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Classification-Based System For Cross-Layer
Optimized Wireless Video Transmission
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Abstract—Joint optimization strategies across various layers
of the protocol stack have recently been proposed for improving
the performance of real-time video transmission over wireless
networks. In this paper, we propose a new, low complexity system
for determining the optimal cross-layer strategies for wireless
multimedia transmission based on classification and machine
learning techniques. We first determine offline the optimal
cross-layer strategy for various video sequences and channel con-
ditions (training data). Subsequently, we extract relevant and easy
to compute content features, encoder-specific parameters, and
channel resources from the training data, and train a statistical
classifier based on these optimal results. At run-time, we predict
using the classifier the optimal cross-layer compression and trans-
mission strategy using these simple, on-the-fly computed features.
Hence, we consider the complex problem of finding the optimal
cross-layer strategy during the training phase only, and rely at
transmission-time on low-complexity classification techniques. We
illustrate the proposed classification-based system by performing
MAC-application layer optimizations for video transmission over
802.11a wireless LANs. Specifically, we predict the optimal MAC
retry limits for the various video packets and compare our results
against both optimal and conventionally used ad-hoc cross-layer
solutions. Our results indicate that considerable improvements
can be obtained through the proposed cross-layer techniques
relying on classification as opposed to optimized ad-hoc solutions.
The improvements are especially important at high packet-loss
rates (5% and higher), where deploying a judicious mixture of
strategies at the various layers becomes essential. Furthermore,
our proposed classification-based system can be easily modified
to include other layers from the OSI stack during the cross-layer
optimization.

Index Terms—Classification for delay-constrained video trans-
mission, cross-layer optimization.

1. INTRODUCTION

UE to their flexible and low cost infrastructure, wireless
DLANs (WLANSs) [1] are poised to enable a variety of
delay-sensitive multimedia transmission applications, such
as videoconferencing, emergency services, surveillance,
telemedicine, remote teaching and training, augmented re-
ality, and distributed gaming. However, existing wireless
networks provide dynamically varying resources with only
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limited support for the Quality-of-Service (QoS) required
by the delay-sensitive, bandwidth-intense and loss-tolerant
multimedia applications [2]. Cross-layer optimization strate-
gies [3]-[10] have been proposed as a solution for improving
the performance of multimedia streaming applications over
WLANS. These solutions include joint PHY-MAC-Application
layer optimizations such as robust wireless video transmission
over 802.11 a/b/g using adaptive retransmission [3], [8], [9],
adaptive modulation for various priority layers [5], adaptive
packetization [11], MAC-PHY link layer adaptation for im-
proved goodput [12], power optimized transmission etc. In
general, the cross-layer optimization problem is nontrivial to
solve because

 analytically deriving the relation between quality, delay

and rate is difficult and sometimes only nondeterministic
(worst or average case) relationships can be established;

* strategies at different OSI layers depend on strategies de-

ployed at the same or other layers;

 channel conditions as well as multimedia traffic and se-

quence characteristics vary dynamically.

Consequently, previously proposed solutions for cross-layer
optimization, including those in references [3]-[11] solve the
problem using either ad-hoc heuristic approaches or rely on
complex optimizations that often cannot be performed in real-
time. In this paper, we explore classification-based algorithms
as they exhibit low run-time complexity and have been shown
to perform well for complex optimizations in image and video
analysis applications.

A. Cross-Layer Problem Formulation and Challenges

We formulate the cross-layer design problem as an optimiza-
tion that has as objective the joint selection of strategies across
multiple OSI layers.! Assuming that Npgy, Nprac, and
N app denote the number of adaptation and protection strate-
gies available at the physical PHY, MAC, and application APP
layers and that these strategies are denoted as PHY;, M AC;,
APP; etc., we define the joint cross-layer strategy S as S =
{PHY1,...,PHY N, ., MAC,,... MACN,, .., APPy,
...,APPn,..}. The cross-layer optimization problem at-
tempts to find the optimal composite strategy

St (c,v) = argmax Q (S(c,v)) )
s

'In this optimization, the Transport and Network layers are not considered.
UDP is the most used transport protocol for real-time video streaming applica-
tions. Since UDP does not provide error protection and rate adaptation like TCP,
the impact of the transport layer on the cross-layer strategy is minimal (only the
packetization overheads are affected). Similarly, since we focus on video trans-
mission for a single hop, the impact of the network layer on the cross-layer
optimization is also minimal.
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which maximizes the multimedia quality @@ (PSNR/perceived)
subject to rate (R) and delay constraints:

R(S(c,v)) < Rpax
Delay (S(C7V)) < Delaymax~ (2)

In the above equations, ¢ represents the underlying channel
conditions, and v is derived based on video codec and content
characteristics (see our discussion in Section II-B, where we
group c¢ and v into feature vector f). R, is the maximum
transmission bit-rate and Delaymay 1S the maximum tolerable
delay at the application layer. Note that various compression and
cross-layer strategies lead to different delays, which impact the
multimedia quality () for low-delay applications such as video-
conferencing or surveillance, where Delay,,x can be as low as
150 ms.

To determine the optimal strategy S°P¢, we can exhaustively
examine all the possible strategies for each layer, evaluate the
utility (e.g., quality under the given constraints) corresponding
to each strategy, and select the one with the highest utility.
However, such a solution is impractical in real-time due to its
complexity. Depending on the granularity at which the adapta-
tion is performed—per video flow, layer, frame, slice or video
coding unit (e.g., video packet)—and the time-varying wireless
channel conditions and multimedia content characteristics, the
complexity of these strategies is further increased. In this paper,
we focus on jointly determining the optimal strategy for a set of
video packets contained within one Group of Pictures (GOP)
of video (see Section 2.1.2 for more details).

We propose to use classification techniques to solve this com-
plex real-time cross-layer optimization problem effectively. Our
system is based on the observation that we can identify features
(that can be easily determined by the video encoder and wire-
less card) that are good indicators of the optimal joint strategy.
As an illustration of the proposed classification-based approach,
we consider the problem of selecting optimal MAC retransmis-
sion limits for each application-layer video packet. Neverthe-
less, the proposed framework can easily be extended to include
other layers and/or cross-layer strategies.

B. Related Research

The MAC-application layer optimization has been solved
using both ad-hoc heuristics [4], [8] and optimal non real-time
approaches [11]. Alternatively, we propose a classifica-
tion-based system that has a performance comparable to that
of the optimal approaches, while having a run-time complexity
comparable to that of low-cost ad-hoc solutions.

A plethora of video applications that support users in
browsing and retrieving digitized video, use automatic classi-
fication [26]. These classification approaches include neural
networks or decision-tree based algorithms that use features
such as color histograms, motion and texture features etc. Con-
tent-based classification techniques have also been extended for
selection among the various MPEG encoding parameters and
different scalability options [16]. In [13], [14], a QoS frame-
work has been proposed that maps categorized video packets
onto the relative differentiated service (DiffServ) provided by
the wireless channel using a predetermined pricing model.
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However, while classification-based techniques have been often
used in practice for video retrieval applications or to drive
the encoding and transmission parameters at the application
layer, a joint classification methodology that considers video
characteristics, codec-dependent priority classes and wireless
channel resources for cross-layer optimization has not yet been
designed.

C. Contributions and Outline of This Paper

The main contribution of this paper is the classification-based
system to determine the optimal cross-layer strategy for wireless
video transmission. We formulate the problem of maximizing
the utility (video quality under delay and rate constraints) for
cross-layer optimization as a standard classification problem.
We then examine two different classification strategies: based
on minimizing the probability of misclassification, and mini-
mizing the cost of misclassification (in terms of distortion). We
compare the proposed system for joint MAC-application layer
optimization against existing ad-hoc and optimal (exhaustive)
cross-layer strategies for different video sequences, encoding
parameters and channel conditions.

The paper is organized as follows. We describe our proposed
classification based cross-layer optimization in Section II. In
Section III, we validate the proposed cross-layer system under
different scenarios. Our conclusions are summarized in Sec-
tion IV.

II. PROPOSED CLASSIFICATION-BASED CROSS-LAYER
OPTIMIZATION

We first focus on determining the optimal MAC retry limit
for each video packet given the maximum available bit-rate
(Rmax), the maximum tolerable delay Delayy,.x and the ex-
perienced bit error rate (P, ). The proposed classification-based
wireless video transmission system is depicted in Fig. 1. It
consists of an offline training module followed by online pro-
cessing. The former includes modules for class definition and
classifier learning, and the latter mainly involves classification
and real-time cross-layer strategy prediction for video packets.
The major steps in the approach are as follows.

Step 1) Generate ground truth (offline). We first collect a set
of packets from a variety of video sequences under different
representative channel conditions and identify the entire set of
cross-layer strategies available at the wireless station. For each
packet in this training set and collection of encoding parameters,
we extract the compressed-domain content features (CF) and
packet types (PT) determined based on the specific encoder con-
figuration/parameter set. Our feature sets also include the wire-
less channel conditions (WCC)—R,,,.x2 and P.. Subsequently,
the optimal strategy S°P! resulting in the best quality for the dif-
ferent training sequences, packet types and channel conditions
is determined using dynamic programming (see Section II-A2).

Step 2) Train Classifier (offline). The key is to determine, for
each packet j, a mapping from the composite feature vector f ()
to class label [;, corresponding to a specific optimal strategy

2R max can be determined based on both the video encoding rate, delay con-
straint and the PHY rate used for transmission (determined based on the modu-
lation strategy, etc.) [9], [10].
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Fig. 1. Classification-based cross-layer system for wireless video.

S°Pt During training, supervised clustering methods (see Sec-
tion II-C for details) are used to map the composite features to
the corresponding class label. We examine two different classi-
fication strategies aimed at minimizing the probability of mis-
classification, and minimizing the cost of misclassification (in
terms of video distortion), respectively.

Step 3) Real-time strategy selection based on classification.
The optimal strategy S°P* for a sequence of incoming video
packets given the instantaneous wireless channel conditions/
characteristics can be then determined, by the trained classifier,
on a packet-by-packet basis using the composite feature vectors.
The selected strategy is used to determine the optimized param-
eters and configurations of the wireless multimedia system.

The various steps outlined above are described in more detail
in the subsequent sections.

A. Ground Truth Generation

Although the concepts proposed in this paper can potentially
be deployed with state-of-the-art nonscalable coding solutions
[23], [24], this usually entails smaller granularity for real-time
packet prioritization and adaptive retransmissions. Scalable
video coders provide graceful degradation and adaptability to
a large range of wireless channel conditions and power con-
straints. Hence, we deploy a recently-proposed t 4+ 2D scalable
video codec based on Motion Compensated Temporal Filtering
(MCTF) [15], [16] and block-based content adaptive arithmetic
coding similar to that of JPEG-2000 [26].

In typical MCTF-based video compression, rate allocation
for the scalable bitstream is performed independently per GOP.
During ground truth generation, we fix the encoding parame-
ters: we set both spatial and temporal levels to 4 for GOPs of 16
frames. Each spatio-temporal subband (or group of subbands)3
is partitioned into independently decodable units, which are en-
coded in a rate scalable manner. Hence, the bitstream consists
of multiple quality layers (corresponding to different decoding
bit-rates) for each decoding unit. The codec performs an R-D
optimization to determine the bit allocation for each layer of a

3In this paper, we constrain each decoding unit to contain data from precisely
one frame and one spatial resolution.

decoding unit, based on its distortion impact. After the R-D op-
timization, Rg,b bits are assigned to decoding unit b of subband
s at layer q. For instance, if during the encoding we specify four
possible transmission bit-rates, the codec creates four layers for
each decoding unit. When the video is transmitted at the lowest
bit-rate, only the lowest layer from each decoding unit is trans-
mitted, while at the highest bit-rate, all layers of each decoding
unit are sent. We packetize the bitstream separately for each
transmission bit-rate by grouping together all bits required to
transmit a decoding unit at this target bit-rate (i.e., we aggregate
the layers corresponding to the target bit-rate). Subsequently,
multiple decoding units are packetized together into packets of
maximum size 500 bytes.4

We label the size of packet j as L(j) and the corresponding
distortions based on whether a packet was received or lost as
DQuant () and D'*3(5), respectively. To determine the distor-
tion due to packet j at the target bit-rate (i.e., DQU(5)), we
can decode other video packets within a GOP losslessly except
for decoding units within packet 7, which we decode at the target
bit-rate.5 Consequently, D@"*"( ) represents the total distor-
tion impact of packet j across all the decoded frames within a
GOP (i.e., it includes the distortion propagation across the tem-
poral decomposition tree). Similarly, to compute D"*3(5), we
can decode all other video packets within a GOP losslessly, ex-
cept for packet j, which we discard. The resulting distortion,
which is independent of the transmission bit-rate, corresponds
to Dl 0ss ( ]) .

In a real transmission scenario, the expected total distortion
D(m, j) due to packet 5, given a retry limit 1m, depends on both
the D@uant(j) and D'°%(5) values of that packet:

D(m, ) = Psuee(m, j) D" (j) + Prair(m, 5) D' (j)
(©)

4To preserve the spatio—temporal scalability, we do not packetize decoding
units from different subbands in the same packet. Note, however, that other
packetization strategies could also be deployed exhibiting other merits for the
cross-layer optimization problem, but they are beyond the scope of this paper.

5The deployed wavelet codec determines the distortion impact of each quality
layer for each decoding unit in order to solve the rate allocation problem during
encoding. The packet loss and quantization distortions may be computed from
these distortions in real time.



VAN DER SCHAAR et al.: CLASSIFICATION-BASED SYSTEM 1085
TABLE I
PERCENTAGE OF PACKETS ASSIGNED A SPECIFIC RETRY LIMIT S°P* FOR THE MOBILE SEQUENCE
Ropm—512kps Ron—1024kps

m | P=1%| P,=3% | P,=5% | P,=10% | P,=1% | P,=3% | P,=5% | P,=10%

5 897% | 13.21% | 17.88% | 21.81% | 4.98% | 8.12% | 12.87% | 16.12%

1 50.5% | 51.51% | 62.34% | 62.37% | 31.8% | 43.05% | 45.92% | 47.47%

0 3532% | 29.12% | 12.67% | 7.32% | 55.1% | 38.61% | 30.1% | 23.12%

Discard | 5.21% | 6.16% | 7.11% 8.5% 8.12% | 10.22% | 11.11% | 13.29%

where Pgycc(mn, j) is the probability of successfully receiving  where
the packet and Pyq(m, j) is the probability of losing the packet . N
(Psuce(m,j) + Prair(m,j) = 1). Hence, quality-resilience F — {mj; if packet j is added to the MAC buffer @)
tradeoffs need to be considered when determining the distor- ! 0;  if packet j is discarded at APP layer

tion-optimal cross-layer strategy. In this paper, we determine the
optimal retry limit 7°P*(j) for packet j based on minimizing the
total expected distortion.

In delay-sensitive wireless video applications, there are two
reasons for packet loss: link packet erasure— P,,.,-,,-, and missed
transmission deadlines (i.e., due to incurred delay)—Plgciqy- In
our analysis we make the following assumption: packets that
miss their transmission deadline are discarded at the application
layer. Hence, the overall packet loss rate may be written as

Pfail(m7j) = Perror(’”’f;j) (1 - Pdelay(m7j>>+Pdelay(m7j)'

“)

If we assume that the wireless link is a memoryless packet

erasure channel [2], [4], such that the packets are dropped in-

dependently,® we can compute the link packet erasure rate for
packet 7 with retry limit m as

m-+1
Perror(m, j) = 1= 3" Pt (1= Pry)) = Prctt. )

n=1

where Pp;y = 1—(1—P.)P), L(j) is the size in bits of packet
7 and P, is the bit error probability controlled by the physical
layer, based on the channel SNR, channel coding and modula-
tion strategy used, etc. Note that while the PHY parameters are
not explicitly considered in our classification-based cross-layer
optimization, we assume that link adaptation mechanisms such
as those discussed in [10], [12] and currently implemented in
the wireless cards are deployed in our system. Hence, the P, and
PHY layer rate Rateppy were determined in our optimization
assuming that link adaptation was performed per packet. Once
a packet is added to the MAC layer buffer, the mean number of
transmissions for it equals:

mj = thial) (1 — PL(])) + (m + 1)sz]) (6)
t=1

Given the PHY rate Ratepgy (j), the average time to
transmit a packet j is given by

) ) . L(j
Timeasg (s 1) =ty (s

+ Time 7
Ratepmy (j) O> @

6In [36] it was shown that the Gilbert—Elliot model for bit-errors in wire-
less channels generates packet loss patterns that are statistically similar (within
~0.4%) to naive independent bit-by-bit simulations. Using this argument we
translate the independent loss model to an independent packet loss probability
and generate results using one Bernoulli experiment per packet. This also re-
duces the computational complexity of our experiments significantly (a factor
of 100).

and T'ime is the timing overhead spent, which can be approx-
imated based on [31] and [32] and includes the time of waiting
for acknowledgements, duration of empty slots, expected
backoff delays, etc.

Since packets are transmitted sequentially, in order to de-
termine whether a packet violates its delay constraint, we
need to consider the expected time taken by all packets trans-
mitted before it. Since each packet takes (on average) time
Timeavg(mj,j) to be transmitted, the delay constraint for
packet k is not violated if

k
Z Timeapg(mj,j) < Deadline(k) )

=1

where Deadline(k) is the time deadline for the kth packet in
order for it to be decoded and displayed.” The Deadline(k) is
determined based on the coding dependencies between frames
(and thus, the encoding structure and parameters) and it also in-
cludes the maximum tolerable delay Delayy,ax. If the condition
in (9) is not violated, Pyeiay(m;, ) is 0, otherwise it is 1.

The cross-layer optimization, aimed at determining jointly
the optimal retry limits for each packet j—71"°Pt(j)—is solved
offline, using dynamic programming. Dynamic programming
is used to efficiently examine all possible combinations of re-
transmission limits (selected from a set of possible values) and
packet discards at the application layer, and to determine the
selection that minimizes the overall expected distortion. Note
that the complexity associated with exhaustively determining
the optimal cross-layer strategy is high. In the proposed clas-
sification based system, these optimizations are performed only
offline and the resulting decisions are used as ground truth for
our real-time classification system.

Tables I and II show the obtained optimal retry limits as-
signed to packets under different channel conditions. While the
actual packet loss probability varies per packet (based on its
length), we define an equivalent Py, to represent the underlying
channel conditions, where Py, is computed from P, assuming a
packet size of 500 bytes. In the experiment below, for illustra-
tion simplicity, only a retry limit of 0, 1, or 5 could be selected
for each packet. The maximum value (in this case 5) can be
determined based on the maximum tolerable delay Delaymax

"During the offline dynamic programming based optimization (for classifier
training), expected transmission times were used. At run-time, a packet is dis-
carded only if its actual (not expected) deadline has passed.
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TABLE II
PERCENTAGE OF PACKETS ASSIGNED A SPECIFIC RETRY LIMIT .S°P* FOR THE FOREMAN SEQUENCE

Rpax=512kps Rnax=1024kps
m B=1% | =3%| P,=5% | P,=10% | P,=1% | P,=3% | P,=5% | P,=10%
5 10.34% | 12.43% | 15.78% | 20.12% | 6.44% | 9.47% | 12.88% | 17.42%
1 28.8% | 42.99% | 46.98% | 48.89% | 13.86% | 27.5% | 33.56% | 56.97%
0 55.71% | 37.37% | 29.13% | 20.18% | 71.74% | 51.67% | 42.19% | 13.11%
Discard | 5.15% | 7.21% | 8.12% | 10.81% | 7.95% | 11.36% | 11.36% | 12.5%
—6— 1% packet loss
L —&- 3% packet loss
h —#— 5% packet loss
10% packet loss []
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Fig. 2. Average retry limit for different packet types (Foreman sequence at 1024 kps).

[19]. The results show that S°P¢ depends on the sequence char-
acteristics (Mobile and Foreman sequences have different re-
sults), and channel-dependent parameters P;, and R,,,. Con-
sequently, these features are part of our classification system.

B. Feature Selection

For video packet j, we need to identify a feature vector £(5)
that can predict the optimal decision with low complexity (i.e.,
with features that can be easily computed/extracted at run-time).
The wireless channel condition (WCC) features P. (equiva-
lently Pr) and R,,.x can be determined in real-time based on
information that can be easily extracted from the wireless card
driver. For example, the transmitter can use the received signal
strength indicator (RSSI) of previously received MAC acknowl-
edgement frames, as well as MAC acknowledgement reports
to determine these features [10], [33]. Among content features
(CF) we select the packet energy, which may be used to distin-
guish among sequences with different levels of spatio-temporal
detail. The energy for packet j is calculated by summing up the
squared wavelet coefficients coe f f belonging to the packet

By =Y (coeff(i)*

€W

(10)

where W is the set of decoded coefficients (collected from all
the decoding units within the packet) belonging to packet j. At
encoding time, the energy of each decoding unit is computed
for the various quality layers. During transmission, we compute
the packet energy simply by aggregating the relevant energies
corresponding to the target bit-rate.

The codec-specific (PT) features include the spatial and tem-
poral level of the data in packet. This is because packets be-
longing to distinct spatio-temporal bands have a different impact
on the overall distortion and require different protection (retry
limits). Fig. 2 depicts the average retry limit for various packets
(computed using dynamic programming) belonging to different
spatio—temporal levels.

As expected, the retry limit of the packet decreases with in-
creasing spatio—temporal level. Most ad-hoc cross-layer strate-
gies are based on this simple classification criterion for selecting
the retry limit, i.e., the spatio—temporal level (or frame-type
for conventional video coders). However, these schemes do not
use either the content characteristics, or the channel conditions,
which directly impact the optimal retry limit. In order to test the
suitability of the CF and PT features,8 we compute the correla-
tion coefficient between them and the optimal decision sequence
(i.e., the choice of optimal retry limit per packet). If feature ¢
from packet j is called f;(j) and the optimal retry limit (deci-
sion) for this packet is T°P*(5), then the correlation coefficient
between the feature sequence and the decision sequence may be
defined as

Y

where Np is the number of packets in the GOP.

8We exclude the WCC features as they are common to all the packets.
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TABLE III
MoBILE: CORRELATION COEFFICIENTS p;

Rpax= S12kps Rpax= 1024kps
Features P=1% | B=3% | n=5% | B=10% | B=1% | B=3%| B=5%| A,=10%
Packet energy 0.79 0.82 0.82 0.83 0.75 0.80 0.81 0.81
Temporal level 0.76 0.86 0.90 0.93 0.72 0.82 0.85 0.89
Spatial Level 0.62 0.73 0.75 0.80 0.60 0.67 0.73 0.76
TABLE IV
PAIR-WISE MI FOR THE CHOSEN FEATURE SET
Packet energy | Temporal level | Spatial level Rinax P
Packet energy 34 1.37 1.34 13 1.19
Temporal level 1.37 1.90 0.07 0.03 0
Spatial level 1.34 0.07 2.12 0.01 0
Rpax 1.30 0.03 0.01 1.57 0
P 1.19 0 0 0 2
TABLE V
ACCURACY OF THE CLASSIFIER BASED ON SINGLE FEATURE
Packet energy | Temporal level | Spatial level B, Rinax
Percentage of accuracy 52% 58% 48% 52% 48%

Table III shows the correlation coefficients for these different
features with the optimal retry limit, for the Mobile sequence.
Similar results were obtained for other video sequences. The
large values (close to 1) of the coefficients p; in Table III show
that for given channel conditions, the selected features are well
correlated with the optimal decision sequence.

In order to examine the redundancy in our feature set, we
compute the mutual information® (MI) between pairs of features
and present these results in Table IV. We can see from Table IV
that while there is some redundancy among the features, espe-
cially between packet energy and the rest of the features, each
feature contains nonredundant information (for a majority of
cases, the MI is significantly lower than the feature entropy).
Allied with this is the fact that none of these features are com-
putationally complex to determine, and hence we use the com-
plete set of features in our system.

Finally, in order to validate these features for the actual clas-
sification task, we also examine the classifier performance with
each of these individual features. Table V shows the classifier
accuracy results with each individual feature.

The temporal level feature leads to the best classification
performance, while the video rate and the spatial level have
the worst classification performance. We use this knowledge to
design an ad-hoc strategy (similar to that used in [4], [8] but for
different video coders) to determine the packet retransmission
limits. We will discuss this in more detail in the Section III.
Finally, as we use these features jointly, the classifier accuracy
increases to ~83%. While additional features can be used
(e.g., the motion vectors, available bits per frame, number of
bit-planes per frame at various bit-rates, etc.), these will in-
crease the complexity of the real-time system with only limited
possible improvement in the classification performance (see
the results section).

9The MI between two random variables X and Y with distributions
p(2) and p(y) and joint distribution p(x,y) is defined as MI(X,Y) =
>, 2, p(@,y)log(p(z, y)/p()p(y)).

Summarizing, the feature extraction step needs to be kept at
a low complexity, because it is also performed online. Conse-
quently, we select content and encoder specific features that are
already computed during the encoding process (i.e., no addi-
tional complexity is needed for feature extraction). These fea-
tures can be prestored in metadata files together with the video
bitstreams. Hence, at transmission time, only the channel fea-
tures need to be determined based on the RSSI and MAC ac-
knowledgement frames. These values can readily be accessed
from device drivers of existing wireless cards (see, e.g., Intel
PRO/Wireless 2915 ABG Network Connection and Intel PRO/
Wireless 2200 BG Network Connection mini PCI adapters).

C. Classifier Design

The cross-layer optimization problem involves assigning a
retry limit to each packet such that the expected overall decoded
distortion is jointly minimized. Let us assume that we have M
available retry limits {X1,... X/} (i.e., an M-class classifi-
cation problem), and V; packets in our training set. From the
data within each packet j, we extract an F'-dimensional feature
vector f() € RY (in our case F' = 5). We provide the classifier
with feature vectors f(j), 1 < j < N, and the associated op-
timal retry limit 7°P*(5) € {X7,... X} for each packet. The
classifier then partitions the feature space R into M nonover-
lapping regions G1, ... Gy, with region G; associated with a
unique optimal retry limit X;, such that the error in classifica-
tion (i.e., probability of misclassification) on the training data is
minimized. This may be written as

[1-B(£() € GIT7"() = X)) (12)

= arg min E
Gl,...G]u j=1

where B(f(j) € G;|T°P'(j) = X;) is a binary-valued function
that takes value 1 when vector () is correctly classified, i.e., if
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f(4), with optimal retry 7°P*(j)(= X;) is inside region G;, and
zero otherwise. In the remainder of this paper, we refer to this
classification method as classification algorithm 1 (“classif _1”).
While minimizing the previously defined classification error,
the classifier views all feature vectors in the training set equiva-
lently. However, in reality, the feature vectors do have different
importance because misclassifying different feature vectors can
lead to different penalties in the total distortion. Clearly, some
packets have a higher impact on distortion, e.g., packets be-
longing to the temporal low-pass subbands are likely to impact
the total decoded distortion more than packets belonging to the
temporal high-pass subbands. Since we want to finally minimize
the decoded distortion, we need to modify the classifier to take
the distortion impact into account. Let the importance of packet
J with feature vector f() be determined by the cost of misclas-
sifying it C(7)(> 0). We will discuss this cost in more detail
later. Then, the classifier design problem may be written as

{G1,..., Gy}
Ny
= arg min C(j) [1—B (f(j) € G,L-|T°pt(j):Xi)] (13)
Gl,...G]u j:l
or, alternatively, as
{Gl,...,GM}"pt
N C()
=argmin » > [1-B(f(j) € Gi|T"(j)=X;)]. (14)
G1,..Gu %
’ 7=1 k=1

Equation (14) has the same form as the optimization problem
in (12) where instead of providing the classifier with vector
f(j), we provide it vector f(j) repeated C(j) times.10 Hence,
by modifying the training set in such a manner, we can use the
minimized-classification-error classifier to minimize the cost of
misclassification. In the remainder of this paper, we label this
minimization of cost (distortion-based) classification method as
classification algorithm 2 (“classif_2”).

The cost of misclassification C'(j) in our cross-layer problem
needs to be defined in terms of the increase in distortion when
packet j is assigned the wrong retry limit. From Section II-A2,
we know that if packet j is assigned a retry limit X;, then the
expected distortion due to this packet is

D(X7,J) = Pﬂm(‘(Xi?j)DQuant(j> + me'/l(Xi?j)DIOSS(j)'

15)

Furthermore, this retry limit X; affects the retry limit of the

subsequent packets within the GOP and, hence, the expected

resulting cumulative distortion (assuming that all the subsequent

packets are assigned their optimal retry limits, given that this
packet was assigned a retry limit X;) may be computed as

Deum(Xi, j) = D(Xi,5) + Z D (T°'(K)|T(j) = X, k)

k=j+1
(16)

10In general it is not necessary that all the costs C(j) are integers, however
without loss of generality we can scale them appropriately to make them inte-
gers.
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where N, is the number of packets in the GOP and
D(T°P'(k)|T(j) = X;, k) is the expected distortion due
the packet k(k > j) in the GOP incurred due to selecting the
retry limit X; for packet 5. Hence, for each available retry limit
X, that we assign to packet j, we can compute the expected
cumulative distortion resulting from this choice. The optimal
strategy selects T°P*(4§) by minimizing such a cumulative
distortion. Hence,

T°P!(j) = arg min (Ecum(Xi,j)) . 17
X;

When instead of this optimal retry limit, we assign the packet
a different retry limit X the corresponding increase in dis-
tortion incurred is (D eym (X, 5) — Dewm(T°PH(4),5)) > 0.
Hence, the total cost C(j) of misclassifying the packet, in terms

of distortion may be computed as

M

>

k=1
X ATOPL(5)

C(J) = (ﬁcum(lej) - ﬁcum (Topt(J)/J)) .
(18)

We use the above cost while training the classifier in the
scheme “classif 2”.

We adopted a supervised nonparametric classification
technique using support vector machines (SVM) [20]-[22],
[28]-[30] for our classifier. SVM is a method for partitioning
the feature space using an optimal hyperplane and has sev-
eral advantages for our classification problem. Firstly, SVMs
minimize structural risk, i.e., the probability of misclassifying
a previously unseen data point drawn randomly from a fixed
but unknown probability function. Secondly, it is known that
SVMs outperform most other classifiers when the training
data set is limited, and hence we can train the classifier with a
small amount of training data and still expect reasonable per-
formance. Finally, an SVM can deal with nonlinearly separable
clusters in the F' dimensional feature space, as it provides a
nonlinear function approximation by mapping the input vectors
into higher dimensional spaces and partitioning these using
special hyperplanes. Note though that an issue of concern is
that the optimization technique associated with SVM training
requires a considerable amount of computation. However, since
training is performed offline, prior to the real-time transmission
stage, this does not affect the real-time performance of the
proposed system.

D. Real-Time Classification

After the classifier has been trained, we deploy it for the
real-time determination of the retransmission limit. This deci-
sion is made packet by packet, based on its computed feature
vector. Additionally, we can refine the obtained retransmission
limits (using the classifier) such that packets are not transmitted
beyond their deadline, since the wireless card driver can provide
timely access to the actual time taken for the packet transmis-
sion. In particular, if the retransmission limit for packet j deter-
mined by the classifier is 7°°/***(j), the current time (measured
based on the actual packet transmission so far) is T'sme 4.¢, and
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Fig. 3. Results of optimal versus classification-based cross-layer optimizations: Foreman.
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Fig. 4. Results of optimal versus classification-based cross-layer optimizations: Mobile.

the packet deadline is Deadline(j), we may tune the retrans-
mission limit as

L()
Rateppgy

Tonline (j) —min <Tclass (j) \‘Dea’dhne(j) — szeACtJ )

+ Tvmeo

(19)
where | o] is the floor operation. In (19), we compute the number
of maximum transmission possible for the packet (based on the
actual elapsed time, and the packet deadline), and use the min()
operation to ensure that packets are not transmitted beyond their
deadline.

III. SIMULATION RESULTS

A. Training Data and Classifier Performance

Our training data set includes five GOPs each from the
Foreman and Mobile sequences at CIF (352 x 288) resolution
and 30 frames/s. Each GOP has 16 frames, which were decom-
posed into four spatial and four temporal levels. We packetize
these GOPs into packets of maximum size 500 bytes, ensuring
that data from different subbands is not included in one packet.
We consider three different bit-rates, 512 kps, 768 kps and 1024
kps and four different channel conditions, corresponding (after
the link adaptation) to an equivalent Py, of 1%, 3%, 5%, and
10%. We use a five-dimensional feature vector with the content
and channel features as described in Section II-B. The encoding
delays are ignored and the maximum tolerable delay Delaymax

was set to 200 ms. This limits the choice of the maximum re-
transmission limit possible to five. With this configuration, we
have a total of ~ 26 000 training feature vectors. We compute
the optimal decision for each feature vector exhaustively, using
the expected transmission times, and the expected distortion
impact. We then use the SVM to partition this feature space
into five distinct classes corresponding to retransmission limits
of {5,2,1,0, Discard}, where the Discard-class corresponds
to dropping (not transmitting) the packet at the sender side.
On the training data set, the proportion of correctly classified
feature vectors is 87% for scheme classif I and 93% for
scheme classif_2. Of the 13% misclassified feature vectors (for
classif_I) a majority of the misclassifications (~80%) result
in the selection of lower retransmission limits than the optimal
solution, and we observe a similar trend for classif 2.

B. Evaluation Against Optimal Strategies—Decoded PSNR

Figs. 3 and 4 show the resulting decoded PSNR for a test
set comprising five GOPs (not included in the training set)
from Foreman and Mobile. We compare classif_I and classif 2
against the optimal solution (labeled “exhaustive) obtained by
dynamic programming as discussed in Section II-A2. These
results correspond to the PSNR averaged across ten runs having
the same Pr, but different packet loss patterns.

For the Foreman sequence, classif _I has an accuracy of 83%
and classif_2 has accuracy 91% on the test data set. Classif 2
performs worse than the exhaustive strategy by at most 0.3 dB,
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which indicates that classification based algorithms can ap-
proach the performance of complex exhaustive algorithms (that
are optimal in terms of minimizing the expected distortion).
Finally, the PSNR results of classif 2 are up to 0.6 dB better
than those of classif_I.

C. Evaluation Against Ad-hoc Strategies—Decoded PSNR

We also compare these schemes against the ad-hoc protec-
tion strategies typically used in wireless multimedia streaming
systems. We first compare against an ad-hoc scheme for equal
error protection (EEP), which corresponds to the case where no
classification is used, and all packets have a fixed retry limit
of two. Subsequently, we also compared our proposed cross-
layer system performance against an a priori determined un-
equal error protection (UEP) scheme, that assigns different retry
limits based on the temporal level that the packet belongs to (the
most accurate feature as determined in Table IV). As our test set,
we used five new GOPs from Foreman and Mobile that were not
part of the training set, and present the average PSNR in Figs. 5
and 6.

Clearly, the EEP has the worst performance while classifi-
cation-based schemes achieve the highest PSNR performance.
The improvements achieved by the classification-based
schemes are higher at higher packet loss rates and bit-rates,
where a judicious allocation of the redundancy/protection has

a large impact on the distortion. At packet loss rates of 10%,
classif_I outperforms the UEP scheme by ~0.5-0.7 dB, and
classif_2 outperforms UEP by ~1.2 dB. Since the performance
of the UEP scheme (that is similar to the classification scheme,
but uses only one feature) is close to the classification-based
schemes at lower loss rates, we can further reduce the com-
plexity of our schemes by using UEP when the packet loss rate
is lower than 5%, and employ the full classifiers only at higher
loss rates.

D. Training Test Mismatch

Next, in order to examine the performance of our schemes
under train-test mismatch, we show results on data significantly
different from the training set, in terms of: content characteris-
tics; channel characteristics; encoder parameters and settings.

» Content Characteristics Mismatch

We present results on five GOPs of the Football and
Flowergarden sequences, with our classifier trained on the
Foreman and Mobile sequences in Figs. 7 and 8.

It is clear from these results that our PSNR results for
Foreman and Mobile also extend to the Flowergarden and
Football sequences, even though no data from these se-
quences was used to train the classifier (the actual clas-
sifier accuracy drops to 79% for classif I and 89% for
classif 2). This shows that the classifier can be trained
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Fig. 9. Channel parameters mismatch: Foreman.

with a small representative set of data and be used on a
much wider set without significant loss of performance. It
must be mentioned that the performance of the classifica-
tion-based schemes can be further improved through on-
line learning, where the classifier is tuned in real-time to
the specific characteristics of the test sequence.

Channel Parameters Mismatch

To assess the efficiency of the proposed scheme when the
channel parameters at transmission time do not match the
range of loss-rates and bit-rates used during training, we
present a new set of results. Specifically, we use training

data from the Foreman and Mobile sequences at only 512
kps and 1024 kps and at Pr corresponding to 3% and
10%. We present results at packet loss rates and bit-rates
both within these ranges as well as outside these ranges.
We show results for five GOPs (that were not part of
the training set) from the Foreman and Flowergarden
sequences (to show the variation in performance when we
use sequences with different levels of similarity with the
training set) in Figs. 9 and 10.

We can see from these results that the classification-based
schemes continue to outperform the UEP even when a
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severe mismatch occurs between the training and testing
channel conditions. However, the improvements over UEP
decrease from ~1 dB (in experiments with no channel
train-test mismatch) to ~0.5 dB. Again, this is signifi-
cant, as we can train the classifiers at only a small set
of channel conditions without sacrificing the performance
significantly. Online learning can also help in this case to
improve the performance of the cross-layer optimization in
real-time, if a significant mismatch is detected. Of course,
as the number of training points increases, the performance
of the classification based schemes will also increase. In
order to highlight this, in Fig. 11, we additionally show the
performance (for the Football sequence) that can be ob-
tained by classif 2, if the training set (using Foreman and
Flowergarden) also included additional packet-loss rates
(1%, 3%, 5%, 10%) and bit-rates (512 kps, 768 kps and
1024 kps). To illustrate this point, we superimpose these
results on the results obtained with the limited training set.
Classif_2 (full) corresponds to the results of classif_2 with
the expanded training set, and we can see that these results
are better than using the reduced set. The improvements
over the UEP scheme are around 1 dB. An interesting ob-
servation is that the UEP results approach the results of the
classification based strategies at a packet loss rate of 15%
(especially at 1536 Kbps). This is because the packet loss
rate is so high that the classifier can have only a limited im-
pact over the ad-hoc UEP, as most packets are discarded,

and only the most important packets (that are indicated by
the temporal level) are assigned a nonzero retry limit.
Encoding Parameter Mismatch

Finally, we also consider encoding parameter train-test
mismatch. In particular, for training we used Foreman and
Mobile sequences with a GOP of 16 frames with four tem-
poral decomposition levels, and we test the performance
on sequences with GOPs of eight and 32 frames, corre-
sponding to three and five temporal levels, respectively.
Figs. 12 and 13 show the resulting PSNR performance. We
plotted the results for 10% packet-loss rates only, where
the importance of selecting the right cross-layer strate-
gies is essential in terms of distortion impact. Changing
the GOP structure clearly affects our most important
feature, i.e., the (number of) temporal levels. However,
since we order the temporal levels in decreasing order of
importance, our classifier based schemes automatically
adjust to a different number of temporal levels/frames by
grouping together frames from less important levels. The
experiments were performed for data from Foreman and
Flowergarden with a GOP structure of 32 frames (Fig. 12)
and eight frames (Fig. 13), respectively.

The results indicate that the proposed classification solu-
tion maintains its performance even if the high-level en-
coding parameters (GOP structure) change. We are inves-
tigating the impact of mismatches in other encoding pa-
rameters as a direction for future research.
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E. Validation Experiments Using Real Wireless Channel
Conditions

We validate the efficiency of the proposed classifica-
tion-based system using our wireless streaming test-bed. (The
used test-bed was described partially in [9]). In this way, we
can assess the efficiency of our system under real wireless
channel conditions and link adaptation mechanisms currently
deployed in state-of-the-art 802.11 a/g wireless cards. Link
adaptation selects one appropriate physical-layer mode (mod-
ulation and channel coding) depending on the link condition,
in order to continuously maximize the experienced goodput
[9], [33]. We captured the packet-loss pattern under different
channel conditions (described here by the link SNR) using our
wireless streaming test-bed. We compare the performance of
our proposed classification-based cross-layer strategy against
the optimal exhaustive strategy for these real wireless channel
traces in Table VI. The results demonstrate that under varying
SNR, the proposed cross-layer mechanism leads to a decrease
in PSNR of ~0.7 dB as compared with the optimal strategy.
The obtained classification-based results outperformed by 3-5
dB current ad-hoc retransmission strategies available in the
wireless card. Similar results were observed for a variety of
alternative sequences and transmission scenarios.

E. Validation Experiments for Alternative Video Codec

To further assess the performance of the proposed classifi-
cation based scheme, we compare its performance against the
exhaustive optimal cross-layer approach for a different video
coding scheme. Specifically, we use the scalable MCTF-based
video coding scheme [36], which is based on 2D + ¢ rather than
tt+ 2D spatio—temporal decomposition structures (see [16] for
a summary of the key differences between 2D + ¢t and ¢ + 2D
wavelet video coding structures). The alternative scheme uses
significantly different motion-estimation, compensation (the es-
timation and MCTF are performed in the overcomplete wavelet
domain rather than in the spatial domain like in the original
coder used) and, importantly, packetization and entropy coding
techniques. However, the GOP and temporal prediction struc-
ture was kept similar with that of the original ¢ + 2D coder in
order to preserve similar delay deadlines for the various frames.
Importantly, to highlight the robustness and efficiency of the
proposed cross-layer strategy, we used the same classification
scheme and existing classes of the original video coder. Also,
the features we use for our classifier may be easily computed
for this new codec as well.

The results shown Table VII highlight that the proposed clas-
sification-based scheme is competitive as compared with the op-
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TABLE VI
DECODED PSNR FOR REAL WIRELESS PACKET LOSS TRACES
Measured channel Foreman PSNR (dB) Mobile PSNR (dB)
SNR Classification | Exhaustive | Classification | Exhaustive

Poor channel conditions 33.81 34.29 26.31 26.50
(12-15dB)

Average channel conditions 35.90 36.06 28.48 29.26
(15-20dB)

Very good channel conditions 38.64 38.66 31.82 32.01
(20-25dB)

TABLE VII for such widely used coders. Finally, alternative techniques for

PERFORMANCE COMPARISON BETWEEN OPTIMAL AND CLASSIFICATION-BASED
CROSS-LAYER STRATEGIES FOR AN ALTERNATIVE VIDEO CODER

Packet- Foreman Mobile

loss rate Classification | Exhaustive | Classification | Exhaustive
3% 37.25 38.09 28.90 28.93
5% 36.29 37.08 28.35 28.60
10% 30.38 31.36 22.54 23.03

timal approach (within 1 dB) for a variety of sequences and
packet-loss rates. The average packet-size was 500 bytes, and
the transmission rate was 1024 Kbps in these experiments. This
is important, since it shows that different video coders deploying
similar prediction structures and prioritization algorithms can
use the same classification engine for cross-layer optimization.

IV. CONCLUSIONS AND FUTURE RESEARCH

In this paper, we address the problem of cross-layer optimiza-
tion for wireless video in real-time, using a classification-based
framework. In this framework, instead of using complex dy-
namic programming or ad-hoc solutions, a learning based
approach is applied, where content, coder-specific and channel
features are used to efficiently predict the optimal cross-layer
strategy. Specifically, we investigate the cross-layer problem
of assigning optimal MAC retry limits for video transmission
under delay constraints. The deployed features are easily ex-
tracted (from available metadata) or determined in real-time.
Our results indicate that the proposed classification methods
perform within 0.3 dB of the optimal solution, and outperform
ad-hoc approaches by ~1 dB. We observe that the performance
of our schemes does not degrade significantly with train-test
mismatches and can conclude that the designed classifier
schemes are robust. We further validate our results using real
wireless channel traces. Finally, we also investigate the exten-
sibility of our approach by presenting results with two different
scalable video coders.

There are several open issues requiring further exploration.
Firstly, though our framework is general and can be applied to
a variety of cross-layer optimizations, a comprehensive study
involving various strategies and parameters at different layers
of the OSI stack is needed for a completely optimized wireless
transmission system. Secondly, investigating the performance
of the proposed solution in conjunction with different nonscal-
able video coders such at MPEG-2 or H.264 is essential in order
to determine which set of features and parameters are adequate

classification, including neural nets, logistic regression, deci-
sion trees etc., need to be explored, especially in order to con-
sider dynamically varying systems where online tuning of the
classification-based strategies may be required. For instance, in
[34], the authors compare ten algorithms in terms of different
performance metrics such as threshold or ordering metrics as
well as probability metrics. These results can be used as a basis
for future research aimed at exploring efficiency-cost tradeoffs
for our proposed cross-layer classification system as they pro-
vide criteria of selecting the appropriate algorithm given the un-
derlying data characteristics, as well as the optimization goal.
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