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CROSS LAYER DESIGN

INTRODUCTION

Media streaming, video conferencing, and inter-
active networked 3D games are examples of
applications that are expected to attract an
increasing number of users in the future. Sup-
porting these applications will be a major chal-
lenge for beyond third-generation (B3G) wireless
networks. Existing mobile multimedia systems
are specifically tailored to individual wireless
network technologies and do not address the
heterogeneity that is expected in B3G networks.
Mobile users expect high quality and transparent
service independent of the network access tech-
nology. At the same time, network operators
need to efficiently allocate the wireless resources
to increase network capacity and provide ser-
vices to as many users as possible at the best
possible quality level.

The traditional approach to network design
is to identify a stack of layers and design them
in isolation. The layered approach has been
widely used in the past, but it is no longer ade-

quate to meet the challenges of next-genera-
tion mobile systems. Mobile multimedia com-
munication is especially challenging due to the
time varying transmission characteristics of the
wireless channel and the dynamic quality of
service (QoS) requirements of the application
(e.g., variable bit rate, prioritized delivery of
important media units, and variable tolerance
vs. bit or packet errors). Setting the control
modes and tuning the parameters of the proto-
cols at design time and for the worst case sce-
narios lead to poor performance and
inefficient utilization of resources. Instead, a
network observing the behavior of the applica-
tion and of the physical channel and dynami-
cally  adapting to the changes is  able to
maintain optimal allocation of resources. This
requires timely exchange of parameters across
layers and periodic reconfiguration of modes
and parameters of the protocol layers during
network operation.

Cross-layer design (CLD) is a new paradigm
in network architecture design that takes into
account the dependencies and interactions
among layers, and supports optimization across
layer boundaries [1, 2]. A common misconcep-
tion about CLD is that it consists of designing
networks without layers. CLD should not be
viewed as an alternative to the layered approach,
but rather as a complement. Layering and cross-
layer optimization are tools that should be used
together to design highly adaptive wireless net-
works.

Previous work on CLD has mainly focused
on optimizing the performance of a single layer,
for example, adapting the application to the
transport, network, data link, and physical layer
characteristics (bottom-up approach), or adapt-
ing the physical, data link, or network layers to
the application requirements (top-down
approach). The bottom-up approach typically
exploits information about the current channel
situation to adapt the transmission policy of the
application [3]. Recent approaches to channel-
adaptive video streaming are described in [4].
The top-down approach typically passes priority
labels to the lower layers, which perform, for
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instance, class-based queuing and priority-based
transmission.

Most of the ongoing research in CLD focus-
es on joint optimization of the physical layer
and data link (or MAC) layer [5]. Only recently
have approaches that explicitly include the
application in cross-layer optimization appeared
[6–13]. For instance, [6] schedules packet trans-
mission over orthogonal frequency-division mul-
tiplexing (OFDM) channels giving higher
priority to the most important packets (I-
frames). The approach in [6] takes the size of
the queues into account in order to determine
the number of OFDM subcarriers to allocate to
each user. Also, the observed quality of the
channels is explored to assign to each terminal a
set of sub-carriers in a good transmission state.
The authors in [7] define an opportunistic
scheduling algorithm for multiple video streams
using a priority function that depends on chan-
nel conditions, importance of frames, queue
size, and multiplexing gain. The authors in [8]
propose a cross-layer scheduling framework
with adaptive modulation and coding. In [9]
application layer adaptation mechanisms are
combined with lower-layer adaptation strategies
for low-delay wireless video streaming. Corrupt-
ed data is passed across the layer boundaries,
and retransmissions and forward error correc-
tion (FEC) are performed end to end at the
application layer. In [10] different error control
and adaptation mechanisms available in the dif-
ferent layers for error-robust video transmission
are evaluated. The mechanisms considered
include retransmission on the data link layer,
application-layer FEC, scalable video coding,
and adaptive packetization. The authors in [11]
propose a new paradigm for wireless communi-
cations based on coopetition, which allows wire-
less stations to optimally and dynamically adapt
their cross-layer transmission strategies to
improve multimedia quality and power con-
sumption. In [12, 13] an application-driven
cross-layer optimization framework for wireless
video streaming is introduced that forms the
basis of this article.

In this article we present a cross-layer opti-
mization approach to wireless video streaming
where layer-specific information is passed in
both directions, top-down and bottom-up. We
consider joint optimization of three layers of the
protocol stack: the application, data link, and
physical layers. The application layer contributes
to joint optimization because it has knowledge
of the distortion effect of each packet loss on
user-perceived quality and can dynamically adapt
the source rate and media transmission strategy
to current network capabilities. The physical and
data link layers are also taken into consideration
because they estimate the transmission capabili-
ties of the wireless medium and quickly adapt to
its variations. We regard our approach as an
application-driven cross-layer optimization, as
our main concern is to maximize user satisfac-
tion using an application-specific objective func-
tion.

Our work is novel in several aspects. First, we
jointly optimize parameters of multiple layers
taking into consideration effective abstractions
of the application, data link, and physical layers.

Also, the proposed cross-layer optimizer uses an
application-based objective function. Second, not
only do we evaluate the performance gain of
cross-layer optimization through experiments on
a testbed; we also discuss the trade-off between
the performance gain and the additional compu-
tation and communication cost of the optimiza-
tion.

CROSS-LAYER ARCHITECTURE
Our cross-layer architecture (CLA) is composed
of N layers and a cross-layer optimizer (CLO),
as visualized in Fig. 1. The CLO jointly opti-
mizes multiple network layers, making predic-
tions on their states and selecting optimal values
for their parameters.

The proposed cross-layer optimization con-
cept consists of three steps:

1) Layer abstraction computes an abstraction
of layer-specific parameters. The number of
parameters used by the CLO is significantly
reduced by the abstraction process.

2) Optimization finds the values of layer
parameters that optimize a specific objective
function. In our work, the objective function is a
function of the expected video reconstruction
quality of multiple users.

3) Layer reconfiguration distributes the
optimal values of the abstracted parameters to
the corresponding layers. It is the responsibili-
ty of the individual layers to translate the
selected abstracted parameters  back into
layer-specific parameters and actual modes of
operation.

These steps are repeated at a rate that
depends on how fast the application require-
ments and transmission capabilities of the physi-
cal medium vary. Identifying the parameters that
describe the capabilities of a layer is a critical
step. A layer description with a large set of
parameters is accurate but usually results in high
cost in terms of data processing and communica-
tion overhead. Therefore, abstractions have to
be used to reduce the number of parameters.
Also, abstracted parameters hide the actual tech-
nology and therefore allow us to design the
cross-layer optimizer in a more general way and
to use the same optimizer in different systems.
From a system perspective, there are different

nnnn Figure 1. Cross-layer architecture.
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kinds of parameters involved, which can be clas-
sified as follows:

Directly tunable (DT) parameters: These can
be set directly as a result of the CLO. Examples:
time slot assignment in a time-division multiple
access (TDMA) system or carrier assignment in
an OFDM system.

Indirectly tunable (IT) parameters: These
cannot be set directly as a result of the CLO, but
may change as a result of the setting of DT
parameters. Example: bit error rate that depends
on the type of coding and modulation scheme
adopted.

Descriptive (D) parameters: These can be
read by the CLO, but cannot be tuned. Exam-
ples: frame rate or picture size in streaming
video applications that are set at encoding time,
channel quality estimates obtained from channel
estimation.

Abstracted (A) parameters: These are
abstractions of descriptive, DT, and IT parame-
ters used in the CLO. Example: net transmission
rate and transition probabilities of a two-state
packet erasure model (Gilbert-Elliot model), for
instance, as used in [12].

CROSS-LAYER OPTIMIZATION FOR
WIRELESS VIDEO STREAMING

Videos have variable data rates due to the
dynamic nature of the captured scene and
encoding. A video stream is usually encoded as
a sequence of groups of consecutive frames,
called a group of pictures (GOP). In a GOP the
first frame (I-frame) is encoded independent of
other frames, and the remaining frames (P-
frames, B-frames) are differentially encoded
with respect to other (mostly previous) frames
in the same GOP. A frame can be successfully
decoded at the receiver if all frames in the GOP
on which it depends have been correctly
received and decoded. Therefore, the amount of
distortion at the receiver varies depending on
which frame is lost. For example, losing an I-

frame results in higher distortion than losing a P
frame, as shown in Fig. 2 that visualizes the
mean square error (MSE) distortion profile of a
GOP (including 15 frames: one I-frame and 14
P-frames) measured for three test sequences
encoded in H.264/AVC format.

The distortion profiles shown in Fig. 2 have
been determined as follows. One GOP (15
frames) of a test sequence is encoded using the
H.264/AVC video compression standard. The
decoding is performed assuming that a particu-
lar frame (called index in Fig. 2) is the first
frame in the GOP that is not received correctly.
Copy-previous-frame error concealment is per-
formed for all following frames in the same
GOP. Index 1 in Fig. 2 represents the case that
the first frame of the GOP (I-frame) is lost and
concealment is performed using the most recent
correctly displayed frame from the previous
GOP. Similarly, index 2 means that the first P-
frame is the first frame lost in this GOP. In this
case the lost frame and all following frames are
replaced by the decoded I-frame. Index 15
refers to the case where the final P-frame in
the GOP is the first frame lost, which means
that only the last frame in the GOP is con-
cealed by displaying the second-to-last frame.
Index 16 represents the case where all frames
are received correctly, and hence no error con-
cealment is employed. The later in the GOP
the first frame loss, the smaller the reconstruc-
tion error. Figure 2 also shows that the actual
distortion heavily depends on the characteris-
tics of the video sequence. While the loss of a
particular frame in one video sequence may
have only little influence on the reconstruction
quality, losing the same frame in a different
video may lead to a dramatic reduction in qual-
ity. This leads to opportunities for dynamic
resource allocation across multiple users, which
is one of the key components of our proposed
CLD concept.

The main challenge of wireless video
streaming is to ensure timely delivery of video
frames at the client despite changing channel
conditions, ensuring reasonable perceptual
quality for the user. A truly efficient use of
network resources and optimization of end-to-
end quality in mobile networks requires adapt-
ability to changing application and network
characteristics on all layers. The application
layer can adapt to varying network characteris-
tics by adequate processing, for example,
dynamic rate adaptation at the video server or
joint adaptation of application source rate and
application layer code rate (joint source chan-
nel coding). Adaptation can also take place at
the lower layers (e.g., by using adaptive modu-
lation and coding, adaptive beamforming and
scheduling). For an overview of properties and
challenges of video streaming the reader is
referred to [4].

Applying cross-layer optimization to multiple
layers, including the application, network, data
link, and physical layers that directly interface
with the dynamically changing environment,
allows for optimal adaptation of the network.
For example, joint optimization using predic-
tions of the states of the channels for all users,
together with knowledge of the type of frame

nnnn Figure 2. Distortion profile. The index on the horizontal axis expresses the
first frame lost in the GOP. The vertical axis shows the resulting reconstruction
distortion assuming that all depending frames are concealed using copy-previ-
ous-frame error concealment.
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carried by each packet favors at any time trans-
mission of the most important frames over chan-
nels with the best transmission capabilities.
When multiple users share the same wireless
resources (e.g., they are located in the same
cell), a multi-user diversity gain can be achieved
by assigning, whenever possible, the channels to
users who have high probability of successful
transmission [1].

Examples of parameters that can be jointly
optimized are:
• Source rate, encoding format, compression,

FEC (application layer)
• Route (network layer)
• TDMA time slots, OFDM carriers, direc-

tional beams, FEC (data link layer)
• Modulation scheme, channel coding, power

(physical layer)
In order to formulate an application-oriented

cross-layer optimization concept, the application
layer quality has to be quantified appropriately.
For video streaming, the so-called peak signal-
to-noise ratio (PSNR) is a quantitative parame-
ter that closely represents user-perceived video
quality and therefore can be used to define an
objective function for optimization of video
streaming delivery systems. In the following we
describe the cross-layer optimized wireless video
streaming scenario employed in this work.

VIDEO STREAMING SCENARIO AND
ARCHITECTURE

Let us consider an application scenario where a
base station delivers streaming videos to K
mobile users located in its cell (e.g., three users
on the left side of Fig. 3). The right side of Fig.
3 shows our cross-layer optimization concept
where the application, data link, and physical
layers are jointly optimized. Cross-layer opti-
mization is applied to all the users simultaneous-
ly in order to optimally allocate resources and
take advantage of multi-user diversity.

The system is optimized periodically at the
beginning of each GOP. First, the CLO takes an
abstraction of the parameters of the different
layers. The physical and data link layers are
abstracted by the transition probabilities of a
two-state Markov packet burst loss (Gilbert-
Elliott) model, described next. The application

layer is abstracted by the rate distortion profile
described later.

In the following example we assume that
after the process of abstraction, the CLO opti-
mizes the multi-user system by selecting the opti-
mal values of the following layer-specific
parameters:
• The video source rate (application layer)
• The time slot allocation (data link layer)
• The modulation scheme (physical layer)

The objective of the optimization is to maxi-
mize the video quality perceived by users. As a
measure of user-perceived video quality we use
the expected PSNR at the receiver. The objec-
tive function can be defined in different ways;
for example, as the video quality of individual
users (e.g., the user experiencing the worst video
quality among all users) or the average video
quality among all users.

In our experiments the objective function is
chosen to be the average PSNR of all users,

where F(x~) is the objective function with the
cross-layer parameter tuple x~ ∈ X

~
. X

~
is the set

of all possible parameter tuples abstracted from
the protocol layers. The decision of the optimiz-
er can be expressed as

where x~opt is the optimum parameter tuple that
maximizes the objective function.

Once the CLO has selected the optimal val-
ues of the abstracted parameters, it distributes
them to all the individual layers, which are
responsible for translating them back into actual
modes of operation.

RADIO LINK LAYER ABSTRACTION
To abstract the physical layer we use the Gilbert-
Elliot (GE) packet erasure channel model that is
known to characterize the fading of a wireless
channel with sufficient accuracy. The GE model
represents the dynamics of the packet error
behavior of a wireless channel with two states,
denoted G (good) and B (bad). In state G pack-
ets are assumed to be received correctly and in a
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nnnn Figure 3. Application scenario (left) and cross-layer optimization concept (right) for wireless video
streaming.
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timely manner, whereas in state B packets are
assumed to be lost. This model can be described
by the transition probabilities p from state G to
B and q from state B to G. For each user, four
key parameters are abstracted at the radio link
layer:
• Transmission data rate
• Transmission packet error rate
• Data packet size
• Channel coherence time
These four parameters form the abstracted
parameter tuple that describes the radio link
layer (radio link layer = physical + data link
layer). Depending on the actual number of
usable operational modes on the radio link layer,
the optimizer may potentially receive a large
number of candidate tuples from the radio link
layer abstraction. The transmission data rate is
influenced by the modulation scheme, channel
coding, and multi-user scheduling. The transmis-
sion packet error rate is influenced by the trans-
mit power, channel estimation, signal detection,
modulation scheme, channel coding, and so on.
The channel coherence time of a user is related
to the user velocity and its surrounding environ-
ment, while the data packet size is usually
defined by the wireless system standard. We
compute the transition probabilities (p and q) of
each user with the help of these abstracted
parameters, as detailed in [12, 15]. We consider
retransmission of the most important frames
whenever the transmission rate allocated to a
user is larger than the video source rate, which
reduces the packet error probability of the
retransmitted packets.

APPLICATION LAYER ABSTRACTION
As most modern video codecs employ a predic-
tive coding structure, encoders produce a vari-
able rate bitstream that is highly susceptible to
packet loss.  Application layer abstraction
becomes necessary as the optimizer needs to
be aware of the effects of lower-layer parame-
ters on the application layer. A convenient
abstraction tool for streaming video is the rate
distortion profile introduced in [16]. Side infor-
mation is sent along with the regular video bit-
stream. This information consists of a rate
vector that shows the size of the video frames
in bytes and a distortion matrix with entries
that allow us to compute the reconstruction
distortion for the displayed GOP for arbitrary
loss patterns.

CROSS-LAYER OPTIMIZATION
The cross-layer optimizer selects for each GOP
the optimal parameter values that maximize the
expected user-perceived video quality. This
requires computing for each user and each
parameter set the expected video reconstruction
quality at the receiver, which is obtained as the
sum of the source distortion DS and the expect-
ed loss distortion DL:

D = DS + DL

The source distortion DS is the reconstruction
quality obtained in the error-free case and has
to be sent as side information along with the
video bitstream. This distortion is a function of
source rate. The larger the source rate, the

smaller the source distortion. The loss distor-
tion DL, in contrast, is a function of the packet
loss rate observed during transmission. As dif-
ferent loss patterns lead to different reconstruc-
tion distortions, the expected value of loss
distortion is used in our work. Using the infor-
mation from the rate vector and distortion
matrix in combination with the transition prob-
abilities from the two-state Markov packet
burst loss model, the expected loss distortion
can be computed as

where l is the number of different loss patterns
[12, Fig. 2], pi is the loss pattern probability, and
Di is the resulting reconstruction distortion for
loss pattern i derived from the distortion matrix.
The probability of a particular loss pattern pi is
computed from the transition probabilities of the
Gilbert-Elliot model as described in [12]. Once
the expected user quality is available for every
application and radio link layer parameter set,
the task of the optimizer simply becomes choos-
ing the best operating point with respect to the
desired objective function. Please note that in an
earlier section PSNR was used as the quality
measure, while here MSE is used for DS and DL.
PSNR, however, is simply a logarithmic form of
D and can be computed as

SIMULATION RESULTS
We simulate a wireless video streaming scenario
with three users, each requesting a different
video from the streaming server located at the
base station. The video sequences are Mother
and Daughter (MD), Carphone (CP), and Fore-
man (FM). All the three videos are in QCIF res-
olution (176 × 144) with a frame rate of 30
frames/s. The videos are pre-encoded at two dif-
ferent target source rates of 100 and 200 kb/s.
Each GOP has 15 frames, including one I-frame
and 14 P-frames. The average PSNR between
the encoded and displayed video sequences is
used as a performance measure. Figure 4 illus-
trates the parameter abstraction from the appli-
cation and radio link layer for a particular
optimization cycle, and illustrates the process of
cross-layer optimization.

At the radio link layer, the two-state GE
channel model is assumed, with parameters
(transition probabilities) p and q. The total
transmission capacity of the system is assumed
to be 300 ksymbols/s. Two different modulation
schemes, binary phase shift keying (BPSK) and
quaternary PSK (QPSK) are considered, giving
a total rate of 300 and 600 kb/s, respectively.
Each user has a set of possible transmission
rates of {0,100,150,200,300} kb/s. If the avail-
able transmission rate exceeds the source rate,
the most important frames of the GOP are
repeatedly transmitted. Taking the total rate
constraint and set of transmission rates into
account, we have 72 possible rate allocations
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among users, as illustrated in the lower left of
Fig. 4. With 15 frames in each GOP, we have
16 different loss patterns to consider (Fig. 4).
Pattern 1 represents the case when the I-frame
is not decodable. Because of frame dependen-
cy, all the subsequent frames in the current
GOP become nondecodable and are replaced
by the last decoded frame in the previous GOP.
Pattern 2 represents the case where all the
packets in the I-frame are received correctly
but at least one packet in frame P1 is lost. The
rest may be deduced by analogy. Pattern 16
represents the case without any packet loss.
The probability of these patterns can be com-
puted using the parameters of the GE model.
We then compute the resulting reconstruction
distortion for each loss pattern from the distor-
tion matrix and form the expected value of the
reconstruction distortion for every user, as
explained earlier.

The cross-layer optimizer selects for each
GOP the optimal parameter values that maxi-
mize user-perceived video quality as described
earlier. If the rate distortion side information is
not available, the expected loss distortion can be
approximated by computing the expected num-
ber of decodable frames (ENDEF), which does
not use rate distortion side information and
therefore provides a less accurate approximation

of the expected PSNR. Working without rate
distortion side information reduces the transmis-
sion overhead but leads to lower average video
quality at the receiver side, as shown in the next
section.

PERFORMANCE ANALYSIS
In this section we compare the performance
gain obtained by applying cross-layer optimiza-
tion for the two cases where expected PSNR
(CLO with RD) and ENDEF (CLO without
RD) are used by the optimizer to predict video
quality. We analyze three different scenarios.
Figure 5 shows the cumulative density function
(CDF) of the average PSNR for all three sce-
narios, each based on 1000 sessions. In the first
scenario all users have very bad channel condi-
tions, which is reflected in our simulation by
randomly varying the receive SNR for each user
between 0 and 5 dB. Average PSNR increases
about 2 dB for cross-layer optimization with
rate distortion side information (CLO with RD)
over that without optimization (without CLO).
In the second scenario simulations are per-
formed with random user SNR over a large
range (0–25 dB) for all users. The curve repre-
senting CLO performed without RD side infor-
mation lies approximately halfway between the
other two curves for both scenarios 1 and 2. In

nnnn Figure 4. Cross-layer optimization for a three-user video streaming scenario. The top shows an example of
distortion and rate side information sent along with the bitstream; they are used as the parameter abstrac-
tion of the application layer. The middle and lower left show the radio link layer abstraction, which consists
of the transition probabilities of the two-state Markov model and multi-user resource allocation. The lower
right shows the possible loss patterns from which the expected reconstruction distortion is computed. The
resulting PSNR values for the three users are shown for the 72 candidate application and radio link layer
parameter sets. The optimization picks the parameter set that maximizes the objective function of the cross-
layer optimizer.
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the third scenario all users have very good chan-
nel conditions, and the receive SNR varies ran-
domly in the range 20–25 dB. Again, we observe
an average PSNR improvement of about 2 dB
for cross-layer optimization with RD side infor-
mation over the case without optimization. In
the third scenario the optimizer can take advan-
tage of the good channel conditions by choosing
the higher-source-rate (200 kb/s) videos. Perfor-
mance without RD side information is worse in
this case because of the lower correlation
between the number of decodable frames and
the resulting PSNR.

COST ANALYSIS
Previous work on CLD has succeeded in show-
ing the potential performance gain over tradi-
tional layered communication. However, the
additional cost to be paid to perform optimiza-
tion, and gather the relevant parameters from
multiple layers and network locations has typi-
cally been neglected.

A CLA has three types of cost in addition
to a purely layered one. First,  exploring a
broad parameter domain space and evaluating
the objective function for a large set of value
assignments require substantial computation
and may result in additional delay. Second,
gathering all the parameter abstractions that
describe the state and capabilities of different
layers may have a nonnegligible communica-
tion overhead. Third, network architectures
with cross-layer optimizations are less modular
and therefore more difficult to manage or
reconfigure [2]. Below we measure the first two
types of cost in our CLA. The third type is not
easy to quantify. However, it can be reduced by
defining proper interfaces between the layers
and the CLO.

Our cross-layer optimization concept requires
computation of the objective function for all
candidate parameter tuples. The number of can-

didate parameter sets increases as a function of
the number of users and the number of degrees
of freedom in the application and radio link
layer available for every user. For example, in
Fig. 4 we use 72 candidate resource allocations
for three users. For some resource allocations
we have the additional choice for some users to
either pick a low-rate stream and transmit some
frames more than once or pick a high-rate
stream with no or fewer frame repetitions. In
general, the number of parameter sets to evalu-
ate is the product of the number of possible
parameter settings of every degree of freedom
in every layer for every user multiplied by the
number of users. This number increases rapidly
if we consider all possible parameter combina-
tions for a large number of users. In order to
keep the number of candidate parameter tuples
reasonable, only those abstracted parameter
tuples should be evaluated that represent an
actual layer-specific operation mode. Not all
combinations are feasible due to the limited
resources available. In our example in Fig. 4 we
restrict the total symbol rate for all three users
together to be 300 ksymbols/s. Similarly, a con-
straint of the total transmit power would typical-
ly apply. These constraints reduce the number
of possible parameter combinations significant-
ly. Also, different layer-specific operation modes
may lead to the same set of abstracted parame-
ters. In this case the layers themselves have to
decide which operation mode is more suitable
to implement. To summarize, the main chal-
lenge of a cross-layer concept such as that
described in this article is to keep the number
of parameter sets to be evaluated small while
preserving the degrees of freedom in the opti-
mization. Recently, this issue has started to be
addressed (e.g., [17, 18]).

Although the number of candidate parame-
ter sets increases very rapidly with the number
of users, the time to evaluate the different
cases increases much slower in our scheme.
The computationally most expensive part of
the optimization is the computation of the
expected reconstruction quality for every user.
For a single user,  the number of different
parameter settings is typically small as long as
the number of abstracted parameters per user
is small. The computational cost of the remain-
ing task, which involves computing and com-
paring the objective function for the
combination of the parameter settings of all
users can be neglected for a small number of
users. For a large number of users, however,
this becomes increasingly important, as the
number of operation modes increases exponen-
tially with the number of users.

If joint optimization of all users becomes too
demanding, a simple remedy is to optimize sub-
sets of users. By properly partitioning users into
small subsets, complexity can be bounded. The
most extreme case would be to form pairs of
users that are jointly optimized. While this
approach limits the computational load of opti-
mization, the penalty is that the number of
degrees of freedom fed to the optimization is
significantly reduced, and only a suboptimal
solution can be expected.

Transmission of abstracted parameters

nnnn Figure 5. CDF of average PSNR for random receive SNR from 0 to 5 dB
(scenario 1), 0 to 25 dB (scenario 2), and 20 to 25 dB (scenario 3).

PSNR

3624
0

0.1

C
D

F

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

3432302826

CLO w/RD
CLO w/o RD
w/o CLO

Scenario 3Scenario 2Scenario 1

           

Authorized licensed use limited to: Univ of Calif Santa Barbara. Downloaded on February 7, 2010 at 17:58 from IEEE Xplore.  Restrictions apply. 



IEEE Communications Magazine • January 2006 129

across the network causes communication over-
head for CLO. In our scheme there is over-
head due to transmitting the RD side
information from the video server to the cross-
layer optimizer. Figure 6 shows the overhead
of transmitting the distortion matrix and rate
vector for different source rates, assuming that
each GOP has one I frame followed only by P
frames. It shows that the overhead is quite low,
but increases l inearly with the number of
frames in a GOP.

Optimization using the rate distortion profile
provides higher gain due to more accurate calcu-
lation of the expected video quality. However,
the distortion profile must be transmitted from
the server. Moreover, it is not available in appli-
cations that require real-time encoding. Our
analysis shows that using the expected number
of decodable frames still offers a valid gain with
respect to the case without CLO, especially for
channels with low SNR.

DISCUSSION AND FUTURE WORK
CLD is a new paradigm that has great poten-
tial to change how communication networks
are designed and managed in the future. CLD
has already been applied successfully in some
cases, which have shown that a relevant perfor-
mance gain can be obtained using a cross-layer
architecture instead of a purely layered one. In
this work we have introduced an application-
oriented cross-layer optimization concept for
wireless video streaming. Multi-user resource
allocation is performed according to the out-
come of the maximization of an objective func-
tion that depends on the reconstruction quality
on the application layer. Information exchange
is performed in both directions, top-down and
bottom-up. One of the most important compo-
nents is the process of parameter abstraction,
which helps keep the number of parameter
tuples to be evaluated reasonable. Our experi-
mental results show significant quality improve-
ments even for a small number of users and a
small number of degrees of freedom within
every layer.

However, many technical issues still need to
be addressed before when and how to apply
CLD is fully understood. The evaluation of the
additional cost introduced by cross-layer opti-
mization is one of the most relevant open
issues. The additional cross-layer optimization
cost has been neglected in most discussions
and analysis of CLD, but can be relevant espe-
cially in very resource-constrained systems. The
decision to apply cross-layer optimization is
not an obvious one; therefore, it should be
made taking a system approach and trading off
all benefits and costs. In particular, a CLD
methodology is needed that provides general,
yet simple, rules definition on when and how
to apply CLD to different types of networks
and applications.

An important issue in CLD is definition of
the optimization metrics. The goal of CLD is to
allocate network resources so that as many users
as possible are served with sufficiently high qual-
ity. Video quality is highly subjective and there-
fore difficult to quantify. Furthermore, the

metrics of different types of media are hard to
compare. Finding a common utility function that
allows optimization across concurrent applica-
tions of different types would be a useful break-
through to apply CLD to more realistic and
practical cases.

Another issue is the interpretation and role
of QoS constraints and fairness. Applying cross-
layer optimization improves network capacity
and increases the number of users served. How-
ever, it is difficult to fully guarantee satisfaction
of QoS constraints under all circumstances in a
distributed and highly dynamic environment.
Temporary shortages of resources may require
penalizing the service quality or even interrup-
tion of service provisioning for some users.
When resources are not sufficient to strictly sat-
isfy all constraints, fairness should be adopted to
avoid penalizing the same users.
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