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Multimedia—an integrated and interactive presentation of
speech, audio, video, graphics, and text—has become a major driving force behind a multitude of applications. Increasingly, multimedia content is being accessed by a large number of diverse users and clients at anytime, and from anywhere, across various communication channels such as the
Internet and wireless networks. As mobile cellular and wireless LAN networks are evolving to carry multimedia data,
an all-IP-based system akin to the Internet is likely to be
employed due to its cost eﬃciency, improved reliability, allowance of easy implementation of new services, independence of control and transport, and importantly, easy integration of multiple networks.
However, reliable transmission of multimedia over such
an integrated IP-based network poses many challenges. This
is not just due to the inherently lower transmission rates provided by these networks as compared with traditional delivery networks (e.g., ATM, cable networks, satellite), but also
due to associated problems such as congestion, competing

traﬃc, fading, interference, and mobility, all of which lead to
varying transmission capacity and losses.
Consequently, to achieve a high level of acceptability and
proliferation of networked multimedia, a solution for reliable
and eﬃcient transmission over IP and wireless networks is
required. Several key requirements need to be satisfied.
(1) Easy adaptability to rate variations since the available
transmission capacity may vary due to interference,
overlapping wireless LANs, competing traﬃc, mobility, multipath fading, and so forth.
(2) Robustness to data losses since depending on the channel condition, partial data losses may occur.
(3) Support for device scalability and user preferences since
various clients may be connected at diﬀerent data rates
and request transmissions that are optimized for their
respective connections and capabilities.
(4) Limited complexity implementations for mobile wireless devices.
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(5) Adaptation to the quality-of-service (QoS) provided by
the network.
(6) Eﬃcient end-to-end transmission over diﬀerent networks exhibiting various characteristics and QoS guarantees.
To address the above-mentioned requirements, innovative
solutions are needed for adaptive and error-resilient multimedia compression, error control, error protection and
concealment, multimedia streaming architectures, channel
models and channel estimation, packetization and scheduling, and so forth. Such solutions can best be developed by a
combination of theory, tools, and methods from the fields
of networking, signal processing, and computer engineering. This integrated and cross-disciplinary approach has led
to the advent of a new research wave in compression, joint
source-channel coding, and network-adaptive media delivery, and has motivated the emergence of novel compression
standards, transmission protocols, and networking solutions.
Recently, both the academic and industrial communities have realized the potential of such integrated solutions
for multimedia applications. Consequently, multimedia networking is evolving as one of the most active research areas.
Despite the significant research eﬀorts in this area, numerous problems related to the optimal design of source coding
schemes aimed at transmission over a variety of networks,
joint source-channel coding trade-oﬀs, and flexible multimedia architectures remain open.
This special issue is an attempt to cover a wide range of
topics under the broad multimedia networking umbrella by
publishing twelve papers reporting on recent results in the
above-mentioned research areas. The papers in this special
issue correspond to advances in five diﬀerent areas of multimedia networking:
(i) layered coding and transmission,
(ii) cost-eﬀective and complexity-scalable implementations,
(iii) eﬃcient end-to-end transmission using proxies,
(iv) quality of service,
(v) mechanisms for robust coding and transmission.
In the first area, Viéron et al., T. P.-C. Chen and T. Chen,
Wu et al., and Thie and Taubman dedicate four papers, respectively, to robust video transmission using layered coding,
covering various aspects such as joint source-channel coding, rate-shaping, and eﬃcient streaming strategies. In the
second area, Saponara et al. and Mietens et al. consider costeﬀective and complexity-scalable implementations of the different video compression standards employed for multimedia communication applications. In the third area, Pei and
Modestino, and Radha et al. consider the use of proxies for
improving the video quality when transmitted over multiplehop wireless or wired networks exhibiting diﬀerent channel
characteristics. In the fourth area, Song and Lee consider the
eﬀective mechanisms for QoS using renegotiating schemes
for streaming video. In the fifth area, Taal et al., Song and
Liu, and Jin et al. consider diﬀerent mechanisms for robust
video coding and transmission, such as source-channel rate
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allocation schemes, novel scheduling strategies for video distribution using parallel servers, and optimization of errorresilient video transmission using behavior models.
As this special issue illustrates, academic and industrial
research in multimedia networking is becoming increasingly
vibrant, and the field continues to pose new challenges that
will require innovative approaches. Potential solutions will
need to cross the boundaries between the fields of signal processing, networking, and computer engineering, and we believe that such cross-fertilization is likely to catalyze many interesting and relevant new research topics and applications.
Zixiang Xiong
Mihaela van der Schaar
Jie Chen
Eckehard Steinbach
C.-C. Jay Kuo
Ming-Ting Sun
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This paper introduces source-channel adaptive rate control (SARC), a new congestion control algorithm for layered video transmission in large multicast groups. In order to solve the well-known feedback implosion problem in large multicast groups, we
first present a mechanism for filtering RTCP receiver reports sent from receivers to the whole session. The proposed filtering
mechanism provides a classification of receivers according to a predefined similarity measure. An end-to-end source and FEC rate
control based on this distributed feedback aggregation mechanism coupled with a video layered coding system is then described.
The number of layers, their rate, and their levels of protection are adapted dynamically to aggregated feedbacks. The algorithms
have been validated with the NS2 network simulator.
Keywords and phrases: multicast, congestion control, layered video, aggregation, FGS.

1.

INTRODUCTION

Transmission of multimedia flows over multicast channels
is confronted with the receivers heterogeneity problem. In a
multicast topology (multicast delivery tree in the 1 → N case,
acyclic graph in the M → N case), network conditions such
as loss rate (LR) and queueing delays are not homogeneous
in the general case. Rather, there may be local congestions
aﬀecting downstream delivery of the video stream in some
branches of the topology. Hence, the diﬀerent receivers are
connected to the source via paths with varying delays, loss,
and bandwidth characteristics. Due to this potential heterogeneity, dynamic adaptation of multimedia flows over multicast channels, for optimized quality-of-service (QoS) of mul-

timedia sessions, faces challenging problems. The adaptation
of source and transmission parameters to the network state
often relies on the usage of feedback mechanisms. However,
the use of feedback schemes in large multicast trees faces the
potential problem of feedback implosion. This paper introduces source-channel adaptive rate control (SARC), a new
congestion control algorithm for layered video transmission
in large multicast groups. The first issue addressed here is
therefore the problem of aggregating heterogeneous reports
into a consistent view of the communication state. The second issue concerns the design of a source rate control mechanism that would allow a receiver to receive the source signal
with a quality commensurate with the bandwidth and loss
capacity of the path leading to it.

The SARC Protocol for Multicast Layered Video Transmission
Layered transmission has been proposed to cope with receivers heterogeneity [1, 2, 3]. In this approach, the source
is represented using a base layer (BL) and several successive
enhancement layers (EL) refining the quality of the source reconstruction. Each layer is transmitted over a separate multicast group, and receivers decide the number of groups to
join (or leave) according to the quality of their reception.
At the other side, the sender can decide the optimal number of layers and the encoding rate of each layer according
to the feedback sent by all receivers. A variety of multicast
schemes making use of layered coding for audio and video
communication have been proposed, some of which rely on
a multicast feedback scheme [3, 4]. Despite rate adaptation
to the network state, applications have to face the remaining packet losses. Error control schemes using forward error
correction (FEC) strongly reduce the impact of packet losses
[5, 6, 7]. In these schemes, redundant information are sent
along with the original information so that the lost data (or
at least part of it) can be recovered from the redundant information. Clearly, sending redundancy increases the probability of recovering the lost packets, but it also increases the
bandwidth requirements, and thus the LR of the multimedia
stream. Therefore, it is essential to couple the FEC scheme
to the rate control scheme in order to jointly determine the
transmission parameters (redundancy level, source coding
rate, type of FEC scheme, etc.) as a function of the state of
the multicast channel, to achieve the best subjective quality
at receivers. For such adaptive mechanisms, it is important
to have simple channel models that can be estimated in an
online manner.
The sender, in order to adapt the transmission parameters to the network state, does not need reports of each
receiver in the multicast group. It rather needs a partition of the receivers into homogeneous classes. Each layer
of the source can then be adapted to the characteristics of
one class or of a group of classes. Each class represents a
group of homogeneous receivers according to discriminative variables related to the received signal quality. The clustering mechanism used here follows the above principles.
A classification of receiver reports (RRs) is performed by
aggregation agents (AAs) organized into a hierarchy of local regions. The approach assumes the presence of AAs at
strategic positions within the network. The AAs classify receivers according to similar reception behaviors and filter
correspondingly the (real-time transport control protocol)
RTCP RRs. By classifying receivers, this mechanism solves
the feedback implosion problem and at the same time provides the sender with a compressed representation of the
receivers.
In the experiments reported in this paper, we consider
two pairs of discriminative variables in the clustering process:
the first one constituted of the LR and the goodput and the
second constituted of the LR and the throughput of a conformant TCP (transport control protocol) connection under
similar loss and round-trip time (RTT) conditions. We show
approaches in which receivers rate requests are only based on
the goodput measure risk leading to a severe subutilization of
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the network resources. To use a TCP throughput model, receivers have to estimate their RTT to the source first. In order
to do so, we use the algorithm described in [4] jointly with a
new application-defined RTCP packet, called probe RTT.
This distributed feedback aggregation mechanism is coupled with a video fine-grain scalable (FGS) layered coding
system to adapt dynamically the number of layers, the rate of
each layer, and its level of protection. Notice that the aggregation mechanism that has to be supported by the network
nodes remains generic and can be used for any type of media. The optimization is performed by the sender and takes
into account both the network aggregated state as well as the
rate-distortion characteristics of the source. The latter allows
to optimize the quality perceived by each receiver in the multicast tree.
The remainder of this paper is organized as follows.
Section 2 provides an overview of related research on multicast rate and congestion control. Section 3 sets the main
lines of SARC, our new hybrid sender/receiver driven rate
control based on a clustering algorithm. The protocol functions to be supported by the receivers and the receiver clustering mechanism governing the feedback aggregation are
described, respectively, in Sections 4 and 5. Section 6 describes the multilayer source and channel rate control and the
multi-layered MPEG-4 FGS source encoder [8, 9] that have
been used in the experiments. Finally, experimental results
obtained with the NS2 network simulator with various discriminative clustering variables (goodput, TCP-compatible
throughput), including the additional usage of FEC are discussed in Section 7.
2.

RELATED WORK

Related work in this area focuses on error, rate, and congestion control in multicast for multimedia applications. Layered coding is often proposed as a solution for rate control in video multicast applications over the Internet. Several
approaches—sender-driven [10], receiver-driven [11, 12], or
hybrid schemes [3, 13, 14]—have been proposed to address
the problem of rate control in a multicast transmission.
Receiver-driven approaches consist in multicasting diﬀerent
layers of video using diﬀerent multicast addresses and let the
receivers decide which multicast group(s) to subscribe to.
RLM (receiver-driven layered multicast) [11] and RLC (radio
link control) [12] are two well-known receiver-driven layered multicast congestion control protocols. However, they
both suﬀer from pathological behaviors such as transient periods of congestion, instability, and periodic losses. These
problems mainly come from the bandwidth inference mechanism used [15]. For example, RLM uses join experiments
that can create additional traﬃc congestion during transition
periods corresponding to the latency for pruning a branch
of the multicast tree. RLC [12] is a TCP-compatible version
of RLM, based on the generation of periodic bursts that are
used for bandwidth inference on synchronization points indicating when a receiver can join a layer. Both the synchronization points and the periodic bursts can lead to periodic
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congestion and periodic losses [15]. PLM (Packet-pair layered multicast) [16] is a more recent layered multicast congestion control protocol, based on the generation of packet
pairs to infer the available bandwidth. PLM does not suﬀer
from the same pathological behaviors as RLM and RLC but
requires a fair queuing network.
Bhattacharya et al. [17] present a general framework
for the analysis of additive increase multiplicative decrease
(AIMD) multicast congestion control protocols. This paper
shows that because of the so-called “path loss multiplicity
problem,” unclever use of congestion information sent by receivers to 1 sender may lead to severe degradation and lack
of fairness. This paper formalizes the multicast congestion
control mechanism in two components: the loss indication
filter (LIF) and the rate adjustement algorithm. Our paper
presents an implementation that minimises the loss multiplicity problem by using an LIF which is implemented by a
clustering mechanism (Section 5.2) and a rate adjustement
algorithm following the algorithm described in Sections 4
and 6.
TFMCC [18] is an equation-based multicast congestion
control mechanism that extends the TCP-friendly TFRC [19]
protocol from the unicast to the multicast domain. TFMCC
uses a scalable RTT measurement and a feedback suppression
mechanism. However, since it is a single-rate congestion control scheme, it cannot handle heterogeneous receivers and
adapts its sending rate to the current limiting receiver.
FLID-DL [20] is a multirate congestion control algorithm for layered multicast sessions. It mitigates the negative
impact of long Internet group management protocol (IGMP)
leave latencies and eliminates the need for probe intervals
used in RLC. However, the amount of IGMP and PIM-SM
(protocol independent multicast-sparse mode) control traffic generated by each receiver is prohibitive. WEBRC [21] is
a new equation-based rate control algorithm that has been
recently proposed. It solves the main drawbacks of FLID-DL
using an innovative way to transmit data in waves. However,
WEBRC, such as FLID-DL, is intended for reliable download
applications and possibly streaming applications but cannot be used to transmit real-time hierarchical flows such as
H.263+ or MPEG-4.
A source adaptive multilayered multicast (SAMM) algorithm based on feedback packets containing information on
the estimated bandwidth (EB) available on the path from the
source is described in [3]. Feedback mergers are assumed to
be deployed in the network nodes to avoid feedback implosion. A mechanism based on partial suppression of feedbacks
is proposed in [4]. This approach avoids the deployment of
aggregation mechanisms in the network nodes, but on the
other hand, the partial feedback suppression will likely induce a flat distribution of the requested rates.
MLDA [13] is a TCP-compatible congestion control
scheme in which, as in the scheme we propose, senders can
adjust their transmission rate according to feedback information generated by receivers. However, MLDA does not provide a way to adapt the FEC rate in the diﬀerent layers according to the packet loss observed at receivers. Since the
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feedback only includes TCP-compatible rates, MLDA does
not need feedback aggregation mechanisms and uses exponentially distributed timers and a partial suppression mechanism to prevent feedback implosion. However, when the receivers are very heterogeneous, the number of requested rates
(in the worst case on a continuous scale) can potentially lead
to a feedback implosion. Moreover, the partial suppression
algorithm does not allow quantifying the number of receivers
requesting a given rate in order to estimate how representative this rate is.
In [14], a rate-based congestion and loss control mechanism for multicast layered video transmission is described.
The strategy relies on a mechanism that aggregates feedback information in the networks nodes. However, in contrast with SAMM, the optimization is not performed in the
nodes. Source and channel FEC rates in the diﬀerent layers
are chosen among a set of requested rates in order to maximize the overall peak signal-to-noise ratio (PSNR) seen by all
the receivers. Receivers are classified according to their available bandwidth, and for each class of rate, two types of information are delivered to the sender: the number of receivers
represented by this class and an average LR computed over all
those receivers. It is supposed here that receivers with similar
bandwidths have similar LRs, which may not always be the
case. In this paper, we solve this problem using a distributed
clustering mechanism.
Clustering approaches have been already considered separately in [22, 23]. In [22], a centralized classification approach based on k-means clustering is applied on a quality of reception parameter. This quality of reception parameter is derived, based on the feedback of receivers consisting of reports including the available bandwidth and
packet loss. The main diﬀerence, compared with our approach, is that in our case, the classification is made in a distributed fashion. Hence, receivers with similar bandwidths
but with diﬀerent LRs are not classified within the same
class. Therefore, with more accurate clusters, a better adaptation of the error control process at the source level is possible. The global optimization performed is diﬀerent and
leads to improved performances. Moreover, [22] uses the
RTCP filtering mechanism proposed in the RTP (real-time
transport protocol) standard, that is, they adapt the RTCP
sending rate according to the number of receivers. However, when the number of receivers is large, it is not possible to get a precise snapshot of quality observed by receivers.
3.

PROTOCOL OVERVIEW

This section gives an overview of the SARC protocol proposed in this paper. Its design relies on a feedback tree structure, where the receivers are organized into a tree hierarchy,
and internal nodes aggregate feedbacks.
At the beginning of the session, the sender announces
the range of rates (i.e., a rate interval [Rmin , Rmax ]) estimated
from the average rate-distortion characteristics of the source.
The value Rmin corresponds to the bit rate under which the

The SARC Protocol for Multicast Layered Video Transmission
received quality would not be acceptable, whereas Rmax corresponds to the rate above, under which there is no significant improvement of the visual quality. This information is
transmitted to the receivers at the start of the session. The interval [Rmin , Rmax ] is then divided into subintervals in order
to only allow relevant values for layers rates. This quantization avoids having nonquality discriminative layers.
After this initialization, the multicast layered rate control
process can start. The latter assumes that the time is divided
into feedback rounds. A feedback round comprises four major steps.
(i) At the beginning of each round, the source announces
the number of layers and their respective rates via
RTCP sender reports (SRs). Each source layer is transmitted to an Internet protocol (IP) multicast group.
(ii) Each receiver measures network parameters and estimates the bandwidth available on the path leading to
it. The EB and the layer rates will trigger subscriptions
or unsubscriptions to/from the layers. EB and LRs are
then conveyed to the sender via RTCP RR.
(iii) AAs placed at strategic positions within the network
classify receivers according to similar reception behaviors, that is, according to a measure of distance between the feedback parameter values. On the basis of
this clustering, these agents proceed with the aggregation of the feedback parameters, providing a representation of homogeneous clusters.
(iv) The source then proceeds with a dynamic adaptation
of the number of layers and of their rates in order to
maximize the quality perceived by the diﬀerent clusters.
Sections 4, 5, and 6 describe in details each of the four
steps.
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hence it does not allow an accurate estimation of the link capacity. When no loss occurs, in order to best approach the
link capacity, SAMM considers values higher than the goodput measured. Nevertheless, a LR of 0% is not realistic on the
Internet. Experiments have shown that this notion of goodput in a best-eﬀort network, in presence of cross traﬃc, leads
to EBs decreasing towards zero during the sessions. Here, the
goodput is defined instead as the rate received by the end system. A simple mechanism has been designed to try to approach the bottleneck rate of the link. If the LR is under a
given threshold Tloss , the bandwidth value Bt estimated at
time t is incremented as
Bt = Bt−1 + ∆,

where ∆ represents a rate increment and Bt−1 represents the
last estimated value. Let gt be the observed goodput value at
time t. Thus, when the LR becomes higher than the threshold
Tloss , Bt is set to gt .
In the experiments we have taken tloss = 3% and the ∆
parameter increases similarly to the TCP increase, that is, of
one packet per RTT.
4.2.

TCP-compatible bandwidth estimation

The second strategy considered for estimating the bandwidth
available on the path relies on the analytical model of TCP
throughput [24], known also as the TCP-compatible rate
control equation. Notice, however, that the application of the
model in a multicast environment is not straightforward.
4.2.1. TCP throughput model
The average throughput of a TCP connection under given
delay and loss conditions is given by [24]:
T=

4.

PROTOCOL FUNCTIONS SUPPORTED
BY THE RECEIVER

Two bandwidth estimation strategies have been considered:
the first approach measures the goodput of the path and the
second estimates the TCP-compatible bandwidth under similar conditions of LRs and delays. This section describes the
functions supported by the receiver in order to measure the
corresponding parameters and the multicast groups join and
leave policy that has been retained. The bandwidth values estimated by the receivers are then conveyed to the sender via
RTCP RRs augmented with dedicated fields.
4.1. Goodput-based estimation
A notion of goodput has been exploited in the SAMM algorithm described in [3]. Assuming the priority-based diﬀerentiated services for the diﬀerent layers, the goodput is defined
as the cumulated rate of the layers received without any loss.
If a layer has suﬀered from losses, it will not be considered
in the goodput estimation. The drawback of such a measure
is that the EB will be highly dependent on the sending rates,

(1)



MSS




 

RTT 2p/3 + To min 1, 3 3p/8 p 1 + 32p2

,

(2)

where p, RTT, MSS, and To represent, respectively, the congestion event rate [19], the round-trip time, the maximum
segment size (i.e., maximum packet size), and the retransmit
time out value of the TCP algorithm.
4.2.2. Parameters estimation
In order to be able to use the above analytical model, each receiver must estimate the RTT on its path. This is done using
a new application-defined RTCP packet that we called probe
RTT. To prevent feedback implosion, only leaf aggregators
are allowed to send probe RTT packets to the source. In case
receivers are not located in the same LAN of their leaf aggregator, they should add the RTT to their aggregator; this can
be easily estimated locally and without generating undesirable extra traﬃc. The source periodically multicasts RTCP reports including the RTT computed (in milliseconds) for the
latest probe RTT packets received along with the corresponding SSRCs. Then, each receiver can update its RTT estimation
using the result sent for its leaf aggregator. The estimation of
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the congestion event rate p is done as in [25] and the parameter MSS is set to 1000 bytes.

AA0
AA1

4.2.3. Singular receivers

AA1

In highly heterogeneous environments, under constraints of
bounded numbers of clusters, the rate received by some end
systems may strongly diﬀer from their requests, hence from
the TCP-compatible throughput value. The resulting excessively low values of congestion event rates lead in turn to
overestimated bandwidth values, hence to unstability. In order to overcome this diﬃculty, the TCP-compatible throughput Bt at time t is estimated as






Bt = min T, max Srate + Trate , Bt−1 ,

4.2.4. Slow-start mechanism
The slow-start mechanism adopted here diﬀers from the approaches described in [18, 19]. At the beginning of the session or when a new receiver joins the multicast transmission
tree, the requested rate is set to Rmin . Then, after having a
first estimation of RTT and p, T can be computed and the
resulting requested rate Btslow is given by


Btslow = max T, gt + K ×



MSS
,
RTT

(4)

where gt is the observed goodput value at time t and K is the
same constant as the one used in Section 4.2.3. The estimation given by (4) is used until we observe the first loss. After
the first loss, the loss history is reinitialized taking gt as the
available bandwidth and proceeding with (3).
4.3. Join/leave policy
Each receiver estimates its available bandwidth Bt and joins
or leaves layers accordingly. However, the leaving mechanism
has to take into account the delay between the instant in
which a feedback is sent and the instant in which the sender
adapts the layer rates accordingly. Undesirable oscillations of
subscription may occur if receivers decide to unsubscribe a
layer as soon as the TCP-compatible throughput estimated
is lower than the current rate subscribed to. It is essential to
leave enough time for the source to adapt its sending rates,
and only then decide to drop a layer if the request has not
been satisfied. That is why in order to be still reactive, we
have chosen a delay of K × RTT before leaving a layer except
in the case where the LR becomes higher than a chosen ac-

AA2

AA2

AA2
LAN

(3)

where Srate is the rate subscribed to, Trate is a threshold chosen so that the increase between two requests is limited (i.e.,
Trate = K ×MSS/ RTT with K a constant), and Bt−1 is the last
estimated value of the TCP-compatible throughput. When
the estimated throughput value T is not reliable, the history used in the estimation of LRs is reinitialized using the
method described in [19]. We will see in the experimentation
results that the above algorithm is still reactive and responsive to changes in network conditions.

AA1
AA2

Local region

AAs levels

Manager

Receiver only

Figure 1: Multilevel hierarchy of aggregators.

ceptable bound Tloss (K is the same constant as the one used
in Section 4.2.3). These coupled mechanisms permit avoiding a waste of bandwidth due to IGMP traﬃc.
4.4.

Signalling protocol

The aggregated feedback information (i.e., EB and LR) are
periodically conveyed towards the sender in RTCP RRs, using the RTCP report extension mechanism. The RRs are augmented with the following fields:
(i) EB: a 16-bit field which gives the value of the estimated
bandwidth expressed in Kbps;
(ii) LR: a 16-bit field which gives the value of the real loss
rate;
(iii) NB: a 16-bit field which gives the number of clients
requesting this rate (i.e., EB). This value is set to one
by the receiver.

5.

AGGREGATED FEEDBACK USING
DISTRIBUTED CLUSTERING

Multicast transmission has been reported to exhibit strong
spatial correlations [26]. A classification algorithm can take
advantage of this spatial correlation to cluster similar reception behaviors into homogeneous classes. In this way,
the amount of feedback required to figure out the state of
receivers can be significantly reduced. This will also help
in bypassing loss path multiplicity problem explained in
[17] by filtering out the receivers’ report of losses. In our
scheme, receivers are grouped into a hierarchy of local regions (see Figure 1). Each region contains an aggregator that
receives feedback, performs some aggregation statistics, and
send them in point-to-point to the higher level aggregator
(merger). The root of the aggregator tree hierarchy (called
the manager) is based at the sender and receives the overall
aggregated reports.
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This architecture has a slight modification compared to
the generic RTP architecture. Similar to the PIM-SM context,
RRs are not sent in multicast to the whole session, but are
sent in point-to-point to a higher level aggregator. As these
RTCP feedbacks are local to an aggregator region and will
not cross the overall multicast tree, they may be set to be
more frequent without breaking the 5% of the overall traffic constraint specified by the RTP standard.
5.1. Aggregators organization within the network
AAs must be set up at strategic positions within the network in order to minimize the bandwidth overhead of RTCP
RRs. Several approaches have been proposed to organize receivers in a multicast session to make scalable reliable multicast protocols [27]. We have chosen a multilevel hierarchical
approach such as that described in the RMTP [28] protocol
in which receivers are also grouped into a hierarchy of local
regions. However, in our approach, there are no designated
receivers: all receivers send their feedback to their associated
aggregator.
The root of the aggregator tree hierarchy (called the manager) is based at the sender and receives the overall summary reports. The maximal allowed height of the hierarchical tree is set to 3 as recommended in [29]. In our approach,
the overall summary report is a classification containing the
number of receivers in each class and the mean behaviour
of the class. The mechanism of aggregation is described in
Section 5.2.
In our experiments, aggregators are manually set up
within the network. However, if extra router functionalities
are available, several approaches can be used to automatically launch aggregators within the network. For example, we
can implement the aggregator function using a custom concast [30]. Concast addresses are the opposite of multicast addresses, that is, they represent groups of senders instead of
groups of receivers. So, a concast datagram contains a multicast group source address and a unicast destination address.
With such a scheme, all receivers send their RRs feedback
packets using the RTCP source group address to the sender’s
unicast address, and only one aggregated packet is delivered
to the sender. The custom concast signaling interface allows
the application to provide the network with the description
of the merging algorithm function.
5.2. Clustering mechanism
The clustering mechanism is aimed towards taking advantage
of the spatial and temporal correlation between the receiver’s
state of reception. Spatial correlation means that there is redundancy between reception behavior of neighbor receivers.
This redundancy can be removed by compression methods.
This largely reduces the amount of data required for representing feedback data sent by receivers. The compression
is achieved by clustering similar (by a predefined similarity
measure) reception behaviors into homogeneous classes. In
this case, the clustering can be viewed as a vector quantization [31] that constructs a compact representation of the
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receivers as a classification of receivers issuing similar RRs.
Moreover, for sender-based multicast regulation, only a classification of receivers is suﬃcient to apply adaptation decisions.
The clustering mechanism can also take advantage of
time redundancy. For this purpose, classification of receivers
should integrate the recent history of receivers as well as
the actual RRs. Diﬀerent reception states experienced by receivers during past periods are treated as reports of diﬀerent
and heterogeneous receivers. By this way, temporal variation
of the quality of a receiver reception are integrated in the classification. A receiver that observes temporal variation may
change its class during time.
In a stationary context, the classification would converge
to a stable distribution. This stationary distribution will be
a function of the spatial as well as the temporal dependencies. However, since over large time scales, the stationary hypothesis cannot be always validated, a procedure should be
added to track variation of the multicast channel and adapt
the classification to it. This procedure can follow a classical
exponential weighting that drive the clustering mechanism
to forget about far past-time reports. In this weighting mechanism, the weight of clusters is multiplied by a factor (γ < 1)
at the end of each reporting round, and clusters with weight
below a threshold are removed.
Before describing the classification algorithm, several
concepts should be introduced. First, we should choose the
discriminative characteristic and the similarity (or dissimilarity) measure needed to detect similar reception behavior.
5.2.1. Discriminative network characteristics
In the system presented in this paper, we have considered two
pairs of discriminative variables: the first one constituted of
the LR and the goodput (cf. Section 4.1) and the second constituted of the LR and a TCP-compatible bandwidth share
measure (cf. Section 4.2). Both LR and bandwidth characteristics (goodput or TCP-compatible) are clearly relevant not
only as network characteristics but also as video quality parameters.
5.2.2. Similarity measure
Two kinds of measures should be defined: the similarity measure between two observed reports x and y (d(x, y)) and
between an observed report x and a cluster C (d(x, C)).
The former similarity measure
can stand for the simple

L p distance (d(x, y) = p i (xi − yi ) p ) or any other more
sophisticated distance suitable to a particular application.
The retained similarity measure used in this work is given
by d(x, y) = maxi (abs(xi − yi )/dti ), where dti is a chosen
threshold for the dimension i. The latter similarity measure is more diﬃcult to apprehend. The simplest way is
to choose in each cluster a representative x̂C and to assign the distance d(x, x̂C ) to the distance between the point
and the cluster (d(x, C) = d(x, x̂C )). We can also define
the distance to cluster as the distance to the nearest or the
furthest point of the cluster (d(x, C) = min y∈C d(x, y) or
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d(x, C) = max y∈C d(x, y)). The distance can also be a likelihood derived over a model mixture approach. The type of
measure used will impact over the shape of the cluster and
over the classification.
5.2.3. Classification algorithm
Each cluster is represented by a representative point and a
weight. The representative point can be seen as a vector, the
components of which are given by the discriminative variables considered in the clustering process.
The clustering algorithm is initialized with a maximal
number of classes (Nmax ) and a cluster creation threshold
(dth ). AAs regularly receive RTCP reports from receivers
and/or other AAs in their coverage area as described in
Section 5.1. To classify the RRs in the diﬀerent clusters, we
use a very simple nearest neighbor (NN) k-means clustering algorithm (see pseudocode shown in Algorithm 1). Even
if this algorithm might be subject to largely reported deficiencies as false clustering, dependencies on the order of
presentation of samples, and nonoptimality which has lead
researchers to develop more complex clustering mechanism
as mixture modelling, we believe that this rather simple algorithm attain the goal of our approach which is to filter
out RRs to a compact classification in a distributed, asynchronous way. A new report joins the cluster that has the
lowest Euclidean (L2 ) distance to it and updates the cluster representative by a weighted average of the points in the
cluster. When a new point joins a cluster, it changes slightly
the representative point which is defined as the cluster center
and updates the weight of the cluster; afterwards, the point
is dropped to achieve compression. If this minimal distance
is more than a predefined threshold, a new cluster is created.
This bounds the size of the cluster. We also use a maximal
number of clusters (or classes) which is fixed to 5, as it is
not realistic to have more layers in such a layered multicast
scheme.
At the end of each reporting round, the resulting classification is sent back to the higher level AA (i.e., the manager) in the form of a vector of clusters representatives and
of their associated weights, and clusters are reset to a null
weight. Clusters received by diﬀerent lower level AAs are classified following a similar clustering algorithm which will aggregate representative points of clusters, that is, cluster center, with the given weight. This amounts to applying the NN
clustering algorithm to the representative points reported in
the new coming RR.
At the higher level of the aggregators hierarchy, the clustering generated by aggregating lower level aggregator reports is renewed at the beginning of each reporting round.
As explained before, the classification of receivers should
also integrate the recent history of receivers. This memory
is introduced into the clustering process by using the cluster
obtained during the past reporting round as an a priori in the
highest level of the aggregator hierarchy.
Nevertheless, since, over large time scales, the stationary
hypothesis cannot be always validated, a procedure must be
added to ensure that we forget about far past-time reports
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Search for the nearest cluster d(r, Ĉ) = minC d(r, C)
if (d(r, Ĉ) ≥ dth )
if (Number of existing cluster < Nmax )
Add a new cluster Cnew and set Ĉ = Cnew
Recalculate the representative of cluster Ĉ,
weight(Ĉ)x̂Ĉ + r
x̂Ĉ =
weight(Ĉ) + 1
Increment the weight of cluster Ĉ
dth = predefined threshold
Nmax = maximal number of clusters (5)
r = received receiver report
Algorithm 1: NN clustering algorithm.

At the beginning of each reporting round
for all clusters C
% Weight the current normalized cluster by γ
weight(C) = weight(C) ∗ γ
if weight(C) < wmin
Remove cluster C
Aggregate new normalized reports
Send aggregate reports to the sender
wmin = predefined cluster suppression threshold
γ = memory weight
Algorithm 2: Aggregation algorithm at the highest level with
memory weighting.

and not to bias the cluster representative by out-of-date reports. This is handled by an exponential weighting heuristic:
at each reporting round, the weight of a cluster is reduced by
a constant factor (see Algorithm 2). If the weight of a cluster
falls below a cluster suppression threshold level, the cluster is
removed.
5.2.4. Cluster management
The clustering algorithm implements three mechanisms to
manage the number of clusters: a cluster addition, a cluster
removal, and a cluster merge mechanisms. The cluster addition and the cluster removal mechanisms have been described before. The cluster merging mechanism aims at reducing the number of clusters by combining two clusters
that have been driven very close to each other. The idea
behind this mechanism is that clusters should fill up uniformly the space of possible reception behaviors. The cluster merging mechanism merges two clusters that have a distance lower than a quarter of the cluster creation threshold (dth ). The distance between the two clusters is defined
as the weighted distance of the cluster representatives. The
merging threshold is chosen based on the heuristic that (1)
dth defines the fair diameter of a cluster and (2) two clusters that are distant by dth /4 may be created by merging
a cluster of diameter smaller than dth . The cluster merging mechanism replaces the two clusters with a new cluster
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represented by a weighted average of the two cluster representatives and a weight corresponding to the sum of the two
clusters.
The combination of these three mechanisms of cluster
management creates a very dynamic and reactive representation of the reception behaviour observed during the multicast session.
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where Ωi = (ri , κi /n), i = 1, . . . , l, with ri representing the cumulated source and channel rate and κi /n the level of protection for each layer i. The quality measure G to be maximized
is defined as
N

The feedback channel created by the clustering mechanism
oﬀers periodically to the sender information about the network state. More precisely, this mechanism delivers a LR, a
bandwidth limit, and the number of receivers within a given
cluster. This information is in turn exploited to optimize the
number of source layers, the coding mode, the rate, and the
level of protection of each layer. This section first describes
the media and FEC rate control algorithm that takes into account both the network state and the source rate-distortion
characteristics. The FGS video source encoding system used
and the structure of the streaming server considered are then
described.

k∈[1,...,L]

Peﬀ (k) = Pe 

j =0



(5)

where Pe is the average loss probability on the channel. One
question to be solved is then, given the eﬀective loss probability, how to split in an optimal way the available bandwidth for
each layer between raw and redundant data. This amounts to
finding the level of protection (or the code parameter k/n)
for each layer.
The rates for both raw data and FEC (or equivalently, the
parameter k/n) are optimized jointly as follows. For a maximum number of layers L supported by the source, the number of layers, their rate, and their level of protection are chosen in order to maximize the overall PSNR seen by all the
receivers. Note that the rates are chosen in the set of N requested rates (feedback information). This can be expressed
as




Ω1 , . . . , Ωl = arg max G,
(Ω1 ,...,Ωl )

(6)



k

l = arg max

ri ≤ R j .

(8)

i=1

The terms R j and C j represent, respectively, the requested
rate and the number of receivers in the cluster j. The term
PSNR(Ωi ) denotes the PSNR increase associated with the reception of the layer i. Note that the PSNR corresponding to
a given layer i depends on the lower layers. The term P j,i denotes the probability, for receivers of cluster j, that the i layers
are correctly decoded and can be expressed as
P j,i =

We consider, in addition, the usage of FEC. In the context
of transmission on the Internet, error detection is generally
provided by the lower layer protocols. Therefore, the upper
layers have to deal mainly with erasures or missing packets.
The exact position of missing data being known, a good correction capacity can be obtained by systematic maximal distances separable (MDS) codes [32]. An (n, k) MDS code takes
k data packets and produces n − k redundant data packets.
The MDS property allows to recover up to n − k losses in a
group of n packets. The eﬀective loss probability Peﬀ (k) of an
MDS code, after channel decoding, is given by
j
n − 1 n−1− j 
Pe
1 − Pe ,
j

(7)

i=1
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n



,

(9)

where p̄eﬀ j,k is the eﬀective loss probability observed by all
the receivers of the cluster j receiving the k considered layers.
The values PSNR(Ωi ) are obtained by estimating the ratedistortion D(R) performances of the source encoder on a
training set of sequences. The model can then be refined on
a given sequence during the encoding process, if the coding
is performed in real time, or stored on the server in the case
of streaming applications.
The upper complexity bound, in the case of an exhaustive search, is given by L!/N!(N − L)!, where L is the maximum number of layers and N the number of clusters. However, this complexity can be significantly reduced by first
sorting the rates R j requested by the diﬀerent clusters. Once
the rates R j have been sorted, the constraint given by (8) allows to limit the search space of the possible combinations
of rate ri per layer. Hence, the complexity of an exhaustive
search within the resulting set of possible values remains
tractable. For large values of L and N, the complexity can be
further reduced by using dynamic programming algorithm
[33].
Notice that here we have not considered the use of hierarchical FEC. The FEC used here (i.e., MDS codes) are applied on each layered separately. Only their rates ki /n are optimized jointly. The algorithm could be extended by using
layered FEC as described in [34].
6.2.

Fine-grain scalable source

The layers are generated by an MPEG-4 FGS video encoder
[8, 9]. FGS has been introduced in order to cope with the
adaptation of source rates to varying network bandwidths in
the case of streaming applications with pre-encoded streams.
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Figure 2: FGS video coding scalable structure.
Figure 3: Multicast FGS streaming server.

Indeed, even if classical scalable (i.e., SNR, spatial, and temporal) coding schemes provide elements of response to the
problem of rate adaptation to network bandwidth, those
approaches suﬀer from limitations in terms of adaptation
granularity. The structure of the FGS method is depicted in
Figure 2. The BL is encoded at a rate denoted by RBL , using a
hybrid approach based on a motion compensated temporal
prediction followed by a DCT-based compression scheme.
The EL is encoded in a progressive manner up to a maximum
bit rate denoted by REL . The resulting bitstream is progressive and can be truncated at any points, at the time of transmission, in order to meet varying bandwidth requirements.
The truncation is governed by the rate-distortion optimization described above, considering the rate-distortion characteristics of the source. The encoder compresses the content
using any desired range of bandwidths [Rmin = RBL , Rmax ].
Therefore, the same compressed streams can be used for both
unicast and multicast applications.
6.3. Multicast FGS streaming server
The experiments reported in this paper are done assuming an
FGS streaming server. Figure 3 shows the internal structure
of the multicast streaming system considered including the
layered rate controller and the FEC module. For each video
sequence prestored on the server, we have two separate bitstreams (i.e., one for BL and one for EL) coupled with its respective descriptors. These descriptors contain various information about the structure of the streams. Hence, it contains
the oﬀset (in bytes) of the beginning of each frame within the
bitstream of a given layer. The descriptor of the BL contains
also the oﬀset of the beginning of a slice (or video packet) of
an image. The composition timestamp (CTS) of each frame
used as the presentation time at the decoder side is also contained in the descriptor.
Upon receiving a new list (r0 , r1 , . . . , rL ) of rate constraints, the FGS rate controller computes a new bit budget
per frame (for each expected layer) taking into account the
frame rate of the video source. Then, at the time of transmission, the FGS rate controller partitions the FGS enhancement into a corresponding number of “sublayers.” Each layer
is then sent to a diﬀerent IP multicast group. Notice that, regardless of the number of FGS ELs that the client subscribes

to, the decoder has to decode only one EL (i.e., the sublayers
of the EL merge at the decoder side).
6.4. Rate control signalling
In addition to the value of the RTT computed for the probe
RTT packets, the RTCP SRs periodically sent include information about the sent layers, that is, their number, their rate,
and their level of protection, according to the following syntax:
(i) NL: an 8-bit field which gives the number of enhancement layers;
(ii) BL: a 16-bit field which gives the rate of the base layer;
(iii) ELi : a set of 16-bit fields which give the rate of the enhancement layer i, i ∈ 1, . . . , NL;
(iv) ki : a set of 8-bit fields conveying the rate of the ReedSolomon code used for the protection of layer i, i ∈
0, . . . , NL.1
7.

EXPERIMENTAL RESULTS

The performance of the SARC algorithm has been evaluated
considering various sets of discriminative clustering variables
using the NS2 (version 2.1b6), network simulator.
7.1. Analysis of fairness
The first set of experiments aimed at analyzing the fairness
of the flows produced against conformant TCP flows. Fairness has been analyzed using the single bottleneck topology
shown in Figure 4. In this topology, a number of sending
nodes are connected to many receiving nodes via a common link with a bottleneck rate of 8 Mbps and a delay of
50 milliseconds. The video flows controlled by the SARC
protocol are competing with 15 conformant TCP flows.
Figure 5a depicts the respective throughput of one video
1 Here we consider Reed-Solomon codes of rates k/n. The value of n is
fixed at the beginning of the session and only the parameter k is adapted dynamically during the session. However, we could also easily consider adapting the parameter n, therefore the syntax of the SR packet would have to be
extended accordingly.
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Figure 4: Simulation topology (bottleneck).

flow controlled with the goodput measure and of two out
of the 15 TCP flows. Figure 5b depicts the throughputs obtained when using the TCP-compatible rate equation. As expected, the flow regulated with the goodput measure does
not compete fairly with the TCP flows (cf. Figure 5a). In
the presence of cross traﬃc at high rate, the EB decreases
regularly to reach the lower bound Rmin that has been set
to 256 Kbps. The average throughput of the flow regulated
with the TCP-compatible measure matches closely the average TCP throughput with a smoother rate (cf. Figure 5b).
7.2. Loss rate and PSNR performances
The second set of experiments aimed at measuring the PSNR
and LR performances of the rate control mechanism, with
two measures (goodput and TCP-compatible measures),
with and without the presence of FEC. We have considered
the multicast topology shown in Figure 6. The periodicity
of the feedback rounds is set to be equal to the maximum
RTT value of the set of receivers. The sequence used in the
experiments, called “Brest,”2 has a duration of 300 seconds
(25 Hz, 6700 frames). The rate-distortion characteristics of
the FGS source is depicted in Figure 7. The experiments depicted here are realized with the MoMuSys MPEG-4 version
2 video codec [9].
7.2.1. Testing scenario
Given the topology of the multicast tree, we have considered a source representation on three layers, each layer being transmitted to an IP multicast address. The BL is encoded at a constant bit rate of 256 Kbps. The overall rate
(base layer plus two ELs) ranges from 256 Kbps up to 1 Mbps.
At t = 0, each client subscribes to the three layers with respective initial rates of RBL = 256 Kbps, REL1 = 100 Kbps,
and REL2 = 0 Kbps. During the session, the video stream
has to compete with point-to-point UDP cross traﬃc with
a constant bit rate of 192 Kbps and with TCP flow. These
competing flows contribute to a decrease of the links bottleneck. The activation of the cross traﬃc between clients
represented by “squares” on Figure 6, in the time interval
from 100 to 200 seconds, limits the bottleneck of the corresponding link (i.e., LAN 1’s client) down to 320 Kbps. Sim2 Courtesy

of Thomson Multimedia R&D France.
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ilarly, competing TCP traﬃc is generated between clients denoted by “triangles” in the interval from 140 to 240 seconds leading to a bottleneck rate of the link (i.e., LAN 4’s
clients) down to 192 Kbps during the corresponding time interval.
The first test aimed at showing the benefits for the quality
perceived by the receivers of an overall measure that would
also take into account the source characteristics (and in particular the rate-distortion characteristics) versus a simple optimization of the overall goodput. Thus, we compare our results with the SAMM algorithm proposed in [3]. The corresponding mechanism is called SAMM-like in the sequel.
The SARC algorithm, relying on the rate-distortion optimization, has then been tested with, respectively, the goodput and the TCP-compatible measures in order to evidence
the benefits of the TCP-compatible rate control in this layered multicast transmission system. In the sequel, these approaches are, respectively, called goodput-based source adaptive rate control (GB-SARC) and TCP-friendly source adaptive rate control (TCPF-SARC). The constant K is set to 4
in the experiments. In addition, in order to evaluate the impact of the FEC, we have considered the TCP-compatible
bandwidth estimation both with and without FEC (TCPFSARC+FEC) for protecting the BL. When FEC is not applied,
the ki parameter of each layer is set to n (i.e., 10 in the experiments).
7.2.2. Results
Figures 8 and 9 show the results obtained with the SAMMlike algorithm. It can be seen that the SAMM-like approach does not permit an eﬃcient usage of the bandwidth. For example, the LAN 2’s client (with a link with
a bottleneck rate of 768 Kbps) has not received more than
300 Kbps on its link. Similar observations can be done with
receivers of other LANs. Notice also that if the rate had
not been lower bounded by an Rmin value, the goodput of
the diﬀerent receivers would have converged to a very small
value. In addition to the highly suboptimal usage of bandwidth, the approach suﬀers from a very unstable behavior
in terms of subscriptions and unsubscriptions to multicast
groups.
Figures 10, 11, and 12 show the rate variations of the different layers of the FGS source over the session, obtained,
respectively, with the GB-SARC, TCPF-SARC, and TCPFSARC+FEC methods. Figures 13, 14, and 15 depict the
throughput estimated with these three methods versus the
real measures of goodput, the LR, the number of layers received, and the PSNR values observed for two representative
clients (i.e., LAN 2 with a bottleneck rate of 768 Kbps and
LAN 4 with a bottleneck rate of 384 Kbps).
Figures 10 and 13, with the GB-SARC algorithm, show
that the rate control that takes into account the PSNR (or
rate-distortion) characteristics of the source leads to a better bandwidth utilization than the SAMM-like approach. In
addition, the throughput estimated follows closely the bottleneck rates of the diﬀerent links. Moreover, the number
of irrelevant subscriptions and unsubscriptions to multicast
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Figure 6: Simulated topology.

groups is strongly reduced. However, the LRs observed remain high. For example, the LAN 4’s client observe an average LR of 30% between 240 seconds and 300 seconds.
This is due to the fact that during this time interval, the
receiver of LAN 1 (bottleneck rate of 512 Kbps) has subscribed to the first enhancement layer (EL1), hence the rate

of this layer is higher than the bottleneck rate of the LAN
4’s clients. In this case, the GB-SARC algorithm does not
permit a reliable bandwidth estimation for the LAN 4’s
clients. As expected, the quality of the received video suffers from the high LRs and the obtained PSNR values are
relatively low. Finally, another important drawback is that
during the corresponding period, the rate constraints given
to the FGS video streaming server are very unstable (see
Figure 10).
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With the TCPF-SARC algorithm (cf. Figures 11 and
14), the sending rates of the diﬀerent layers follows closely
the variations of the bottleneck rates of the diﬀerent links.
This leads to stable sessions with low LRs and with a restricted number of irrelevant subscriptions and unsubscriptions to multicast groups. The comparison of the PSNR
curves in Figure 14 reveals a gain of at least db for LAN 2
with respect to LAN 4. This evidences the interest of such
multilayered rate control algorithm in a multicast heterogeneous environment. Notice that the peaks of instanta-
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Figure 12: Rate variations for each layer of the FGS video source
with the TCPF-SARC + FEC approach.

neous LRs observed result from a TCP-compatible prediction which occasionally exceeds the bottleneck rate. Also,
in Figure 14b, the LR observed over the time interval from
140 to 240 seconds remains constant and relatively high.
This comes from the fact that, in the presence of competing traﬃc, the bottleneck rate available for the video source
is lower than the rate of the BL which in the particular case
of an FGS source is maintained constant in average (e.g.,
256 Kbps).
The FEC permits improving slightly the PSNR performances, especially for the receivers of LAN4 (cf. Figure 15b).
It can be seen on Figure 12 that the usage of FEC however
leads to a bit more unstable behavior, that is, to higher rate
fluctuations of the diﬀerent layers of the FGS source.
8.

CONCLUSION

In this paper, we have presented a new multicast multilayered
congestion control protocol called SARC. This algorithm relies on an FGS layered video transmission system in which
the number of layers, their rate, as well as their level of protection are adapted dynamically in order to optimize the endto-end QoS of a multimedia multicast session. A distributed
clustering mechanism is used to classify receivers according
to the packet LR and the bandwidth estimated on the path
leading to them. Experimentation results show the ability of
the mechanism to track fluctuation of the available bandwidth in the multicast tree, and at the same time the capacity to handle fluctuating LRs. We have shown also that using
LR and TCP-compatible measures as discriminative variables
in the clustering mechanism leads to higher overall PSNR
(hence QoS) performances than using the LR and goodput
measures.
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Figure 13: GB-SARC throughput versus real goodput measure, LR, subscription level, and PSNR obtained for (a) a LAN 2’s client (link
768 Kbps) and (b) a LAN 4’s client (link 384 Kbps).
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Figure 14: TCPF-SARC throughput versus real goodput measure, LR, subscription level, and PSNR obtained for (a) a LAN 2’s client (link
768 Kbps) and (b) a LAN 4’s client (link 384 Kbps).
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Video streaming over wireless networks faces challenges of time-varying packet loss rate and fluctuating bandwidth. In this paper,
we focus on streaming precoded video that is both source and channel coded. Dynamic rate shaping has been proposed to “shape”
the precompressed video to adapt to the fluctuating bandwidth. In our earlier work, rate shaping was extended to shape the channel
coded precompressed video, and to take into account the time-varying packet loss rate as well as the fluctuating bandwidth of the
wireless networks. However, prior work on rate shaping can only adjust the rate coarsely. In this paper, we propose “fine-grained
rate shaping (FGRS)” to allow for bandwidth adaptation over a wide range of bandwidth and packet loss rate in fine granularities.
The video is precoded with fine granularity scalability (FGS) followed by channel coding. Utilizing the fine granularity property
of FGS and channel coding, FGRS selectively drops part of the precoded video and still yields decodable bitstream at the decoder.
Moreover, FGRS optimizes video streaming rather than achieves heuristic objectives as conventional methods. A two-stage ratedistortion (RD) optimization algorithm is proposed for FGRS. Promising results of FGRS are shown.
Keywords and phrases: fine-grained rate shaping, rate shaping, fine granularity scalability, rate-distortion optimization, video
streaming.

1.

INTRODUCTION

Due to the rapid growth of wireless communication, video
over wireless network has gained a lot of attention [1, 2, 3].
However, wireless network is hostile for video streaming because of its time-varying error rate and fluctuating bandwidth. Wireless communication often suﬀers from multipath
fading, intersymbol interference, and additive white Gaussian noise, and so forth; thus, the error rate varies over time.
In addition, the bandwidth of the wireless network is also
time varying. Therefore, it is important for a video streaming system to address these issues.
Joint source-channel coding (JSCC) techniques [4, 5] are
often applied to achieve error-resilient video transport with
online coding. Given the bandwidth requirement, the joint
source-channel coder seeks the best allocation of bits for the
source and channel coders by varying the coding parameters.
However, JSCC techniques are not suitable for streaming precoded video. The precoded video is both source and channel coded prior to transmission. The network conditions are
not known at the time of coding. “Rate shaping,” which was

called dynamic rate shaping (DRS) in [6, 7, 8], was proposed
to solve the bandwidth adaptation problem. DRS “shapes,”
that is, reduces the bit rate of the single-layered pre source
coded (pre-compressed) video to meet the real-time bandwidth requirement. DRS adapts the bandwidth by dropping
either high-frequency coeﬃcients of each block or by dropping several blocks in a frame.
To protect the video from transmission errors, source
coded video bitstream is often protected by forward error
correction (FEC) codes [9]. Redundant information, known
as parity bits, is added to the original source coded bits,
assuming that systematic codes are adopted. Conventional
DRS did not consider shaping for the parity bits in addition to the source coding bits. In our earlier work, we extended rate shaping for streaming the precoded video that
is both pre-source-and-channel coded [10]. Such a scheme
was called “baseline rate shaping (BRS).” BRS can be applied to precoded video that is source coded with H.263 [11],
MPEG-2 [12], or MPEG-4 [13] scalable coding and channel coded with Reed-Solomon codes [9] or rate-compatible
punctured convolutional (RCPC) codes [14]. By means of
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Figure 1: System diagram of the precoding process: scalable encoding followed by FEC encoding.

discrete rate-distortion (RD) combination, BRS chooses the
best state, which corresponds to a certain way to drop part of
the precoded video, to satisfy the bandwidth constraint.
The state chosen by BRS, however, only allows for coarse
bandwidth adaptation capability. In this paper, we adopt
MPEG-4 fine granularity scalability (FGS) [15] for source
coding, and erasure codes [9, 16] for FEC coding. Unlike
conventional scalability modes such as signal-to-noise ratio
(SNR) scalability, MPEG-4 FGS generates a bitstream that is
partially decodable over a wide range of bit rates. The more
bits the FGS decoder receives, the better the decoded video
quality is. On the other hand, it has been known that erasure
codes are still decodable if the number of erasures is within
the error/loss protection capability of the codes. Therefore,
the proposed “fine-grained rate shaping (FGRS),” which is
based on the fine granularity property of FGS and erasure
codes, allows for fine rate shaping. Moreover, the proposed
FGRS optimizes video streaming rather than achieves heuristic objectives such as unequal packet loss protection (UPP).
A two-stage (RD) optimization algorithm is proposed. Note
that FGRS focuses on the transport aspect as opposed to the
coding aspect of video streaming.
The two-stage RD optimization is designed to find the
solution fast and optimally. In Stage 1, a model-based hypersurface is trained with a small set of rate and distortion
pairs to approximate the relationship between all rate and
distortion pairs. The solution of Stage 1 can be found in the
intersection in which the hypersurface meets the bandwidth
constraint. In Stage 2, the near-optimal solution from Stage 1
is refined with the hill-climbing-based approach. We can see
that Stage 1 aims to find the optimal solution globally with
the model-based hypersurface and Stage 2 refines the solution locally.
This paper is organized as follows. In Section 2, we introduce BRS for bandwidth adaptation of the precoded video,
which is both scalable and FEC coded. Discrete RD combination algorithm is applied to deliver the best video quality.
In Section 3, FGRS is proposed for streaming the FEC coded
FGS bitstream. We first formulate the RD optimization problem then provide a two-stage RD optimization algorithm to
solve the problem. In Section 4, experiments are carried out
to show the superior performance of the proposed FGRS.
Concluding remarks are given in Section 5.
2.

BASELINE RATE SHAPING

We propose to use BRS to reduce the bit rate of the precoded
video, which is both source and channel coded, given the

Network conditions
Precoded
video

Baseline
rate
Baseline
Baselinerate
rate
shaper (BRS)
shaper
(BRS)
shaper (BRS)

Wireless
network

Figure 2: Streaming of the precoded video with BRS.

time-varying error rate and bandwidth. Unlike JSCC techniques that allocate the bits for the source and channel coders
by varying the coding parameters, BRS performs bandwidth
adaptation for the precoded video at the time of delivery. BRS
decision, as to select which part of the precoded video to
drop, varies from time to time. There is no need to reencode as JSCC with diﬀerent source and channel coder parameters at later time with a diﬀerent channel condition. Only a
diﬀerent BRS decision needs to be made for the same bitstream. In addition, rate shaping can be applied to adapt to
the network condition of each link along the path of transmission from the sender to the receiver. This is in particular
suitable for wireless video streaming since wireless networks
are heterogeneous in nature. One single joint source-channel
coded bitstream cannot meet the needs of all the links along
the path of transmission. Rate shaping can optimize video
streaming for each link.
We start by giving the system description of BRS then
provide the algorithm for RD optimization.
2.1.

System description of video streaming
with baseline rate shaping

Video streaming consists of three stages from the sender to
the receiver: (i) precoding, (ii) streaming with rate shaping,
and (iii) decoding, as shown in the following from Figure 1
to Figure 3.
The precoding process (Figure 1) refers to source coding using scalable video coding [11, 12, 13] and FEC coding.
Scalable video coding yields prioritized video bitstream. The
concept of rate shaping works for any prioritized video bitstream in general.1 Without loss of generality, we consider
SNR scalability. Reed-Solomon codes [9] are used as the FEC
codes in this paper.
1 For example, in DRS [6], bits that carry the information of the lowfrequency DCT coeﬃcients are ranked with high priorities in the video
bitstream, as opposed to the ones that carry the information of the highfrequency DCT coeﬃcients. By means of data partitioning, the singlelayered nonscalable coded bitstream can have diﬀerent priorities among different segments of the video bitstream.
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Figure 3: System diagram of the decoding process: FEC decoding followed by scalable decoding.
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Figure 4: (a) All four segments of the precoded video and (b)–(g)
valid states of BRS: (b) state (0, 0), (c) state (1, 0), (d) state (1, 1), (e)
state (2, 0), (f) state (2, 1), and (g) state (2, 2).

In Figure 2, the pre-source-and-channel coded bitstream
is then passed through BRS to adjust its bit rate before being
sent to the wireless network. BRS will perform bandwidth
adaptation considering the given packet loss rate in an RD
optimized manner. The distortion here is described by the
mean square error (MSE) of the decoded video. Packet loss
rate, instead of bit error rate (BER), is considered since the
shaped precoded video will be transmitted in packets.
The decoding process (Figure 3) consists of FEC decoding followed by scalable decoding. The task of rate shaping is
performed in the sender and/or midway gateways/routers.
2.2. Discrete rate-distortion optimization algorithm
BRS reduces the bit rate of each decision unit of the precoded
video before it sends the precoded video to the wireless network. A decision unit can be a frame, a macroblock, and so
forth, depending on the granularity of the decision. We use a
frame as the decision unit herein. BRS performs two kinds of
RD optimizations with (i) mode decision and (ii) discrete RD
combination, depending on how much delay the rate shaping decisions can allow. We will discuss both mode decision
and discrete RD combination in the following.
(a) BRS by mode decision
We consider the case in which the video is scalable coded into
two layers: one base layer and one enhancement layer. These
two layers are FEC coded with UPP. That is, the base layer
is FEC coded with stronger packet loss protection. Therefore, there are four segments in the precoded video. The
first segment consists of the bits of the base layer video bitstream (upper-left segment of Figure 4a). The second segment consists of the bits of the enhancement layer video bitstream (upper-right segment of Figure 4a). The third segment consists of the parity bits for the base layer video bitstream (lower-left segment of Figure 4a). The fourth segment consists of the parity bits for the enhancement layer
video bitstream (lower-right segment of Figure 4a). BRS decides a subset of the four segments to send. Note that some

constraints need to be imposed for a valid subset. For example, if the segment that consists of the parity bits for the base
layer video bitstream is selected, the segment that consists of
the bits of the base layer video bitstream must be selected as
well. In the case of two layers of video bitstream, six valid
combinations are shown in Figures 4b, 4c, 4d, 4e, 4f, and 4g.
We call each valid combination a state. Each state is represented by a pair of integers (x, y), where x is the number of
segments selected counting from the segment consisting of
the bits of the base layer, and y is the number of segments selected counting from the segment consisting of the parity bits
for the base layer. Note that x counts from the base layer because the enhancement layer cannot be decoded without the
base layer; y counts from the base layer because the base layer
needs to be protected by parity bits more than the enhancement layer. The two integers x and y satisfy the relationship
of x ≥ y.
Each state has its RD performance represented by a dot
in the RD map, such as the ones shown in Figures 5a and
5b. The state constellations are diﬀerent for diﬀerent frames
because of variations in video content and packet loss rate
for diﬀerent frames. If the bandwidth requirement is “B” for
each frame, BRS performs mode decision by selecting the
state that has the least distortion. For example in Figure 5,
state (1, 1) of Frame 1 and state (2, 0) of Frame 2 are chosen.
(b) BRS by discrete RD combination
By allowing some delay in making the rate shaping decision,
BRS can optimize video streaming with a better overall quality. By allowing some delay, we mean to accumulate the total bandwidth for a group of pictures (GOP) and to allocate
the bandwidth intelligently among frames in a GOP. Video
is typically coded with variable bit rate in order to maintain
a constant video quality. We want to allocate diﬀerent numbers of bits for diﬀerent frames in a GOP to utilize the total
bandwidth more eﬃciently.
Assume that there are F frames in a GOP and the total
bandwidth budget for these F frames is C. Let x(i) be the state
(represented by a pair of integers mentioned in (a)) chosen
for frame i, and let Di,x(i) and Ri,x(i) be the resulting distortion
and rate allocated at frame i, respectively. The goal of the rate
shaper is to minimize
F

Di,x(i)

(1)

Ri,x(i) ≤ C.

(2)

i=1

subject to
F
i=1
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Figure 6: Discrete RD combination algorithm: (a) and (b) elimination of states inside the convex hull of each frame, and (c) allocation of
rate to the frame m that utilizes the rate more eﬃciently.

The discrete RD combination algorithm [10, 17] finds
the solution by first eliminating the states that are inside the
convex hull (Figures 6a and 6b) for each frame. The algorithm then allocates the rate step by step to the frame that
utilizes the rate more eﬃciently. That is, among frame m and
frame n, if frame m gives a better ratio than frame n regarding distortion decrease over rate increase by moving from the
current state u(m) to the next state u(m) + 1, then the rate is
allocated to frame m (the next state u(m)+1 of frame m is circled in Figure 6c) from the available total bandwidth budget.
The allocation process continues until the total bandwidth
budget has been consumed completely.
3.

FINE-GRAINED RATE SHAPING (FGRS)

As mentioned, BRS performs the bandwidth adaptation for
the precoded video by selecting the best state of each frame
at any given packet loss rate. Since the packet loss rate and
the bandwidth at any given time could lie in any value over
a wide range of values, we want to extend the notion of
rate shaping to allow for finer grained decisions. There then
prompts the need for source and channel coding techniques
that oﬀer fine granularities in terms of video quality and
packet loss protection, respectively.

Enhancement
layer
Base layer

II

B
B

P
P

B
B

P
P

Figure 7: Dependency graph of the base layer and FGS enhancement layer. Base layer has temporal prediction with P and B frames.
Enhancement layer is encoded with reference to the base layer only.

FGS has been proposed to provide bitstreams that are still
decodable when truncated at any byte interval. That is, FGS
enhancement layer bitstream is decodable at any rate provided with an intact base layer bitstream. With such a property, FGS was adopted by MPEG-4 for streaming applications
[15]. Figure 7 illustrates two layers of video bitstream: the
base layer and the FGS enhancement layer. The base layer is
predictive coded while the FGS enhancement layer only uses
the corresponding base layer as the reference.
On the other hand, it has been known that the erasure codes provide “fine-grained” packet loss protection with
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more and more symbols2 received at the FEC decoder [9, 16].
The “shaped” erasure code is still decodable if the number
of erasures/losses from the transmission is no more than
dmin − 1 (number of unsent symbols), where dmin is the minimum distance of the code. An erasure code can successfully decode the message with the number of erasures up
to dmin − 1, considering both the unsent symbols and the
losses taken place in the transmission. Therefore, the more
symbols are sent, the better the sent bitstream can cope with
the losses. In this paper, we use Reed-Solomon codes as the
erasure codes as mentioned in Section 2. In Reed-Solomon
codes, dmin − 1 equals n − k, where k is the message size in
symbols and n is the code size in symbols. Thus, the partial
code with size r ≤ n is still decodable if the number of losses
from the transmission is no more than r − k.
3.1. System description of video streaming
with fine-grained rate shaping
Similar to BRS, there are three stages for transmitting the
video from the sender to the receiver: (i) precoding, (ii)
streaming with rate shaping, and (iii) decoding, as shown in
Figures 8, 9, and 10.
Through MPEG-4 encoding, two layers of bitstream are
generated: one base layer and one FGS enhancement layer
(Figure 7). We will consider hereafter the bandwidth adaptation and packet loss resilience for the FGS enhancement layer
bitstream only, assuming that the base layer bitstream is reliably transmitted as shown in Figure 9b or is considered by
approaches outside the scope of this paper. The general rule
is to perform enhancement layer bandwidth adaptation after
the base layer is reliably transmitted. The enhancement layer
bitstream will not enhance the quality of the video if its reference base layer is corrupted. Otherwise, a drift prevention
remedy is needed.
Recalling that we use a frame as the decision unit, we look
at the FGS enhancement layer bitstream of a frame. FGS enhancement layer bitstream consists of bits of all the bit planes
of this frame. The most significant bit plane (MSB plane) is
coded before the less significant bit planes until the least significant bit plane (LSB plane). In addition, since the data in
each bit plane is variable-length coded (VLC), if some part of
a bit plane is corrupted (due to packet losses), the remaining
part of the bit plane becomes undecodable. Bits at the beginning of the enhancement layer bitstream of a frame is more
important than the following bits.
Before appending the parity symbols to the FGS enhancement layer bitstream, we first divide all the symbols (in
this paper, each symbol consists of 14 bits) for this frame
into several sublayers (Figure 11a). The way to divide the
symbols into sublayers is arbitrary except that the later sublayers are longer in length than the previous ones, that is
k1 ≥ k2 ≥ · · · ≥ kh , since we want to achieve UPP. A natural
way to construct the sublayers is to let Sublayer 1 consist of
2 “Symbols”

are used instead of “bits” since the FEC codes use a symbol
as the encoding/decoding unit. In this paper, we use 14 bits for one symbol.
The selection of the symbol size in bits depends on the user.
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symbols of the MSB plane, Sublayer 2 consist of symbols of
the MSB-1 plane, . . . , and Sublayer h consist of symbols of
the LSB plane. Each sublayer is then FEC encoded with erasure codes to the same length n (Figure 11b). The lower portions of the stripes in Figure 11b consist of the parity symbols. The precoded video is stored and can be used later at
the time of delivery.
At the transport stage, FEC coded FGS bitstream is
passed through FGRS for bandwidth adaptation, given the
current packet loss rate. Note that FGRS is diﬀerent from
JSCC-like approaches, which perform FEC encoding for the
FGS bitstream at the time of delivery with a bit allocation scheme that achieves certain objectives, as proposed by
Radha and van der Schaar [18, 19, 20] and Yang et al. [21].
That is, FGRS focuses on the transport aspect as opposed to
the coding aspect. Moreover, FGRS optimizes video streaming rather than achieves certain objectives. We will elaborate
on the optimization algorithm taken later.
3.2.

Fine-grained rate shaping

With the precoded video, bandwidth adaptation can be implemented naively by dropping the symbols in the order
shown in Figure 12a. Given a certain bandwidth requirement for this frame, Sublayer 1 has more parity symbols
kept than Sublayer 2 and so on. Shaped bitstream with such
a bandwidth adaptation scheme has UPP to the sublayers.
We will refer to this method as “UPPRS” herein. However,
such UPPRS scheme might not be optimal. We propose
FGRS (Figure 12b) for bandwidth adaptation given the current packet loss rate. The darken bars in Figure 12b are selected to be sent by FGRS.
We start from the problem formulation. A FGS enhancement layer bitstream provides better and better video quality
as more and more sublayers are correctly decoded. In other
words, the total distortion is decreased as more sublayers are
correctly decoded. With Sublayer 1 correctly decoded, we reduce the total distortion by G1 (accumulated gain is G1 ); with
Sublayer 2 correctly decoded, we reduce the total distortion
further by G2 (accumulated gain is G1 + G2 ), and so on. If
Sublayer i is corrupted, the following Sublayers i + 1, i + 2,
and so forth, become undecodable. Note that gain Gi of Sublayer i can either (i) be calculated, given the FGS bitstream,
after performing partial decoding; or (ii) be embedded in the
bitstream as the “metadata.” Gain Gi of Sublayer i is diﬀerent
for every frame.
Since the precoded video is transmitted over error prone
wireless networks, sublayers are subject to loss and have certain recovery rates given a particular rate shaping decision.
The expected accumulated gain is then
h

G=

Gi
i=1

i


vj ,

(3)

j =1

where h is the number of sublayers of this frame and v j is
the recovery rate of Sublayer j, which is a function of r j as
will be shown later. Sublayer j is recoverable (or successfully
decodable) if the number of erasures resulting from the lossy
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Figure 9: Transport of the precoded bitstreams: (a) transport of the FEC coded FGS enhancement layer bitstream with rate shaper via the
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loss occur, one erasure occurs, and so on until r j − k j erasures
occur:
r j −k j

vj =
···

Sublayer
1

2

···

p {l } =

(a)

j = 1 ∼ h,

(4)

where l is the number of erasures that occur. If each erasure
occurs as a Bernoulli trial with probability em , the probability
of having l erasures out of r j symbols is

h

3

p {l },
l=0

(b)

Figure 11: Precoded video: (a) FGS enhancement layer bitstream
in sublayers and (b) FEC coded FGS enhancement layer bitstream.

transmission is no more than r j − k j ; k j is the message (the
symbols from the FGS bitstream) size of Sublayer j, and r j is
the number of symbols selected to be sent for Sublayer j. The
recovery rate v j is the summation of the probabilities that no

r −l
r j  l 
em 1 − em j .
l

(5)

The symbol loss rate can be derived from the packet loss rate
as em = 1 − (1 − e p )m/s , where s is the packet size and m is the
symbol size in bits. Depending on the error model (Bernoulli
trial, two-state Markov model, etc.), (5) can be replaced with
diﬀerent probability functions.
By choosing diﬀerent combinations of the number of
symbols for each sublayer, the expected accumulated gain
will be diﬀerent. The rate-shaping problem can then be formulated as follows: maximize
h

G=

Gi
i=1

i

j =1

vj

(6)
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Figure 12: Bandwidth adaptation with (a) UPPRS and (b) FGRS.
The part represented by darken bars are selected to be sent by FGRS.

To solve the problem, an exhausted search on all possible combinations of r = [r1 r2 · · · rh ] or hill-climbingbased approaches as described in [22, 23, 24], where RD optimization is made for automatic repeat request (ARQ) decisions, can be performed. We propose in this paper a twostage RD optimization algorithm. The two-stage RD optimization algorithm first finds the near-optimal solution fast.
The near-optimal solution is then refined by the hill climbing approach. The proposed two-stage RD optimization is
diﬀerent from [22, 23, 24] in three folds. First, the modelbased Stage 1 allows us to examine fewer samples from all
operational RD states. Only a small set of samples are needed
to train the model needed for RD optimization. Second,
the proposed distortion measure (or “expected accumulated
gain” in the terminology of the paper) accounts for the effects of packet loss as well as the channel codes by means
of recovery rates. Finally, the proposed two-stage RD optimization algorithm can avoid the problem that the solution could be trapped in the local maximum or reach the
local maximum too slow. Due to the complexity consideration, Stage 2 can be skipped. Stage 1 does not just serve as a
simple initialization stage. It can already find a near-optimal
solution.
Packetization is performed after rate shaping. That is,
symbols are grouped into packets after the decision of
r = [r1 r2 · · · rh ] has been made. Similar packetization
method can be found in [20], while [25] applied bit errors
on the bitstream directly. The packets can be sent with “user
datagram protocol (UDP)” [26]. It is assumed that any error
in the packet will result in a packet loss. More considerations
on packetization can be found in UDP-Lite [27]. This paper focuses on rate shaping, assuming that the network condition is provided regardless of which specific packetization
method is used.
(1) Two-stage RD optimization: Stage 1

G

r2
r1 + r2 = B
r1

Figure 13: Intersection of the model-based hypersurface (dark surface) and the bandwidth constraint (gray plane), illustrated with
h = 2.

subject to

h

h

ri ≤ B.
i=1

We can see from (3) and (4) that the expected accumulated
gain G is related to r = [r1 r2 · · · rh ] implicitly through
the recovery rates v = [v1 v2 · · · vh ]. We can instead find
a model-based hypersurface that explicitly relates r and G.
The model parameters can be trained from a set of training
data (r, G), where r values are chosen by the user and G values
can be computed from (3) and (4). The optimal solution is in
the intersection (Figure 13) in which the model-based hypersurface meets the bandwidth constraint. A complex model,
with a lot of parameters, can be used to describe as close as
possible the true distribution of the RD states. The solution
obtained with this model will be as close to optimal as possible. However, the number of (r, G) pairs needed to train the
model-based hypersurface increases with the number of parameters.
In this paper, we use a quadratic equation to describe the
relation between r and G as follows:

(7)

h

ai ri2 +

Ĝ =
i=1

h

bi j ri r j +
i, j =1, i
=j

ci ri + d.
i=1

(8)
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To distinguish the hypersurface modeled Ĝ from the real expected gain G, we denote the former with a “head” sign. The
model parameters ai , bi j , ci , and d are trained diﬀerently for
each frame. They can be solved by surface fitting with a set of
training data (r, G) obtained by (3) and (4). For example, the
parameters can be computed by







1G
ai ’s
2 

b ’s 
−1  G 
 ij 


 = RT R RT 
 ..  ,
 ci ’s 
 . 
d
ΞG

(9)

where the left super index of G is the index of the training
data and R is a matrix consisting Ξ rows of (ri2 ’s, ri r j ’s, ri ’s, 1).
The complexity of computing ai ’s, bi j ’s, ci ’s, and d relates
to the number of parameters h2 + h + 1 and the number of
training data Ξ, using (9). Note that the number of training data Ξ is in general much greater than the number of
parameters h2 + h + 1. Thus, a more complex model, such
as a third-order model with h3 + h2 + h + 1 parameters, is
not suitable since it requires much more training data than a
quadratic model. In addition, second-order Taylor expansion
can nicely approximate most functions. Equation (8) can
be seen as a second-order approximation to (3). To reduce
the computation complexity in reality, we can also choose a
smaller h if the precoding process is also under our control
(which is outside the scope of the rate shaper).
With (8), the near-optimal solution can be obtained by
the use of Lagrange multiplier as follows:
h

h

ai ri2

J=

bi j ri r j +



h

−1 
bi j r j + ci + λ,
2ai j =1, j =i

(11)

where
2B +

i=1

1/ai
−

q

Figure 14: Two-state Markov chain for bit error simulation.
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Algorithm 1: Pseudocodes of hill-climbing algorithm.

h

+

i=1

While (stop == false)
zi = r i for all i = 1 ∼ h
For ( j = 1; j <= h; j + +)
For (k = 1; k <= h; k + +)
zk = zk + delta for k == j //Increase sublayer j
zk = zk − delta /(h − 1) for k! = j //Decrease others
End
Evaluate G j
End
Find the j  with the largest G j  .
For (i = 1; i <= h; i + +)
r i = r i + delta for i == j 
r i = r i − delta /(h − 1) for i! = j 
End
Calculate the stop criterion.
End

 h

h 
i=1

=i bi j r j
j =1, j 

1/ai



+ ci



.

(12)

The near-optimal solution can be solved recursively using
(11) and (12), starting from the initial condition that all sublayers are allocated with equal number of symbols, r1 = r2 =
· · · = rh = B/h.
(2) Two-stage RD optimization: Stage 2
Stage 1 of the two-stage RD optimization gives a nearoptimal solution. The solution can be refined by a hillclimbing-based approach (Algorithm 1). The solution from
Stage 1 is perturbed in Stage 2 in order to yield a larger ex-
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Figure 15: Packet loss rate as a function of the transition probability
and the packet size.

pected accumulated gain. The process can be iterated until
the solution reaches a stopping criterion such as the convergence.
The idea of allocating bandwidth optimally for sublayers
can be extended to a higher level to allocate bandwidth eﬃciently among frames in a GOP. The problem formulation is
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Table 1: PSNR gains in Y, U, and V components with sequences
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h

G=

Gmi
i=1

i




vm j

(13)

j =1

subject to
F

h

rmi ≤ C,

(14)

m=1 i=1

where F is the number of frames in a GOP. FGRS will incur
delay with duration of F frames if it allows for optimization
among frames in a GOP.
To summarize, the proposed FGRS achieves the best
streaming performance for FEC coded FGS bitstream with
the two-stage RD optimization. The two-stage RD optimization obtains the optimal solution by first finding the
near-optimal solution, then refining the solution with a hillclimbing-based approach.
4.
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slightly diﬀerent from the original (6) as follows: maximize

m=1
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e p = 1 − 1 − eb (1 − p)s−1 .

Figure 16: Network conditions: bandwidth and packet loss rate
fluctuations.
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EXPERIMENT

We start by describing the wireless network simulation for
the experiment. We then compare the proposed FGRS with
the naive UPPRS described in Figure 12a.

We observe two properties from (15) given the same BER
eb : (i) the smaller the transition probability p, the smaller
the packet loss rate e p , and (ii) the smaller the packet size s,
the smaller the packet loss rate e p . These two properties are
shown in Figure 15 with eb = 10−4 .
Besides the two properties we have just seen, it is also
known that to detect the loss of packets, some information
such as the packet number has to be added to each packet.
The smaller the packet is, the heavier the overhead is. Therefore, it is a trade-oﬀ between the selection of the packet size
and the resulting packet loss rate. We use s = 280 (bits) in
this paper. Users can select the packet size s according to real
system consideration using (15).
The time-varying bandwidth is simulated pseudorandomly according to an AR process. The bandwidth available
at current time t is fed to FGRS optimization of time t + 1 in
order to simulate the delay nature of the network feedback.
Such delay in feedback will not aﬀect too much the performance since the bandwidth requirements of the two consecutive frames are closely related, given the AR assumption. Example traces of simulated packet loss rate and bandwidth observed at the rate shaper are shown in Figure 16. The packet
loss rate is plotted using the line and the bandwidth is illustrated using the vertical bars. Each interval in the axis of time
index represents 0.33 seconds.
The test video sequences are “Akiyo,” “Foreman,” and
“Stefan” in common intermediate format (CIF) (Figures 17a,
17b, and 17c). The frame rate is three frames/s.
4.2.

4.1. Experiment setup
Wireless networks are generally associated with time-varying
packet loss rate and fluctuating bandwidth. The packet loss
rate and bandwidth vary at each time interval. We simulate
random bandwidth fluctuation according to an autoregressive (AR) process [28] and use a two-state Markov model
[29, 30] to simulate the bursty bit errors. The two-state
Markov model is also adopted by [31, 32]. “Good” and “Bad”
in Figure 14 correspond to error free and erroneous states
of a bit, respectively. The BER eb is related to the transition
probabilities p and q by eb = p/(p + q).
Since the coded bitstream is transmitted in packets, let us
look at how the packet loss rate e p relates to the transition

(15)

Experiment result

Results for sequence Akiyo are shown in Figures 18 and 19.
Results for sequence Foreman is shown in Figures 20 and
21. Results for sequence Stefan is shown in Figures 22 and
23. The overall PSNR performance for all the three test sequences are listed in Figure 24 and Table 1. Results for diﬀerent wireless channel conditions are shown in Figure 25.
Figures 18, 20, and 22 show how bit allocation with UPPRS and FGRS is done in bytes (converted from number of
symbols) for each sublayer. After bit allocation, the number
of symbols to send is constrained to be at least ki for each
sublayer (i.e., to satisfy ri ≥ ki ) by moving the number of
symbols allocated for the higher sublayers to the lower layers
that does not satisfy ri ≥ ki as shown in Algorithm 2.
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Figure 17: Test video sequences in CIF: (a) Akiyo, (b) Foreman, and (c) Stefan.
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Figure 18: Sublayer byte allocations with sequence Akiyo by (a) UPPRS and (b) FGRS.

With limited bandwidth, FGRS allocates enough bytes to
Sublayer 1 (indicated as sub 1 in the figures) first, than to
Sublayer 2, and so on. Allocating enough bytes to a sublayer
means providing enough packet loss protection, but not allocating too many bytes as to include too much redundancy.
The bit allocation process happens automatically by the proposed two-stage RD optimization, considering the current
packet loss rate and the bandwidth requirement.
From the frame-by-frame PSNR performance in Figures 19, 21, and 23, we see that the proposed FGRS provides superior results to UPPRS. Comparing performance
with diﬀerent sequences, the PSNR improvement of FGRS
over UPPRS is the most significant in sequence Akiyo, followed by sequence Foreman and Stefan. Sequence Stefan is
the most challenging one with the most complex scene and
the highest motion. The source coding rates of the FGS enhancement layer bitstream of Akiyo, Foreman, and Stefan are
354.69 kbps, 747.74 kbps, and 975.70 kbps. Hence, given the

same amount of bits allocated by FGRS, the PSNR of sequence Stefan is the smallest among the three. Considering
the gain in the Y component, FGRS yields 0.76 dB to 1.38 dB
improvement compared to UPPRS as shown in Table 1.
To validate the performance of the proposed algorithm,
the performance in terms of the overall PSNR of the Y components at various wireless channel conditions is shown in
Figure 25, where we consider a two-state Markov model at
various speeds and SNRs [29]. Figure 25a shows the 3D plots
of the overall PSNR. At all wireless channel conditions, FGRS
outperforms UPPRS.
Figure 25b shows the overall PSNR at various speeds at
SNR = 10 dB. Fixed SNR value gives the same BER of the
wireless channel. The higher the speed is, the more bursty the
bit error of the wireless channel is. In other words, the larger
the transition probability is. From the results, we see that the
PSNR drops as the speed increases. The higher the transition probability is, the higher the packet loss rate is, given
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Figure 20: Sublayer byte allocations with sequence Foreman by (a)
UPPRS and (b) FGRS.
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Figure 19: Frame-by-frame PSNR of UPPRS and FGRS with sequence Akiyo: (a) PSNR of the Y component, (b) PSNR of the U
component, and (c) PSNR of the V component.

the same BER. Higher packet loss rate has the eﬀect of requiring more parity bits in the shaped bitstream, and higher

probability of corrupting the packets that carries the shaped
bitstream, thus, the PSNR value is lower.
Figure 25c shows the overall PSNR at various SNRs at
speed = 10 km/h. Fixed speed gives the same burstiness of
the bit errors of the wireless channel. The larger the SNR is,
the smaller the BER is. We see from the results that the PSNR
value increases with SNR. Smaller packet loss rate then leads
to a higher PSNR.
Optimization for video streaming needs to be real time.
As mentioned, in the training process for the model-based
hypersurface, only a few number of operational RD states
need to be examined, which saves the time. Thus, the twostage RD optimization is preferred over the hill-climbingbased approach. In addition, as mentioned in Section 3.2,
Step 2 can be skipped without too much performance degradation.
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Figure 22: Sublayer byte allocations with sequence Stefan by (a)
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Figure 21: Frame-by-frame PSNR of UPPRS and FGRS with sequence Foreman: (a) PSNR of the Y component, (b) PSNR of the U
component, and (c) PSNR of the V component.

5.

CONCLUSION

We proposed in this paper a novel FGRS approach to perform bandwidth adaptation for the precoded video, which

is both FGS coded and FEC coded. FGRS utilizes the fine
granularity property of FGS and FEC. Moreover, FGRS optimizes video streaming rather than achieves heuristic objectives. A two-stage rate-distortion (RD) optimization algorithm is used. The two-stage RD optimization algorithm
finds the solution eﬃciently. The proposed FGRS outperforms UPPRS.
The novelty of the paper lies in three aspects. Although
FGS has been proposed to provide fine granularity for precompressed video, none of the prior works has shown how
to adapt the rate of the FGS bitstream that is protected by
the FEC codes. Note that related work performs FEC encoding for the FGS bitstream at the time of delivery. Secondly, we formulate the FGRS problem as an RD optimization problem, while the work by van der Schaar and Radha
[20] is not optimized but to achieve a certain target recovery rate. In addition, the distortion measure, which is called
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Figure 23: Frame-by-frame PSNR of UPPRS and FGRS with sequence Stefan: (a) PSNR of the Y component, (b) PSNR of the U
component, and (c) PSNR of the V component.

Figure 24: Overall PSNR of UPPRS and FGRS with sequences
Akiyo, Foreman, and Stefan: (a) PSNR of the Y component, (b)
PSNR of the U component, and (c) PSNR of the V component.
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For (i = 1; i <= h; i + +)
If ri < ki
a = ki − ri
//the diﬀerence needed to satisfy ri > ki
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c+ = b
rj− = b
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Algorithm 2: Pseudocodes satisfying ri ≥ ki after bit allocation.
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10

“gain” in the paper, is derived from the current packet loss
rate in addition to the video characteristics. The gain is defined as the expected gain given the current packet loss rate.
Prior work of DRS defines the distortion measure solely from
the video characteristics. Thirdly, the RD optimization problem is solved by the proposed two-stage RD optimization algorithm, which can achieve the optimal solution fast. It is
crucial that optimization for video streaming is done in real
time.
Future work includes considering the smoothness criterion in FGRS optimization such as [33] to smooth the fluctuating PSNR resulted from the time-varying network conditions. Such fluctuation is not inherent from the FGRS algorithm. We can also investigate more the eﬀect of outdated
network information on FGRS, in addition to the simulation
done in this paper by delaying the network bandwidth feedback. Moreover, deploying FGRS in a large network system,
such as the “end system multicast (ESM)” [34] system, can
be an exciting future research direction.
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SMART, the acronym of scalable media adaptation and robust transport, is a suite of compression and transmission technologies
for eﬃcient, scalable, adaptive, and robust video streaming over the best-eﬀort Internet. It consists of two indispensable parts:
SMART video coding and SMART video streaming. The SMART video coding part is an eﬃcient DCT-based universal fine granularity scalable coding scheme. Since the SMART video coding scheme adopts multiple-loop prediction and drifting reduction
techniques at the macroblock level, it can achieve high coding eﬃciency at a wide range of bit rates. More importantly, it provides
all sorts of scalabilities, that is, quality, temporal, spatial, and complexity scalabilities, in order to accommodate heterogeneous
time-variant networks and diﬀerent devices. The SMART video streaming part is a transport scheme that fully takes advantages
of the special features of the scalable bitstreams. An accurate bandwidth estimation method is first discussed as the prerequisite of network adaptation. Then, flexible error resilience technique and unequal error protection strategy are investigated to
enhance the robustness of streaming SMART bitstream. The SMART system shows excellent performances with regard to high
coding eﬃciency, flexible channel bandwidth adaptation, smooth playback, and superior error robustness in static and dynamic
experiments.
Keywords and phrases: video streaming, fine granularity scalability, video transmission, bandwidth estimation, error resilience,
unequal error protection.

SMART: An Eﬃcient, Scalable, and Robust Streaming Video System
1.

INTRODUCTION

With the recent developments in computing technology,
compression and transmission technologies, high-capacity
storage devices, and high-speed wired and wireless networks,
more and more users expect to enjoy high-quality multimedia services over the Internet [1, 2, 3]. In general, there are
two approaches to provide multimedia services on demand:
oﬄine downloading and online streaming. Since the streaming
approach enables users to experience a multimedia presentation on the fly while it is being downloaded from the Internet, it has prevailed in both the academia and the industry.
In virtue of the streaming techniques, users no longer have
to suﬀer from long and even unacceptable transport time for
full download.
Figure 1 exemplifies a typical scenario for streaming the
same content to users. Raw video sequences are usually compressed in advance and then saved in the storage device.
Upon the client’s request, the streaming server retrieves compressed bitstream from the storage device and delivers it
through the Internet that consists of many heterogeneous
subnetworks. Receivers may use diﬀerent devices for decoding, presenting the received video data at diﬀerent resolutions, diﬀerent frame rates, and diﬀerent qualities depending
on their connection speeds and device capabilities.
In fact, such multimedia streaming services create several challenges which may lie in technical fields even beyond
video compression. These challenges mainly include but are
not limited to the following.
(1) Contents
Multimedia contents are huge and growing rapidly. For example, only from RealNetworks Company’s statistics in 2001
[4], over 350 000 hours of live sports, music, news, and entertainment contents were transmitted over the Internet every week. Furthermore, there are several hundred thousand
hours of contents available on demand. To eﬃciently and effectively deliver such huge multimedia contents, advanced
compression and transmission technologies are crucial.
(2) Networks
The networks used to deliver multimedia contents are becoming more and more complicated and heterogeneous. Additionally, unlike traditional dedicated networks, since the
general best-eﬀort Internet lacks quality of service (QOS)
guarantee, network conditions themselves may be changing
from time to time. This requires that compressed multimedia contents are deliverable over diﬀerent networks from narrowband to broadband and from wired to wireless networks.
It also requires that the delivery mechanism is able to adapt
to network variations while providing a consistent user experience. In addition, since packet loss or channel error is
inevitable during transmission, advanced error control technologies are required to protect the transmitted data.
(3) Devices
End-user devices are also becoming very diﬀerent in processing power, memory, display resolution, and bandwidth. This

193

requires tailoring multimedia contents and delivery schemes
to best fit each device in order to provide the best possible
multimedia user experience.
A straightforward solution would be to independently
compress the same video sequence into many nonscalable
bitstreams for every possible bit rate, frame rate, resolution,
and device complexity. Actually, this solution has been extensively applied to most of the commercial streaming products,
such as Windows Media Player system and Real Player system [4, 5]. When a video sequence is retrieved, the streaming
server chooses an appropriate version of bitstream according
to actual connection speed and device capability, and then
transmits it to the user.
Obviously, video streaming systems based on the nonscalable compression techniques have several problems in
taking the above challenges. Firstly, nonscalable video bitstreams are not able to adapt to time-variant networks. Even
though switching among multiple nonscalable bitstreams is
allowed at some key frames that are either compressed without prediction or coded with an extra lossless coded switching bitstream, such streaming systems only provide coarse
and sluggish capability in adapting to bandwidth variations
due to limitation in both the number of bitstreams and
the number of key frames. Some studies have tried to solve
this problem by switching at a special predictive frame, for
example, S frame in [6], SP frame in [7], and SF frame
in [8], which can reduce switching overhead and provide
more switching points at the same cost. Secondly, nonscalable video bitstream is very sensitive to transmitted errors
because almost every bit in the bitstream is very important
and indispensable for decoding a group of pictures (GOP).
On the other hand, the scalable media adaptation and
robust transport (SMART) system proposed in this paper is
based on scalable compression techniques and is able to provide eﬃcient, adaptive, and robust video streaming over the
Internet. The core of the system is an eﬃcient and universal
fine granularity scalable (FGS) video codec. It uses multiple
versions of references with increasing quality to make motion
prediction more accurate for improved coding eﬃciency. At
the same time, a drifting reduction technique is proposed to
prevent possible error propagation due to corrupted highquality references. When the two techniques are applied at
the macroblock level, the SMART system can achieve a good
trade-oﬀ between low drifting errors and high coding eﬃciency. Besides eﬃcient fine granularity quality scalability,
the SMART system supports eﬃcient temporal and spatial
scalabilities by utilizing similar techniques. Furthermore, the
fine granularity scalability on complexity is also achieved by
adjusting the decoding resolution, frame rate, and bit rate.
In fact, the SMART system provides a universal scalable coding framework. For a sequence, the generated bitstreams can
be served to a vast range of applications from low bit rate to
high bit rate and from a PC device to a non-PC device without complicated transcoding.
The SMART video streaming part is a transport scheme
that fully takes advantage of the special features of SMART
video bitstream. It first estimates the available channel
bandwidth through a hybrid model-based and probe-based
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Figure 1: An exemplified scenario for streaming video.

method. Afterward, the transmitted video bitstreams are
truncated to a bit rate that fits well in the estimated channel bandwidth. Since packet losses are inevitable in the general Internet, error control mechanism is a key component
in this part. A flexible error resilience technique is proposed
to adaptively enhance the robustness of SMART video bitstream. In addition, the SMART system provides a layered
bitstream structure with a more important base layer and
less important enhancement layers. Forward error correction
(FEC) and automatic retransmission request (ARQ) techniques are applied to the base layer so as to reduce packet
loss ratio and retransmission delay.
The rest of this paper is arranged as follows. Section 2
gives a brief overview of the SMART system. The SMART
video coding techniques are discussed in Section 3. Section 4
introduces the channel estimation method used in the
SMART system. The flexible error resilience technique and
unequal error protection are described in Section 5. The experimental results presented in Section 6 demonstrate the
advantages of the SMART system. Finally, Section 7 concludes this paper.
2.

OVERVIEW OF THE SMART SYSTEM

This section gives an overview of the SMART coding and
streaming system. At present, there are two modes for a
streaming server to deliver video data to users: multicast and
unicast. In the multicast mode, the server needs to send only
one bitstream to a group of users, which is automatically
replicated to all group members [9, 10], but this requests
that the network has to be equipped with multicast-enable
routers. In the unicast mode, the server delivers video bitstream to each user individually. The connection conditions
between the server and each user can be estimated and monitored during transmission.
Since many routes in the current Internet do not enable
the multicast mode, the SMART system discussed in this pa-

per will focus on the unicast applications. Figure 2 illustrates
the block diagram of the SMART system. Source video is
first input into the SMART encoder module to generate a
base layer bitstream and one or two enhancement layer bitstreams. Besides bitstreams, the SMART encoder generates
a description file for each enhancement bitstream that contains all information for flexible error resilience and packetization. The detailed coding techniques will be discussed in
Section 3, and the description file is introduced in Section 5.
If the SMART encoder is powerful enough for real-time compression, the generated bitstreams can be directly packed and
delivered just as in the live streaming applications. For the
on-demand streaming applications, both the generated bitstreams and description files are saved in the storage device
for future retrieval.
When the user submits a request to the SMART streaming server, like the real-time streaming protocol (RTSP) [11],
the retrieved content, destination address, and user device
capability are first transmitted by the transmission control
protocol (TCP). After the control module in the SMART
server receives the request, one user datagram protocol
(UDP) connection is established immediately between the
server and the user. Both the video data and the feedback
from the SMART client are transmitted by this UDP connection. At the same time, the control module informs the server
to retrieve the requested content from the storage device.
In the initial stage, the SMART system does not know
the current channel conditions between the server and the
client. Thus the base layer bitstream is packed with the
real-time transport protocol (RTTP) [12] format using default
channel parameters. At the same time, a prespecified FEC
strategy is used in the base layer bitstream to generate parity packets. In general, since the base layer bit rate is very low
in the SMART system, several seconds of source and parity
packets can be rapidly delivered to the client as prebuﬀering.
By transmitting these packets, the statistic channel parameters, such as packet loss ratio and latency, are packed with the
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Figure 2: The block diagram of the SMART system.

real-time control protocol (RTCP) format [12] and sent back
to the network monitor module in the SMART server. Accordingly, the SMART server can estimate the current available channel bandwidth.
With the obtained channel parameters, the SMART
server starts to optimally pack the base layer and enhancement layer bitstreams with RTTP format. FEC protection
depth to the base layer can be also adaptive to the channel
conditions. In order to avoid network congestion, the actual bandwidth for the enhancement layer is the remaining
part of the estimated channel bandwidth after delivering the
base layer and FEC packets. Since the enhancement layer bitstream provides bit level scalability, it can be readily and precisely truncated to fit in the given bandwidth. Consequently,
the SMART system can fully utilize available channel bandwidth and provide the user with better quality. Packet loss
ratio and latency are periodically sent back by the client. The
SMART server can timely adjust data transmission according
to the feedbacks and the estimated channel bandwidth.
In the SMART system, another important feedback from
the client is the negative acknowledgement (NACK) to notify the SMART server in which base layer packets are lost
during transmission. Since the base layer is still a nonscalable bitstream, any lost packet would make the quality of the
frames followed in the same GOP degrade rapidly. Therefore,
the ARQ technique is also used to protect the base layer in
the SMART system. Once the client detects lost packets at
the base layer, a feedback is immediately sent out. The server
will rapidly retransmit the lost packets. At the same time,
any ARQ request received by the server will aﬀect the sending rate to prevent further congestion in the channel. Since
the base layer bit rate is very low in the SMART system, they
can be strongly protected with small overhead bits. In addition, SMART video coding also provides the enhancement
layer with an inherent error recovery feature. Any lost packet
does not cause obvious visual artifacts. Moreover, it can be
gracefully recovered in the following frames. Therefore, the
current SMART system does not have any protection to the
enhancement layer bitstreams.

In the following sections, the key techniques used in the
SMART system, such as SMART video coding, bandwidth estimation, error resilience, and unequal error protection, will
be discussed in detail.
3.

SMART VIDEO CODING

How to eﬃciently compress video data with various scalabilities of rate, quality, temporal, spatial, and complexity is
an active research topic in video coding field. Scalable video
coding techniques have been developed rapidly in the past
decade. Among them, spatial and temporal scalable coding techniques that provide video presentation at diﬀerent
resolutions, and frame rates have been accepted in some
main video coding standards such as MPEG-2, MPEG-4, and
H.263++ [13, 14, 15].
In addition, FGS video coding techniques have been extensively studied in recent years. MPEG-4 standard already
accepted the bit plane coding technique in the streaming
video profile (SVP) [16, 17]. In MPEG-4 FGS, an encoder
using the motion-compensated discrete cosine transformation (DCT) transform coding generates a base layer video
as the lowest quality layer. The residue between the original
image and the reconstructed base layer image forms the enhancement layer with the bit plane coding technique, which
provides an embedded bitstream and fine granularity quality
and temporal scalabilities.
One major feature in MPEG-4 FGS is that the base layer
and all the bit planes at the enhancement layer in a predicted
frame are always compensated from the reconstructed version of the base layer in the reference. Therefore, it provides a
remarkable capability in both bandwidth adaptation and error recovery. By predicting the enhancement layer from the
base layer, any bitstream truncation and lost packets at the
enhancement layer have no eﬀect on the frames followed.
However, this also makes MPEG-4 FGS suﬀer from severe
degradation in coding eﬃciency due to the lowest quality reference. Furthermore, it is diﬃcult for MPEG-4 FGS to compress diﬀerent-resolution video at diﬀerent layers; otherwise,
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ment layer have no eﬀect on the base layer video. However,
when those bit planes used to reconstruct the high-quality
reference are truncated or corrupted during transmission,
this would inevitably cause drifting errors at the enhancement layer. As a result, the decoded enhancement layer video
may be deteriorated rapidly.

Base layer
1st bit plane
2nd bit plane
3rd bit plane

3.2.
4th bit plane
1

2

3
Frames

4

5

Figure 3: The proposed multiple-loop prediction technique with
two references case.

the coding eﬃciency at the enhancement layer would be further degraded.
Therefore, the SMART video coding is proposed based
on our previous works [18, 19]. The multiple-loop prediction and drifting reduction techniques are first used at the
quality enhancement layer to achieve a good trade-oﬀ between high coding eﬃciency and low drifting errors. Then,
these techniques are extended to the temporal and spatial
scalabilities, consequently, forming an eﬃcient and universal
scalable video coding framework.
3.1. Multiple-loop prediction
The multiple-loop prediction technique was first proposed
in [18, 19] to improve the coding eﬃciency of MPEG-4 FGS.
The basic idea is to use as many predictions from the enhancement layer as possible instead of always using the base
layer as in MPEG-4 FGS. Because the quality of a frame is
higher at the enhancement layer than at the base layer, this
will make motion prediction more accurate, thus improving the coding eﬃciency. Considering the cost by introducing multiple references at the enhancement layer, Figure 3 illustrates a typical multiple-loop prediction scheme with one
additional reference used in the enhancement layer coding.
In Figure 3, the gray rectangular boxes denote the reconstructed base layer or the reconstructed enhancement layer
at a certain bit plane as references for the next frame coding.
Solid arrows with solid lines between two adjacent frames
are for temporal prediction, solid arrows with dashed lines
are for prediction in the transform domain, and hollow arrows with solid lines are for reconstruction of high-quality
reference from the previous base layer. Each frame at the base
layer is always predicted from the previous frame at the base
layer (low-quality reference) so as to avoid any eﬀect from the
lost enhancement data. Each frame at the enhancement layer
is predicted from the previous frame at the enhancement
layer (high-quality reference) for high coding eﬃciency.
In the FGS video coding schemes, the base layer bit rate is
usually very low. It is reasonable to assume that the base layer
bitstream can be completely transmitted to the client. Since
the base layer is still predicted from the previous base layer,
any bitstream truncation and lost packets at the enhance-

Drifting reduction

In order to eﬀectively reduce drifting errors at the enhancement layer, the basic idea is to make sure that the encoder and
the decoder have the same reconstructed reference for any future frame prediction, although the reconstructed reference
may not have the best quality it could get if reconstructed
using the high-quality reference.
We will show this idea through an example in Figure 3.
In the decoder end, if the third bit plane in Frame 1 is truncated or dropped which is used in the encoder end to get
the high-quality reference, the enhancement layer in Frame
2 will have to use the previous low-quality reference instead.
Of course, some quality losses would be introduced by doing
so. However, as long as in both the encoder end and the decoder end the reconstruction of the high-quality reference of
Frame 2 always uses the base layer of Frame 1 as the reference,
then the errors in Frame 1 could not further propagate to any
frames followed. In other words, the reference used for prediction could be diﬀerent from that used for reconstruction.
This feature will prevent the errors drifting and preserve all
the bandwidth adaptation and error recovery features as in
MPEG-4 FGS.
As shown by hollow arrows with solid lines in Figure 3,
some frames, such as Frames 2 and 4, reconstruct the highquality references from the previous low-quality reference at
both the encoder and the decoder to prevent the errors propagating into future frames. However, if the third bit plane
of Frame 1 is available at the decoder end, a better second
bit plane quality of Frame 2 can still be reconstructed from
the high-quality reference for display purpose only. In other
words, the reconstruction of display image can be diﬀerent
from that of reference image.
Although the proposed technique significantly reduces
the drifting errors from the previous frames, it still has a
negative eﬀect on coding eﬃciency because the high-quality
reference does not always get the best quality it could get. If
the reference for prediction and reconstruction is chosen as
frame-based, that is, all enhancement layer macroblocks in
a frame with the same reference, it is very diﬃcult for the
SMART video coding to provide a good trade-oﬀ between
high coding eﬃciency and low drifting errors.
3.3.

Macroblock-based mode selection

The technique choosing the proper reference for prediction
and reconstruction at each enhancement layer macroblock
is first proposed in [20]. Derived from MPEG-4 FGS and
Figure 3, three intercoding modes as shown in Figure 4 are
defined for coding the enhancement inter macroblock. The
rectangular boxes in the first row denote the base layer and
the rectangular boxes in other rows denote bit planes at the
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Figure 4: Three intercoding modes for the quality enhancement
layer.

enhancement layer. Gray rectangular boxes indicate those to
be reconstructed as references. Solid arrows with solid lines
between two adjacent frames are for temporal predictions,
solid arrows with dashed lines are for prediction in the transform domain, and hollow arrows with solid lines are for
reconstruction of high-quality reference from the previous
base layer.
In Mode 1, the base layer and the enhancement layer are
both predicted and reconstructed from the previous lowquality reference. Since the low-quality reference is always
available at the decoder, there is no drifting error in this
mode. The coding eﬃciency of this mode is low due to lowquality temporal prediction. If all enhancement layer macroblocks are encoded with this mode, the proposed scheme
is similar to MPEG-4 FGS.
In Mode 2, the base layer is predicted and reconstructed
from the previous low-quality reference, but the enhancement layer is predicted and reconstructed from the previous high-quality reference. It can significantly improve the
coding eﬃciency at moderate and high bit rates. There is no
drifting error at the base layer. When the channel bandwidth
is not high enough to transmit the high-quality reference,
this mode would cause drifting errors at the enhancement
layer.
In Mode 3, the enhancement layer is predicted from the
previous high-quality reference while reconstructed from the
previous low-quality reference at both the encoder and the
decoder. This mode was for the purpose of drifting reduction. Since the low-quality reference is always consistent at
both the encoder and the decoder, the drifting errors propagated from previous high-quality references can be eliminated with Mode 3.
More intercoding modes could be readily added in the
SMART coding as long as they have the virtue in improving coding eﬃciency or reducing error propagation. In order to achieve a good trade-oﬀ between low drifting errors
and high coding eﬃciency, a mode selection algorithm is
proposed to choose the proper coding mode for each macroblock. Besides the above three intermodes, intramode is allowed in the enhancement layer coding. Intramode or intermode is determined by motion estimation. If a macroblock
is encoded with the intramode at the base layer, the corresponding enhancement macroblock is also encoded with
the intramode without temporal prediction. If a macroblock
at the base layer is encoded with temporal prediction, the
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proposed mode selection algorithm has to determine which
intercoding mode should be used at the corresponding enhancement macroblock.
The reference for prediction in Mode 1 is of low quality
but the reference used in Mode 2 and Mode 3 is of high quality. If the absolute mean of the predicted DCT residues produced in Mode 1 is less than that in Modes 2 and 3, the current macroblock is coded using Mode 1; otherwise, the mode
selection algorithm further determines the coding mode between Mode 2 and Mode 3. Both Modes 2 and 3 are predicted
from the high-quality reference, the diﬀerence between them
lies in the reference for reconstruction. In general, most of
the enhancement macroblocks should be coded with Mode
2 for high coding eﬃciency. Mode 3 is used only when the
drifting errors are more than a given threshold. In order to
estimate the potential drifting errors at the encoder, the iterative drifting model proposed in [21] is given as follows:

0,

n = 1,
y(n) = 



MCn y(n − 1)+DCT−1 X(n − 1) ,

N ≥ n>1.
(1)

Here, N is the total number of frames in a GOP, MC(·) and
DCT1 denote motion compensation and IDCT, respectively,
y(n − 1) is the accumulative error propagated to the (n − 1)th
frame, and X(n − 1) is DCT coeﬃcients encoded in those
bit planes for reconstruction of the high-quality reference in
the (n − 1)th frame. With motion compensation, their sum
forms the next drifting errors in the nth frame. If the estimated drifting error y(n) is more than the given threshold, this macroblock is encoded with Mode 3; otherwise, this
macroblock is encoded with Mode 2.
For the convenience of a better understanding of the
proposed multiple-loop prediction, drifting reduction, and
macroblock-based mode selection, Figure 5 illustrates an exemplified block diagram of the SMART decoder with quality
scalability. There are two reference frames in the decoder. The
first one is located in the base layer decoder and stored in the
frame buﬀer 0 as a low-quality reference, while the second
one is located in the enhancement layer decoder and stored
in the frame buﬀer as a high-quality reference.
Only the low-quality reference is allowed in the reconstruction of the base layer in order to assure that no drifting error exists at this layer. The enhancement layer can use
two diﬀerent quality references for reconstruction. The enhancement bitstream is first decoded using bit plane variable
length decoding (VLD) and mode VLD. The bit planes at the
enhancement layer are categorized into a lower enhancement
layer and a higher enhancement layer. Only the bit planes
at the lower enhancement layer are used to reconstruct the
high-quality reference. In Figure 5, n(t) is the number of bit
planes at the lower enhancement layer and m(t) is the number of additional bit planes for the reconstruction of the display frame.
The decoded block-based bit planes are used to reconstruct the DCT coeﬃcients of the lower and higher enhancement layers using the bit plane shift modules. After inverse
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Figure 5: The exemplified SMART decoder with quality scalability.

DCT, the lower enhancement DCT coeﬃcients plus the reconstructed base layer DCT coeﬃcients generate the error
image for reference, and all DCT coeﬃcients including the
higher enhancement layer generate the error image for display. Furthermore, there are two switches S1 and S2 at the
SMART decoder that control which temporal prediction is
used at each enhancement macroblock. The decoded macroblock coding mode decides the actions of the two switches.
When one macroblock is coded as Mode 1, the switches S1
and S2 connect to the low-quality prediction. When it is
coded as Mode 2, both of the switches S1 and S2 connect
to the high-quality prediction. When it is coded as Mode 3,
the switch S1 connects to the low-quality prediction. However, the switch S2 still connects to the high-quality prediction. Since the display frame does not cause any error propagation, the display frame is always reconstructed from the
high-quality prediction in Mode 3.
3.4. Universal scalable coding framework
The techniques discussed in Sections 3.1, 3.2, and 3.3 can be
readily extended to the temporal and spatial scalable video
coding. The basic idea is to use more than one enhancement layer based on a common base layer to implement fine
granularity quality, temporal, and spatial scalabilities within
the same framework. In order to achieve high coding efficiency for various scalabilities, multiple prediction loops
with diﬀerent quality references are employed in the proposed framework. For example, by utilizing the high-quality
reference in the spatial enhancement layer coding, the proposed framework can likewise fulfill eﬃcient spatial scalability. The complexity scalability is inseparable with other
scalabilities in the SMART codec. It is achieved by increasing/decreasing the bit rate, frame rate, and resolution. The

changes in the frame rate and resolution provide coarse scalability on complexity. Because of the property of fine granularity of each layer on bit rate, the SMART codec also
provides fine scalability on complexity by adjusting the bit
rate of each layer. The lowest complexity bound is the lowresolution base layer decoding, which should be suﬃciently
low for many applications.
Figure 6 illustrates the proposed universal scalable coding framework. Source video with two resolutions is compressed in the proposed framework. Narrow rectangles denote low-resolution video and wide rectangles denote highresolution video. There are two diﬀerent enhancement layers
sharing a common base layer, and two optional enhancement
ones. The bottom layer is the base layer. It is usually generated as the lowest quality, lowest resolution, least smoothness, and least complexity. The quality enhancement layer
compresses the same resolution video as that at the base layer.
It will improve the decoded quality of the base layer. The temporal enhancement layer improves the base layer frame rate
and makes the decoded video look smooth. The rest two enhancement layers improve the video quality and frame rate at
high resolution. These two enhancement layers are optional
in the proposed framework and appear only if the video with
two diﬀerent resolutions is encoded. The same resolution enhancement layers are stored in the same bitstream file. Therefore, the SMART coding scheme generates at most three bitstreams: one base layer bitstream and two enhancement layer
bitstreams.
Except that the base layer is encoded with the conventional DCT transform plus VLC technique, all of the enhancement layers are encoded with the bit plane coding technique. In other words, every enhancement layer bitstream
can be arbitrarily truncated in the proposed framework. In
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packet loss ratio below a certain threshold [29]. The modelbased techniques are based on a TCP throughput model that
explicitly estimates the sending rate as a function of recent
packet loss ratio and latency. Specifically, the TCP throughput model is given by the following formula [30]:
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Figure 6: The proposed SMART coding framework.

Figure 6, each rectangle denotes the whole frame bitstream
at one enhancement layer. The shadow region is the actual
transmitted part, whereas the blank region is the truncated
part. Hence the proposed SMART video coding provides the
most flexible bit rate scalability.
Since the multiple-loop prediction technique is used in
the proposed framework, every layer, excluding the base
layer, can select the prediction from two diﬀerent references.
As shown by solid arrows with solid lines in Figure 6, the
quality enhancement layer use the reconstructed base layer
and the reconstructed quality enhancement layer at a certain bit plane as references. As shown by hollow arrows with
solid lines, the temporal enhancement layer is bidirectionally
predicted from the base layer and the quality enhancement
layer. The predictions for the two high-resolution enhancement layers are denoted by solid arrows with dashed lines
and hollow arrows with dashed lines, respectively.
Similarly, some intercoding modes are defined at the
temporal and spatial enhancement layers, which can be
found in [22, 23, 24]. Each coding mode has its unique references for prediction and reconstruction. The similar mode
selection algorithm discussed in Section 3.3 can be also applied to the temporal and spatial enhancement layers. In fact,
some other techniques proposed in [25, 26, 27, 28] can be
easily incorporated into the framework by defining several
new coding modes.
4.

CHANNEL ESTIMATION

In the streaming applications, one important component is
congestion control. Congestion control mechanisms usually
contain two aspects: estimating channel bandwidth and regulating the rate of transmitted bitstream. Since the SMART
video coding provides a set of embedded and full scalable
bitstreams, rate regulation in the SMART system is essentially equal to truncating bitstreams to a given bit rate. There
is not any complicated transcoding needed. The remaining
problem is how to estimate the channel bandwidth.
Typically, channel estimation techniques are divided into
two categories: probe-based and model-based. The probebased techniques estimate the channel bandwidth bottleneck
by adjusting the sending rate in a way that could maintain

1.22 × MTU
√ ,
RTT × p

(2)

where λ is the throughput of a TCP connection (in B/s),
MTU is the packet size used by the connection (in bytes),
RTT is the round-trip time of the connection (in seconds),
and p is the packet loss ratio of the connection.
With formula (2), the server can estimate the available
bandwidth by receiving feedback parameters RTT and p
from the client.
Among all existing model-based approaches, TCPfriendly rate control (TCP-FRC) [31] is the most deployable
and successful one. The sending rate formula, by considering
the influence of time out, is given as follows:
λ=



MTU
 

 

RTT 2p/3 + RTO 3 3p/8 p 1 + 32p2

,

(3)

where RTO is the TCP retransmission time-out value (in seconds).
However, TCP-FRC has one obvious drawback undesirable for the SMART system, that is, the estimated bandwidth
always fluctuates periodically even if the channel bandwidth
is very stable. The reason is that TCP-FRC is trying to increase the sending rate when there is no lost packet. This unfortunately leads to a short-term congestion. Since TCP-FRC
is very sensitive in the low packet loss ratio case, the sending
rate is greatly reduced again to avoid further congestion.
Therefore, the SMART system adopts a hybrid modelbased and probe-based method to estimate the available
channel bandwidth. TCP-FRC is first used to calculate an
initial estimated bandwidth by packet loss ratio and RTT.
If there is no lost packet, the estimated bandwidth should
be more than the previous estimation. On the other hand,
some packets that contain less important enhancement data
are transmitted with the probing method. This is a feature
of the SMART bitstream. Even though those packets are lost
for probing, they do not aﬀect other data packets. In general,
the estimated bandwidth by the probing method is viewed
as the bottleneck between the server and the client. The estimated bandwidth in TCP-FRC should be not more than
that estimated by the probing method. Therefore, the probing method provides an upper bound for TCP-FRC so as to
reduce fluctuations in bandwidth estimation.
Video packets in the SMART system are categorized into
three priorities for bandwidth allocation. The retransmitted
and base layer packets have the highest priority. Estimated
bandwidth is first used to deliver them to the client. The FEC
packets of the base layer have the second priority. If the estimated bandwidth is more than that needed by the highest priority packets, they are delivered prior to the enhancement packets. Finally, the remaining channel bandwidth is
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used to deliver the truncated enhancement bitstreams. In
fact, the enhancement packets also implicates several diﬀerent priorities, For example, the bit planes for reconstruction of the high-quality reference are more important than
other bit planes, and at low bit rates, the quality enhancement layer may be more important than the temporal enhancement layer, and so on. Because of limitation in pages,
this paper no longer further discusses this issue.
5.

ERROR CONTROL

In the streaming applications, error control mechanism is
another important component to ensure received bitstreams
decodable, which often includes error resilience, FEC, ARQ,
and even error concealment [32, 33]. In this section, we will
discuss the error resilience technique and unequal error protection used in the SMART system.
5.1. Flexible error resilience
Packet losses are often inevitable while transmitting compressed bitstreams over the Internet. Besides the necessary
frame header, some resynchronization markers and related
header information have to be inserted in the bitstream generation so that the lost packets do not aﬀect other data packets. This is the most simple error resilience technique, but
very useful. The resynchronization marker plus the header
and data followed is known as a slice. In MPEG-4, the resynchronization marker is a variable length symbol from 17 bits
to 23 bits [14]. The slice header only contains the index of
the first macroblock in this slice. In general, the resynchronization marker and the slice header are inserted at a given
length or number of macroblocks.
However, this method has two obvious problems when it
is applied to the enhancement layer bitstream in the SMART
system. Firstly, although the SMART enhancement layer bitstream provides bit level scalability, the actual minimum unit
in the packetization process is a slice. This would greatly reduce the granularity of scalability. Secondly, the slice length
is decided in the encoding process and fixed in the generated bitstream. For the streaming applications, it is impossible to adjust the slice length again to adapt to channel conditions. In general, longer slice means lower overhead bits
and bigger eﬀects of lost packet. On the contrary, shorter slice
means higher overhead bits and lower eﬀects of lost packet.
Adaptively adjusting the slice length is a very desirable feature in the streaming applications. Therefore, a flexible error
resilience technique is proposed in the SMART enhancement
layer bitstream.
In the SMART system, there are no resynchronization
markers and slice headers in the enhancement layer bitstream. Thus, the generated bitstream is exactly the same as
that without error resilience. But the positions of some macroblocks and their related information needed in the slice
header are recorded in a description file. Besides the index
of the first macroblock, the slice header at the enhancement
layer also contains the located bit plane of the first macroblock. We call these macroblocks resynchronization points.
Note that each resynchronization point is always macroblock

Frame:

17302 Bits: 0 Type:

2 Time 0: 19 Max layer: 9

VP start: 17808 Bits: 5 BP num: 0 isGLL:

0

MB num:

0

VP start: 17822 Bits: 3 BP num: 0 isGLL:

0

MB num:

1

VP start: 18324 Bits: 0 BP num: 2 isGLL:

0

MB num:

81

Figure 7: The exemplified description file.

aligned. In this stage, resynchronization points do not cause
actual overhead bits in the generated bitstreams. Thus, the
description file could even record every macroblock.
Figure 7 exemplifies the structure of the description file.
The fields Frame and Bits in the same row are used to locate
the start position of a frame in the bitstream. The units of
these two fields are byte and bit, respectively. The field Bits
is always zero in the first row of every frame due to bytealigned. The field Type indicates the frame type: 0 for I frame,
1 for P frame, and 2 for B frame. The field time is the relative time of the current frame. The first digit in this field
denotes the number of seconds, and the second digit denotes
the frame index in a second. The field Max Layer is the maximum number of bit planes in a frame. The fields VP start
and Bits are used to locate the start position of a macroblock.
The field BP num is the located bit plane of the current macroblock. The field isGLL indicates whether this macroblock is
used to reconstruct the high-quality reference or not. It provides a priority to transmit the enhancement bitstreams. The
field MB num is the first macroblock index in a slice.
The proposed flexible error resilience is used only at the
enhancement DCT data. If the motion vectors exist at the
enhancement layer, for example, in temporal frames, they
are diﬀerentially coded together before DCT coeﬃcients. The
VOP header and coded motion vectors are processed as a
slice. There is not any resynchronization point within them
in case that the lost motion vectors in a slice aﬀect other motion vectors decoded in another slice due to motion vector
prediction. Similar to the entropy coding used in MPEG4 FGS, there is not any DC and/or AC coeﬃcient prediction among neighboring blocks. Therefore, the slices in a
frame have no dependency except for the inherent relationship among bit planes.
With the description file, the proposed error resilience
technique in the SMART system can choose any resynchronization points to chop an enhancement layer bitstream into
slices. However, since the position of the resynchronization
point may be not byte-aligned in the bitstream, one lost
packet probably makes many packets followed undecodable.
As showed in Figure 8, macroblock N is a resynchronization point. It shares byte m in the bitstream with macroblock
N − 1. If the macroblock N is selected as the start of a slice,
these two macroblocks may not locate in the same transport
packet. If byte m belongs to the previous packet, the packet of
macroblock N is even received undecodable when the packet
of macroblock N − 1 is lost during transmission.
A simple technique is proposed to solve this problem as
shown in Figure 8. When a resynchronization point is selected as the start of one slice, the first byte of this macroblock
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Resynchronization
point
Macroblock N − 1
Byte m − 1

Macroblock N
Byte m

Macroblock N − 1
Byte m − 1
Byte m

Byte m + 1

Macroblock N
Byte m
Byte m + 1

Figure 8: The error resilience in the SMART system.

is duplicated into two slices so that the lost packet cannot affect each other. This leads to the probability that the head
and tail of each slice may have several useless bits. The decoder has to know how many useless bits should be skipped.
Therefore, the numbers of useless bits in the head and tail
generated from the description file need to be encapsulated
into the transport packet and transmitted to the client. The
fields MB num and BP num at the slice header also need to
be encapsulated into the transport packet and transmitted to
the client.
We evaluate the proposed error resilience technique compared with that in MPEG-4. In the proposed technique, a
byte has to be duplicated for every selected resynchronization
point. In addition, the corresponding numbers of useless bits
are also contained in the packet. But, bits for the resynchronization marker in MPEG-4 bitstream can be saved. Therefore, the proposed technique has the similar overhead bits in
each slice. However, it enables the SMART system to adaptively adjust the slice length according to rate-distortion optimization and channel conditions. This is a very desirable
feature in the streaming applications.
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or parity packets can be used to reconstruct the original K
source packets. In the SMART system, K is often set as N − 1
in order to avoid too much overhead introduced by FEC. The
target using FEC is mainly to recover occasional lost packet
and reduce the delay caused by ARQ.
The base layer bitstream in the SMART system is a nonscalable one. Furthermore, the motion compensation technique is used in the base layer coding. Any lost packet will
make the quality of the frames followed in a GOP degrade
rapidly. Therefore, the ARQ technique is also applied to the
base layer to handle burst packet losses. If the lost packets
that cannot be recovered from FEC are detected at the base
layer, a NACK feedback is immediately sent to the server. If
no acknowledgement feedback is received, the transmitted
base layer packets are saved in a special buﬀer. The SMART
will get the lost base layer packets from the special buﬀer and
retransmit them to the client until time out. If the base layer
packets arrive too late or are not able to be recovered by FEC
and ARQ, the SMART system will skip to the next GOP. In
addition, the client periodically sends the acknowledgement
feedback so that the server discards the received base layer
packets from the special buﬀer.
From the discussions in Section 3, we know that the
SMART video coding provides the embedded enhancement
bitstreams. Any truncation and lost packets at the enhancement bitstream are allowed. It can be gracefully recovered by
the drifting reduction technique. Therefore, no error protection techniques are applied to the enhancement packets
in the current SMART system. In fact, consider that the lost
packets in low bit planes used to reconstruct the high-quality
reference may still have a big eﬀect on maintaining high decoded quality. The techniques for partly protecting the enhancement layer packets should be further investigated.

5.2. Unequal error protection
Since the SMART video coding provides a layered bitstream
structure with a more important base layer and less important enhancement layers, error protection techniques such as
FEC and ARQ are unevenly applied to the base layer and the
enhancement layer.
In general, if the streaming systems have no request on
delay, FEC would not play an important role because the lost
packets can be recovered by ARQ. In the SMART system, the
bit rate of the base layer is very low and it may only occupy a
small part of the total bit rate (usually less than 20%). When
four data packets are protected by one FEC packet, the overhead for FEC is only about 5%. In return, if the lost packets take place randomly, most of them may be recovered by
FEC. It will considerably reduce the system delay due to ARQ.
Based on these considerations, the SMART system uses FEC
as an option at the base layer if low delay is requested in some
applications. It also provides a space to achieve a better tradeoﬀ between ARQ delay and FEC overhead.
When FEC is enabled, the base layer packets are divided
into many groups containing K source packets per group.
Assume that N − K parity packets will be produced with a
Reed-Solomon codec. When these N packets are transmitted
over the best-eﬀort Internet, any received subset of K source

6.

EXPERIMENTS

Both static and dynamic experiments are designed to evaluate the performances of the SMART system on coding eﬃciency, channel estimation, bandwidth adaptation, error robustness, and so on.
6.1.

Static tests

Three diﬀerent coding schemes, namely, MPEG-4 FGS without global motion compensation, SMART coding without
multiple-loop prediction, and SMART coding, are compared
in terms of coding eﬃciency. MPEG-4 FGS provides the reference of scalable coding scheme for comparisons. The final
drift amendment (FDAM) software of MPEG-4 FGS released
in June 2002 is used to create the results of MPEG-4 FGS [34].
The SMART system uses Windows Media Video Encoder 8.0
(WMV8) as the base layer codec. The MPEG-4 testing sequences Foreman and Coastguard with common intermediate format (CIF) are used in this experiment.
In the first set of experiments, the testing sequences are
coded at 10 Hz encoding frame rate. Only the first frame is
encoded as I frame and the rest of the frames are encoded
as P frames. The main parameters in the MPEG-4 FGS base
layer are given as follows:
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Figure 9: The curves of average PSNR versus bit rate at 10 fps without B frame and temporal scalability. (a) Foreman CIF Y (10 Hz).
(b) Coastguard CIF Y (10 Hz).

Figure 10: The curves of average PSNR versus bit rate at 30 fps with
B frame and temporal scalability. (a) Foreman CIF Y (30 Hz). (b)
Coastguard CIF Y (30 Hz).

motion estimation: ±32 pixels,
motion compensation: quarter-pixel precision,
quantization: MPEG,
direct search range: 2 (half-pixel unit),
advanced prediction: Enable,
skipped macroblock: Enable.

SMART FGS and SMART use the same coding technique
at the base layer. Since only Mode 1 is used in SMART FGS,
the enhancement layer coding is essentially the same as that
in MPEG-4 FGS. WMV8 provides a very good base layer
compared with MPEG-4; the coding eﬃciency gain at the
base layer is close to 2.8 dB in Foreman and 1.6 dB in Coastguard compared with MPEG-4 FGS. But without the proposed enhancement prediction technique, the coding eﬃciency gain is becoming smaller and smaller with bit rates
increasing. The coding eﬃciency gain of SMART FGS is only
1.6 dB in Foreman and 0.44 dB in Coastguard at the highest
bit rate. However, the SMART curves with the proposed techniques present the consistent performance in a wide range
of bit rates. The bit rate for the high-quality reference is
about 346 kbps in Foreman and 322 kbps in Coastguard. The
coding eﬃciency gain, when the high-quality reference is
available, is 2.9 dB in Foreman and 1.7 dB in Coastguard.

(i)
(ii)
(iii)
(iv)
(v)
(vi)

The results of the first set of experiments are depicted in
Figure 9. In the curves of MPEG-4 FGS, the base layer
is coded with quantization parameter 31, and the quality enhancement layer bitstream is truncated at an interval of 32 kbps. By adjusting the quantization parameter, the
SMART curve has a bit rate at the base layer similar to
MPEG-4 FGS. The curves of SMART FGS are obtained with
the SMART system by only using Mode 1. The curves of
SMART are obtained with all the discussed coding techniques in this paper.
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Figure 11: The estimated channel bandwidth in the SMART system. (a) Estimated bandwidth in bs one sequence. (b) Estimated
bandwidth in bs two sequence.

Figure 12: The decoded quality over the dynamic channel: (a)
bs one Y . (b) bs two Y .

In addition, although the high-quality references are used in
the enhancement layer coding, the SMART curves still have
the similar performance as the SMART FGS curves at low
bit rates. The SMART curve has only about 0.15 dB loss at
150 kbps. This proves that the proposed drifting reduction
technique can eﬀectively control the drifting errors.
In the second set of experiments, the testing sequences
are coded at 30 Hz encoding frame rate. Only the first frame
is coded as I frame. There are two temporal frames in the
scalable coding scheme between a pair of I and P or two P
frames. Other experimental conditions are the same as in the
first set of experiments. The same experimental results given
in Figure 10 are observed as in the first set of experiments.
Since neither MPEG-4 FGS nor the SMART codec contains one of the switching techniques, for example, S frame,
SP frame, or SF frame, the readers who are interested in the
comparisons between the scalable video coding and the SP
frame on H.26L TML can read the MPEG proposal in [35].

are used in this experiment [36]. Two CIF sequences, bs one
and bs two, each with 4032 frames (168 seconds at 24 fps)
are used. The channel bandwidth varies from 1024 kbps to
256 kbps and then recovers to 1024 kbps again with a step of
256 kbps. Every bit rate lasts 24 seconds. The dynamic channel simulation is done by the commerce simulator, the Cloud
software (http://www.shunra.com).
By using the hybrid model-based and probe-based bandwidth estimation scheme, when the sequences bs one and
bs two are transmitted over the simulated dynamic channel, the estimated bandwidth is recorded and plotted in
Figure 11. The dashed-line curves are the actual channel
bandwidth limited by the Cloud simulator. When the channel bandwidth switches from high bit rate to low bit rate,
the estimated bandwidth with TCP-FRC can rapidly decrease in order to avoid network congestion. When the channel bandwidth increases, the estimated bandwidth can also
catch this variation at a short time. Furthermore, the curves
in Figure 11 fully demonstrate the advantage of the hybrid
bandwidth estimation method, where the probing method
gives an upper bound to prevent TCP-FRC from raising the
sending rate over the network bottleneck. Therefore, the
SMART system has a stable estimation when the channel
bandwidth stays in a constant.

6.2. Dynamic tests
The dynamic experiments try to test the SMART system under the dynamic channel, such as streaming video over the
Internet, where the channel bandwidth varies in a wide range
of bit rates. The conditions of MPEG-4 FGS verification test

204

EURASIP Journal on Applied Signal Processing

The decoded quality of sequences bs one and bs two are
also recorded and plotted in Figure 12. Each sample is the average PSNR in a second. Two factors, channel bandwidth and
video content, will aﬀect the final decoded quality. Sometimes, even if the channel bandwidth is high, the decoded
PSNR may not be high due to active content. In order to
eliminate the video content factor in evaluating the performance of the SMART system on bandwidth adaptation, the
PSNR curves decoded at 1024 kbps are drawn in Figure 12 as
reference. The distances between the dynamic curve and the
1024 kbps curve reflect the bandwidth adaptation capability
of the SMART system.
As shown in Figure 12, the decoded PSNR is less than that
at 1024 kbps up to 4.4 dB from 73 to 96 seconds because the
estimated bandwidth is only 240 kbps around. From 49 to 72
seconds and from 97 to 120 seconds, the estimated channel
bandwidth is about 480 kbps. The decoded PSNR is significantly improved compared with that at 240 kbps. From 25 to
48 seconds and from 121 to 144 seconds, the estimated bandwidth is about 720 kbps. The decoded PSNR is only slightly
less than that at 1024 kbps. The SMART system provides almost the same quality as that at 1024 kbps from 1 to 24 seconds and from 145 to 168 seconds. The estimated bandwidth
in these two periods is about 950 kbps. Thus, the SMART system shows excellent performance on bandwidth adaptation.
Although there are a lot of packet losses while switching
the channel bandwidth from high bit rate to low bit rate, with
the proposed error resilience technique and unequal error
protection, all packet losses at the base layer are recovered
in the simulation. No green blocks appeared in the decoded
video. For the enhancement bitstreams, there is not any error
protection. The eﬀects of packet losses at the enhancement
layer are gradually recovered by the drifting reduction technique. There are also no obvious visual artifacts and quality
degradation in the average PSNR curves.
At last, the SMART video player is given in Figure 13. It
can real-time decode the CIF sequence at 1024 kbps with PIII
800 MHz. The decoded video is presented in the biggest window. The right-upper window shows the curve of the estimated channel bandwidth and the right-bottom window is
for the program list. The packet loss ratio is drawn in the
window between them. A progress bar is used to indicate the
status of the received buﬀer.
The proposed SMART system is also used to run the results of MPEG-4 FGS verification tests, where the SMART
codec is replaced by MPEG-4 FGS codec. The experimental
results have been released in [37].

Figure 13: The interface of the SMART video player.

ment bitstreams and the universal scalabilities. Thirdly, with
the proposed bandwidth estimation method, the SMART
system can rapidly and stably catch bandwidth variations. At
last, since a layered bitstream structure with a more important base layer and less important enhancement layers is provided in the SMART system, the base layer bitstream is highly
protected by the proposed error resilience and unequal error
protection techniques with small overhead. The SMART system can provide users with much smooth playback experience and much better visual quality in the best-eﬀort Internet.
Although the SMART system shows good performances
on coding eﬃciency, bandwidth adaptation, channel estimation, and error robustness, there are still several problems
needed to be further studied in the future, such as how to further improve the coding eﬃciency to cover an even wider bit
rate range; how to optimally allocate the available bandwidth
to diﬀerent enhancement layers so that the perception quality looks better; how to optimally packetize the base layer and
the enhancement layer bitstreams so that the packet losses
have less eﬀects; how to optimally decide the parameters in
FEC and ARQ to achieve a better trade-oﬀ between ARQ delay and FEC overhead; and how to protect those bit planes
for reconstruction of the high-quality reference at the enhancement layers with small overhead. In addition, how to
eﬀectively utilize the features and techniques of the SMART
system in the multicast applications is another topic worthy
of further study.
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We are concerned with the eﬃcient transmission of scalable compressed data over lossy communication channels. Recent works
have proposed several strategies for assigning optimal code redundancies to elements in a scalable data stream under the assumption that all elements are encoded onto a common group of network packets. When the size of the data to be encoded becomes
large in comparison to the size of the network packets, such schemes require very long channel codes with high computational
complexity. In networks with high loss, small packets are generally more desirable than long packets. This paper proposes a robust
strategy for optimally assigning elements of the scalable data to clusters of packets, subject to constraints on packet size and code
complexity. Given a packet cluster arrangement, the scheme then assigns optimal code redundancies to the source elements subject
to a constraint on transmission length. Experimental results show that the proposed strategy can outperform previously proposed
code redundancy assignment policies subject to the above-mentioned constraints, particularly at high channel loss rates.
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1.

INTRODUCTION

In this paper, we are concerned with reliable transmission of
scalable data over lossy communication channels. For the last
decade, scalable compression techniques have been widely
explored. These include image compression schemes, such
as the embedded zerotree wavelet (EZW) [1] and set partitioning in hierarchical trees (SPIHT) [2] algorithms and,
most recently, the JPEG2000 [3] image compression standard. Scalable video compression has also been an active area
of research, which has recently led to MPEG-4 fine granularity scalability (FGS) [4]. An important property of a scalable data stream is that a portion of the data stream can be
discarded or corrupted by a lossy communication channel
without compromising the usefulness of the more important
portions. A scalable data stream is generally made up of several elements with various dependencies such that the loss of
a single element might render some or all of the subsequent
elements useless but not the preceding elements.
For the present work, we focus our attention on “erasure” channels. An erasure channel is one whose data, prior
to transmission, is partitioned into a sequence of symbols,

each of which either arrives at the destination without error, or is entirely lost. The erasure channel is a good model
for modern packet networks, such as Internet protocol (IP)
and its adoption, general packet radio services (GPRS), into
the wireless realm. The important elements are the network’s
packets, each of which either arrives at the destination or is
lost due to congestion or corruption. Whenever there is at
least one bit error in an arriving packet, the packet is considered lost and so discarded. A key property of the erasure
channel is that the receiver knows which packets have been
lost.
In the context of erasure channels, Albanese et al. [5] pioneered an unequal error protection scheme known as priority encoding transmission (PET). The PET scheme works
with a family of channel codes, all of which have the same
codeword length N, but diﬀerent source lengths, 1 ≤ k ≤ N.
We consider only “perfect codes” which have the key property that the receipt of any k out of the N symbols in a
codeword is suﬃcient to recover the k source symbols. The
amount of redundancy RN,k = N/k determines the strength
of the code, where smaller values of k correspond to stronger
codes.

208

EURASIP Journal on Applied Signal Processing
Element 1

Element 2

Element 3

Element 4

Packet 1
Packet 2
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Figure 1: An example of PET arrangement of source elements into
packets. Four elements are arranged into N = 5 packets with size
S bytes. Elements Ᏹ1 to Ᏹ4 are assigned k = {2, 3, 4, 5}, respectively. The white areas correspond to the elements’ content while
the shaded areas contain parity information.

We define a scalable data source to consist of groups
of symbols, each of which is referred to as the “source element” Ᏹq having Lq symbols. Although in our experiment,
each symbol corresponds to one byte, the source symbol
is not restricted to a particular unit. Given a scalable data
source consisting of source elements Ᏹ1 , Ᏹ2 , . . . , ᏱQ having
uncoded lengths L1 , L2 , . . . , LQ and channel code redundancies RN,k1 ≥ RN,k2 ≥ · · · ≥ RN,kQ , the PET scheme packages
the encoded elements into N network packets, where source
symbols from each element Ᏹq occupy kq packets. This arrangement guarantees that the receipt of any k packets is
suﬃcient to recover all elements Ᏹ
q with kq ≤ k. The total encoded transmission length is q Lq RN,kq , which must
be arranged into N packets, each having a packet size of S
bytes. Figure 1 shows an example of arranging Q = 4 elements into N = 5 packets. Consider element Ᏹ2 , which is
assigned a (5, 3) code. Since k2 = 3, three out of the five packets contain the source element’s L2 symbols. The remaining
N − k2 = 2 packets contain parity information. Hence, receiving any three packets guarantees recovery of element Ᏹ2
and also Ᏹ1 .
Given the PET scheme and a scalable data source, several strategies have been proposed to find the optimal channel code allocation for each source element under the condition that the total encoded transmission length is no greater
than a specified maximum transmission length Lmax = NS
[6, 7, 8, 9, 10, 11, 12]. The optimization objective is an expected utility U which must be an additive function of the
source elements that are correctly received. That is,

square error (MSE) of the reconstructed image, while Uq is
the amount of reduction in MSE when element Ᏹq is recovered correctly. In the event of losing all source elements, the
reconstructed image is “blank” so −U0 corresponds to the
largest MSE and is equal to the variance of the original image. The term U0 is included only for completeness; it plays
no role in the intuitive or computational aspects of the optimization problem.
Unfortunately, these optimization strategies rely upon
the PET encoding scheme. This requires all of the encoded
source elements to be distributed across the same N packets.
Given a small packet size and large amount of data, the encoder must use a family of perfect codes with large values of
N. For instance, transmitting a 1 MB source using ATM cells
with a packet size of 48 bytes requires N = 21, 000. This imposes a huge computational burden on both the encoder and
the decoder.
In this paper, we propose a strategy for optimally assigning code redundancies to source elements under two constraints. One constraint is transmission length, which limits the amount of encoded data being transmitted through
the channel. The second constraint is the length of the channel codewords. The impact of this constraint depends on the
channel packet size and the amount of data to be transmitted. In Sections 2 and 3, we explore the nature of scalable data
and the erasure channel model. We coin the term “cluster of
packets” (COP) to refer to a collection of network packets
whose elements are jointly protected according to the PET arrangement illustrated in Figure 1. Section 4 reviews the code
redundancy assignment strategy under the condition that all
elements are arranged into a single COP; accordingly, we
identify this as the “UniCOP assignment” strategy.
In Section 5, we outline the proposed strategy for assigning source elements into several COPs, each of which
is made up of at most N channel packets, where N is the
length of the channel codewords. Whereas packets are encoded jointly within any given COP, separate COPs are encoded independently. The need for multiple COPs arises
when the maximum transmission length is larger than the
specified COP size, NS. We use the term “MultiCOP assignment” when referring to this strategy. Given arrangement of
source elements into COPs together with a maximum transmission length, we find the optimal code redundancy RN,k
for each source element so as to maximize the expected utility U. Section 6 provides experimental results in the context
of JPEG2000 data streams.

Q

U = U0 +

Uq PN,kq ,

(1)

q=1

where U0 is the amount of utility at the receiver when no
source element is received and PN,kq is the probability of recovering element Ᏹq , which is assigned an (N, kq ) code. This
probability equals the probability of receiving at least kq out
of N packets for kq > 0. If a source element is not transmitted, we assign the otherwise meaningless value of kq = 0
for which RN,kq = 0 and PN,kq = 0. As an example, for a
scalable compressed image, −U might represent the mean

2.

SCALABLE DATA

Scalable data is composed of nested elements. The compression of these elements generally imposes dependencies
among the elements. This means that certain elements cannot be correctly decoded without first successfully decoding
certain earlier elements. Figure 2 provides an example of dependency structure in a scalable source. Each “column” of
elements Ᏹ1,y , Ᏹ2,y , . . . , ᏱX,y has a simple chain of dependencies, which is expressed as Ᏹ1,y ≺ Ᏹ2,y ≺ · · · ≺ ᏱX,y . This
means that the element Ᏹ1,y must be recovered before the
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Figure 3: Example of PN,k versus RN,k characteristic with N = 50
and p = 0.3.

Figure 2: Example of dependency structure of scalable sources.

information in element Ᏹ2,y can be used and so forth. Since
each column depends on element Ᏹ0 , this element must be
recovered prior to the attempt to recover the first element of
every column. There is, however, no dependency between the
columns, that is, Ᏹx,y ⊀ Ᏹx̄, ȳ and Ᏹx,y  Ᏹx̄, ȳ , y 
= ȳ. Hence,
the elements from one column can be recovered without having to recover any elements belonging to other columns.
An image compressed with JPEG2000 serves as a good
example, since it can have a combination of dependent and
independent elements. Dependencies exist between successive “quality layers” within the JPEG2000 data stream, where
an element which contributes to a higher quality layer cannot
be decoded without first decoding elements from lower quality layers. JPEG2000 also contains elements which exhibit
no such dependencies. In particular, subbands from diﬀerent levels in the discrete wavelet transform (DWT) are coded
and represented independently within the data stream. Similarly, separate colour channels within a colour image are also
coded and represented independently within the data stream.
Elements of the JPEG2000 compressed data stream form
a tree structure, as depicted in Figure 2. The data stream
header becomes the “root” element. The “branches” correspond to independently coded precincts, each of which is decomposed into a set of elements with linear dependencies.
3.

CHANNEL MODEL

The channel model we use is that of an erasure channel, having two important properties. One property is that packets
are either received without any error or discarded due to corruption or congestion. Secondly, the receiver knows exactly
which packets have been lost. We assume that the channel
packet loss process is i.i.d., meaning that every packet has the
same loss probability p and the loss of one packet does not
influence the likelihood of losing other packets. To compare
the eﬀect of diﬀerent packet sizes, it is useful to express the
probability p in terms of a bit error probability or bit error
rate (BER) . To this end, we will assume that packet loss
arises from random bit errors in an underlying binary symmetric channel. The probability of losing any packet with size
S bytes is then p = 1 − (1 − )8S . The probability of receiving

at least k out of N packets with no error is then
N

PN,k =
i=k

N
(1 − p)i pN −i .
i

(2)

Figure 3 shows an example of the relationship between PN,k
and RN,k for the case p = 0.3. Evidently, PN,k is monotonically increasing with RN,k . Significantly, however, the curve is
not convex.
It is convenient to parametrize PN,k and RN,k by a single
parameter

N + 1 − k,
r=
0,

k > 0,
k = 0,

(3)

and to assume N implicitly for simpler notation so that
P(r) = PN,N+1−r ,

R(r) = RN,N+1−r

(4)

for r = 1, . . . , N. It is also convenient to define
P(0) = R(0) = 0.

(5)

The parameter r is more intuitive than k since r increases in
the same direction as P(r) and R(r). The special case r = 0
means that the relevant element is not transmitted at all.
4.

UNICOP ASSIGNMENT

We review the problem of assigning an optimal set of channel codes to the elements of a scalable data source, subject
to the assumption that all source elements will be packed
into the same set of N channel packets, where N is the codeword length. The number of packets N and packet size S are
fixed. This is the problem addressed in [6, 7, 8, 9, 10, 11, 12],
which we identified earlier as the UniCOP assignment problem. Puri and Ramchandran [6] provided an optimization
technique based on the method of Lagrange multipliers to
find the channel code allocation. Mohr et al. [7] proposed a
local search algorithm and later a faster algorithm [8] which
is essentially a Lagrangian optimization. Stankovic et al. [11]
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also presented a local search approach based on a fast iterative algorithm, which is faster than [8]. All these schemes
assume that the source has convex utility-length characteristic. Stockhammer and Buchner [9] presented a dynamic
programming approach which finds an optimal solution
for convex utility-length characteristics. However, for general utility-length characteristics, the scheme is close to optimal. Dumitrescu et al. [10] proposed an approach based
on a global search, which finds a globally optimal solution
for both convex and nonconvex utility-length characteristics with similar computation complexity. However, for convex sources, the complexity is lower since it need not take
into account the constraint from the PET framework that the
amount of channel code redundancy must be nonincreasing.
The UniCOP assignment strategy we discuss below is based
on a Lagrangian optimization similar to [6]. However, this
scheme not only works for sources with convex utility-length
characteristic but also applies to general utility-length characteristics. Unlike [10], the complexity in both cases is about
the same and the proposed scheme does not need to explicitly
include the PET constraint since the solution will always satisfy that constraint. Most significantly, the UniCOP assignment strategy presented here serves as a stepping stone to the
“MultiCOP assignment” in Section 5, where the behaviour
with nonconvex sources will become important.
Suppose that the data source contains Q elements and
each source element Ᏹq has a fixed number of source symbols Lq . We assume that the data source has a simple chain
of dependencies Ᏹ1 ≺ Ᏹ2 ≺ · · · ≺ ᏱQ . This dependency
will in fact impose a constraint that the code redundancy of
the source elements must be nonincreasing, RN,k1 ≥ RN,k2 ≥
· · · ≥ RN,kQ , equivalently, r1 ≥ r2 ≥ · · · ≥ rQ , such that
the recovery of the element Ᏹq guarantees the recovery of the
elements Ᏹ1 to Ᏹq−1 . Generally, the utility-length characteristic of the data source can be either convex or nonconvex.
To impart intuition, we begin by considering the former case
in which the source utility-length characteristic is convex, as
illustrated in Figure 4. That is,
UQ
U1
U2
≥
≥ ··· ≥
.
L1
L2
LQ

U

U4
U3

U2

U1
L
L1

L2

L3

L4

Figure 4: Example of convex utility-length characteristic for a scalable source consisting of four elements with a simple chain of dependencies.

subject to the overall transmission length constraint
Q

 

Lq R rq ≤ Lmax .

L=

(7)

q=1

This constrained optimization problem may be converted to a family of unconstrained optimization problems
parametrized by a quantity λ > 0. Specifically, let U (λ) and
L(λ) denote the expected utility and transmission length associated with the set {rq(λ) }1≤q≤Q , which maximize the functional
J (λ) = U (λ) − λL(λ)
Q

=
q=1









Uq P rq(λ) − λLq R rq(λ) .

(8)

(6)

We will later need to consider nonconvex utility-length characteristics when extending the protection assignment algorithm to multiple COPs even if the original source’s utilitylength characteristic was convex. Nevertheless, we will defer
the generalization to nonconvex sources for the moment until Section 4.2 so as to provide a more accessible introduction
to ideas.
4.1. Convex sources
To develop the algorithm for optimizing the overall utility U,
we temporarily ignore the constraint r1 ≥ · · · ≥ rQ , which
arises from the dependence between source elements. We will
show later that the solution we obtain will always satisfy this
constraint by virtue of the source convexity. Our optimization problem is to optimize the utility function given in (1),

We omit the term U0 since it only introduces an oﬀset to the
optimization expression and hence does not impact its solution. Evidently, it is impossible to increase U beyond U (λ)
without also increasing L beyond L(λ) . Thus if we can find λ
such that L(λ) = Lmax , the set {rq(λ) } will form an optimal solution to our constrained problem. In practice, the discrete
nature of the problem may prevent us from finding a value
λ such that L(λ) is exactly equal to Lmax , but if the source elements are small enough, we should be justified in ignoring
this small source of suboptimality and selecting the smallest
value of λ such that L(λ) ≤ Lmax . The unconstrained optimization problem decomposes into a collection of Q separate maximization problems. In particular, we seek rq(λ) which
maximizes






Jq(λ) = Uq P rq(λ) − λLq R rq(λ)



(9)
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P(r)

number of iterations required to find λopt is independent of
other parameters, such as the number of source elements Q,
the packet size S, and the codeword length N.
All that remains now is to show that this solution will
always satisfy the necessary constraint r1 ≥ r2 ≥ · · · ≥ rQ .
To this end, observe that our source convexity assumption
implies that Lq /Uq ≤ Lq+1 /Uq+1 so that

j5

j4
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j3
j2
j1


j0







ji ∈ ᏴC | SC (i) ≥ λq ⊇ ji ∈ ᏴC | SC (i) ≥ λq+1 .

(14)

It follows that
0

R(r)

Figure 5: Elements of a convex hull set are the vertices
{ j0 , j1 , . . . , j5 } which lie on the convex hull of the P(r) versus R(r)
characteristic.

for each q = 1, 2, . . . , Q. Equivalently,
that maximizes the expression

rq(λ)

is the value of r

P(r) − λq R(r),

(10)

where λq = λLq /Uq . This optimization problem arises in
other contexts, such as the optimal truncation of embedded
compressed bitstreams [13, Section 8.2]. It is known that the
solution rq(λ) must be a member of the set ᏴC which describes
the vertices of the convex hull of the P(r) versus R(r) characteristic [13, Section 8.2], as illustrated in Figure 5. Then,
if 0 = j0 < j1 < · · · < jI = N is an enumeration of the
elements in ᏴC , and


  

 P  ji  − P  ji−1  ,
SC (i) =  R ji − R ji−1

∞,

i > 0,

(11)

i = 0,

are the “slope” values on the convex hull, then SC (0) ≥
SC (1) ≥ · · · ≥ SC (I). The solution to our optimization
problem is obtained by finding the maximum value of ji ∈
ᏴC , which satisfies
 

 









P ji − λq R ji ≥ P ji−1 − λq R ji−1 .

(12)

Specifically,


 





P ji − P ji−1

 ≥ λq
rq(λ) = max ji ∈ ᏴC |  
R ji − R ji−1






(13)

= max ji ∈ ᏴC | SC (i) ≥ λq .

Given λ, the complexity of finding a set of optimal solutions
(λ)

{rq } is ᏻ(IQ). Our algorithm first finds the largest λ such

that L(λ) < Lmax and then employs a bisection search to find
opt
λopt , where L(λ )  Lmax . The number of iteration required
to search for λopt is bounded by the computation precision,
and the bisection search algorithm typically requires a small
number of iterations to find λopt . In our experiments, the
number of iterations is typically fewer than 15, which is usually much smaller than I or Q. It is also worth noting that the



rq(λ) = max ji ∈ ᏴC | SC (i) ≥ λq





(λ)
≥ max ji ∈ ᏴC | SC (i) ≥ λq+1 = rq+1 ,

4.2.

∀q.

(15)

Nonconvex sources

In the previous section, we restricted our attention to convex
source utility-length characteristics, but did not impose any
prior assumption on the convexity of the P(r) versus R(r)
channel coding characteristic. As already seen in Figure 3,
the P(r) versus R(r) characteristic is not generally convex.
We found that the optimal solution is always drawn from
the convex hull set ᏴC and that the optimization problem
amounts to a trivial element-wise optimization problem in
which rq(λ) is assigned to the largest element ji ∈ ᏴC whose
slope SC (i) is no smaller than λLq /Uq .
In this section, we abandon our assumption on source
convexity. We begin by showing that in this case, the optimal
solution involves only those protection strengths r which belong to the convex hull ᏴC of the channel code’s performance
characteristic. We then show that the optimal protection assignment depends only on the convex hull of the source
utility-length characteristic and that it may be found using
the comparatively trivial methods previously described.
4.2.1. Sufficiency of the channel coding
convex hull ᏴC
Lemma 1. Suppose that {rq(λ) }1≤q≤Q is the collection of channel
code indices which maximizes J (λ) subject to the ordering constraint r1(λ) ≥ r2(λ) ≥ · · · ≥ rQ(λ) . Then rq(λ) ∈ ᏴC for all q.
¯
More precisely, whenever there is rq ∈
/ ᏴC yielding J(λ),
there
(λ)
¯
is always another rq ∈ ᏴC , which yield J ≥ J(λ).
Proof. As before, let 0 = j0 < j1 < · · · < jI be an enumeration of the elements in ᏴC . For each ji ∈ ᏴC , define
Ᏺi = {rq(λ) | ji < rq(λ) < ji+1 }. For convenience, we define
jI+1 = ∞ so that the last of these sets ᏲI is well defined. The
objective of the proof is to show that all of these sets Ᏺi must
be empty. To this end, suppose that some Ᏺi is nonempty
and let r̄1 < r̄2 · · · < r̄Z be an enumeration of its elements.
For each r̄z ∈ Ᏺi , let Ūz and L̄z be the combined utilities and
lengths of all source elements which were assigned rq(λ) = r̄z .
That is,
Ūz =

Uq ,
(λ)

q rq =r̄z

L̄z =

Lq .
(λ)

q rq =r̄z

(16)
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For each z < Z, we could assign the alternate value of r̄z+1 to
all of the source elements with rq(λ) = r̄z without violating the
ordering constraint on r̄q(λ) . This adjustment would result in
a net increase in J (λ) of
 



 

Ūz P r̄z+1 − P r̄z

 

 
− λL̄z R r̄z+1 − R r̄z .



(18)

 


P r̄z − P r̄z−1
L̄
 

 ≥λ z.
Ūz
R r̄z − R r̄z−1

(19)

Proceeding by induction, we must have monotonically decreasing slopes
 

 

 

 





P r̄2 − P r̄1
P r̄ − P r̄Z −1
  ≥ · · · ≥  Z

.
≥  
R r̄2 − R r̄1
R r̄Z − R r̄Z −1

(20)



 

P ji+1 − P ji


 
R ji+1 − R ji

 

In the previous section, we showed that we may restrict our
attention to channel codes belonging to the convex hull set,
that is, r ∈ ᏴC , regardless of the source convexity. In this
section, we show that we may also restrict our attention to
the convex hull of the source utility-length characteristic.
Since the solution to our optimization problem satisfies
r1(λ) ≥ r2(λ) ≥ · · · ≥ rQ(λ) , it may equivalently be described in
terms of a collection of thresholds 1 ≤ ti(λ) ≤ Q which we
define according to


 





P ji+1 − P r̄z
P r̄ − P r̄z−1
L̄


  ≥  z

 ≥λ z,
Ūz
R ji+1 − R r̄z
R r̄z − R r̄z−1



(22)

meaning that all of the source elements which are currently
assigned rq(λ) = r̄z could be assigned rq(λ) = ji+1 instead without decreasing the contribution of these source elements to
J (λ) . Doing this for all z simultaneously would not violate the
ordering constraint, meaning that there is another solution,
which is at least as good as the one claimed to be optimal, in
which Ᏺi is empty.
For the case i = I, the fact that r̄1 ∈
/ ᏴC and that there are
no larger values of r which belong to the convex hull means
that (P(r̄1 ) − P( ji ))/(R(r̄1 ) − R( ji )) ≤ 0 and hence (P(r̄z ) −
P(r̄z−1 ))/(R(r̄z ) − R(r̄z−1 )) ≤ 0 for each z. But this contradicts
(19) since λ(L̄z / Ūz ) is strictly positive. Therefore, ᏲI is also
empty.

(23)

where 0 = j0 < j1 < · · · < jI = N is our enumeration
of ᏴC . For example, consider a source with Q = 6 elements
and a channel code convex hull ᏴC with ji ∈ {0, 1, 2, . . . , 6}.
Suppose that these elements are assigned

(21)

as illustrated in Figure 6. So, for any given z ≥ 1, we must
have


4.2.2. Sufficiency of the source convex hull ᏴS



 
 
 


P r̄1 − P ji
P r̄Z − P r̄Z −1
  ≥ ··· ≥  

,
≥  
R r̄1 − R ji
R r̄Z − R r̄Z −1



Figure 6: The parameters r̄1 , . . . , r̄Z between ji and ji+1 are not part
of convex hull points and have decreasing slopes.

ti(λ) = max q | rq(λ) ≥ ji ,

It is convenient, for the moment, to ignore the pathological
/ ᏴC , we must have
case i = I. Now since r̄z ∈


r̄1

ji

R(r)

Similarly, for any z ≤ Z, we could assign the alternate value of
r̄z−1 to the same source elements (where we identify r̄0 with ji
for completeness) again without violating our ordering constraint. The fact that the present solution is optimal means
that

 

r̄z
r̄z

 

P r̄z+1 − P r̄z
L̄


  ≤λ z.
Ūz
R r̄z+1 − R r̄z

P r̄1 − P ji
 
 
R r̄1 − R ji

ji+1

(17)

By hypothesis, we already have the optimal solution, so this
alternative must be unfavourable, meaning that


P(r)



r1 , r2 , . . . , r6 = (5, 3, 2, 1, 1, 0).

(24)

Then, elements that are assigned at least j0 = 0 correspond
to all the six r’s and so t0 = 6. Similarly, elements that are
assigned at least j1 = 1 correspond to the first five r’s and so,
t1 = 5. Performing the same computation as above for the
remaining ji produces




t0 , t1 , . . . , t6 = (6, 5, 3, 2, 1, 1, 0).

(25)

Evidently, the thresholds are ordered according to Q = t0(λ) ≥
t1(λ) ≥ · · · ≥ tI(λ) . The rq(λ) values may be recovered from this
threshold description according to




rq(λ) = max ji ∈ ᏴC | ti(λ) ≥ q .

(26)

Using the same example above, given the channel code convex hull points {0, 1, 2, . . . , 6} and a set of thresholds (25),
possible threshold values for Ᏹ1 are (t0 , t1 , . . . , t5 ) and so, r1 =
5. Similarly, possible threshold values for Ᏹ2 are (t0 , . . . , t3 )
and so, r2 = 3. Performing the same computation as above
for the remaining elements will produce the original code
(24). Now, the unconstrained optimization problem from
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(8) may be expressed as
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Finally, observe that
 

(λ)

t1

J (λ) =

 

  

 

Uq P j1 − λLq R j1
q=1
(λ)

t2

Uq P j2 − P j1

+
q=1



I




=
i=1

%

  
 
− λLq R j2 − R j1 + · · ·





Uq Ṗi − λLq Ṙi ,
q=1

&'

(





 





Ṙi  R ji − R ji−1 .

(28)

If we temporarily ignore the constraint that the thresholds must be properly ordered according to t1(λ) ≥ t2(λ) ≥
(λ)
· · · ≥ tI , we may maximize J (λ) by maximizing each of the
terms Oi(λ) separately. We will find that we are justified in doing this since the solution will always satisfy the threshold
ordering constraint. Maximizing Oi(λ) is equivalent to finding
ti(λ) , which maximize
(λ)

ti

Uq − λ̇i Lq ,

(29)

q=1

where λ̇i = λṘi / Ṗi . The same problem arises in connection
with optimal truncation of embedded source codes1 [13, Section 8.2]. It is known that the solutions ti(λ) must be drawn
from the convex hull set ᏴS . Similar to ᏴC , ᏴS contains vertices lying on the convex hull curve of the utility-length characteristic. Let 0 = h0 < h1 < · · · < hH = Q be an enumeration of the elements of ᏴS and let
  hn


 q=hn−1 +1 Uq ,
SS (n) =  hn
q=hn−1 +1 Lq


∞,

n > 0,

(30)

n = 0,




hn

(34)

Therefore, the required ordering property t1(λ) ≥ t2(λ) ≥ · · · ≥
tI(λ) is satisfied.
In summary, for each ji ∈ ᏴC , we find the threshold ti(λ)
from


ti(λ) = max hn ∈ ᏴS | SS (n) ≥ λ/SC (i)



(35)

and then assign (26). The solution is guaranteed to be at least
as good as any other channel code assignment, in the sense
of maximizing J (λ) subject to r1(λ) ≥ r2(λ) ≥ · · · ≥ rQ(λ) , regardless of the convexity of the source or channel codes. The
computational complexity is now ᏻ(IH) for each λ. Similar
to the convex sources case, we employ the bisection search
algorithm to find λopt .
5.

MULTICOP ASSIGNMENT

In the UniCOP assignment strategy, we assume that either
the packet size S or the codeword length N can be set sufficiently large so that the data source can always fit into N
packets. Specifically, the UniCOP assignment holds under
the following condition:
Q

 

Lq R rq ≤ NS.

(36)

q=1

be the monotonically decreasing slopes associated with ᏴS .
Then
ti(λ)

(33)





(λ)
≥ max hn ∈ ᏴS | SS (n) ≥ λ/SC (i + 1) = ti+1 .

where




hn ∈ ᏴS | SS (n) ≥ λ/SC (i)


⊇ hn ∈ ᏴS | SS (n) ≥ λ/SC (i + 1) .

ti(λ) = max hn ∈ ᏴS | SS (n) ≥ λ/SC (i)

(27)
 

(32)

It follows that

(λ)

Oi

Ṗi  P ji − P ji−1 ,



Monotonicity of the channel coding slopes SC (i) implies that
SC (i) ≥ SC (i + 1) and hence λ/SC (i) ≤ λ/SC (i + 1). Then,



(λ)

ti



R ji − R ji−1
Ṙi
1

 =
=  
.
SC (i)
P ji − P ji−1
Ṗi

 




= max hn ∈ ᏴS |
Uq − λ̇i Lq ≥ 0

q=hn−1 +1


hn


q=hn−1 +1 Uq
= max hn ∈ ᏴS | hn
≥ λ̇i


q=hn−1 +1 Lq


= max hn ∈ ᏴS | SS (n) ≥ λ̇i


= max hn ∈ ᏴS | SS (n) ≥ λṘi / Ṗi .

(31)

1 In fact, this is the same problem as in Section 4.1 except that P(r) and


R(r) are replaced with tq=1 Uq and tq=1 Lq .

Recall from Figure 1 that NS is the COP size.
The choice of the packet size depends on the type of
channel that the data is transmitted through. Some channels
might have low BERs allowing the use of large packet sizes
with a reasonably high probability of receiving error-free
packets. However, wireless channels typically require small
packets due to their much higher BER. Packaging a large
amount of source data into small packets requires a large
number of packets and hence long codewords. This is undesirable since it imposes a computational burden on both
the channel encoder and, especially, the channel decoder.
If the entire collection of protected source elements cannot fit into a set of N packets of length S, more than one
COP must be employed. When elements are arranged into
COPs, we no longer have any guarantee that a source element

214

EURASIP Journal on Applied Signal Processing

with a stronger code can be recovered whenever a source element with a weaker code is recovered. The code redundancy
assignment strategy described in Section 4 relies upon this
property in order to ensure that element dependencies are
satisfied, allowing us to use (1) for the expected utility.
5.1. Code redundancy optimization
Consider a collection of C COPs {Ꮿ1 , . . . , ᏯC } characterized
by {(s1 , f1 ), . . . , (sC , fC )}, where sc and fc represent the indices of the first and the last source elements residing in the
COP Ꮿc . We assume that the source elements have a simple chain of dependencies Ᏹ1 ≺ Ᏹ2 ≺ · · · ≺ ᏱQ such that
prior to recovering an element Ᏹq , all preceding elements
Ᏹ1 , . . . , Ᏹq−1 must be recovered first. Within each COP Ꮿi ,
we can still constrain the code redundancies to satisfy
rsi ≥ rsi +1 ≥ · · · ≥ r fi

(37)

and guarantee that no element in COP Ꮿi will be recovered
unless all of its dependencies within the same COP are also
recovered. The probability P(r fi ) of recovering the last element Ᏹ fi thus denotes the probability that all elements in
COP Ꮿi are recovered successfully. Therefore, any element Ᏹq
in COP Ꮿc , which is correctly recovered from the channel,
will be usable if and only if the last element of each earlier
COP is recovered. This changes the expected utility in (1) to
C

fc

c−1
 


U = U0 +

Uq P rq

P r fi

c=1 q=sc

we can find a set of code redundancies {rsc , . . . , r fc } which
maximizes J (λ) subject to all other rq ’s being held constant.
The solution is sensitive to the initial {rq } set since the optimization problem is multimodal. However, as we shall see
shortly in Section 5.2, since we build multiple COPs out of
one COP, it is reasonable to set the initial values of {rq } equal
to those obtained from the UniCOP assignment of Section 4.
The UniCOP assignment works under the assumption that
all encoded source elements can fit into one COP. This algorithm is guaranteed to converge as we cycle through each
COP in turn, since the code redundancies for each COP either increase J (λ) or leave it unchanged,
 and the optimization
objective is clearly bounded above by q Uq . The optimal solution for each COP is found by employing the scheme developed in Section 4. Our optimization objective for each COP
Ꮿc is to maximize a quantity



.

fc

Jc(λ) =

(39)

for each COP Ꮿc . Similar to the UniCOP assignment strategy,
this constrained optimization problem can be converted into
a set of unconstrained optimization problems parametrized
by λ. Specifically, we search for the smallest λ such that L(λ) ≤
Lmax , where L(λ) is the overall transmission length associated
with the set {rq(λ) }1≤q≤Q , which maximizes

C

fc

c=1 q=sc



Uq P rq(λ)

c−1


i=1





− λLq R rq(λ)
P r (λ)
fi



P rq(λ)



(41)

i=1

 
rq(λ) + P r (λ)
fc Γc

m=c+1 n=sm



Un P rn(λ)

−1
 m

i=1, i
=c





P r (λ)
fi ;

(42)

Γc can be considered as an additional contribution to the effective utility of Ᏹ fc .
Evidently, Γc is nonnegative, so it will always increase the
eﬀective utility of the last element in any COP Ꮿc , c < C. Even
if the original source elements have a convex utility-length
characteristic such that
U fc
Usc
Us +1
≥ c ≥ ··· ≥
,
Lsc
Lsc +1
L fc

(43)

the optimization of Jc(λ) subject to rsc ≥ rsc+1 ≥ · · · ≥ r fc
involves the eﬀective utilities

(40)

subject to the constraint rsc ≥ rsc +1 ≥ · · · ≥ r fc for all c.
This new functional turns out to be more diﬃcult to optimize than that in (8) since the product terms in U (λ) couple
the impact of code redundancy assignments for diﬀerent elements. In fact, the optimization objective is generally multimodal exhibiting multiple local optima.
Nevertheless, it is possible to devise a simple optimization strategy, which rapidly converges to a local optimum,
with good results in practice. Specifically, given an initial set
of {rq }1≤q≤Q and considering only one COP, Ꮿc , at a time,


 



fm

C

Γc =

J (λ) = U (λ) − λL(λ)
=

q=sc

P r (λ)
fi

while keeping code redundancies in other COPs constant.
The last element Ᏹ fc in COP Ꮿc is unique since its recovery
probability appears in the utility term of succeeding elements
Ᏹ fc +1 , . . . , ᏱQ which reside in COPs Ꮿc+1 , . . . , ᏯC . This eﬀect
is captured by the term

(38)

rsc ≥ rsc +1 ≥ · · · ≥ r fc

 c−1
 

− λLq R

i=1

Our objective is to maximize this expression for U subject
to the same total length constraint Lmax , as given in (7), and
subject also to the constraint that

Uq




c−1


 



U
P r (λ)

q
fi ,



Uq = 






U q

i=1
c−1

i=1

P




r (λ)
+ Γc ,
fi

q = sc , . . . , fc − 1,
(44)
q = fc .

Apart from the last element q = fc , Uq is a scaled version
,

of Uq involving the same scaling factor ic=−11 P(ri(λ) ) for each
q. However, the last element Ᏹ fc has an additional utility Γc
which can destroy the convexity of the source eﬀective utilitylength characteristic. This phenomenon forms the principle
motivation for the development in Section 4 of code redundancy assignment strategy, which is free from the assumption
of convexity on the source or channel code characteristic.
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In summary, the code redundancy assignment strategy
for multiple COPs involves cycling through the COPs one at
a time, holding the code redundancy for all COPs constant,
and finding the values of rq(λ) , sc ≤ q ≤ fc , which maximize


=
q=sc

Ꮿc
Step t




(λ)

Uq P rq




(λ)

− λLq R rq

(45)

subject to the constraint rsc ≥ · · · ≥ r fc . Maximization of
Jc(λ) subject to rsc ≥ · · · ≥ r fc , is achieved by using the strategy developed in Section 4, replacing each element’s utility
Uq with its current eﬀective utility Uq . Specifically, for each

ti(λ)
where



= max hn ∈

ᏴS(c)



| SS (n) ≥ λ/SC (i) ,


hn


U

 q=hn−1 +1 q ,
hn
SS (n) =  q=h +1 Lq
n−1


∞,

ᏯCt
Q

f

fc 

f +1

fCt+1

Step t + 1 1

Q
Ꮿc

ᏯCt+1

Figure 7: Case 1 of the COP allocation algorithm. At step t, LᏯc
exceeds NS and hence is truncated. Its trailing elements and the rest
of source elements are allocated to one COP, ᏯCt+1 .

COP Ꮿc , we find a set of {ti(λ) } which must be drawn from the
convex hull set ᏴS(c) of the source eﬀective utility-length characteristic. Since U fc is aﬀected by {r fc +1 , . . . , rQ }, elements in
ᏴS(c) may vary depending on these code redundancies and
thus must be recomputed at each iteration of the algorithm.
Then,

Ꮿc +1

1
Sc

fc

Jc(λ)
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ᏯCt

Ꮿ1
Step t

Q

1
f Ct
SCt

(46)

f Ct

SCt+1

fCt+1

Step t + 1 1

n>0

(47)

n = 0.

The solution rq(λ) may be recovered from ti(λ) using (26). As
in the UniCOP case, we find the smallest value of λ such
that the resulting solution satisfies L(λ) ≤ Lmax . Similar to the
UniCOP assignment of nonconvex sources, for each COP Ꮿc ,
the computation complexity is ᏻ(IHc ), where Hc is the number of elements in ᏴS(c) . Hence, in each iteration, it requires

ᏻ(IH) computations, where H = Cc=1 Hc . For some λ > 0, it
typically requires fewer than 10 iterations for the solution to
converge.
5.2. COP allocation algorithm
We are still left with the problem of determining the best allocation of elements to COPs subject to the constraint that
the encoded source elements in any given COP should be no
larger than NS. When Lmax is larger than NS, the need to use
multiple COPs is inevitable. The proposed algorithm starts
by allocating all source elements to a single COP Ꮿ1 . Code
redundancies are found by applying the UniCOP assignment
strategy of Section 4. COP Ꮿ1 is then split into two parts, the
first of which contains as many elements as possible ( f1 as
large as possible) while still having an encoded length LᏯ1 no
larger than NS. At this point, the number of COPs is C = 2
and Ꮿ2 does not generally satisfy LᏯ2 ≤ NS.
The algorithm proceeds in an iterative sequence of steps.
At the start of the tth step, there are Ct COPs, all but the last
of which have encoded lengths no larger than NS. In this step,
we first apply the MultiCOP code redundancy assignment algorithm of Section 5.1 to find a new set of {rsc , . . . , r fc } for
each COP Ꮿc maximizing the total expected utility subject to

Q
ᏯCt

ᏯCt+1

Figure 8: Case 2 of the COP allocation algorithm. At step t, the last
COP is divided into two, the first of which, ᏯCt , satisfies NS.

the overall length constraint Lmax . The new code redundancies produced by the MultiCOP assignment algorithm may
cause one or more of the initial Ct − 1 COPs to violate the encoded length constraint of LᏯc ≤ NS. In fact, as the algorithm
proceeds, the encoded lengths of source elements assigned to
all but the last COP tend to increase rather than decrease, as
we shall argue later. The step is completed in one of two ways
depending on whether or not this happens.
Case 1 (LᏯc > NS for some c < Ct ). Let Ꮿc be the first COP
for which LᏯc > NS. In this case, we find the largest value
 
of f  ≥ sc such that qf =sc Lq R(rq ) ≤ NS. COP Ꮿc is truncated by setting fc = f  and all of the remaining source elements Ᏹ f  +1 , Ᏹ f  +2 , . . . , ᏱQ are allocated to Ꮿc +1 . The algorithm proceeds in the next step with only Ct+1 = c + 1 ≤ Ct
COPs, all but the last of which satisfy the length constraint.
Figure 7 illustrates this case.
Case 2 (LCc ≤ NS, for all c < Ct ). In this case, we find the

largest value of f ≥ sCt in order to satisfy qf =sCt Lq R(rq ) ≤
NS, setting fCt = f . If f = Q, all source elements are
already allocated to COPs, satisfying the length constraint,
and their code redundancies are already jointly optimized, so
we are done. Otherwise, the algorithm proceeds in the next
step with Ct+1 = Ct + 1 COPs, where ᏯCt+1 contains all of
the remaining source elements Ᏹ f +1 , Ᏹ f +2 , . . . , ᏱQ . Figure 8
demonstrates this case.
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To show that the algorithm must complete after a finite
number of steps, observe first that the number of COPs must
be bounded above by some quantity M ≤ Q. Next, define an
integer-valued functional
Ct

Zt =
c=1

5.3.
- (t) - (M −c)
-Ꮿ -Q
,
c

(48)

where Ꮿ(t)
c  denotes the number of source elements allocated to COP Ꮿc at the beginning of step t. This functional
has the important property that each step in the allocation
algorithm decreases Zt . Since Zt is always a positive finite integer, the algorithm must therefore complete in a finite number of steps. To see that each step does indeed decrease Zt ,
consider the two cases. If step t falls into Case 1, with Ꮿc the
COP whose contents are reduced, we have
c −1

Zt+1 =
c=1

- (t) - (M −c) 
 (M −c )
-Ꮿ -Q
+ f + 1 − s(t)
c Q
c


+ (Q − f )Q(M −c −1)
c

=
c=1

- (t) - (M −c) 
 (M −c −1)
-Ꮿ -Q
+ Q − fc(t)
Q

c



 (t)


− fc − f Q(M −c ) − Q(M −c −1)

Ct

(49)

- (t) - (M −c)

-Ꮿ -Q
+ (Q − 2) · QM −c −1

<
c=1

c





− Q(M −c ) − Q(M −c −1)

Ct

<
c=1

In practice, as the algorithm proceeds, we always observe that
the code redundancies assigned to source elements in earlier
COPs either remain unchanged or else increase.

- (t) - (M −c)
-Ꮿ -Q
= Zt .
c

If step t falls into Case 2, some of the source elements are
moved from ᏯCt to ᏯCt +1 , where their contribution to Zt is
reduced by a factor of Q, so Zt+1 < Zt .
The key property of our proposed COP allocation algorithm, which ensures its convergence, is that whenever a step
does not split the final COP, it necessarily decreases the number of source elements contained in a previous COP Ꮿc . The
algorithm contains no provision for subsequently reconsidering this decision and moving some or all of these elements
back into Ꮿc . We claim that there is no need to revisit the decision to move elements out of Ꮿc for the following reason.
Assuming that we do not alter the contents of any previous
COPs (otherwise, the algorithm essentially restarts from that
earlier COP boundary), by the time the allocation is completed, all source elements following the last element in Ꮿc
should be allocated to COPs Ꮿc , with indices c at least as large
as they were in step t. Considering (44), the eﬀective utilities
of these source elements will tend to be reduced relative to
the eﬀective utilities of the source elements allocated to Ꮿ1
through Ꮿc . Accordingly, one should expect the source elements allocated to Ꮿ1 through Ꮿc to receive a larger share
of the overall length budget Lmax , meaning that their coded
lengths should be at least as large as they were in step t.
While this is not a rigorous proof of optimality, it provides
a strong justification for the proposed allocation algorithm.

Remarks on the effect of packet size

Throughout this paper, we have assumed that P(rq ), the
probability of receiving suﬃcient packets to decode an element Ᏹq , depends only on the selection of rq = N − kq + 1,
where an (N, kq ) channel code is used. The value of N is fixed,
but as discussed in Section 3, the value of P(rq ) also depends
upon the actual size of each encoded packet. We have taken
this to be S, but our code redundancy assignment and COP
allocation algorithms use S only as an upper bound for the
packet size. If the maximum NS bytes are not used by any
COP, each packet may actually be smaller than S. This, in
turn, may alter the values of P(rq ) so that our assigned codes
are no longer optimal.
Fortunately, if the individual source elements are sufficiently small, the actual size of each COP should be approximately equal to its maximum value of NS, meaning
that the actual packet size should be close to its maximum
value of S. It is true that allocating more COPs, each with a
smaller packet size, can yield higher expected utilities. However, rather than explicitly accounting for the eﬀect of actual packet sizes within our optimization algorithm, various
values for S are considered in an “outer optimization loop.”
In particular, for each value of S, we compute the channel
coding characteristic described by P(rq ) and R(rq ) and then
invoke our COP allocation and code redundancy optimization algorithm. Section 6 presents expected utility results obtained for various values of S. One potential limitation of this
strategy is that the packet size S is essentially being forced to
take on the same value within each COP. We have not considered the possibility of allowing diﬀerent packet sizes or even
diﬀerent channel code lengths N for each COP.
6.

COMPARATIVE RESULTS

In this section, we compare the total expected utility of a
compressed image at the destination whose code redundancies have been determined using the UniCOP and MultiCOP
assignment strategies described in Sections 4 and 5. We select a code length N = 100, a maximum transmission length
Lmax = 1 000 000 bytes, a range of BER , and packet sizes
S. The scalable data source used in these experiments is a
2560 × 2048 JPEG2000 compressed image, decomposed into
6 resolution levels. The image is grayscale exhibiting only one
colour component and we treat the entire image as one tile
component. Each resolution level is divided into a collection
of precincts with size 128 × 128 samples, resulting in a total of
429 precincts. Each precinct is further decomposed into 12
quality elements. Overall, there are 5149 elements, treating
each quality element and the data stream header as a source
element. It is necessary to create a large number of source elements so as to minimize the impact of the discrete nature
of our optimization problem, which may otherwise produce
suboptimal solutions as discussed in Section 4.1.
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practice, this assumption is excessively conservative since JPEG2000
decoders are able to recover well from some types of error.
3 Peak signal-to-noise ratio is defined as 10 log(P 2 /MSE), where P is the
peak-to-peak signal amplitude. In this case, P = 255 since we are working
with 8-bit images.
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Figure 10: Comparative performance between UniCOP and MultiCOP assignment strategies with  = 10−4 .
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We arrange the source elements into a linear sequence exhibiting a simple chain of dependencies with a convex utilitylength characteristic. For simplicity, we assume that in the
event, where any part of any element is corrupted, the entire
element will be rendered useless along with all subsequent elements which depend upon it.2 The UniCOP results were obtained by using the UniCOP assignment under the assumption that all source elements can be arranged into one COP.
The encoded elements are then assigned to multiple COPs,
whenever this is demanded by the constraint NS. The utility
measure used here is a negated MSE, and the total expected
utility is conveniently expressed in terms of peak signal-tonoise ratio (PSNR).3 An improvement in the expected utility
is equivalent to an increase in PSNR. To get a reasonable approximation of the total expected utility for each value of the
packet size parameter S, the number of experiments which
we run to find the overall expected utility is adjusted according to the packet loss probability. The MultiCOP results were
based on the MultiCOP assignment algorithm, which progressively allocates source elements to COPs and assigns code
redundancies to source elements accordingly. Figures 9, 10,
and 11 compare the UniCOP results with those obtained by
using the MultiCOP assignment strategy.
If all of the coded source elements are able to fit inside a
single COP subject to the constraints determined by N and
S, the UniCOP assignment will be optimal. Moreover, in this
case, the UniCOP and MultiCOP strategies produce identical solutions. Otherwise, source elements must be assigned
to multiple COPs, violating some of the assumptions underlying the UniCOP assignment strategy. In particular, the
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Figure 9: Comparative performance between UniCOP and MultiCOP assignment strategies with  = 10−3 .
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Figure 11: Comparative performance between UniCOP and MultiCOP assignment strategies with  = 10−5 .

recovery of any element Ᏹq no longer guarantees the recovery of all the preceding elements Ᏹ1 , . . . , Ᏹq−1 whose code redundancies are at least equal to that of Ᏹq . In this case, we
would expect to see the MultiCOP assignment strategy providing superior performance. Figures 9, 10, and 11 show that
both UniCOP and MultiCOP assignment strategies produce
higher PSNR when the packet sizes are small. This is due to
the fact that for a given BER, the packet loss probability decreases with decreasing the packet size. Low packet loss probability allows the elements to be assigned with weak codes
and hence to be encoded with lower amount of redundancy.
Therefore, it is possible to transmit more encoded elements
without exceeding the maximum length Lmax .
The PSNR values from the MultiCOP assignment strategy are always higher relative to the UniCOP case for a given
packet size and BER. The MultiCOP assignment process
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described in Section 5 increases the expected utilities of the
elements in the earlier COPs relative to those of the elements
in the later COPs. This causes the same or a stronger code to
be assigned to the elements in the earlier COPs. As a result,
the elements in the earlier COPs are not corrupted as easily
by packet loss.
The improvement in the PSNR for the MultiCOP assignment also depends on the BER . At high BER, the diﬀerence
in PSNR could reach above 5 dB, but at low BER, the difference is at most 2 dB. The main reason for this is that the
high BER, which requires the use of small packet sizes, produces a large number of COPs. Therefore, the code redundancies produced by the MultiCOP assignment diﬀer much
from those produced by the UniCOP assignment at high error rates. Accordingly, the MultiCOP assignment strategy is
particularly very appealing for channels with high error rates,
such as wireless channels.
Finally, the results show that for any given BER , the improvement in PSNR diminishes as the packet size decreases.
This is due to the fact that fewer packets are lost since a decrease in packet size reduces packet loss probability. In turn,
the likelihood of recovering source elements for both MultiCOP and UniCOP assignment strategies increases, resulting
in similar overall expected utility. Of course, applications do
not generally have the freedom of selecting packet sizes. The
use of small packets increases the amount of the packet overhead, a fact which is not taken into account in the results
presented here.
7.

CONCLUSIONS

Although PET provides an excellent framework for optimal
protection of scalable data sources against erasure, it suﬀers
from a diﬃculty that all channel codes must span the entire collection of network packets. In many practical applications, the size of the data source is large and packet sizes
must be relatively small, leading to the need for long and
computationally demanding channel codes. Two solutions to
this problem present themselves immediately. Small network
packets can be concatenated forming larger packets, thereby
reducing the codeword length of the channel codes. Unfortunately, an erasure channel model is required such that the
larger packets must be considered lost if any of their constituent packets are lost. Clearly, this solution is unsuitable
for channels with significant packet loss probability.
As an alternative, the code redundancy assignment optimized for the PET framework could be used with shorter
channel codes representing smaller COPs. When data must
be divided up into independently coded COPs with shorter
channel codes, the MultiCOP assignment strategy proposed
in this paper provides significant improvements in the expected utility (PSNR). Nevertheless, the need to use multiple COPs imposes a penalty of its own. One drawback of
the multiple COP assignment strategy is the amount of computation required to determine optimal code redundancies
at the transmitter. This is particularly significant when there
are large numbers of source elements and/or the COP size

is small. It is reasonable to expect exactly these conditions
when transmitting a large compressed image over a wireless
network. The development of fast algorithms for finding the
MultiCOP assignment remains an active topic of investigation.
Including the codeword length as a parameter in the code
redundancy assignment problem allows for flexibility in the
choice of channel coding complexity. Since the channel decoder is generally more complex than the channel encoder,
selecting short codewords will ease the computational burden at the receiver. This is particularly important for wireless
mobile devices which have tight power and hence computation constraints.
REFERENCES
[1] J. M. Shapiro, “An embedded hierarchical image coder using
zerotrees of wavelet coeﬃcients,” in Proc. IEEE Data Compression Conference, pp. 214–223, Snowbird, Utah, USA, March–
April 1993.
[2] A. Said and W. A. Pearlman, “A new, fast, and eﬃcient image
codec based on set partitioning in hierarchical trees,” IEEE
Trans. Circuits and Systems for Video Technology, vol. 6, no. 3,
pp. 243–250, 1996.
[3] ISO/IEC 15444-1, “JPEG2000 image coding system,” 2000.
[4] W. Li, “Overview of fine granular scalability in MPEG-4 video
standard,” IEEE Trans. Circuits and Systems for Video Technology, vol. 11, no. 3, pp. 301–317, 2001.
[5] A. Albanese, J. Blomer, J. Edmonds, M. Luby, and M. Sudan,
“Priority encoding transmission,” IEEE Trans. Inform. Theory,
vol. 42, no. 6, pp. 1737–1744, 1996.
[6] R. Puri and K. Ramchandran, “Multiple description source
coding using forward error correction codes,” in Proc.
33rd Asilomar Conference on Signals, Systems, and Computers,
vol. 1, pp. 342–346, Pacific Grove, Calif, USA, October 1999.
[7] A. Mohr, E. Riskin, and R. Ladner, “Unequal loss protection: Graceful degredation of image quality over packet erasure channels through forward error correction,” IEEE Journal on Selected Areas in Communications, vol. 18, no. 6, pp.
819–828, 2000.
[8] A. Mohr, R. Ladner, and E. Riskin, “Approximately optimal
assignment for unequal loss protection,” in Proc. IEEE International Conference on Image Processing, vol. 1, pp. 367–370,
BC, Canada, September 2000.
[9] T. Stockhammer and C. Buchner, “Progressive texture video
streaming for lossy packet networks,” in Proc. 11th Internatinal Packet Video Workshop, Kyongju, Korea, May 2001.
[10] S. Dumitrescu, X. Wu, and Z. Wang, “Globally optimal uneven error-protected packetization of scalable code streams,”
in Proc. IEEE Data Compression Conference, pp. 73–82, Snowbird, Utah, USA, April 2002.
[11] V. Stankovic, R. Hamzaoui, and Z. Xiong, “Packet loss protection of embedded data with fast local search,” in Proc. IEEE
International Conference on Image Processing, vol. 2, pp. 165–
168, Rochester, NY, USA, September 2002.
[12] J. Thie and D. Taubman, “Optimal protection assignment for
scalable compressed images,” in Proc. IEEE International Conference on Image Processing, vol. 3, pp. 713–716, Rochester, NY,
USA, September 2002.
[13] D. Taubman and M. Marcellin, Eds., JPEG2000: Image
Compression Fundamentals, Standards and Practice, vol. 642,
Kluwer Academic Publishers, Boston, Mass, USA, 2001.

Optimal Erasure Protection Assignment for Scalable Compressed Data
Johnson Thie received his B.E. degree in
electrical engineering and his Master of
Biomedical Engineering from the University of New South Wales, Australia, in 2000.
He is currently a Ph.D. student in the School
of Electrical Engineering & Telecommunications at the same university. Mr. Thie
spent two summers (1996–1998) at the
St George Hospital, Sydney, for industrial
training. During the summer of 1998–1999,
he worked at the Centre of Telecommunications and Industrial
Physics, a division of Commonwealth Scientific & Industrial Research Organization (CSIRO), Australia. His research interests are
distribution of compressed media over packet-based networks and
general applications of signal/image processing in medicine.
David Taubman received his B.S. degree in
computer science and mathematics and the
B.E. degree in electrical engineering in 1986
and 1988 from the University of Sydney, and
his M.S. and Ph.D. degrees in electrical engineering in 1992 and 1994 from the University of California, Berkeley. From 1994 to
1998, he worked at Hewlett-Packard’s Research Laboratories in Palo Alto, California. He joined the University of New South
Wales in 1998 as a Senior Lecturer in the School of Electrical Engineering and Telecommunications. Dr. Taubman was awarded the
University Medal from the University of Sydney, as well as the Institution of Engineers, Australia Prize, and the Texas Instruments
Prize for digital signal processing, all in 1998. He has received two
Best Paper Awards from the IEEE Circuits and Systems Society
in 1997 for the 1996 paper, “A common framework for rate and
distortion based scaling of highly scalable compressed video,” and
from the IEEE Signal Processing Society in 2002 for the 2000 paper, “High performance scalable image compression with EBCOT.”
Dr. Taubman’s research interests include highly scalable image and
video compression, inverse problems in imaging, perceptual modeling, and multimedia distribution. He currently serves as an Associate Editor for the IEEE Transactions on Image Processing.

219

EURASIP Journal on Applied Signal Processing 2004:2, 220–235
c 2004 Hindawi Publishing Corporation


Performance and Complexity Co-evaluation
of the Advanced Video Coding Standard
for Cost-Effective Multimedia Communications
Sergio Saponara
Interuniversity Microelectronics Center (IMEC), Kapeldreef 75, B-3001 Leuven, Belgium
Email: s.saponara@iet.unipi.it

Kristof Denolf
Interuniversity Microelectronics Center (IMEC), Kapeldreef 75, B-3001 Leuven, Belgium
Email: denolf@imec.be

Gauthier Lafruit
Interuniversity Microelectronics Center (IMEC), Kapeldreef 75, B-3001 Leuven, Belgium
Email: lafruit@imec.be

Carolina Blanch
Interuniversity Microelectronics Center (IMEC), Kapeldreef 75, B-3001 Leuven, Belgium
Email: blanch@imec.be

Jan Bormans
Interuniversity Microelectronics Center (IMEC), Kapeldreef 75, B-3001 Leuven, Belgium
Email: bormans@imec.be
Received 22 November 2002; Revised 26 September 2003
The advanced video codec (AVC) standard, recently defined by a joint video team (JVT) of ITU-T and ISO/IEC, is introduced
in this paper together with its performance and complexity co-evaluation. While the basic framework is similar to the motioncompensated hybrid scheme of previous video coding standards, additional tools improve the compression eﬃciency at the expense of an increased implementation cost. As a first step to bridge the gap between the algorithmic design of a complex multimedia system and its cost-eﬀective realization, a high-level co-evaluation approach is proposed and applied to a real-life AVC design.
An exhaustive analysis of the codec compression eﬃciency versus complexity (memory and computational costs) project space is
carried out at the early algorithmic design phase. If all new coding features are used, the improved AVC compression eﬃciency
(up to 50% compared to current video coding technology) comes with a complexity increase of a factor 2 for the decoder and
larger than one order of magnitude for the encoder. This represents a challenge for resource-constrained multimedia systems such
as wireless devices or high-volume consumer electronics. The analysis also highlights important properties of the AVC framework
allowing for complexity reduction at the high system level: when combining the new coding features, the implementation complexity accumulates, while the global compression eﬃciency becomes saturated. Thus, a proper use of the AVC tools maintains the
same performance as the most complex configuration while considerably reducing complexity. The reported results provide inputs
to assist the profile definition in the standard, highlight the AVC bottlenecks, and select optimal trade-oﬀs between algorithmic
performance and complexity.
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1.

INTRODUCTION

New applications and services in the communication and
computing technology mainly focus on the processing and
transmission of multimedia contents with portable and per-

sonal access to the information. While the enabling technologies for speech, data, text, and audio are available today (allowing the widespread diﬀusion of mobile phones, MP3 music players, global positioning systems to name but a few), the
management of video information represents a remaining
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design challenge for its inherent high data rates and storage burdens. To cope with this issue, the advanced video
codec (AVC), recently defined in a standardization eﬀort of
the ITU-T and ISO/IEC joint video team (JVT) [1, 2, 3, 4],
promises both enhanced compression eﬃciency over existing
video coding standards (H.263 [5], MPEG-4 Part 2 [6, 7])
and network friendly video streaming. The codec aims at
both conversational (bidirectional and real-time videotelephony, videoconferencing) and nonconversational (storage,
broadcasting, streaming) applications for a wide range of bitrates over wireless and wired transmission networks.
Like previous video coding standards [5, 6, 7], AVC is
based on a hybrid block-based motion compensation and
transform-coding model. Additional features improve the
compression eﬃciency and the error robustness at the expense of an increased implementation complexity. This directly aﬀects the possibility for cost-eﬀective development
of AVC-based multimedia systems and hence the final success of the standard. The scope of this paper is the exploration of the compression eﬃciency versus implementation
cost design space to provide early feedbacks on the AVC bottlenecks, select the optimal use of the coding features, and
assist the definition of profiles in the standard. The complexity analysis focuses on the data transfer and storage, as
these are the dominant cost factors in multimedia system
design for both software- and hardware-based architectures
[8, 9, 10, 11, 12, 13, 14, 15, 16]. Memory metrics are completed by computational burden measures. A comparison of
the new codec with respect to current video coding technology, in terms of both compression eﬃciency and implementation cost, is also provided.
The paper is organized as follows. After a review of
known profiling methodologies for multimedia system design, Section 2 defines and motivates the analysis approach
adopted throughout the paper. A description of the upcoming standard including both encoder and decoder architectures is addressed in Section 3. Section 4 describes the
testbench environment. Section 5 presents the global results
obtained for the codec in terms of compression eﬃciency,
memory cost, and computational burden. Section 6 exploits
a multiobjective analysis to select the optimal trade-oﬀ between algorithmic performance and implementation cost.
Section 7 deals with the definition of profiles in the standard.
Conclusions are drawn in Section 8.
2.

PERFORMANCE AND COMPLEXITY
EVALUATION METHODOLOGY

As sketched in Figure 1, the design flow of complex multimedia systems such as video codecs typically features two main
steps: an algorithmic development phase followed by a system implementation process. The first step focuses on algorithmic performance (peak signal-to-noise ratio (PSNR), visual appearance, and bit rate). The algorithmic specification
is typically released as a paper description plus a software verification model (often in C). Usually, the software model is
not optimized for a cost-eﬀective realization since its scope
is mainly a functional algorithmic verification and the tar-
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Figure 1: Algorithmic performance and complexity co-evaluation
for cost-eﬀective system design.

get platform is unknown. Moreover, in the case of multimedia standards such as ITU-T and ISO/IEC video codecs,
the verification software models (up to 100.000 C-code lines
[10]) are written in diﬀerent code styles since they are the
results of the combined eﬀort of multiple teams. The second step of the design flow deals with the actual system
realization starting from the paper and software specification. Only at this late stage, the true implementation complexity of the algorithm is known, which will determine
the cost of the user’s terminal and hence its success and
widespread diﬀusion or not. If the initial cost specifications
are not reached, the gained complexity information is used
to re-enter the design flow making new actions at algorithmic and then implementation levels. This time-consuming
loop ends only when the complexity meets the user’s requirements.
To bridge the gap between the algorithmic development
of a new multimedia application and its cost-eﬀective realization, we propose to explore the performance versus
implementation cost design space at the early algorithmic
design phase. The goal of this co-evaluation approach is
twofold: (i) to assess the performance and implementation
cost of a new multimedia system presenting also a comparison with current technology (“Analyze & Predict” arrow in
Figure 1); (ii) to provide feedback on the realization bottlenecks and highlight the properties of the system allowing for complexity reduction at the early algorithmic design phase (“Optimize” arrow in Figure 1). This way, the
time-consuming iterations of the conventional design flow
can be avoided. Particularly, this paper focuses on the design of the AVC video coding standard for which a committee draft specification and a verification software C-model
have been recently defined [1, 2]. The huge C-code complexity of multimedia systems makes an implementation cost
analysis without additional help time consuming and error prone. Hence, a supporting framework for automated
analysis of the executable software specification is essential
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to apply the co-evaluation approach to a complex real-life
design such as AVC. To this aim, the C-in-C-out ATOMIUM/Analysis environment [10, 15, 17] has been developed.
It consists of a set of kernels providing functionality for data
transfer and storage analysis and pruning. Using ATOMIUM
involves three steps [10]: instrumenting the program, generating complexity data by executing the instrumented code
with representative test stimuli, and postprocessing of this
data.
High-level profiling analyses have been addressed in
the past for previous ITU-T (H.263+ in [5]) and ISO/IEC
(MPEG-4 Part 2 in [6, 18], MPEG-1/-2 decoder in [19])
video codecs. However, the above approaches focus mainly
on computational complexity (processing time [5] or
instruction-level [6, 19] profiling on a specific platform: typically general purpose CISC processors, e.g., Pentium in [5],
or RISC processors, e.g., UltraSPARC in [6, 19]), while the
actual implementation of H.263 and MPEG-4 codecs clearly
demonstrates that multimedia applications are data dominated. As a consequence, data transfer and storage have a
dominant impact on the cost-eﬀective realization of multimedia systems for both hardware- and software-based platforms [8, 9, 10, 11, 12, 13, 14, 15, 16]. Application specific
hardware implementations have the freedom to match the
memory and communication architectures to the application. Thus, an eﬃcient design flow exploits this to reduce area
and power [8, 11, 12]. On the other hand, programmable
processors rely on the memory hierarchy and on the communication bus architecture that come with them. Eﬃcient
use of these resources is crucial to obtain the required speeds
as the performance gap between CPU and DRAM is growing every year [9, 13, 14, 15, 20]. This high-level analysis is also essential for an eﬃcient hardware/software system partitioning. In [18], a complexity evaluation methodology based on the extraction of execution frequencies of
core tasks is proposed. Combining this data with complexity figures for the core tasks on a specific platform, a
performance estimate of the whole system on that platform is obtained. This approach relies on implementation
cost measures already available for the single tasks (provided as benchmarks of a specific platform). Therefore, it
is not suitable to analyze systems, such as AVC, featuring
new algorithms for which complexity results are not available.
In this paper, the coding performance analysis is reported
in terms of PSNR and bit rate, while the complexity metrics are the memory access frequency (total number of data
transfers from/to memory per second) and the peak memory
usage (maximum memory amount allocated by the source
code) as counted within the ATOMIUM environment. These
figures give a platform independent measure of the memory
cost (storage and communication of data) and are completed
with the processing time as a measure of the computational
burden (processing time figures are measured on a Pentium
IV at 1.7 GHz with Windows 2000). The software models
used as input for this paper are the AVC JM2.1 [2] and the
MPEG-4 Part 2 [7] (simple profile in [21]), both nonoptimized source codes.
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3.
3.1.

ADVANCED VIDEO CODEC
Standard overview

An important concept of AVC is the separation of the system into two layers: a video coding layer (VCL), providing
the high-compressed representation of data, and a network
adaptation layer (NAL), packaging the coded data in an appropriate manner based on the characteristics of the transmission network. This study focuses on the VCL. For a description of NAL features, the reader is referred to [22, 23].
Figures 2 and 3 show the block diagram of the AVC decoder
and encoder, respectively. In analogy with previous coding
standards, the AVC final committee draft [1] does not explicitly define the architecture of the codec but rather it defines the syntax of an encoded video bitstream together with
the decoding method. In practice, according to the structure of the AVC reference software [2], a compliant encoder and decoder are likely to include the functional tasks
sketched in Figures 2 and 3. Nevertheless, particularly at the
encoder side, there is space for variations in the sketched architecture to meet the requirements of the target application
with the desired trade-oﬀ between algorithmic performance
and cost. At the decoder side, the final architecture depends
on the encoder profiles (i.e., combination of coding tools
and syntax of the relevant bitstream) supported for decoding.
The framework defined in Figures 2 and 3 is similar to the
one of previous standards: translational block-based motion
estimation and compensation, residual coding in a transformed domain, and entropy coding of quantized transform
coeﬃcients. Basically, rectangular pictures can be coded in
intra (I), inter (P), or bidirectional (B) modes. Both progressive and interlaced 4 : 2 : 0 YUV sequences are supported. Additional tools improve the compression eﬃciency,
albeit at an increased implementation cost. The motion estimation and compensation schemes (ME and MC in Figures 2 and 3) support multiple previous reference pictures
(up to 5) and a large number of diﬀerent block sizes (from
16 × 16 up to 7 modes including 16 × 8, 8 × 16, 8 × 8,
8 × 4, 4 × 8, and 4 × 4 pixel blocks). The motion vector
field can be specified with a higher spatial accuracy, quarteror eighth-pixel1 resolution instead of half pixel. Pixel interpolation is based on a finite impulse response (FIR) filtering operation: 6 taps for the quarter resolution and 8 taps
for the eighth one. A rate-distortion (RD) Lagrangian technique [24] optimizes both motion estimation and coding
mode decisions. Since the residual coding is in a transformed
domain, a Hadamard transform can be used to improve
the performances of conventional error cost functions such
as the sum of absolute diﬀerences (SAD). Moreover, a deblocking filter within the motion compensation loop aims
at improving prediction and reducing visual artifacts. AVC
adopts spatial prediction for intracoding, being the pixels
1 The eighth-pixel resolution, available in AVC JM 2.1 [1, 2], is no longer
supported in the last release [3]. However, this tool is kept during the proposed analysis since it is useful for high-rate video applications (Section 7).
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predicted from the neighbouring samples of already coded
blocks. To this aim, the standard provides a DC plus 8 directional modes involving linear combinations of the samples. The conventional 8 × 8 floating-point discrete cosine
transform, specified with rounding error margins, is replaced
by a purely integer spatial transform (T and T−1 in Figures 2 and 3), basically working on 4 × 4 shapes. The small
sizes help to reduce blocking artifacts while the integer specification prevents any mismatch between the encoder and
the decoder. Finally, two methods are specified for entropy
coding: a universal variable-length coder (UVLC) that uses
a single reversible VLC table for all syntax elements and a
more sophisticated context adaptive binary arithmetic coder
(CABAC) [25].

3.2. Related work
Several contributions have recently been proposed to assess
the coding eﬃciency of the AVC/H.26L scheme [3, 22, 25,
26, 27, 28] (H.26L is the original ITU-T project used as a
starting point for the AVC standard, released as ITU-T H.264
and ISO/IEC MPEG-4 Part 10). Although this analysis covers all tools, the new features are typically tested independently comparing the performance of a basic configuration
to the same configuration plus the tool under evaluation. In
this way, the intertool dependencies and their impact on the
trade-oﬀ between coding gain and complexity are not fully
explored yet. Indeed, the achievable coding gain is greater for
basic configurations, where the other tools are oﬀ and video
data still feature a high correlation. For codec configurations
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Table 1: Characteristics of the test sequences with their targeted bit rate.

Test case

Video sequence

Format (pixels)

Frame rate (Hz)

QP

Bit rate (Kbps)

MD
FOR1
FOR2
CM

Mother & Daughter
Foreman
Foreman
Calendar & Mobile

QCIF (176 × 144)
QCIF (176 × 144)
CIF (352 × 288)
CIF (352 × 288)

30
25
25
15

18
17
17
12

40
150
450
2000

in which a certain number of tools are already on, the residual correlation is lower and the further achievable gain is less
noticeable.
Complexity assessment contributions have been proposed in [26, 27, 29, 30]. However, these works do not
exhaustively address the problem since just one side of
the codec is considered (the encoder in [26, 27] and the
decoder in [29, 30]) and/or the analysis of the complete
tool-set provided by the upcoming standard is not presented. Typically, the use of B-frames, CABAC, multireference frames, and eighth resolution is not considered. Consequently, the focus is mostly on a baseline implementation
suitable for low-complexity and low-bit-rate applications
(e.g., video conversation), while AVC aims at both conversational and nonconversational applications in which these
discarded tools play an important role [3, 25, 28]. Furthermore, the complexity evaluation is mainly based on computational cost figures, while data transfer and storage exploration proved to be mandatory for eﬃcient implementation of video systems [8, 9, 10, 11, 12, 13, 14, 15, 16]
(see Section 2). Access frequency figures are reported in [29]
for a H.26L decoder, but the analysis focuses on the communication between an ARM 9 CPU and the RAM, being a platform-dependent measure of the bus bandwidth
rather than a platform-independent exploration of the system.
4.

TEST ENVIRONMENT

4.1. Test sequences
The proposed testbench consists of 4 sequences with diﬀerent grades of dynamism, formats, and target bit rates. Their
characteristics are sketched in Table 1. Mother & Daughter 30 Hz QCIF (MD) is a typical head and shoulder sequence occurring in very low-bit-rate applications (tens of
Kbps). Foreman 25 Hz QCIF (FOR1) has a medium complexity, being a good test for low bit rate applications ranging from tens to few hundreds of Kbps. The CIF version of
Foreman (FOR2) is a useful test case for middle-rate applications. Finally, Calendar & Mobile 15 Hz CIF (CM) is
a high-complexity sequence with lot of movements including rotation and is a good test for high-rate applications
(thousands of Kbps). Since the current standard description
does not provide online rate controls, the test sequences in
Section 5.1 are coded with a fixed quantization parameter
(QP in Table 2) to achieve the target bit rate. The dependency of the proposed analysis on the QP value is addressed
in Section 5.2.

4.2.

Test cases

The paper reports for each test video 18 diﬀerent AVC configurations whose descriptions are shown in Table 2.
For each test case (identified by a number from 0 to 17),
Table 2 details the activation status of the optional video tools
with respect to a basic AVC configuration (case 0) characterized by a search range of 8, 1 reference frame, quarter-pixel
resolution, intracoding by 9 prediction modes, in-loop deblocking, UVLC entropy coder, and a first I picture followed
by all P pictures. The tools which are changing between two
successive test cases are highlighted in bold style in Tables 2
and 3. Comparisons with MPEG-4 Part 2 [7], simple profile
in [21] with a 16 search size, half-pixel resolution, and I and
P pictures (referred to as test case M4 in the next sections)
are provided in Sections 5 and 6.
The 18 reported AVC configurations are selected, for
sake of space, as representatives of more than 50 considered
test cases. The first two cases represent a “simple” AVC
implementation with all new video tools oﬀ (with search
displacements of 8 for case 0 and of 16 for case 1). Then, in
cases 2 to 9 (“accumulative video tool enabling” in Table 2),
the new AVC features are added one by one up to “complex”
configurations, with all tools on (including B pictures with
search displacements of 16 for cases 10 and 12, and of 32 for
case 11), reaching the best coding performance although at
maximum complexity. Comparing the test cases from 3 to 12
with the basic configurations 0 and 1 gives feedbacks about
the coding eﬃciency versus complexity trade-oﬀ of the new
AVC video tools. As it will be explained further, cases 13 to
17 in Table 2 have been properly selected to achieve roughly
the same coding eﬃciency as the complex cases, while considerably reducing the complexity overhead by discarding
some tools and reducing the number of reference frames
and the search area. The overall set of AVC configurations
(roughly 50) is the same for all the considered test sequences.
As it will be detailed in Sections 5 and 6, the performance
and usefulness of the diﬀerent video tools depend on the
considered bit rate and hence on the considered sequence
(MD for tens of Kbps, FOR1 and FOR2 from tens to hundreds of Kbps, and CM for thousands of Kbps). During the
selection, among the set of 50 configurations, of the 18 more
representative test cases to be reported in this paper, the
configurations from 0 to 12 (“simple,” “accumulative video
tool enabling,” and “complex”) have been chosen identical
for all the video sequences, while the configurations from 13
to 17 (cost-eﬃcient) feature some diﬀerences. Table 2 refers
to FOR1 and FOR2, while Table 3 reports the cost-eﬃcient
configurations for MD and CM.
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Table 2: AVC configurations cases—FOR1 and FOR2 test sequences (Y = tool on, N = tool oﬀ).
Case number
Search range
Block sizesa
Ref. frames
RD-Lagrange
Hadamard
Eighth resolution
CABAC
B-frames

Simple
0
1
8
16
1
1
1
1
N
N
N
N
N
N
N
N
N
N

2
16
4
1
N
N
N
N
N

Accumulative video tool enabling
3
4
5
6
7
8
16
16
16
16
16
16
7
7
7
7
7
7
1
3
5
5
5
5
N
N
N
Y
Y
Y
N
N
N
N
Y
Y
N
N
N
N
N
Y
N
N
N
N
N
N
N
N
N
N
N
N

9
16
7
5
Y
Y
Y
Y
N

10
16
7
5
Y
Y
Y
Y
1

Complex
11
32
7
5
Y
Y
Y
Y
1

12
16
7
5
Y
Y
Y
Y
2

13
16
7
5
Y
N
N
Y
1

Cost-eﬃcient
14
15
16
8
8
8
7
7
7
5
3
2
Y
Y
Y
N
N
N
N
N
N
Y
Y
Y
1
1
1

17
8
7
1
Y
N
N
Y
1

Table 3: AVC “cost-eﬃcient” configurations cases—MD and CM test sequences (Y = tool on, N = tool oﬀ).
Case number
Search range
Block sizesa
Ref. frames
RD-Lagrange
Hadamard
Eighth resolution
CABAC
B-frames
a If

5.

13
16
7
2
Y
Y
Y
Y
N

14
16
7
1
Y
Y
Y
Y
N

MD
15
16
7
1
Y
Y
N
Y
N

16
16
7
1
Y
N
N
Y
N

17
8
7
1
Y
N
N
Y
N

13
8
7
5
Y
Y
Y
Y
1

14
8
7
3
Y
N
Y
Y
1

CM
15
8
7
2
Y
N
Y
Y
1

16
8
7
3
N
N
Y
Y
1

17
8
7
2
N
N
Y
Y
1

block sizes = 1, only the 16 × 16 mode is on; if block sizes = 4, then 16 × 16, 16 × 8, 8 × 16, and 8 × 8 modes are on; otherwise, all modes are on.

AVC PERFORMANCE AND COMPLEXITY
ASSESSMENT

5.1. Codec analysis
An overview of the encoder and decoder results (PSNR-Y, bit
rate, peak memory usage, memory access frequency, processing time) for the 18 AVC test cases and the M4 one is summarized in Figures 4, 5, 6, 7, 8, 9, 10, and 11 and Tables 4, 5,
and 6.
Coding performance results
Figures 4, 5, 6, and 7 list the rate-distortion results for all the
video inputs using the fixed QP values reported in Table 1.
For the sake of clarity, a rhombus represents the simple AVC
configurations (cases 0 and 1), a cross identifies test cases
from 2 to 9, a square represents complex AVC configurations
(cases 10 to 12), a triangle indicates the cost-eﬃcient configurations (cases 13 to 17 in Tables 2 and 3), and a circle refers
to M4 results.
Clearly, AVC is a new codec generation featuring an outstanding coding eﬃciency: if all the novel video tools are
used, AVC leads to an average 40% bit saving plus a 1–2 dB
PSNR gain compared to previous M4 video coding standard
(see results for test cases 10, 11, and M4 in Figures 4, 5, 6, and
7).
Complexity results
Figures 8, 9, 10, and 11 deal with processing time and memory access frequency costs for both AVC encoder (Figures 8

and 9) and decoder (Figures 10 and 11). In these figures, for
all video inputs, the reported values are normalized with respect to the ones of the relevant test cases 0. A close similarity between the processing time and the memory access
frequency curves emerges from the comparison of Figures
8 and 9 at the encoder and Figures 10 and 11 at the decoder. Moreover, the analysis of the performance and complexity metrics shows that the new coding scheme acts likewise for all input sequences, particularly at middle and low
bit rates (see the behaviors of MD, FOR1, and FOR2 in Figures 4, 5, 6, 8, 9, 10, and 11). Small diﬀerences arise for high
rate video applications (CM) as emerges from Figures 10
and 11.
Absolute complexity values are reported in Table 4 listing
the range achieved by the diﬀerent AVC configurations (rows
Min and Max) and the complexity results of M4 as a reference. The processing time values in Table 4 are expressed in a
relative way: they refer to the time needed to encode/decode
on a Pentium IV at 1.7 GHz, 1 second of the original test sequence, that is to say, (see Table 1) 25 frames of FOR1 and
FOR2, 30 frames of MD, and 15 frames of CM. As a consequence, meting real-time constraints entails a relative processing time smaller than 1.
The encoder peak memory usage depends on the video
format and linearly on the number of reference frames and
the search size. The influence of the other coding tools and
the input video characteristics is negligible. At the decoder
side, the peak memory usage depends only on the video format and on the maximum number of reference frames to
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Table 4: Codec complexity for MPEG-4 Part 2 (M4) and AVC codec (ranges Min, Max).
Test cases

AVC Min
AVC Max
M4
AVC Min
FOR1 AVC Max
M4
AVC Min
FOR2 AVC Max
M4
AVC Min
CM
AVC Max
M4
MD

Relative time

Encoder
Accesses (109 /s)

Peak memory (MB)

Relative time

Decoder
Accesses (106 /s)

Peak memory (MB)

6.48
409.12
4.15
5.40
330.87
3.55
21.70
1117.48
14.64
12.98
567.37
11.32

1.40
79.92
1.32
1.18
65.78
1.15
4.60
258.01
4.96
2.75
134.26
3.19

2.19
15.60
2.97
2.19
15.60
2.97
7.31
26.87
9.88
7.31
26.87
9.88

0.30
0.69
0.49
0.58
1.30
0.61
3.04
5.51
2.25
2.33
4.26
1.76

61.10
104.41
102.79
90.16
153.88
107.51
385.21
636.90
411.4
287.10
492.54
278.30

1.06
1.38
1.30
1.06
1.38
1.30
2.91
4.15
3.13
2.91
4.15
3.13

37

9
1011 14
9 12
13 15
16
17

PSNR-Y (dB)

36.6

35.9
6 7

8

36.4

54
32

36.2

01

PSNR-Y (dB)

36.8

36
35.8

11

7

10
14
13
15
12
17 16

6

8

5

35.5

4
3 2
0
1

35.1

M4

35.6
24

28

32

M4

36
34.7

Bit rate (Kbps)

90

Figure 4: Rate-distortion results for the MD test cases.

110

130
Bit rate (Kbps)

150

170

Figure 5: Rate-distortion results for the FOR1 test cases.
Table 5: Decoder memory usage (MB) versus video format and
maximum number of decodable reference frames.
QCIF
CIF

1 frame
1.06
2.91

2 frames
1.14
3.22

3 frames
1.22
3.53

4 frames
1.30
3.84

5 frames
1.38
4.15

decode. Peak memory usage dependencies for the decoder
and the encoder are detailed in Tables 5 and 6.
To better highlight the intertools dependencies, the complexity results of Figures 8, 9, 10, and 11 and Tables 4, 5, and
6 refer to the whole AVC coder and decoder. A functional
access and time distribution over the diﬀerent components
(e.g., motion estimator, intra predictor, etc.) have already
been addressed by the authors in [31] for simple and complex configurations. At the encoder side, up to 90% of the
complexity is due to motion estimation. The decoder’s main
bottlenecks are the motion compensation (up to 30% and

60% for simple and complex configurations, respectively)
and the intrareconstruction (nearly 20% and 15% for simple and complex configurations, respectively). With respect
to previous ITU-T and ISO/IEC standards, another important component of the AVC decoder is the in-loop deblocking filter (see further details in Section 5.3) whose implementation entails an overhead up to 6% for the access frequency
and 10% for the processing time.
Analysis of coding performance and complexity results
AVC is a new codec generation featuring an outstanding coding eﬃciency, but its cost-eﬀective realization is a big challenge. If all the novel coding features are used, AVC leads to
an average 40% bit saving plus a 1–2 dB PSNR gain compared
to previous video coding standards (see results for test cases
10, 11, and M4 in Figures 4, 5, 6, and 7). In this way, it represents the enabling technology for the widespread diﬀusion of
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Table 6: Encoder memory usage (MB) versus reference frame number, search size, and video format.
Search size

QCIF
3 frames
10.69
5.09
3.64

1 frame
5.76
2.92
2.19

32
16
8

5 frames
15.60
7.14
4.98

PSNR-Y (dB)

10 11
12
14
13 15
16
17

Normalized access frequency

9

36.1

7 8
6

5
4
3

2
0
1

35.8

51
41
31
21
11
1
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Figure 8: Normalized access frequency in case of AVC encoder.
8

M4
1400

1600
1800
Bit rate (Kbps)

2000

Normalized coding time

37.6

11 9
10 13
1415
16
12
17

9 10 11 12 13 14 15 16 17

FOR2
FOR1

Figure 6: Rate-distortion results for the FOR2 test cases.
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26.87
18.41
16.25
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36.4

CIF
3 frames
18.87
13.06
11.94
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10.87
8.03
7.31

41
31
21
11

2200
1
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Figure 7: Rate-distortion results for the CM test cases.
Simple

multimedia communication over wired and wireless transmission networks such as xDSL, 3G mobile phones, and
WLAN. However, these figures come with a memory and
computational complexity increase of more than one order
of magnitude at the encoder. The decoder’s complexity increase amounts to a factor 1.5–2 (see results for test cases
0, 10, and 11 in Figures 8, 9, 10, and 11 and those for the
AVC Max and M4 rows in Table 4). These increase factors
are higher for the lower bit rate video as it emerges from the

5 6 7 8 9 10 11 12 13 14 15 16 17

CM
FOR1

Accumulative

Complex

Cost-eﬃcient

MD
FOR2

Figure 9: Normalized AVC coding time.

comparison of cases 0 and 11 in Figures 8, 9, 10, and 11 for
the diﬀerent video inputs. Case 11, for which the maximum
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Figure 10: Normalized access frequency in case of AVC decoder.
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Complex

Cost-eﬃcient

MD
FOR2

Figure 11: Normalized AVC decoding time.

complexity is measured, is the configuration used in [3] to
show the AVC compression eﬃciency with respect to previous video coding standards. Finally, the complexity ratio
between the encoder and the decoder further highlights the
AVC bottleneck, particularly for conversational applications
(e.g., videotelephony), where both the encoder and the decoder capabilities must be integrated in the user’s terminal.
For a simple profile, Min rows in Table 4, the encoder requires an access frequency and coding time at least 10 times
that of the decoder and uses 2 times more memory space.
For complex profiles, Max rows in Table 4, the encoder access
frequency is two orders of magnitude larger than the decoder

one, while the peak memory usage is one order of magnitude
higher.
The above measurements refer to nonoptimized source
code and hence the future application of algorithmic and
architectural design optimizations will lead to a decrease
of the absolute complexity values, as it is the case in implementations of previous ITU-T and ISO/IEC standards
[5, 11, 15, 16]. For instance, [32] recently proposed a fast
motion estimation technique exploiting the new features of
AVC, such as multireference frames and variable block sizes.
The authors report a complexity reduction of a factor 5–6
with respect to a nonoptimized encoder realization based on
the full search. However, the large complexity ratio between
the reference codes of AVC and M4 (one order of magnitude
at the encoder and a factor 2 at the decoder) presents a serious challenge requiring an exhaustive system exploration
starting from the early standard design phase. Indeed, the
performance growth rate predicted by Moore’s law for the
CPU amounts roughly to a factor 2 every 18 months. If we assume the same optimization factor as previously achieved for
M4 to the current AVC code, but without any further systemlevel investigation, a cost-eﬀective implementation could still
not be scheduled before 2007 (i.e., the algorithmic complexity increase at the encoder would be covered in about four
years and a half by the silicon technology improvements).
Taking into account the lower performance growth rate of
memories compared to CPU [20], the above time figure
would even be worse.
The results in Figures 4, 5, 6, 7, 8, 9, 10, and 11 also provide useful hints for the selection of the optimal trade-oﬀ between coding eﬃciency and implementation complexity in
order to maximize the utility for the final user. Indeed, the
analysis of the above data clearly demonstrates a property
of the AVC scheme: when combining the new coding features, the relevant implementation complexity accumulates
(see the waveforms in Figures 8, 9, 10, and 11 for the test
cases 0 to 11), while the global compression eﬃciency saturates (see the clusters in Figures 4, 5, 6, and 7 for the test
cases 9 to 17). As a matter of fact, the achievable coding gain
when enabling one of the new AVC features is greater for basic codec configurations, where the other tools are oﬀ and
video data still feature a high correlation. For codec configurations in which a certain number of tools are already on,
the residual data correlation is lower and hence, the further
achievable gain is less noticeable, that is, the global compression eﬃciency saturates.
As a consequence, a “smart” selection of the new coding
features can allow for roughly the same performances as a
complex one (all tools on) but with a considerable complexity reduction. The coding eﬃciency (Figures 4, 5, 6, and 7)
of test cases 13 to 17 is similar to that of cases 10 and 11,
but their implementation cost (Figures 8, 9, 10, and 11) is
closer to the basic cases 0 and 1. The achievable saving factor is at least 6.5 for the encoder. At the decoder side, the
range of variation among simple and complex configurations
is smaller, therefore, the saving is less noticeable than for the
encoder. No complexity reduction is achieved for high rate
video (CM), while saving factors of roughly 1.5 for both time
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5.2. Performance and complexity analysis versus QP
Typically, video codecs incorporate a rate control scheme to
target a given bit rate by adapting the quantization level.
Since the standard description used in this paper does not
yet provide such regulator, this section details the impact of
diﬀerent QP values on the analysis addressed in Section 5.1.
All measurements described above are repeated on the 4 test
sequences using several QP values (12, 16, 20, 24, 28) next
to the fixed ones set in Table 1. To be noted that this analysis refers to the QP range defined in the JM2.1 implementation of the standard. Figure 12 sketches rate-distortion results: the points with higher PSNR and bit rate values are obtained with lower QP values. Figures 13, and 14 present the
encoder and decoder complexity metrics expressed in terms
of memory access frequency and processing time (expressed
as relative time like in Section 5.1). In Figures 13 and 14,
an arrow indicates the direction of growing QP values and
hence decreasing bit rates. All these figures refer to the FOR2
video, covering a range from 100 to 1100 Kbps. Four representative AVC configurations are considered: cases 0, 10, 11,
and 17.
The rate-distortion results (Figure 12) show a typical logarithmic behavior. For all bit rates, the complex configurations (cases 10 and 11) achieve at least a 2 dB PSNR increment versus the simple one (case 0). As expected from
Section 5.1, the coding performances with a search size of 16
and 32 are practically the same. With respect to the M4 standard, the same PSNR results are achieved with a 50% reduced
bit rate enabling full-rate video communication over today
wireless and wired networks. For instance, according to the
results of Figure 12, a complex CIF video like Foreman can be
transmitted at 25 Hz and 36 dB with less than 300 Kbps being
compatible with 3G wireless network capabilities. The analysis of Figure 12 for the whole bandwidth range further highlights the importance of AVC: even in case of broadband networks (e.g., xDSL and WLAN), nowadays multimedia communication terminals, based on MPEG-4 Part 2 and H.263
technologies, lead to a video coding and transmission 3 dB
poorer on the same bit rate or they double the bandwidth
(thus increasing the cost of the service) required to reach a
certain PSNR level. Moreover, the high coding eﬃciency of
AVC allows the insertion of some redundancy in the source
coder to improve the transmission robustness in error-prone
channels [22, 23, 33].
As already shown in Section 5.1, a proper use of the
AVC tools allows for nearly the same eﬃciency as the com-
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Figure 12: PSNR-Y (dB) versus bit rate in case of FOR2.

1200
1000

Coding time

and memory metrics can be achieved for low bit rate videos.
A single AVC configuration able to maximize coding eﬃciency, while minimizing memory and computational costs,
does not exist. However, diﬀerent configurations leading to
several performance/cost trade-oﬀs exist. To find these configurations, and hence to highlight the bottlenecks of AVC, a
multiobjective optimization problem (solved, as it will be explained further, through a Pareto curve analysis) is addressed
in Section 6 to explore the five-dimensional design space of
PSNR, bit rate, computational burden, memory access frequency, and storage.
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Figure 13: Encoder complexity for various QP values.

plex cases with a considerable complexity reduction. Indeed,
while in complexity figures (Figures 13 and 14) the implementation cost of case 17 is close to the simple one, in
Figure 12 the relevant coding eﬃciency results are close to
the complex ones (the diﬀerence between case 17 and complex curves is below 0.4 dB and for QP ≥ 16 the same results are achieved). The encoder data transfer and processing
time practically do not depend on QP: indeed for each test
case in Figure 13, the points with diﬀerent QP values show
nearly the same coding time and access frequency. At the decoder side (Figure 14), this dependency is more noticeable: as
expected from literature [30], the higher the QP value (and
hence the lower the bit rate), the lower the complexity. Finally, the storage requirements at both the encoder and the
decoder (Figure 15) sides are not aﬀected by the selected QP.
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7

The dependency of AVC performance and complexity on
the QP value has also been analyzed for the other test videos
at lower (MD, FOR1) and higher (CM) rates. The achieved
results are similar to those presented for FOR2.

6.

PERFORMANCE VERSUS COST TRADE-OFF
USING PARETO ANALYSIS

As shown in Section 5.1, achieving a good balance between
algorithmic performance (coding eﬃciency) and cost (memory and computational complexity) is the first step to address
the challenge of a cost-eﬀective AVC realization. A Pareto
curve [9, 34, 35] is a powerful instrument to select the right
trade-oﬀ between these conflicting issues at system level. In a
search space with multiple axes, it only represents the potentially interesting points and excludes all the others having an
equally good or worse solution for all the axes.
The multi objective design space exploration is reported
in this section for the FOR2 (see Figures 16, 17, 18, and 19)
and CM (see Figures 20, 21, 22, and 23) video inputs. The algorithmic performance is measured as the required bit rate
achieving a fixed PSNR (36 dB for the target FOR2 video,
covering a range from 250 to 500 Kbps, and 37.6 dB for the
CM video, covering a range from 1000 to 3000 Kbps). The
Pareto analysis has also been applied to the other video inputs
at very low bit-rates (MD, covering a 20–50 Kbps range) and
low bit rates (FOR1, covering a 80–200 Kbps range) achieving similar results to those obtained for the FOR2 video.
Figures 16 and 17 sketch the FOR2 sequence Pareto
curves for the encoder using as cost metrics the memory access frequency and the peak memory usage. Figures 18 and
19 show the same analysis for the decoder. A rhombus represents the simple AVC configurations (cases 0 and 1), a cross
refers to test cases from 2 to 9, a square represents complex
AVC configurations (cases 10 to 12), a triangle indicates the
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Figure 14: Decoder complexity for various QP values.

5

Memory usage (MB)

5.3. Low-complexity AVC configuration
To test some low-complexity configurations not included in
the basic scheme (half-pixel accuracy instead of quarter one
and without in-loop deblocking), the JM2.1 code was suitably modified. Results for the same test cases of previous sections prove that restricting to half-pixel resolution decreases
the compression eﬃciency (up to 30%, particularly for complex video inputs). Reducing the pixel accuracy can be useful
only for very low rate video (MD) coded with a complex AVC
profile. In this case, the lower pixel accuracy does not aﬀect
the coding eﬃciency and allows for a complexity reduction
(both access frequency and processing time) of 10 and 15%
for the encoder and decoder, respectively. As concerns deblocking, its use leads to PSNR (up to 0.7 dB) and bit rate
(up to 6% saving) improvements. The complexity overhead
is negligible at the encoder side and is up to 6% (access frequency) and 10% (processing time) at the decoder side. As
proved in literature [13], the PSNR analysis is not enough
for a fair assessment of the deblocking tool since a subjective analysis is also required. The latter, in addiction to the
above rate-distortion gain, confirms the eﬀectiveness of the
insertion of deblocking within the basic standard profile [1].
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Figure 15: Decoder memory usage versus QP.

cost-eﬃcient configurations (cases 13 to 17), and finally a circle identifies the M4 results. A Pareto analysis for the processing time is not presented since it is linear with the access
frequency (see Figures 8, 9, 10, 11, 13, and 14), leading to the
same conclusions.
A simple AVC configuration (case 0) outperforms M4
since a lower bit rate (greater performance) is achieved for
the same costs. Among the 18 tests, cases 4, 5, 6, 7, 8, 9, 10,
11, 12 are not interesting (namely, the above Pareto curves)
since they oﬀer a certain coding performance at a higher cost
with respect to points 0, 1, 2, 3, 13, 14, 15, 16, 17 near the
Pareto curves. The latter points oﬀer diﬀerent optimal tradeoﬀs. Case 0 is the less complex and 13 is the most performing
in coding eﬃciency. The results at low (FOR1 test video) and
very low (MD test video) bit rates lead to similar observations as the middle-rate ones achieved in the FOR2 analysis.
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Figure 18: Decoder analysis, data transfer as cost in case of FOR2.

Figure 16: Encoder analysis, data transfer as cost in case of FOR2.
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Figure 17: Encoder analysis, data storage as cost in case of FOR2.

The above analysis presents some diﬀerences when applied to high-rate video applications. With reference to the
CM test, Figures 20 and 21 sketch the Pareto curves for the
encoder using as cost metrics the memory access frequency
and the peak memory usage. Figures 22 and 23 show the
same analysis for the decoder. Diﬀerently from the results of
Figures 16, 17, 18, and 19, in Figures 20, 21, 22, and 23, complex configurations such as cases 9, 10, and 12 are near the
Pareto optimal curves.
From the combined analysis of the Pareto plots (Figures
16, 17, 18, 19, 20, 21, 22, and 23) and their description in
Tables 2 and 3 and Section 5.1, the following considerations
can be derived, valid for all kind of sequences (both low and
high bit rates).
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Figure 19: Decoder analysis, data storage as cost in case of FOR2.

(i) The main AVC bottleneck is the combination of multiple reference frames and large search sizes. These tools
have a limited impact on coding eﬃciency but a great
one on complexity (up to a factor 60).
(ii) The use of Hadamard should be avoided since complexity is increased without any coding eﬃciency gain.
(iii) The adoption of multiple block sizes results in higher
coding eﬃciency. While the complexity increases linearly with the number of block sizes, the major part of
the gain is already achieved with the first 4 block sizes
(16 × 6, 16 × 8, 8 × 16, and 8 × 8 pixels).
(iv) The CABAC entropy coder provides a consistent bit
saving (10%) at the expense of a computational and
memory increase (up to 30%) compared to UVLC.
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Figure 21: Encoder analysis, data storage as cost in case of CM.

(v) RD-Lagrangian techniques give a substantial compression eﬃciency improvement, but the complexity doubles when the codec configuration entails a lot of coding modes and motion estimation decisions.
(vi) For all video inputs, the use of B-frames reduces the
bit rate (10% in average for the considered tests) for
a complexity increase particularly noticeable at the decoder (from 20 to 40% extra cost specially at low rates).
A larger number of B pictures increases the latency of
the system (B frames need backward and forward reference pictures to be reconstructed). Thus, this tool
is not used in low-latency constrained video applica-

tions and is typically not supported in baseline standard profiles [1, 5].
The eﬀect of some tools diﬀers when applied to diﬀerent sequences. Comparing the nonoptimal Pareto points in
Figures 16, 17, 18, and 19 with their description in Table 2
provides useful hints on the AVC video tools for video applications at low and middle bit rates (i.e., few tens up to hundreds
of Kbps):
(i) the use of the eighth-pixel resolution leads to a complexity increase without any coding eﬃciency gain;
(ii) the use of B-frames for very low-bit-rate sequences as
MD provides a low improvement in compression eﬃciency for the complexity increase it involves.
Diﬀerent results emerge (see Figures 20, 21, 22, and 23
for the CM video test) when a similar analysis is applied to
high-bit-rate video applications (thousands of Kbps):
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(i) a higher pixel accuracy, eighth pixel instead of the basic
quarter one, is a useful tool since it allows the same
PSNR performance for at least 12% bit rate reduction
(compare point 8 to point 7). The complexity increase
is the same as for middle and low rates: roughly 15%
for the encoder and 30% for the decoder as concerns
data transfer and processing time. The impact on peak
memory usage is negligible,
(ii) multiple reference frames are more useful (e.g., 5 reference frames lead to roughly 15% bit saving), where
most of the bit saving is already achieved with 3 reference frames.
The above analysis is a static evaluation of the algorithmic performance and the required complexity to assess the
eﬃciency of the video coding tools. It provides a basis for automatic tool selection and gives pointers for the development
of a resource manager in future work.
7.

AVC PROFILES

The results of the performance versus cost Pareto analysis
in Section 6 provide inputs to assist the profile definition
in the standard. A profile defines a set of coding tools that
can be used for generating a conforming bitstream. All decoders conforming to a specific profile must support all features in that profile. Encoders are not required to make use
of any particular set of features supported in a profile but
they have to provide bitstreams decodable by conforming decoders. In AVC/H.264, three profiles are defined: the baseline, the extended, and the main profile [3]. With reference
to the VCL video tools presented in Section 3.1,2 the Baseline profile supports all new features in AVC (multireference
frames, variable block sizes, quarter-pixel accuracy, in-loop
deblocking, integer spatial transform, and spatial prediction
for intracoding) except 1/8-pixel accuracy, CABAC and B
pictures. The Extended profile supports all features of the
Baseline profile plus B frames and some tools for error resiliency (e.g., switching pictures SP/SI and data partitioning
[3]). The Main profile supports all VCL features described in
Section 3.1 except eighth-pixel accuracy.3 Baseline and Extended profiles are tailored for conversational services (typically operating below 1 Mbps) and streaming services (typically operating in the range 50–1500 Kbps), while entertainment video applications (several Mbps) would probably utilize the main profile.
The results of the VCL analysis presented in this paper
are aligned with the profile considerations made by the standards body with the exception of the eighth-pixel accuracy
which is no longer included in the last AVC release [3]. According to the results of Section 6, this choice is suitable for
2 A detailed analysis of AVC/H.264 profiles, including tools for error resiliency and network friendly data packaging, can be found in [3].
3 The Main profile does not support some tools for error resiliency, such
as flexible macroblock ordering [3], which are supported by the baseline
profile. Thus, only a subset of the coded video sequences decodable by a
baseline profile decoder can be decoded by a main profile decoder.

233

applications not targeting a high-rate, high-quality video scenario or when the low cost is the main issue (e.g., wireless
video). In high-rate multimedia applications (e.g., thousands
of Kbps for the test CM in Section 6), an increased pixel accuracy should be adopted since it leads to a noticeable coding eﬃciency gain. This consideration suggests that future
extensions of the standard to high-quality video scenario,
currently being considered by AVC, could/should envisage a
pixel accuracy higher than quarter.
8.

CONCLUSIONS

The advanced video codec (AVC) is recently defined in a joint
standardization eﬀort of ITU-T and ISO/IEC. This paper introduces this new video codec together with its performance
and complexity co-evaluation. First, a description of the upcoming standard including both the encoder and the decoder
architectures is addressed. Then, an exhaustive analysis of the
coding eﬃciency versus complexity design space is carried
out over a wide variety of video contents at the early algorithmic design phase. Since the increasing complexity of multimedia applications makes high-level system exploration time
consuming and error pone, the co-evaluation approach is
supported by a framework for automated analysis of the Clevel specification. Diﬀerent from known profiling methodologies, focusing mainly on PSNR, bit rate, and computational burden, the proposed approach also investigates memory metrics (data transfer and storage). Real-life implementations of H.263 and MPEG-4 systems demonstrate that multimedia applications are data dominated: data transfer and
storage are the dominant cost factors for both hardware- and
software-based architectures.
The simulation results show that AVC outperforms current video coding standards (up to 50% bit saving for
the same PSNR) oﬀering the enabling technology for a
widespread diﬀusion of multimedia communication over
wired and wireless transmission networks. However, this
outstanding performance comes with an implementation
complexity increase of a factor 2 for the decoder. At the encoder side, the cost increase is larger than one order of magnitude. This represents a design challenge for resource constrained multimedia systems such as wireless and/or wearable devices and high-volume consumer electronics, particularly for conversational applications (e.g., video telephony),
where both the encoder and the decoder functionalities must
be integrated in the user’s terminal.
The analysis also highlights important properties of the
AVC framework allowing for complexity reduction in the
early algorithmic design phase. When combining the new
coding features, the relevant implementation complexity accumulates, while the global compression eﬃciency saturates.
As a consequence, a proper use of the AVC tools maintains
roughly the same coding performance as the most complex configuration (all tools on) while considerably reducing complexity (up to a factor 6.5 for the encoder and 1.5
at the decoder side). A single AVC configuration able to
maximize algorithmic performance while minimizing memory and computational burdens does not exist. However,
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diﬀerent configurations leading to several performance/cost
trade-oﬀs exist. To find these optimal configurations, and
hence to highlight the bottlenecks of AVC, a Pareto multiobjective analysis is presented to explore the five-dimensional
design space of PSNR, bit rate, computational burden, and
memory access frequency and storage. The reported results
provide inputs to assist the definition of profiles in the standard and represent the first step for a cost-eﬀective implementation of the new AVC.
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Complexity scalability oﬀers the advantage of one-time design of video applications for a large product family, including mobile devices, without the need of redesigning the applications on the algorithmic level to meet the requirements of the diﬀerent
products. In this paper, we present complexity scalable MPEG encoding having core modules with modifications for scalability.
The interdependencies of the scalable modules and the system performance are evaluated. Experimental results show scalability
giving a smooth change in complexity and corresponding video quality. Scalability is basically achieved by varying the number of
computed DCT coeﬃcients and the number of evaluated motion vectors, but other modules are designed such they scale with the
previous parameters. In the experiments using the “Stefan” sequence, the elapsed execution time of the scalable encoder, reflecting
the computational complexity, can be gradually reduced to roughly 50% of its original execution time. The video quality scales
between 20 dB and 48 dB PSNR with unity quantizer setting, and between 21.5 dB and 38.5 dB PSNR for diﬀerent sequences targeting 1500 kbps. The implemented encoder and the scalability techniques can be successfully applied in mobile systems based on
MPEG video compression.
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1.

INTRODUCTION

Nowadays, digital video applications based on MPEG video
compression (e.g., Internet-based video conferencing) are
popular and can be found in a plurality of consumer products. While in the past, mainly TV and PC systems were used,
having suﬃcient computing resources available to execute
the video applications, video is increasingly integrated into
devices such as portable TV and mobile consumer terminals
(see Figure 1).
Video applications that run on these products are heavily constrained in many aspects due to their limited resources as compared to high-end computer systems or highend consumer devices. For example, real-time execution has
to be assured while having limited computing power and
memory for intermediate results. Diﬀerent video resolutions
have to be handled due to the variable displaying of video

frame sizes. The available memory access or transmission
bandwidth is limited as the operating time is shorter for
computation-intensive applications. Finally the product success on the market highly depends on the product cost.
Due to these restrictions, video applications are mainly redesigned for each product, resulting in higher production
cost and longer time-to-market.
In this paper, it is our objective to design a scalable MPEG
encoding system, featuring scalable video quality and a corresponding scalable resource usage [1]. Such a system enables advanced video encoding applications on a plurality of
low-cost or mobile consumer terminals, having limited resources (available memory, computing power, stand-by time,
etc.) as compared to high-end computer systems or highend consumer devices. Note that the advantage of scalable
systems is that they are designed once for a whole product
family instead of a single product, thus they have a faster
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Figure 1: Multimedia applications shown on diﬀerent devices sharing the available resources.

time-to-market. State-of-the-art MPEG algorithms do not
provide scalability, thereby hampering, for example, low-cost
solutions for portable devices and varying coding applications in multitasking environments.
This paper is organized as follows. Section 2 gives a
brief overview of the conventional MPEG encoder architecture. Section 3 gives an overview of the potential scalability of computational complexity in MPEG core functions.
Section 4 presents a scalable discrete cosine transformation
(DCT) and motion estimation (ME), which are the core
functions of MPEG coding systems. Part of this work was
presented earlier. A special section between DCT and ME
is devoted to content-adaptive processing, which is of benefit for both core functions. The enhancements on the system
level are presented in Section 5. The integration of several individual scalable functions into a full scalable coder has given
a new framework for experiments. Section 6 concludes the
paper.
2.

CONVENTIONAL MPEG ARCHITECTURE

The MPEG coding standard is used to compress a video sequence by exploiting the spatial and temporal correlations of
the sequence as briefly described below.
Spatial correlation is found when looking into individual
video frames (pictures) and considering areas of similar data
structures (color, texture). The DCT is used to decorrelate
spatial information by converting picture blocks to the transform domain. The result of the DCT is a block of transform
coeﬃcients, which are related to the frequencies contained in
the input picture block. The patterns shown in Figure 2 are
the representation of the frequencies, and each picture block
is a linear combination of these basis patterns. Since high frequencies (at the bottom right of the figure) commonly have
lower amplitudes than other frequencies and are less perceptible in pictures, they can be removed by quantizing the DCT
coeﬃcients.
Temporal correlation is found between successive frames
of a video sequence when considering that the objects and
background are on similar positions. For data compression
purpose, the correlation is removed by predicting the contents and coding the frame diﬀerences instead of complete

Figure 2: DCT block of basis patterns.

frames, thereby saving bandwidth and/or storage space. Motion in video sequences introduced by camera movements
or moving objects result in high spatial frequencies occurring in the frame diﬀerence signal. A high compression rate
is achieved by predicting picture contents using ME and motion compensation (MC) techniques.
For each frame, the above-mentioned correlations are exploited diﬀerently. Three diﬀerent types of frames are defined
in the MPEG coding standard, namely, I-, P-, and B-frames.
I-frames are coded as completely independent frames, thus
only spatial correlations are exploited. For P- and B-frames,
temporal correlations are exploited, where P-frames use one
temporal reference, namely, the past reference frame. Bframes use both the past and the upcoming reference frames,
where I-frames and P-frames serve as reference frames. After
MC, the frame diﬀerence signals are coded by DCT coding.
A conventional MPEG architecture is depicted in Figure
3. Since B-frames refer to future reference frames, they cannot be encoder/decoder before this reference frame is received by the coder (encoder or decoder). Therefore, the
video frames are processed in a reordered way, for example,
“IPBB” (transmit order) instead of “IBBP” (display order).
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Figure 3: Basic architecture of an MPEG encoder.

Note that for the ME process, reference frames that are used
are reduced in quality due to the quantization step. This
limits the accuracy of the ME. We will exploit this property
in the scalable ME.
3.

SCALABILITY OVERVIEW OF MPEG FUNCTIONS

Our first step towards scalable MPEG encoding is to redesign the individual MPEG core functions (modules) and
make them scalable themselves. In this paper, we concentrate
mainly on scalability techniques on the algorithmic level, because these techniques can be applied to various sorts of
hardware architectures. After the selection of an architecture,
further optimizations on the core functions can be made. An
example to exploit features of a reduced instruction set computer (RISC) processor for obtaining an eﬃcient implementation of an MPEG coder is given in [2].
In the following, the scalability potentials of the modules
shown in Figure 3 are described. Further enhancements that
can be made by exploiting the modules interconnections are
described in Section 5. Note that we concentrate on the encoder and do not consider pre- or postprocessing steps of the
video signal, because such steps can be performed independently from the encoding process. For this reason, the input
video sequence is modified neither in resolution nor in frame
rate for achieving reduced complexity.
GOP structure
This module defines the types of the input frames to form
group of pictures (GOP) structures. The structure can be
either fixed (all GOPs have the same structure) or dynamic
(content-dependent definition of frame types). The computational complexity required to define fixed GOP structures
is negligible. Defining a dynamic GOP structure has a higher
computational complexity, for example for analyzing frame
contents. The analysis is used for example to detect scene
changes. The rate distortion ratio can be optimized if a GOP
starts with the frame following the scene change.
Both the fixed and the dynamic definitions of the GOP
structure can control the computational complexity of the
coding process and the bit rate of the coded MPEG stream
with the ratio of I-, P-, and B-frames in the stream. In general, I-frames require less computation than P- or B-frames,

because no ME and MC is involved in the processing of Iframes. The ME, which requires significant computational
eﬀort, is performed for each temporal reference that is used.
For this reason, P-frames (having one temporal reference)
are normally half as complex in terms of computations as
B-frames (having two temporal references). It can be considered further that no inverse DCT and quantization is required for B-frames. For the bit rate, the relation is the other
way around since each temporal reference generally reduces
the amount of information (frame contents or changes) that
has to be coded.
The chosen GOP structure has influence on the memory
consumption of the encoder as well, because frames must
be kept in memory until a reference frame (I- or P-frame)
is processed. Besides defining I-, P-, and B-frames, input
frames can be skipped and thus are not further processed
while saving memory, computations, and bit rates.
The named options are not further worked out, because
they can be easily applied on every MPEG encoder without
the need to change the encoder modules themselves. A dynamic GOP structure would require additional functionality
through, for example, scene change detection. The experiments that are made for this paper are based on a fixed GOP
structure.
Discrete cosine transformation
The DCT transforms image blocks to the transform domain
to obtain a powerful compression. In conjunction with the
inverse DCT (IDCT), a perfect reconstruction of the image blocks is achieved while spending fewer bits for coding the blocks than not using the transformation. The accuracy of the DCT computation can be lowered by reducing the number of bits that is used for intermediate results.
In principle, reduced accuracy can scale up the computation
speed because several operations can be executed in parallel (e.g., two 8-bit operations instead of one 16-bit operation). Furthermore, the silicon area needed in hardware design is scaled down with reduced accuracy due to simpler
hardware components (e.g., an 8-bit adder instead of a 16bit adder). These two possibilities are not further worked
out because they are not algorithm-specific optimizations
and therefore are suitable for only a few hardware architectures.
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An algorithm-specific optimization that can be applied
on any hardware architecture is to scale down the number
of DCT coeﬃcients that are computed. A new technique,
considering the baseline DCT algorithm and a corresponding architecture for finding a specific computation order of
the coeﬃcients, is described in Section 4.1. The computation
order maximizes the number of computed coeﬃcients for a
given limited amount of computation resources.
Another approach for scalable DCT computation predicts at several stages during the computation whether a
group of DCT coeﬃcients are zero after quantization and
their computation can be stopped or not [3].
Inverse discrete cosine transformation
The IDCT transforms the DCT coeﬃcients back to the spatial domain in order to reconstruct the reference frames for
the (ME) and (MC) process. The previous discussion on scalability options for the DCT also applies to the IDCT. However, it should be noted that a scaled IDCT should have the
same result as a perfect IDCT in order to be compatible with
the MPEG standard. Otherwise, the decoder (at the receiver
side) should ensure that it uses the same scaled IDCT as in
the encoder in order to avoid error drift in the decoded video
sequence.
Previous work on scalability of the IDCT at the receiver
side exists [4, 5], where a simple subset of the received DCT
coeﬃcients is decoded. This has not been elaborated because
in this paper, we concentrate on the encoder side.
Quantization
The quantization reduces the accuracy of the DCT coeﬃcients and is therefore able to remove or weight frequencies
of lower importance for achieving a higher compression ratio. Compared to the DCT where data dependencies during
the computation of 64 coeﬃcients are exploited, the quantization processes single coeﬃcients where intermediate results cannot be reused for the computation of other coefficients. Nevertheless, computing the quantization involves
rounding that can be simplified or left out for scaling up the
processing speed. This possibility has not been worked out
further.
Instead, we exploit scalability for the quantization based
on the scaled DCT by preselecting coeﬃcients for the computation such that coeﬃcients that are not computed by the
DCT are not further processed.
Inverse quantization
The inverse quantization restores the quantized coeﬃcient
values to the regular amplitude range prior to computing the
IDCT. Like the IDCT, the inverse quantization requires sufficient accuracy to be compatible with the MPEG standard.
Otherwise, the decoder at the receiver should ensure that it
avoids error drift.
Motion estimation
The ME computes motion vector (MV) fields to indicate
block displacements in a video sequence. A picture block
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(macroblock) is then coded with reference to a block in a previously decoded frame (the prediction) and the diﬀerence to
this prediction. The ME contains several scalability options.
In principle, any good state-of-the-art fast ME algorithm offers an important step in creating a scaled algorithm. Compared to full search, the computing complexity is much lower
(significantly less MV candidates are evaluated) while accepting some loss in the frame prediction quality. Taking the fast
ME algorithms as references, a further increase of the processing speed is obtained by simplifying the applied set of
motion vectors (MVs).
Besides reducing the number of vector candidates, the
displacement error measurement (usually the sum of absolute pixel diﬀerences (SAD)) can be simplified (thus increase
computation speed) by reducing the number of pixel values
(e.g., via subsampling) that are used to compute the SAD.
Furthermore, the accuracy of the SAD computation can be
reduced to be able to execute more than one operation in
parallel. As described for the DCT, this technique is suitable
for a few hardware architectures only.
Up to this point, we have assumed that ME is performed
for each macroblock. However, the number of processed
macroblocks can be reduced also, similar to the pixel count
for the SAD computation. MVs for omitted macroblocks
are then approximated from neighboring macroblocks. This
technique can be used for concentrating the computing effort on areas in a frame, where the block contents lead to a
better estimation of the motion when spending more computing power [6].
A new technique to perform the ME in three stages by
exploiting the opportunities of high-quality frame-by-frame
ME is presented in Section 4.3. In this technique, we used
several of the above-mentioned options and we deviate from
the conventional MPEG processing order.
Motion compensation
The MC uses the MV fields from the ME and generates the
frame prediction. The diﬀerence between this prediction and
the original input frame is then forwarded to the DCT. Like
the IDCT and the inverse quantization, the MC requires sufficient accuracy for satisfying the MPEG standard. Otherwise, the decoder (at the receiver) should ensure using the
same scaled MC as in the encoder to avoid error drift.
Variable-length coding (VLC)
The VLC generates the coded video stream as defined in the
MPEG standard. Optimization of the output can be made
here, like ensuring a predefined bit rate. The computational
eﬀort is scalable with the number of nonzero coeﬃcients that
remain after quantization.
4.

SCALABLE FUNCTIONS FOR MPEG ENCODING

Computationally expensive corner stones of an MPEG encoder are the DCT and the ME. Both are addressed in the
scalable form in Section 4.1 on the scalable DCT [7] and in
Section 4.3 on the scalable ME [8], respectively. Additionally,
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Section 4.2 presents a scalable block classification algorithm,
which is designed to support and integrate the scalable DCT
and ME on the system level (see Section 5).
4.1. Discrete Cosine Transformation

ira1

x[1]

irm1

ira2

x[2]

y[1]

y[2]

4.1.1. Basics
The DCT transforms the luminance and chrominance values
of small square blocks of an image to the transform domain.
Afterwards, all coeﬃcients are quantized and coded. For a
given N × N image block represented as a two-dimensional
(2D) data matrix {X[i, j]}, where i, j = 0, 1, . . . , N − 1, the
2D DCT matrix of the coeﬃcients {Y [m, n]} with m, n =
0, 1, . . . , N − 1 is computed by
Y [m, n] =

4
∗ u(m) ∗ u(n)
N2
N −1 N −1

∗
i=0

(2i + 1)m ∗ π
X[i, j] ∗ cos
2N
j =0
∗ cos

(1)

(2 j + 1)n ∗ π
,
2N

(2)

so that (1) can be rewritten as
Y = KN ∗ X ∗ KN .

(3)

Equation (3) shows that the 2D DCT as specified by (1) is
based on two orthogonal 1D DCTs, where KN ∗ X transforms
the columns of the image block X, and X ∗ KN transforms the
rows. Since the computation of two 1D DCTs is less expensive
than one 2D DCT, state-of-the-art DCT algorithms normally
refer to (3) and concentrate on optimizing a 1D DCT.
4.1.2. Scalability
Our proposed scalable DCT is a novel technique for finding a specific computation order of the DCT coeﬃcients.
The results depend on the applied (fast) DCT algorithm. In
our approach, the DCT algorithm is modified by eliminating several computations and thus coeﬃcients, thereby enabling complexity scalability for the used algorithm. Consequently, the output of the algorithm will have less quality,
but the processing eﬀort of the algorithm is reduced, leading to a higher computing speed. The key issue is to identify the computation steps that can be omitted to maximize
the number of coeﬃcients for the best possible video quality.
Since fast DCT algorithms process video data in diﬀerent ways, the algorithm used for a certain scalable application should be analyzed closely as follows. Prior to each computation step, a list of remaining DCT coeﬃcients is sorted

y[3]

Figure 4: Exemplary butterfly structure for the computation of outputs y[·] based on inputs x[·]. The data flow of DCT algorithms
can be visualized using such butterfly diagrams.

such that in the next step, the coeﬃcient is computed having
the lowest computational cost. More formally, the sorted list
L = {l1 , l2 , . . . , lN 2 } of coeﬃcients l taken from an N × N DCT
satisfies the condition
 

where u(i) = 1/ 2 if i = 0 and u(i) = 1 elsewhere. Equation (1) can be simplified by ignoring the constant factors
for convenience and defining a square cosine matrix K by
(2p + 1)q ∗ π
2N

irm2

 

C li = min C lk ,

√

KN [p, q] = cos

ira3

x[3]

k≥i

∀li ∈ L

(4)

where C(lk ) is a cost function providing the remaining number of operations required for the coeﬃcient lk given the fact
that the coeﬃcients ln , n < k, already have been computed.
The underlying idea is that some results of previously performed computations can be shared. Thus (4) defines a minimum computational eﬀort needed to obtain the next coeﬃcient.
We give a short example of how the computation order
L is obtained. In Figure 4, a computation with six operation
nodes is shown, where three nodes are intermediate results
(ira1 , ira2 , and ira3 ). The complexity of the operations that
are involved for a node can be defined such that they represent the characteristics (like CPU usage or memory access
costs) of the target architecture. For this example, we assume
that the nodes depicted with filled circles (•) require one
operation and nodes that are depicted with squares () require three operations. Then, the outputs (coeﬃcients) y[1],
y[2], and y[3] require 4, 3, and 4 operations, respectively. In
this case, the first coeﬃcient in list L is l1 = y[2] because
it requires the least number of operations. Considering that,
with y[2], the shared node ir1 has been computed and its intermediate result is available, the remaining coeﬃcients y[1]
and y[3] require 3 and 4 operations, respectively. Therefore,
l2 = y[1] and l3 = y[3], leading to a computation order
L = { y[2], y[1], y[3]}.
The computation order L can be perceptually optimized
if the subsequent quantization step is considered. The quantizer weighting function emphasizes the use of low-frequency
coeﬃcients in the upper-left corner of the matrix. Therefore,
the cost function C(lk ) can be combined with a priority function to prefer those coeﬃcients.
Note that the computation order L is determined by the
algorithm and the optional applied priority function, and it
can be found in advance. For this reason, no computational
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periments have revealed that the quality improvement of our
technique is the largest between 200 and 600 operations per
block. In this area, the amount of coeﬃcients is still relatively small so that the benefit of having much more coefficients computed than in a zigzag order is fully exploited.
Although the zigzag order yields perceptually important coeﬃcients from the beginning, the computed number is simply too low to show relevant details (e.g., see the background
calendar in the figure).
4.2.

Figure 5: Computation order of coeﬃcients.

overhead is required for actually computing the scaled DCT.
It is possible, though, to apply diﬀerent precomputed DCTs
to diﬀerent blocks employing block classification that indicates which precomputed DCT should perform best with a
classified block (see Section 5.3).
4.1.3. Experiments
For experiments, the fast 2D algorithm given by Cho and
Lee [9], in combination with the Arai-Agui-Nakajima (AAN)
1D algorithm [10], has been used, and this algorithm combination is extended in the following with computational
complexity scalability. Both algorithms were adopted because their combination provides a highly eﬃcient DCT
computation (104 multiplications and 466 additions). The
results of this experiment presented below are discussed
with the assumption that an addition is equal to one operation and a multiplication is equal to three operations
(in powerful cores, additions and multiplications have equal
weight).
The scalability-optimized computation order in this experiment is shown in Figure 5, where the matrix has been
shaded with diﬀerent gray levels to mark the first and the
second half of the coeﬃcients in the sorted list. It can be seen
that in this case, the computation order clearly favors horizontal or vertical edges (depending on whether the matrix is
transposed or not).
Figure 6 shows the scalability of our DCT computation
technique using the scalability-optimized computation order, and the zigzag order as reference computation order.
In Figure 6a, it can be seen that the number of coeﬃcients
that are computed with the scalability-optimized computation order is higher at any computation limit than the zigzag
order. Figure 6b shows the resulting peak signal-to-noise ratio (PSNR) of the first frame from the “Voit” sequence using both computation orders, where no quantization step is
performed. A 1–5 dB improvement in PSNR can be noticed,
depending on the amount of available operations.
Finally, Figure 7 shows two picture pairs (based on zigzag
and scalability-optimized orders preferring horizontal details) sampled from the “Renata” sequence during diﬀerent stages of the computation (representing low-cost and
medium-cost applications). Perceptive evaluations of our ex-

Scalable classification of picture blocks

4.2.1. Basics
The conventional MPEG encoding system processes each image block in the same content-independent way. However,
content-dependent processing can be used to optimize the
coding process and output quality, as indicated below.
(i) Block classification is used for quantization to distinguish between flat, textured, and mixed blocks [11]
and then apply diﬀerent quantization factors for these
blocks for optimizing the picture quality at given bit
rate limitations. For example, quantization errors in
textured blocks have a small impact on the perceived
image quality. Blocks containing both flat and textured
parts (mixed blocks) are usually blocks that contain
an edge, where the disturbing ringing eﬀect gets worse
with high quantization factors.
(ii) The ME (see Section 4.3) can take the advantage of
classifying blocks to indicate whether a block has a
structured content or not. The drawback of conventional ME algorithms that do not take the advantage
of block classification is that they spend many computations on computing MVs for, for example, relatively
flat blocks. Unfortunately, despite the eﬀort, such ME
processes yield MVs of poor quality. Employing block
classification, computations can be concentrated on
blocks that may lead to accurate MVs [12].
Of course, in order to be useful, the costs to perform block
classification should be less than the saved computations.
Given the above considerations, in the following, we will
adopt content-dependent adaptivity for coding and motion
processing. The next section explains the content adaptivity
in more detail.
4.2.2. Scalability
We perform a simple block classification based on detecting
horizontal and vertical transitions (edges) for two reasons.
(i) From the scalable DCT, computation orders are available that prefer coeﬃcients representing horizontal or
vertical edges. In combination with a classification, the
computation order that fits best for the block content
can be chosen.
(ii) The ME can be provided with the information whether
it is more likely to find a good MV in up-down or
left-right search directions. Since ME will find equally
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Figure 6: Comparison of the scalability-optimized computation order with the zigzag order. At limited computation resources, more DCT
coeﬃcients are computed (a) and a higher PSNR is gained (b) with the scalability-optimized order than with the zigzag order.

(a)

(b)

(c)

(d)

Figure 7: A video frame from the “Renata” sequence coded employing the scalability-optimized order (a) and (c), and the zigzag order
(b) and (d). Index m(n) means m operations are performed for n coeﬃcients. The scalability-optimized computation order results in an
improved quality (compare sharpness and readability).

good MVs for every position along such an edge
(where a displacement in this direction does not introduce large displacement errors), searching for MVs
across this edge will rapidly reduce the displacement
error and thus lead to an appropriate MV. Horizontal and vertical edges can be detected by significant
changes of pixel values in vertical and horizontal directions, respectively.

The edge detecting algorithm we use is in principle based
on continuously summing up pixel diﬀerences along rows or
columns and counting how often the sum exceeds a certain
threshold. Let pi , with i = 0, 1, . . . , 15, be the pixel values in a
row or column of a macroblock (size 16 × 16). We then define
a range where pixel divergence (di ) is considered as noise if
|di | is below a threshold t. The pixel divergence is defined by
Table 1.
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(a)

(b)

Figure 8: Visualization of block classification using a picture of the “table tennis” sequence. The left (right) picture shows blocks where
horizontal (vertical) edges are detected. Blocks that are visible in both pictures belong to the class “diagonal/structured,” while blocks that
are blanked out in both pictures are considered as “flat.”

Table 1: Definition of pixel divergence, where the divergence is considered as noise if it is below a certain threshold.
Condition
i=0
(i = 1, . . . , 15) ∧ (|di−1 | ≤ t)
(i = 1, . . . , 15) ∧ (|di−1 | > t)

Pixel divergence di
0
di−1 + (pi − pi−1 )
di−1 + (pi − pi−1 ) − sgn(di−1 ) ∗ t

The area preceding the edge yields a level in the interval [−t; +t]. The middle of this interval is at d = 0, which is
modified by adding ±t in the case that |d| exceeds the interval around zero (start of the edge). This mechanism will follow the edges and prevent noise from being counted as edges.
The counter c as defined below indicates how often the actual
interval was exceeded:
15

c=



0


i=1 1

. .
if .di . ≤ t,
. .
if .di . > t.

(5)

The occurrence of an edge is defined by the resulting value of
c from (5).
This edge detecting algorithm is scalable by selecting
the threshold t, the number of rows and columns that are
considered for the classification, and a typical value for c.
Experimental evidence has shown that in spite of the complexity scalability of this classification algorithm, the evaluation of a single row or column in the middle of a picture
block was found suﬃcient for a rather good classification.
4.2.3. Experiments
Figure 8 shows the result of an example to classify image
blocks of size 16 × 16 pixels (macroblock size). For this ex-

periment, a threshold of t = 25 was used. We considered a
block to be classified as a “horizontal edge” if c ≥ 2 holds
for the central column computation and as a “vertical edge”
if c ≥ 2 holds for the row computation. Obviously, we can
derive two extra classes: “flat” (for all blocks that do not belong to the CLASS “horizontal edge” NOR the class “vertical edge”) and diagonal/structured (for blocks that belong to
both classes horizontal edge and vertical edge).
The visual results of Figure 8 are just an example of a
more elaborate set of sequences with which experiments were
conducted. The results showed clearly that the algorithm
is suﬃciently capable of classifying the blocks for further
content-adaptive processing.
4.3.

Motion estimation

4.3.1. Basics
The ME process in MPEG systems divides each frame into
rectangular macroblocks (16 × 16 pixels each) and computes
MVs per block. An MV signifies the displacement of the
block (in the x-y pixel plane) with respect to a reference
image. For each block, a number of candidate MVs are examined. For each candidate, the block evaluated in the current image is compared with the corresponding block fetched
from the reference image displaced by the MV. After testing
all candidates, the one with the best match is selected. This
match is done on basis of the SAD between the current block
and the displaced block. The collection of MVs for a frame
forms an MV field.
State-of-the-art ME algorithms [13, 14, 15] normally
concentrate on reducing the number of vector candidates for
a single-sided ME between two frames, independent of the
frame distance. The problem of these algorithms is that a
higher frame distance hampers accurate ME.
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Figure 9: An overview of the new scalable ME process. Vector fields are computed for successive frames (left) and stored in memory. After
defining the GOP structure, an approximation is computed (middle) for the vector fields needed for MPEG coding (right). Note that for this
example it is assumed that the approximations are performed after the exemplary GOP structure is defined (which enables dynamic GOP
structures), therefore the vector field (1b) is computed but not used afterwards. With predefined GOP structures, the computation of (1b) is
not necessary.

4.3.2. Scalability
The scalable ME is designed such that it takes the advantage of the intrinsically high prediction quality of ME between successive frames (smallest temporal distance), and
thereby works not only for the typical (predetermined and
fixed) MPEG GOP structures, but also for more general
cases. This feature enables on-the-fly selection of GOP structures depending on the video content (e.g., detected scene
changes, significant changes of motion, etc.). Furthermore,
we introduce a new technique for generating MV fields from
other vector fields by multitemporal approximation (not to
be confused with other forms of multitemporal ME as found
in H.264). These new techniques give more flexibility for a
scalable MPEG encoding process.
The estimation process is split up into three stages as follows.
Stage 1 Prior to defining a GOP structure, we perform a simple recursive motion estimation (RME) [16] for every
received frame to compute the forward and backward
MV field between the received frame and its predecessor (see the left-hand side of Figure 9). The computation of MV fields can be omitted for reducing computational eﬀort and memory.
Stage 2 After defining a GOP structure, all the vector fields
required for MPEG encoding are generated through
multitemporal approximations by summing up vector fields from the previous stage. Examples are given
in the middle of Figure 9, for example, vector field
(mv f0→3 ) = (1a) + (2a) + (3a). Assume that the vector
field (2a) has not been computed in Stage 1 (due to a
chosen scalability setting), one possibility to approximate (mv f0→3 ) is (mv f0→3 ) = 2 ∗ (1a) + (3a).
Stage 3 For final MPEG ME in the encoder, the computed
approximated vector fields from the previous stage are

used as an input. Beforehand, an optional refinement
of the approximations can be performed with a second
iteration of simple RME.
We have employed simple RME as a basis for introducing scalability because it oﬀers a good quality for timeconsecutive frames at low computing complexity.
The presented three-stage ME algorithm diﬀers from
known multistep ME algorithms like in [17], where initially
estimated MPEG vector fields are processed for a second
time. Firstly, we do not have to deal with an increasing temporal distance when deriving MV fields in Stage 1. Secondly,
we process the vector fields in a display order having the advantage of frame-by-frame ME, and thirdly, our algorithm
provides scalability. The possibility of scaling vector fields,
which is part of our multitemporal predictions, is mentioned
in [17] but not further exploited. Our algorithm makes explicit use of this feature, which is a fourth diﬀerence. In
the sequel, we explain important system aspects of our algorithm.
Figure 10 shows the architecture of the three-stage ME algorithm embedded in an MPEG encoder. With this architecture, the initial ME process in Stage 1 results in a high-quality
prediction because original frames without quantization errors are used. The computed MV fields can be used in Stage
2 to optimize the GOP structures. The optional refinement
of the vector fields in Stage 3 is intended for high-quality applications to reach the quality of a conventional MPEG ME
algorithm.
The main advantage of the proposed architecture is that
it enables a broad scalability range of resource usage and
achievable picture quality in the MPEG encoding process.
Note that a bidirectional ME (usage of B-frames) can be
realized at the same cost of a single-directional ME (usage
of P-frames only) when properly scaling the computational
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Figure 11: PSNR of motion-compensated B-frames of the “Stefan” sequence (tennis scene) at diﬀerent computational eﬀorts—
P-frames are not shown for the sake of clarity (N = 16, M = 4).
The percentage shows the diﬀerent computational eﬀort that results from omitting the computation of vector fields in Stage 1 or
performing an additional refinement in Stage 3.

complexity, which makes it aﬀordable for mobile devices that
up till now rarely make use of B-frames. A further optimization is seen (but not worked out) in limiting the ME process
of Stages 1 and 3 to significant parts of a vector field in order
to further reduce the computational eﬀort and memory.
4.3.3. Experiments
To demonstrate the flexibility and scalability of the threestage ME technique, we conducted an initial experiment using the “Stefan” sequence (tennis scene). A GOP size of N =
16 and M = 4 (thus “IBBBP” structure) was used, combined with a simple pixel-based search. In this experiment,
the scaling of the computational complexity is introduced by
gradually increasing the vector field computations in Stage
1 and Stage 3. The results of this experiment are shown in
Figure 11. The area in the figure with the white background
shows the scalability of the quality range that results from
downscaling the amount of computed MV fields. Each vector
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Figure 10: Architecture of an MPEG encoder with the new scalable three-stage motion estimation.

Complexity of motion estimation process
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Figure 12: Average PSNR of motion-compensated P- and B-frames
and the resulting bit rate of the encoded “Stefan” stream at diﬀerent computational eﬀorts. A lower average PSNR results in a higher
diﬀerential signal that must be coded, which leads to a higher bit
rate. The percentage shows the diﬀerent computational eﬀort that
results from omitting the computation of vector fields in Stage 1 or
performing an additional refinement in Stage 3.

field requires 14% of the eﬀort compared to a 100% simple
RME [16] based on four forward vector fields and three backward vector fields when going from one to the next reference
frame. If all vector fields are computed and the refinement
Stage 3 is performed, the computational eﬀort is 200% (not
optimized).
The average PSNR of the motion-compensated P- and Bframes (taken after MC and before computing the diﬀerential
signal) of this experiment and the resulting bit rate of the encoded MPEG stream are shown in Figure 12. Note that for
comparison purpose, no bit rate control is performed during encoding and therefore, the output quality of the MPEG
streams for all complexity levels is equal. The quantization
factors, qscale, we have used are 12 for I-frames and 8 for
P- and B-frames. For a full quality comparison (200%), we
consider a full-search block matching with a search window
of 32 × 32 pixels. The new ME technique slightly outperforms
this full search by 0.36 dB PSNR measured from the motioncompensated P- and B-frames of this experiment (25.16 dB
instead of 24.80 dB). The bit rate of the complete MPEG
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Table 2: Average luminance PSNR of the motion-compensated P- and B-frames for sequences “Stefan” (A), “Renata” (B), and “Teeny” (C)
with diﬀerent ME algorithms. The second column shows the average number of SAD-based vector evaluations per MV (based on (A)).
Algorithm
2D FS (32 × 32)
NTSS [14]
Diamond [15]
Simple RME [16]
Three-stage ME 200% (employing [16])
Three-stage ME 100% (employing [16])

Tests/MV
926.2
25.2
21.9
16.0
37.1
20.1

sequence is 0.012 bits per pixel (bpp) lower when using the
new technique (0.096 bpp instead of 0.108 bpp). When reducing the computational eﬀort to 57% of a single-pass simple RME, an increase of the bit rate by 0.013 bpp compared
to the 32 × 32 full search (FS) is observed.
Further comparisons are made with the scalable threestage ME running at full and “normal” quality. Table 2 shows
the average PSNR of the motion-compensated P- and Bframes for three diﬀerent video sequences and ME algorithms with the same conditions as described above (same
N, M, etc.). The first data column (tests per MV) shows the
average number of vector tests that are performed per macroblock in the “Stefan” sequence to indicate the performance
of the algorithms. Note that MV tests pointing outside the
picture are not counted, which results in numbers that are
lower than the nominal values (e.g., 926.2 instead of 1024 for
32 × 32 FS). The simple RME algorithm results in the lowest quality here because only three vector field computations
out of 4 ∗ (4 + 3) = 28 can use temporal vector candidates as
prediction. However, our new three-stage ME that uses this
simple RME performs, comparable to FS, at 200% complexity, and at 100%, it is comparable to the other fast ME algorithms.
The results in Table 2 are based on the simple RME algorithm from [16]. A modified algorithm has been found
later [18] that forms an improved replacement for the simple RME. This modified algorithm is based on the block
classification as presented in Section 4.2. This algorithm was
used for further experiments and is summarized as follows.
Prior to estimating the motion between two frames, the macroblocks inside a frame are classified into areas having horizontal, vertical edges, or no edges. The classification is exploited to minimize the number of MV evaluations for each
macroblock by, for example, concentrating vector evaluations across the detected edge. A novelty in the algorithm is
a distribution of good MVs to other macroblocks, even already processed ones, which diﬀers from other known recursive ME techniques that reuse MVs from previously processed
blocks.
5.

SYSTEM ENHANCEMENTS AND EXPERIMENTS

The key approach to optimize a system is to reuse and combine data that is generated by the system modules in order to
control other modules. In the following, we present several

(A)
24.80
22.55
22.46
21.46
25.16
23.52

(B)
29.62
27.41
27.34
27.08
29.24
27.45

(C)
26.78
24.22
26.10
23.89
26.92
24.74

approaches, where data can be reused or generated at a low
cost in a coding system for an optimization purpose.
5.1.

Experimental environment

The scalable modules for the (I)DCT, (de)quantization, ME,
and VLC are integrated into an MPEG encoder framework,
where the scaling of the IDCT and the (de)quantization is
eﬀected from the scalable DCT (see Section 5.2). In order
to visualize the obtained scalability of the computations, the
scalable modules are executed at diﬀerent parameter settings,
leading to eﬀectively varying the number of DCT coeﬃcients
and MV candidates evaluated. When evaluating the system
complexity, the two diﬀerent numbers have to be combined
into a joint measure. In the following, the elapsed execution time of the encoder needed to code a video sequence
is used as a basis for comparison. Although this time parameter highly depends on the underlying architecture and on
the programming and operating system, it reflects the complexity of the system due to the high amount of operations
involved.
The experiments were conducted on a Pentium-III Linux
system running at 733 MHz. In order to be able to measure
the execution time of single functions being part of the complete encoder execution, it was necessary to compile the C++
program of the encoder without compiler optimizations. Additionally, it should be noted that the experimental C++ code
was not optimized for fast execution or usage of architecturespecific instructions (e.g., MMX). For these reasons, the encoder and its measured execution times cannot be compared
with existing software-based MPEG encoders. However, we
have ensured that the measured change in the execution time
results from the scalability of the modules, as we did not
change the programming style, code structures, or common
coding parameters.
5.2.

Effect of scalable DCT

The fact that a scaled DCT computes only a subset S of all
possible DCT coeﬃcients C can be used for the optimization
of other modules. The subset S is known before the subsequent quantization, dequantization, VLC, and IDCT modules. Of course, coeﬃcients that are not computed are set
to zero and therefore they do not have to be processed further in any of these modules. Note that because the subset
S is known in advance, no additional tests are performed to
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Figure 13: Complexity reduction of the encoder modules relative to the full DCT processing, with (1,1)-GOPs (a) and with (12,4)-GOPs)
(b). Note that in this case, 62% of the coding time is spent in (b) for ME and MC (not shown for convenience). For visualization of the
complexity reduction, we normalize the execution time for each module to 100% for full processing.

detect zero coeﬃcients. This saves computations as follows.
(i) The quantization and dequantization require a fixed
amount of operations per processed intra- or intercoeﬃcient. Thus, each skipped coeﬃcient c ∈ C \ S saves
1/64 of the total complexity of the quantization and
dequantization modules.
(ii) The VLC processes the DCT coeﬃcients in a zigzag or
an alternate order and generates run-value pairs for
coeﬃcients that are unequal to zero. “Run” indicates
the number of zero coeﬃcients that are skipped before
reaching a nonzero coeﬃcient. The usage of a scaled
DCT increases the probability that zero coeﬃcients occur, for which no computations are spent.
(iii) The IDCT can be simplified by knowing which coefficients are zero. It is obvious that, for example, each
multiplication with a known factor of 0 and additions
with a known addend of 0 can be skipped.
The execution time of the modules when coding the “Stefan”
sequence and scaling the modules that process coeﬃcients
is visualized in Figure 13. The category “other” is used for
functions that are not exclusively used by the scaled modules.
Figure 13a shows the results of an experiment, where the sequence was coded with I-frames only. Similar results are observed in Figure 13b from another experiment, for which Pand B-frames are included. To remove the eﬀect of quantization, the experiments were performed with qscale = 1. In
this way, the figures show results that are less dependent on
the coded video content.
The measured PSNR of the scalable encoder running
at full quality is 46.5 dB for Figure 13a and 48.16 dB for
Figure 13b. When the number of computed coeﬃcients is
gradually reduced from 64 to 8, the PSNR drops gradually
to 21.4 dB Figure 13a, respectively, 21.81 dB in Figure 13b.
In Figures 13a and 13b, the quality gradually reduces from
“no noticeable diﬀerences” down to “severe blockiness.” In
Figure 13b, the curve for the ME module is not shown for

convenient because the ME (in this experiment, we used diamond search ME [15]) is not aﬀected from processing a different number of DCT coeﬃcients.
5.3.

Selective DCT computation based on
block classification

The block classification introduced in Section 4.2 is used to
enhance the output quality of the scaled DCT by using diﬀerent computation orders for blocks in diﬀerent classes. A simple experiment indicates the benefit in quality improvement.
In the experiment, we computed the average values of DCT
coeﬃcients when coding the “table tennis” sequence with Iframes only. Each DCT block is taken after quantization with
qscale = 1. Figure 14 shows the statistic for blocks that are
classified as having a horizontal (left graph) or vertical (right
graph) edge only. It can be seen that the classification leads
to a frequency concentration in the DCT coeﬃcient matrix
in the first column, respectively, row.
We found that the DCT algorithm of Arai et al. [10] can
be used best for blocks with horizontal or vertical edges,
while background blocks have a better quality impression
when using the algorithm by Cho and Lee [9]. The experiment made for Figure 15 shows the eﬀect of the two algorithms on the table edges ([10] is better) and the background
([9] is better). In both cases, the computation orders designed for preferring horizontal edges are used. The computation limit was set to 256 operations, leading to 9 computed
coeﬃcients for [10] and 11 for [9], respectively. The coeﬃcients that are computed are marked in the corresponding
DCT matrix. It can be seen that [10] covers all main vertical
frequencies, while [9] covers a mixture of high and low vertical and horizontal frequencies. The resulting overall PSNR
are 26.58 dB and 24.32 dB, respectively.
Figure 16 shows the eﬀect of adaptive DCT computation
based on classification. Almost all of the background blocks
were classified as flat blocks and therefore, ChoLee was chosen for these blocks. For convenient, both algorithms were set
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Figure 14: Statistics of the average absolute values of the DCT coeﬃcients taken after quantization with qscale = 1. Here, the “table tennis”
sequence was coded with I-frames only. The left (right) graph shows the statistic for blocks classified as having horizontal (vertical) edges.
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Figure 15: Example of scaled AAN-DCT (a) and ChoLee-DCT (b) at 256 operations. AAN fits better for horizontal edges, while ChoLee has
better results for the background.

to compute 11 coeﬃcients. Blocks with both detected horizontal and vertical edges are treated as blocks having horizontal edges only because an optimized computation order
for such blocks is not yet defined. The resulting PSNR is
26.91 dB.
5.4. Dynamic interframe DCT coding
Besides intraframe coding, the DCT computation on frame
diﬀerences (for interframe coding) occurs more often than
intraframe coding (N − 1 times for (N, M) GOPs). For this
reason, we look more closely to interframe DCT coding,
where we discovered a special phenomenon from the scalable DCT. It was found that the DCT coded frame diﬀerences
show temporal fluctuations in frequency content. The temporal fluctuation is caused by the motion in the video content combined with the special selection function of the coeﬃcients computed in our scalable DCT. Due to the motion,
the energy in the coeﬃcients shifts over the selection pattern

so that the quality gradually increases over time. Figure 17
shows this eﬀect from an experiment when coding the “Stefan” sequence with IPP frames (GOP structure (GOP size N,
IP distance M) = (12, 1)) while limiting the computation
to 32 coeﬃcients. The camera movement in the shown sequence is panning to the right. It can be seen for example
that the artifacts around text decrease over time.
The aforementioned phenomenon was mainly found in
sequences containing not too much motion. The described
eﬀect leads to the idea of temporal data partitioning using a
cyclical sequence of several scalable DCTs with diﬀerent coeﬃcient selection functions. The complete cycle would compute each coeﬃcient at least once. Temporal data partitioning means that the computational complexity of the DCT
computation is spread over time, thereby reducing the average complexity of the DCT computation (per block) at
the expense of obtaining delayed quality obtainment. Using
this technique, picture blocks having a static content (blocks
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Figure 18: Example of coeﬃcient subsets (marked gray) used for
dynamic interframe DCT coding with a limitation to 32 coeﬃcients
per subset.
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Figure 16: Both DCT algorithms were used to code this frame. After block classification, the ChoLee-DCT was used to code blocks
where no edges were detected and the AAN-DCT for blocks with
detected edges.
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Figure 17: Visualization of a phenomenon from the scalable DCT,
leading to a gradual quality increase over time.

having zero motion like nonmoving background) and therefore having no temporal fluctuations in their frequency content will obtain the same result as a nonpartitioned DCT
computation after full computation of the partitioned DCT.
Based on the idea of temporal data partitioning, we define N subsets si (with i = 0, . . . , N − 1) of coeﬃcients such
that
N/
−1

si = S,

(6)

i=0

where the set S contains all the 64 DCT coeﬃcients. The subsets si are used to build up functions fi that compute a scaled
DCT for the coeﬃcients in si . The functions fi are applied to
blocks with static contents in cyclical sequence (one per intercoded frame). After N intercoded frames, each coeﬃcient
for these blocks is computed at least once.
We set up an experiment using the “table tennis” sequence as follows in order to measure the eﬀect of dynamic
interframe coding. The computation of the DCT (for in-

Figure 19: PSNR measures for the coded “table tennis” sequence,
where the DCT computation was scaled to compute 32 coeﬃcients.
Compared to coding I-frames only (medium gray curve), inter DCT
coding results in an improved output quality in case of motion
(light gray curve) and even a higher output quality with dynamic
interframe DCT computation.

traframe coding and interframe coding) was limited to 32
coeﬃcients. The coeﬃcient subsets we used are shown in
Figure 18. Figure 19 shows the improvement in the PSNR
that is achieved with this approach. Three curves are shown
in this figure, plotting the achieved PSNR of the coded
frames. The medium gray curve results from coding all the
frames as I-frames, which we take as a reference in this experiment. The other two curves result from applying a GOP
structure with N = 16 and M = 4. First, all blocks are processed with a fixed DCT (light gray curve) computing only
the coeﬃcients as shown in the left subset of Figure 18. It
can be seen that when the content of the sequence changes
due to movement, the PSNR increases. Second, the dynamic
inter-DCT coding technique is applied to the coding process, which results in the dark gray curve. The dark gray
curve shows an improvement to the light gray curve in case
of no motion. The comb-like structure of the curve results
from the periodic I-frame occurrence that restarts the quality
buildup. The low periodicity of the quality drop gives a visually annoying eﬀect that can be solved by computing more
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Figure 21: PSNR results of diﬀerent configurations for the scalable
MPEG modules.

coeﬃcients for the I-frames. Although this seems interesting,
this was not further pursued because of limited time.
5.5. Effect of scalable ME
The execution time of the MPEG modules when coding
the “Stefan” sequence and scaling the ME is visualized in
Figure 20. It can be seen that the curve for the ME block
scales linearly with the number of MV evaluations, whereas
the other processing blocks remain constant. The average
number of vector candidates that are evaluated per macroblock by the scalable ME in this experiment is between
0.42 and 12.53. This number is clearly below the achieved
average number of candidates (21.77) when using the diamond search [15]. At the same time, we found that our
scalable codec results in a higher quality of the MC frame
(up to 25.22 dB PSNR in average) than the diamond search
(22.53 dB PSNR in average), which enables higher compression ratios (see the next section).
5.6. Combined effect of scalable DCT and scalable ME
In this section, we combine the scalable ME and DCT
in the MPEG encoder and apply the scalability rules for
(de)quantization, IDCT, and VLC, as we have described them
in Section 2. Since the DCT and ME are the main sources for
scalability, we will focus on the tradeoﬀ between MVs and
the number of computed coeﬃcients.
Figure 21 portrays the obtained average PSNR of the
coded “Stefan” sequence (CIF resolution) and Figure 22
shows the achieved bit rate corresponding to Figure 21. The
experiments are performed with a (12,4)-GOP and qscale =
1. Both figures indicate the large design space that is available
with the scalable encoder without quantization and openloop control. The horizontally oriented curves refer to a
fixed number of DCT coeﬃcients (e.g., 8, 16, 24, 32, . . . , 64),
whereas vertically oriented curves refer to a fixed number of
MV candidates. A normal codec would compute all the 64
coeﬃcients and would therefore operate on the top horizontal curve of the graph. The figures should be jointly evaluated. Under the above-mentioned measurement conditions,
the potential benefit of the scalable ME is only visible in the
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Figure 22: Obtained bit rates of diﬀerent configurations for the
scalable modules. The markers refer to points in the design space,
where the same bit rate and quality (not computational complexity) is obtained as resulting from using diamond search (A) or full
search with a 32 × 32 (B) or 64 × 64 (C) search area for ME.

reduction of the bit rate (see Figure 22) since an improved
ME leads to less DCT coeﬃcients for coding the diﬀerence
signal after the MC in the MPEG loop.
In Figure 22, it can be seen that the bit rate decreases
when computing more MV candidates (going to the right).
The reduction is only visible when the bit rate is high enough.
For comparison, the markers “A,” “B”, and “C” refer to three
points from the design space. With these markers, the obtained bit rate of the scalable encoder is compared to the encoder using another ME algorithm. Marker “A” refers to the
configuration of the encoder using the scalable ME, where
the same bit rate and video quality (not the computational
complexity) are achieved compared to the diamond search.
As mentioned earlier, the diamond search performs 21.77
MV candidates on the average per macroblock. Our scalable
coder operating under the same quality and bit rate combination as the diamond search in marker “A” results in 10.06
average MV candidates, thus 53.8% less than the diamond
search. Markers “B” and “C” result from using the full-search
ME with a 32 × 32 and 64 × 64 search area, respectively, requiring substantially more vector candidates (1024 and 4096,
respectively). Figure 21 shows a corresponding measurement
with the average PSNR, as the outcome, instead of the bit
rate.
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Figures 21 and 22 both present a large design space, but
in practice, this is limited due to the quantization and bit rate
control. Further experiments using quantization and bit rate
control at 1500 kbps for the “Stefan,” “Foreman,” and “table tennis” sequence resulted in a quality level range from
roughly 22 dB to 38 dB. As could be expected from inserting
the quantization, the curves moved to lower PSNR (the lower
half of Figure 21) and less computation time is required since
fewer coeﬃcients are computed. It was found that the remaining design space is larger for sequences having less motion.
6.

CONCLUSIONS

We have presented techniques for complexity scalable MPEG
encoding that gradually reduce the quality as a function of
limited resources. The techniques involve modifications to
the encoder modules in order to pursue scalable complexity
and/or quality. Special attention has been paid to exploiting
a scalable DCT and ME because they represent two computational expensive corner stones of MPEG encoding. The introduced new techniques for the scalability of the two functions show considerable savings of computational complexity for video applications having low-quality requirements.
In addition, a scalable block classification technique has been
presented, which is designed to support the scalable processing of the DCT and ME. In the second step, performance
evaluations have been carried out by constructing a complete MPEG encoding system in order to show the design
space that is achieved with the scalability techniques. It has
been shown that even a higher reduction in computational
complexity of the system could be obtained if available data
(e.g., which DCT coeﬃcients are computed during a scalable DCT computation) is exploited to optimize other core
functions.
The obtained execution times of the encoder when coding the “Stefan” sequence as an example for complexity has
been measured. It was found that the overall execution time
of the scalable encoder can be gradually reduced to roughly
50% of its original execution time. At the same time, the
codec provides a wide range of video quality levels (roughly
from 20 dB to 48 dB PSNR in average) and compression ratios (from 0.58 to 2.02 Mbps). Further experiments targeting a bit rate of 1500 kbps for the Stefan, Foreman, and table
tennis sequence result in a quality level range from roughly
21.5 dB to 38.5 dB. Compared with the diamond search ME
from literature which requires 21.77 MV candidates on the
average per macroblock, our scalable coder operating under the same quality and bit rate combination uses 10.06
average MV candidates, thus 53.8% less than the diamond
search.
Another result of our experiments is that the scalable
DCT has an integrated coeﬃcient selection function which
may enable a quality increase during interframe coding. This
phenomenon can lead to an MPEG encoder with a number
of special DCTs with diﬀerent selection functions, and this
option should be considered for future work. This should
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also include diﬀerent scaling of the DCT for intra- and interframe coding. For scalable ME, future work should examine
the scalability potentials of using various fixed and dynamic
GOP structures, and of concentrating or limiting the ME to
frame parts, whose content (could) have the current viewer
focus.
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Digital video delivered over wired-to-wireless networks is expected to suﬀer quality degradation from both packet loss and bit
errors in the payload. In this paper, the quality degradation due to packet loss and bit errors in the payload are quantitatively evaluated and their eﬀects are assessed. We propose the use of a concatenated forward error correction (FEC) coding scheme employing
Reed-Solomon (RS) codes and rate-compatible punctured convolutional (RCPC) codes to protect the video data from packet loss
and bit errors, respectively. Furthermore, the performance of a joint source-channel coding (JSCC) approach employing this concatenated FEC coding scheme for video transmission is studied. Finally, we describe an improved end-to-end architecture using
an edge proxy in a mobile support station to implement diﬀerential error protection for the corresponding channel impairments
expected on the two networks. Results indicate that with an appropriate JSCC approach and the use of an edge proxy, FEC-based
error-control techniques together with passive error-recovery techniques can significantly improve the eﬀective video throughput
and lead to acceptable video delivery quality over time-varying heterogeneous wired-to-wireless IP networks.
Keywords and phrases: video transmission, RTP/UDP/IP, RS codes, RCPC codes, JSCC, edge proxy.

1.

INTRODUCTION

With the emergence of broadband wireless networks and the
increasing demand for multimedia transport over the Internet, wireless multimedia services are expected to be widely
deployed in the near future. Many multimedia applications
will require video transmission over links with a wireless first
and/or last hop as illustrated in Figure 1. However, many existing wired and/or wireless networks cannot provide guaranteed quality of service (QoS), either because of congestion, or because temporally high bit-error rates cannot be
avoided during fading periods. Channel-induced losses, including packet losses due to congestion over wired networks
as well as packet losses and/or bit errors due to transmission
errors on a wireless network, require customized error resilience and channel coding strategies that add redundancy
to the coded video stream at the expense of reduced source
coding eﬃciency or eﬀective source coding rates, resulting in
compromised video quality.
In this paper we quantitatively investigate the eﬀects of
packet losses on reconstructed video quality caused by bit

errors anywhere in the packet in a wireless network if only
error-free packets are accepted, as well as the eﬀects of residual bit errors in the payload if errored packets are accepted
instead of being discarded in the transport layer. The former corresponds to the use of the user datagram protocol
(UDP) employing a checksum mechanism while the latter
corresponds to the use of a transparent transport protocol,
such as UDP-Lite [1], together with forward error correction
(FEC) to attempt to correct transmission errors.
This work represents an extension of previous works [2,
3]. In particular, in [2] we described an approach using edge
proxies which did not address the unique FEC requirements
on the wired networks. This was followed by work reported
in [3] where a concatenated channel coding approach was
employed, but without an edge proxy, which attempted to
address the distinct FEC requirements of both the wired and
wireless networks.
A joint source-channel coding (JSCC) approach has been
well recognized as an eﬀective and eﬃcient strategy to provide error-resilient image [4, 5, 6, 7, 8] and video [3, 9, 10, 11]
transport over time-varying networks, such as wireless IP
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Figure 1: Illustration of heterogeneous wired-to-wireless networks.

networks. In this paper, we extend the work in [3] and
provide a quantitative evaluation of a proposed JSCC approach used with a concatenated FEC coding scheme employing Reed-Solomon (RS) block codes and RCPC codes to
actively protect the video data from the diﬀerent channelinduced impairments associated with transmission over tandem wired and wireless networks. However, we demonstrate
that this approach is not optimal since the coding overhead
required on the wired link must also be carried on the wireless link which can have a serious negative eﬀect on the ability of the bandwidth-limited wireless link to support highquality video transport.
Finally, we will present a framework for an end-toend solution for packet video over heterogeneous wired-towireless networks using an edge proxy. Specifically, the edge
proxy serves as an agent to enable and implement selective
packet relay, error-correction transcoding, JSCC, and interoperation between diﬀerent transport protocols for the wired
and wireless networks. Through the use of the edge proxy located at the boundary of the wired and wireless networks,
we demonstrate the ability to avoid the serious compromise
in eﬃciency on the wireless link associated with the concatenated approach. More specifically, we employ RS codes
only on the wired network to protect against packet losses
while the RCPC codes are employed only on the wireless
network to protect against bit errors. The edge proxy provides the appropriate FEC transcoding resulting in improved
bandwidth eﬃciencies on the wireless network. We believe
that the value of the proposed approach, employing an edge
proxy with appropriate functionalities, lies in the fact that little or no change needs to be provided on the existing wired
network while at the same time it addresses the distinctly different transport requirements for the wireless network. Furthermore, it uses fairly standard FEC approaches in order to
support reliable multimedia services over the Internet with a
wireless first and/or last hop.
The remainder of this paper is organized as follows. In
Section 2, we provide some technical preliminaries describ-

ing an application level framing (ALF) approach employing RTP-H.263+ packetization. In Section 3, we briefly describe the background for packet video over wireless networks and provide a quantitative study of packet video performance over wireless networks based on the two diﬀerent transport-layer strategies as discussed above. We also describe the RCPC codes, the channel-loss model, and the assumed physical channel model for the wireless networks under study. In Section 4, we introduce a concatenated FEC
coding scheme for packet video transport over heterogeneous wired-to-wireless networks, and briefly describe the
interlaced RS codes and packetization scheme employed. In
Section 5, we present a framework for an end-to-end solution for packet video over heterogeneous wired-to-wireless
network using edge proxies and provide a comparison of the
performance achievable compared to the concatenated approach. Finally, Section 6 provides a summary and conclusions.
2.
2.1.

PRELIMINARIES
Application-layer framing

To provide eﬀective multimedia services over networks lacking guaranteed QoS, such as IP-based wired as well as wireless networks, it is necessary to build network-aware applications which incorporate the varying network conditions
into the application layer instead of using the conventional
layered architecture to design network-based applications. A
possible solution is through ALF as proposed in [12]. The
principal concept of ALF is that most of the functionalities
necessary for network communications will be implemented
as part of the application. As a result, the underlying network
infrastructure provides only minimal needed functionalities.
The application is then responsible for assembling data packets, FEC coding and error recovery, as well as flow control.
The protocol of choice for IP-based packet video applications is the real-time transport protocol (RTP) [13], which is
an implementation of ALF by the internet engineering task
force (IETF). Likewise, UDP-Lite [1] is a specific instance
of ALF in the sense that the degree of transparency at the
transport layer can be tailored to the application by allowing the checksum coverage to be variable, including only the
header or portions of the packet payload as well. In this paper, we will consider the use of ALF-based RTP-H.263+ for
video transmission over wired and wireless IP networks with
a simplified transparent transport layer that does not require
all the functionalities of UDP-Lite.
2.2.

RTP-H.263+

In order to transmit H.263+ video over IP networks, the
H.263+ bitstream must first be packetized. A payload format for H.263+ video has been defined for use with RTP
(RFC 2429) [14]. This payload format for H.263+ can also
be used with the original version of H.263. In our experiments, the group of block (GOB) mode was selected for
the H.263+ coder and packetization was always performed
at GOB boundaries, that is, each RTP packet contains one
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or more complete GOBs. Since every packet begins with a
picture or GOB start code, the leading 16 zeros are omitted
in accordance with RFC 2429 [14]. The packetization overhead then consists only of the RTP/UDP/IP headers, which
are typically 40 bytes per packet. This overhead can be significant at low bit rates for wireless network-based applications.
It is important to improve the packetization eﬃciency in such
cases [15]. To minimize the packetization header overhead,
each RTP packet should be as large as possible. On the other
hand, in the presence of channel impairments, the packet size
should be kept small to minimize the eﬀects of lost packets on
reconstructed video quality.
3.

PACKET VIDEO OVER WIRELESS NETWORKS

Knowledge of the radio propagation characteristics is usually
a prerequisite for eﬀective design and operation of a communication system operating in a wireless environment. The
fading characteristics of diﬀerent radio channels and their
associated eﬀect on communication performance have been
studied extensively in the past [16]. Despite the fact that
Rayleigh fading is the most popular model, Rician fading is
observed in mobile radio channels as well as in indoor cordless telecommunication (CT) systems [16]. In a cellular system, Rayleigh fading is often a feature of large cells, while
for cells of smaller diameter, the envelope fluctuations of a
received signal are observed to be closer to Rician fading. A
slow and flat Rician fading model is assumed here,1 where
the duration of a symbol waveform is suﬃciently short so
that the fading variations cause negligible loss of coherence
within each received symbol. At the same time, the symbol
waveform is assumed to be suﬃciently narrowband (suﬃciently long in duration) so that frequency selectivity is negligible in the fading of its spectral components. As a result, the
receiver can be designed and analyzed on the basis of optimal
symbol-by-symbol processing of the received waveform, for
example, by a sampled matched filter or other appropriate
substitute in the same manner used in the nonfading case.
3.1. Channel-induced loss models
In this work, we restrict our attention to a random loss
model, that is, the wireless channel is characterized by uncorrelated bit errors. This is a reasonable model for a fairly
benign wireless channel under the assumption of suﬃcient
interleaving to randomize the burst errors produced in the
decoder.
By means of FEC, some of these bit errors can be corrected. Depending on the FEC code parameters and the
channel conditions, there will be residual bit errors. Generally, over existing wired IP networks, UDP is configured to
discard any packet with even a single error detected in the
entire packet including the header, although UDP itself need

not implement this error-detecting functionality. In the wireless video telephony system described by Cherriman et al.
[17], such packets are also discarded without further processing. In this paper, we will define two channel-induced loss
models. For the first model, we assume the same loss model
as used in wired IP networks; that is, a packet is accepted
only if there is no error in the entire packet including the
header as well as the payload, otherwise, it is considered lost.
This model corresponds to a transport scheme allowing only
error-free packets (denoted as scheme 1 in this paper). So,
for an interference-limited wireless channel, like the CDMA
radio interface, the packet losses are primarily the results of
frequent bit errors instead of congestion as in a wired network. The channel-induced impairment to the video quality is in the form of these packet losses. If a packet is considered lost, the RTP sequence number enables the decoder
to identify the lost packets so that locations of the missing
GOBs are known. The missing blocks can then be concealed
by motion-compensated interpolation using the motion vector of the macroblock (MB) immediately above the lost MB
in the same frame, or else the motion vector is assumed to
be zero if this MB is missing. However, if too many packets
are lost, concealment itself is no longer eﬀective in improving
the reconstructed video quality.
For the second model, we assume that the transport layer
is transparent to the application layer; that is, a packet with
errors only in the payload is not simply discarded in the
transport layer. Such a transparent transport layer can be
achieved by using, for example, UDP-Lite as proposed in [1].
However, UDP-Lite provides other functionalities not necessary for the work here and is not widely deployed. As a result,
we employ a simplified transparent transport protocol which
limits the use of the checksum only on the RTP/UDP/IP
header and discards a packet only if there is an error detected
in the header. In this case the application layer should be able
to access the received data although such data may have one
or more bit errors. This model corresponds to a transport
scheme allowing bit errors in the payload (denoted as scheme
2 in this paper). The channel-induced impairment to the
video quality is then in the form of residual bit errors in the
video stream. It is the responsibility of the application layer to
deal with these possible bit errors. Specifically, here we make
use of the H.263+ coding scheme where, based on syntax violations, certain error patterns may be detected by the video
decoder and the use of the corresponding errored data can
be avoided by employing passive error-recovery (PER) techniques.
Our intention is to quantitatively compare these two
channel-induced loss models, identify the diﬀerent video
data protection requirements for wired and wireless networks, and describe the corresponding appropriate transport
schemes for packet video delivery over such networks.
3.2.

1 The slow and flat Rician channel model is completely described in terms
of the single parameter ζ 2 representing the ratio of specular-to-diﬀuse energy.

255

Physical channel model

The bitstreams are modulated before being transmitted over
a wireless link. During transmission, the modulated bitstreams typically undergo degradation due to additive white
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3.3. RCPC channel codes
The class of FEC codes employed for the wireless IP network in this work is the set of binary RCPC codes described
in [18]. With P representing the puncturing period of the
code, the rates of the codes that may be generated by puncturing a rate Rc = 1/n mother code are Rc = P/(P + j),
j = 1, 2, . . . , (n − 1)P. Thus, it is easy to obtain a family
of codes with unequal error correcting capabilities. In this
work, a set of RCPC codes are obtained by making use of
an Rc = 1/4 mother code with memory M = 10 and a corresponding puncturing period P = 8. Then the available RCPC
codes are of rates, Rc = 8/9, 8/10, . . . , 8/32.
3.4. Passive error recovery
If a packet is considered lost, the RTP sequence number enables the decoder to identify the lost packets so that locations
of the missing data are known. The aﬀected blocks can then
be concealed by PER techniques. In this work, we make use
of the error-detecting and recovery scheme described in Test
Model 8 [19]. The major objective of this PER scheme is to
detect the severe error patterns and prevent the use of such
errors which may substantially degrade the video quality. The
remaining undetected error patterns in the payload which
are not detected by the H.263+ decoder will result in the use
of incorrectly decoded image data which can cause quality
degradation of the reconstructed video.
3.5. Selected simulation results
We present some selected results for a representative quarter common intermediate format (QCIF) video conferencing
sequence, Susie at 7.5 frames per second (fps). These results
were obtained using a single-layer H.263+ coder in conjunction with RCPC channel codes [18] together with quadrature
phase shift keyed (QPSK) modulation. To decrease the sensitivity of our results to the location of bit errors, a sequence
of N f = 30 input frames is encoded, channel errors are simulated and the resulting distortion is averaged. Furthermore,
each simulation was run Nt times. By taking empirical averages with Nt suﬃciently large (i.e., Nt = 1000), statistical
confidence in the resulting distortion can be achieved.
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Gaussian noise (AWGN) and/or fading. At the receiver side,
the received waveforms are demodulated, channel decoded,
and then source decoded to form the reconstructed video
sequence. The reconstructed sequence may diﬀer from the
original sequence due to both source coding errors and possible channel-error eﬀects.
In this paper, the symbol transmission rate for the wireless links is set to be rS = 64 Ksps, such that the overall bit
rate employing QPSK modulation is constrained as Rtot =
128 Kbps. This in turn sets the upper limit for the bit rate
over the wired networks to be Rtot = 128 Kbps as well. Since
the total bit rate is limited by the wireless links, the use of RS
and/or RCPC codes will result in a decrease of source coded
bit rate proportional to the overall channel coding rates.
The transmission channel is modelled as a flat-flat Rician
channel with ratio of specular-to-diﬀuse energy ζ 2 = 7 dB.
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Figure 2: Performance of RTP-H.263+ packet video with 1 or
9 GOBs/packet over a wireless channel without channel coding and
employing loss model 1; Rician channel with ζ 2 = 7 dB.

Figure 2 demonstrates results for a system without channel coding under the assumption of the first loss model.
Here, we plot the reconstructed peak signal-to-noise ratio
(PSNR) versus the channel SNR, ES /NI .2 In Figure 2, we provide results for two packetization choices which packetize
either 1 or 9 GOBs (i.e., 1 frame for QCIF) into a single
packet. It should be obvious that in the absence of channel impairments, the more GOBs contained in one packet,
the better the quality should be as a result of the reduced
overheads. This is clearly demonstrated in Figure 2 where for
large ES /NI , the larger number of GOBs/packet results in improved PSNR performance. However, as the channel conditions degrade (i.e., the value of ES /NI decreases), a packetization scheme with fewer GOBs/packet can be expected to
be more robust in the presence of the increasing channel impairments. This is because of the dependence of packet-loss
rate upon the corresponding packet size. Although the biterror rate remains the same, a larger packet size results in
larger packet-loss rate. This is also demonstrated in Figure 2.
It should also be noticed that under the first loss model, the
video quality is extremely sensitive to packet losses due to the
channel variation in ES /NI .
Next, we demonstrate the performance of the system
with a transparent transport layer; that is, channel-loss
model 2. We provide corresponding results in Figure 3 for
both loss models for two packetization choices which again
packetize 1 or 9 GOBs (i.e., 1 frame for QCIF) into a single packet. If a single GOB is packetized into a packet, the
quality of the second transport scheme degrades somewhat
2 The quality E /N represents the ratio of energy per symbol to the specS I
tral density of the channel noise or interference level.
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Figure 3: Performance of RTP-H.263+ packet video with 1 or
9 GOBs/packet over a wireless channel without channel coding for
the two loss models.

Figure 4: Performance of RTP-H.263+ packet video with 1 or
9 GOBs/packet over a wireless channel with a fixed Rc = 1/2,
M = 10 convolutional code for the two loss models.

more gracefully compared to the first scheme as the channel
ES /NI decreases. The relative disadvantage of the first scheme
in this case is the result of discarding packets with even a
single bit error in the payload. Instead, the second scheme
makes use of the received data by selectively decoding those
data without severely degrading the video quality. Since the
packet size in this case is relatively small, as the bit error rate
increases as a result of decreasing ES /NI , there is some advantage of the first scheme in the region ES /NI < 31 dB because it avoids the use of error-prone packets. For scheme 2,
on the other hand, the remaining undetected errors in the
payload begin to overwhelm the PER capabilities of the decoder as ES /NI decreases and substantially degrade the reconstructed video quality. This is also demonstrated in Figure 3.
However, it should be noticed that in this region the video
quality is already suﬃciently degraded that the relative advantage of scheme 1 in this region does not make a significant diﬀerence for video users. Furthermore, as illustrated
in Figure 3, if 9 GOBs are packetized into a packet, the quality of the second transport scheme substantially outperforms
the first scheme as the channel ES /NI becomes smaller. As the
packet size increases, the disadvantage of the first scheme is
even more significant as a result of discarding packets with
even single bit error in the payload. Based on these observations, it would appear that it is necessary to provide a transparent transport scheme for packet video over wireless networks. More specifically, packet video over wired and wireless IP networks may have to employ diﬀerent transport-layer
protocols.
FEC can be used to protect the video data against channel errors to improve the video delivery performance in
the range of lower ES /NI , although, as we demonstrate, the

choice of channel coding rate must be carefully made. For example, the corresponding results for the previous two packetization choices are illustrated in Figure 4 for the two loss
models where we somewhat arbitrarily employ an Rc = 1/2,
M = 10 convolutional code to protect the packetized video
data. In this case, the additional channel coding overheads
force a decrease in the available source coding bit rate,3 and
this results in a corresponding decrease in the video quality
in the absence of channel impairments. This can be seen if we
compare the results in Figure 4 to the corresponding values
in Figure 3 for large ES /NI . However, it should be noted that
the coded cases can maintain the video quality at acceptable
levels for considerably smaller values of ES /NI compared to
the uncoded system. This is a good indication of the necessity of employing FEC coding in wireless networks.
It should also be observed in Figure 4, compared to the
uncoded case illustrated in Figure 3, that the second loss
model consistently and substantially outperforms the first
loss model. For example, there is over 6 dB performance gain
of the second model over the first model at ES /NI = 4 dB for
the case of 9 GOBs/packet. This suggests the advisability of
using FEC coding to constrain the bit-error rate in wireless
networks together with the use of a transparent transportlayer scheme to provide acceptable packet video services.
This provides further illustration that packet video transport
over wireless IP networks may require a diﬀerent transportlayer protocol from conventional wired networks in order to
obtain more desirable error-resilient quality.

3 Recall that we are holding the total transmitted bit budget at R
tot =
128 Kbps.
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Figure 5: Illustration of concatenated coding scheme.

4.

PACKET VIDEO OVER WIRED-TO-WIRELESS
IP NETWORKS

Many evolving multimedia applications will require video
transmission over a wired-to-wireless link such as in wireless IP applications where a mobile terminal communicates
with an IP server through a wired IP network in tandem with
a wireless network as illustrated in Figure 1. We intend to address an end-to-end solution for video transmission over a
heterogeneous network such as the UMTS third-generation
(3G) wireless system, which provides the flexibility at the
physical layer to introduce service-specific channel coding as
well as the necessary bit rate required for high-quality video
up to 384 Kbps.
Video quality should degrade gracefully in the presence
of either packet losses due to congestion on the wired network, or bit errors due to fading conditions on the wireless
channel. Due to the diﬀerence in channel conditions and loss
patterns between the wired and wireless networks, to be efficient and eﬀective the error-control schemes should be tailored to the specific characteristics of the loss patterns associated with each network. Furthermore, the corresponding
error-control schemes for each network should not be designed and implemented separately, but jointly in order to
optimize the quality of the delivered video.
Here, we present a possible end-to-end solution which
employs an adaptive concatenated FEC coding scheme to
provide error-resilient video service over tandem wired-towireless IP networks as illustrated in Figure 5. An H.263+
source coder encodes the input video which is applied to a
concatenated channel encoder employing an RS block outer
encoder and an RCPC inner encoder. The RS outer code operates in an erasure-decoding mode and provides protection
against packet loss due to congestion in the wired IP network while the RCPC inner code provides protection against
bit errors due to fading and interference on the wireless network. The RS coding rates can be selected adaptively according to the prevailing network conditions, specifically, packetloss rate for the wired IP network. This channel rate matching is achieved by employing a set of RS codes with diﬀerent
erasure-correcting capabilities. The RCPC coding rates can
also be selected adaptively to provide diﬀerent levels of bit-

error-correcting capability according to the prevailing wireless network conditions, specifically, ES /NI for the wireless
channels.4 This end-to-end approach avoids the system complexities associated with transcoding in edge proxies located
at the boundaries between the wired and wireless networks
as treated in [2], for example. However, we will see that this
reduction in complexity is at the expense of a considerable
performance penalty.
4.1. Packet-level FEC scheme for wired IP networks
Packet loss is inevitable even in wired IP networks, and can
substantially degrade reconstructed video quality which is
annoying for users. Thus, it is desirable that a video stream
be robust to packet loss. Regarding the tight delay constraints for real-time video applications, FEC should be applied to achieve error recovery when packet losses occur. For
a wired IP network, packet loss is caused primarily by congestion, and channel coding is typically used at the packetlevel [20, 21] to recover from such losses. Specifically, a video
stream is first chopped into segments each of which is packetized into k packets, and then for each segment, a block
code is applied to the k packets to generate an n-packet
block, where n > k. To perfectly recover a segment, a user
only needs to receive any k packets in the n-packet block. To
avoid additional congestion problems due to channel-coding
overheads, a JSCC approach to optimize the rate allocation
between source and channel coding is necessary. One such
approach employing interlaced RS coding with packet-lossrecovery capability has been described in [22].
In this paper, we will apply a form of concatenated
FEC coding employing interlaced RS codes as illustrated in
Figure 6, where FEC codes are applied across IP packets.
Specifically, each packet is partitioned into successive m-bit
symbols to form an encoding array, and individual symbols
are aligned vertically to form RS codewords of block length
n over GF(2m ). As illustrated in Figure 6, each IP packet consists of w successive rows of m-bit symbols, then, the decoded
packet-loss probabilities can be readily determined assuming
erasure-only decoding.
4.2.

Packetization for the interlaced RS
coded video data
To quantitatively compare the performance between a coded
system and an uncoded system, we have to maintain the same
packet-generation rate. Specifically, for the QCIF video studied in this paper, in the uncoded system, each GOB is packetized into a single packet, resulting in 9 packets per video
frame. For the coded system, network packets are obtained
by concatenating successive rows of the encoding array illustrated in Figure 6. We maintain identical packet rate in the
coded system as in the uncoded system. Specifically, with the
use of RS(63, k) codes, this results in packing 7 (i.e., w = 7
in Figure 6) coded symbols from the same RS codeword into
the same packet together with other RS coded symbols from
4 The RCPC rates should also depend on the Rician channel parameter
ζ 2 which for purposes of this work we will assume is fixed and known.
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Figure 6: Illustration of interlaced RS codes.

the same video frame. As a result, both systems will generate
9 packets per frame.
4.3. Packet-loss correction using RS codes
Consider an RS(n, k) code over GF(2m ) applied in an interlaced fashion across the IP packets as described above and
illustrated in Figure 6. Here, k symbols of m bits each are encoded into n m-bit symbols with d the minimum distance of
the RS code given by
d = n − k + 1.

(1)

For the proposed concatenated FEC scheme, it is possible that there are residual bit errors that cannot be corrected
through the use of the inner RCPC codes. These residual bit
errors may degrade the erasure-correction capability of the
RS codes employing erasure decoding which attempts to correct the packet-loss-induced symbol erasures over the wired
IP network. However, the probability of symbol errors for
the RS coded symbols resulting from such residual bit errors will be very small compared to the symbol-erasure rate
with appropriate choices of inner RCPC codes which maintain the residual bit-error rate low. For example, considering an RS(63, k) code with a symbol size of 6 bits, a residual bit-error rate of 10−5 will result in a symbol-error rate
of 6 × 10−5 which will have a negligible eﬀect on the erasure
correcting performance of the RS codes in a system where
packet-loss-induced erasures are dominant. So, in this paper
we assume the use of erasure-only decoding of RS codes with
full erasure-correcting capability.

For an RS code with erasure decoding, e ≤ d − 1 erasures can be corrected. Consider that w m-bit symbols from
an RS codeword are packed into the same packet. A packet
loss under this packetization scheme will result in w erasures
for the corresponding RS coded symbols. Assume the symbol
erasures are independent. For the coded system, the resulting
packet-loss rate for the above specified packetization scheme
then becomes
9

PL =
i=W

9 i
λ (1 − λ)9−i ,
i

(2)

where λ is the corresponding uncoded packet-loss rate, and
W is the maximum number of allowable packet losses that
can be recovered through the use of RS codes, and is given by
W = e/w .

(3)

It should be noted that a lost packet in the uncoded system as described above will result in a loss of 1 GOB. However, for the coded system, if there is a packet loss that cannot
be recovered through the erasure-correcting capability of the
corresponding RS codes, the whole frame, that is 9 GOBs,
will be aﬀected due to the interlaced RS coding scheme. In
such a situation, PER, as will be described in Section 4.4, will
be applied to conceal the errors.
4.4. Channel-induced loss models
In the previous section, we have shown the advantage of a
transparent transport layer for video transmission over noisy
wireless channels. In what follows, we will again assume that
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Figure 7: Performance of RTP-H.263+ packet video over wired IP
networks using RS coding alone.

the transport layer is transparent to the application layer, that
is, a packet with errors in the payload is not simply discarded
in the transport layer. Instead, the application layer should
be able to access the received data although such data may
have one or more bit errors. It is the responsibility of the application layer to deal with the possible residual bit errors as
described previously in Section 3.1.
4.5. JSCC approach
As has been demonstrated in the previous section, in order
to protect against the channel impairments, some form of
FEC coding must be employed. Since an arbitrarily chosen
FEC design can lead to a prohibitive amount of overhead for
highly time-varying error conditions over wireless channels,
a JSCC approach for image or video transmission is necessary. The objective of JSCC is to jointly select the source and
channel coding rates to optimize the overall performance due
to both source coding loss and channel-error eﬀects subject
to a constraint on the overall transmission bit rate budget.
In [9, 10], it was shown that much of the computational
complexity involved in solving this optimal rate allocation
problem may be avoided through the use of universal distortion rate characteristics. Given a family of universal distortion rate characteristics for a specified source coder, together with appropriate bounds on bit-error probability Pb
for a particular modulation/coding scheme as a function of
channel parameters, the corresponding optimal distortion
rate characteristics for a video sequence can be determined
through the following procedure: for a specified channel
SNR, ES /NI , we can find the associated Pb through the corresponding bit-error probability bounds for a selected modulation/coding scheme as discussed earlier. Then, for each
choice of source coding rate Rs of interest, use the resulting
Pb to find the corresponding overall PSNR from the universal
distortion rate characteristics. This procedure is described in
more detail in [9, 10].
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Figure 8: Performance of H.263+ coded video delivery over a wireless Rician fading channel with ζ 2 = 7 dB using JSCC approach with
RCPC coding only and employing perfect CSI. Performance results
for a set of fixed channel coding rate schemes are also shown.

4.6.

Selected simulation results

We first consider the case where no channel error is introduced over the wireless links; that is, only the packet loss over
the wired network will degrade the video quality. Figure 7
demonstrates the performance using a family of RS(63, k)
codes5 with JSCC for RTP-H.263+ packet video over wired
IP networks experiencing random packet loss. Here we illustrate PSNR results as a function of packet-loss rate λ for different values of source coding rate with the RS codes chosen
to achieve the overall bit rate budget Rtot = 128 Kbps. In particular, the smaller values of Rs allow the use of more powerful low-rate RS codes resulting in improved performance for
larger packet-loss rate. On the other hand, for small packetloss rate performance, improvements can be obtained using
larger values of Rs together with less powerful high-rate RS
codes. The optimum JSCC procedure selects the convex hull
of all such operating points as illustrated schematically in
Figure 7. Clearly, compared to the system without using RS
coding where video quality is substantially degraded with increasing packet-loss rate, the JSCC approach with RS coding
provides an eﬀective means to maintain the video quality as
network-induced packet-loss rate increases.
Consider another case where now bit errors over the
wireless links instead of packet loss over the wired network
are dominant, and a JSCC approach using RCPC codes is employed. The results are illustrated in Figure 8 where we now
plot PSNR versus ES /NI .6 Again, as can be observed, the JSCC
approach with RCPC coding alone clearly demonstrates significant performance improvements over either the uncoded
case or the case where the channel coding rate is fixed at
5 RS(63, k)
6 Observe

codes are used throughout the remainder of this paper.
the decreasing values of ES /NI used in plotting Figure 8.
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Figure 10: An end-to-end approach using an edge proxy.
5

Figure 9: Performance of H.263+ coded video delivery over heterogeneous wired-to-wireless IP networks using JSCC employing
concatenated RS and RCPC coding.

to maintain the video quality as network-induced packet-loss
and/or bit-error rate increase.
5.

an arbitrarily chosen value.7 The use of JSCC can provide a
more graceful pattern of quality degradation by keeping the
video quality at an acceptable level for a much wider range of
ES /NI . This is achieved by jointly selecting the channel and
source coding rates based on the prevailing channel conditions, here represented by ES /NI .
In more general cases, packet loss due to congestion in
the wired network and bit errors due to fading eﬀects on
the wireless networks coexist. We propose to jointly select
the source coding rate, the RS coding rate, and the RCPC
coding rate such that optimal end-to-end performance can
be achieved with this concatenated coding scheme. Here,
we demonstrate PSNR results for reconstructed video as a
function of the wireless channel ES /NI for a set of packetloss rates over the wired IP network with the RS codes and
RCPC codes chosen to achieve the overall bit rate budget
Rtot = Rs /(RRCPC
· RRS
c
c ) = 128 Kbps [3]. In Figure 9, for
a given packet-loss rate λ in the wired network, the optimal performance obtainable is demonstrated under the constraint of a fixed wireless transmission rate. It is clear that the
RS coding rate has to be adaptively selected with the variation
in the corresponding packet-loss rate. Meanwhile, the RCPC
coding has to adapt to the change in the wireless link conditions, ES /NI in this case. Clearly, as shown by the dashed
lines in Figure 9, for the system employing only adaptive RS
codes selected according to the packet-loss rate on the wired
network but no RCPC codes on the wireless network, video
quality is substantially degraded with increasing bit errors as
ES /NI decreases. In contrast, the JSCC approach with concatenated RS and RCPC coding provides an eﬀective means
7 For example, the arbitrary choice of R = 1/2 illustrated in Figure 4
c
would fall between the curves labelled Rc = 8/15 and Rc = 8/17 in Figure 8.

PACKET VIDEO OVER WIRED-TO-WIRELESS
IP NETWORK USING AN EDGE PROXY

In the previous section, we investigated a JSCC approach
used with a concatenated FEC coding scheme employing interlaced RS block codes and RCPC codes to actively protect
the video data from diﬀerent channel-induced impairments
over tandem wired and wireless networks. However, this approach is not optimal since, as noted previously, the coding
overhead required on the wired link must also be carried on
the wireless link.
As an alternative to the concatenated approach, we
present an end-to-end solution with the use of an edge proxy
operating at the boundary of the two networks as demonstrated in Figure 10. This end-to-end solution employs the
edge proxy to enable the use of distinctly diﬀerent errorcontrol schemes on the wired and wireless networks. Specifically, we employ the interlaced RS codes alone on the wired
network and the RCPC codes alone on the wireless network
to provide error-resilient video service over tandem wiredto-wireless IP networks. As a result, under the constraint of
a total bitrate budget Rtot , the eﬀective video data throughRCPC }, where
put is given as Rs = min{Rtot · RRS
c , Rtot · Rc
RCPC are the channel coding rates for the RS and
RRS
and
R
c
c
RCPC codes, respectively. In contrast, without the use of an
edge proxy, these two codes have to work as a concatenated
FEC scheme as described in the preceding section in order to
provide suﬃcient protection against both congestion-caused
packet loss in the wired network and fading-caused bit errors
in the wireless network. The corresponding eﬀective video
RCPC
data throughput in this case is then Rs = Rtot · RRS
c · Rc
and, because of the need to carry both overheads on both
networks, this causes a serious reduction in achievable video
quality. It is clear then that the reconstructed video quality
can be improved through the use of an edge proxy. We will
quantitatively investigate the resulting improvement for interactive video coding and transmission in what follows.
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To accommodate the diﬀerential error-control schemes as
well as diﬀerential transport protocols for packet video over
wired and wireless networks, appropriate middleware has to
be employed to operate between the wired and wireless network to support the application layer solutions for video applications. Thus, we define an edge proxy here to accomplish these functionalities. The edge proxy should be implemented as part of a mobile support station. Furthermore,
it should be application-specific; in our case it is videooriented.
The use of edge proxies at the boundaries of dissimilar
networks for a variety of functions have been used extensively
in the networking community [23]. The uniqueness of the
approach proposed here using edge proxies at the boundary
between wired and wireless networks for video transport applications lies in its specific functionalities as defined above.
Specifically, it serves as an agent to enable and implement
(1)
(2)
(3)
(4)

selective packet relay,
error-control transcoding,
JSCC control,
interoperation between diﬀerent possible transport
protocols for the wired and wireless network.
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Figure 11: Performance of H.263+ coded video delivery over heterogeneous wired-to-wireless IP networks using JSCC with an edge
proxy.

37.5

5.2. Selected simulation results
Now we consider the system with the use of an edge proxy
between the wired and wireless IP networks, such that error-
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λ = 1%
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PSNR (dB)

For the interactive applications we consider here, there
exists two-way traﬃc including wired-to-wireless as well as
wireless-to-wired. We assume that RS codes are employed to
combat packet loss due to congestion in a wired network, and
RCPC codes are used on the wireless network to combat bit
errors. It is necessary for the edge proxy to do error-control
transcoding if such a scheme is used.
Furthermore, the edge proxy should support the JSCC
control scheme to adaptively adjust the source and channel coding rates. To avoid computation and time-expensive
video transcoding in the edge proxy, an end-to-end adaptive
coding control strategy is suggested here. The channel conditions including those for both the wired and wireless networks are collected in the edge proxy, and based on the prevailing channel conditions, video coding rates are adjusted
accordingly using JSCC. For the wired network, the major
channel condition parameter is the packet-loss rate, while for
the wireless network, channel SNR as well as the fading parameters are used.
The edge proxy is also responsible for the interoperation
between diﬀerent possible transport protocols for the wired
and wireless network. For a wireless network, the errorcontrol scheme is implemented in the application layer, and
erroneous packets should be delivered to the end user. However, for conventional wired networks, such as existing IP
networks, no error is allowed. In this case, to achieve interoperation, the edge proxy has to repacketize the packet according to the appropriate transport protocol before relaying the
packet in either direction.
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Figure 12: Relative performance improvement with and without
the use of an edge proxy.

control transcoding can be done between the two heterogeneous networks each supporting diﬀerent error-control approaches as described previously. With the use of an edge
proxy, the corresponding optimal performance obtainable is
demonstrated in Figure 11 under the constraint of the same
fixed wireless transmission rate of 128 Kbps.
For comparison, we also present in Figure 12 the results
for the systems with or without the use of an edge proxy
under the same transmission rate limit, which have been
shown previously in Figures 11 and 9, respectively. It clearly

Video Coding and Transmission on IP Networks Using an Edge Proxy
demonstrates the substantial improvement using an edge
proxy. For example, in the case that packet-loss rate over
the wired IP network is λ = 5%, there is a gain of over
6 dB in wireless channel ES /NI for a specified video quality
of PSNR = 34 dB. This improvement is primarily due to
the increase of eﬀective video data throughput due to the
error-control transcoding in the edge proxy. As a result, to
meet the same error protection requirement for both wired
and wireless network conditions, a larger eﬀective video data
throughput can be achieved through the use of an edge proxy
compared to the case without an edge proxy.
6.

SUMMARY AND CONCLUSIONS

We quantitatively demonstrate the requirements for diﬀerent transport-layer schemes for packet video over wireless
networks from the requirements for conventional wired networks. Then we described the possible end-to-end solutions
with and without an edge proxy operating between the wired
and wireless network for packetized H.263+ video over heterogeneous wired-to-wireless IP networks. A JSCC approach
employing RS block codes and RCPC codes is studied for
the two proposed architectures. The results quantitatively
demonstrate the requirement for a joint design approach to
address the special needs of error recovery for packet video
over the wireless and wired network for acceptable end-toend quality while exhibiting a graceful pattern of quality
degradation in the face of dynamically changing network
conditions. Furthermore, the results clearly demonstrate the
advantage of using an edge proxy with clearly defined functionalities in heterogeneous wired-to-wireless IP networks
for improved video quality.
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The rapid and unprecedented increase in the heterogeneity of multimedia networks and devices emphasizes the need for scalable
and adaptive video solutions for both coding and transmission purposes. However, in general, there is an inherent trade-oﬀ
between the level of scalability and the quality of scalable video streams. In other words, the higher the bandwidth variation,
the lower the overall video quality of the scalable stream that is needed to support the desired bandwidth range. In this paper,
we introduce the notion of wireless video transcaling (TS), which is a generalization of (nonscalable) transcoding. With TS, a
scalable video stream, that covers a given bandwidth range, is mapped into one or more scalable video streams covering diﬀerent
bandwidth ranges. Our proposed TS framework exploits the fact that the level of heterogeneity changes at diﬀerent points of the
video distribution tree over wireless and mobile Internet networks. This provides the opportunity to improve the video quality
by performing the appropriate TS process. We argue that an Internet/wireless network gateway represents a good candidate for
performing TS. Moreover, we describe hierarchical TS (HTS), which provides a “transcaler” with the option of choosing among
diﬀerent levels of TS processes with diﬀerent complexities. We illustrate the benefits of TS by considering the recently developed
MPEG-4 fine granularity scalability (FGS) video coding. Extensive simulation results of video TS over bit rate ranges supported
by emerging wireless LANs are presented.
Keywords and phrases: transcoding, FGS, scalable, video, transcaling, streaming.

1.

INTRODUCTION

The level of heterogeneity in multimedia communications
has been influenced significantly by new wireless LANs and
mobile networks. In addition to supporting traditional web
applications, these networks are emerging as important Internet video access systems. Meanwhile, both the Internet
[1, 2, 3] and wireless networks are evolving to higher bit
rate platforms with even larger amount of possible variations
in bandwidth and other quality of services (QoS) parameters. For example, IEEE 802.11a and HiperLAN2 wireless
LANs are supporting (physical layer) bit rates from 6 Mbps
to 54 Mbps (see, e.g., [4, 5]). Within each of the supported
bit rates, there are further variations in bandwidth due to the
shared nature of the network and the heterogeneity of the
devices and the quality of their physical connections. Moreover, wireless LANs are expected to provide higher bit rates
than mobile networks (including third generation) [6]. In

the meantime, it is expected that current wireless and mobile access networks (e.g., 2G and 2.5G mobile systems and
sub-2 Mbps wireless LANs) will coexist with new generation
systems for sometime to come. All of these developments indicate that the level of heterogeneity and the corresponding
variation in available bandwidth could be increasing significantly as the Internet and wireless networks converge more
and more into the future. In particular, if we consider the
diﬀerent wireless/mobile networks as a large multimedia heterogeneous access system for the Internet, we can appreciate
the potential challenge in addressing the bandwidth variation
over this system.
Many scalable video compression methods have been
proposed and used extensively in addressing the bandwidth
variation and heterogeneity aspects of the Internet and wireless networks (e.g., [7, 8, 9, 10, 11, 12, 13, 14, 15, 16]).
Examples of these include receiver-driven multicast multilayer coding, MPEG-4 fine granularity scalability (FGS)
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compression, and H.263-based scalable methods. These and
other similar approaches usually generate a base layer (BL)
and one or more enhancement layers (ELs) to cover the desired bandwidth range. Consequently, these approaches can
be used for multimedia unicast and multicast services over
wireless Internet networks.
In general, the wider the bandwidth range1 that needs to
be covered by a scalable video stream, the lower the overall video quality is2 [13]. With the aforementioned increase
in heterogeneity over emerging wireless multimedia Internet protocol (IP) networks, there is a need for scalable video
coding and distribution solutions that maintain good video
quality while addressing the high level of anticipated bandwidth variation over these networks. One trivial solution is
the generation of multiple streams that cover diﬀerent bandwidth ranges. For example, a content provider, which is covering a major event, can generate one stream that covers 100–
500 kbps, another that covers 500–1000 kbps and yet another
stream to cover 1000–2000 kbps and so on. Although this
solution may be viable under certain conditions, it is desirable from a content provider perspective to generate the
fewest number of streams that covers the widest possible
audience. Moreover, multicasting multiple scalable streams
(each of which consists of multiple multicast sessions) is ineﬃcient in terms of bandwidth utilization over the wired
segment of the wireless IP network. (In the above example,
a total bit rate of 3500 kbps is needed over a link transmitting the three streams, while only 2000 kbps of bandwidth is
needed by a scalable stream that covers the same bandwidth
range.)
In this paper, we propose a new approach for addressing the bandwidth variation issue over emerging wireless and
mobile multimedia IP networks. We refer to this approach as
transcaling (TS) since it represents a generalization of video
transcoding. Video transcoding implies the mapping of a
nonscalable video stream into another nonscalable stream
coded at a bit rate lower than the first stream bit rate. With
TS, one or more scalable streams covering diﬀerent bandwidth ranges are derived from another scalable stream. While
transcoding always degrades the video quality of the alreadycoded (nonscalable) video, a transcaled video could have a
significantly better quality than the (original) scalable video
stream prior to the TS operation. This represents a key difference between (nonscalable) transcoding and the proposed
TS framework. TS can be supported at gateways between the
wired Internet and wireless/mobile access networks (e.g., at
a proxy server adjunct to an access point (AP) of a wireless
LAN). We believe that this approach provides an eﬃcient
method for delivering good quality video over the high-bit
rate wireless LANs while maintaining eﬃcient utilization of
1 A more formal definition of “bandwidth range” will be introduced later
in the paper.
2 This is particularly true for the scalable schemes that fall under the category of signal-to-noise ratio (SNR) scalability methods. These include the
MPEG-2 and MPEG-4 SNR scalability methods, and the newly developed
MPEG-4 FGS method.
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the overall (wired/wireless) distribution network bandwidth.
Therefore, diﬀerent gateways of diﬀerent wireless LANs and
mobile networks can perform the desired TS operations that
are suitable for their own local domains and the devices attached to them. This way, users of new higher-bandwidth
LANs do not have to sacrifice in video quality due to coexisting with legacy wireless LANs or other low bit rate mobile
networks. Similarly, powerful clients (e.g., laptops and PCs)
can still receive high-quality video even if there are other
low-bit-rate low-power devices that are being served by the
same wireless/mobile network. Moreover, when combined
with embedded video coding schemes and the basic tools of
receiver-driven multicast, TS provides an eﬃcient framework
for video multicast over the wireless Internet.
In addition to introducing the notion of TS and describing how it can be used for unicast and multicast video services over wireless IP networks, we illustrate the level of quality improvement that TS can provide by presenting several
video simulation results for a variety of TS cases. The remainder of the paper is organized as follows. Section 2 describes
the wireless video TS framework with some focus on IP
multicast applications. This section also highlights some of
the key attributes and basic definitions of TS-based wireless
systems and how they diﬀer from traditional transcodingbased platforms. Section 3 describes hierarchical TS (HTS),
which is a framework that enables transcalers to trade oﬀ
video quality with complexity. HTS is described using a concrete example that is based on the MPEG-4 FGS video coding method. Then, two classes of TS are considered: full
and partial. Section 4 described full TS for wireless LANs.
Section 4 also shows simulation results of applying FTS on
FGS streams and the level of video quality improvement
one can gain by utilizing this approach. Section 5 complements Section 4 by describing partial TS and presenting results for performing PTS on the FGS temporal (FGST) coding method. Section 6 concludes the paper with a summary.
2.

TRANSCALING-BASED MULTICAST (TSM) FOR
VIDEO OVER THE WIRELESS INTERNET

A simple case of our proposed TS approach can be described within the context of receiver-driven layered multicast (RLM). Therefore, first, we briefly outline some of the
basic characteristics of the RLM framework in order to highlight how this framework can be extended to our wireless
video TS-based solution. Then, we describe some general features of a TS-based wireless Internet system.
RLM of video is based on generating a layered coded
video bitstream that consists of multiple streams. The minimum quality stream is known as BL and the other streams
are ELs [17]. These multiple video streams are mapped into
a corresponding number of “multicast sessions.” A receiver
can subscribe to one (the BL stream) or more (BL plus one
or more ELs) of these multicast sessions depending on the
receiver’s access bandwidth to the Internet. Receivers can
subscribe to more multicast sessions or “unsubscribe” to
some of the sessions in response to changes in the available
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Figure 1: A simplified view of a wireless video TS platform within an RLM architecture.

bandwidth over time. The “subscribe” and “unsubscribe” requests generated by the receivers are forwarded upstream
toward the multicast server by the diﬀerent IP multicastenabled routers between the receivers and the server. This approach results in an eﬃcient distribution of video by utilizing
minimal bandwidth resources over the multicast tree. The
overall RLM framework can also be used for wireless IP devices that are capable of decoding the scalable content transmitted by an IP multicast server. The left picture of Figure 1
shows a simple example of an RLM-based system.
Similar to RLM, TS-based multicast (TSM) is driven by
the receivers’ available bandwidth and their corresponding
requests for viewing scalable video content. However, there is
a fundamental diﬀerence between the proposed TSM framework and traditional RLM. Under TSM, an edge router3
with a TS capability (or a “transcaler”) derives new scalable
streams from the original stream. A derived scalable stream
could have a BL and/or EL(s) that are diﬀerent from the BL
and/or ELs of the original scalable stream. The objective of
the TS process is to improve the overall video quality by
taking advantage of reduced uncertainties in the bandwidth
variation at the edge nodes of the multicast tree.
For a wireless Internet multimedia service, an ideal location where TS can take place is at a gateway between the
wired Internet and the wireless segment of the end-to-end
network. The right picture of Figure 1 shows an example of
a TSM system where a gateway node receives a layered video
stream4 with a BL bit rate Rmin in . The bit rate range covered
by this layered set of streams is Rrange in = [Rmin in , Rmax in ].
3 The transcaling process does not necessarily take place in the edge
router itself but rather in a proxy server (or a gateway) that is adjunct to
the router.
4 Here, a layered or “scalable” stream consists of multiple substreams.

The gateway transcales the input layered stream Sin into another scalable stream S1 . This new stream serves, for example,
relatively high-bandwidth devices (e.g., laptops or PCs) over
the wireless LAN. As shown in the figure, the new stream S1
has a BL with a bit rate Rmin 1 which is higher than the original BL bit rate: Rmin 1 > Rmin in . Consequently, in this example, the transcaler requires at least one additional piece of
information, and that is the minimum bit rate Rmin 1 needed
to generate the new scalable video stream. This information
can be determined, based on analyzing the wireless links of
the diﬀerent devices connected to the network.5 By interacting with the access point, the gateway server can determine the bandwidth range needed for serving its devices.
As illustrated by our simulations, this approach could improve the video quality delivered to higher-bit rate devices
significantly.
2.1.

Attributes of wireless video-transcaling-based
systems

Here, we highlight the following attributes of the proposed
wireless video TS framework.
(1) Supporting TS at edge nodes (wireless LANs’ and mobile networks’ gateways) preserves the ability of the local networks to serve low-bandwidth low-power devices (e.g., handheld devices). This is illustrated in
Figure 1. In this example, in addition to generating
the scalable stream S1 (which has a BL bit rate that is
5 Determining the particular bit rate range over an underlying (wireless
or wired) network is an important aspect of any adaptive multimedia solution, including TS. However, this aspect, which could include a variety of
important topics and techniques such as congestion control, bandwidth estimation, and cross-layer communication and design, is beyond the scope of
this paper.
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higher than the bit rate of the input BL stream), the
transcaler delivers the original BL stream to the lowbit rate devices.
The TSM system (described above) falls under the umbrella of active networks6 where, in this case, the transcaler provides network-based added value services
[18]. Therefore, TSM can be viewed as a generalization
of some recent work on active based networks with
(nonscalable) video transcoding capabilities of MPEG
streams.
A wireless video transcaler can always fall back to using
the original (lower-quality) scalable video. This “fallback” feature represents a key attribute of TS that distinguishes it from nonscalable transcoding. The fallback feature could be needed, for example, when the
Internet wireless gateway (or whoever the transcaler
happens to be) does not have enough processing power
for performing the desired TS process(es). Therefore,
and unlike (nonscalable) transcoding-based services,
TS provides a scalable framework for delivering higher
quality video. A more graceful TS framework (in terms
of computational complexity) is also feasible as will be
explained later in this paper.
Although we have focused on describing our proposed
wireless video TS approach in the context of multicast services, on-demand unicast applications can
also take advantage of TS. For example, a wireless
or mobile gateway may perform TS on a popular
video clip that is anticipated to be viewed by many
users on-demand. In this case, the gateway server
has a better idea on the bandwidth variation that
it (i.e., the server) has experienced in the past, and
consequently, it generates the desired scalable stream
through TS. This scalable stream can be stored locally
for later viewing by the diﬀerent devices served by the
gateway.
As illustrated by our simulation results, TS has its own
limitations in improving the video quality over the
whole desired bandwidth range. Nevertheless, the improvements that TS provides are significant enough to
justify its merit over a subset of the desired bandwidth
range. This aspect of TS will be explained further later
in the paper.
TS can be applied to any form of scalable streams (i.e.,
SNR, temporal, and/or spatial). In this paper, we will
show examples of TS operations that are applied to
SNR-scalable and hybrid SNR-temporal streams over
bit rates that are applicable to new wireless LANs (e.g.,
802.11). The level of improvement in video quality for
both cases is also presented.

Before proceeding, it is important to introduce some basic
definitions of TS. Here, we define two types of TS processes:
down TS (DTS) and up TS (UTS).
6 We should emphasize here that the area of active networks covers many

aspects, and “added value services” is just one of these aspects.
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Figure 2: The distinction between DTS and UTS.
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Figure 3: An example illustrating the diﬀerent TS categories.

Let the original (input) scalable stream Sin of a transcaler
covers a bandwidth range




Rrange in = Rmin in , Rmax

in

.

(1)

And let a transcaled stream has a range


Rrange out = Rmin

out , Rmax out



.

(2)

Then, DTS occurs when Rmin out < Rmin in , while UTS occurs
when Rmin in < Rmin out < Rmax in . The distinction between
DTS and UTS is illustrated in Figure 2. DTS resembles traditional nonscalable transcoding in the sense that the bit rate
of the output BL is lower than the bit rate of the input BL.
Many researchers have studied this type of down conversion
in the past.7 However, up conversion has not received much
attention (if any). Therefore, in the remainder of this paper,
we will focus on UTS. (Unless otherwise mentioned, we will
use UTS and TS interchangeably.)
Another important classification of TS is the distinction
between FTS and PTS (see Figure 3). Our definition of FTS
implies two things: (a) all of the input stream data (BL stream
and EL stream) is used to perform the TS operation; and (b)
all pictures of both BL and EL have been modified by TS.
PTS is achieved if either of these two criteria is not met. Consequently, PTS provides a lower-complexity TS option that
enables transcalers to trade oﬀ quality for complexity. Examples of both PTS and are covered in this paper.
7 We should emphasize here, however, that we are not aware of any previous eﬀorts of down converting a scalable stream into another scalable
stream.
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3.

HIERARCHICAL TRANSCALING FOR
THE WIRELESS INTERNET

After the above introduction to TS, its general features, potential benefits, and basic definitions, we now describe HTS
for the wireless Internet. In order to provide a concrete example of HTS, we describe it in the context of the MPEG-4 FGS
scalable video coding method. Hence, we start Section 3.1
with a very brief introduction to MPEG-4 FGS and its coding
tools that have been developed in support of video streaming
applications over the Internet and wireless networks.
3.1. The MPEG-4 FGS video coding method8
In order to meet the bandwidth variation requirements of the
Internet and wireless networks, FGS encoding is designed to
cover any desired bandwidth range while maintaining a very
simple scalability structure [13]. As shown in Figure 4, the
FGS structure consists of only two layers: a BL coded at a bit
rate Rb and a single EL coded using a fine grained (or totally
embedded) scheme to a maximum bit rate of Re .
This structure provides a very eﬃcient, yet simple, level
of abstraction between the encoding and streaming processes. The encoder only needs to know the range of bandwidth [Rmin = Rb , Rmax = Re ] over which it has to code
the content, and it does not need to be aware of the particular bit rate the content will be streamed at. The streaming server on the other hand has a total flexibility in sending any desired portion of any EL frame (in parallel with the
corresponding BL picture), without the need for performing
complicated real-time rate control algorithms. This enables
the server to handle a very large number of unicast streaming sessions and to adapt to their bandwidth variations in
real time. On the receiver side, the FGS framework adds a
small amount of complexity and memory requirements to
any standard motion-compensation-based video decoder. As
shown in Figure 4, the MPEG-4 FGS framework employs two
encoders: one for the BL and the other for the EL. The BL is
coded with the MPEG-4 motion compensation DCT-based
video encoding method (nonscalable). The EL is coded using bit-plane-based embedded DCT coding.
FGS also supports temporal scalability (FGST) that allows for trade-oﬀs between SNR and motion-smoothness
at transmission time. Moreover, the FGS and FGST frames
can be distributed using a single bitstream or two separate
streams depending on the needs of the applications. Below,
we will assume that MPEG-4 FGS/FGST video is transmitted
using three separate streams: one for the BL, one for the SNR
FGS frames, and the third one for the FGST frames.
For receiver-driven multicast applications (Figure 5),
FGS provides a flexible framework for the encoding, streaming, and decoding processes. Identical to the unicast case, the
encoder compresses the content using any desired range of
8 This brief subsection is mainly provided to make the paper selfcontained. Readers who are familiar with the FGS framework can skip this
subsection without aﬀecting their understanding of the remainder of the paper.
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bandwidth [Rmin = Rb , Rmax = Re ]. Therefore, the same
compressed streams can be used for both unicast and multicast applications. At time of transmission, the multicast
server partitions the FGS EL into any preferred number of
“multicast channels” each of which can occupy any desired
portion of the total bandwidth. At the decoder side, the receiver can “subscribe” to the “BL channel” and to any number of FGS EL channels that the receiver is capable of accessing (depending, e.g., on the receiver access bandwidth). It is
important to note that regardless of the number of FGS EL
channels that the receiver subscribes to, the decoder has to
decode only a single EL.
The above advantages of the FGS framework are achieved
while maintaining good coding eﬃciency results. However,
similar to other scalable coding schemes, FGS’s overall performance can degrade as the bandwidth range that an FGS
stream covers increases.
3.2.

Hierarchical transcaling of MPEG-4 FGS
video streams
Examples of TS an MPEG-4 FGS stream are illustrated in
Figure 6. Under the first example, the input FGS stream Sin
is transcaled into another scalable stream S1 . In this case, the
BLin of Sin (with bit rate Rmin in ) and a certain portion of the
ELin are used to generate a new base layer, BL1 . If Re1 represents the bit rate of the ELin used to generate the new BL1 ,
then this new BL’s bit rate Rmin 1 satisfies the following:
Rmin

in

< Rmin 1 < Rmin

in

+ Re1 .

(3)

Consequently, and based on the definition we adopted
earlier for UTS and DTS, this example represents a UTS scenario. Furthermore, in this case, both the BL and EL of the
input stream Sin has been modified. Consequently, this represents a FTS scenario. FTS can be implemented using cascaded
decoder-encoder systems (as we will show in the simulation
results section). This, in general could provide high-quality
improvements at the expense of computational complexity
at the gateway server.9
The residual signal between the original stream Sin and
the new BL1 stream is coded using FGS EL compression.
Therefore, this is an example of TS an FGS stream with a bit
rate range Rrange in = [Rmin in , Rmax in ] to another FGS stream
with a bit rate range Rrange 1 = [Rmin 1 , Rmax 1 ]. It is important to note that the maximum bit rate Rmax 1 can be (and
should be) selected to be smaller than the original maximum
bit rate10 Rmax in :
Rmax 1 < Rmax in .

(4)

9 To reduce the complexity of FTS, one can reuse the motion vectors of
the original FGS stream Sin . Reusing the same motion vectors, however, may
not provide the best quality as has been shown in previous results for nonscalable TS.
10 It is feasible that the actual maximum bit rate of the transcaled stream S
1
is higher than the maximum bit rate of the original input stream Sin . However, and as expected, this increase in bit rate does not provide any quality
improvements as we will see in the simulation results. Consequently, it is
important to truncate a transcaled stream at a bit rate Rmax 1 < Rmax in .
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As we will see in the simulation section, the quality of the
new stream S1 at Rmax 1 could still be higher than the quality of the original stream Sin at a higher bit rate R
Rmax 1 .
Consequently, TS could enable a device which has a band-

Rmax 1 to receive a better (or at least similar) qualwidth R
ity video while saving some bandwidth. (This access bandwidth can be used, e.g., for other auxiliary or non-real-time
applications.)
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As mentioned above, under FTS, all pictures of both the
BL and EL of the original FGS stream S1 have been modified.
Although the original motion vectors can be reused here, this
process may be computationally complex for some gateway
servers. In this case, the gateway can always fall back to the
original FGS stream, and consequently, this provides some
level of computational scalability.
Furthermore, FGS provides another option for TS. Here,
the gateway server can transcales the EL only. This is achieved
by (a) decoding a portion of the EL of one picture, and (b)
using that decoded portion to predict the next picture of the
EL, and so on. Therefore, in this case, the BL of the original
FGS stream Sin is not modified and the computational complexity is reduced compared to FTS of the whole FGS stream
(i.e., both BL and EL). Similar to the previous case, the motion vectors from the BL can be reused here for prediction
within the EL to reduce the computational complexity significantly.
Figure 6 shows the three options described above for supporting HTS of FGS (SNR only) streams: FTS, PTS, and the
fallback (no TS) option. Depending on the processing power
available to the gateway, the system can select one of these
options. The TS process with the higher complexity provides
bigger improvements in video quality.
It is important to note that within each of the above TS
options, one can identify further alternatives to achieve more
graceful TS in terms computational complexity. For example, under each option, one may perform the desired TS on a
fewer number of frames. This represents some form of temporal TS. Examples of this type of temporal TS and corresponding simulation results for wireless LANs bit rates are
described in Section 5. Before proceeding, we show simulation results for FTS in the following section.

4.

FULL TRANSCALING FOR HIGH-BIT-RATE
WIRELESS LANS

In order to illustrate the level of video quality improvements
that TS can provide for wireless Internet multimedia applications, in this section, we present some simulation results of
FGS-based FTS.
We coded several video sequences using the draft standard of the MPEG-4 FGS encoding scheme. These sequences
were then modified using the full transcaler architecture
shown in Figure 7. The main objective for adopting the transcaler shown in the figure is to illustrate the potential of
video TS and highlight some of its key advantages and limitations.11
The level of improvements achieved by TS depends on
several factors. These factors include the type of video sequence that is being transcaled. For example, certain video
sequences with a high degree of motion and scene changes
are coded very eﬃciently with FGS [13]. Consequently, these
sequences may not benefit significantly from TS. On the
other end, sequences that contain detailed textures and exhibit a high degree of correlation among successive frames
could benefit from TS significantly. Overall, most sequences
gained visible quality improvements from TS.
Another key factor is the range of bit rates used for both
the input and output streams. Therefore, we first need to
11 Other elaborate architectures or algorithms can be used for performing FTS. However, these elaborate algorithms will bias some of our findings regarding the full potential of TS and its performance. Examples of
these algorithms include refinement of motion vectors instead of a full recomputation of them; TS in the compressed DCT domain; and similar techniques.
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Figure 7: The full transcaler architecture used for generating the
simulation results shown here.

decide on a reasonable set of bit rates that should be used
in our simulations. As mentioned in the introduction, new
wireless LANs (e.g., 802.11a or HiperLAN2) could have bit
rates on the order of tens of Mbps (e.g., more than 50 Mbps).
Although it is feasible that such high bit rates may be available to one or few devices at certain points in time, it is unreasonable to assume that a video sequence should be coded
at such high bit rates. Moreover, in practice, most video sequences12 can be coded very eﬃciently at bit rates below
10 Mbps. Consequently, the FGS sequences we coded were
compressed at maximum bit rates (i.e., Rmax in ) at around
6–8 Mbps. For the BL bit rate Rmin in , we used diﬀerent values in the range of few hundreds kbps (e.g., between 100 and
500 kbps). Video parameters, which are suitable for the BL
bit rates, were selected. All sequences were coded using CIF
resolution and 10–15 frames/s.13
First, we present the results of TS an FGS stream (“Mobile”) that has been coded originally with Rmin in = 250 kbps
and Rmax in = 8 Mbps. The transcaler used a new BL bit rate
Rmin out = 1 Mbps. This example could represent a stream
that was coded originally for transmission over lower bit
12 The exceptions to this statement are high-definition video sequences,
which could benefit from bit rates around 20 Mbps.
13 Our full transcaler used the exact same video parameters of the original
video sequence (except bit rates) in order to avoid biasing the results.

rate systems (e.g., cable modem or legacy wireless LANs)
and is being transcaled for transmission over new higher bit
rate LANs. The peak SNR (PSNR) performance of the two
streams as the functions of the bit rate is shown in Figure 8.
(For more information about the MPEG-4 FGS encoding
and decoding methods, the reader is referred to [13, 14].)
It is clear from the figure that there is a significant improvement in quality (close to 4 dB) in particular at bit rates
close to the new BL rate of 1 Mbps. The figure also highlights that the improvements gained through TS are limited
by the maximum performance of the input stream Sin . As the
bit rate gets closer to the maximum input bit rate (8 Mbps),
the performance of the transcaled stream saturates and gets
closer (and eventually degrades below) the performance of
the original FGS stream Sin . Nevertheless, for the majority
of the desired bit rate range (i.e., above 1 Mbps), the performance of the transcaled stream is significantly higher. In order to appreciate the improvements gained through TS, we
can compare the performance of the transcaled stream with
that of an “ideal FGS” stream. Here, an ideal FGS stream is
the one that has been generated from the original uncompressed sequence (i.e., not from a precompressed stream such
as Sin ). In this example, an ideal FGS stream is generated
from the original sequence with a BL of 1 Mbps. Figure 9
shows the comparison between the transcaled stream and an
ideal FGS stream over the range 1 to 4 Mbps. As shown in the
figure, the performances of the transcaled and ideal streams
are virtually identical over this range.
By increasing the range of bit rates that need to be covered by the transcaled stream, one would expect that its improvement in quality over the original FGS stream should get
lower. Using the same original FGS (Mobile) stream coded
with a BL bit rate of Rmin in = 250 kbps, we transcaled this
stream with a new BL bit rate Rmin out = 500 kbps (i.e., lower
than the 1 Mbps BL bit rate of the TS example described
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above). Figure 10 shows the PSNR performance of the input,
transcaled, and ideal streams. Here, the PSNR improvement
is as high as 2 dB around the new BL bit rate 500 kbps. These
improvements are still significant (higher than 1 dB) for the
majority of the bandwidth range. Similar to the previous example, we can see that the transcaled stream does saturates
toward the performance of the input stream Sin at higher bit
rates, and, overall, the performance of the transcaled stream
is very close to the performance of the ideal FGS stream.

Therefore, TS provides rather significant improvements
in video quality (around 1 dB and higher). The level of improvement is a function of the particular video sequences
and the bit rate ranges of the input and output streams of the
transcaler. For example, and as mentioned above, FGS provides diﬀerent levels of performance depending on the type
of video sequence [13]. Figure 11 illustrates the performance
of TS the “Coastguard” MPEG-4 test sequence. The original MPEG-4 stream Sin has a BL bit rate Rmin = 250 kbps
and a maximum bit rate of 4 Mbps. Overall, FGS (without
TS) provides a better quality scalable video for this sequence
when compared with the performance of the previous sequence (Mobile). Moreover, the maximum bit rate used here
for the original FGS stream (Rmax in = 4 Mbps) is lower than
the maximum bit rate used for the above Mobile sequence
experiments. Both of these factors (i.e., a diﬀerent sequence
with a better FGS performance and a lower maximum bit rate
for the original FGS stream Sin ) led to the following: the level
of improvements achieved in this case through TS is lower
than the improvements we observed for the Mobile sequence.
Nevertheless, significant gain in quality (more than 1 dB at
1 Mbps) can be noticed over a wide range over the transcaled
bitstream. Moreover, we observe here the same “saturationin-quality” behavior that characterized the previous Mobile
sequence experiments. As the bit rate gets closer to the maximum rate Rmax in , the performance of the transcaled video
approaches the performance of the original stream Sin .
The above results for TS were observed for a wide range
of sequences and bit rates. So far, we have focused our attention on the performance of UTS, which we have referred to
throughout this section simply by using the word TS. Now,
we shift our focus to some simulation results for DTS.
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two streams with BL Rmin out = 500 and 250 kbps.

As explained above, DTS can be used to convert a scalable
stream with a BL bit rate Rmin in into another stream with a
smaller BL bit rate Rmin out < Rmin in . This scenario could
be needed, for example, if (a) the transcaler gateway misestimates the range of bandwidth that it requires for its clients,
(b) a new client appears over the wireless LAN, where this
client has access bandwidth lower than the minimum bit rate
(Rmin in ) of the bitstream available to the transcaler; and/or
(c) sudden local congestion over a wireless LAN is observed,
and consequently, reducing the minimum bit rate needed. In
this case, the transcaler has to generate a new scalable bitstream with a lower BL Rmin out < Rmin in . Below, we show
some simulation results for DTS.
We employed the same full transcaler architecture shown
in Figure 7. We also used the same Mobile sequence coded
with MPEG-4 FGS and with a bit rate range Rmin in = 1 Mbps
to Rmax in = 8 Mbps. Figure 12 illustrates the performance of
the DTS operation for two bitstreams: one stream was generated by DTS the original FGS stream (with a BL of 1 Mbps)
into a new scalable stream coded with a BL of Rmin out =
500 kbps. The second stream was generated using a new base
layer Rmin out = 250 kbps. As expected, the DTS operation
degrades the overall performance of the scalable stream.
It is important to note that, depending on the application
(e.g., unicast versus multicast), the gateway server may utilize
both the new generated (down-transcaled) stream and the
original scalable stream for its diﬀerent clients. In particular,
since the quality of the original scalable stream Sin is higher
than the quality of the down-transcaled stream Sout over the
range [Rmin in , Rmax in ], then it should be clear that clients
with access bandwidth that falls within this range can benefit from the higher quality (original) scalable stream Sin . On
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Figure 13: Performance of down transcaling the Mobile sequence
using an input stream Sin with a BL bit rate Rmin in = 1 Mbps. Here,
two DTS operations are compared, respectively, the whole input
stream Sin (base + enhancement) is used, and only the BLin of Sin
is used to generate the down-transcaled stream. In both cases, the
new DTS stream has a BL bit rate Rmin out = 250 kbps.

the other hand, clients with access bandwidth less than the
original BL bit rate Rmin in , can only use the down-transcaled
bitstream.
As mentioned in Section 2, DTS is similar to traditional
transcoding, which converts a nonscalable bitstream into another nonscalable stream with a lower bit rate. However, DTS
provides new options for performing the desired conversion
that are not available with nonscalable transcoding. For example, under DTS, one may elect to use (a) both the BL and
EL or (b) the BL only to perform the desired down conversion. This, for example, may be used to reduce the amount of
processing power needed for the DTS operation. In this case,
the transcaler has the option of performing only one decoding process (on the BL only versus decoding both the BL and
EL). However, using the BL only to generate a new scalable
stream limits the range of bandwidth that can be covered by
the new scalable stream with an acceptable quality. To clarify
this point, Figure 13 shows the performance of TS using (a)
the entire input stream Sin (i.e., base plus enhancement) and
(b) BLin (only) of the input stream Sin . It is clear from the figure that the performance of the transcaled stream generated
from BLin saturates rather quickly and does not keep up with
the performance of the other two streams. However, the performance of the second stream (b) is virtually identical over
most of the range [Rmin out = 250 kbps, Rmin in = 500 kbps].
Consequently, if the transcaler is capable of using both the
original stream Sin and the new transcaled stream Sout for
transmission to its clients, then employing BLin (only) to
generate the new down-transcaled stream is a viable option.
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It is important to note that, in cases when the transcaler
needs to employ a single scalable stream to transmit its content to its clients (e.g., multicast with a limited total bandwidth constraint), a transcaler can use the BL and any portion of the EL to generate the new down-transcaled scalable
bitstream. The larger the portion of the EL used for DTS, the
higher the quality of the resulting scalable video. Therefore,
and since partial decoding of the EL represents some form
of computational scalability, an FGS transcaler has the option of trading-oﬀ quality versus computational complexity
when needed. It is important to note that this observation is
applicable to both UTS and DTS.
Finally, by examining Figure 13, one can infer the performance of a wide range of down-transcaled scalable streams.
The lower-bound quality of these downscaled streams is represented by the quality of the bitstream generated from BLin
only (i.e., case (b) of Sout ). Meanwhile, the upper-bound of
the quality is represented by the downscaled stream (case (a)
of Sout ) generated by the full input stream Sin .
5.

PARTIAL TRANSCALING FOR HIGH-BIT-RATE
WIRELESS LANS

As described above, the MPEG-4 FGST framework supports
SNR (regular FGS), temporal (FGST frames), and hybrid
SNR-temporal scalabilities. At low bit rates (i.e., bit rates
close to the BL bit rate), receivers can benefit from the standard SNR FGS scalability by streaming the BL and any desired portion of the SNR FGS enhancement-layer frames.
As the available bandwidth increases, high-end receivers can
benefit from both FGS and FGST pictures. It is important for
these high-end receivers to experience higher-quality video

when compared to the video quality of nontranscaled FGST
streams. One of the reasons for the relatively high penalty in
quality associated with the traditional FGST-based coding is
that, at high bit rates, the FGST frames are predicted from
low-quality (low bit rate) BL frames. Consequently, the resulting motion-compensated residual error is high, and thus
a large number of bits are necessary for its compression.
In addition to improving the coding eﬃciency, it is crucial to develop a low complexity TS operation that provides
the desirable improvements in quality. One approach for
maintaining low complexity TS is to eliminate the need for
reencoding the BL. Consequently, this eliminates the need for
recomputing new motion vectors, which is the most costly
part of a full transcaler that elects to perform this recomputation. Meanwhile, improvements can be achieved by using
higher-quality (higher bit rate) SNR FGS pictures to predict
the FGST frames. This reduces the entropy of the bidirectionally predicted FGST frames and, consequently leads to
more coding eﬃciency or higher PSNR values. Examples of
the input and output scalability structures of the proposed
PTS scheme for FGST are depicted in Figure 14.
As shown in Figure 14, and similar to the full TS case,
there are two options for supporting TS of FGST streams:
the PTS option and the fallback (no TS) option. Depending on the processing power available to the gateway, the system can select one of these options. Every FGS SNR frame is
shown with multiple layers, each of which can represent one
of the bit planes of that frame. It is important to note that at
higher bit rates, larger number of FGS SNR bit planes will be
streamed, and consequently, these bit planes can be used to
predict the FGST frames. Therefore, under an RLM framework, receivers that subscribe to the transcaled FGST stream
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Figure 15: Performance of PTS of two sequences: Stefan and Mobile.
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Figure 16: Performance of PTS of two sequences: Coastguard and
Foreman.

should also subscribe to the appropriate number of FGS SNR
bit planes.
Under the above-proposed PTS, the input FGST stream
Sin is transcaled into another scalable stream S1 . In this case,
BLin of Sin (with bit rate Rmin in ) and a certain portion of
the ELin are used as reference frames for an improved FGST
performance. Therefore, this is an example of TS an FGST
stream with a bit rate range Rrange in = [Rmin in , Rmax in ]
to another FGST stream with a bit rate range Rrange 1 =
[Rmin 1 , Rmax 1 ], where Rmin in < Rmin 1 . Consequently, and
based on the definition we adopted earlier for UTS and DTS,
this example represents a UTS scenario. Furthermore, in this
case, only the FGST ELs of the input stream Sin has been
modified. Consequently, this represents a PTS scenario. PTS
can be implemented by using cascaded decoder-encoder systems for only part of the original scalable stream. It is important to note that, although we have a UTS scenario here,
low-bandwidth receivers can still use the BL of the new transcaled stream, which is identical to the original BL. These re-

ceivers can also stream any desired portions of the FGS SNR
frames. However, and as mentioned above, receivers that take
advantage of the improved FGST frames have a new (higher)
minimum bit rate stream (Rmin 1 > Rmin in ) that is needed to
decode the new FGST frames.
5.1.

Simulation results for partial transcaling
of FGST streams

In order to illustrate the level of video quality improvements
that PTS can provide for wireless Internet applications, in
this section, we present some simulation results of the FGST
based PTS method described above. As in FTS experiments,
we coded several video sequences using the MPEG-4 FGST
scheme. These sequences were then modified using the partial transcaler scalability structure that employs a portion
of the EL for FGST prediction as shown in Figure 14. We
should emphasize here the following. (a) Unlike the FTS
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results shown above, all the results presented in this section
are based on reusing the same motion vectors that were originally computed by the BL encoder at the source. This is important for maintaining a low-complexity operation that can
be realized in real time. (b) The FGS/FGST sequences we
coded were compressed at maximum bit rates (i.e., Rmax in )
lower than 2 Mbps. For the BL bit rate Rmin in , we used 50–
100 kbps. Other video parameters, which are suitable for the
BL bit rates, were selected. All sequences were coded using
CIF resolution; however, and since the bit rate ranges are
smaller than the FTS experiments, 10 frames/s were used in
this case. The GOP size is 2-second long and M = 2 (i.e.,
one FGST bidirectionally predicted frame can be inserted between two I and P reference frames).
The PSNR performance of four well-known MPEG-4
streams: Foreman, Coastguard, Mobile, and Stefan have been
simulated and measured for both original FGST (nontranscaled) and partially transcaled bitstreams over a wide range
of bit rates.
Figure 15 shows the performance of the Stefan and Mobile (calendar) and compares the PSNR of the input nontranscaled stream with the partially transcaled streams’ PSNR results. Both of these video sequences benefited from the PTS
operation described above and gained as much as 1.5 dB in
PSNR, in particular, at high bit rates. Three FGS bit planes
were used (in addition to the BL) for predicting the FGST
frames. Consequently, taking advantage of PTS requires that
the receiver have enough bandwidth to receive the BL plus a
minimum of three FGS bit planes. This explains why the gain
in performance shown in Figure 15 begins at higher rates
than the rate of the original BL bit rates (which are in the
50–100 kbps range as mentioned above).
As mentioned above, the level of gain obtained from the
proposed PTS operation depends on the type of video sequence. Moreover, the number of FGS bit planes used for
predicting the FGST frames influence the level of improvements in PSNR. Figure 16 shows the performance of the
Coastguard and Foreman sequences. These sequences are
usually coded more eﬃciently with FGS than the other two
sequences shown above (Stefan and Mobile). Consequently,
the improvements obtained by employing PTS on the Coastguard and Foreman sequences are less than the improvements observed in the above plots. Nevertheless, we are still
able to gain about 1 dB in PSNR values at higher bit rates.
Figure 16 also shows the impact of using diﬀerent number
of FGS bit planes from predicting the FGST frames. It is clear
from both figures that, in general, larger number of bit planes
provides higher gain in performance. However, it is important to note that this increase in PSNR gain (as the number
of FGS bit planes used for prediction increases) could saturate as shown in the Foreman performance plots.
Furthermore, we should emphasize here that many of the
video parameters used at the partial transcaler do not represent the best choice in a rate-distortion sense. For example,
all of the results shown in this section are based on allocating the same number of bits to both the FGS and transcaled
FGST frames. It is clear that a better rate allocation mechanism can be used. However, and as mentioned above, the
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main objective of this study is to illustrate the benefits and
limitations of TS, in general, PTS, in particular, without the
bias of diﬀerent video parameters and related algorithms.
6.

SUMMARY AND FUTURE WORK

In this paper, we introduced the notion of TS, which is a generalization of (nonscalable) transcoding. With TS, a scalable
video stream, that covers a given bandwidth range, is mapped
into one or more scalable video streams covering diﬀerent
bandwidth ranges. Our proposed TS framework exploits the
fact that the level of heterogeneity changes at diﬀerent points
of the video distribution tree over wireless and mobile Internet networks. This provides the opportunity to improve the
video quality by performing the appropriate TS process.
We argued that an Internet/wireless network gateway
represents a good candidate for performing TS. Moreover,
we described HTS, which provides a transcaler with the option of choosing among diﬀerent levels of TS processes with
diﬀerent complexities. This enables transcalers to trade oﬀ
video quality with computational complexity. We illustrated
the benefits of FTS and PTS by considering the recently developed MPEG-4 FGS video coding.
Under FTS, we examined two forms: UTS (which we
simply refer to as TS) and DTS. With UTS, significant improvements in video quality can be achieved as we illustrated
in the simulation results section. Moreover, several scenarios for performing DTS were evaluated. Under PTS, we illustrated that a transcaler can still provide improved video
quality (around 1 dB in improvements) while significantly
reducing the high complexity associated with FTS. Consequently, we believe that the overall TS framework provides a
viable option for the delivery of high-quality video over new
and emerging high bit rate wireless LANs such 802.11a and
802.11b.
This paper has focused on the applied, practical, and
proof-of-concept aspects of TS. Meanwhile, the proposed
TS framework opens the door for many interesting research
problems, some of which we are currently investigating.
These problems include the following.
(1) A thorough analysis for an optimum rate-distortion
(RD) approach for the TS of a wide range of video sequences is under way. This RD-based analysis, which
is based on recent RD models for compressed scalable video [19], will provide robust estimation for the
level of quality improvements that TS can provide for
a given video sequence. Consequently, an RD-based
analysis will provide an in-depth (or at least an educated) answer for: “when TS should be performed and
on what type of sequences?”
(2) We are exploring new approaches for combining TS
with other scalable video coding schemes such as 3D
motion-compensated wavelets. Furthermore, TS in the
context of cross-layer design of wireless networks is being evaluated [20, 21].
(3) Optimum networked TS that trades oﬀ complexity
and quality in a distributed manner over a network
of proxy video servers. Some aspects of this analysis
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include distortion-complexity models for the diﬀerent
(full and partial) TS operations introduced in this paper. Moreover, other aspects of a networked TS framework will be investigated in the context of new and
emerging paradigms such as overlay networks and
video communications using path diversity (see, e.g.,
[22, 23, 24, 25, 26]).
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Eﬀective quality-of-service renegotiating schemes for streaming video is presented. The conventional network supporting quality
of service generally allows a negotiation at a call setup. However, it is not eﬃcient for the video application since the compressed
video traﬃc is statistically nonstationary. Thus, we consider the network supporting quality-of-service renegotiations during the
data transmission and study eﬀective quality-of-service renegotiating schemes for streaming video. The token bucket model,
whose parameters are token filling rate and token bucket size, is adopted for the video traﬃc model. The renegotiating time
instants and the parameters are determined by analyzing the statistical information of compressed video traﬃc. In this paper, two
renegotiating approaches, that is, fixed renegotiating interval case and variable renegotiating interval case, are examined. Finally,
the experimental results are provided to show the performance of the proposed schemes.
Keywords and phrases: streaming video, quality-of-service, token bucket, renegotiation.

1.

INTRODUCTION

In recent years, the demands and interests in networked
video have been growing very fast. Various video applications are already available over the network, and the video
data is expected to be one of the most significant components among the traﬃcs over the network in the near future. However, it is not a simple problem to transmit video
traﬃcs eﬃciently through the network because the video requires a large amount of data compared to other multimedia.
To reduce the amount of data, it is indispensable to employ
eﬀective video compression algorithms. So far, digital video
coding techniques have advanced rapidly. International standards such as MPEG-1, MPEG-2 [1], MPEG-4 [2], H.261
[3], H.263/+/++ [4], H.26L, and H.264 have been established
or are under development to accommodate diﬀerent needs
by ISO/IEC and ITU-T, respectively. The compressed video
data is generally of variable bit rate due to the generic characteristics of entropy coder and scene change inconsistent
motion change of the underlying video. Furthermore, video
data is time constrained. These facts make the problem more
challenging. By the way, constant bit rate video traﬃc can be
generated by controlling the quantization parameters and it
is much easier to handle over the network, but the quality of
the decoded video may be seriously degraded.

In general, suitable communications between the network and the sender end can increase the network utilization and enhance video quality at the receiver end simultaneously [5]. Generally speaking, the variability of compressed
video traﬃcs consists of two components: short-term variability (or high-frequency variability) and long-term variability (or low-frequency variability). Buﬀering is only effective in reducing losses caused by variability in the highfrequency domain, and is not eﬀective in handling variability in the low-frequency domain [6]. Recently, some QoS
(quality-of-service) renegotiating approaches have been proposed to handle the nonstationary video traﬃcs eﬃciently
over the network [7, 8, 9, 10, 11, 12], while the conventional
QoS providing network negotiates QoS parameters only once
at a call setup. For example, RCBR (renegotiated constant bit
rate) [7, 8] is a simple but quite eﬀective approach to support
the QoS renegotiations. RCBR network allows the sender to
renegotiate the bandwidth during the data transmission. Actually, the bandwidth renegotiations can be interpreted as a
compromise of ABR (available bit rate) and VBR (variable bit
rate). Over network supporting bandwidth renegotiations,
how to determine the renegotiation instants and the required
bandwidth is studied in [9, 10, 11, 12, 13]. In [11], Zhang and
Knightly proposed the RED-VBR (renegotiated deterministic variable bit rate) service model to support VBR video that

Eﬀective Quality-of-Service Renegotiating Schemes for Streaming Video
uses a traﬃc model called D-BIND (deterministic bounding
interval-length dependent). Salehi et al. proposed the shortest path algorithm to reduce the number of renegotiations
and the bandwidth fluctuation in [12]. In our previous work
[10], we studied adaptive rate-control algorithms to pursue
an eﬀective trade-oﬀ between temporal and spatial qualities
for streaming video and interactive video applications over
RCBR network.
However, only bandwidth renegotiation is sometimes not
suﬃcient to eﬃciently support the nonstationary video traffics and improve the network utilization. (The higher network utilization means that the better services are provided
to users and/or more users are supported with the same
network resources.) Generally speaking, more network resources are required for the media delivery as its traﬃc becomes more burst although the long-term average bandwidth is the same. Thus, we need more flexible QoS renegotiating approaches for streaming videos to improve network
utilization and enhance video quality at the receivers end. In
this paper, we consider not only channel bandwidth but also
the burstiness of the traﬃc. To handle the problem, token
bucket is adopted for the traﬃc model, and its parameters
are estimated based on the statistical characteristics of compressed video traﬃc during the data transmission. This paper is organized as follows: a brief review of traﬃc models is
introduced in Section 2; eﬀective QoS renegotiating schemes
are proposed in Section 3; experimental results are provided
in Section 4 to show the superior performance of the proposed schemes; and finally, concluding remarks are presented
in Section 5.
2.

TRAFFIC MODEL

So far, various traﬃc models have been proposed for eﬃcient network resource management such as policing, resource reservation, rate shaping, and so forth. For example,
leaky bucket model [14], double leaky bucket model [15], token bucket model [16, 17], and so forth. As mentioned earlier, the token bucket model is adopted in this paper, which is
one of the most popular traﬃc models and widely employed
for IntServ protocol [18]. In the token bucket model, each
packet can be transmitted through the network with one token only when tokens are available at the token buﬀer. The
tokens are generally provided by network with a fixed rate.
When the token buﬀer is empty, the packet must wait for a
token in the smoothing buﬀer. On the other hand, the new
arriving tokens are dropped when the token bucket is full.
It means the waste of network resource. The token bucket
model can be characterized by two parameters: token filling rate and token bucket size. The token filling rate and the
token bucket size are related to the average channel bandwidth and the burstiness of the underlying video traﬃc, respectively. In general, more burst traﬃc needs a larger token
bucket size, and complex token model has one more parameter than simple bucket model, that is, it can be characterized by the token filling rate, token bucket size, and peak rate.
Their performance comparison can be found in [19].
An overview of simple bucket model is shown in Figure 1.
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Figure 1: Overview of the simple token bucket model.

The token bucket is thought to be located in either the user
side or the network side. The network needs the token bucket
to policy the incoming traﬃcs while the user requires the
token bucket to generate the video traﬃc according to the
predetermined specification. Smoothing buﬀer is also an important factor to determine the video traﬃc characteristics,
which relates to packet loss rate and time delay. Since the
smoothing buﬀer size is practically finite, buﬀer management algorithm is needed to minimize the degradation of
video quality caused by buﬀer overflow. In this paper, the following buﬀer management is employed: B-, P-, and I-frames
are discarded in sequence when smoothing buﬀer overflows.
It is determined by how much the quality of the decoded
video may be degraded when a frame is lost. When the Iframe is dropped, the whole GOPs (group of pictures) cannot be decoded since the I-frame is referenced for the following P-frames and B-frames. When the P-frame is dropped,
the following frames in the GOPs disappear. However, only
one frame is missing when the B-frame is dropped since the
other frames do not reference it. To more improve the video
quality, network needs to classify the incoming packets and
consider the error corruption in the whole sequences caused
by a specific packet loss [20, 21]. However, it is a big burden to network because of a large amount of computation. In
this paper, we consider the renegotiations of token bucket parameters during data transmission as a solution to improve
network utilization and enhance video quality at the receiver
end.
3.

PROPOSED TOKEN BUCKET PARAMETER
ESTIMATING SCHEMES

Over the network supporting QoS renegotiations, the sender
has to determine when QoS renegotiation is required and
what QoS is needed for. Note that, in general, more renegotiations can increase the network utilization; however, they
may cause larger signaling overhead. We assume that the
compressed data for each frame is divided into fixed size
packets, and thus the number of packets (Ni ) for the ith
frame is calculated by
0

Ni =

1

Bi
,
Pmax

(1)

where  x indicates the smallest integer that is greater than
x, Bi is the amount of bits for the compressed ith frame,
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and Pmax is the packet size. Under the assumption that the
video stream is accepted by call admission control, we focus
on only the QoS renegotiating process in this paper. In many
cases, the compressed data may not be divided into the fixed
size packets for the robust transmission. However, the above
assumption is still reasonable if packets are assumed to consume the diﬀerent number of tokens according to their size.
We examine two approaches for the QoS renegotiation:
fixed renegotiating interval approach and variable renegotiating interval approach. Renegotiations are tried periodically in the fixed renegotiating interval case while they are
tried only when required in the variable renegotiating interval case. It is expected that variable renegotiating interval approach can avoid unnecessary renegotiations and unsuitable
renegotiating instants with higher computational complexity. In each renegotiating interval, we estimate the required
token bucket parameters based on the statistical information
of video traﬃc. That is, token filling rate and token bucket
size are determined by the mean and the standard deviation
of number of packets, respectively.
3.1. Fixed renegotiating interval case
First of all, the statistical information, mean and standard
deviation of the underlying video traﬃc, is calculated in the
reference window, and then the token bucket model parameters, token filling rate, and token bucket size are estimated
to keep the packet loss rate in the tolerable range. Then, the
whole time interval of the underlying video are divided into
time intervals with the same size, and the mean and the standard deviation are calculated in each interval. Based on the
information, the required token bucket model parameters
in the arbitrary renegotiating interval are determined. The
above processes can be summarized as follows: renegotiations are tried at every interval with these parameters:




mi − Mref
· Rref ,
Mref


σ − σref
Qi = 1 + β i
· Qref ,
σref
Ri = 1 + α

(2)
(3)

where Mref and mi are the mean values of numbers of packets
for each frame in the reference window; the ith renegotiating
interval, respectively, σref and σi are the standard deviations
of numbers of packets for each frame in the reference window; the ith renegotiating interval, respectively, α and β are
the weighting factors; Ri and Qi are the token filling rate and
the token bucket size in the ith renegotiating interval, respectively; and Rref and Qref are the token filling rate and the token bucket size in the reference window, respectively. We assume that the number of packets for a frame in the reference
window is Gaussian distributed for the simplicity, and then
Rref and Qref are determined by
Fref

i=1 Ni
,
Fref
= σref · I + Mref ,

Rref =
Qref

(4)

where Fref is the number of frames in the reference window

and I satisfies the following equation:
Pr(X > I) ≤ p,

(5)

where X is a Gaussian random variable with zero mean and
unit standard deviation, and p is the tolerable packet loss
probability.
3.2. Variable renegotiating interval case
When the fixed renegotiating interval approach is tested, undesirable phenomena are sometimes observed. That is, the
average token bucket size, token drop rate, and packet loss
rate locally fluctuate as shown in Figures 2 and 3 even though
their general trends globally decrease as the average renegotiating interval becomes small. One of the reasons is that the
fixed renegotiating interval can make the inappropriate interval segmentation. To solve this problem, we consider a variable renegotiating interval approach. Now, we define the basic renegotiating interval unit consisting of several GOPs and
address how to determine the renegotiating instants by using
the basic unit. As shown in Figures 2 and 3 (the fixed renegotiating interval case), the graphs of average token bucket size,
token drop rate, and packet loss rate look very similar. Thus,
one of them can be used as a measure for the determination
of renegotiating instants. In this paper, packet loss rate is employed. First, we calculate the packet loss rate in the current
window, that is, the time interval since the latest renegotiation, and compute the new packet loss rate when the next
basic renegotiating interval is included in the window. Second, we determine whether the next basic renegotiating interval is included or not in the window based on the diﬀerence between the two packet loss rates. It can be summarized
as follows. If
PLRnext
> 1 + T(µ, n),
PLRcur

(6)

then the next basic interval is not included in the window.
Otherwise, the next basic interval is included in the window.
Where PLRcur is the packet loss rate in the current window,
PLRnext is the packet loss rate when the next basic renegotiating interval is included in the current window, n is the number of the minimum renegotiating intervals in the current
window, µ is a variable determining the number of renegotiations, and T(µ, n) is a threshold function which must take
into account the fact that the eﬀect of the next basic renegotiating interval on PLPnext decreases as the window size increases. In this paper, T(µ, n) is simply defined by
T(µ, n) =

µ
.
100 · n

(7)

If the renegotiating instant is determined by the above process, the token bucket model parameters for the current interval are estimated by the same method ((2) and (3)) of
the fixed renegotiating interval case. Basically, the length of
the basic renegotiating interval unit is related to the network
utilization and the computational complexity. As the length
becomes smaller, network utilization can be improved while
the required computational complexity increases.
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Figure 2: Performance comparison (the test trace file is Star Wars
and the packet size is 100 bytes): (a) average token bucket size, (b)
token drop rate, and (c) packet loss rate. The circles denote specific
data at renegotiating intervals and the solid lines denote the interpolated values.

Figure 3: Performance comparison (the test trace file is Terminator
2 and the packet size is 100 bytes): (a) average token bucket size, (b)
token drop rate, and (c) packet loss rate. The circles denote specific
data at renegotiating intervals and the solid lines denote the interpolated values.

284
174.8

In the experiment, the test trace files are Star Wars (240 ∗ 352
size) and Terminator 2 (QCIF size) encoded by MPEG-1
[22, 23, 24], whose lengths are 40 000 frames. The encoding structure is IBBPBBPBBPBB (i.e., 1GOP consists of 12
frames), and I-frames, P-frames, and B-frames are encoded
with quantization parameters 10, 14, and 18, respectively.
The encoding frame rate is 25 frames per second. As a result,
the output traﬃcs are VBR and their statistical properties are
summarized in Table 1. The variables and threshold values of
the proposed schemes are determined as follows.
(i) The tolerable maximum packet loss rate in (5) is set to
3%.
(ii) The smoothing buﬀer size is set to the average value
of two GOPs (223516 bytes for Star Wars and 261714
bytes for Terminator 2).
(iii) The basic renegotiating interval is set to 10 GOPs.
(iv) The tested packet sizes are 100 bytes or 400 bytes.
(v) The reference window size is set to the whole frame
number (40 000 frames).
(vi) The weighting factors α and β in (2) and (3) are set to
1.
To compare the performance of the proposed QoS renegotiating schemes, we use average token drop rate, average token
bucket size, and token filling rate as the network utilization
measure, and packet loss rate is employed as the video quality
degradation measure.

Average token bucket size (bytes)
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4.2. Variable renegotiating interval case
In this section, variable renegotiating time interval case is examined. The experimental results are summarized in Tables
6, 7, 8 and 9, and Figure 4. It is observed in Tables 6 and 7 that
the average token bucket size is almost the same, while token
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The performance comparison with respect to various fixed
renegotiating intervals is shown in Tables 2, 3, 4, and 5, and
Figures 2 and 3. It is observed that the average token bucket
size is reduced by about 11% as the renegotiating interval decreases while the average token filling rate is almost the same
for all renegotiating intervals (it can be understood since token bucket size is determined relatively by comparing the
standard deviation in the reference window with that in the
current renegotiating interval, see (2)). As a result, the network utilization can be improved. Furthermore, token drop
rate is reduced by about 90% and packet loss rate is reduced
by about 75% when the renegotiating interval is set to 10
GOPs. The same results are observed regardless of the packet
size. It means that the waste of network resource caused by
the dropped tokens and the video quality degradation caused
by the lost packets can be significantly reduced. However, it is
observed in Figures 2 and 3 that the average token bucket size
and packet loss rate locally fluctuate even though the average
renegotiating interval decreases. As mentioned earlier, one of
the reasons is that inappropriate renegotiating instants may
occur when the renegotiating interval is fixed.
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Figure 4: Performance comparison between variable renegotiating
interval scheme and fixed renegotiating interval scheme (the test
trace file is Star Wars and the maximum packet size is 100 bytes): (a)
average token bucket size, (b) packet loss rate, and (c) token drop
rate.

Eﬀective Quality-of-Service Renegotiating Schemes for Streaming Video

285

Table 1: Statistical properties of test MPEG trace files.
Trace files

Minimum value (bytes)

Maximum value (bytes)

Average (bytes)

Standard deviation (bytes)

Star Wars
Terminator 2

275
312

124816
79560

9313.2
10904.75

12902.725
10158.031

Table 2: Performance comparison of the fixed renegotiating interval case when the packet size is 100 bytes and the test trace file is Star Wars
encoded by MPEG-1.
Fixed renegotiating interval
Interval (GOPs)
Avg. token filling rate
Avg. token bucket size (bytes)
Token drop rate (%)
Packet loss rate (%)

With renegotiations
10
93.59
166.74
1.78
1.77

20
93.60
169.34
4.92
4.90

50
93.67
172.81
9.00
8.91

90
93.59
173.80
10.08
10.10

130
93.67
176.20
11.89
11.81

Without renegotiation
200
93.76
177.44
12.78
12.62

300
93.54
177.58
12.70
12.74

3330
94
185.06
17.26
16.90

Table 3: Performance comparison of the fixed renegotiating interval case when the packet size is 400 bytes and the test trace file is Star Wars
encoded by MPEG-1.
Fixed renegotiating interval
Interval (GOPs)
Avg. token filling rate
Avg. token bucket size (bytes)
Token drop rate (%)
Packet loss rate (%)

With renegotiations
10
23.75
42.35
1.68
1.75

20
23.78
43.02
4.81
4.73

50
23.76
43.90
8.70
8.71

90
23.82
44.21
9.97
9.79

130
23.73
44.76
11.50
11.62

Without renegotiation
200
23.74
45.22
12.38
12.49

300
23.70
45.08
12.36
12.60

3330
24
47.02
17.21
16.39

Table 4: Performance comparison of the fixed renegotiating interval case when the packet size is 100 bytes and the test trace file is Terminator
2 encoded by MPEG-1.
Fixed renegotiating interval
Interval (GOPs)
Avg. token filling rate
Avg. token bucket size (bytes)
Token drop rate (%)
Packet loss rate (%)

With renegotiations
10
109.53
206.17
0.91
0.88

20
109.54
208.81
2.69
2.64

50
109.47
211.29
4.42
4.43

90
109.49
212.50
5.36
5.34

130
109.49
213.47
6.04
6.02

Without renegotiation
200
109.52
214.30
6.71
6.66

300
109.56
214.66
6.90
6.84

3330
110
215
8.37
8.25

Table 5: Performance comparison of the fixed renegotiating interval case when the packet size is 400 bytes and the test trace file is Terminator
2 encoded by MPEG-1.
Fixed renegotiating interval
Interval (GOPs)
Avg. token filling rate
Avg. token bucket size (bytes)
Token drop rate (%)
Packet loss rate (%)

With renegotiations
10
27.74
52.47
0.86
0.88

20
27.76
53.18
2.64
2.57

50
27.80
53.77
4.41
4.20

90
27.77
54.15
5.26
5.17

130
27.77
54.28
5.94
5.82

Without renegotiation
200
27.88
54.64
6.78
6.30

300
27.80
54.62
6.86
6.66

3330
28
55
8.33
7.48
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Table 6: Performance comparison between variable renegotiating interval case and fixed renegotiating interval case when the test trace file
is Star Wars encoded by MPEG-1 and the maximum packet size is 100 bytes.
Variable renegotiating approach
µ
10
20
30
40
50

Fixed renegotiating approach

Number of Average token Average token Average packet
renegotiation drop rate (%) bucket size (bytes) loss rate (%)
53
48
44
40
34

9.22
9.33
9.38
9.80
10.01

173.99
174.08
174.18
174.38
174.58

9.25
9.36
9.40
9.79
9.94

Number of Average token Average token Average packet
renegotiation drop rate (%) bucket size (bytes) loss rate (%)
53
48
44
40
34

9.82
9.99
10.52
9.59
10.74

174.04
174.36
174.26
173.23
174.19

9.79
10.02
10.44
9.50
10.67

Table 7: Renegotiating time instants of variable renegotiating interval case and fixed renegotiating interval case when the test trace file is
Star Wars encoded by MPEG-1 and the maximum packet size is 100 bytes.
Method

QoS renegotiating instants (frame number)

Variable interval

0, 600, 840, 2280, 2880, 3000, 3840, 3960, 4680, 5400, 5760, 7200, 7320, 7920, 8280, 9120, 10080, 10560, 11520,
15120, 15840, 17880, 19440, 20160, 20760, 21240, 21720, 21840, 22320, 22680, 23760, 24840, 24960, 25800, 26400,
27240, 28920, 29520, 29640, 29760, 30120, 30720, 31320, 33360, 33600, 33840, 35400, 35520, 36480, 37560, 37920,
38280, 38640

Fixed interval

0, 732, 1464, 2196, 2928, 3660, 4392, 5124, 5856, 6588, 7320, 8052, 8784, 9516, 10248, 10980, 11712, 12444, 13176,
13908, 14640, 15372, 16104, 16836, 17568, 18300, 19032, 19764, 20496, 21228, 21960, 22692, 23424, 24156, 24888,
25620, 26352, 27084, 27816, 28548, 29280, 30012, 30744, 31476, 32208, 32940, 33672, 34404, 35136, 35868, 36600,
37332, 38064

Table 8: Performance comparison between variable renegotiating interval case and fixed renegotiating interval case when the test trace file
is Terminator 2 encoded by MPEG-1 and the maximum packet size is 100 bytes.
Variable renegotiating approach
µ
10
20
30
40
50

Fixed renegotiating approach

Number of Average token Average token Average packet
renegotiation drop rate (%) bucket size (bytes) loss rate (%)
46
44
43
43
43

5.16
5.54
5.60
5.60
5.60

212.25
212.73
213.83
212.79
212.79

5.13
5.47
5.51
5.51
5.51

Number of Average token Average token Average packet
renegotiation drop rate (%) bucket size (bytes) loss rate (%)
46
44
43
43
43

5.19
5.70
5.76
5.76
5.76

212.08
212.47
212.66
212.6
212.6

5.14
5.64
5.73
5.73
5.73

Table 9: Renegotiating time instants of variable renegotiating interval case and fixed renegotiating interval case when the test trace file is
Terminator 2 encoded by MPEG-1 and the maximum packet size is 100 bytes.
Method
Variable interval

Fixed interval

QoS renegotiating instants (frame number)
0, 120, 480, 1080, 1800, 2400, 3720, 5040, 5520, 5880, 7920, 8160, 8880, 9960, 10680, 12000, 12480, 13440, 14760,
15240, 15960, 16680, 17880, 18720, 19560, 20400, 20880, 22080, 23280, 24120, 24600, 25560, 26760, 27000,
27600, 28920, 29040, 32160, 32760, 33120, 33840, 34800, 35160, 35760, 36840, 38040
0, 852, 1704, 2556, 3408, 4260, 5112, 5964, 6816, 7668, 8520, 9372, 10224, 11076, 11928, 12780, 13632, 14484,
15336, 16188, 17040, 17892, 18744, 19596, 20448, 21300, 22152, 23004, 23856, 24708, 25560, 26412, 27264,
28116, 28968, 29820, 30672, 31524, 32376, 33228, 34080, 34932, 35784, 36636, 37488, 38340
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Table 10: Performance comparison between the proposed algorithm and bandwidth renegotiating scheme (test trace file is Star wars).
Number of renegotiations
53
48
44
40
34

Proposed algorithm
Token drop rate (%)
Packet loss rate (%)
9.22
9.33
9.38
9.80
10.0

9.25
9.36
9.40
9.79
9.94

Channel bandwidth renegotiating algorithm
Token drop rate (%)
Packet loss rate (%)
9.79
9.89
9.94
10.56
10.62

9.89
10.04
10.22
10.42
10.62

Table 11: Performance comparison between the proposed algorithm and bandwidth renegotiating scheme (test trace file is Terminator 2).
Number of renegotiations
46
44
43
43
43

Proposed algorithm
Token drop rate (%)
Packet loss rate (%)
5.16
5.54
5.60
5.60
5.60

drop rate and packet loss rate are reduced by 8.6% and 7.5%,
respectively, when the number of renegotiations is changed
from 43 to 46. Thus, the waste of network resource can be
reduced and the video quality degradation caused by the lost
packets can be decreased too. In addition, it is observed that
average token drop rate, average token bucket size, and token filling rate monotonically decrease while those of fixed
renegotiating approach locally fluctuate. We can see the obvious diﬀerences of the renegotiating time instants in Tables
7 and 8. It means that we can predict the traﬃc characteristics more accurately by the interpolation method when µ
changes. Hence, we can conclude that variable renegotiating
approach can determine the renegotiating instants more effectively than fixed renegotiating approach at the cost of the
increased computational complexity.
4.3. Performance comparison with bandwidth
renegotiating schemes
In this section, we compare the proposed algorithm with
bandwidth renegotiating algorithms. Actually, it is not easy
to simply compare the performance with bandwidth renegotiating algorithms since they provide the deterministic services and consider the diﬀerent network situations. Thus, we
implemented the channel bandwidth renegotiating scheme
by token bucket model with a piecewise constant token filling
rate and a fixed token bucket size (it is set to the average value
of the proposed algorithm) and then tested various renegotiating interval cases. The experimental results are summarized in Tables 10 and 11, and Figure 5. As shown in the tables and figure, we observe that the proposed algorithm can
reduce both the packet loss rate and the token drop rate. The
reason is that the proposed algorithm treats token bucket
size as well as token filling rate as control variables while the

5.13
5.47
5.51
5.51
5.51

Channel bandwidth renegotiating algorithm
Token drop rate (%)
Packet loss rate (%)
5.59
5.99
6.04
6.04
6.04

5.46
5.83
5.88
5.88
5.88

bandwidth renegotiating schemes consider only token filling
rate as a control variable.
We would like to give some remarks on the experimental results. We obtain Figure 6 when the histograms of video
traﬃcs are drawn. They look like Poisson distributed although we assume Gaussian distribution for simplicity. This
mismatch can cause some errors, and the basic renegotiating interval may also be related to the errors. As the length of
basic renegotiating interval becomes small, the performance
may be improved at the expense of higher computational
complexity.
5.

CONCLUSION AND FUTURE WORK

In this paper, we presented eﬀective token bucket parameter
renegotiating schemes for streaming video over network supporting QoS renegotiations. Two approaches, fixed renegotiating interval case and variable renegotiating interval case,
are examined. The experimental results showed that the average token bucket size and the packet loss rate are significantly
reduced as the number of renegotiations increases. Furthermore, variable renegotiating interval case avoids the inappropriate renegotiating instants of fixed renegotiating interval
case at the cost of the increased computational complexity.
Based on these observations, we can conclude that the proposed flexible QoS renegotiating approach can improve the
network utilization compared to the bandwidth renegotiating approach and is a promising technique for the eﬀective
streaming video. On the other hand, if Tables 6 and 8 are
stored as metadata in database, we can estimate the average
token bucket model parameters of the new video on-demand
request by linear interpolation method with a low computational complexity. Basically, the information may be very
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Figure 5: Performance comparison between the proposed algorithm and bandwidth renegotiating scheme (when the test trace file is Star
Wars and packet size is 100 bytes): (a) token drop rate and (b) packet loss rate.
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Figure 6: Histogram of test video traﬃcs: (a) Star Wars and (b) Terminator 2.

helpful to design a simple but quite eﬀective call admission
control algorithm. For the complete solution, we need the
rate shaping/adaptation algorithm to adjust the compressed
video bitstream when the QoS requests are sometimes rejected which is under our current investigation.
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Wireless and Internet video applications are inherently subjected to bit errors and packet errors, respectively. This is especially so if
constraints on the end-to-end compression and transmission latencies are imposed. Therefore, it is necessary to develop methods
to optimize the video compression parameters and the rate allocation of these applications that take into account residual channel
bit errors. In this paper, we study the behavior of a predictive (interframe) video encoder and model the encoders behavior using
only the statistics of the original input data and of the underlying channel prone to bit errors. The resulting data-driven behavior
models are then used to carry out group-of-pictures partitioning and to control the rate of the video encoder in such a way that
the overall quality of the decoded video with compression and channel errors is optimized.
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1.

INTRODUCTION

Although the current video compression techniques can be
considered mature, there are still many challenges in the design and operational control of compression techniques for
end-to-end quality optimization. This is in particular true
in the context of unreliable transmission media such as the
Internet and wireless links. Conventional compression techniques such as JPEG and MPEG were designed with errorfree transmission of the compressed bitstream in mind. With
such unreliable media, not all bit or packet errors may be corrected by retransmissions or forward error correction (FEC).
Depending on the kind of channel coder, residual channel errors may be present in the bitstream after channel decoding.

In most practical packet network systems, packet retransmission corrects for some, but not all, packet losses. Classic rate
control, such as TM.5 in MPEG [1], can be used to control the video encoder according to the available bit rate offered by the channel coder; adaptation to the bit error rate
by inserting intracoded blocks is nevertheless not incorporated in TM.5. Other methods that control the insertion of
intracoded blocks exist [2].
Three classes of error resilient source coding techniques
that deal with error prone transmission channels may be distinguished. The first well-known approach is joint sourcechannel coding, which aims to intimate integration of the
source and channel coding algorithms [3, 4]. Although this
intimate integration brings several advantages to the end-to-
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end quality optimization, it comes at the price of a significant complexity increase. Furthermore, nearly all of these
approaches only work with specific or nonstandard network
protocols and with a specific video encoder and/or decoder.
The second class represents many approaches where the
source coder has no (or limited) control of the network layer.
It is important to understand that these approaches can not
be generally optimal since the channel coder and the source
coder are not jointly optimized. Since there is no joint optimization, the only thing the source coder can do is to adapt
its own settings according to the current behavior of the network layer. In many applications, joint optimization is impossible because none of the standard network protocols (IP,
TCP, and UDP) support this. Even though the source coder
has no or limited control over the network layer, the rate control algorithm can adapt to the available bit rate and to the
amount of residual bit errors or packet losses. Such a control
algorithm needs a model describing the eﬀects of bit errors
or packet losses on the overall distortion.
The third class contains the approaches advocated in
[5, 6]. In these approaches, the best properties of the first two
classes are combined. Here, the authors propose to limit the
integration to joint parameter optimization, so that there is
no algorithmic integration. In previous work at Delft University of Technology [7], an eﬃcient overall framework
was proposed for such joint parameter optimization from
a quality-of-Service (QoS) perspective. This framework requires high-level and abstract models describing the behavior of source and channel coding modules. However, this
framework had not yet been tested with a real video coder
and with a real behavior model.
In this paper, we propose such a behavior model for describing source-coding characteristics, giving some information about the channel coder. Although this model is designed to be used in a QoS setup, it may also be used to optimize the encoders settings when we only have knowledge
of, but no control over, the current channel (as a second class
approach).
With this behavior model, we can predict the behavior
of a source coder in terms of the image quality related to
the channel coder parameters: the bit rate, the bit error rate
(BER), and the latency. To be applicable in a real-time and
perhaps low power setup, the model itself should have a low
complexity and should not require that many frames have to
reside in a buﬀer (low latency).
We evaluate the behavior models with one type of progressive video coder. However, we believe that other coders
can be described fairly easily with our methods as well, since
we try to describe the encoders at the level of behavior rather
than at a detailed algorithmic or implementation level. In
Section 2, we first discuss our combined source-channel coding system; the problem we wish to solve, and we describe the
source and channel coders on a fairly high abstraction level.
From these models, we can formulate the end-to-end quality
control as an optimization problem, which we will discuss
in Section 3. Section 4 describes in depth the construction of
the proposed models. In Section 5, our models are validated
in a simulation where a whole group of pictures (GOP) were
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transmitted over an error prone channel. Section 6 concludes
this paper with a discussion.
2.

PROBLEM FORMULATION

To optimize the end-to-end quality of compressed video
transmission, one needs to understand the individual components of the link. This understanding involves knowledge
of the rate distortion performance and the error resilience
of the video codec, of the error correcting capabilities of the
channel codec, and possibly of parameters such as delay, jitter, and power consumption. One of the main challenges
in attaining an optimized overall end-to-end quality is the
determination of the influence of the individual parameters
controlling the various components. Especially because the
performances of various components depend on each other,
and the control of these parameters is not straightforward.
In [4, 5, 8, 9], extensive analyses of the interaction and
trade-oﬀs between source and channel coding parameters
can be found. A trend in these approaches is that the underlying components are modeled at a fairly high abstraction level. The models are certainly independent of the actual hardware or software implementation but they also become more and more independent of the actual compression or source coding algorithm used. This is in strong contrast to the abundance of joint source channel coding approaches, which typically optimize a particular combination
of source and channel coders, utilizing specific internal algorithmic structures and parameter dependencies. Although
these approaches have the potential to lead to the best performance, their advantages are inherently limited to the particular combination of coders and to the conditions (source
and channel) under which the optimization was carried out.
In this paper, we refrain from the full integration of
source and channel codecs (i.e., the joint source-channel
coding approach) but we keep the source and channel coders
as much separate as possible.
The interaction between source and channel coders and,
in particular, the communication of key parameters is encapsulated in a QoS framework. The objective of the QoS framework is to structure the communication context parameters
between OSI layers. In the scope of this paper, the context can
be defined not only by radio/Internet channel conditions, but
also by the demands of the application or device concerning
the quality or the complexity of the video encoding. Here we
discuss only the main outline of the QoS interface. A more
detailed description of the interface can be found in the literature (see [6, 7]).
Figure 1 illustrates the QoS Interface concept [7]. The
source and channel coders operate independent of each
other, but are both under the control of QoS controllers.
The source coder encodes the video data, thereby reducing
the needed bit rate. The channel coder protects this data. It
decreases the BER, thereby eﬀectively reducing the bit rate
available for source coding and increasing the latency. The
QoS controller of the source coder communicates the key
parameters—in this case, the bit rate, the BER, and latency—
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Bit error rate
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Channel quality

Figure 1: QoS concept: diﬀerent (OSI)layers are not only communicating their payloads, they are also controlled by QoS controllers
that mutually negotiate to optimize the overall performance.

with the QoS controller of the channel coder. Based on the
behavior description of the source and channel coding modules, the values of these parameters are optimized by the
QoS controller. In a practical system, this optimization takes
into account context information about the application (e.g.,
maximum latency) and about the channel (e.g., throughput
at the physical layer). The application may set constraints on
the operation of the lower layers, for instance, on the power
consumption or the delay. In this paper, we assume that the
only constraint set by the application is the end-to-end delay
Ta .
In order to implement the QoS Interface/controller concept, the following three problems need to be solved.
(i) The key parameters must be optimized over diﬀerent
(OSI) layers. We have developed the “adaptive resource
contracts” (ARC) approach for solving this problem.
ARC exchanges the key parameters between two layers
such that after a negotiation phase, both layers agree
on the values of these parameters. These key parameters represent the trade-oﬀs that both layers have made
to come to a joint solution of the optimization. A detailed discussion of ARC falls outside the scope of this
paper. We refer to [6, 7, 10].
(ii) The behavior of the source and channel coders should
be modeled parametrically such that joint optimization of the key parameters can take place. At the same
time, an internal controller that optimizes the performance of the source and channel coders independently, given the already jointly optimized key parameters, should be available. The emphasis in this paper
is on the modeling of the video coder behavior.
(iii) An optimization procedure should be designed for
selecting the parameters internal to the video codec,
given the behavior model and the key parameters. We
do not emphasize this aspect of the QoS interface in
this paper as we believe that the required optimization
procedure can be based on related work as that in [11].

In previous work and analyses [6, 7], the source coder
was modeled as a progressive encoder, which means that with
every additionally transmitted bit, the quality of the received
decoded information increases. Therefore, the most important information is encoded at the beginning of the data
stream, and the least important information is encoded at
the end. In principle, we believe that any progressive encoder
can be described with our models. To keep things simple
from a compression point of view, we use the common interframe coding structure (with one interframe per GOP, multiple predictively encoded interframes, and no bidirectional
encoded frames). The actual encoding of the (diﬀerence)
frames is done by a JPEG2000 (see [12]) encoder, which
suits our demand for progressive behavior. Figure 2 shows
the typical block diagram of this JPEG2000-based interframe
coder. In this paper, we exclude motion compensation of interframes for simplicity reasons. The internal parameters for
this video encoder are the number of frames in a GOP N,
and the bit rates ri for the individual frames. Symbols Xi and
Xi−1 denote the current frame and the previous frame, X denotes a decoded frame, and X̃ denotes a decoded frame at
the decoder side, possibly with distortions caused by residual channel errors. Symbols D̃q and D̃e denote the quantization distortion and the distortions caused by residual channel errors (named “channel-induced distortion” hereafter),
respectively.
In this work, the channel coder is defined as an abstract functional module with three interface parameters.
The channel coder has knowledge of the current state of the
channel which it is operating on. Therefore, it can optimize
its own internal settings using behavior models. Such a channel coder may use diﬀerent techniques like FEC and automatic repeat requests (ARQ) to protect the data at the expense of added bit rate and increased delay (latency). The exact implementation is nevertheless irrelevant for this paper.
From here we will assume that the error protection is not
perfect because of latency constraints; therefore the residual
BER may be non zero. The behavior models can be obtained
by straightforward analysis of the channel coding process [5].
3.

SOURCE ENCODER OPTIMIZATION CRITERION

At this point, we assume that we have a behavior model for
our video encoder. The development of this behavior model
is the subject of Section 4. Given the behavior model, we can
minimize the average end-to-end distortion D̂ given the constraints imposed by the QoS interface. In our work, the QoS
Interface negotiates three key parameters between source and
channel coder, namely, {R, BER, Tc }, with
(i) R: the available bit rate for source coding (average
number of bits per pixel);
(ii) the residual BER: the average bit error rate after channel decoding;
(iii) Tc : the average time between handing a bit to the channel encoder, and receiving the same bit from the channel decoder.
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Figure 2: Simple video coding scheme. The “frame encoder” and “frame decoder” blocks represent the single frame encoder and decoder.
The “frame buﬀer” is needed for the predictively encoded interframes.

The resulting source coding optimization problem now
becomes the minimization of the distortion D, which can be
formulated as follows:




min D Isrc | {R, BER, Tc } .
Isrc

(1)

Here, Isrc denotes the set of internal source coder parameters over which the performance of the encoder must be optimized, given the key parameters {R, BER, Tc }. The actual
set of internal parameters to be considered depends on the
encoder under consideration and the parameters included in
the encoders behavior model. In this paper, we consider the
optimization of the following internal parameters:
(i) N, the length of the current GOP. Each GOP starts with
an intraframe and is followed by N − 1 predictively
encoded interframes;
(ii) 
r = {r0 , r1 , . . . , rN −1 }: the target bit rate for each individual frame in a GOP.
The encoder parameter N relates to the coding eﬃciency
and the robustness of the compressed bitstream against the
remaining errors. The larger is N, the higher the coding efficiency, because more interframes are encoded. At the same
time, the robustness of the stream is lower due to the propagation of decoded transmission errors.
On the other hand, in order to optimize the settings
{N, 
r } for Nmax frames, these Nmax frames have to be
buﬀered, thereby introducing a latency. In our approach, the
QoS interface prescribes the maximum end-to-end latency
Ta (seconds), and we assume that the channel coder will have
an end-to-end latency of Tc (seconds), from the channel encoder to the channel decoder, including transmission. Analysis of the whole transmission chain gives the following expression for the total end-to-end latency:
Ta =

N −1
B
+ Te + Tc + ,
fr
R

coded and Te is the upper bound of the time it takes to encode a frame. Finally B/R is the transmission time for one
frame B/R; the maximal number of bits to describe a frame
divided by the channel coding bit rate R.
We can now find an expression for the maximal number of frames that can be in the buﬀer while still meeting the
end-to-end latency constraints Ta . Clearly B/R is only known
after allocating the rate for each frame. We suggest taking the
worst case value for B (i.e., calculated from the maximal bit
rate setting). The same goes for TE where we suggest to take
the worst case encoding time per frame,




Nmax = 1 + Ta − Te − Tc −

B
fr .
R

(3)

In each frame i, two kinds of distortion are introduced:
(1) the quantization error distortion, denoted by Dq and (2)
the channel-induced distortion caused by bit errors in the
received bitstream, denoted by De . With our optimization
problem, we aim to minimize the average distortion, which
is the sum of individual distortions of a GOP divided by the
length of the group:
1
N

DGOP =

N −1



 



Dq ri + De ri , BER



.

(4)

i=0

Following [5], we assume that Dq and De within one
frame are mutually independent. Although (4) is a simple
additive distortion model, the distortion of a frame is still dependent on that of the previous frames because of the interframe prediction. Therefore, in our models, we have to take
into account the propagation of quantization and channelinduced distortions.
Taking the above parameters into account, we can now
rewrite (1) as the following bit rate allocation problem:

ropt , Nopt ←− min DGOP (
r , N |BER)

(2)

where fr is the frame rate of the video sequence that is en-


r ,N



1
= min min
N

r N

N −1

 



Dq ri + De ri , BER
i=0





(5)
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subject to

or when we invert this function by
1
N

N −1

ri = R,

N ≤ Nmax .

(6)

i=1

The approach that we follow in this paper is to optimize
the bit rate allocation problem (5) and (6) based on two
frame-level parametric behavior models. The first (rate distortion) model parametrically describes the relation between
the variance of the quantization distortion and the allocated
bit rate based on the variance of the input frames. The second (channel-induced distortion) model parametrically describes the relation between the variance of the degradations
due to transmission and the decoding errors based on the
variance of the input frames and the eﬀective (BER).1
4.

RATE DISTORTION MODEL

In this section, we first propose a behavior model for the rate
distortion characteristics Dq of video encoders and then propose a model for distortion caused by residual channel errors
including the error propagation De .
There are two approaches for modeling the rate distortion (RD) behavior of sources. The first approach is the analytical approach, where mathematical relations are derived
for the RD functions assuming certain (stochastic) properties of the source signal and the coding system. Since these
assumptions do not often hold in practice, the mismatch between the predicted rate distortion and the actual rate distortion is (heuristically) compensated for by empirical estimation. The second is the empirical approach where the RD
functions are modeled through regression analysis of the empirically obtained RD data. The rate distortion model proposed in [5] is an example of an empirical model of the distortion of an entire encoder for a given bit rate.
In our work, we anticipate the real-time usage of the constructed abstract behavior models. At the same time, we want
to keep the complexity of the models low. This limits the
amount of preprocessing or analysis that we may do on the
frames to be encoded. Therefore, we will base our behavior
models on variance information only. In particular, we will
use
(i) the variance of the frame under consideration denoted
by VAR[Xi ],
(ii) the variance of the diﬀerence of two consecutive
frames denoted by VAR[Xi − Xi−1 ].
4.1. Rate distortion behavior model of intraframes
It is well known that for memoryless Gaussian distributed
sources X with variance VAR[X], the RD function is given
by


r(Dq ) =



1
VAR[X]
,
log
2 2
Dq

(7)

1 By “eﬀective bit error rate” we mean the residual bit error rate, that is,
the bit errors that are still present in the bitstream after channel decoding.

Dq (r) = VAR[X]2−2r .

(8)

Empirical observations show that for the most common
audio and video signals under small distortions, the power
function −2r gives an accurate model for the behavior of a
compression system especially in terms of the quality gain
per additional bit (in bit rate terms) spent. For instance, the
power function −2r leads to the well-known result that, at a
suﬃciently high bit rate, for most video compression systems
we gain approximately 6 dB per additional bit per sample.
However, for more complicated compression systems
and especially for larger distortions, the simple power function does not give us enough flexibility to describe the empirically observed RD curves, which usually give more gain
for the same increase in bit rate. Since there is basically no
theory to rely on for these cases without extremely detailed
modeling of the compression algorithm, we instead propose
to generalize (8) as follows:
Dq (r) = VAR[X]2 f (r) .

(9)

The function f (r) gives us more freedom to model the
(RD) behavior at the price of regression analysis or online
parameter estimation on the basis of observed rate distortion realizations. The choice of the kind of the function used
to model f (r) is a pragmatic one. We have chosen a thirdorder polynomial function. A first- or second-order function
was simply too imprecise, while a fourth-order model did
not give a significant improvement and higher-order models would defeat our objective of finding simple and generic
models. Clearly there is a trade-oﬀ between precision (high
order) and generality (low order).
In Figure 3, we show the (RD) curve of the experimentally obtained D̃q (r) for the JPEG2000 compression of the
first frame of the Carphone sequence for bit rates between
0.05 and 1.1 bits per pixel (bpp). The solid line represents a
third-order polynomial fit of f (r) on the measured values.
This fit is much better than the linear function f (r) = −2r.
The following function was obtained for the first frame of the
Carphone sequence:
Dq (r) = VAR[X]2−4.46r

3 +11.5r 2 −12.7r −1.83

.

(10)

It is interesting to see how the RD curve changes for different frames of the same scene or diﬀerent scenes. Figure 4
shows the RD curve for frame 1 and frame 60 of Carphone,
and frame 1 of Foreman. Observe that the Carphone frames
have very similar curves. The Foreman curve is shifted, but is
still similar to the other two. These observations strengthen
our belief that the model is generally applicable for this type
of coder. Of course the f (r) needs to be fitted for a particular sequence, on the other hand, we believe that a default
curve f0 (r) can be used to bootstrap the estimation of model
parameters for other video sequences. The function f (r) can
then be adapted with a new RD data as the encoding continues.
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Figure 3: RD curve for the first frame in Carphone. The crosses
(×) are the measured normalized distortions D̃q and the solid line
corresponds to the fitted function 2 f (r) . The dashed-dotted line corresponds to the RD model 2−2r .
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VAR[Xi − X i−1 ] and the quantization distortion D̃q (ri−1 ). The fitted
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less correlated than intraframes. Therefore, g(r) is more similar to the theoretical −2r than f (r).
In (11), VAR[Xi − X i−1 ] is the variance of the diﬀerence between the current frame i and the previously encoded
frame i − 1. Since the latter is only available after encoding
(and thus after solving (5) and (6)), we need to approximate
VAR[Xi − X i−1 ]. Obviously we have

0.2

Dq / VAR[X]
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Figure 4: Intraframe RD curve for the first frame of Carphone (×),
frame 60 of Carphone (◦), and the first frame of Foreman (+).

The last term on the right-hand side of (12) cannot be easily
estimated beforehand and should therefore be approximated.
We collapse this entire term into a quantity that only depends
on the amount of quantization errors Dq from the previous
frame, yielding


For modeling the (RD) behavior of interframes, we propose
to use a model similar to the one in (9), but with a diﬀerent
polynomial g(r),
 





Dq ri = VAR Xi − X i−1 2g(ri ) .











VAR Xi − X i−1 = VAR Xi − Xi−1 + κDq ri−1 .

4.2. Rate distortion behavior model of interframes

(11)

Here, X i−1 denotes the previously decoded frame i − 1,
whereas with intraframes, a third-order polynomial was
needed to predict f (r) accurately enough. With interframes,
a second-order polynomial was suﬃcient to predict g(r). The
reason for this can be found in the fact that interframes are

(13)

We expect the quantization noise of frame Xi−1 to be only
slightly correlated with the frame diﬀerence between frames
Xi−1 and Xi . Therefore, we expect the value of κ to be somewhat smaller than one. Note that by combining (13) and
(11), Dq is defined recursively, thereby making (5) and (6)
a dependent optimization problem.
Figure 5 illustrates the relation between the frame diﬀerence variance VAR[X1 − X 0 ] and the quantization distortion
of the first frame of Carphone D̃q . The first frame is encoded
at diﬀerent bit rates. We observe a roughly linear relation, in
this case, with an approximate value of κ = 0.86.
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Dq (ri ) = VAR Xi − Xi−1 + κDq ri−1 2g(ri ) .

(14)

Figure 6 shows the experimentally obtained RD curve together with a fitted curve representing our model (14). Since
this RD curve should not only be valid for varying bit rate
ri but also for varying propagated quantization distortion
Dq (ri−1 ), we also vary the bit rate of the previous frame ri−1 .
Both rates were varied from 0.05 to 0.9. Each value of Dq (ri )
is an average over all settings of ri−1 . For completeness, the
theoretic curve (8) is shown as well. The function that describes the RD behavior for these frames is










2

Dq (ri ) = VAR Xi − Xi−1 + κDq ri−1 23.86ri −8.15ri −0.26 .
(15)
We then compare the curves for diﬀerent frames. Figure 7
shows the RD curve for the first frame diﬀerence of Carphone
and the RD curve for the first frame diﬀerence of Foreman as
well as the average RD curve for the first ten frame diﬀerences
of Carphone. This shows again that these curves do not vary
much for diﬀerent video frames and diﬀerent video sources.
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Figure 7: RD curve for the first interframe of Carphone (×), the
average RD curve for the first ten frames of Carphone (—), and the
RD curve for the first frame of Foreman (+).

4.3.
We observed similar behavior for other sequences such as
Susie and Foreman as well. We therefore postulate that (13)
is an acceptable model for calculating the variance VAR[Xi −
X i−1 ] as needed in (11).
The variance Xi − X i−1 consists of two terms: the quantization distortion of the previous frames, and the frame difference between the current and the previous frame. These
two terms might show diﬀerent RD behavior, that is, a separate g(r) for both terms. However, we assume that both
signals show the same behavior since they are both framediﬀerence signals by nature and not whole frames. The model
for predicting the distortion of an interframe now becomes

0

Channel-induced distortion behavior model

When the channel suﬀers from high error rates, the channel
decoding will not be able to correct all bit errors. Therefore,
to solve (5) and (6), we also need a model that describes the
behavior of the video decoder in the presence of bitstream
errors.
First, we define the channel-induced distortion to be the
variance of the diﬀerence between the decoded frame (X) at
the encoder side and the decoded frame at the decoder side
(X̃):
D̃e = VAR[X̃ − X].

(16)

In [9], a model that describes the coders vulnerability to
packet error losses is proposed:
De = σu20 PER,

(17)

where σu20 is an empirical constant and is found empirically
and PER is the packet error rate. Since we are dealing with bit
errors and want to predict the impairment on a frame-perframe basis, we look for a better model.
Modeling the impairments that are due to uncorrected
bit errors may result in a detailed analysis of the compression
technique used (see, e.g., [13]). Since we desire to have an
abstract and a high level model with a limited number of parameters, we base our model on the following three empirical
observations.
(1) For both intraframes and interframes, the degree of
image impairment due to uncorrected errors depend
on the BER. If the individual image impairments
caused by channel errors are independent, then the
overall eﬀect is the summation of individual impairments. At higher error rates where separate errors cannot be considered independent anymore, we observe
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PE (BER, L) = 1 − (1 − BER)L .

(18)

Note that this model describes the behavior related
to dependencies between consecutive bits in the bitstream and does not assume any packetization. The
value of L is therefore found by curve-fitting and not
by an analysis of the data stream structure. Clearly,
the value of L will be influenced by the implementation specifics such as resync markers. We interpret L
as a value for the eﬀective packet length, that is, the
amount of data is lost after a single bit error as if an
entire data packet of length L is lost due to an uncorrected error. This model for PE corresponds very well
with the observed channel-induced distortion behavior, so we postulate




De ∼ PE = 1 − (1 − BER)L ,





 

 

(20)

(3) For interframes, we did not observe a statistically significant correlation between the quantization distortion (i.e., the bit rate) and the image impairment due
to channel errors. We assume that the image impairment is only related to the variance of the frame diﬀerence, thus, here we do not take into account the quantization distortion:








De ri , BER ∼ VAR Xi − Xi−1 .

(21)

These empirical observations lead us to postulate the following aggregated model of the channel-induced distortions
for an intraframe:
De (ri , BER) = VAR[X̃i − X i ]


 
 
= αPE (BER, LI ) VAR Xi − Dq ri ,
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Figure 8: Plot of the normalized distortion D̃e (ri )/
(VAR[Xi ] − D̃q (ri )) versus BER for the first intraframe of Carphone (shown by ). The dashed line corresponds to the simple
model PE = BER with α = 255.2; the solid line to the model
PE = 1 − (1 − BER)202 with α = 1.29.

(19)

where parameter L was typically found to be in the order of 200 for intraframes and of 1000 for interframes.
(2) For intraframes, the degree of image impairment due
to uncorrected errors does not only highly depend on
the amount of variance of the original signal but also
on the amount of quantization distortion. The expression VAR[Xi ] − Dq (ri ) represents the amount of variance that is encoded; the higher the distortion Dq (ri ),
the less information is encoded. We observe that if
Dq (ri ) increases, the eﬀect of residual channel errors
decreases. Clearly, at ri = 0, nothing is encoded in
this frame and the distortion equals the variance. At
ri
0, Dq ≈ 0, there is no quantization distortion, all
information is encoded and will be susceptible to bit
errors. We therefore postulate
De ri , BER ∼ VAR Xi − Dq ri .

0.25
Residual error: D̃e (ri )/(VAR[Xi ] − D̃q (ri ))

a decreasing influence of the BER. We notice that in a
bitstream, a sequence of L bits will be decoded erroneously if one of the bits is incorrect due to a channel
error. The probability of any bit being decoded erroneously is then
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(22)

and for one interframe:




De (ri , BER) = βPE (BER, LP ) VAR Xi − Xi−1 .

(23)

Here, PE (BER, L) is given by (18) and LI and LP are the eﬀective packet lengths for intraframes and interframes, respectively. The constants α and β determine to which extent an
introduced bit error distorts the picture and need to be found
empirically.
For intraframes, De (ri , BER) depends on BER and on the
variance VAR[Xi ] − Dq (ri ). Two figures show the curve fitting on this two-dimensional function. Both figures show the
results of encoding one frame at diﬀerent bit rates (ranging
from 0.05 to 2.0 bpp) and at diﬀerent BERs (ranging from
10−3 to 10−6 ), where bit errors were injected in the encoded
bitstream randomly. Since we wish to predict the average behavior, we calculated the average distortions of 1000 runs for
each setting as follows.
(1) Figure 8 shows the average D̃e divided by VAR[Xi ] − D̃q
as a function of BER. The dashed line corresponds to
a line fitted with PE = BER and α = 255.2. We observe that it deviates at higher BER. The solid line corresponds to PE = 1 − (1 − BER)LI with an eﬀective
packet length LI = 202 and α = 1.29, which gives a
better fit.
(2) Figure 9 shows D̃e divided by PE (BER, LI = 202) as
a function of VAR[Xi ] − D̃q . The fitted line crosses
the origin. Clearly, this model does not fit these
measurements extremely well because the eﬀect of
Dq (ri ) is very unpredictable. On the other hand, because the model catches the coarse behavior, we still
can incorporate the eﬀect that Dq (ri ) has on the
channel-induced distortion. For other sources (Foreman, Susie), we observe a similar behavior.
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7000

propagation [9, 14]. Since (5) and (6) tries to minimize the
distortion over a whole GOP, we have to take this propagation into account for each frame individually. In [9], a highlevel model was proposed to describe the error propagation
in motion-compensated DCT-based video encoders including a loop filter. We adopted the λ factor which describes an
exponential decay of the propagated error, but we discarded
the γ factor which models propagation of errors in motioncompensated video, yielding

6000

De /PE

5000
4000
3000



1000
0
2300 2400 2500 2600 2700 2800 2900 3000 3100 3200
VAR[Xi ] − Dq (ri )

Figure 9: Plot of VAR[Xi ] − D̃q (ri ) versus the normalized distortion D̃e (ri , BER)/PE (BER, LI ) (shown by ) for the first intraframe
of Carphone. The error bars represent the standard deviation over
1000 runs of the experiment. The solid line represents our model
De (ri , BER)/PE (BER, LI ) = α(VAR[Xi ] − Dq (ri )).

0.3

D̃e / VAR[Xi − X̃i−1 ]







De ri , BER = (1 − λ)De ri−1 , BER




+ β 1 − (1 − BER)LP VAR Xi − Xi−1 .
(24)

2000

Our observations are that this is an accurate model although the propagated errors decay only slightly. For instance, for the Carphone sequence, we found that λ = 0.02
(not shown here). In a coder where loop filtering is used to
combat error propagation, this factor is much higher [9].
5.

MODEL VALIDATION

We have now defined all models needed to solve (5) and (6).
Assuming we know the variances VAR[Xi ], VAR[Xi − Xi−1 ],
the parameters for the functions f (r), g(r), and the model
parameters κ, LI , LP , α, and β, we can minimize (5) and (6)
using these models. Note that since in principle each frame
can have its own RD function, the function will get the additional parameter i to signify that

0.2

DGOP =


1
N

N −1









i=0







Dq r0 |i = 0 = VAR X0 2 f (r0 |0) ,


0.1













0

for i = 0,

De r0 , BER |i = 0


 


= α 1 − (1 − BER)LI VAR X0 − Dq r0 |0 , for i > 0,
Dq ri |i = VAR Xi − Xi−1

0



Dq ri |i + De ri , BER |i ,
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Figure 10: Plot of the normalized channel-induced distortion
D̃e (ri , BER)/VAR[Xi − Xi−1 ] versus BER (shown by ). The values
are averaged over the first ten interframes of Carphone. The dashed
line corresponds to the model PE = BER, and the solid line corresponds to the model PE = 1 − (1 − BER)876 with α = 0.51.

Finally, for interframes, De (ri , BER) only depends on BER
and on the constant factor VAR[Xi − Xi−1 ]. Figure 10 shows
the average D̃e divided by VAR[Xi − Xi−1 ] versus the BER.
The resulting curve corresponds to PE = 1 − (1 − BER)LP
with LP = 876. Here, we found β = 0.51.
4.3.1. Error propagation in interframes
Due to the recursive structure of the interframe coder, decoding errors introduced in a frame will cause temporal error





+ κDq ri−1 |i − 1 2g(ri |i) , for i > 0,


De ri , BER |i = (1 − λ)De ri−1 , BER |i












+ β 1 − (1 − BER)LP VAR Xi − Xi−1 ,
for i > 0.
(25)
In this section, we will verify these models by encoding
a sequence of frames with diﬀerent bit rate allocations and
compare the measured distortion and the predicted distortion. Furthermore, we will introduce bit errors in the bitstream and verify the prediction of the distortion under error
prone channel conditions. As mentioned in the introduction,
in this paper, we do not optimize (5) and (6) using the models (25)—as would be required in a real-time implementation. Instead, we aim to show that it is possible to predict the
overall distortion for a GOP under a wide range of channel
conditions. We will show that a setting for N and ri optimized
with our behavior models (25) indeed yields a solution that
is close to the measured minimum.
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Figure 11: For each possible bit rate assignment, the cross (×)
shows the measured distortion D̃GOP horizontally and the predicted
distortion DGOP vertically. The line represents the points where the
measurements would match the predicted distortion.

To validate our model, we will compare the measurements of the overall distortion of a GOP with the predictions made with our model (25). We used the JPEG2000 encoder/decoder as our video coder (Figure 2), and encoded
the Carphone sequence. In the first experiment, a GOP of
ten frames was encoded with diﬀerent bit rate allocations.
No residual channel errors are introduced. In the second experiment, random bit errors were introduced in the encoded
bitstream to simulate an error prone channel. In the third
experiment, we addressed the issue of finding the optimal
GOP length. In all these experiments, we used the models
(25) and the parameters we have obtained in Section 4 for the
first ten frames of Carphone. In the last experiment, we used
our models to optimize the settings for a whole sequence. We
compare optimizing the settings with our models and with
two other simple rate allocations. Furthermore, we have investigated the gain that can be achieved if the RD curves are
known for each individual frame instead of the average RD
curves.
5.1. Optimal rate allocation
In this experiment, no residual channel errors were present
(BER = 0) and the average bit rate available for each frame
was 0.2 bpp. To each frame, we assigned bit rates varying
from 0.1, 0.2, 0.3 to 1.1 bpp, while keeping the average bit rate
constant at 0.2 bpp. The GOP length was set to 10. The total
number of possible bit rate allocations with these constraints
is 92378.
A GOP of ten frames was encoded with each of these bit
rate allocations. We then measured the overall distortion denoted by D̃GOP and compared that with the predicted distortion DGOP (using (4), (10), and (15)). Figure 11 shows
the results. All points were plotted with the measured distortion D̃GOP on the horizontal axis. The vertical axis shows
the predicted distortion DGOP . The straight line corresponds
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180
200
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220

240

Figure 12: Selection of 20 bit rate assignments when BER = 32 ·
10−6 . For each case the cross (×) shows the measured distortion
D̃GOP horizontally and the predicted distortion DGOP vertically. The
solid line represents the points where the predicted distortion and
the measured distortion would match.

to the points where the prediction matches the measured values. Points under this line underestimate the measured overall distortion and the points above the line overestimate the
measured overall distortion. The region we are interested in
is located in the lower left area where the bottom-most point
represents the bit rate allocation that minimizes our model,
DGOP (25). The cloud shape gives good insight in the predictive strength of the model since the points are never far oﬀ
the corresponding measured distortion.
As we can see in Figure 11, the predicted distortion and
the measured distortion correspond well over the whole
range of bit rate allocations. Note that although it is not possible with these proposed behavior models to find the exact
values of ri yielding the minimal measured distortion (we
only know the exact distortion after encoding and decoding), the predicted minimal distortion is close to the measured minimum distortion. We use the following metrics to
express the performance of the model: the relative error
2

ε1 = E

3

DGOP − D̃GOP
· 100%,
D̃GOP

(26)

and the standard deviation of the relative error:
2

ε2 = std

3

DGOP − D̃GOP
· 100%.
D̃GOP

(27)

For this experiment, ε1 = 3.2%, which means that we
slightly overestimated all distortions; ε2 = 5.7%, which
means that on average our predictions were within 3.2−5.7 =
−2.5% and 3.2 + 5.7 = 8.9% around the measured values.
We can interpret this in terms of PSNR: an increase of the
error variance of 5.7% corresponds to a decrease of the PSNR
by 10 log 1.089 = 0.37 dB. This means that we predicted the
average quality with 0.37 dB accuracy.
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0.31% and ε2 = 3.6%. Note that these relative metrics are
similar to the case without channel errors. This means that
on the average, although the channel-error distortion is hard
to predict, our model is still able to make good predictions
of the average distortion even under error prone conditions.
Apparently, the average De part of the total distortion is very
predictable, this is probably due to the good error resilience
of the JPEG2000 encoder we used.

Predicted overall distortion: (DGOP )
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Figure 13: Selection of 20 bit rate assignments when BER = 1024 ·
10−6 . For each case, the cross (×) shows the measured distortion
D̃GOP horizontally and the predicted distortion DGOP vertically. The
solid line represents the points where the predicted distortion and
the measured distortion would match.

5.2. Optimal rate allocation for a channel
with residual errors
When residual channel errors were introduced, the same experiment yielded diﬀerent results at diﬀerent runs because of
the randomness of bit errors. Therefore, for each rate allocation, the coding should be done at least a thousand times and
the measured distortion values should be averaged. Analyzing each bit allocation with such accuracy is very demanding
in terms of computing time, therefore, we selected twenty
cases uniformly distributed from the 92378 rate allocations
to gain suﬃcient insight in the predictive power of the behavior models.
For this experiment, we chose BER = 32 · 10−6 . Figure 12
shows the measured average distortion D̃GOP and the predicted distortion DGOP for the 10-frame case. Now, the relative error is ε1 = 2.0% and ε2 = 3.7%.
Note that in these simulations, we did not use any special
settings of a specific video coder and we used no error concealment techniques other than the standard JPEG2000 error
resilience. Because of the combination of wavelet transforms
and progressive bit plane coding in JPEG2000, in most cases
the bit errors only caused minor distortions in the higher
spatial frequencies. However, sometimes a lower spatial frequency coeﬃcient was destroyed yielding a higher distortion.
Any individual random distortion can diﬀer greatly from
the predicted one. Because large distortions are less likely to
occur than small distortions, our model gives a boundary on
the resulting distortion. We measured that for 88.0% of the
cases, the measured distortion was lower than the predicted
value.
We then changed our BER to 1024 · 10−6 . Figure 13 shows
the measured and the predicted distortions. For this high
BER, the relative performance metrics were still good, ε1 =

Selection of the optimal GOP length

In the previous experiments, the optimal bit rate allocation
was selected for each frame. This experiment deals with selecting the optimal GOP length N. The same constraints were
used as in the previous experiment, but now the GOP length
varied from 1 to 10.
Figure 14 shows for each GOP length from 1 to 10 the
bit rate allocations for BER = 0. Observe that the average
bit rate of 0.2 bpp per frame is spread out over each frame
in the GOP to obtain a minimal overall distortion DGOP . The
last case (N = 10) corresponds to the bottom-most point in
Figure 11.
Figure 15 shows the predicted overall distortion DGOP
and measured overall distortion D̃GOP for each of these bit
rate allocations. Following our criterion (5) and (6), the optimal GOP length is N = 8. Since interframes are used, we
expect that using larger GOPs gives lower distortions. This
is generally true, but in these experiments we did not cover
the whole solution space since we used increments of 0.1 bpp
for the bit rates. With this limited resolution, we may find
suboptimal solutions.
Figure 16 shows the result of a simulation where N varied from 1 to 15. In this simulation we only used our models
to predict the distortion; the corresponding measurements
were not carried out due to computational limitations (there
are 600 000 combinations of rate allocations when bit rates
ri ∈ {0.1, 0.2, . . . , 1.6} are used). The distortions were again
minimized with an average bit rate constraint of 0.2 bpp.
The points correspond to the minimum achievable distortion DGOP at each GOP length. We see that for N > 6, the
average distortion did not substantially decrease anymore, so
larger GOP lengths would not improve the quality greatly.
Figure 16 also shows the results of the simulations for BER =
{32 · 10−6 , 256 · 10−6 , 512 · 10−6 }. Note that at some point,
the accumulated channel-induced distortion becomes higher
than the gain we obtain from adding another interframe. At
this point, the internal controller should decide to encode a
new intraframe to stop the error propagation.
5.4.

Optimal rate allocation for whole sequences

In this experiment, we used our models and our optimization criterion to optimize the settings for the whole sequence
of Carphone.
We have compared the measured distortion with two
other simple rate allocation methods.
(1) The rates and GOP length settings are obtained using our models and optimization criterion with the
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Figure 14: Bit rate allocations for BER = 0. Every plot corresponds to a GOP length running from N = 1 to 10. Within each plot, for each
frame, the bit rate allocation that minimizes DGOP is shown and the average bit rate of r is 0.2 bpp.
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Figure 15: Minimized distortion DGOP (—) and D̃GOP (×) for GOP
lengths between 1 and 10 and for an average bit rate of r = 0.2 bpp.

constraints that Nmax = 10 and the average bit rate is
0.2.
(2) Every frame has the same fixed bit rate r = 0.2. The
GOP length is obtained using our models and optimization criterion.
(3) Every frame has the same fixed bit rate r = 0.2. The
GOP length has a fixed value of 10.
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Figure 16: Minimized distortion DGOP for GOP lengths between 1
and 15, for diﬀerent BERs, and an average bitrate of r = 0.2 bpp.

These methods were applied to the Carphone and the Susie
sequences for BER = 0, BER = 128 · 10−6 , and BER =
512 · 10−6 . The results are shown in Table 1. For Carphone,
method (1) is clearly better than method (3). Method (2) and
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Table 1: Comparison between diﬀerent rate allocation methods.
Case
Carphone
Carphone
Carphone
Susie
Susie
Susie

Method
BER = 0
BER = 128 · 10−6
BER = 512 · 10−6
BER = 0
BER = 128 · 10−6
BER = 512 · 10−6

1
76.6
136.8
397.7
28.6
47.4
116.4

Distortion
2
3
91.1
90.6
161.3
161.1
408.4
410.4
28.9
28.9
49.6
59.5
117.1
151.2

method (3) perform more or less the same. When bit errors
are introduced, method (1) still outperforms the other two.
For Susie, method (1) also outperforms the other two. When
bit errors are present, method (2) (just adapting the GOP
length) greatly outperforms method (3). We conclude that
the performance of our method depends heavily on whether
the characteristics of the source are changing over time or
not. It seems that either optimizing the GOP length or the
bit rates decreases the distortion as opposed to method (3).
Finally, we have investigated whether using RD parameters for each individual frame instead of average RD parameters, indeed gives a significant increase of the performance. We compared the case where for each individual
frame the corresponding RD function is used for optimization (case 1), and the case where one average RD function
is used for the whole sequence (case 2). For Carphone, we
measured the following: for case 1, the average distortion
D = 76.5, for case 2, D = 91.0. This means that significant gains can be expected when the RD curves are known
for each frame. Of course in practice this is not possible. On
the other hand, since consecutive frames look alike, we believe that an adaptive method to obtain the RD curves from
previous frames could give significant gains. For Susie we
have similar results. For case 1, D = 28.6, and for case 2,
D = 47.9.
6.

DISCUSSION

In this paper, we introduced a behavior model that predicts
the overall distortion of a group of pictures. It incorporates
the structure and prediction scheme of most video coders
to predict the overall distortion on a frame-per-frame basis. Furthermore, the model corrects for statistical dependencies between successive frames. Finally, our model provides a
way to predict the channel-induced distortion when residual
channel errors are present in the transmitted bit steam.
Although the deviation of the model predicted distortion
from the measured distortion can become substantial, with
this model we can still compare diﬀerent settings and select
one likely to cause the smallest distortion.
Our models are designed to closely follow the behavior of
the encoder, given the characteristics of the video data, and to
make an accurate prediction of the distortion for each frame.
These predictions are made before the actual encoding of the

entire group of pictures. To predict the average distortion, we
need to know the variance of each frame and the variance of
the frame diﬀerence of the consecutive original frames. We
also need two parameterized rate distortion curves and six
other parameters (κ, α, β, LI , LP , and λ).
In our experiments—some of which were shown in this
paper—we noticed that these parameters do not change
greatly between consecutive group of pictures, therefore they
can be predicted recursively from the previous frames that
have already been encoded. On the other hand, we have
shown that significant gains can be expected when the rate
distortion parameters are obtained adaptively and no average rate distortion curves are used. The factors κ, α, β, LI , LP ,
and λ do not depend greatly on the source data, but rather
on the coder design, and thus may be fixed for a given video
encoder.
After obtaining the frame diﬀerences, the distortion can
be predicted before the actual encoding takes place. This
makes the model suitable for rate control and constant bit
rate coding as well as for quality of service controlled encoders. Although this paper focused on rate allocation of entire frames rather than on macroblocks, all models can be
generalized for use at the macroblock level.
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A new integrated framework for source and channel rate allocation is presented for video coding and transmission over wireless
channels without feedback channels available. For a fixed total channel bit rate and a finite number of channel coding rates, the
proposed scheme can obtain the near-optimal source and channel coding pair and corresponding robust video coding scheme
such that the expected end-to-end distortion of video signals can be minimized. With the assumption that the encoder has the
stochastic information such as average SNR and Doppler frequency of the wireless channel, the proposed scheme takes into account robust video coding, channel coding, packetization, and error concealment techniques altogether. An improved method is
proposed to recursively estimate the end-to-end distortion of video coding for transmission over error-prone channels. The proposed estimation is about 1–3 dB more accurate compared to the existing integer-pel-based method. Rate-distortion-optimized
video coding is employed for the trade-oﬀ between coding eﬃciency and robustness to transmission errors.
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1.

INTRODUCTION

Multimedia applications such as video phone and video
streaming will soon be available in the third generation (3G)
wireless systems and beyond. For these applications, delay
constraint makes the conventional automatic repeat request
(ARQ) and the deep interleaver not suitable. Feedback channels can be used to deal with the error eﬀects incurred in image and video transmission over error-prone channels [1],
but in applications such as broadcasting services, there is
no feedback channel available. In such cases, the optimal
trade-oﬀ between source and channel coding rate allocations
for video transmission over error-prone channels becomes
very important. According to Shannon’s separation theory,
these components can be designed independently without
loss in performance [2]. However, this is based on the assumption that the system has an unlimited computational
complexity and infinite delay. These assumptions are not
satisfied in delay-sensitive real-time multimedia communications. Therefore, it is expected that joint considerations
of source and channel coding can provide performance improvement [3, 4].

Most of the joint source and channel coding (JSCC)
schemes have been focusing on images and sources with ideal
signal models [4, 5]. For video coding and transmission,
many works still keep the source coding and channel coding separate instead of optimizing their parameters jointly
from an overall end-to-end transmission point of view [6, 7].
Some excellent reviews about robust video coding and transmission over wireless channels can be found in [8, 9]. In
[10], a JSCC approach is proposed for layered video coding and transport over error-prone packet networks. It presented a framework which trades video source coding eﬃciency oﬀ for increased bitstream error resilience to optimize
the video coding mode selection with the consideration of
channel conditions as well as error recovery and concealment
capabilities of the channel codec and source decoder, respectively. However, the optimal source and channel rate allocation and corresponding video macroblock (MB) mode selection have to be selected through simulations over packet-loss
channel models. In [11], a parameterized model is used for
the analysis of the overall mean square error (MSE) in hybrid
video coding for the error-prone transmission. Models for
the video encoder, a bursty transmission channel, and error
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propagation at the video decoder have been combined into
a complete model of the entire video transmission system.
However, the model for video encoder involves several parameters and the model is not theoretically optimal because
of the use of random MB intramode updating, which does
not consider the diﬀerent motion activities within a video
frame to deal with error propagation. Furthermore, the models depend on the distortion-parameter functions obtained
through ad hoc numerical models and simulations over specific video sequences, which also involves a lot of simulation
eﬀorts and approximation. The authors of [12] proposed
an operational rate-distortion (RD) model for DCT-based
video coding incorporating the MB intra–refreshing rate and
an analytic model for video error propagation which has relatively low computational complexity and is suitable for realtime wireless video applications. Both methods in [11, 12]
focus on the statistical model optimization for general video
sequence, which is not necessarily optimal for a specific video
sequence because of the nonstationary behavior across diﬀerent video sequences.
In this paper, we propose an integrated framework to
obtain, the near-optimal source and channel rate allocation, and the corresponding robust video coding scheme
for a given total channel bit rate with the knowledge of the
stochastic characteristics of the wireless fading channel. We
consider the video coding error (quantization and mode
selection of MB), error propagation, and concealment effects at the receiver due to transmission error, packetization, and channel coding in an integrated manner. The contributions of this paper are the following. First, we present
an integrated system design method for wireless video communications in realistic scenarios. This proposed method
takes into account the interactions of fading channel, channel coding and packetization, and robust video coding in
an integrated, yet simple way, which is an important system design issue for wireless video applications. Second, we
propose an improved video distortion estimation which is
about 1–3 dB peak signal-to-noise ratio (PSNR) more accurate than the original integer-pel-based method (IP) in
[13] for half-pel-based video coding (HP), and the computational complexity in the proposed method is less than that
in [13].
The rest of the paper is organized as follows. Section 2
describes first the system to be studied, then the packetization and channel coding schemes used. We also derive the
integrated relation between MB error probability and channel coding error probability given the general wireless fading channel information such as average signal-to-noise ratio (SNR) and Doppler frequency. Section 3 presents the improved end-to-end distortion estimation method for HPbased video coding. Simulations are performed to compare the proposed method to the IP-based method in [13].
Then we employ RD-optimized video coding scheme to optimize the end-to-end performance for each pair of source
and channel rate allocation. Simulation results are shown in
Section 4 to demonstrate the accuracy of the proposed endto-end distortion estimation algorithm under diﬀerent channel characteristics. Conclusions are stated in Section 5.
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Figure 1: Joint source and channel video coding.

2.

PROBLEM DEFINITION AND INTEGRATED
SYSTEM STRUCTURE

The problem to be studied is illustrated in Figure 1 which can
be specified by five parameters (r, rc , ρ, fd , F): r is the total
channel bit rate, rc is the channel coding rate, ρ is the average SNR at the receiver, fd is the Doppler frequency of the
fading channel targeted, and F is the video frame rate. H.263
[14] is used for video coding. A video sequence denoted as
fls , where s = (x, y), 1 ≤ x ≤ X, 1 ≤ y ≤ Y , is the pixel spatial location and l = 1, . . . , L is the frame index, is encoded
at the bit rate rs = r × rc b/s and the frame rate F f/s with
the MB error probability PMb = f (ρ, fd , rc ) that will be detailed next. The resulted H.263 bitstream is packetized and
protected by forward error correction (FEC) channel coding
with the coding rate rc . The resulted bitstream with rate r b/s
is transmitted through wireless channels characterized by ρ
and fd . The receiver receives the bitstream corrupted by the
channel impairment, then reconstructs the video sequence
f˜ls after channel decoding, H.263 video decoding, and possible error concealment if residual errors occur. The end-toend MSE between the input video sequence at the encoder
and the reconstructed video sequence at the decoder is defined as




DE rs , rc =

X

1
XY L x=1

Y

L

E
y =1 l=1

45

fl

(x,y)

7
62
(x,y) 
− f˜l
rs , rc
.

(1)
For the video system in Figure 1, there are two tasks to be performed with the five given system parameters (r, rc , ρ, fd , F).
First, we need to decide how to allocate the total fixed bit rate
r to the source rate rs = r × rc to minimize the end-to-end
MSE of the video sequence. Furthermore, the video encoder
should be able to, for a source/channel rate allocation (rs , rc )
with residual channel decoding failure rate denoted as pw (rc ),
select the coding mode and quantizer for each MB to minimize the end-to-end MSE of the video sequence. The goal is
to obtain the source/channel rate pair (rs∗ , rc∗ ) and the corresponding robust video coding scheme to minimize (1).
In practical applications, there are only finite number of
source/channel pairs available. We can find the robust video
encoding schemes for each rate pair (rs , rc ) that minimizes
(1) and denote the minimal end-to-end MSE obtained as
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DE∗ (rs , rc ), then the optimal source/channel rate pair (rs∗ , rc∗ )
and the corresponding video coding scheme can be obtained
as








rs∗ , rc∗ = argmin DE∗ rs , rc .

(2)

(rs ,rc )

For each pair (rs , rc ), we use RD-optimized video coding
scheme to trade oﬀ between the source coding eﬃciency
and robustness to error propagation. An improved recursive
method which takes into account the interframe prediction,
error propagation, and concealment eﬀect is used to estimate the end-to-end MSE frame by frame. In this paper, the
wireless fading channel is modeled as a finite-state Markov
chain (FSMC) model [15, 16, 17], and the Reed-Solomon
(RS) code is employed for forward error coding.
2.1. Modeling fading channels using finite-state
Markov chain
Gilbert and Elliott [15, 16] studied a two-state Markov channel model, where each state corresponds to a specific channel quality. This model provides a close approximation for
the error rate performance of block codes on some noisy
channels. On the other hand, when the channel quality
varies dramatically such as in a fast Doppler spread, the twostate Gilbert-Elliott model becomes inadequate. Wang and
Moayeri extended the two-state model to an FSMC model
for characterizing the Rayleigh fading channels [17]. In [17],
the received SNR is partitioned into a finite number of intervals. Denote by 0 = A0 < A1 < A2 < · · · < AK = ∞
the SNR thresholds of diﬀerent intervals, then if the received
SNR is in the interval [Ak , Ak+1 ), k ∈ {0, 1, 2, . . . , K − 1}, the
fading channel is said to be in state Sk . It turns out that if
the channel changes slowly and is properly partitioned, each
state can be considered as a steady state, and a state transition
can only happen between neighboring states. As a result, a
fading channel can be represented using a Markov model if
given the average SNR ρ and Doppler frequency fd .
2.2. Performance analysis of RS code over finite-state
Markov channel model
RS codes possess maximal minimum distance properties
which make them powerful in correcting errors with arbitrary distributions. For RS symbols composed of m bits, the
encoder for an RS(n, k) code groups the incoming bitstream
into blocks of k information symbols and appends n − k redundancy symbols to each block. So the channel coding rate
is rc = k/n. For an RS(n, k) code, the maximal number of
symbol errors that can be corrected is t =  (n − k)/2. When
the number of symbol errors is more than t, RS decoder reports a flag to notify that the errors are uncorrectable. The
probability that a block cannot be corrected by RS(n, k), denoted as a decoding failure probability pw (n, k), can be calculated as
n

pw (n, k) =

P(n, m),
m=t+1

(3)

where P(n, m) denotes the probability of m symbol errors
within a block of n successive symbols. The computation of
P(n, m) for FSMC channel model has been studied before
(see [16, 18]).
2.3.

Packetization and macroblock error
probability computation
We use baseline H.263 video coding standard for illustration.
H.263 GOB/slice structure is used where each GOB/slice is
encoded independently with a header to improve resynchronization. Denoting by Ns the number of GOB/slice in each
frame, the RS(n, k) code block size n (bytes) is set to
8

n=

r
8 · F · Ns

9

(4)

such that each GOB/slice is protected by an RS codeword in
average, where x is the smallest integer larger than x. No
further alignment is used. In case of decoding failure of an
RS codeword, the GOBs (group of blocks) covered by the RS
code will be simply discarded and followed by error concealment. If a GOB is corrupted, the decoder simply drop the
GOB and performs a simple error concealment as follows:
the motion vector (MV) of a corrupted MB is replaced by
the MV of the MB in the GOB above. If the GOB above is
also lost, the MV is set to zero, then the MB is replaced by
the corresponding MB at the same location in the previous
frame. To facilitate error concealment at the decoder when
errors occur, the GOBs which are indexed by even numbers
are concatenated together, followed by concatenated GOBs
indexed by odd numbers. By using this alternative GOB organization, the neighboring GOBs are normally not protected
within the same RS codeword. Thus, when a decoding failure occurs in one RS codeword, the neighboring GOBs will
not be corrupted simultaneously, which helps the decoder to
perform error concealment using the neighboring correctly
received GOB.
In order to estimate the end-to-end distortion, we need
to model the relation between video MB error probability
PMB (n, k) and RS(n, k) decoding failure probability pw (n, k),
that is,
PMB (n, k) ≈ α · pw (n, k).

(5)

Since no special packetization or alignment is used, one RS
codeword may contain part of one GOB/slice or overlap
more than one GOB/slice. It is diﬃcult to find the exact relation between PMB (n, k) and pw (n, k) because the length of
GOB in each frame is varying. Intuitively, α should be between 1 and 2. Experiments are performed to find the suitable α. Figure 2 shows the experiment results of RS codeword failure probability and GOB error probability over
Rayleigh fading channels. It turns out that α ≈ 1.5 is a good
approximation in average. For a source and channel code pair
(rs , rc ) or RS(n, k), the channel code decoding failure probability pw (n, k) can be derived from ρ and fd as described in
Sections 2.1 and 2.2, then we have the corresponding video
MB error probability PMB (n, k) from (5). Based on the derived MB error rate PMB (n, k), a recursive estimation method
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Figure 2: Simulated RS codeword failure rate (CFR), GOB loss rate, and the values of 1.5 + WER. (a) Rayleigh fading, SNR = 18 dB, QPSK,
and f d = 10 Hz. (b) Rayleigh fading, SNR = 18 dB, QPSK, f d = 100 Hz.

and an RD-optimized scheme are employed to estimate the
minimal end-to-end MSE of the video sequence and obtain
the corresponding optimized video coding scheme, which is
to be described in detail in the next section.
3.

OPTIMAL DISTORTION ESTIMATION
AND MINIMIZATION

We first describe the proposed distortion estimation method
for both HP- and IP-based video coding over error-prone
channels. Simulations are performed to demonstrate the improved performance of the proposed method. Then an RD
framework is used to select the coding mode and quantizer
for each MB to minimize the estimated distortion, given the
source rate rs , PMB which is derived as in Section 2, and the
frame rate F.
3.1. Optimal distortion estimation
Recently, modeling of error propagation eﬀects have been
considered in order to optimally select the mode for each MB
to trade oﬀ the compression eﬃciency and error robustness
[11, 13, 19]. In particular, a recursive optimal per-pixel estimate (ROPE) of decoder distortion was proposed in [13]
which can model the error propagation and quantization distortion more accurately than other methods. But the method
in [13] is only optimal for the IP-based video coding. For
the HP case, the computation of spatial cross correlation between pixels in the same and diﬀerent MBs is needed to obtain the first and second moments of bilinear interpolated
HPs, the process is computationally prohibitive. Most of the
current video coding use the HP-based method to improve

the compression performance. We propose a modified recursive estimate of end-to-end distortion that can take care of
both IP- and HP-based video coding.
The expected end-to-end distortion for the pixel fls at s =
(x, y) in frame l is
dls = E
=E

:
:

2
fls − f˜ls

;

2
fls − fˆls + fˆls − f˜ls

;

:

2

 

2 ;
,
= fls − fˆls + 2 fls − fˆls E fˆls − f˜ls + E fˆls − f˜ls

(6)
where fˆls is the quantized pixel value at s in frame l. Denote
els = fls − fˆls as the quantization error, êls,v = fˆls − fˆl−s−1v as the
motion compensation error using MV v, and ẽls = fˆls − f˜ls
as the transmission and error-propagation error. Assuming
that ẽls is an uncorrelated random variable with a zero mean,
which is a reasonable assumption when PMB is relatively low
as will be shown in the simulations later, we have
 2

dls = els

: 2 ;

+ E ẽls

.

(7)

We derive a recursive estimate of E{(ẽls )2 } for intra-MB and
inter-MB as follows.
Intramode MB
The following three cases are considered.
(1) With the probability 1 − PMB , the intra-MB is received
correctly and then fˆls = f˜ls . As a result, ẽls = 0.
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(2) With the probability (1 − PMB )PMB , the intra-MB is lost
but the MB above is received correctly. Denoting by
vc = (xc , yc ) the MV of the MB above, two cases of error concealment are considered depending on whether
vc is at the HP location or not.
(i) If vc is at the IP location, we have f˜ls = f˜l−s−1vc .
Then after error concealment,
ẽls = fˆls − f˜ls
s−v
= fˆls − f˜l−1 c

s,vc

=

s−v1
s−v2
fˆls − f˜l−1 c
fˆ s − f˜l−1 c
+ l
4
4
ˆf s − f˜s−vc3
ˆf s − f˜s−vc4
l−1
l−1
+ l
+ l
4
4
s,v2
+ êl c


s−v1 2
ẽl−1 c

s,v3
+ êl c

s−v1
ẽl−1 c


s−v2 2
ẽl−1 c

3

+E

2


s−v3 2
ẽl−1 c

3

+E

2


s−v4 2
ẽl−1 c

2
+ PMB

:

êls,0

2

5

+ E ẽls−1

3









2 6;

.
(12)

The cases when vc has only xc or yc at the HP location can be
obtained similarly.
Intermode MB
When an intermode MB is correctly received with the probability 1 − PMB , the motion compensation error êls = fˆls − fˆl−s−1v
and the MV v are received correctly and are reconstructed
from the previous reconstructed frame at the decoder. We
again consider two cases depending on whether v = (x, y) is
at the IP or HP location.
(1) If v is at the IP location, then f˜s = ês + f˜s−v and
l

l−1

s−v 

ẽls = fˆls − f˜ls = fˆls − êls + f˜l−1

(9)

s−v
s−v
˜s−v
− êls + fˆl−
= fˆls − fˆl−
1 − fl−1
%
&'1
(

(13)

0
s,v

s−v2
+ ẽl−1 c

s−v3
+ ẽl−1 c

s−v4
+ ẽl−1 c

= ẽl−1 .

.

(2) If v = (x, y) is at the HP location in both x and y
dimensions, the prediction is interpolated from four
pixels with MVs: v1 = ( x,  y ), v2 = ( x ,  y ),
v3 = ( x, y ), and v4 = ( x , y ). Then f˜ls =
1
2
3
4
êls + ( f˜l−s−1v + f˜l−s−1v + f˜l−s−1v + f˜l−s−1v )/4. We have
ẽls = fˆls − f˜ls
f˜s−v + f˜l−s−1v + f˜l−s−1v + f˜l−s−1v
= fˆls − êls + l−1
1

s
= fˆls − f˜l−
1

(10)

s
ˆs
˜s
= fˆls − fˆl−
1 + fl−1 − fl−1
s,0

= êl + ẽls−1 .

Combining all of the cases together, we have the following
results.
(1) If vc is at the IP location, then

+ E ẽls−1

.

2

3

4
ˆf s−v1 + fˆ s−v2 + fˆ s−v3 + fˆ s−v4
l−1
l−1
l−1
l−1
=
+ êls
4
1
2
3
4
f˜s−v + f˜l−s−1v + f˜l−s−1v + f˜l−s−1v
− êls + l−1
4
1

:
5
6;


s,v 2
s−v 2
= 1 − PMB PMB êl c + E ẽl−1 c
(11)
: 2
5
2 6;

êls,0

+E

2

16

s,v4
+ êl c

4

2
+ PMB

3

l

ẽls = fˆls − f˜ls

ẽl

2

2



2
, both the current MB and the
(3) With the probability PMB
MB above are lost. The MB in the previous video frame
at the same location is repeated, that is, vc = 0 = (0, 0):

: 2 ;
s


= 1 − PMB PMB



 s,vc1
s,v2
s,v3
s,v4

êl + êl c + êl c + êl c
×

4




4
+

EIntra

ẽl



E

ẽls = fˆls − f˜ls

s,v1
êl c

: 2 ;
s

+

+ ẽls−−1vc .

The clipping eﬀect is ignored in the computation.
(ii) If vc is at the HP location, without loss of generality, assume that vc = (xc , yc ) is at HP location that is interpolated from four neighbouring IP locations with MVs: vc1 = ( xc ,  yc ),
vc2 = ( xc ,  yc ), vc3 = ( xc , yc ), and vc4 =
( xc , yc ), where  xc  and xc denote the
largest integer that is smaller than xc and the
smallest integer larger than xc , respectively. We
s−v1
s−v2
s−v3
s−v4
have f˜ls = ( f˜l−1 c + f˜l−1 c + f˜l−1 c + f˜l−1 c )/4 and

=

EIntra

(8)

s−v
s−v
s−v
= fˆls − fˆl−1 c + fˆl−1 c − f˜l−1 c

= êl

(2) If vc is at the HP location in both x and y dimensions,
then

=

2

3

4

(14)

4

s,v
s,v
s,v
ẽls,v
−1 + ẽl−1 + ẽl−1 + ẽl−1
.
4

The results of the other MB loss cases are the same as that of
the intra-MB. We have the following two results.
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Figure 3: Comparison between HP- and IP-based distortion estimation in the HP video coding case (a) Foreman: r = 300 kbps, f = 30 f/s,
and PMB = 0.1. (b) Salesman: r = 300 kbps, f = 30 f/s, and PMB = 0.1.

(1) If both v and vc are at the IP location, then
EInter

: 2 ;
s

ẽl

 5
2 6

= 1 − PMB E ẽls−−1v
:
5


2
2 6;
+ 1 − PMB PMB êls,vc + E ẽls−−1vc
: 2
5
2 6;
2
+ PMB

êls,0

+ E ẽls−1

.
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(2) If v and vc are at the HP location in both x and y dimensions, then
EInter

: 2 ;
s

ẽl


= 1 − PMB
 5
6
5
6
5
6
5
6
1 2
2 2
2 3
4 2


E ẽls−−1v

+ E ẽls−−1v
+ E ẽls−−1v
+ E ẽls−−1v
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16




+ 1 − PMB PMB
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l
×
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+

2
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16
:

êls,0

2

5

+ E ẽls−1

2 6;




.
(16)

The encoder can use the above procedures to recursively estimate the expected distortion dls in (7), based on the accumu-

lated coding and error propagation eﬀects from the previous
video frames and current MB coding modes and quantizers.
To implement the HP-based estimation, the encoder needs
to store an image for E{(ẽls )2 }; for the locations in which either x or y is at HP, the value is obtained by scaling the sum
of the neighboring two values by 1/4, and for locations in
which both x and y are at HP precision, it is obtained by
scaling the sum of the neighboring four values by 1/16. It
should be noted that the scaling by 1/4 or 1/16 can be done
by simple bitshift. Both IP- and HP-based estimations need
the same memory size to store either two IP images, E{ fl }
and E{ fl2 }, or one HP image, E{(ẽls )2 }, but E{(ẽls )2 } requires
smaller bitwidth/pel since it is an error signal instead of a
pixel value. The HP-based computational complexity is less
than the IP-based method since it only needs to compute
E{(ẽls )2 } instead of computing both E{ fl } and E{ fl2 } in the
IP-based estimate.
We now compare the accuracy of the proposed HP-based
estimation to the original IP-based method (ROPE) in [13].
In the simulation, each GOB is carried by one packet. So
the packet loss rate is equivalent to the MB error probability
PMB . A memoryless packet loss generator is used to drop the
packet at a specified loss probability. QCIF sequences Foreman and Salesman are encoded by the Telenor H.263 encoder with the intra-MB fresh rate set to 4, that is, each MB
is forced to be intramode coded if it has not been intracoded
for consecutive four frames. The HP- and IP-based estimates
are compared to the actual decoder distortion averaged over
50 diﬀerent channel realizations.
In Figure 3a, the sequence Foreman of 150 frames is
encoded with HP motion compensation at a bit rate of
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[qi, j,l , mi, j,l ] ∈ C the encoding vector for bi, j,l , where C =
Q × M is the set of all admissible encoding vectors. For
each source/channel pair (rs , rc ), we have the corresponding
PMB (n, k) from (5). The encoder needs to determine the coding mode and quantizer for each MB in total L frames to minimize the end-to-end MSE DE (rs , PMB ) of the video sequence,
which is defined as

32

Average PSNR (dB)

31
30
29
28



L





DE rs , PMB =

27



Dl Rl , PMB ,

(17)

l=1

26
25
0.05

0.15

0.1

0.2

MB loss rate
Actual
HP
IP

where Rl is the number of bits used to encode frame l, its
= rs /F + ∆l which is the
maximal value is denoted as Rmax
l
maximal number of bits available to encode frame l provided
by a frame level rate control algorithm with average rs /F and
buﬀer related variable ∆l . Moreover Dl (Rl , PMB ) is the estimated end-to-end MSE of frame l, l = 1, 2, . . . , L, which can
be obtained as


Figure 4: Average PSNR versus MB loss rate for HP- and IP-based
distortion estimation; Foreman: r = 300 kb/s and f = 30 f/s.

300 Kbps, frame rate of 30 f/s, and MB loss rate of 10%. In
Figure 3b, the sequence Salesman is encoded in the same way.
It can be noted that the HP-based estimation is more accurate to estimate the actual distortion at the decoder compared
to the IP-based estimation. Figure 4 also shows the average
PSNR of the 150 coded frames with respect to MB loss rates
from 5% to 20%. When MB loss rate is as small as 5%, the
HP-based estimation is almost the same as the actual distortion, while the IP-based method has about 3 dB diﬀerence.
The results is as expected since there is about 2–4 dB PSNR
diﬀerence between HP- and IP-based video coding eﬃciency
given the same bit rate. As the MB loss rate increases as large
as 20%, the HP-based estimation is about 1 dB better than
the actual distortion, while the IP-based estimation is about
2 dB worse. So the HP-based method is still 1 dB more accurate than the IP-based method. The reason is that the error propagation eﬀects play a more significant role when MB
loss rate gets larger, so the coding gain of the HP-based motion compensation is reduced. Also, the assumption in HPbased method that the transmission and propagation errors
are not correlated and zero mean may become loose. For
practical scenarios, it is demonstrated that the HP-based estimation outperforms the original IP-based method by about
1–3 dB.
3.2. Rate-distortion-optimized video coding
The quantizer step size and code mode for each MB in a
frame is optimized by an RD framework. Denote by bi, j,l
the MB at location (i, j) in frame l, where i ∈ {1, 2, . . . , H }
and j ∈ {1, 2, . . . , V }. Let qi, j,l ∈ Q, Q = {1, 2, . . . , 32}, be
the quantizer parameter for bi, j,l , and let mi, j,l ∈ M be the
encoding mode for bi, j,l , where M = {intra, inter, skip} is
the set of all admissible encoding modes. Denote by ci, j,l =

H



V

Dl Rl , PMB =





D ci, j,l , PMB ,

(18)

i=1 j =1

where D(ci, j,l , PMB ) is the end-to-end MSE of MB bi, j,l using
encoding vector ci, j,l and D(ci, j,l , PMB ) can be computed from
dls as




dls .

D ci, j,l , PMB =

(19)

s∈bi, j,l

Since there is dependency between neighboring interframes
because of the motion compensation, the optimal solution
of (17) has to be searched over C H ×V ×L , which is computationally prohibitive. We use greedy optimization algorithm,
which is also implicitly used in most JSCC video coding
methods such as [10, 11, 13], to find the coding modes and
quantizers for MBs in frame l that minimize Dl (Rl , PMB ),
then find coding modes and quantizers for MBs in frame
l +1 that minimize Dl+1 (Rl+1 , PMB ) based on the previous optimized frame l, and so on. The optimal pair (rs∗ , rc∗ ) and the
corresponding optimal video coding scheme can be found
such that








rs∗ , rc∗ = argmin DE∗ rs , PMB .

(20)

(rs ,rc )

The goal now is to optimally select the quantizers and encoding modes on the MB level for a specific MB error rate PMB
and frame rate Rmax
to trade oﬀ the source coding eﬃciency
l
and robustness to error. The notation of PMB and (rs , rc ) is
dropped from now on unless needed.
The optimal coding problem for frame l can be stated as
H

min
Dl =
H ×V

C

subject to

V



D cl,i, j
i=1 j =1



(21)
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H

V

Rl =
i=1 j =1





R cl,i, j ≤ Rmax
.
l

(22)

(23)

where λ ≥ 0. For video coding over error-prone channels, GOB coding structure is used for H.263 video coding
over noisy channels with each GOB encoded independently.
Therefore, if the transmission errors occur in one GOB, the
errors will not propagate into other GOBs in the same video
frame.
For video coding over noiseless channels, the independent GOB structure leads to the fact that the optimization
of (23) can be performed for each GOB separately. However, when considering RD-optimized video coding for noisy
channels, the MB distortion Di, j (ci, j , PMB ) depends not only
on the mode and quantizer of the current MB but also on the
mode of the MB above to take into account error concealment distortion. Therefore, there is a dependency between
neighboring GOBs for this optimization problem. We use
greedy optimization algorithm again to find the solution by
searching the optimal modes and quantizers from the first
GOB to the last GOB in each frame.
4.

ity of state B:
PB =

Such RD-optimized video coding schemes have been
studied for noiseless and noisy channels recently [19, 20, 21,
22, 23, 24]. Using Lagrangian multiplier, we can solve the
problem by minimizing
Jl (λ) = Dl + λRl ,
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SIMULATION RESULTS

We first use a simple two-state Markov chain model for simulation to show the performance of the integrated source
and channel rate allocation and robust video coding scheme,
where the given channel stochastic knowledge is accurate.
Then simulations over Rayleigh fading channel is performed
to verify the eﬀectiveness of the proposed scheme for practical wireless channels.

(24)

and the average bursty length:
1
LB = ,
q

(25)

which is the average number of consecutive symbol errors to
model the two-state Markov model [11, 16].
The simulations are performed through the following
steps.
(i) For each channel coding rate rc (or RS(n, k)) in each
column of Table 1, the RS code decoding failure rate
pw (n, k) is computed using (3) for a given two-state
Markov channel model. The results for diﬀerent rc and
channel models are shown in Table 2.
(ii) The corresponding video MB error rate PMB (rc ) is obtained using (5), where α = 1.5.
(iii) For each source rate rs = r × rc and the corresponding PMB (rc ), the RD-optimized H.263 video coding
is employed while estimating the end-to-end MSE
DE∗ (rs , rc ).
(iv) The H.263 bitstream is packetized and protected using RS(n, k), and then transmitted over the two-state
Markov channel model.
(v) The receiver receives the bitstream, reconstructs the
video sequence after the FEC decoding, and performs
the H.263 decoding and possible error concealment if
errors occur. The distortion for each simulation run
between the original video sequence and the reconstructed video sequence at the receiver is also computed.
The average estimated PSNR, PSNRE , of video signals is
used to measure the performance:


L



PSNRE rs , rc =

4.1. Two-state Markov chain channel
Simulations have been performed using base mode H.263
to verify the accuracy of the proposed integrated scheme.
In the simulations, the total channel signaling rate r equals
144 kbps, which is a typical rate provided in the 3G wireless
systems. Video frame rate is F = 10 f/s. The video sequence
used for simulation is Foreman in QCIF format. RS code over
GF(28 ) is used for FEC. The channel coding rate used are
{0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8}. The source and channel coding rates rs , rc and the corresponding RS code (n, k) are listed
in Table 1. A two-state Markov channel model [16] is used,
where the state transition is at the RS symbol level. The two
states of the model are denoted by G (good) and B (bad). In
state G, the symbols are received correctly (eg = 0) whereas
in state B, the symbols are erroneous (eb = 1). The model is
fully described by the transition probabilities p from state G
to state B, and q from state B to state G. We use the probabil-

p
,
p+q



1
PSNRlE rs , rc ,
L l=1

(26)

where




PSNRlE rs , rc = 10 log10

2552


DE rs , rc
∗

(27)

is the estimated average PSNR between the original frame l
and the corresponding reconstruction at the decoder using
the pair (rs , rc ), and DE∗ (rs , rc ) is the minimal estimated endto-end MSE from (17) through RD-optimized video coding.
The average PSNR of N runs of simulation is defined as




PSNRS rs , rc =

1
N

N

L



1
PSNR(n,l)
rs , rc ,
S
L l=1
n=1

(28)

where PSNRS(n,l) (rs , rc ) is the PSNR between the original
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Table 1: The source and channel rates used in simulation.

r (kbps)
RS(n, k)
rc = k/n
rs = r × rc (kbps)

144
(200, 40)
0.2
28.8

144
(200, 60)
0.3
43.2

144
(200, 80)
0.4
57.6

144
(200, 100)
0.5
72.0

33

144
(200, 120)
0.6
86.4

144
(200, 140)
0.7
100.8

144
(200, 160)
0.8
115.2

31.5

32.5
Average PSNR (dB)

Average PSNR (dB)

31
32
31.5
31
30.5

30.5

30

29.5
30
29.5
0.2

0.3

0.4

0.5
0.6
0.7
Channel code rate

0.8

0.9

29
0.2

1

0.3

0.4

0.5
0.6
0.7
Channel code rate

0.8

0.9

1

Estimation
Simulation

Estimation
Simulation
(a)

(b)

Figure 5: Average PSNR obtained by estimation versus simulation using two-state Markov model. (a) Symbol error rate = 0.01, where
PB = 0.01 and LB = 16. (b) Symbol error rate = 0.05, where PB = 0.05 and LB = 16.

frame l and the corresponding reconstruction at the decoder in the nth simulation using the source/channel rate
pair (rs , rc ).
Figure 5a shows the average estimated PSNRE of the optimal rate allocation and robust video coding for diﬀerent
channel code rates when the symbol error rate is PB = 0.01
and the bursty length LB = 16 symbols, and the corresponding average simulated PSNRS is of 50 times video transmission. Figure 5b also shows the same comparison when the
symbol error rate is PB = 0.05. It can be noted that the estimated PSNRE , which is obtained at the encoder during RDoptimized video encoding, matches the simulated PSNRS
very well. The optimal source and channel rate pair can also
be found through Figures 5a and 5b for diﬀerent channel
characteristics. The corresponding channel decoding failure
rate of the optimal channel coding rates in Figures 5a and 5b
are 0.018 and 0.034, respectively.
We also compare the performance when the knowledge
of channel model used at video encoder does not match the
real channel used in simulations. Figure 6 shows two cases of
channel mismatch. In Figure 6a, the video stream, which is
encoded based on PB = 0.01 and LB = 16 two-state Markov
channel, is simulated using two-state Markov channel with
PB = 0.01 and LB = 8. The simulated average PSNR is bet-

ter than the average PSNR estimated at the encoder during
encoding because the channel model used in estimation is
worse than the model used in simulation. On the other hand,
when the video stream, which is encoded based on PB = 0.01
and LB = 8 two-state Markov channel, is simulated using
two-state Markov channel with PB = 0.01 and LB = 16,
the simulated average PSNR is much worse than the average PSNR estimated at the encoder as shown in Figure 6b.
Furthermore, the optimal source and channel coder pair obtained at the encoder is not optimal when the channel condition used in simulation is worse than the channel information used at the encoder. This simulation result suggests
that the optimal rate allocation and video coding should be
focused on the worse channel conditions for broadcasting
services.
4.2.

Rayleigh fading channel

The simulation over the Rayleigh fading channel is also performed to verify the eﬀectiveness of the proposed scheme
over realistic wireless channels. In the simulation, QPSK with
coherent demodulation is used for the sake of simplicity. The
channel is a frequency-nonselective Rayleigh fading channel.
An FSMC with K = 6 states is used to model the Rayleigh
fading channel. The SNR thresholds for the K states are
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Table 2: The Reed-Solomon code decoding failure rate.
Rate

PB = 0.01, LB = 16

PB = 0.05, LB = 16

PB = 0.01, LB = 8

PB = 0.05, LB = 8

0.1

0.00028

0.00266

0.00000

0.00006

0.2
0.3

0.00058
0.00117

0.00521
0.00998

0.00001
0.00003

0.00023
0.00079

0.4
0.5
0.6

0.00233
0.00462
0.00909

0.01871
0.03435
0.06170

0.00011
0.00042
0.00155

0.00259
0.00803
0.02342

0.7
0.8

0.01776
0.03445

0.10840
0.18603

0.00559
0.01976

0.06384
0.16098

0.9

0.06635

0.31135

0.06829

0.36890

34

34
33.5

33.5
Average PSNR (dB)

Average PSNR (dB)

33
32.5
32
31.5

33
32.5
32

31
31.5

30.5
30
0.2

0.3

0.4

0.5
0.6
0.7
Channel code rate

0.8

0.9

1

31
0.2

0.3

0.4

0.5
0.6
0.7
Channel code rate

0.8

0.9

1

Match (8 → 8)
Mismatch (8 → 16)

Match (16 → 16)
Mismatch (16 → 8)
(a)

(b)

Figure 6: Average PSNR obtained in channel mismatch cases. (a) Error burst is shorter than that used in estimation. (b) Error burst is longer
than that used in estimation.

selected in such a way that the probability that the channel
gain is at state sk , k = 0, 1, . . . , K − 1, is
2
,
K(K + 1)
k = 1, 2, . . . , K − 1.

p0 =
pk = k p0 ,

(29)

The FSMC state transition is described at the RS codeword
symbol level (8-bit RS symbol) with the assumption that
the four QPSK modulation symbols within an RS codeword
symbol stay in the same FSMC state. Given the average SNR ρ
and the Doppler frequency fd , we can obtain the parameters
such as steady state probability pk , RS symbol error probability ek , and state transition rates [17]. Then following the procedures described in Section 2.1, we are able to analyze the
RS code performance over Rayleigh fading channels. Table 3

shows the estimated RS code decoding failure probability using FSMC model and the simulation values when the SNR
is 18 dB and the Doppler frequency is 10 Hz and 100 Hz, respectively. The RS codeword error rate obtained by the FSMC
matches the simulation results very well when fd is 10 Hz.
When fd is 100 Hz, the FSMC-based estimate is not as accurate as the results when fd is 10 Hz, but is still within acceptable range compared to the simulated values.
Figure 7a shows the average estimated PSNRE and simulated PSNRS of the video coding after optimal rate allocation
and robust video coding for diﬀerent channel code rates
when the SNR is 18 dB and fd is 10 Hz. Figure 7b also shows
the comparison when the f d is 100 Hz. Even though it can
be noted that there are about 1 dB diﬀerence between the estimated PSNRE and the simulated PSNRS , the near-optimal
source and channel rate allocation (or the channel code rate
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30
29
28
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30
29
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27

26
25
0.2

26
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0.5
0.6
0.7
Channel code rate

0.8

0.9

25
0.2

1

0.3

0.4

0.5
0.6
0.7
Channel code rate

0.8

0.9

1

Estimation
Simulation

Estimation
Simulation
(a)

(b)

Figure 7: Average end-to-end PSNR obtained by estimation versus simulation for Rayleigh fading channels: (a) SNR = 18 dB, fd = 10 Hz,
and (b) SNR = 18 dB, fd = 100 Hz.
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0.9

1

26
0.2

0.3

0.4
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0.7
Channel code rate
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1

100 Hz → 100 Hz
100 Hz → 10 Hz

10 Hz → 10 Hz
10 Hz → 100 Hz
(a)

(b)

Figure 8: Average end-to-end PSNR over Rayleigh fading Channels: (a) SNR = 18 dB, fd used for estimation at the encoder is 10 Hz, and
(b) SNR = 18 dB, fd used for estimation at the encoder is 100 Hz.

rc ) obtained from the estimation (0.8 and 0.5 as shown in
Figure 7) still has the maximal simulated end-to-end PSNR
over Rayleigh fading channels. The simulation results verify
the eﬀectiveness of the proposed scheme to obtain the optimal source and channel coding pair when given a fixed total
bit rate for wireless fading channels.

Experiments are also performed when the knowledge of
channel Doppler frequency used at the video encoder does
not match the actual Doppler frequency used in simulations.
Figure 8 shows two cases of channel mismatch. In Figure 8a,
the video bitstream which is encoded based on fd = 10 Hz
is simulated over fading channels with Doppler frequency
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Table 3: Analysis and simulation values of the RS code decoding
failure probability for the Rayleigh fading channel with SNR equals
18 dB and the Doppler frequency fd equals 10 and 100 Hz.
fd = 10 Hz
fd = 100 Hz
Code rate FSMC model Simulation FSMC model Simulation
0.2
0.0430
0.0391
0.0098
0.0044
0.0482
0.0464
0.0170
0.0072
0.3
0.0536
0.0555
0.0282
0.0119
0.4
0.0593
0.0650
0.0450
0.0181
0.5
0.0653
0.0772
0.0692
0.0280
0.6
0.0717
0.0915
0.1032
0.0526
0.7
0.0815
0.1085
0.1499
0.1110
0.8
0.1240
0.1333
0.2131
0.2856
0.9

of 10 Hz and 100 Hz, separately. In Figure 8b, the video bitstream which is encoded based on fd = 100 Hz is simulated
over fading channels with Doppler frequency of 100 Hz and
10 Hz, separately. In both scenarios, the video quality would
be better if the actual condition in terms of MB loss rate is
smaller than the knowledge used at the encoder, and would
be worse otherwise. Furthermore, the optimal source and
channel coder pair obtained at the encoder is not optimal
when the channel condition used in simulation is worse than
the channel information used at the encoder. This simulation result again suggests that the optimal rate allocation and
video coding should be focused on the worse channel conditions for broadcasting services.
5.

CONCLUSION

We have proposed an integrated framework to find the nearoptimal source and channel rate allocation and the corresponding robust video coding scheme for video coding
and transmission over wireless channels when there is no
feedback channel available. Assuming that the encoder has
the stochastic channel information when the wireless fading
channel is modeled as an FSMC model, the proposed scheme
takes into account the robust video coding, packetization,
channel coding, error concealment, and error propagation
eﬀects altogether. This scheme can select the best source and
channel coding pair to encode and transmit the video signals. Simulation results demonstrated the optimality of the
rate allocation scheme and accuracy of end-to-end MSE estimation obtained at the encoder during the process of robust
video encoding.
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Parallel video servers provide highly scalable video-on-demand service for a huge number of clients. The conventional streamscheduling scheme does not use I/O and network bandwidth eﬃciently. Some other schemes, such as batching and stream merging,
can eﬀectively improve server I/O and network bandwidth eﬃciency. However, the batching scheme results in long startup latency
and high reneging probability. The traditional stream-merging scheme does not work well at high client-request rates due to
mass retransmission of the same video data. In this paper, a novel stream-scheduling scheme, called Medusa, is developed for
minimizing server bandwidth requirements over a wide range of client-request rates. Furthermore, the startup latency raised by
Medusa scheme is far less than that of the batching scheme.
Keywords and phrases: video-on-demand, stream batching, stream merging, multicast, unicast.

1.

INTRODUCTION

In recent years, many cities around the world already have,
or are deploying, the fibre to the building (FTTB) network on
which users access the optical fibre metropolitan area network
(MAN) via the fast LAN in the building. This kind of largescale network improves the end bandwidth up to 100 Mb
per second and has enabled the increasing use of larger-scale
video-on-demand (VOD) systems. Due to the high scalability, the parallel video servers are often used as the service
providers in those VOD systems.
Figure 1 shows a diagram of the large-scale VOD system.
On the client side, users request video objects via their PCs
or dedicated set-top boxes connected with the fast LAN in
the building. Considering that the 100 Mb/s Ethernet LAN
is widely used as the in-building network due to its excellent cost/eﬀective rate, we only focus on the clients with such
bandwidth capacity and consider the VOD systems with homogenous client network architecture in this paper.
On the server side, the parallel video servers [1, 2, 3] have
two logical layers. Layer 1 is an RTSP server, which is re-

sponsible for exchanging the RTSP message with clients and
scheduling diﬀerent RTP servers to transport video data to
clients. Layer 2 consists of several RTP servers that are responsible for concurrently transmitting video data according
to the RTP/RTCP. In addition, video objects are often striped
into lots of small segments that are uniformly distributed
among RTP server nodes so that the high scalability of the
parallel video servers can be guaranteed [2, 3].
Obviously, the key bottleneck of those large-scale VOD
systems is the bandwidth of parallel video servers, either the
disk I/O bandwidth of parallel video servers, or the network bandwidth connecting the parallel video servers to the
MAN. For using the server bandwidth eﬃciently, a streamscheduling scheme plays an important role because it determines how much video data should be retrieved from
disks and transported to clients. The conventional scheduling
scheme sequentially schedules RTP server nodes to transfer
segments of a video object via unicast propagation method.
Previous works [4, 5, 6, 7, 8] have shown that most clients
often request several hot videos in a short time interval. This
makes the conventional scheduling scheme send lots of same
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Figure 1: A larger-scale VOD system supported by parallel video servers.

video-data streams during a short time interval. It wastes the
server bandwidth and better solutions are necessary.
The multicast or broadcast propagation method presents
an attractive solution for the server bandwidth problem because a single multicast or broadcast stream can serve lots of
clients that request the same video object during a short time
interval. In this paper, we focus on the above VOD system,
and then, based on the multicast method, develop a novel
stream-scheduling scheme for the parallel video servers,
called Medusa, which minimizes the server bandwidth consumption over a wide range of client-request rates.
The following sections are organized as follows. In
Section 2, we describe the related works on the above bandwidth eﬃciency issue and analyze the existing problem of
these schemes. Section 3 describes the scheduling rules for
the Medusa scheme and Section 4 discusses how to determine the time interval T used in the Medusa scheme.
Section 5 presents information of the performance evaluation. Section 6 proposes some discussions for the Medusa
scheme. Finally, Section 7 ends with conclusions and future
works.
2.

RELATED WORKS

In order to use the server bandwidth eﬃciently, two kinds
of schemes based on the multicast or broadcast propagation
method have been proposed: the batching scheme and the
stream-merging scheme.
The basic idea of the batching scheme is using a single
multicast stream of data to serve clients requesting the same
video object in the same time interval. Two kinds of batching schemes were proposed: first come first serve (FCFS) and
maximum queue length (MQL) [4, 6, 9, 10, 11, 12]. In FCFS,
whenever a server schedules a multicast stream, the client
with the earliest request arrival is served. In MQL, the incoming requests are put into separate queues based on the
requested video object. Whenever a server schedules a mul-

ticast stream, the longest queue is served first. In any case,
a time threshold must be set first in the batching scheme.
Video servers just schedule the multicast stream at the end of
each time threshold. In order to obtain eﬃcient bandwidth,
the value of this time threshold must be at least 7 minutes
[7]. The expected startup latency is approximately 3.5 minutes. The long delay increases the client reneging rate and
decreases the popularization of VOD systems.
The stream-merging scheme presents an eﬃcient way to
solve the long startup latency problem. There are two kinds
of scheduled streams: the complete multicast stream and the
patching unicast stream. When the first client request has arrived, the server immediately schedules a complete multicast
stream with a normal propagation rate to transmit all of the
requested video segments. A later request to the same video
object must join the earlier multicast group to receive the remainder of the video, and simultaneously, the video server
schedules a new patching unicast stream to transmit the lost
video data to each of them. The patching video data is propagated at double video play rate so that two kinds of streams
can be merged into an integrated stream.
According to the diﬀerence in scheduling the complete
multicast stream, stream-merging schemes can be divided
into two classes: client-initiated with prefetching (CIWP) and
server-initiated with prefetching (SIWP).
For CIWP [5, 13, 14, 15, 16, 17], the complete multicast
stream is scheduled when a client request arrives. The latest
complete multicast stream for the same video object cannot
be received by that client.
For SIWP [8, 18, 19], a video object is divided into segments, each of which is multicast periodically via a dedicated
multicast group. The client prefetches data from one or several multicast groups for playback.
Stream-merging schemes can eﬀectively decrease the
required server bandwidth. However, with the increase
of client-request rates, the amount of the same retransmitted video data is expanded dramatically and the server
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Table 1: Notations and Definitions.

Notations

Definitions

T
M

The length of time interval and also the length of a video segment (in min)
The amount of video objects stored on the parallel video server

N

The amount of RTP server nodes in the parallel video servers
The ith time interval; the interval in which the first client request arrives is denoted by t0 ;
the following time intervals are denoted by t1 , . . . ,ti , . . . , respectively, (i = 0, . . . , +∞)

ti
L
S(i, j)

The length of the requested video object (in min)
The ith segment of the requested object; j represents the serial number of the RTP server node
on which this segment is stored

Ri

The client requests arriving in the ith time interval (i = 0, . . . , +∞)

PSi
CSi

The patching multicast stream initialized at the end of the ith time interval (i = 0, . . . , +∞)
The complete multicast stream initialized at the end of the ith time interval (i = 0, . . . , +∞)

τ(m, n)
Gi
bc

The start transporting time for the mth segment transmitted on the stream PSn or CSn
The client-requests group in which all clients are listening to the complete multicast stream CSi
The client bandwidth capacity, in unit of stream (assuming the homogenous client network)

PBmax
λi

The maximum number of patching multicast streams that can be concurrently received by a client
The client-request arrival rate for the ith video object

bandwidth eﬃciency is seriously damaged. Furthermore, a
mass of double-rated patching streams may increase the network traﬃc burst.
3.

MEDUSA SCHEME

Because video data cannot be shared among clients requesting for diﬀerent video objects, the parallel video server handles those clients independently. Hence, we only consider
clients requesting for the same hot video object in this section (more general cases will be studied in Section 5).
3.1. The basic idea of the Medusa scheme
Consider that the requested video object is divided into lots
of small segments with a constant playback time length T.
Based on the value of T, the time line is slotted into fixed-size
time intervals and the length of each time interval is T. Usually, the value of T is very small. Therefore, it would not result in long startup latency. The client requests arriving in the
same time interval are batched together and served as one request via the multicast propagation method. For convenient
description, we regard client requests arriving in the same
time interval as one client request in the following sections.
Similar to stream-merging schemes, two kinds of multicast streams, the complete multicast streams and the patching multicast streams, can be used to reduce the amount of
retransmitted video data. A complete multicast stream responses to transporting all segments of the requested video
object while a patching multicast stream just transmits partial segments of that video object. The first arrival request
is served immediately by a complete multicast stream. Later
starters must join the complete multicast group to receive the
remainder of the requested video object. At the same time,
they must join as more earlier patching multicast groups as

possible to receive valid video data. For those really missed
video data, the parallel video servers schedule a new patching multicast stream for transporting them to clients.
Note that the IP multicast, the broadcast, and the
application-level multicast are often used in VOD systems.
In those multicast technologies, a user is allowed to join lots
of multicast groups simultaneously. In addition, because all
routers in the network would exchange their information
periodically, each multicast packet can be accurately transmitted to all clients of the corresponding multicast group.
Hence, it is reasonable for a user to join into several interesting multicast streams to receive video data.
Furthermore, in order to eliminate the additional network traﬃc arisen by the scheduling scheme, each stream is
propagated at the video play rate. Clients use disks to store
later played segments so that the received streams can be
merged into an integrated stream.
3.2.

Scheduling rules of the Medusa scheme

The objective of the Medusa scheme is to determine the frequency for scheduling the complete multicast streams so that
the transmitting video data can be maximally shared among
clients, and determine which segment will be transmitted on
a patching multicast stream so that the amount of transmitted video data can be minimized. Notations used in this paper are showed in Table 1. Scheduling rules for the Medusa
scheme are described as follows.
(1) The parallel video server dynamically schedules complete multicast streams. When the first request R0 arrives, it schedules CS0 at the end of time slot t0 and notifies the corresponding clients of R0 to receive and play
back all segments transmitted on CS0 . Suppose the last
complete multicast stream is CS j (0 ≤ j < +∞). For
an arbitrary client request Ri that arrives in the time
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Figure 2: A scheduling example scene for the Medusa scheme.

ti , if t j < ti ≤ t j + L/T − 1, no complete multicast
stream need to be scheduled and just a patching multicast stream is scheduled according to rules (2) and
(3). Otherwise, a new complete multicast stream CSi is
initialized at the end of the time interval ti .
(2) During the transmission of a complete multicast
stream CSi (0 ≤ i < +∞), if a request R j (i < j ≤
i + L/T − 1) arrives, the server puts it into the logical requests group Gi . For each logical request group,
a parallel video server maintains a stream information list. Each element of the stream information list
records the necessary information of a patching multicast stream, described as a triple E(t, I, A), where t
is the scheduled time, I is the multicast group address
of the corresponding patching multicast stream, and A
is an array to record the serial number of video segments that will be transmitted on the patching multicast stream.
(3) For a client R j whose request has been grouped into
the logical group Gi (0 ≤ i < +∞, i < j ≤ i +
L/T − 1), the server notifies it to receive and buﬀer
the later L/T − ( j − i) video segments from the
complete multicast stream CSi . Because the begining
j − i segments have been transmitted on the complete multicast stream CSi , the client R j loses them
from CSi . Thus, for each begining j − i segments, the
server searches the stream information list of Gi to find
out which segment will be transmitted on an existing
patching multicast stream and can be received by the
client. If the lth segment (0 ≤ l < j − i) will be transmitted on an existing patching multicast stream PSn
(i < n < j) and the transmission start time is later than

the service start time t j , the server notifies the corresponding client R j to join the multicast group of PSn
to receive this segment. Otherwise, the server transmits this segment in a new initialized patching multicast stream PS j and notifies the client to join the multicast group of PS j to receive it. At last, the server creates the stream information element E j (t, I, A) of PS j ,
and inserts it to the corresponding stream information
list.
(4) Each multicast stream propagates the video data at the
video playback rate. Thus, a video segment is completely transmitted during a time interval. For the mth
segment that should be transmitted on the nth multicast stream, the start-transmission time is fixed and
the value of this time can be calculated by the following equation:
τ(m, n) = tn + m∗ T,

(1)

where tn is the initial time of the nth multicast stream.
Figure 2 shows a scheduling example for the Medusa
scheme. The requested video is divided into eight segments.
Those segments are uniformly distributed on eight nodes in
a round-robin fashion. The time unit on the t-axis corresponds to a time interval, as well as the total time it takes
to deliver a video segment. The solid lines in the figure represent video segments transmitted on streams. The dotted lines
show the amount of skipped video segments by the Medusa
scheme.
In this figure, when the request Ri arrives at the time
slot ti , the server schedules a complete multicast stream CSi .
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Figure 3: The scheduling course of parallel video server for requests of Gi and the corresponding receiving course for clients of Ri , Ri+1 , Ri+2 ,
Ri+3 , and Ri+4 .

Because the complete multicast stream is transmitted completely at time ti+10 , the video server schedules a new complete multicast stream CSi+10 to serve clients corresponding to the request Ri+10 . According to rule (2), requests
Ri+1 · · · Ri+7 must be grouped into the logical request group
Gi , and requests Ri+14 , Ri+15 must be grouped into logical requests group Gi+10 .
The top half portion of Figure 3 shows the scheduling of
parallel video servers for those requests in the group Gi presented in Figure 2. The bottom half portion of Figure 3 shows
the video data receiving and the stream-merging for clients
Ri , Ri+1 , Ri+2 , Ri+3 , and Ri+4 . We just explain the scheduling
for the request Ri+4 , others can be deduced by rule (3). When
request Ri+4 arrives, the parallel video server firstly notifies
the corresponding clients of Ri+4 to receive the video segments S(4, 4), S(5, 5), S(6, 6), and S(7, 7) from the complete
multicast stream CSi . It searches the stream information list,
and finds out that segment S(2, 2) will be transmitted on
patching multicast stream PSi+3 and the transmission start
time of S(2, 2) is later than ti+4 . Then, it notifies the client Ri+4

to receive the segment S(2, 2) from patching multicast stream
PSi+3 . At last, the parallel video server schedules a new patching multicast stream PSi+4 to transmit the missing segments
S(0, 0), S(1, 1), and S(3, 3). The client Ri+4 is notified to receive and play back those missing segments and the stream
information element of PSi+4 is inserted into the stream information list.
4.

DETERMINISTIC TIME INTERVAL

The value of time interval T is the key issue aﬀecting the performance of the parallel video servers. In the Medusa scheme,
a client may receive several multicast streams concurrently
and the number of concurrently received multicast streams
is related with the value of T. If T is too small, the number
of concurrently received streams may be increased dramatically and exceed the client bandwidth capacity bc . Some valid
video data may be discarded at the client side. Furthermore,
since a small T would increase the number of streams sent by
the parallel video server, the server bandwidth eﬃciency may
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be decreased. If T is too large, the startup latency may be too
long to be endured and the client reneging probability may
be increased.
In this section, we derive the deterministic time interval
T which guarantee the startup latency minimized under the
condition that the number of streams concurrently received
by a client would not exceed the client bandwidth capacity
bc . The server bandwidth consumption aﬀected by the time
interval will be studied in Section 6.
We first derive the relationship between the value of
PBmax (defined in Table 1) and the value of T. For a request
group Gi (0 ≤ i < +∞), CSi is the complete multicast stream
scheduled for serving the requests of Gi . For a request Rk
(i < k ≤ L/T − 1 + i) belonging to Gi , the clients corresponding to the Rk may concurrently receive several patching multicast streams. Assume that PS j (i < j < k) is the first
patching stream from which clients of Rk can receive some
video segments. According to the Medusa scheme, video segments from the ( j − i)th segment to the ( L/T − 1)th segment would not be transmitted on PS j , and the ( j − i − 1)th
segment would not be transmitted on the patching multicast streams initialized before the initial time of PS j . Hence,
the ( j − i − 1)th segment is the last transmitted segment
for PS j . According to (1), the start time for transporting the
( j − i − 1)th segment on PS j can be expressed by
τ( j − i − 1, j) = t j + ( j − i − 1)∗ T.

(2)

Since the clients of Rk receive some video segments from
PS j , the start transporting time of the last segment transmitted on PS j must be later than or equal to the request arrival
time tk . Therefore, we can obtain that
τ( j − i − 1, j) ≥ tk .

(3)

Consider that tk = t j + (k − j) × T. Combining (2) and
(3), we derive that
j≥

k+i+1
.
2

(4)

If the clients of the request Rk receive some segments
from the patching multicast streams PS j , PS j+1 , . . . , PSk−1 ,
the number of concurrently received streams access to its
maximum value. Thus, PBmax = k − j. Combing (4), we can
obtain that PBmax ≤ (k − i − 1)/2. In addition, because the
request Rk belongs the request group Gi , the value of k must
be less than or equal to i + L/T − 1, where L is the total
playback time of the requested video object. Thus, PBmax can
be expressed by
8

PBmax =

8

bc ≥

8

9

L
L <
.
=⇒ T ≥
2T
2bc

(5)

For guaranteeing that the video data would not be discarded at the client end, the client bandwidth capacity
must be larger than or equal to the maximum number
of streams concurrently received by a client. It means that
bc ≥ PBmax +1, where 1 is the number of complete multicast

(6)

Obviously, the smaller the time interval T, the shorter the
startup latency. Thus, the deterministic time interval will be
the minimum value of T, that is,
8

T=
5.

9

L
.
2bc

(7)

PERFORMANCE EVALUATION

We evaluate the performance of the Medusa scheme via
two methods: the mathematical analysis on the required
server bandwidth, and the experiment. Firstly, we analyze
the server bandwidth requirement for one video object in
the Medusa scheme and compare it with the FCFS batching scheme and the stream-merging schemes. Then, the
experiment for evaluating and comparing the performance
of the Medusa scheme, the batching scheme, and the streammerging schemes will be presented in detail.
5.1. Analysis for the required server bandwidth
Assume that requests for the ith video object are generated by
a Poisson process with mean request rate λi . For serving requests that are grouped into the group G j , the patching multicast streams PS j+1 , PS j+2 , . . . , PS j+ L/T −1 may be scheduled
from time t j+1 to time t j+ L/T −1 , where L is the length of the
ith video object and T is the selected time interval. We use
the matrix Mpro to describe the probabilities of diﬀerent segments transmitted on diﬀerent patching multicast streams. It
can be expressed as




Mpro = 



···
···

P11
P21
..
.

P( L/T

P1( L/T
P2( L/T
..
.

..
.

−1)1

· · · P(


−1)
−1)



,



(8)

L/T −1)( L/T −1)

where the nth column represents the nth video segment, the
mth row expresses the patching multicast stream PS j+m , and
Pmn describes the probability for transmitting the nth segment on the patching multicast stream PS j+m (1 ≤ m ≤
L/T − 1, 1 ≤ n ≤ L/T − 1). Hence, the expected
amount (in bits) of video data transmitted for serving requests grouped in G j can be expressed as
Ω=b×T ×

L/T −1 L/T −1

Pmn + b × L,
m=1

9

L
− 1.
2T

streams received by a client. Combing (5), we obtain that

(9)

n=1

where b is the video transporting rate (i.e., the video playback rate) and b × L represents the number of video segments
transmitted on the completely multicast stream CS j .
According to the scheduling rules of the Medusa
scheme, the nth (1 < n ≤ L/T − 1) video segment
should not be transmitted on patching multicast streams
PS j+1 , . . . , PS j+n−1 . Thus,
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Pmn = 0 if n > m.

(10)

On one hand, for the mth patching multicast stream,
the first video segment and the mth video segment must be
transmitted on it. This is because the first video segment
has been transmitted completely on the patching multicast
streams PS j+1 , . . . , PS j+m−1 , and the mth video segment is
not transmitted on such streams. We can obtain that Pm1
and Pmm are equal to the probability for scheduling PS j+m
(i.e., the probability for some requests arriving in the time
slot t j+m ). Since the requests for the ith video object are
generated by Poisson process, the probability for some requests arriving in the time slot t j+m can be calculated by
= 0] = 1 − P[K = 0] = 1 − e−λi T . Considering that
P[K 
probabilities for request arriving in diﬀerent time slots are
independent from each other, we can derive that
P11 = P21 = · · · = P( L/T
= P33 = · · · = P(

= P22

−1)1

L/T −1)( L/T −1)

= 1 − e−λi T .

(11)

On the other hand, if the nth video segment is not transmitted on patching multicast streams from PS j+m−n+1 to
PS j+m−1 , it should be transmitted on the patching multicast
stream PS j+m . Therefore, the probability for transmitting the
nth segment on the mth patching multicast stream can be
expressed as
m
−1


Pmn = Pm1 ×




1 − Pkn



k=m−n+1



(12)

1 < n < m ≤ L/T − 1 ,

where Pm1 represent the probability for scheduling the patch, −1
ing multicast stream PS j+m , and m
k=m−n+1 (1 − Pkn ) indicates the probability for which the nth video segments would
not be transmitted on patching multicast streams from
PS j+m−n+1 to PS j+m−1 . Combining (9), (10), (11), and (12),
we derive that


Ω = b × T × 1 − e−λi T
L/T −1 m

×
m=1



m
−1


=

Ω
L × λi





1 − Pkn + b × L,

if k = n,



1−P


n



L/T −1 m ,m−1
m=1
n=1
k=m−n+1 1 − Pkn

L × λi
+

b
,
λi
(15)

where Pkn can be calculated by (14).
Consider the general case from time 0 to t. We derive
the required average server bandwidth by modeling the system as a renewal process. We are interested in the process
{B(t) : t > 0}, where B(t) is the total server bandwidth
used from time 0 to t. In particular, we are interested in
the average server bandwidth Baverage = limt→∞ S(t)/t. Let
{t j | (0 ≤ j < ∞), (t0 = 0)} denote the time set for a parallel video server to schedule a complete multicast stream for
video i. These are renewal points, and the behavior of the
server for t ≥ t j does not depend on past behavior. We consider the process {B j , N j }, where B j denotes the total server
bandwidth consumed and N j denotes the total number of
clients served during the jth renewal epoch [t j −1 , t j ). Because
this is a renewal process, we drop the subscript j and have the
following result:
Baverage = λi

E[B]
.
E[N]

(16)

Obviously, E[N] = λi × L. For E[B], let K denote the
number of arrivals in an interval of renewal epoch length L.
It has the distribution P[K = κ] = (λi × L)κ e−λi L /κ!. For
E[B | K = κ], we have
E[B | K = κ] = κβc


=

b × T × 1 − e−λi T





L/T −1 m ,m−1
m=1
n=1
k=m−n+1 1 − Pkn

L × λi
b
κ.
λi
(17)

This indicates that κ Poisson arrivals in an interval of
length L are equally likely to occur anywhere within the interval. Removal of the condition yields


∞

if k < n,

−λi T
Pkn = 1 − e



(13)

where Pkn can be calculated by the following equations:



0









b × T × 1 − e−λi T

+

n=1 k=m−n+1


k
−1







βc =

E[B] =
κ=1

(14)

if k > n.

(18)

Combining (17) and (18), we derive that

=k −n+1

Because the mean number of arrived clients in the
group G j is L × λi , we can derive that, in the time epoch
[t j , t j+ L/T −1 ), the average amount of transmitted video data
for a client, denoted by βc , is

κ

λi × L e−λi L
E[B | K = κ].
κ!



E[B] = b × T × 1 − e−λi T
L/T −1 m

×
m=1



m
−1


n=1 k=m−n+1





1 − Pkn + b × L.

(19)
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5.2.

60

In order to evaluate the performance of the Medusa scheme
in the general case that multiple video objects of varying popularity are stored on the parallel video servers, we use the
Turbogrid streaming server1 with 8 RTP server nodes as the
experimental platform.

50
Bandwidth consumption

Experiment

40
30

5.2.1. Experiment environment
20

We need two factors for each video, its length and its popularity. For its length, the data from the Internet Movie
Database (http://www.imdb.com) has shown a normal distribution with a mean of 102 minutes and a standard deviation of 16 minutes. For its popularity, Zipf-like distribution [21] is widely used to describe the popularity of diﬀerent
video objects. Empirical evidence suggests that the parameter θ of the Zipf-like distribution is 0.271 to give a good fit to
real video rental [5, 6]. It means that

10
0
0

200
400
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800
1000
Requests arrival rate λi (requests per hour)
The Medusa scheme with T = 1 minute
The batching scheme with T = 7 minutes
The OTT-CIWP scheme



πi =

Figure 4: Comparison of the expected server bandwidth consumption for one video object among the Medusa scheme, the batching
scheme, and the OTT-CIWP scheme.

According to (16) and (19), we derive that




Baverage = b × T × 1 − e−λi T
L/T −1 m

×
m=1

m
−1


1 − Pkn
+ b.
L
n=1 k=m−n+1

(20)

For the batching schemes, since all scheduled streams are
completely multicast streams, the required server bandwidth
for the ith video object can be expressed as




Baverage (batching) = b × 1 − e−λi T ×

8

9

L
.
T

(21)

For the stream merging schemes, we choose the optimal
time-threshold CIWP (OTT-CIWP) scheme for comparison.
Gao and Towsley [20] have showed that the OTT-CIWP
scheme outperforms most other stream-merging schemes
and the required server bandwidth for the ith video object
has been derived as
Baverage (OTT - CIWP) = b ×





2Lλi + 1 − 1 .

(22)

Figure 4 shows the numerical results for comparing the
required server bandwidth of one video object among the
Medusa scheme, the batching scheme, and the OTT-CIWP
scheme. In Figure 4, the chosen time interval T for the
Medusa scheme is 1 minute while the batching time threshold for the batching scheme is 7 minutes. In addition, the
length of the ith video object is 100 minutes. As one can see,
the Medusa scheme significantly outperforms the batching
scheme and the OTT-CIWP scheme over a wider range of
request arrival rate.

1 

i0.729

N
k=1



1 
,

k0.729

(23)

where πi represents the popularity of the ith video object and
N is the number of video objects stored on the parallel video
servers.
Client requests are generated using a Poisson arrival process with an interval time of 1/λ for varying λ values between
200 to 1600 arrivals per hour. Once generated, clients simply select a video and wait for their request to be served. The
waiting tolerance of each client is independent of the other,
and each is willing to wait for a period time U ≥ 0 minutes. If
its requested movie is not displayed by then, it reneges. (Note
that even if the start time of a video is known, a client may
lose its interest in the video and cancel its request. If it is delayed too long, in this case, the client is defined “reneged.”)
We consider the exponential reneging function R(u), which
is used by most VOD studies [6, 7, 15]. Clients are always
willing to wait for a minimum time Umin ≥ 0. The additional
waiting time beyond Umin is exponentially distributed with
mean τ minutes, that is,



R(u) = 

0
if 0 ≤ u ≤ Umin
−(u−Umin )/τ
1−e
, otherwise.

(24)

Obviously, the larger τ is, the more delay clients can tolerate. We choose Umin = 0 and τ = 15 minutes in our experiment. If the client is not reneging, it simply plays back
the received streams until those streams are transmitted completely.
Considering that the popular set-top boxes have similar
components (CPU, disk, memory, NIC, and the dedicated
client software for VOD services) to those of PCs, we use PCs
to simulate the set-top boxes in our experiment. In addition,
because the disk is cheaper, faster, and bigger than ever, we
1 Turbogrid

streaming server is developed by the Internet and Cluster
Computing Center of Huazhong University of Science and Technology.
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Video length (min) L

90 ∼ 120

Number of videos Nv
Video format
Clients’ bandwidth capacity (Mbits/s)
Maximum total bandwidth of parallel
video server (Mbits/s)

200
MPEG-1
100

Clients arrival rate λ (hour)

1000
200 ∼ 1600

Average start-up latency (s)

Table 2: Experiment parameters.

do not consider the speed limitation and the space limitation
of disk. Table 2 shows the main experimental environment
parameters.

800
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5.2.2. Results

(A) Startup latency and reneging probability
As discussed in Section 4, in order to guarantee that clients
can receive all segments of their requested video objects, the
minimum value of time interval (i.e., optimal time interval)
T will be L/(2bc ) ∼
= 120/2∗ 60 = 1 minute. We choose time
interval T to be 1, 5, 10, and 15 minutes for studying the
eﬀect on the average startup latency and the reneging probability, respectively. Figures 5 and 6 display the experimental
results at these two factors. By the increase of time interval
T, the average startup latency and the reneging probability
are also increased. When T is equal to the deterministic time
interval T = 1 minute, the average startup latency is less than
45 seconds and the average reneging probability is less than
5%. But when T is equal to 15 minutes, the average startup
latency is increased to near 750 seconds and almost 45% of
clients renege. Figures 7 and 8 display a startup latency comparison and a reneging probability comparison among the
FCFS batching scheme with time interval T = 7 minutes, and
the OTT-CIWP scheme [20] and the Medusa scheme with
deterministic time interval T = 1 minute. We choose 7 minutes because [7] has presented that FCFS batching could obtain a good trade-oﬀ between startup latency and bandwidth
eﬃciency at this batching time threshold. As one can see, the
Medusa scheme outperforms the FCFS scheme and is just little poorer than the OTT-CIWP scheme at the aspect of the
system average startup latency and reneging probability. The
reason for this little poor performance compared with OTTCIWP is that the Medusa scheme batches client requests arriving in the same time slot. This will eﬀectively increase the
bandwidth eﬃciency at high client-request rates.
(B) Bandwidth consumption
Figure 9 shows how the time interval T aﬀects the server’s average bandwidth consumption. We find out that the server’s

T
T
T
T

= 1 min
= 5 min
= 10 min
= 15 min

Figure 5: The eﬀect of time interval T on the average startup latency.

0.55
0.50
Average reneging probability

For parallel video servers, there are two most important performance factors. One is startup latency, which is the amount
of time clients must wait to watch the demanded video, the
other is the average bandwidth consumption, which indicates the bandwidth eﬃciency of the parallel video servers.
We will discuss our results in these two factors.

0.45
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0

200

T
T
T
T

400 600 800 1000 1200 1400 1600 1800
Requests arrival rate (requests per hour)
= 1 min
= 5 min
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= 15 min

Figure 6: The eﬀect of time interval T on the average reneging
probabity.

average bandwidth consumption is decreased by some degree by increasing the time interval. The reason is that more
clients are batched together and served as one client. Also, we
can find out that the decreasing degree of bandwidth consumption is very small when client-request arrival rate is less
than 600 requests per hour. When the arrival rate is more
than 600, the decreasing degree tends to be distinct. However, when the request arrival rate is less than 1600 requests
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Figure 9: How time interval T aﬀects the average bandwidth consumption.
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Figure 7: A startup latency comparison among the batching scheme
with time interval T = 7 minutes, the OTT-CIWP scheme, and
Medusa scheme with time interval T = 1 minute.
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Figure 8: A reneging probability comparison among the batching
scheme with time interval T = 7 minutes, the OTT-CIWP scheme,
and the Medusa scheme with time interval T = 1 minute.

Figure 10: Average bandwidth consumption comparison among
the batching scheme with time interval T = 7 minutes, the OTTCIWP scheme, and the Medusa scheme with time interval T = 1
minute.

per hour, the total saved bandwidth is less than 75 Mbits/s
by comparing deterministic time intervals T = 1 minute
and T = 15 minutes. On the other hand, the clients reneging probability is dramatically increased form 4.5% to 45%.
Therefore, a big time interval T is not a good choice and we
suggest using L/(2bc ) to be the chosen time interval.
As showed on Figure 10, when the request arrival rate is
less than 200 requests per hour, the bandwidth consump-

tion of three kinds of scheduling strategies are held in the
same level. But by increasing the request-arrival rate, the
bandwidth consumption increasing degree of the Medusa
scheme is distinctly less than that of the FCFS batching and
the OTT-CIWP. When the request-arrival rate is 800, the
average bandwidth consumption of the Medusa scheme is
approximately 280 Mbits/s. At the same request-arrival rate,
the average bandwidth consumption of the FCFS batching is
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approximately 495 Mbits per second and that of the OTTCIWP is approximately 371 Mbits per second. It indicates
that, at middle request-arrival rate, the Medusa scheme can
save approximately 45% bandwidth consumption compared
with FCFS batching, and can save approximately 25% bandwidth consumption compared with OTT-CIWP.
When the request arrival rate is higher than 1500 requests
per hour, the bandwidth performance of OTT-CIWP is going to be worse and worse. It is near to the FCFS batching
scheme. In any case, the Medusa scheme significantly outperforms the FCFS scheme and the OTT-CIWP scheme. For
example, as shown in Figure 10, the Medusa scheme just consumes 389 Mbits/s server bandwidth at the request arrival
rate 1600 requests per hour, while the FCFS batching scheme
consumes 718 Mbits/s server bandwidth and the OTT-CIWP
scheme needs 694 Mbits/s. Therefore, we can conclude that
the Medusa scheme is distinctly outperforming the batching
scheme and the OTT-CIWP scheme at the aspect of bandwidth performance.
6.

DISCUSSIONS

For the Medusa scheme, two issues must be considered carefully, the client network architecture and the segments placement policy. In this section, we give out some discussions on
the eﬀect of these two issues.
6.1. Homogenous client network versus
heterogeneous client network
In the above discussions, we discuss the homogenous client
network based on the FTTB network architecture. If the parallel video servers are used for serving the VOD systems with
heterogeneous client network architecture such as the cable modem access and 10 M LAN access, the basic Medusa
scheme is not recommended. This is because the small client
bandwidth capacity would result in a large deterministic time
interval T, as well as the long startup latency and the high
reneging probability. However, we can extend the Medusa
scheme as following for the heterogeneous client network.
For cable modem users, because the client bandwidth capacity is lower than 2 Mb per second, it just has the capacity
to receive one MPEG-I stream (approximately 1.2 ∼ 1.5 Mb
per second per stream). In this case, the stream merging
schemes and the Medusa scheme are not suitable. We use
the batching scheme to schedule streams. Note that the client
bandwidth capacity is sent to the parallel video servers during the session being in setup. Thus, the parallel video server
can distinguish the category of clients before determining
how to schedule streams for serving them.
For 10 M LAN users, the client bandwidth capacity is
enough to concurrently receive near 6 MPEG-I streams. In
this case, if we use the basic Medusa scheme, the deterministic time interval for a video object with 120 minutes length
is 10 minutes and the expected startup latency is near 5 minutes. It is too long for most clients. However, we can extend
the basic Medusa scheme to use a time window W to control
the scheduling frequency of the complete multicast streams.
If requests arrive in the same time window, the parallel video
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server schedules patching multicast streams according to the
basic Medusa scheduling rule (3). Otherwise, a new complete multicast stream will be scheduled. According to the
deriving course discussed in Section 4, we can easily obtain
that the deterministic time interval T should be W/(2bc ) .
Obviously, if the value of time window W is smaller than
the length of the requested video object, the deterministic
time interval T and the expected startup latency can be decreased. However, a small time window W would increase
the required server bandwidth. The detailed relationship between the time window W, the expected startup latency, and
the required server bandwidth will be studied in our further
works.
6.2.

Effect of the segment placement policy

For the scheduling of the Medusa scheme, the begining segments of a requested video are transmitted more frequently
than the later segments of that video. It is called intra-movie
skewness [22]. If segments of all stored videos are distributed
from the first RTP server node to the last RTP server node in
a round-robin fashion, the intra-movie skewness would result in that the load for the first RTP server node is far heavier than the load of other RTP server nodes so that the load
balance of parallel video servers is destroyed.
Two kinds of segments placement policies were proposed
to solve the intra-movie skewness problem: the symmetric
pair policy [22, 23] and the random policy.
In the symmetric pair policy, based on the serial number of video objects, all stored video objects are divided into
two video sequences, the odd sequence and the even sequence. For the odd video sequence, the jth segment of the
ith video object (i = 1, 3, 5, . . . , 2k + 1) is located on the
((2∗ N − 1 − ( j + (i/2)) mod N) mod N)th RTP server node,
where N is the total number of RTP server nodes. For the
even video sequence, the jth segment of the ith video object
(i = 0, 2, 4, . . . , 2k) is located on the (( j + (i/2)) mod N)th
RTP server node. As discussed in [22, 23], these placement
rules can uniformly distribute segments with high transmission frequency to diﬀerent RTP server nodes so that the load
balance of the parallel video server can be guaranteed.
The random placement policy randomly distributes
video segments on diﬀerent RTP server nodes so that the
probabilistic guarantee of load balancing can be provided.
Santos et al. [24] have shown that the random placement
policy has better adaptability to diﬀerent user access patterns
and can support more generic workloads than the symmetric pair policy. For load balancing performance, these two
schemes have very similar balancing results [24]. However,
the random placement scheme only provides probabilistic
guarantee of load balancing and it has the drawback of maintaining a huge video index of the striping data blocks. Hence,
we use the symmetric pair policy to solve the load balancing
problem in the Medusa scheme.
7.

CONCLUSIONS AND FUTURE WORKS

In this paper, we focus on the homogenous FTTB client network architecture and propose a novel stream-scheduling
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scheme that significantly reduces the demand on the server
network I/O bandwidth of parallel video servers. Unlike
existing batching scheme and stream-merging scheme, the
Medusa scheme dynamically groups the clients’ requests according to their request arrival time and schedules two kinds
of multicast streams, the completely multicast stream and the
patching multicast stream.
For the clients served by patching multicast streams,
the Medusa scheme notifies them to receive the segments
that will be transmitted by other existing patching multicast
streams and only transmit the missed segments on the new
scheduled stream. This guarantees that no redundant video
data are transmitted at the same time period and that the
transmitting video data are shared among grouped clients.
The mathematical analysis and the experiment results show
that the performance of the Medusa scheme significantly
outperforms the batching schemes and the stream-merging
schemes.
Our ongoing research includes
(1) designing and analyzing the extended-Medusa scheme
for clients with heterogeneous receive bandwidths and
storage capacities,
(2) evaluating the impact of VCR operations on the required server bandwidth for the Medusa scheme,
(3) developing optimized caching models and strategies
for the Medusa scheme,
(4) designing optimal real-time delivery techniques that
support recovery from packet loss.
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