicast,
we use effective capacity as the main performance metric to evaluate our derived rate adaptation schemes.
To better understand the effective capacity,
we summarize a number of main properties of
effective capacity [5] as follows. The effective
capacity E C (θ) is a monotonically decreasing
function of θ, which implies that more stringent
QoS requirements result in lower supportable
service rates. As θ approaches 0, the service does
not impose any constraint on the queue length
and delay bound, and thus the effective capacity
converges to the average throughput E{R}. In
contrast, when θ approaches ∞, implying the zero
delay requirement, the effective capacity
degrades to the minimum service rate over all
fading states. Therefore, in [5] we proposed using
the effective capacity functions as a bridge for
cross-layer design modeling between the physical
and data link layers with the delay statistical QoS
guarantees over unicast wireless networks.
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RATE ADAPTATION SUBJECT TO
LOSS RATE QOS CONSTRAINTS
We focus on ideas about the trade-off between
average throughput and loss rate such that efficient rate control can be achieved. We begin
with presenting the solution to the optimization
problem given by Eq. 1 for the scenario where
the channel fading for different sender-receiver
pairs are i.i.d. Also, we discuss the existing rate
adaptation schemes. Moreover, we investigate
how to efficiently apply the results obtained for
i.i.d. fading environments in more practical, but
more complex, non-i.i.d. fading scenarios.

INDEPENDENT AND IDENTICALLY DISTRIBUTED
FADING CHANNELS ACROSS
MULTICAST RECEIVERS

Because of random
fading over wireless
channels, a hard
delay bound
required for
delay-sensitive
multimedia services is
usually difficult to
guarantee.
Thus, we consider
the statistical delay
QoS guarantees
instead.

Adaptive Dominating Position Scheme —
Using the time-sharing strategy, the highest
average throughput without loss rate constraint
is obtained by setting λ π(1) = 1 for all γ s. We
name this policy the best case SNR dominating
(BSD) scheme. If we employ the BSD in i.i.d.
fading environments (i.e., γ ns are i.i.d. over all
sender-receiver pairs), the loss rates of all
receivers are equal to (N – 1)/N. Therefore, even
if q th ≥ (N –1)/N, the optimal solution to Eq. 1
still yields the BSD scheme. In contrast, when
qth = 0, no data loss is tolerable for any receiver,
and then we obtain λπ(N) = 1 for all γs (i.e., the
WSD scheme). Thus, we only need to focus on
the cases with 0 ≤ qth ≤ (N – 1)/N.
Under i.i.d. fading environments, it is clear
that the optimal solution to Eq. 1 should benefit
all receivers evenly. That is, the average goodput
E{gn}s are equal for all receivers, and so are the
loss rates q ns. Consequently, the loss-rate constraints in Eq. 1 can be equivalently rewritten as:
• E{gn}’s are equal for all N receivers.
∆ 1 – E {g
• q0 ≤ qth, where q0 =
sum}/E{R} called
the group loss rate and gsum(R) is the sum of
all gns normalized by N.
Correspondingly, we call g sum(R) and E {g sum}
the instantaneous sum goodput (normalized by
N) and average sum goodput (normalized by N),
respectively. In the following, we first concentrate on maximizing the average throughput only
based on the second constraint above (i.e, q0 ≤
qth). We will point out later that with i.i.d. γn’s,
the derived policy also satisfies the first constraint.
The value of q0 is determined by the instantaneous throughput R and sum goodput gsum in all
fading states. In each fading state, we define N
operating points as (Rπ(i), gsum (Rπ(i))), i = 1, 2,
…, N, in the “instantaneous throughput — sum
goodput” plane, as shown in an example for N =
5 in Fig. 2, where Rπ(i) is equal to the transmission rate with γdom = γπ(i), and gsum (Rπ(i)) represents g sum obtained with γ π(i) = 1. Note that in
Fig. 2, the horizontal and vertical axes represent
the instantaneous throughput and instantaneous
sum goodput, respectively. Since we employ the
time sharing strategy, points resulting from all
possible rate adaptation policies form the convex
hull [9] of the set of the N operating points,
which is marked as the shaded region in Fig. 2.
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and an increasing function of R and j, respectively. In addition, we derive that 1 > η α(j) > –∞
∆
always holds and correspondingly define ηα(1) =
∆ 1.
–∞ and ηα(N+1) =
Using the concept of IGTG, the policy maximizing the average throughput only under the
constraint q 0 ≤ q th can be characterized by a
specified global IGTG threshold, denoted ηth. In
particular, in each fading state we set the rate
adaptation policy as λα(j*) := 1 and λα(j) := 0 for
j ≠ j*, where j* is obtained by solving the following inequality:

2.5B
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Upper boundary of convex hull
2B

gsum (b/s)

1.5B
Slope: ηα(2)

ηα(j*+1) ≥ ηth > ηα(j*),
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0
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4.5B

5B
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■ Figure 2. An example of the upper boundary of convex hull formed by all
operating points in the “instantaneous throughput – sum goodput” plane for a
fading state, where B is the signal bandwidth, N = 5, λπ(1) = 14.08 dB, λπ(2)
= 7.56 dB, λπ(3) = 5.45 dB, λπ(4) = 4.48 dB, λπ(5) = –8.03 dB, and N = 3.
Because operating points are discrete, the convex hull must be in the shape of a polygon and
its vertexes must be some operating points.
However, rather than the entire convex hull,
we are more interested in its upper boundary,
which is marked with bold lines in Fig. 2. Specifically, the upper boundary of the convex hull is
defined as the set of all points each of which has
the maximum instantaneous sum goodput over
all points in the convex hull with the same instantaneous throughput. To completely characterize
the upper boundary of the convex hull, we only
need the operating points that are vertices of the
convex hull and also on the upper boundary. We
call these operating points candidate points (Fig.
2) and use N to represent the number of them.
Note that N may be different for different γ s.
Moreover, we denote the transmission rates corresponding to the candidate points by Rα(j), j =
1, 2, …, N, where α(⋅) represents the permutation of the transmission rates associated with
candidate points such that R α(j) decreases as j
increases. It is not difficult to show that only
under the constraint q0 ≤ qth, the point generated by the rate adaptation policy that maximizes
the average throughput must fall onto the upper
boundary in any fading state. Thus, we only need
to perform time-sharing strategies among candidate points. Accordingly, we let λα(j) denote the
time proportion allocated to transmission rate
R α(j) , j = 1, 2, …, N, which can equivalently
characterize the rate adaptation policy λ.
We further introduce the concept of instantaneous sum goodput-throughput gain (IGTG),
denoted ηα(j), j = 2, …, N, which represents the
slope of the straight line connecting two neighboring candidate points indexed by α(j) and α(j
– 1). It is worth noting that the upper boundary
characterizes a concave function of the instantaneous throughput; hence, η α(j) is a decreasing
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(3)

where η th is uniquely determined through the
condition q0 = qth. The procedures to perform
the above policy are summarized in Algorithm 1,
which is called the adaptive dominating position
(DP) scheme because the dominating SNR γdom
is not located in a fixed position in the ordered
SNR sequence of γπ(i)s.
We explain the optimality of the above policy
as follows. Clearly, ηth → –∞ and ηth = 1 result
in the BSD and WSD schemes, respectively.
Starting from the WSD policy, gradually decreasing the IGTG threshold ηth increases both instantaneous throughput R in all fading states and the
group loss rate q0. Also, since γns are assumed to
have continuous CDF, q 0 is a continuous function of ηth, and there must exist such a ηth resulting in q 0 = q th . Considering the fact that the
IGTG η α(j) monotonically decreases with the
increase of R, we observe that Algorithm 1 guarantees obtaining the maximum E{gsum} over all
policies achieving the same E{R}. In other words,
Algorithm 1 always takes advantage of larger
IGTG such that with the same average throughput, q0 is minimized. Therefore, among all policies achieving the same q0, Algorithm 1 obtains
the maximum average throughput. Moreover,
because Algorithm 1 operates only on the
ordered SNR sequence {γπ(i)}N
i=1, in i.i.d. fading
environments all multicast receivers will evenly
benefit. Thus, all receivers eventually achieve
equal data rates; that is, the first constraint discussed earlier in this section is satisfied, which
implies that Algorithm 1 is also the solution to
Eq. 1. Based on the above discussions, Algorithm
1 maximizes the average throughput with q 0 =
qth, and the i.i.d. fading channels guarantee all
receivers to achieve the same loss rate under
Algorithm 1. For non-i.i.d. fading environments,
Algorithm 1 usually does not generate the same
loss rates for multicast receivers. However, if statistical channel qualities of different receivers are
similar, their loss rates are often still close to the
loss rate threshold qth. In contrast, if the differences among their statistical channel qualities are
significant, the loss rates of receivers with statistically poorer channels will usuallybe much higher
than qth under Algorithm 1.
Adaptively Tracking the IGTG Threshold —
The general analytical expression for the global
IGTG threshold ηth does not exist. In contrast,
the value of η th can be determined through
numerical or simulation-based methods. These
methods need the channels’ statistical information, such as the probability density function
(pdf) of γ, which is usually not available in prac-
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tical systems. To solve this problem, we employ a
simple gradient-descent-based method [9] to
dynamically track the IGTG threshold even in
the absence of channel statistical information,
which is described as follows. We use t, t = 1, 2,
…, as the time index for frames. For the tth
frame, we use the symbol [t] to index the estimate of corresponding variables. We initialize
ηth[1] as 1 (i.e., starting with WSD scheme). For
every frame, we apply the estimate ηth[t] as the
IGTG threshold to perform rate adaptation
based on Algorithm 1, and then calculate ηth[t +
1] for the next frame as η th [t] + ε(q 0 [t] – q th ).
The above iterative update attempts to minimize
the cost function (q 0 – q th) 2 such that the true
IGTG threshold can be approached. In particular, (q0[t] – qth) estimates the negative direction
of the cost function’s gradient with respect to
ηth, and ε is a small positive step size.
After transmitting the tth frame, we first estimate the average goodput E{gn} for each receiver and the average throughput by using
first-order low-pass autoregressive (AR) filters.
With the obtained results, we further estimate
the average sum goodput and group loss rate
q0[t] through their definitions, which will then be
used for IGTG tracking. Under the above tracking algorithm, ηth[t] is expected to converge and
oscillate within a small range around the true
value of the IGTG threshold. It is also worth
noting that the above tracking method can adapt
to the variation of multicast group size or channels’ statistical features. In our simulations, the
above method converges quickly for q th < 0.4
under various settings, which has covered a wide
range of loss rate constraints tolerable in practical systems. If qth is too high, especially when it
is close to (N – 1)/N, η th becomes a very large
negative real number; then the convergence
speed is slow, which causes a certain throughput
degradation. However, most practical multimedia services will not usually support such a high
loss rate threshold.
Fixed Dominating Position Scheme — Compared to the adaptive DP scheme, a simpler suboptimal scheme is to always let λπ(k) = 1 with a
fixed k (a similar strategy was discussed in [3])
over all fading states. Thus, we call this strategy
the fixed dominating position scheme. The loss
rate under this scheme equals (1 – k/N) for all
receivers in i.i.d. fading environments, and k
needs to be selected such that the achieved loss
rate is just below qth, that is, k = ϒ(1 – qth)N.

NON-INDEPENDENT AND IDENTICALLY
DISTRIBUTED FADING CHANNELS ACROSS
MULTICAST RECEIVERS
For non-i.i.d. fading environments, Algorithm 1
is not optimal to the problem given in Eq. 1
because Algorithm 1 is not aware of differences
among the statistical channel information of
multicast receivers. Once the differences among
receivers’ statistical channel qualities are significant, Algorithm 1 often causes severe intrasession unfairness. In particular, multicast receivers
with statistically poorer channels suffer from
high-level data losses, and the loss rate QoS will
be violated.
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In fading state γ:
Step 1: Determine N operating points, N candidate points, and IGTG ηα(j),
j = 1; 2, …, N + 1.
Step 2: Find j* satisfying Eq. 3. Set λα(j*) := 1 and λα(j) := 0 for j ≠ j*.

■ Algorithm 1. Adaptive DP scheme.

However, note that the derivation of the optimal solution to Eq. 1 with non-i.i.d. channels is
much more challenging. Hence, we turn to
designing suboptimal schemes. Specifically, we
employ a suboptimal strategy, called adaptive
subgrouping. Integrating this strategy, we can
efficiently apply Algorithm 1 to non-i.i.d. fading
environments. The idea of this scheme is
explained as follows.
In non-i.i.d. fading environments, an efficient
method of rate adaptation is to determine the
transmission rates only based on the CSI from
receivers with statistically poorer channel qualities. On one hand, this can efficiently support
loss rate QoS for these receivers. On the other
hand, the loss rate constraint is not usually violated for other receivers, because they have statistically better channels. To use the above
strategy, we need to estimate receivers’ statistical
channel qualities. After transmitting the tth
frame, we calculate g– n [t] of the nth receiver,
which equals the time average of its instantaneous goodput in previous frames. If we apply
Algorithm 1 to the entire multicast group, after
transmitting a certain number of frames lower
g–n[t] usually implies statistically poorer channel
qualities.
Motivated by the above analyses, we develop
the following method. Let us start with applying
Algorithm 1 on the entire multicast group. In
every (t + 1)th frame duration, we denote the
minimum among all g– n [t]s (g– n [0]s are set to 0)
g–min[t] and pick all receivers with g–n[t] less than
or equal to (1 + ξ)g–min[t] to form a subgroup Ω,
where ξ is a small positive number
and we
~
denote the number of receivers
in
Ω
N
.
Then
we
~
apply Algorithm 1 on Ω (use N instead of N) for
rate adaptation. Since Ω usually includes
receivers with similarly poor channel qualities,
using Algorithm 1 on Ω can efficiently support
loss rate QoS for these receivers and increase
throughput as well. Moreover, because of the
dynamic updating of Ω, we need to apply the
method of adaptively tracking the IGTG threshold developed earlier.
As discussed before, Algorithm 1 attempts to
maintain the group loss rate as qth while optimizing the average throughput. It should also be
noted that receivers in Ω may achieve different,
although close, loss rates. As a result, even when
the group loss rate of Ω approaches q th , some
receivers may still get a loss rate a little higher
than qth. To overcome this problem, we can use a
more conservative (lower) loss rate threshold q~th
equal to the maximum between 0 and 1 – (1 +
ξ)(1 – qth) instead of the true qth in Algorithm 1.
Finally, we summarize the adaptive subgrouping
scheme in Algorithm 2.
In addition, this subgrouping strategy is applicable for the fixed DP scheme in non-i.i.d. fading channels to avoid severe intrasession
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unfairness. To attain this we only
need to modify
~
step 2 of Algorithm 2 as: using N and q~th instead
of N and qth, respectively, applying the fixed DP
scheme on Ω to determine the transmission rate.
For the transmission of the (t + 1)-th frame:
~
Step 1: Determine Ω and the number N of receivers in Ω.
~

Step 2: Using N and ~
qth instead of N and qth, respectively, apply Algorithm 1
(integrated with the IGTG threshold tracking method developed earlier) on
Ω for rate adaptation.
Step 3: Calculate g–n[t + 1] for all multicast receivers.

Normalized effective capacity (b/s/Hz)

■ Algorithm 2. Adaptive subgrouping algorithm.
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Note that since Ω is only a subgroup of the
entire multicast group and varies dynamically,
the dominating SNR may not be always located
at a fixed position in the ordered SNR sequence.
However, we still use fixed DP to refer to this
scheme for the convenience of presentation.

SIMULATION EVALUATIONS
We evaluate the effective capacity performance
of our proposed rate adaptation schemes
through simulations. In the simulations we set
the signal bandwidth B = 100 kHz and the frame
duration T = 2 ms, respectively. Figure 3 plots
the dynamics of normalized effective capacity of
our derived adaptive DP scheme against the
QoS exponent θ and the loss rate QoS requirement qth, where the multicast group size N is 5,
fading channels follow i.i.d. Rayleigh distribution
across different receivers, and the average SNR,
denoted γ– , is equal to 0 dB. From Fig. 3, we
observe that QoS requirements from different
protocol layers have significant impact on the
multimedia throughput that can be supported.
As shown in Fig. 3, when the QoS requirements
becomes stringent (i.e., either θ increases or qth
decreases), the effective capacity decreases.
When θ gets larger, the delay bound or queue
length threshold violation probability needs to
be maintained at a lower level, and the system
can only support a lower constant multimedia
data rate. If q th gets smaller, the transmission
rate must be confined to a lower range to avoid
severe data loss, which also leads to a degradation of effective capacity. When θ approaches ∞,
the effective capacity will approach 0, as shown
in Fig. 3, which implies zero delay cannot be
guaranteed for this case.
Figure 4 compares the normalized effective
capacity between the fixed DP scheme and our
proposed adaptive DP scheme with variation of
loss rate QoS requirement qth, where N = 5 and
γns follow i.i.d. Nakagami-m fading with m = 2
and γ– = 10 dB for all receivers. We see from
Fig. 4 that only at qth = 0 and qth = (N – 1)/N =
0.8 do both schemes achieve the same effective
capacity. This is because for q th = 0 both
schemes reduce to the WSD scheme, and for qth
= (N – 1)/N both of them converge to the BSD
scheme. However, in most other cases where 0
< q th < (N –1)/N, our proposed adaptive DP
scheme significantly outperforms the fixed DP
scheme, which also confirms the advantages of
using the adaptive dominating position strategy.
Moreover, the adaptive DP scheme can flexibly
adapt to the loss rate QoS variation, which
makes the achieved effective capacity a continuous function of q th. However, for the fixed DP
scheme, the achieved effective capacity is only a
step function of qth due to the inflexible strategy.
Figure 5 compares the normalized effective
capacity between these two schemes against the
variation of QoS exponent θ in i.i.d. Nakagamim fading channels, where m = 2, N = 5, and γ–
= 10 dB. As illustrated in Fig. 5, our proposed
scheme achieves higher effective capacity than
the fixed DP scheme for various θ. Also, as θ
increases, the degrading speed of our scheme is
clearly much slower than that of the fixed DP
scheme. Figure 6 plots the normalized effective
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capacity vs. QoS exponent θ in a non-i.i.d. fading
environment, where N = 18 and γns follow independent Nakagami-m distribution with m = 2.
All receivers are divided into three subsets, within each of which there are N/3 receivers with
identical distributions. The average SNRs of
receivers for the three subsets are 7 dB, 12 dB,
and 15 dB, respectively. We then apply our proposed subgrouping strategy to both the adaptive
(with ξ = 0.01 and ε = 0.01) and fixed DP
schemes (with ξ = 0.01). As shown in Fig. 6, the
adaptive DP scheme also significantly outperforms the fixed DP scheme, which further validates the superiority of our proposed adaptive
DP scheme.

CONCLUSIONS
We propose and analyze a cross-layer design
scheme to comprehensively characterize QoSdriven mobile multimedia multicast services over
fading channels in wireless networks. Specifically, we integrate rate adaptation in the physical
layer with the loss rate QoS constraints from
upper protocol layers. Moreover, we evaluate
rate adaptation schemes by using the concept of
effective capacity, which connects the throughput measure of multimedia multicast services
with the delay-related QoS exponent requirement from data link layers. Based on the proposed cross-layer design model, we develop
efficient rate adaptation schemes for both i.i.d.
and non-i.i.d. fading environments. The obtained
simulation results show that our proposed
scheme significantly outperforms existing strategies.
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