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The advances of Internet and wireless access technologies
have opened up new opportunities to serve high quality, on-
demand multimedia applications. Applications like mobile
TV, IPTV, on-demand streaming, and peer-to-peer video
sharing have fundamentally changed the content distribution
landscape, and have been accelerating a social and engi-
neering revolution in media distribution and consumption.
To achieve the ultimate goals of total freedom in self-
expression, seamless mobile access, and anytime anywhere
media consumption, technology advances in various areas
need to be reexamined and jointly utilized under a coher-
ent optimization framework to reach an efficient end-to-
end media delivery solution. New models, metrics, and
methodologies in source, and channel coding, distributed
and collaborative communications are needed to intelligently
adapt the multimedia content to suit user preferences,
meet device and network constraints, and achieve better
communication resource utilization. The source coding
and adaptation decisions of media sources need to be
reconciled with the limited network resources, end-user
preferences, and resource allocation schemes at network
nodes. Distributed optimization schemes like pricing and
game theoretical approaches are needed to improve resource
allocation and management efficiency. In this special issue
on multimedia networking, we present several papers that
address such issues.

The first paper of this special issue, “A collaborative
wireless access to on-demand services” by Z. Naor, presents
a collaborative access scheme that exploits the broadcast
nature of the wireless communications in order to achieve
better multicast content delivery. The proposed method is

particularly suitable for sessions of long time durations, for
applications where clients can subscribe to ahead of time,
and for applications in which the clients receive the same
information simultaneously.

The second paper of this special issue, “A stream tapping
protocol involving clients in the distributions of videos on
demand” by S. Kulkarni et al., presents a stream tapping
protocol that involves clients in the video distribution
process. Compared with the traditional taping protocol, the
proposed one greatly reduces the workload of the video
server by delegating part of the content distribution process
to the clients who are watching the video.

The third paper of this special issue, “Automatic
bandwidth adjustment for content distribution in MPLS
networks” by D. Moltchanov, discusses a new algorithm
for dynamic resource adaptation to temporarily changing
traffic conditions in multiprotocol label switching (MPLS)
networks. The major advantage of the proposed approach
is that it is fully autonomous, takes into account statistical
characteristics of traffic patterns, and is independent of
the choice of the sampling interval of MPLS automatic
bandwidth adjustment capability.

The fourth paper of this special issue, “Rate-distortion
optimized frame dropping for multiuser streaming and
conversational video” by W. Tu et al., considers rate-
distortion optimized strategies for dropping frames from
multiple conversational and streaming videos sharing limited
network node resources. Experimental results show that
a significant improvement in end-to-end performance is
achieved compared to priority-based random early dropping
schemes.



2 Advances in Multimedia

The fifth paper of this special issue, “A theoretical
framework for quality-aware cross-layer optimized wireless
multimedia communications” by S. Ci et al., presents a
theoretical framework for integrated cross-layer control and
optimization in wireless multimedia communications. The
framework includes two essential parts: a delay-distortion-
driven optimization framework and a new approximate
dynamic programming technique based on significance mea-
sure and sensitivity analysis for high-dimensional nonlinear
cross-layer optimization.

The sixth paper of this special issue, “Optimal multilayer
adaptation of SVC video over heterogeneous environments”
by T. Thang et al., proposes an optimized framework of
controlling the SNR scalability across multiple spatial layers
in scalable video coding format. The proposed framework
has the flexibility in allocating the resource (i.e., bitrate)
among spatial layers, where the overall quality is defined as
a function of all spatial layers’ qualities and can be modified
on the fly.
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A collaborative access scheme that exploits the broadcast nature of the wireless communication in order to achieve multicast
content delivery is presented in this paper. The key idea is that individual clients requesting for the same content can collaborate and
share the same data channel. As opposed to broadcasting, this method enables the clients to determine online the delivered content,
and thus supports on-demand services. On the other hand, a multicast content delivery is much more efficient than a unicast
content distribution, which must use a dedicated data channel per each and every client. This method is particularly suitable
for sessions having a long-time duration, for applications in which clients can subscribe to ahead of time, and for applications
in which the clients receive the same information simultaneously. A multicast content distribution increases the network service
throughput in terms of the expected number of clients served simultaneously, and therefore it offers a reduced waiting time for
content delivery at highly loaded time periods. It is shown that the problem of maximizing the efficiency of distributing a content
in a wireless network is NP-hard. An approximation algorithm is therefore used, that for any 0 < ε < 1 finds an approximation
solution with a relative accuracy ε. The proposed method does not require any hardware modification on the network equipment.
Thus, it can be easily implemented.

Copyright © 2008 Zohar Naor. This is an open access article distributed under the Creative Commons Attribution License, which
permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

1. INTRODUCTION

The concept of collaborative wireless networking is emerg-
ing as a promising technology to enhance system perfor-
mance by sharing wireless resources among the demand-
ing clients. For instance, sharing antennas to enable a vir-
tual multiple-input multiple-output (MIMO) is an exam-
ple for a collaborative scheme. The focus in this study is
to use an application layer collaborative method in order
to establish a virtual MIMO system. Video applications,
such as near video-on-demand (NVOD) service, are char-
acterized by sessions having a relatively long-time dura-
tion, and a relatively high arrival rate of clients request-
ing for the same data. Consequently, even a moderate de-
mand for video applications may potentially block the wire-
less channel, unless a collaborative scheme is used, that en-
ables bandwidth sharing among different clients. The tra-
ditional content distribution methods were originally de-
signed for wired networks. As such, they do not consider
the wireless channel conditions. For existing wireless net-
works, even a moderate demand for video streaming can

easily exceed the system available bandwidth. For this rea-
son, the approach adopted by manufactures of wireless com-
munication equipment for advanced content distribution
over wireless networks is to build dedicated broadcast net-
works for what is known as “mobile TV.” These networks
are expected to use a new infrastructure, based on either
DVB-H [1] or MediaFlo [2] standards. Unfortunately, these
schemes do not support on-demand services. Whereas uni-
cast multimedia streaming is used for mobile TV today,
broadcast extensions to mobile networks like 3GPP MBMS
and 3GPP2 BCMCS are under standardization. The contri-
bution of this paper is a formulation of the content distri-
bution problem as an optimization problem that is proved
to be NP-hard, and the development of an efficient, yet re-
liable scheme that enables an on-demand content distribu-
tion.

Traditionally, there are three representative approaches
for content distribution: media servers replication, using
existing proxies for media data buffering, and construct-
ing peer-to-peer overlay networks, dedicated to content dis-
tribution. These schemes were designed mostly for wired
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networks and do not consider the special characteristics of
the wireless channel.

Building mirror sites is a very efficient solution. Unfor-
tunately, since the mirror sites are core nodes, they are not
aware of the conditions on the wireless channel. Moreover,
multicast-based content delivery is very hard to be imple-
mented by core nodes. For this reason, no large-scale com-
mercial service supports multicast content distribution at the
Internet backbone.

The proxy-based approach for content distribution is to
use the memory of existing proxies for caching media data.
The main drawback of this approach is that due to the huge
memory size of a typical video file, the proxy memory can-
not support a scalable service, and there is a need to use spe-
cial machines, as it is done by cable TV companies. In or-
der to overcome this problem, segment-based proxy caching
strategies were proposed [3], to cache partial segments of the
media objects instead of their entirety. Yet, the memory lim-
itation still restricts the service scalability, unless a dedicated
spacial machine is used. Most importantly, the proxy is not
aware of the variable conditions of the wireless channel.

The idea to construct a peer-to-peer overlay network,
dedicated to content distribution, is very popular across the
Internet [4]. The key idea of this method is that each node
in the overlay network forwards the data it is receiving, and
serves other nodes as a server. The usage of an overlay peer-
to-peer network that uses a proxy system supported by peer-
to-peer networks was proposed in [5]. This approach is very
effective when applied in wired networks. Its main drawback
is that when nodes are leaving the group, the nodes that re-
main in the overlay network may suffer from service discon-
nection. Recovery algorithms [6] were proposed to recover
from this situation. Unfortunately, the dynamics of group
membership in a wireless network is much greater than that
experienced in a wired network, due to the client mobility.
Moreover, a wireless channel is severely vulnerable to phe-
nomenons such as multipath fading, interference, base sta-
tion reselection, and so forth. The outcome of these phe-
nomenons is that a wireless channel may suffer from high
and variable round trip time, rate fluctuations, link outage,
and occasional burst losses. For these reasons, the approach
of peer-to-peer overlay network used in the Internet is not
recommended for a wireless network, due to the mobility of
the participating peers and the instability of the peer-to-peer
connection for a long-time period.

The studies cited above focus on the wired network, and
do not consider the special characteristics of the wireless
channel. Hence, there is a need to develop a strategy that can
cope with the wireless channel conditions in a more efficient
way, that exploits the broadcast nature of the wireless com-
munication. It would be desirable to use this property to uti-
lize the scarce wireless bandwidth more efficiently.

1.1. The contribution of this work

The main contribution of this work is the usage of the ac-
cess point to the wireless network as a proxy server. Thus,
independent clients requesting for the same content can col-
laborate, and share the same data channel. Traditionally, the

access point to the wireless network (e.g., a base station in
a cellular network) is used only for transmission. The sug-
gested method requires a cross-layer architecture, aimed to
reduce redundant traffic and thus to increase the network
capacity, in terms of number of clients served simultane-
ously. Such an architecture can be applied on a metropoli-
tan WiMAX network, in which the coverage area is suffi-
ciently large such that many clients are expected to receive
the same video stream simultaneously. The key idea is to ex-
ploit the broadcast nature of the wireless communication in
order to create a mechanism that enables to transmit data re-
quested by many users residing in the same area only once.
This mechanism is achieved by an addressing method that
labels each request for data, using the application type, the
encoding method, and the data required as the keys. Con-
sequently, independent requests for the same data initiated
from the same area are accumulated in order to form a vir-
tual multicast group. A Virtual Multicast Group (VMG) is an
ad hoc multicast group, that contains all the users residing
in the same area and waiting for the same data at the same
encoding method. Since the task of forming VMGs is very
hard to be implemented by core nodes, it is performed at the
access portion, that is, by the wireless network. For this rea-
son, this method can be integrated with previously published
methods for content distribution [3–5].

Content distribution can be potentially performed either
by the content provider, or by the clients themselves [4, 5], or
by an intermediate node. The first two methods were origi-
nally designed for wired networks. As such, they do not con-
sider the wireless channel conditions. They are vulnerable to
phenomenons such as high and variable round trip time, rate
fluctuations, occasional burst losses, and instability of the
client-network physical connection for a long-time period.
Hence, these methods are not optimized for a high quality
of service content distribution over wireless networks. Most
importantly, whenever the bandwidth required to satisfy the
content demands directed to different content providers ex-
ceeds the available system bandwidth, only the wireless net-
work can select which content is delivered first. The VMG
method is based on an application-layer module, to be in-
stalled in an intermediate node, located at the gateway be-
tween the wireless network and the wired backbone. This
method is especially suitable for applications that are either
delay insensitive, or that the clients receive the information
simultaneously. Examples for such applications are live video
streaming, NVOD service, and download requests of popular
video files. Due to the long-time duration of a typical video
session, and its wide bandwidth, even a moderate demand
for such applications can easily exceed the available band-
width offered by a conventional wireless system. Hence, a
bandwidth sharing method must be used under realistic load
conditions. The expected waiting time for a service offered
by the VMG method is in the worst case (under low load
conditions) the same waiting time offered by the conven-
tional methods that use a unicast content distribution. As the
demand for content increases, the superiority of the VMG
method increases exponentially, in comparison to the con-
ventional unicast-based methods. Under realistic load con-
ditions (i.e., similar to the demand experienced for NVOD
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service), only a VMG method can cope with an intensive de-
mand for the same content. Another important feature is that
an implementation of the VMG scheme requires only minor
software modifications, mainly on the network equipment.
Only a small modification is required on the user equipment.

Recently it has come to our attention that the idea to use
the access point as a proxy server has been independently
proposed in [7]. However, the system considered in [7] is a
WLAN, while this paper considers a wireless network such as
a WiMAX network, which is used for content distribution.
The basic idea proposed in [7] is to cache the recently trans-
mitted downstream data in the AP for a possible future use.
This data may be reused when a node attempts to transmit
data to a peer node. In this paper, the collaboration is con-
ducted when neighboring nodes attempt to receive the same
information. Thus, the collaboration mechanism is totally
different from the one presented in [7].

1.2. Paper organization

The structure of the rest of this paper is as follows. Model
and problem formulations are given in Section 2. The con-
cept of multicast content distribution is introduced and an-
alyzed in Section 3. Performance analysis and simulation re-
sults are provided in Section 4. A summary and concluding
remarks are given in Section 5.

2. MODEL AND PROBLEM FORMULATION

This work considers a metropolitan WiMAX access network,
that provides on-demand multimedia services. The network
is a broadband wireless access network for stationary, or rel-
atively slow, clients sharing the same access point (AP). The
information is delivered to the clients through a downlink
data channel, shared among the clients residing within the
AP coverage area. This channel is controlled by the system,
that allocates the bandwidth to the demanding clients. The
wireless bandwidth is assumed to be sufficient to support
multiple requests simultaneously, and to use statistical mul-
tiplexing in order to transmit multiple variable bit rate trans-
missions over one broadband channel. The time slot allo-
cated to each subscriber by the IEEE 802.16 protocol can be
enlarged in order to cope with variable bit rate transmissions.
The clients are assumed to be stationary, in the sense that
during the data retrieval session the user location is fixed.

The amount of data, measured in bytes, required to re-
trieve a content depends on the content size in bytes, on
the receiving device, and on the quality of the user-network
connectivity. The user receiver determines the compression
standards (e.g., MPEG-2), and the user-network connectiv-
ity affects the packet loss probability through the session.
Each personal content demand is associated with a priority
R, defined as the network revenue associated with this con-
tent multiplied by the user waiting time for a service, and
a cost M′, defined as the information amount in bytes that
must be transmitted. M′ depends on M, the memory size
of the required content, the compression and encoding stan-
dard used, and on the packets loss during the session (i.e., on

the user-network connectivity). The normalized priority φ is
defined by

φ = R

M′ =
tr

M′ , (1)

where r is the network revenue associated with this demand
and t is its waiting time. Most service providers charge a fixed
price per content type (e.g., the same price for a movie).
Hence, φ depends on R and M′, which depends on the con-
tent sizeM, the encoding method, and the user-network con-
nectivity.

It is assumed that the personal content demands initiated
by the clients are generated according to a Poisson process
with a mean λ arrival per time unit. The time duration of a
session is exponentially distributed with a mean 1/μ service
time. The load factor ρ is defined as

ρ = λ

μ
. (2)

The service throughput is defined as the expected number of
personal content demands satisfied by the network per time
unit. The network goal is to maximize the service through-
put, without starving demands for unpopular content. Note
that new content demands arrive online. Since certain per-
sonal content demands may have a higher priority than other
demands (e.g., due to a longer waiting time), the problem
of maximizing the service throughput can be generalized as
specified below. The weighted service throughput is defined as
the sum of priorities over all personal content demands satis-
fied by the network, that is, given a set of U clients, and a set
of B content demands B = {b1, . . . , bB}, where each content
demand bi has (a) a priority Pi that depends on the number
of users associated with this demand, on their waiting time,
and on the required data and service Pi =

∑
iRi and (b) a

weight ψi, that reflects the required download rate, measured
in bits per time unit. The maximum weighted service through-
put problem is defined as follows: given a set of B content de-
mands, the goal is to maximize the achievable weighted ser-
vice throughput Θ, under the condition that the system band-
width capacity is bounded from above by a predefined con-
stantC. That is, the goal is to select a subset B′ ⊆ B of content
demands, such that the sum

Θ =
∑

j∈B′
Pj (3)

is maximal, under the condition that the sum ψ of the
weights of the content demands satisfied by the network is
bounded from above by the network bandwidth capacity C.
That is,

ψ =
∑

j∈B′
ψ j ≤ C, (4)

where Θ is defined as the weighted service throughput. Equa-
tion (4) is the constraint that must be satisfied by the optimal
assignment defined in (3). It is assumed that a request for
a content is transmitted through an up-link signaling chan-
nel, and the acknowledge message is transmitted by the lo-
cal server through a down-link control channel. Clearly, the
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problem of maximizing the service throughput is a special
case of the maximum weighted service throughput prob-
lem. From now on we therefore consider only the problem
of maximum weighted service throughput.

Theorem 1. The problem of maximum weighted service
throughput is NP-hard.

Proof. Given a group of n bandwidth demands, the goal
is to maximize the weighted service throughput. We now
prove that this problem is NP-hard. The reduction is from
the knapsack problem which is known to be NP-hard [8].
The input to the knapsack problem is a set of n elements.
Each element has a size si and a weight wi, where si and wi

are positive integers. The goal is to maximize the sum of
weights of elements, under the condition that the sum of
sizes is bounded from above by C, where C is a pre-defined
constant, known as the knapsack capacity. That is, to find
a subset of the elements such that

∑
si ≤ C and

∑
wi is

a maximum.
Given a knapsack problem with n elements and a knap-

sack with a capacity of C units, we consider the following
maximum weighted service throughput problem: the input to
the maximum weighted service throughput problem is a sys-
tem consisting of n bandwidth demands and a bandwidth
capacity C. For each element i given as an input to the Knap-
sack problem, with a size si and a weight wi, we associate a
bandwidth demand with a priority wi and a required band-
width si. Note that the term “weight” has a different mean-
ing by each problem: the weight wi in the original Knap-
sack problem is associated with the priority Pi of the equiv-
alent bandwidth demand in the maximum weighted service
throughput problem, while the size si in the original Knap-
sack problem is associated with the weight (i.e., the required
bandwidth) of the equivalent ith bandwidth demand in the
maximum weighted service throughput problem. The assign-
ment strategy that maximizes the weighted service throughput
is the optimal assignment for the original knapsack problem.
Clearly, the opposite direction is also true—and any maxi-
mum weighted service throughput problem is essentially a 0/1
knapsack problem (i.e., each element can be either assigned
or not assigned to the knapsack). Hence, given a knapsack
problem, an optimal assignment can be always found by a
linear reduction to the equivalent maximum weighted service
throughput problem, and vice versa.

3. MULTICAST CONTENT DISTRIBUTION

The key idea of the proposed method is to establish an ef-
ficient mechanism for a multicast transmission to multiple
points residing in the same area. Since the problem of op-
timal content distribution is NP-hard, a fast approximation
algorithm is used, which can achieve any desired approx-
imation ratio. To achieve this goal, the VMG server han-
dles a queue of content demands. A unique task identifi-
cation (ID) is assigned to each content demand, depend-
ing on the required service type, the required data, and the
expected bandwidth (different devices requesting the same
content may deserve/capable for a different download rate).

The VMG server handles a task table. Each task has a unique
entrance in this table, to be determined by its ID. The list
of all its associated clients is attached to each task. Upon re-
ceiving a new content demand, the VMG server computes its
unique task ID and checks if this ID already exists in the task
table. If it does not exist, the demand is forwarded immedi-
ately to the wired backbone for data retrieval. On the other
hand, if this ID already exists, that is, a request to retrieve this
content has been already sent (by another client), there is no
need for another content retrieval. The new client just joins
to the list of clients requesting for this data and waiting for a
reply. When the data is available, the VMG server distributes
the data efficiently to the clients, using a single data channel.
This distribution mechanism is achieved simply by using the
VMG (i.e., the task) ID as the addressee. Hence, the expected
waiting time for data retrieval can be only reduced, in com-
parison to the conventional content distribution methods,
while the bandwidth utilization can be only improved. Since
the VMG server distributes the data, it must also handle the
transcoding problem. This problem is handled by retrieving
the same content only once, then converting the code to the
required formats, using different channels for the different
formats. Hence, while the same data is retrieved only once,
the VMG server may assign multiple channels to the same
content whenever it is required. In these cases, each channel
is associated with a different VMG. That is, the term VMG
considers only one (multicast) channel, shared among multi-
ple clients. Due to the transcoding problem, the same content
can be potentially transmitted through multiple channels.

The basic mechanism that enables an AP to transmit data
directed to multiple points only once is based on the broad-
cast nature of the wireless channel, and on the bandwidth
allocation strategy of the IEEE 802.16 protocol. The signal-
ing data is transmitted through a shared downlink chan-
nel controlled by the system. In order to receive data, each
subscriber must track its own unique ID, and to response
only to the messages directed to him/her. The proposed dis-
tribution mechanism is that each client tracks its relevant
VMG ID, in addition to its own personal ID. The AP allo-
cates the same data channel to all the members of the same
VMG. Consequently, privacy and security are provided since
the signaling is conducted individually. The data is provided
only to the VMG members, since the date channel is allo-
cated only to them. On the other hand, this data channel is
shared among all the VMG members. Thus, redundant traf-
fic is avoided since the same information is transmitted only
once.

The proposed method can potentially increase the uti-
lization of both the wireless links, as well as the wired links
associated with the wireless network. Since data requested
by many users residing in the same area is transmitted only
once, the bandwidth efficiency of the wireless links can be
only increased. In addition, since many requests for the same
data are accumulated by the VMG server and sent to the
wired backbone as a single request, also the bandwidth ef-
ficiency of the wired portion of the network should increase.
In many applications, such as NVOD and live video stream-
ing, the data is received simultaneously by many users resid-
ing in the same area.
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3.1. The definitions of priority and cost

Given the condition that n users request the same data de-
noted by k, the priority Pk of the VMG associated with k is
given by

Pk =
n∑

i=1

Rki =
n∑

i=1

rki t
k
i , (5)

where Rki is the priority associated with the personal content
demand of the ith user for the data k, rki is the network rev-
enue from this personal demand, and tki is the waiting time of
this personal demand. The priority density πk of the content
demand k, that reflects the network priority per bandwidth
unit associated with this demand, is defined by

πk = Pk

ψk
=
∑ n

i=1R
k
i

ψk
, (6)

where ψk is the cost, that is, the required download rate of k,
given in (10).

3.2. The content distribution algorithm

The content distribution algorithm is as follows.

(1) Assign a priority and weight, and compute, using (6),
the priority density for each bandwidth demand.

(2) Sort the bandwidth demands in a nonincreasing order
by their priority density. For demands having the same
priority density, sort in a nondecreasing order by their
expected time duration Ti (i.e., the shorter request is
selected first, in order to reduce the expected waiting
time for a service).

(3) Assign the bandwidth demands using the rule that
the most valuable demand (i.e., the demand with the
larger priority density) comes first. Whenever a band-
width demand bi is assigned, the system available
bandwidth capacity C is reduced by the weight (rate)
wi for the next Ti time units, and the service throughput
Θ, given in (3), is increased by Pi. In case of a variable
rate it is assumed thatwi(t) is given for 0 ≤ t < Ti. Note
that preemption is not allowed. This process continues
until either there is no available system bandwidth, or
all the bandwidth demands are assigned. If either all
the bandwidth demands are assigned, or all the system
bandwidth is used, do not continue to the next step;
the assignment algorithm is successfully completed,
and the assignment is optimal. Otherwise, continue to
the next step.

(4) Apply a nearly optimal assignment algorithm, with a
relative precision ε, where ε is a predefined constant.

The proposed approximation algorithm is based on the fast
approximation algorithm for the Knapsack problem pro-
posed by Ibarra and Kim [9]. The key idea is to partition the
bandwidth demands into small and large items. The weights
of the large items are scaled, and a dynamic programming
is used to find an optimal solution to the problem with
scaled weights and capacity. Afterwards, the small items are

added by a greedy algorithm as follows: Let S′ denotes the
service throughput assigned by the third step of the assign-
ment algorithm. We define a normalized factor δ = S′(ε/3)2.
The approximation algorithm creates a table whose length is
�(3/ε)2�, that contains elements that the profit of each one
of them is less than or equal to S′ε/3. A dynamic program-
ming is used to maximize the service throughput without vi-
olating the bandwidth capacity C, by adding elements from
the table to the list of bandwidth demands already assigned.
A detailed description of the algorithm of Ibarra and Kim
can be found in [9]. Many theoretical and practical papers
have addressed the issue of an approximation solution to the
0/1 Knapsack problem [10, 11]. Some of them have a bet-
ter worst case running time and space complexity. However,
these algorithms outperforms the approximation algorithm
of Ibarra and Kim [9] only for a very large input. The num-
ber n of different bandwidth demands arriving to the same
VMG server during a relatively short time period (the ex-
pected waiting time of a bandwidth demand) is not expected
to be that large to justify a relatively complex and nontriv-
ial approximation algorithm, as these algorithms cited above.
For this reason, the performance of the approximation algo-
rithm used in this study is expected to be superior to alter-
native methods, due to its simplicity and relative accuracy.
For most practical cases, the number of different bandwidth
demands handled by the VMG server is expected to be suf-
ficiently small, such that an optimal solution can be easily
derived by the proposed assignment algorithm.

3.3. Implementation considerations

The concept of VMGs can be implemented by a software
module, referred to as the VMG server. A VMG server is an
application layer module, to be installed at the gateway be-
tween the wireless network and the wired backbone. In order
to handle privacy and security issues, this gateway is defined
as a proxy server. The VMG server provides services such as
live video streaming, NVOD, download of video and music
files, multicast, and a video conference call. There is no need
for a significant modification of the user equipment, but the
capability to track the task ID (i.e., the VMG ID), in addi-
tion to its own user ID. In addition, whenever a user initi-
ates a bandwidth demand, he/she must update its location
upon every movement to another AP. The operation of res-
electing an AP must lead to leave-multicast operation at one
VMG, and join-multicast operation at another VMG. If ei-
ther VMGs has only one client, then the VMG server should
either delete the VMG (if its only client leave the group), or
create a new VMG (if a new client attempts to join an empty
VMG). From the user point of view, no hardware modifica-
tion is required. Multiple download requests for the same file
or service should be sent from the VMG server to the wired
IP network as a single request, created by a virtual user (i.e.,
the VMG server). The task ID is used as the ID of the virtual
multicast group. Once the data is retrieved, the VMG server
has to distribute this data to the list of clients waiting for a re-
ply. Using the generic multicast mechanism already provided
by wireless networks, the VMG server application maps the
clients to the multicast groups.
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3.4. Transmission errors recovery

A wireless channel is likely to suffer from phenomenons such
as high and variable round trip time, rate fluctuations, link
outage, and occasional burst losses. The main result of these
phenomenons is a loss of packets. Consequently, a wire-
less channel is in general less reliable than a wired channel.
For this reason, packets loss must be considered. This sec-
tion considers the recovery mechanism which handles pack-
ets loss. Since it is assumed that users can move only be-
tween sessions, but not during a session, it is assumed that
the packet loss probability of a user ui during the session is
a constant pi (0 < pi < 1). It is assumed that pi can be es-
timated for a good approximation (e.g., using the signal to
noise ratio, SNR, and/or historical data). The expected num-
ber of transmissions required for a successful transmission is
therefore given by

l∑

k=1

pk−1
i

(
1− pi

)
k <

∞∑

k=1

pk−1
i

(
1− pi

)
k = 1

1− pi
, (7)

where l is the maximum number of re-transmissions allowed
by the access protocol. In IEEE 802.11 a typical value of l is 7.
Hence, the actual amount of data required to receive D bytes
is bounded from above by D/(1 − pi). The bandwidth re-
quired to receive the same information during the same time
interval is therefore

ψi =
ψ0

1− pi
, (8)

where ψ0 is the bandwidth required for pi = 0. Hence, the
cost of satisfying the personal content demand initiated by ui
depends also on the network connectivity of ui. Given the re-
ceiving device of ui and the required content, the download
rate ψ0 is determined at purchase time. The actual down-
load rate ψi must take into consideration the expected pack-
ets loss. Given a VMG (i.e., the group of users attached to
the same content demand and having the same ideal down-
load rate ψ0), the multicast download rate is determined as
follows: The first client who initiates the content demand set
the multicast download rate to be equal to its own download
rate ψi given in (8), and the packet loss probability plp of the
VMG to be equal to its own packet loss probability. Every ad-
ditional client uj with an estimated packet loss probability pj
increases the VMG plp by pj(1− plp):

plp = plp +
(
pj − pjplp

) = plp + pj
(
1− plp

)
. (9)

Using the same analysis that lead to (8), the VMG required
download rate is given by

ψvmg =
ψ0

1− plp
. (10)

3.5. Motivation

The motivation for using the VMG mechanism depends on
the load on the shared data channel. Assuming a Poisson ar-
rival rate with a mean λ arrival per time unit, and an expo-
nentially distributed with a mean 1/μ service (i.e., session)

time, a conventional content distribution server behaves as
an M/M/1 system. The expected waiting time for data re-
trieval is given by (see, e.g., [12])

W = ρ/μ

1− ρ . (11)

It follows from (11) that the waiting time grows exponen-
tially with the load factor ρ = λ/μ [12]. As either the ar-
rival rate or the service time increases, so does the waiting
time. Video applications are characterized by a relatively long
session time. For example, a typical time duration of live
streaming of a movie is about 90 minutes. Moreover, the ar-
rival rate of demands for popular data (e.g., popular video
files, news broadcast) is also expected to be relatively high.
Hence, even a moderate demand for video services can eas-
ily jam the wireless channel, unless some sharing method is
used, that enables reusability of the wireless channel. As the
arrival rate for a specific content is sufficiently high, when-
ever the time interval between two consecutive arrivals of re-
quests to the same content is smaller than the waiting time
of the first arrival, the second request for that content can
just join to the first request and they can both share the same
data channel, thus reducing their average waiting time. Given
a rate of λ arrivals per time unit of demands for the same con-
tent, the expected time interval between two consecutive ar-
rivals is 1/λ. Upon a new arrival, the condition under which
its expected waiting time for a service is longer than the ex-
pected waiting time for a new arrival of a request for the same
content is given by

W >
1
λ
. (12)

To simplify the analysis, it is assumed that only one stream
is served. Substitute W from (11), then we get that the con-
dition under which a new demand for the same content is
expected to join the first demand while it is still waiting for a
service is given by

W = ρ/μ

1− ρ >
1
λ
. (13)

Multiply both sides by λ and substitute ρ = λ/μ, then we get
that

ρ2

1− ρ > 1, (14)

which leads to

ρ2 + ρ − 1 > 0. (15)

The value of ρ which satisfies (15) and the condition ρ ≥ 0 is

ρ >

√
5− 1
2

≈ 0.618. (16)

Equation (16) implies that whenever the load factor satisfies
the condition ρ > 0.618 a batch service outperforms an indi-
vidual service. That is, whenever ρ > 0.618, the expected time
duration between two consecutive arrivals is shorter than the
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expected waiting time for a service. Thus, a new arrival is
likely to join a previous arrival. Consequently, the expected
waiting time for a service is reduced. It follows from (16) that
the superiority of bandwidth sharing increases with the ar-
rival rate for this content, and with the expected service time
and waiting time. As the number of popular files/streams in-
creases, the service rate increases to E[s]μ, where E[s] is the
expected number of users sharing the same data channel. The
expected waiting time for an FIFO service policy is therefore

WF = ρ/E[s]μ
1− ρ/E[s]

≤W , (17)

where equality holds if, and only if, E[s] = 1. That is, the load
factor ρ is sufficiently small such that no bandwidth sharing
is used.

4. PERFORMANCE ANALYSIS AND
SIMULATION RESULTS

In this section the performance of the proposed VMG
method is compared to the performance of the conventional
method currently used by existing wireless networks that
uses a unicast content distribution. Note that it follows from
(9) that the bandwidth required for multicast content distri-
bution is always less than or equal to the bandwidth utiliza-
tion of the conventional content distribution that uses uni-
cast.

Theorem 2. Given a constant number of content items (i.e.,
VMGs), the waiting time of any personal demand served by an
FIFO scheduling is bounded from above by a predefined con-
stant.

Proof. Let n be the number of supported VMGs. Let Tall be
the total service time of all the VMGs:

Tall =
n∑

i=1

ti, (18)

where ti is the expected service time of the ith VMG. Then,
under the worst case condition, a content demand arrived
just after starting the download of its associated VMG, and
cannot join to an ongoing session, has to wait to all the other
n − 1 VMGs to be served, as well as to its own VMG to be
served. Hence, the waiting time is bounded from above by
the time duration required to serve these n VMGs. This time
period is bounded from above by Tall, and this bound is not
tight whenever some of the VMGs can be served simultane-
ously.

Let us consider a system in which content demands for a
particular content are generated according to a Poisson pro-
cess with a mean λ arrivals per time unit. Given that a new
arrival has to wait Δt time units for a service, the probability
of a new arrival during the waiting time of this demand, of
another demand for this content is given by

Pbatch = 1− e−λΔt . (19)
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Figure 1: The batch probability of creating a VMG containing at
least two collaborating clients, as a function of the expected arrival
rate.

Using the individual service policy currently used, the ex-
pected waiting time is given in (11). Substitute the expected
waiting time for Δt in (19), then we get the value of Pbatch as
a function of λ and μ. Figure 1 depicts the batch probability
of at least two collaborating clients served simultaneously as
a function of the arrival rate for the same specific content.
Only this content is downloaded, and the download time is
exponentially distributed with a mean of 10 time units. It is
clearly demonstrated that even for a relatively low arrival rate
of 0.1 arrival per time unit, the probability of accumulating
at least two clients in the same VMG is practically 1. For in-
stance, if the expected download time of a video file is 10
minutes, even for one arrival per 18 minutes the probability
of having ni > 1 is greater than 0.5. As the arrival rate ap-
proaches to one arrival per 10 minutes the expected waiting
time of an M/M/1 system that uses a unicast content distri-
bution actually explodes, and a batch service must be used.
As the download time increases, so does ρ, the motivation for
using multicast content distribution increases. For instance,
if the expected time duration of a session is 30 minutes, a
typical value for a popular TV show, or news broadcast, then
even for one arrival per 54 minutes the probability of having
more than one client at the same multicast group is greater
than half.

4.1. Simulation results

Figure 2 depicts the expected waiting time for content deliv-
ery, for multicast content distribution and for unicast con-
tent distribution, as a function of the arrival rate to the sys-
tem. The content demands are generated according to a Pois-
son process, and are equally distributed among 30 files. The
download time of a file is exponentially distributed with a
mean of 20 minutes. The system bandwidth capacity can
support only 10 download requests at a time. As the arrival
rate increases, the expected waiting time of a unicast con-
tent distribution increases exponentially, and the superiority
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Figure 2: The expected waiting time offered by multicast con-
tent distribution, and by unicast content distribution methods, as
a function of the arrival rate to the system, for a homogeneous load
distribution.
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Figure 3: The waiting time in hours, as a function of the arrival rate
to the system per hour, for a nonhomogeneous load distribution, in
comparison to a unicast content distribution.

of a multicast content distribution over a unicast service is
demonstrated very clearly.

Figure 2 considers content demands that are equally dis-
tributed among different video files. In reality, different video
files are requested at different rates. The pattern of arrival rate
to video on demand service and video rental stores [13] indi-
cates that the majority (about 60%–80%) of the requests are
for a few files. Many simulation experiments were conducted,
for different load distribution patterns, and download time.
Due to space limitation, two representative results are given
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Figure 4: The waiting time in hours, as a function of the arrival rate
per hour to the system.

below. Figure 3 considers a system that supports 16 different
files. 68% of the new arrivals are equally distributed among
4 most popular files, other 20% of the arrivals are equally
distributed among other 4 files, and the rest of 12% of the
new arrivals are equally distributed among the 8 least popu-
lar files. The average download time of each file is 30 minutes,
and an AP can support 4 different download requests simul-
taneously. New arrivals were generated according to a Pois-
son process, and the download time was exponentially dis-
tributed. The arrival rate ranges up to 100 arrivals per hour
to an AP. Considering an AP that supports 1000 clients, this
arrival rate represents a rating of 10% of the customers per
hour, which is a relatively low arrival rate for cable TV and
video-on-demand systems. Note that under these conditions,
a unicast content distribution explodes as soon as the arrival
rate to the AP approaches to 8 arrivals per hour.

Figure 4 considers a system that supports a group of 33
files. 3 popular files are requested by 20% of the clients per
each file, while the other 40% of new arrivals are equally dis-
tributed among 30 less popular files. The system bandwidth
capacity and the expected download time are both the same
as in Figure 3. The superiority of multicast content distri-
bution over a unicast content distribution is clearly demon-
strated.

Due to the nature of the wireless fading channels, it may
not be always possible to assign the same data channel to
all the clients requesting for the same stream. Thus, it may
not be always possible to assign all the clients requesting for
the same content at the same time to a single data channel,
since such an assignment may cause a significant variance
in the signal-to-noise ratio experienced by different clients.
However, since different clients can share the same data file,
the memory utilization of the AP must be better. Thus, the
expected number of clients sharing the same content at the
same time can be used as a reliable measurement tool for the
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Figure 5: The performance gain, measured by the average number
of clients sharing the same downloaded file, as a function of the total
arrival rate per hour to a system which serves 100 clients.

performance gain achieved by the batch service. This perfor-
mance gain can be reflected either by the utilization of the
data channel, and consequently reducing the expected wait-
ing time as predicted by (17), or by the AP memory utiliza-
tion, or both. Figure 5 depicts the average number of clients
sharing the same content E[s] given in (17), as a function of
the total arrival rate to the system, for an AP which serves
100 clients, and a realistic load distribution [13]. It is clearly
shown that even for a moderate demand, the performance
gain is significant. A group of 100 clients sharing the same
AP can be expected for a WiMAX network which serves few
buildings.

5. SUMMARY AND CONCLUDING REMARKS

The main advantage of multicast content distribution over
the conventional unicast content distribution is its scalabil-
ity. Due to the huge bandwidth consumed by video applica-
tions, and the relatively long-time duration of a typical ses-
sion, even a moderate demand for video applications is suf-
ficient to block a conventional wireless channel that uses a
unicast content distribution. Hence, a collaborative scheme
must be used, in order to enable bandwidth sharing. Un-
der realistic load conditions, a multicast content distribution
yields a significantly shorter waiting time than a unicast con-
tent distribution. Being implemented at the access portion
of the network, the construction of the multicast groups is
straightforward.
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1. INTRODUCTION

Distributing videos on demand is a costly proposition,
mostly because of the high bandwidth requirements of the
service. Assuming that the videos are in MPEG-2 format,
each user request will require the delivery of approximately
six megabits of data per second Hence, a video server
allocating a separate stream of data to each request would
need an aggregate bandwidth of six gigabits per second to
accommodate one thousand overlapping requests.

This situation has led to numerous proposals aimed at
reducing the bandwidth requirements of VOD services.
These proposals can be broadly classified into two groups
Proposals in the first group are said to be proactive because
they distribute each video according to a fixed schedule that
is not affected by the presence—or the absence—of requests
for that video. They are also known as broadcasting protocols.
Other solutions are purely reactive: they only transmit data
in response to a specific customer request. Unlike proactive
protocols, reactive protocols do not consume bandwidth in
the absence of customer requests.

Nearly all these proposals assume a clear separation of
functions between the server, which distributes the video and
the customers, who watch it on their personal computers or

on their television sets. As a result, they cannot take advan-
tage of the upstream bandwidth of the clients to lower the
server’s workload.

The stream tapping protocol we present here is the first
protocol that can harness the collective bandwidth of clients
with limited individual upstream bandwidths As in conven-
tional stream tapping, our protocol requires the server to
start a new video broadcast whenever a client cannot get
enough video data by “tapping” a previous broadcast of
the same video. Unlike conventional stream tapping, our
protocol uses the available upstream bandwidth of previous
clients to reduce the amount of video data that the server will
still have to send to the clients that “tap” a previous broadcast
of the video As we will see, delegating these tasks to the clients
results in a dramatic reduction of the server workload at
medium to high request arrival rates.

The remainder of this paper is organized as follows
Section 2 reviews previous work Section 3 introduces our
stream tapping protocol Section 4 discusses its performance
and shows how we can limit the network bandwidth
consumption of the protocol at high arrival rates Section 5
presents a simple probabilistic model of our protocol
and Section 6 discusses its applicability to actual networks
Finally, Section 7 has our conclusions
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Figure 1: How chaining works.

2. PREVIOUS WORK

Two of the earliest reactive distribution protocols are batch-
ing and piggybacking. Batching [1] reduces the bandwidth
requirements of individual user requests by multicasting
one single data stream to all customers who request the
same video at the same time. Piggybacking [2] adjusts the
display rates of overlapping requests for the same video
until their corresponding data streams can be merged into
a single stream Consider, for instance, two requests for the
same video separated by a time interval of three minutes.
Increasing the display rate of the second stream by 10 percent
will allow it to catch up with the first stream after 30 minutes.

Chaining [3] was the first video distribution protocol to
take advantage of the upstream bandwidth of its clients It
constructs chains of clients such that (a) the first client in the
chain receives its data from the server, and (b) subsequent
clients receive their data from their immediate predecessor
As a result, video data are “pipelined” through the clients
belonging to the same chain. Since chaining only requires
clients to have very small data buffers, a new chain has to be
restarted every time the time interval between two successive
clients exceeds the capacity β of the buffer of the first client
Figure 1 shows three sample client requests Since client a is
the first customer, it will get all its data from the server As
client b arrives less than β minutes after customer a, it can
receive all its data from client a Finally, client c arrives more
than β minutes after client a and must be serviced directly
by the server. Optimized chaining [4] exploits the buffers of
other clients in order to construct longer chains and reduce
the server workload.

The cooperative video distribution protocol [5] extends
the chaining protocol by taking advantage of the larger buffer
sizes of modern clients Hence, it should be better named
extended chaining If all clients have buffers large enough to
store the entire video, the server will never have to transmit
video data at more than the video consumption rate.

Stream tapping [6, 7], also known as patching [8],
requires each client set-top box to have a buffer capable of
storing at least 10 to 15 minutes of video data and to be
able to receive data at at least twice the video consumption
rate This buffer will allow the set-top box to “tap” into data
streams that were originally created for previous clients, and
then store these data until they are needed In the best case,
clients obtain most of their data from an existing stream.

Customer a

Customer b

Customer c

Complete stream

Useful part of complete stream

Tap

Useful part of complete stream

Tap Tap

Useful part of previous tap

Δb Δb

Δc Δc

Figure 2: How stream tapping works.

In particular, stream tapping defines two types of
streams. Complete streams broadcast a video in its entirety.
Full tap streams can be used if a complete stream for the same
video started β ≤ b minutes in the past, where b is the size of
the client buffer, measured in minutes of video data. In this
case, the client begins receiving the complete stream right
away, storing the data in its buffer Simultaneously, it receives
a full tap stream and uses it to display the first Δ minutes of
the video. After that, the client will consume directly from its
buffer Stream tapping also defines partial tap streams, which
can be used when Δ > β. In this case, clients must go through
cycles of filling up and then emptying their buffer, since
the buffer is not large enough to account for the complete
difference in video position.

To use tap streams, clients need only receive at most two
streams at any one time. Clients that can receive data at three
times the video consumption rate can use an option of the
protocol called extra tapping. Extra tapping allows clients
to tap data from any stream on the VOD server, and not
just from complete streams. Figure 2 shows some samples of
client requests As client a is the first client, it is serviced by a
complete stream, whose duration is equal to the duration D
of the video. Since client b arrives Δt minutes after client a,
it can share D −Δt minutes of the complete stream and only
requires a full tap of duration Δt minutes Finally, customer
c can use extra tapping to tap data from both the complete
stream and the previous full tap, and so its service time is
smaller than Δc.

Eager and Vernon’s dynamic skyscraper broadcasting
(DSB) [9] is another reactive protocol based on Hua
and Sheu’s skyscraper broadcasting protocol [10, 11] Like
skyscraper broadcasting, it never requires the STB to receive
more than two streams at the same time Their more recent
hierarchical multicast stream merging (HMSM) protocol
requires less server bandwidth than DSB to handle the same
request arrival rate [12] Its bandwidth requirements are
indeed very close to the upper bound of the minimum
bandwidth for a reactive protocol that does not require the
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STB to receive more than two streams at the same time, that
is,

η2 ln
(

1 +
Ni

η2

)
, (1)

where η2 = (1 +
√

5)/2, and Ni is the request arrival rate.
Selective catching [13] combines both reactive and proac-

tive approaches. It dedicates a certain number of channels for
periodic broadcasts of videos, while using the other channels
to allow incoming requests to catch up with the current
broadcast cycle. As a result, its bandwidth requirements are
O(log(λiLi)), where λi is the request arrival rate and Li the
duration of the video.

3. OUR PROTOCOL

Both chaining and the cooperative protocol require clients
capable of sending video data at the video consumption
rate As a result, they exclude clients that have limited
upstream bandwidths, say, no more than one eighth to one
fourth of their downstream bandwidths While these clients
might be able to download video data at twice their video
consumption rate, they might only be able to forward video
data at one fourth to one half of that rate.

We wanted to develop a video distribution protocol that
allowed clients to participate in the video distribution pro-
cess even if they could only retransmit data at a fraction of the
video consumption rate [14] We thus assumed the following:

(1) clients would be able to receive video data at twic
their video consumption rate,

(2) clients would only be able to forward video data at a
rate equal to a fraction α of the same video consump-
tion rate,

(3) clients would not be able to multicast video data,

(4) clients would not have to forward video data after
they have finished watching that video,

(5) clients should have enough buffer space to store
the previously viewed portion of the video they are
watching until they have finished watching it.

As we can see, our protocol makes few demands on the
transmission capabilities of the client hardware In contrast, it
requires client buffers capable of storing an entire video, that
is, several gigabytes of compressed video data Two factors
motivated this choice First, the diminishing cost of every
kind of storage makes this requirement less onerous today
than it would have been a few years ago Second, we expected
many clients to keep the previously viewed portion of the
video they are watching in their buffers in order to provide
the equivalent of a VCR rewind feature.

Our protocol is a fairly straightforward implementation
of stream tapping without extra tapping as extra tapping
would have required clients to be able to receive videos at
three times the video consumption rate It only differs from
the original stream tapping protocol in the way it handles
its tap streams While tap streams originally were the sole
responsibility of the server, this task is now shared by the

Client a

Client b

Client c

From server

Tapping

Tapping

From a

From server

From a

From b

From server

Δt

Δt′

Tc

Figure 3: How the full tap streams are distributed among the server
and the previous clients.

server and client b. Let us consider the scenario described in
Figure 3 and focus on the request issued by client c. Let Δt′

denote the time interval between that request and a request
issued by client b, and let Tc denote the time elapsed since
the start of the last request that was serviced by a complete
stream.

(1) If Tc ≥ D, the two requests do not overlap and client
c cannot tap any data from the last complete stream As in the
original stream tapping protocol, the server will then start a
new complete stream.

(2) If Tc < D, there is an overlap between the current
request and the last complete stream As in the original stream
tapping protocol, the server will then evaluate whether it
would be more advantageous to keep tapping from the last
complete stream or to start a new one If the server decides
to keep tapping from the last complete stream, it will have
to provide client c with a full tap stream of duration Tc Two
alternatives must now be considered:

(a) if Tc ≤ D − Δt′, client b will provide a fraction α of
the full tap stream and the server the remaining 1 – α
fraction of the stream;

(b) if Tc > D − Δt′, client c will finish watching the
video before being able to transmit all its share of the
full tap stream, and will only be able to transmit a
fraction α(D−Δt′)/Tc of the full tap stream with the
server transmitting the remainder of the stream.

If the video is long enough, the new request is likely to
overlap with more than one previous request We propose
to harness the available bandwidth of the clients that issued
these requests in order to further reduce the workload of
the server. The contributions of these clients will be subject
to two restrictions. First, upstream bandwidth restrictions
prevent any client to upload data for two different clients
at the same time. Second, we will never require a client to
transmit video data after the client has finished watching the
video.
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In our example, the request form client a is entirely
serviced by a complete stream coming from the server The
request from client b gets the last D−Δt minutes of the video
by tapping client a’s complete stream and the first Δt minutes
from a full tap stream of duration Δt A fraction α of this
stream will be sent by customer a, and the remaining 1 − α
fraction will come from the server Assuming that the server
decides not to start a new complete stream for customer c,
that customer would get the following.

(1) The last D−(Δt+Δt′) minutes of the video by tapping
client a’s complete stream.

(2) A fraction α of the first D− (Δt +Δt′) minutes of the
video from a tap stream sent by customer a; this tap
stream will end when customer a will finish watching
the video D − (Δt + Δt′) minutes after the arrival of
customer c.

(3) A fraction α of the first D − Δt′ minutes of the video
from a tap stream sent by customer b; this tap stream
will end when customer b will finish watching the
video D−Δt′ minutes after the arrival of customer c.

(4) The remaining portion of the first Δt + Δt′ minutes
of the video from the server.

One last issue to consider is when to halt tapping from
the current complete stream and start a new one.To achieve
this goal, our protocol keeps track of the minimum average
request service time of all requests sharing the same complete
stream Before adding a new request to a group, it computes
what would be the new average request service time of the
group if the new request was added to the group Should
this new average request service time be lesser than or equal
to the minimum average request service time of the group,
our protocol adds the new request to the group; otherwise, it
starts a new group This criterion is similar but not identical
to that used by Carter and Long [6, 7].

3.1. Handling client failures

To operate correctly, our protocol requires all clients to
forward video data to the next customers for the same video
Any client failure will deprive all subsequent customers from
their video data.

There is a simple solution to the problem Let us return
to the scenario of Figure 3, where client c receives most of its
tap stream from clients a and b, while client b receives almost
half of its tap stream from client a Any failure of either client
a or client b would immediately affect the correct flow of data
to client c A failure of client a will require the server to take
over the role of client a and send the missing video data to
clients b and c. A failure of client b would have less impact
on the server workload as it would also free client a from its
obligation to send client b a fraction of its tap stream, thus
freeing enough upstream bandwidth to let client a take over
the role of client b and send most of the missing video data
to client c Making the protocol fault tolerant will thus require
the server to keep track of which client is sending video data
to each client.
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Figure 4: Server bandwidth requirements of the new stream
tapping protocol.

4. PERFORMANCE EVALUATION

To evaluate the performance of our new protocol, we
designed a simulator modeling the distribution of a two-
hour video assuming that request arrivals could be modeled
by a Poisson process [14]. It is based on similar simulators
used for previous papers on stream tapping and was
modified to model clients that could not forward video data
at a rate equal to the video consumption rate [15, 16].

Figure 4 displays the server bandwidth requirements of
our new stream tapping protocol for selected values of α and
request arrival rates varying between one and one thousand
requests per hour All bandwidths are expressed in multiples
of the video consumption rates In addition, the dotted line
represents the server bandwidth requirements of the original
stream tapping protocol with extra tapping Let us observe
that the comparison between the two protocols is not totally
fair since extra tapping requires clients capable of receiving
video data at three times the video consumption rate, while
our protocol only requires clients capable of receiving video
data at two times that rate.

As we can see, our new stream tapping protocol outper-
forms conventional stream tapping even when clients can
only forward data at one fourth of the video consumption
rate, that is, when α = 0.25. These results are much better
than those of an earlier version of the protocol that would
not allow clients to receive video data from more than one
client [16].

This excellent performance comes however at a stiff price
As seen in Figure 5, the network bandwidth requirements
of our stream tapping protocol increase much more rapidly
than those of the original stream tapping protocol when the
client request arrival rate exceeds ten requests per hour. This
phenomenon can be explained in part by the fact that our
protocol does not allow extra tapping A more important
factor is the way the server decides when to start a new
complete stream. Since the clients handle most of the tap
streams, adding extra requests to any existing group has a
negligible impact on the server workload As a result, the
server never starts a new complete stream before the end
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Figure 5: Network bandwidth requirements of the new stream
tapping protocol.

of the previous one. Thus the average duration of a tap
stream is equal to half the duration of the video and the
average network bandwidth is roughly equal to one half the
bandwidth required by a unicast scheme.

A simplistic solution to this problem would be to limit
the size of the tap streams to a fraction βmax of the duration
of the video. This would reduce the average duration of these
streams and proportionally reduce the network bandwidth.
This solution would however affect the performance of the
protocol at low-arrival rates, where long tap streams are the
norm Having investigated several other options, we found
out that the best way to limit the growth of the network
bandwidth was to limit the size of the tap streams at high
arrival rates. At the same time, we did not want to complicate
the design of the server by requiring it to maintain some
moving average of the request arrival rates for each video.

We decided instead to use as threshold the number of
clients sharing the same complete stream and force the server
to start a new complete stream whenever (a) the size of the
tap stream would otherwise exceed a fraction βmax o the
duration of the video, and (b) more than Nmax requests were
already sharing the current complete stream.

Figures 6 and 7 display the impact of this modification
to the server and network bandwidth of our protocol. We
considered clients capable of uploading data at one-fourth
the video consumption rate and set our βmax to 0.25. Each
individual curve corresponds to a different value of Nmax.
We see that limiting the tap stream length to one quarter of
the video duration reduces by a factor of four the network
bandwidth of the protocol, while increasing the server
bandwidth at the highest arrival rates by the same factor.
Even under these conditions, the server bandwidth remains
well below that of the original stream tapping protocol.

5. AN ANALYTICAL MODEL

As in a previous paper [17], we consider stream tapping
without extra tapping for a video of duration D that is being
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Figure 6: Server bandwidth requirements of the protocol for α =
0.25, and βmax = 0.25.
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Figure 7: Network bandwidth requirements of the protocol for α =
0.25, and βmax = 0.25.

accessed at a rate λ. We assume that we will restart a new
complete stream whenever the length of the next full tap
exceeds βD, where 0 < β ≤ 1 is a parameter to be determined.

In other words, we will wait for an incoming request, start
a complete stream of duration D, tap this stream over a time
interval of duration βD, then restart the process.

During this time interval, the server will process an
average of λβD requests in addition to the request that
prompted the complete stream Hence the average number
of requests sharing the same complete stream is

navg = 1 + λβD. (2)

Since the lengths of the λβD full tap streams in the
group will be uniformly distributed over the interval (0,
βD], the average duration of each of these streams will be
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equal to βD/2 The total duration of the streams required for
processing these 1 + λβD requests will thus be

W = D + (λβD)
(
βD

2

)
= D +

λβ2D2

2
. (3)

We define the average service time Tavg for the requests
in a group as the total duration W of the streams required
for processing these requests divided by the number navg of
requests in the group We will then have

Tavg = W

navg
= D + λβ2D2/2

1 + λβD
. (4)

Our protocol assumes that previous clients will share
with the server the task of sending the full tap streams Let
γ ≤1 denote the fraction of the tap streams that the clients
will be able to send. This fraction γ will depend both on the
factor α characterizing the upload bandwidth of the clients
and the existence of previous clients whose requests overlap
with the current requests. As the request arrival increases, the
number of these clients will also increase, which will allow
them to send a larger fraction γ of the tap streams.

For a given value of γ, the contribution of the server to
the average request service time will be

Ts,avg = D + (1− γ)λβ2D2/2
1 + λβD

, (5)

and that of the previous clients will be

Tc,avg = γλβ2D2/2
1 + λβD

. (6)

To find the value βopt of the coefficient β that minimizes
the server workload, we differentiate (5) with respect to β,
obtaining

(1− γ)λβD2(1 + λβD)− λD
(
D + (1− γ)λβ2D2/2

)
(1 + λβD)2 , (7)

the only positive root of which

βopt =
√

2λD(1− γ) + (1− γ)2 − (1− γ)

λD(1− γ)
. (8)

When γ equals zero, clients do not participate in the sending
of full tap streams and (5) reverts to

βopt =
√

2λD + 1− 1
λD

. (9)

When γ equals 1, clients handle all full tap streams, the server
only handles the complete streams, and βopt goes to infinity
As a result, the server will never start a new complete stream
before the end of the previous one, and the server bandwidth
Bs,ST will never exceed one channel.

To estimate the total bandwidth requirements of the
clients when γ = 1, let us consider, let us consider an interval
of duration 2D starting with the beginning of a new complete
stream During this time interval, the system will receive
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Figure 8: Server bandwidth requirements of the new stream
tapping protocol.

an average of 2λD requests in addition to the request that
prompted the complete stream and the clients will send an
average of 2λD full tap streams. Since the lengths of these full
tap streams will be uniformly distributed over the interval
(0, D), the average duration of each of these streams will be
equal to D/2 The total duration of these streams will thus be

Wc = (2λD)
(
D

2

)
= λD2. (10)

The average bandwidth Bc,ST used by the clients to send
full taps streams is then given by dividing this expression by
the duration of the considered interval,

Bc,ST = Wc

2D
= λD

2
. (11)

The total network bandwidth requirements BST of our
protocol are obtained by adding the average bandwidth Bs,ST

used by the server to that expression As we can see in
Figure 4, Bs,ST is very close to on for large values of λ. We
can thus approximate BST as

BST = Bc,ST + Bs,ST ≈ λD

2
+ 1. (12)

Compare these requirements with those of a video
distribution scheme that does not use any form of multicast
Over an interval of duration T, it will handle an average of
λT requests. Since each request will be serviced by a separate
stream of duration D, the total duration of these streams
will be λDT, and the average bandwidth requirements of
the scheme would be λD, that is, almost twice the average
bandwidth BST requirements of our cooperative stream
tapping protocol.

Figures 8 and 9 compare our analytical results with our
simulation results We considered the two limit cases when γ
= 0 and γ = 1 As we can see, both models predict identical
network bandwidths for all values of α and all arrival rates.

This is not the case for server bandwidths Both models
are in substantial agreement when either α = 0 or α ≥0.5 and
disagree when 0 < α < 0.5 Let us consider these three cases.
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Figure 9: Network bandwidth requirements of the new stream
tapping protocol.

(1) α = 0

When α = 0, the clients cannot upload video data Hence, γ =
0 and both models predict identical network bandwidths.

(2) α ≥ 0.5

When α ≥ 0.5, the clients can upload video data at at least
half the video consumption rate. As a result, they can handle
most, if not all, of the tap streams, and their share γ of
the stream tapping data is close to one. This is less true for
request arrival rates below 20 requests per hour, where the
server must still handle a small fraction of the tap streams.

(3) 0 < α < 0.5

When 0 < α < 0.5, the clients have very limited upload
bandwidths They participate in the distribution of tap
streams but cannot fully substitute for the server as long as
the request arrival rate remains below 60 requests per hour
As a result, 0 < γ <1 and the actual server bandwidth stands
somewhere between the values predicted for γ = 0 and γ = 1.

Let us turn now our attention to the performance of
the scheme reducing the network bandwidth consumption
of our protocol at high arrival rates Recall that this scheme
consisted of starting a new complete stream whenever (a) the
size of the tap stream would otherwise exceed a fraction βmax

of the duration of the video, and (b) more than Nmax requests
were already sharing the current complete stream.

On the average, this scheme will take effect whenever the
request arrival rate λ will exceed a threshold,

λ∗ = Nmax

βmaxD
. (13)

At higher arrival rates, the server will restart a new
complete stream of duration each βmaxD time units Its
bandwidth requirements will thus be equal to 1/βmax As a
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Figure 10: Server bandwidth requirements of the protocol for α =
0.25, βmax = 0.25, and Nmax = 100.

result, the average bandwidth requirements of the server will
be

Bs,ST =

⎧⎪⎪⎨
⎪⎪⎩

1 for λ < λ∗,

1
βmax

for λ ≥ λ∗.
(14)

Let us now focus on the behavior of clients at arrival rates
greater than or equal to λmax Assuming again that the clients
will handle all full tap streams, they will send an average of
λβmaxD full tap streams each βmaxD time units The average
length of these tap streams will be equal to βmaxD/2, and the
average bandwidth Bc,ST used by the client will be

Bc,ST =

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

λD

2
for λ < λ∗,

λβmaxD

2
for λ ≥ λ∗.

(15)

Figures 10 and 11 compare our analytical results with our
simulation results for α = 0.25, βmax = 0.25, and Nmax = 100
As before, both models predict identical or near identical
network bandwidths for all values of α and all arrival rates
This is not the case for the server bandwidth Here again our
analytical model underestimates the server bandwidth when
the request arrival rate remains below 60 requests per hour
because it incorrectly assumes that the clients can handle all
tap streams.

We can thus say that the results of our probabilistic anal-
ysis confirm those obtained through our simulation study
and conclude that our cooperative stream tapping protocol
can effectively harness the collective upload bandwidth of its
clients even when each individual client cannot upload video
data at more than one quarter of the video consumption
In addition, requiring the server to restart complete streams
at fixed intervals provides an effective tool for limiting the
network bandwidth consumption of the protocol.
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6. PROTOCOL APPLICABILITY

Many organizations such as universities and companies run
their own multicast-capable networks Consider the example
of a local telephone company that decides to increase its ser-
vice offerings to include on-demand video entertainment
Many of their existing clients are already subscribed to
their high-speed internet access by means of DSL With our
solution, the telephone company can make use of their mult-
icast-enabled infrastructure to deliver videos on demand to a
large number of clients at very low cost.

7. CONCLUSIONS

We have presented a stream tapping protocol that involves
clients in the video distribution process Our protocol is
tailored to multicast-capable environments where client
machines are able to download video data at twice the video
consumption rate but cannot necessarily forward video data
at that rate. We observed that our technique achieved a
dramatic reduction of the server workload at medium to high
request arrival rates but also resulted in much higher network
bandwidth consumptions. These increases can however be
controlled by requiring the server to restart complete streams
at some specific intervals Even then, the server bandwidth
requirements of the protocol remain well below those of pure
client-server solutions.

Our proposal differs from conventional peer-to-peer
(P2P) solutions in two different ways First, it assumes the
existence of one or more servers capable of multicasting
video data at twice to four times the video consumption rate
This allows the protocol to make much more efficient use
of the network bandwidth as a single video stream can be
broadcast to an arbitrary number of clients Second, it does
not require peers to be able to upload video data at more than
one quarter to one half of their video consumption rates,
which would not be possible in a pure P2P solution such
as [18] In pure P2P systems, the download rate is positively
correlated to the upload rate Legout et al. [19] illustrated

through experiments that the amount of data uploaded is
very close to the data downloaded in P2P systems such as
BitTorrent [20]. Thus, to sustain a video streaming service,
a peer should have an upload rate at least equal the video
consumption rate.

Stream tapping protocol involving clients is a very
good solution, especially over local networks as it provides
a scalable way to distribute on-demand high-bandwidth
videos streams without overtaxing the network bandwidth.
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Aggregates of real-time traffic may experience changes in their statistical characteristics often manifesting non stationary behavior.
In multi protocol label switching (MPLS) networks this type of the traffic is assigned constant amount of resources. This may
result in ineffective usage of resources when the load is below than expected or inappropriate performance when the load is
higher. In this paper we propose new algorithm for dynamic resource adaptation to temporarily changing traffic conditions.
Assuming that network nodes may reallocate resources on-demand using automatic bandwidth adjustment capability of MPLS
framework, the proposed algorithm, implemented at ingress MPLS nodes, dynamically decides which amount of resources is
currently sufficient to handle arriving traffic with given performance metrics. This decision is then communicated to interior
MPLS nodes along the label switched path. As a basic tool of the algorithm we use change-point statistical test that signals time
instants at which statistical characteristics of traffic aggregates change. The major advantage of the proposed approach is that
it is fully autonomous, that is, network nodes do not need any support from hosts in terms of resource reservation requests.
The proposed algorithm is well suited for traffic patterns experiencing high variability, especially, for non stationary type of the
traffic.
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1. INTRODUCTION

Congestion is one of the major problems that degrades
performance of networks. It occurs when network resources
are insufficient for a current load or when load distribution
is uncontrolled. The latter was the main problem of IP
networks back in 1990s. Existing interior gateway protocols
(IGPs) were topology-driven, took decision on routing
packets based on network connectivity only and did not
take into account resource requirements of traffic patterns.
Traffic engineering (TE) capabilities of MPLS framework
are intended to avoid the situation where congestion occurs
as the result of inefficient resource allocation. TE attempts
to provide best possible utilization of network resources
avoiding noneven load distribution. Nowadays, MPLS is
considered the vital part of QoS-aware networks.

Traffic patterns in packet-switched networks are char-
acterized by deterministic trends similar to those found in
classic telephone traffic. Particularly, it was demonstrated
that there are clear daily variations in statistical parameters

of traffic aggregates and these variations can be specific for
different services [1]. They are often caused by preference of
users to use a certain network service in a specific time of the
day. Authors in [1] also noticed that there is a clear indication
of the busy hour in link usage patterns. Irregular changes in
statistical parameters of traffic aggregates were also reported
in [2–4]. In [5], authors highlighted that operators’ pricing
scheme may also produce changes in traffic patterns resulting
in additional source of nonstationarity. Besides commonly
believed self-similar and long-range dependent properties
(see [6–8] among others), nonstationarity is one of the major
reasons for a traffic pattern to exhibit high variability.

In modern QoS-aware networks, resources for traffic
aggregates are often allocated statically based on busy hour
traffic expectations. In this case, high variability of a traffic
pattern requires significant overprovisioning of network
resources. Practically, high variability implies that there are
large bursts in a traffic pattern. To serve such traffic with
given performance metrics, sufficient amount of resources
must be provided during this period. However, there are also
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long time spans during which the local average of the traffic
pattern stays well below the global average. This implies that
for a traffic pattern exhibiting high variability static resource
allocation leads to ineffective usage of network resources. We
also note that the busy hour traffic volume may not be known
in advance making the decision about the required resources
completely unclear.

The network always has up-to-date view of traffic aggre-
gates. The straightforward way to deal with overprovisioning
or underprovisioning of resources is to allow network
nodes to dynamically choose the amount of resources that
is sufficient for current arrival statistics of a traffic aggregate.
The rest of resources can be temporarily assigned to
other traffic aggregates. To deal with this problem, MPLS
networks provide automatic bandwidth adjustment capa-
bility. It allows an MPLS label switched path (LSP) to
automatically adjust bandwidth allocation based on its traffic
load measured over the sampling interval of a certain length.
Unfortunately, automatic bandwidth adjustment procedure
does not take into account that statistical characteristics
of traffic patterns may vary even during a single sampling
interval. The length of the sampling interval is another
important issue that affects performance of the resource
allocation and requires additional administrative efforts.
Dealing with time-varying traffic patterns, fully automatic
bandwidth adjustment scheme that requires no additional
administrative effort would be of a great benefit for network
operators.

In this paper, we propose resource description and
allocation scheme that dynamically reallocate resources to
traffic aggregates in MPLS networks. Assuming that network
nodes may reallocate resources on-demand using automatic
bandwidth adjustment capability of MPLS framework, the
proposed algorithm decides which amount of resources is
currently sufficient to handle arriving traffic with given
performance guarantees. We describe the structure of the
proposed system and demonstrate its applicability using real
traffic traces. As a basic tool of the algorithm, we use change-
point statistical test. It allows to automatically determine
whether statistical characteristics of a traffic pattern change
and, if so, estimate new parameters of the traffic pattern.
The major advantage of the proposed approach is that
it is fully autonomous, that is, the network does not
need any support in terms of explicit resource reservation
requests. The proposed algorithm is especially wellsuited for
nonstationary type of the traffic whose statistical parameters
change in time. Presented numerical results reveal that
the proposed approach may provide significant resource
savings.

The rest of the paper is organized as follows. In Section 2,
we briefly review automatic bandwidth allocation capability
of MPLS networks. In Section 3, we consider dynamic nature
of aggregated video traffic. Model for covariance-stationary
behavior of aggregated video traffic is also proposed there.
Change-point statistical test for detecting changes in arrival
statistics is introduced in Section 4. The dynamic resource
allocation system is proposed in Section 5. Numerical exam-
ples are given in Section 6. Conclusions are drawn in the last
section.

2. MPLS NETWORKS

2.1. Traffic engineering in MPLS

Modern QoS-aware networks such as DiffServ, MPLS, or
joint DiffServ/MPLS are specifically designed to be flexible
enough to reallocate network resources in the best possible
way, such that the required performance is provided using
minimum amount of resources. Although MPLS is not
considered a QoS framework for IP networks, it provides
a number of advantageous features to network operators.
According to MPLS, data are transmitted along the so-
called label switched paths (LSPs) that can be explicitly
chosen by network operators [9]. For this purpose, MPLS
assigns short labels to network packets that describe how
to forward them through the network. This feature enables
effective traffic engineering (TE) capabilities [10] compared
to classic approach that adopts usage of interior gateway
protocol (IGP) metrics. Label switched paths (LSPs) are
computed in traffic engineering databases (TED, [10]) in
ingress routers that are filled by IGP advertisements. For this
reason, IGP protocols were extended to support advanced
metrics such as available bandwidth on a link [11, 12].
LSPs are then established using either resource reservation
protocol modified to support traffic engineering (RSVP-TE,
[13]) or label distribution protocol with constrained routing
(CR-LDP, [14]).

Traffic engineering capabilities of MPLS allow to control
the path that data packets follow in the network avoid-
ing standard routing strategy of IGP protocols. They are
intended to deal with the situation where congestion occurs
as the result of inefficient resource allocation. TE tries
to provide best possible utilization of network resources
avoiding noneven load distribution. This is achieved by real-
time monitoring of the traffic load on each network element
and further tuning of traffic management attributes, routing
parameters, and resources constraints.

2.2. Automatic bandwidth adjustment

Traffic aggregates in DiffServ, MPLS, and joint MPLS/Diff-
Serv networks are still described statically using the token
bucket mechanism. Automatic bandwidth adjustment capa-
bility of MPLS networks allows an LSP to automatically
adjust its bandwidth allocation based on the measured traffic
load. It works as follows. During the sampling interval of a
certain length, the average bandwidth is monitored. At the
end of the interval, an attempt is made to signal a new LSP
with the bandwidth allocation set to the average value for
the preceding sampling interval. If a new path is established,
the original path is removed and the LSP is switched to the
new path. If a new path is not established, the LSP continues
to use its current path until the end of the next sampling
interval, when another attempt is made.

While the approach described above is considered to be
automatic in nature, it does not take into account possible
time-varying behavior of traffic patterns. When the sampling
interval is too large, there can be multiple changes in
the mean value of traffic observations that may severely
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Figure 1: Reference configuration of the service.

bias the statistics. On the other hand, too short sampling
interval may burden the network with excessive signaling
information. The approach that triggers LSP reestablishment
when statistical characteristics of a traffic patterns do change
could provide trade-off between the amount of signaling
information and accuracy of bandwidth allocation.

2.3. Service configuration

Reference configuration of the service we consider is pre-
sented in Figure 1, where AN stands for access network. We
assume that there is a network operator providing network
resources for a service provider. Service provider provides
a QoS-constrained video distribution service to a number
of users across the network. We assume that there is a
specifically established LSP for video traffic aggregate and
routers along the path of the traffic aggregate implement
MPLS framework with dynamic bandwidth adjustment
capability. The network operator is required to provide
guarantees to this traffic aggregate in terms of mean losses
and delays.

3. TIME-VARYING NATURE OF AGGREGATED
VIDEO TRAFFIC

To represent traffic arrival process, we use video traffic traces
available from the University of Berlin [15]. We consider
video traffic using the granularity of a second. Although we
use H.263 VBR traces, we have checked that conclusions
stated in this paper remain valid for MPEG-4 VBR traces
from the same traffic archive and MPEG-1 VBR sequences
from University of Wurzburg [16].

3.1. Traffic aggregate: varying number of sources

We generated traffic traces simulating behavior of the video
distribution system as explained below. We assume that at
a certain instant of time t0 there are no active sessions and
this is the time instant when the system enters its operational
state. After t0, session requests start to arrive to the system.
Each arrival requests an arbitrary video sequence. We used
uniform distribution over all available traces to determine
the requested sequence. Interarrival times of sessions are
geometrically distributed with a certain probability P. We
assumed that session arrival process is time-varying meaning
that P varies in time. This is a natural assumption for any
service where the session arrival rate is different for different
time of the day. We simulated 50 session arrivals. First 15

and last 15 arrivals were drawn from geometrical distribution
with P = .001, 20 arrivals in the middle occur according
to geometrical distribution with P = .005. Note that these
parameters allow to mimic behavior of the system prior,
during and after the busy hour.

Time-series of generated traces are shown in Figure 2.
Observing these traces, it is natural to expect that statistics of
the aggregated traffic are time-varying. Indeed, when the rate
of session arrivals varies in time, it is unrealistic to assume
that aggregated traffic may converge to covariance stationary
process except for some segments during which the number
of active sessions remains constant. For other choices of
P and different number of generated sessions, traces look
qualitatively similar meaning that their statistical parameters
do vary in time. Note that statistical characteristics of traffic
aggregates may also vary due to other phenomena including
long-range dependent, self-similar or nonstationary prop-
erties of individual streams. In this paper, the actual cause
of variability is of no interest as long as change detection
mechanism is able to detect points at which changes occur
and subsequently estimate current traffic statistics.

An important property of aggregated traffic is that
changes in the mean value lead to changes in the variance
and vice versa. Figure 3 highlights this behavior. As one can
observe, this dependency is almost linear allowing to track
changes in one parameter only, either mean or variance.

3.2. Traffic aggregate: fixed number of sources

Consider statistical characteristics of the aggregated traffic
when the number of multiplexed sources is kept constant.
To obtain aggregated traffic patterns, we arbitrarily choose 9
traces out of the archive and multiplex them synchronizing
starting times of all traces. We limited all traces to 1200
seconds.

Time-series of six aggregated traces are shown in
Figure 4. Observing these traces, one may suggest that
statistics of the aggregated traffic may not significantly vary
in time. Indeed, when the number of video traffic sources is
fixed and relatively large, it is straightforward to assume that
the aggregated traffic may converge to covariance stationary
process with normal distribution [5].

To support our hypothesis about covariance stationarity,
we carried out a number of tests. First, we divided each
trace into 6 nonoverlapping segments each of which contains
exactly 200 observations. Mean values of these segments are
shown in Figure 5. One may see that the mean value of single
traces does not change in time significantly. For all traces, the
ranges of mean values are less than 20% of global means of
respective traces. These variations can be attributed to posi-
tive autocorrelation found in these traces. Finally, we tested
our traces for homogeneity. To do so, each trace was divided
into two samples having the same number of observations.
In our case, this corresponds to 600 observations. Then, we
applied χ2 test for homogeneity of two samples. This test
allows to check hypothesis H0 that two parts have the same
distribution against alternative hypothesis,H1, that they have
different distributions. Performed tests revealed that with
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Figure 2: Aggregated traffic from varying number of sources.
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Figure 4: Aggregated traffic traces from a fixed number of sources.
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level of significance α = 0.1 two parts of the same trace have
the same distribution.

Histograms of relative frequencies ofconsidered traces
and their approximations by normaldistributions are shown
in Figure 6, where fi,Y (Δ), i = 1, 2, . . . is the relative
frequency corresponding to is bin, Δ = (max∀iY(i) −
min∀iY(i))/m is the width of the histogram bin. These
approximations suggest that aggregated traffic from fixed
number of sources is normally distributed. The χ2 goodness-
of-fit test performed with the level of significance α = 0.1
confirmed this hypothesis.

Empirical normalized autocorrelation functions
(NACFs) for all traces are shown in Figure 7. One may
note that the memory of the process is short and limited
to few lags. We approximate this behavior using a single
geometrical term, for example, y(i) = KY (1)i, i = 0, 1, . . ..
This approximation exactly captures lag-1 values of
NACFs of empirical processes and does not significantly
overestimate or underestimate autocorrelation coefficients
for larger lags.

Presented results allow us to assume that when the num-
ber of multiplexed sources remains constant the aggregated
video traffic composes realization of covariance stationary
stochastic process. We note that our tests do not allow us
to be statistically strict regarding covariance stationarity.
Unfortunately, there are no universal and effective methods
to statistically test whether given observations are stationary
or not. However, Carried out tests confirm that the marginal
distribution is normal and depends on the number of mul-
tiplexed traces only NACF tends to zero as time progresses
confirming that the process is ergodic. All these conditions
are necessary for an underlying process to be covariance
stationary. In Section 6, we carry out another test that also
confirms our hypothesis.

3.3. Model for aggregated traffic

To model aggregated traffic from fixed number of sources,
we use covariance stationary autoregressive process of order

one, AR(1). This process has normal marginal distribution
and geometrically decaying ACF allowing us to suggest
that it may produce fair approximation of empirical data
[17]. These two properties of traffic patterns were found to
produce the major impact on their service performance in a
network (see [18, 19] among others).

A process is said to be autoregressive of order one if it is
given by

X(n) = φ0 + φ1X(n− 1) + ε(n), n = 0, 1, . . . , (1)

where φ0 and φ1 are some constants, {ε(n),n = 0, 1, . . .} are
independently and identically distributed random variables
having the same normal distribution with zero mean and
variance σ2[ε].

For (1) to be weakly stationary, it is sufficient to have
φ1 /=1. In this case,

E[X(n)] = μX , Cov
(
X0(n),Xi(n + i)

) = γX(i), (2)

where μX , γX(i), i = 0, 1, . . . are some constants.
Mean, variance and covariance of AR(1) are related to φ0,

φ1, and σ2[ε] as

μX = φ0

1− φ1
, σ2[X] = σ2[ε]

1− φ2
1

, γX(i) = φi1γX(0). (3)

Parameters of AR(1) models are related to statistical data
as

φ1 = KY (1), φ0 = μY
(
1− φ1

)
, σ2[ε] = σ2[Y]

(
1− φ2

1

)
,

(4)

where KY (1), μY , and σ2[Y] are estimates of lag-1 autocorre-
lation coefficient, mean, and variance, respectively.

4. CHANGE-POINT STATISTICAL TESTS

4.1. Basic principles

To differentiate between fluctuations of the aggregated traffic
around a constant mean and those variations caused by
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changes in the mean value, we propose to use change-point
statistical tests. There are a number of change-point detec-
tion algorithms developed to date. The common approach
to deal with this task is to use control charts including
Shewhart, cumulative sum (CUSUM), or exponentially-
weighted moving average (EWMA) charts. The idea of
control charts is to classify all causes of deviation from a
target value into two groups. These are common causes and
special causes. Deviation due to common causes is the effect
of inherent causes affecting a given process. Special causes
are not the part of the process, occur accidentally, and affect
the process significantly. Control charts signal the point at
which special causes occur using two control limits. If values
of a certain function of initial observations are between them,
process is in control. If some value falls outside, the process
is out of control.

For detecting changes in aggregated traffic, we assume
the following. We consider that common causes of deviation
are those resulting in inherent stochastic nature of the
multiplexed traffic from fixed number of video sources.
Special causes are all those causing changes in parameters of
in control processes. For example, among those are arrivals of
new sessions adding new traffic and completions of ongoing
ones subtracting some traffic. The control procedure is as
follows. Initially, a control chart is parameterized using esti-
mates of parameters of the aggregated traffic process. When
change in a parameter occurs, a new process is considered as
in control and the control chart is reparameterized according
to statistics of this process.

Change-point tests often require observations to be
independent. We have seen that aggregated video traffic is
characterized by positive correlation. Autocorrelation makes
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control charts less sensitive to changes in the mean value.
For detecting changes in the mean value of autocorrelated
processes, two approaches have been proposed. According
to the first approach, control limits of charts are modified
to take into account autocorrelation properties. The idea of
the second approach is to fit observations using a certain
time-series model and subsequently test residuals. If the
model fits empirical data well, residuals are uncorrelated and
control charts for independent observations can be used.
Performance of change-point statistical tests for autocorre-
lated data has been compared in [20, 21]. It was shown
that modified control charts on initial observations perform
better when autocorrelation is positive. Due to this reason,
we use the first approach.

4.2. EWMA control charts

Let {Y(n),n = 0, 1, . . .} be a sequence of initial observations.
The value of EWMA statistic at the time n, denoted by LY (n),
is given by

LY (n) = γY(n) + (1− γ)LY (n− 1), (5)

where parameter γ ∈ (0, 1) is constant.
The reason to use EWMA statistical test is that it takes

central part among other control charts. Although, according
to (5), the most recent value always receives more weight in
computation of LY (n), the choice of γ determines the effect
of previous observations of the process on the current value
of EWMA statistics. Indeed, when γ→1 all weight is placed on
the current observation, LY (n)→Y(n), and EWMA statistics
degenerate to initial observations. As a result, EWMA control
chart behaves like Shewhart one [22]. On the other hand,
when γ→0 the current observation gets only a little weight,
but most weight is assigned to previous observations. In this
case, EWMA control chart behaves similar to CUSUM one
[23]. Summarizing, EWMA charts provide more flexibility
at the expense of additional complexity in determining one
more parameter γ. Due to inherent flexibility, we use EWMA
control charts.

Assume that initial observations {Y(n),n = 0, 1, . . . ,N}
are taken from covariance stationary process with mean E[Y]
and variance σ2[Y] and can be well represented by AR(1)
process. If LY (0) = E[Y], it is easy to see that E[LY ] =
E[Y] = μY when n→∞. The approximation for variance of
{LY (n),n = 0, 1, . . .} is given by [20]

σ2[LY ] = σ2[Y]

(
γ

2− γ

)(
1 + φ1(1− γ)
1− φ1(1− γ)

)

, (6)

where φ1 is the parameter of AR(1) process.
The control limits E[LY ]± CY (n) are given by

E[LY ]±CY (n)=E[LY ]±kσ[Y]

√
√√
√
(

γ

2− γ

)(
1 + φ1(1− γ)
1− φ1(1− γ)

)

,

(7)

where k is a design parameter whose values are tabulated.

4.3. Parametrization of EWMA charts

To parameterize the EWMA control chart, a number of
parameters have to be provided. Firstly, parameter γ deter-
mining the decline of weights of past observations should be
set. The values of k and γ determine the wideness of control
belts for a given process with certain σ2[Y] and μY . These
four parameters affect behavior of the so-called average run
length (ARL) value that is used to determine efficiency of
a certain change detection procedure. ARL is defined as the
average number of observation up to the first out of control
signal. There are a number of methods to compute ARL value
for given γ and k. Tabulated values of in control ARL can
be found in [20, 21]. Finally, μY and σ2[Y] are not usually
known in practice and must be estimated from empirical
data. Therefore, estimates of μY and σ2[Y] should be used in
(7). As a result, for real-time implementation of EWMA test,
there should always be a certain warmup period involving
estimation of the mean. Finally, the first value of EWMA
statistics is usually set to the global mean of observations or,
if unknown, to the estimate of mean.

5. RESOURCE ALLOCATION SYSTEM

5.1. Functionality of the system

The proposed resource description and allocation system
should be implemented in ingress MPLS routers. We assume
that ingress routers conform to MPLS specifications. The
only important difference compared to MPLS functionality
is the resource controller. The purpose of this controller
is to monitor arriving traffic of different LSPs for possible
changes in its statistical characteristics and manage the
resource allocation for a given behavior aggregate. Another
responsibility of the controller is to estimate the amount
of resources required to serve incoming traffic with given
performance metrics. It is important that this controller
does not change the traffic pattern allowing it to proceed
unaltered to the output port. We also note that no changes
to interior nodes are required and they must strictly follow
MPLS specifications.

The structure ingress node is shown in Figure 8. It
is intended to operate as follows. Traffic policing unit
is statically parameterized such that the highest possible
load a content provider intends to pay for is allowed
to enter the network. Those packets that conform to
this specification proceed to the resource controller. This
element monitors conforming traffic for possible changes
in its statistical characteristics and estimates the amount
of resources required to serve it with given performance
metrics. Performance metrics must be configured manually.
When change in traffic statistics occurs, resource controller
estimates new resource allocation and advertises it to the
resource allocation mechanism at the output port and to the
MPLS TED associated with ingress node. RSVP-TE is then
used to update resource allocation at all nodes along the path
of LSP.

The structure of the resource controller is shown in
Figure 9. Two major components of this system are the
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real-time traffic estimation module (TEM) and the perfor-
mance evaluation and optimization module (PEOM). The
system operates as follows. The TEM is responsible for
detecting changes in arriving traffic statistics and dynamic
estimation of the traffic state in terms of AR(1) model. To
achieve that, traffic statistics must be observed in real-time
and fed to the input of the change-point analyzer. Change-
point analyzer tests incoming observations for changes in
the mean value using EWMA statistical test. It is important
to note that the change-point analyzer must signal the
point when a change in arriving traffic statistics is detected.
Otherwise, no actions must be taken by the TEM except for
traffic monitoring. If a change is detected, traffic statistics are
computed during the warmup period. Then a new model of
the traffic is parameterized in the modeling block and fed to
the input of PEOM.

According to the design of PEOM, traffic model is fed
to the input of the decision module. Taking the required
performance at the IP layer as another input, this module
decides whether the current performance is satisfactory. If
the performance is satisfactory, the system must further
decides whether the amount of resources for a current state
of the traffic is optimal. In order to take these two decisions,
the module containing the performance evaluation frame-
work is activated and supplied with the current traffic model.
This module may implement the performance evaluation
framework or just contain a set of precomputed performance
curves corresponding to a wide range of traffic statistics. Due
to the real-time nature of the performance control system,
the latter approach is preferable.

Theoretically, when the input traffic statistics change,
performance provided to aggregated traffic or optimal
resource allocation providing a certain performance level or
both change. However, in practical applications we always
have a finite granularity of performance parameters and,
therefore, we have to check whether a new traffic model
does not satisfy performance requirements of aggregated
traffic or results in not optimal resource allocations. If the
performance is predicted to be unsatisfactory, the current
traffic model is used to decide which resource allocation
parameters provide both the required performance level and
optimal usage of resources. Finally, if the resource allocation
is not optimal but the performance is satisfactory, new
optimal resource allocation must be computed. Obtained
resource allocation parameters are then used till the next
change in traffic statistics.

5.2. Estimating resource allocation

As a descriptor of the amount of resources required by an
LSP, token bucket is used. The actual amount of resources
in terms of the buffer space and outgoing link rate share
is inferred from token bucket parameters at each node.
According to the token bucket mechanism, the amount of
traffic allowed in the time interval [0, t) is upper bounded
by A(t) = rt + b, t ≥ 0, where token rate r is related to
the outgoing link rate share, and bucket size b is related
to the buffer space. To parameterize a token bucket, we
have to find a Fair (r, b) satisfying performance criteria.
Usually, there are infinite number of pairs (r, b) satisfying the
required loss performance. However, there is always upper
bound on b that also satisfies delay requirements. There are a
number of approaches to estimate token bucket parameters
using statistics of arrival process. Approaches range from
approximations providing token bucket parameters for worst
case traffic scenarios to exact ones involving solution of
equivalent queueing systems [24, 25]. We are interested
in simple approach providing a feasible option for online
implementation.

To estimate parameters of the token bucket, we use
overflow theory. Let γ(t) be the cumulative arrival process
and let A(s, t) be the amount of work arriving in the interval
(s, t]. The probability that the queue length exceeds b is then

Pr{Q > b} = Pr

{

sup
t≥0

(
γ(t)− rt) > b

}

, (8)

where r is the link rate share assigned to a traffic aggregate.
Using lower bound approximation, we get

Pr

{

sup
t≥0

(
γ(t)− Ct) > b

}

≥ sup
t≥0

Pr
{
γ(t) > b + Ct

}
. (9)

Denoting Ft(x) = Pr{γ(t) ≤ x}, we get

Pr{Q > b} ≥ sup
t≥0

Pr
{
γ(t) > b + Ct

} = sup
t≥0

(
1− Ft(b + Ct)

)
.

(10)

Note that the bucket size, b, should be set such that
the delay is equal to or less than the maximum allowable



D. Moltchanov 9

delay in a network element. Thus the task in (10) reduces
to finding a suitable link rate share that should be assigned
to a traffic aggregate. When Ft(x) is normal, the following
approximation can be used [26]:

r = E[X] + ασ[X], α =
√
−2 ln ε − ln 2π, (11)

where ε is the buffer overflow probability.

5.3. The immediate update mechanism

According to our algorithm, new resource reservation should
only be advertised to network elements when the resource
controller already estimated a new allocation. This informa-
tion is available at the end of the warmup period. For some
traffic patterns (e.g., VoIP aggregates), this period can be
long enough to receive inadequate treatment in a network.
To ensure that the proposed algorithm continuously provides
the desired level of performance, we propose to use following
adaptive mechanism. When increase in the mean value is
detected, a new resource allocation (r+, b+) is immediately
estimated and advertised to the output buffer and network
elements along the path of the LSP. Since at the beginning of
the warmup period we do not know traffic statistics yet, the
choice of (r+, b+) is somewhat arbitrary. One possible way is
to estimate new resource allocation using mean (E[Y] + CY )
and variance, σ2[Y], where E[Y], CY , and σ2[Y] are the
mean, control limit, and variance of previous in control
segment, respectively. When the warmup period expires and
statistics of new in control process are available, new resource
allocation is computed and advertised.

The same algorithm can be used when the mean
value decreases. Another approach is to advertise new
resource allocation at the end of the warmup period only.
Indeed, since the mean value decreases we still ensure that
appropriate performance is continuously provided. Note
that the immediate update mechanism results in additional
signaling load consisting of RSVP-TE reservation updates
and subsequent IGP-TE resource allocation advertisements
[27].

6. NUMERICAL EXAMPLES

6.1. Aggregated traffic: fixed number of sources

In Section 2, we assumed that aggregated traffic from fixed
number of video traffic sources composes realization of
the covariance stationary process. Let us now provide one
more reason for this conclusion applying EWMA change-
point test to first two traces demonstrated in Figure 4.
We already found that this traffic is normally distributed
and there is significant lag-1 autocorrelation. Due to these
properties, control limits are computed according to (7). The
warmup period used to compute control limits was set to
50 observations. EWMA statistics for different values of γ
and k are shown in Figure 10. Note that k = 3, γ = 0.01
correspond to 137.91 in control ARL for the first trace and
175.24 in control ARL for the second trace. Parameters k = 3
and γ = 0.001 correspond to 956.68 in control ARL for

the first trace and 1286.97 in control ARL for the second
one. One can observe that no change in the mean value of
traffic observations is detected even though the ARL values
for k = 3 and γ = 0.01 are relatively small. These results
suggest that the mean value of the aggregated traffic from
fixed number of sources does not vary in time as required
by covariance stationarity. Similar results have been obtained
for other traces.

Note that for both traces and all values of γ, the param-
eter k was set to 3. In general, to match a given ARL value,
different values of γ require different values of k. It was also
found that usage of tabulated values may lead to many out of
control signals even when there are no new session arrivals
or departures. One of the reasons is that the monitored
process may not be exactly covariance stationary and may
occasionally contain some extreme observations (outliers).
These observations may be of local significance only and may
not affect the future evolution of the monitored process as
well as the service process of arriving traffic. Since the EWMA
change detection is assumed to operate in real time, each
out of control signal starts a new warmup period. During
this period, new control limits are estimated and the process
cannot be monitored. From this point of view, we should
detect only those changes that occur for sure.

Results presented in this subsection provide additional
necessary condition for covariance stationary of the mul-
tiplexed traffic from fixed number of video sources. Our
observations stay in control in EWMA chart constructed for
AR(1) process suggesting that they can be realization of this
process. Thus EWMA chart can be seen as a tool for testing
stationarity of observations.

6.2. Aggregated traffic: varying number of sources

Consider now aggregated traffic from varying number of
sources shown in Figure 2. EWMA statistics computed for
these traces are shown in Figures 11(a) and 11(b) (k =
3, γ = 0.001). Figures 11(c) and 11(d) demonstrate the
same statistics for first several session requests, where solid
horizontal lines represent control limits and boxes represent
session arrivals. The first box indicates the time instant when
second session request arrives to the system.

Consider EWMA statistics in detail. We started the
control chart when the first session arrives. It occurred at
1681 second for trace 1 and at 334 second for trace 2. The
warmup period used to compute statistics of observations
and control limits of charts was set to 50 observations.
One may observe from Figures 11(c) and 11(d) that both
processes stay in control when the second sessions arrive
and remain in control until new traffic adds up to EWMA
statistics and changes are detected. Note that there are
gaps before EWMA statistics exceed the upper control limit
for both traces. This is due to the memory of EWMA
statistics that allows to avoid false signals but worsens reactive
properties of the chart. In general, when the value of γ gets
smaller, this interval becomes larger while the probability of
false change detection decreases.

EWMA statistics computed for our traces with k = 3 and
γ = 0.001 are shown in Figures 12(a) and 12(b). The same
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Figure 10: EWMA statistics for aggregated traffic: fixed number of sources.

statistics for first several session arrivals are shown in Figures
12(c) and 12(d). Note that changes in mean values of the
aggregated traffic were successfully detected for these values
of γ and k.

6.3. Dynamic resource allocation

The proposed dynamic resource allocation system tries
to provide bandwidth savings compared to busy hour
reservation and conventional MPLS automatic bandwidth
adjustment while keeping performance metrics of interest at
the desired level. Consider how much gain we get applying
the proposed algorithm.

Firstly, we compare performance of the proposed algo-
rithm to that of the static busy hour resource reservation. The
performance metric of interest is the amount of bandwidth
required to transmit our traffic aggregates with a given
overflow probability. Values of bandwidth allocation for our
algorithm were computed using (11) such that the overflow
probability is ε = 0.01. Busy hour bandwidth allocation
was chosen as the maximum bandwidth allocation computed
by our algorithm. Note that it is different from the actual
busy hour and represents the amount of bandwidth required
to serve the traffic during the highest in control period of
EWMA control chart. Parameter k of control charts was
chosen such that ARL was always kept at 500. We also used
the immediate update mechanism.

Figure 13 demonstrates bandwidth allocation according
to considered algorithms. Estimated values of bandwidth
allocation are shown in Table 1, where average values are
shown. Note that our algorithm always provides significant
performance gain compared to busy hour resource reserva-

tion. For trace 1 our algorithm allows to save 71% and 70%
of bandwidth when EWMA change-point detection with γ =
0.01 and γ = 0.001 is used, respectively. For trace 2, these
numbers are 70% and 69%, respectively.

Next we compare performance of the proposed algo-
rithm to that of MPLS automatic bandwidth adjustment.
Performance metrics of interest are the amount of LSP
reestablishments and the amount of required bandwidth
according to these two approaches. Values of bandwidth
allocation were computed using (11) such that the overflow
probability is ε = 0.01. To highlight influence of k and γ on
the performance of the proposed algorithm, parameter k was
set such that ARL values for γ = 0.01 are always three times
higher than those with γ = 0.001. For γ = 0.01, k was always
chosen such that ARL is 300.

Figure 14 illustrates bandwidth allocation required by
these two approaches. As one can notice, MPLS automatic
bandwidth allocation always leads to higher required band-
width for a given traffic aggregate. This is due to specific
behavior of arrival statistics during sampling intervals over
which the bandwidth allocation is estimated. This includes
occasional outliers, drastic and gradual changes in arrival
patterns. All these features lead to biased estimates of mean
and variance that are further used to compute bandwidth
allocation. Note that they also affect performance of the
proposed algorithm.

It should also be stressed that the performance of
MPLS bandwidth adjustment algorithm is highly sensitive
to the choice of the sampling interval. When the sampling
interval is too large, changes in arrival statistics are more
likely to occur within a single interval. Large sampling
intervals also lead to delays in LSP reestablishments with
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Figure 11: EWMA statistics: varying number of sources (γ = 0.01).
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12 Advances in Multimedia

0

7.5

15

22.5

30
×105

r
(b

it
s/

s)

0 1 2 3 4
×104

k, time

Ideal case
Proposed algorithm
Busy hour

(a) Trace 1, γ = 0.01

0

7.5

15

22.5

30
×105

r
(b

it
s/

s)

0 1 2 3 4
×104

k, time

Ideal case
Proposed algorithm
Busy hour

(b) Trace 1, γ = 0.001

0

7.5

15

22.5

30
×105

r
(b

it
s/

s)

0 1 2 3 4 5
×104

k, time

Ideal case
Proposed algorithm
Busy hour

(c) Trace 2, γ = 0.01

0

7.5

15

22.5

30
×105

r
(b

it
s/

s)

0 1 2 3 4 5
×104

k, time

Ideal case
Proposed algorithm
Busy hour

(d) Trace 2, γ = 0.001

Figure 13: Bandwidth allocations for different approaches.

Table 1: Comparison with static busy hour bandwidth allocation.

Trace Trace 1, bits/s. Trace 2, bits/s.

γ γ = 0.01 γ = 0.001 γ = 0.01 γ = 0.001

Busy hour algorithm 2.14E6 2.16E6 1.76E6 1.80E6

Proposed approach 6.15E5 6.51E5 5.37E5 5.59E5

estimated bandwidth allocation. Due to presence of changes
in arrival statistics, estimated bandwidth allocation may not
be optimal at the end of intervals. On the other hand,
when the sampling interval is too short, too many LSP
reestablishments may burden the network with excessive
signaling load.

Table 2 compares the amount of signaling load and
average bandwidth required to transfer considered traffic
aggregates for different lengths of the sampling interval
and different values of γ. The average amount of band-
width required to serve traffic aggregates according to our
algorithm is considered as 100%. Parameters φ0.01 and
φ0.001 denote the percentage of average bandwidth required

by MPLS automatic bandwidth adjustment compared to
our algorithm. First of all, observing Tables 1 and 2 we
note that MPLS automatic bandwidth adjustment allows
to significantly decrease the amount of bandwidth required
to serve considered traffic aggregates compared to static
busy hour bandwidth allocation. Although the performance
gain is significant, it has observable limit. Indeed, when
we decreased the length of the sampling interval 10 times
(from 500 to 50 seconds) the average bandwidth required to
serve traffic aggregates decreased by only 0.04% for trace 1
and 0.05% for trace 2. This is very small performance gain,
especially, considering that we are close to theoretical and
practical limits. Indeed, further decrease in the length of the
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Figure 14: Bandwidth allocations according to different approaches.

sampling interval will lead to biased estimators of mean and
variance and may overload the network with signaling load.
On the other hand, as we observe, the proposed algorithm
performs significantly better. For both values of γ it requires
significantly less signaling load while still provides the same
performance level in terms of losses. Noticeably that for
γ = 0.01 our approach requires even less signaling than
MPLS bandwidth adjustment with sampling interval set to
500 seconds.

Finally, influence of parameters k and γ on the perfor-
mance of the proposed algorithm is also seen from Table 2.
Indeed, three times lower ARL that was used with γ =
0.001 led to almost three times higher number of change
detections. Although in our particular case it did not lead to
extremely biased bandwidth allocation, it is still noticeable.

This effect is due to more frequent change detections in
arriving traffic patterns leading to periods of uncertainty
during which statistical parameters are estimated. During
these periods we had to use the immediate update mecha-
nism that may overestimate or underestimate the amount of
required bandwidth.

It should be noted that, theoretically, the proposed algo-
rithm cannot provide deterministic guarantees even if we use
the immediate update mechanism and the target overflow
probability is set to 0. The main reason is uncertainty
introduced by warmup periods during which statistical
characteristics of traffic aggregates are estimated. However, in
all our experiments the cumulative length of warmup periods
was significantly shorter compared to the overall length of in
control periods.
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Table 2: Comparison with MPLS automatic bandwidth adjustment.

Algorithm Updates r, bits/s. φ0.01, % φ0.001, %

Trace 1

MPLS, t = 50 s. 870 9.21E5 150 141

MPLS, t = 100 s. 435 9.24E5 150 142

MPLS, t = 200 s. 145 9.35E5 152 143

MPLS, t = 500 s. 87 9.57E5 155 147

Proposal, γ = 0.01 66 6.15E5 100 100

Proposal, γ = 0.001 199 6.51E5 100 100

Trace 2

MPLS, t = 50 s. 1001 8.13E5 151 145

MPLS, t = 100 s. 500 8.21E5 153 147

MPLS, t = 200 s. 166 8.31E5 155 149

MPLS, t = 500 s. 100 8.56E5 159 153

Proposal, γ = 0.01 75 5.37E5 100 100

Proposal, γ = 0.001 180 5.59E5 100 100

7. CONCLUSIONS

We proposed the dynamic resource description and reser-
vation algorithm for QoS-aware networks. The core of
the algorithm is statistical change detection procedure. We
demonstrated that if the local mean of the traffic pattern
changes in time, the required amount of resources needed
to serve this traffic with given performance metrics can
be appropriately adapted using already available features
of MPLS framework. The only required change is EWMA
change-detection algorithm that should be implemented in
ingress MPLS routers. The proposed algorithm is well suited
for non stationary type of the traffic whose statistical param-
eters change in time. Numerical examples demonstrated
that when traffic patterns exhibit nonstationary behavior
the proposed approach allows to save significant amount of
resources compared to busy hour resource allocation and
conventional MPLS automatic bandwidth adjustment.

We also note that content distribution services consid-
ered in this paper are just example of applications that may
have time-varying traffic characteristics. In principle, the
proposed approach can be used for any type of the aggregated
traffic that experiences high variability due to time-varying
statistical characteristics.
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1. INTRODUCTION

In today’s Internet, video packets are typically transmitted
using best-effort service. The packet forwarding service at
network nodes is significantly degraded if the network is
congested. In this paper, we consider the scenario where K
streaming videos andN conversational videos pass through a
network node (e.g., a multimedia gateway) with limited for-
warding resources, as illustrated in Figure 1. The packets can
be temporarily cached in the node’s buffer, but if the overload
persists, the buffer will overflow and some packets will be
lost. Our goal is to improve the overall quality of the streams
for the given forwarding resource Rout of the node.

For video applications, transcoding [1–3] or pruning of
the video stream can be performed to adapt the source rate to
the available transmission rate. Transcoding is computation-
ally expensive and not suitable for a node that has to rapidly
forward packets of many different users. Furthermore, video
source pruning by random frame dropping may have a dra-
matic influence on the reconstructed video quality. In [4–6],
static priority labels for I-, P-, and B-frames are used to per-
form priority-based random dropping (PRD) for streaming
video. In particular, video frames are dropped according to
their priority labels. Random selection is performed among
frames with the same priority label. Priority-based random
early dropping (PRED) [7] improves PRD by early dropping

of lower priority frames at certain predefined buffer fullness
levels. Nonetheless, static priority labels cannot accurately
describe the importance of video frames. For example, the
first P-frame in a group of pictures (GOP) is in most cases
much more important than the last P-frame, although they
belong to the same priority class. In [8, 9], the decodability
of the video frames is used to make dropping decisions.

Rate-distortion (RD) optimization has been widely em-
ployed to deal with the varying importance of video frames.
In [10], for instance, it is used to achieve RD-optimized
frame scheduling for a single video stream. RD-optimization
for bit allocation between source coding and channel cod-
ing is used, for example, in [11]. RD-optimization is also the
state-of-the-art for coding mode selection in video compres-
sion [12, 13]. An RD-based robust delivery scheme is pro-
posed in [14, 15]. However, all these works focus on the video
encoding at the sender to choose the best encoding and send-
ing strategy according to the constrained transmission rate
and the expected packet loss rate. When RD-optimization is
done at intermediate nodes in the network, side information
has to be transmitted along with the video stream [16–18].
In particular, [16] considers RD-optimization in a broad-
cast networking scenario, and performs optimization only
for a single stream, while [17] employs RD side information
for transcoding at network nodes. Only streaming video is
considered in [18], while in this paper we also examine the
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Figure 1: A network node with K incoming streaming videos and
N conversational videos sharing the same outgoing link.

additional case of frame dropping for both streaming and
conversational videos, simultaneously.

In the present paper, we propose RD-optimized video
frame dropping strategies for streaming or conversational
video on overloaded network nodes. For rate shaping
streaming videos, we use a distortion matrix and a rate vec-
tor [19] as side information. We denote our approach as
the cost function-based approach, which minimizes a La-
grangian cost function in order to find the optimum drop-
ping pattern. The cost function employs the following quan-
tities to determine the optimal pattern: the rate vector and the
distortion matrix of all incoming streams, as well as the cur-
rent fullness of the outgoing buffer. The Lagrangian multi-
plier in the cost function is selected as a function of the buffer
fullness and is used to adjust the aggressiveness of the drop-
ping process. The distortion matrix can be extracted only for
GOP structured video. For conversational video with IPPP...
structure, only hint tracks [20, 21] can be calculated and
therefore, the utility-based frame dropping strategy is used
for the conversational videos. Frame dropping decisions are
made only when the buffer does not have enough space to
hold them.

In addition, we also examine the scenario when both
streaming and conversational videos are passing through a
network node. In this case, we propose to use separate clas-
sification buffers combined with a scheduler for dynamic re-
source assignment to the two buffers, which is located be-
tween the two classification buffers and the outgoing link
buffer at the node. For simplicity, in our framework we re-
place continuous time with the discrete frame slots of the
video sequences, which means that dropping decisions will
only be made at multiples of one frame duration. In case the
streams have different frame rates, the dropping decision can
be made synchronized to the stream with the highest frame
rate. Another approach would be to collect a small number of
frames from all incoming streams and then perform a drop-
ping decision. This approach, however, would introduce ad-
ditional delay.

The main contributions of this work include the follow-
ing:

(1) joint rate shaping for both streaming and conversational
videos,

(2) extensive simulation results which provide a compre-
hensive performance comparison of different frame

dropping schemes as well as a reference for parameter
selection,

(3) analysis of computational and storage cost which can be
used as a reference to select different dropping schemes
for a given scenario.

The rest of the paper is organized as follows. Section 2 de-
scribes the side information used for streaming video and the
corresponding frame dropping strategies. Next, the side in-
formation and dropping strategy for conversational video are
introduced in Section 3. An integrated RD-optimized frame-
work for both streaming and conversational video applica-
tions is presented in Section 4. Furthermore, in Section 5
we analyze the memory requirements and the computa-
tional complexity of the techniques considered in this pa-
per. Section 6 presents the simulation results that demon-
strate the improvements achieved by our proposed RD-
optimized frame dropping strategies. Conclusions are drawn
in Section 7.

2. FRAME DROPPING STRATEGIES FOR
STREAMING VIDEO

In this section, we first introduce the priority-based frame
dropping schemes, which are used for comparison in this pa-
per. Then, the definition and the procedure to construct the
side information (distortion matrix and rate vector) for our
approach are presented. Based on this side information, we
propose an RD-optimized frame dropping strategy based on
the current buffer fullness of the network node.

2.1. Priority-based random early dropping (PRED)

PRD makes dropping decisions based on fixed priority la-
bels assigned to the video frames. With current conventional
coding scheme, frames can be prioritized according to their
frame type: I-, P-, or B-frame. When frames from multiple
video streams simultaneously arrive at a network node, it is
the I-frames among them that have the highest priority to
be placed into the node’s buffer. It may happen though that
some of these I-frames cannot be placed into the buffer and
therefore they are dropped even before the buffer is totally
full. In this case, P-frames are tried next to be placed into
the buffer, followed then by the remaining (if any) B-frames.
This strategy leads to the most efficient usage of the node’s
buffer. However, the loss of I-frames and P-frames has a dra-
matic influence on the reconstruction video quality.

PRED sets thresholds for dropping according to the
number of priorities available for the video streams. Here, we
only have three priority levels {I, P, B}, so only two dropping
thresholds are needed. But if we have different priority levels
for all P-frames according to their positions in the GOP, we
can set n = NG/(NB + 1) thresholds, where NG is the length
of the GOP and NB denotes the number of B frames between
two I/P-frames. As shown in Figure 2, when the buffer full-
ness reaches T1, the least important B-frames are all dropped.
The last P-frame in the GOP is dropped when T2 is reached.
I-frames have the highest priority level and should not be
early dropped, so all P-frames are dropped when the buffer
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fullness reaches the highest threshold (Tn). Early dropping
of less important frames reduces the likelihood of having to
drop more important frames at a later time.

2.2. Distortion matrix (DM) and rate vector (RV)

The distortion matrix proposed in [19] allows us to calcu-
late the distortion caused by dropping frames in a GOP
structured video stream. When calculating the reconstruc-
tion distortion, it is assumed that a simple “copy and freeze
previous frame” error concealment scheme is employed by
the decoder. In particular, a missing frame and all of its
descendants1 are replaced, at reconstruction, by the decoder
with the temporally nearest previous frame that has been de-
coded. Note that this is done regardless of the presence status,
at the decoder, of the descendant frames. Hence the name of
the concealment scheme.

Our approach to frame dropping follows this logic. When
a network node drops an arriving video frame, it subse-
quently drops all its dependent frames that arrive at the node
afterwards. Therefore, a video frame drop pattern comprises
in our case an incoming frame that is dropped at present to-
gether with its descendant frames that will be dropped after-
wards.2 The increase in reconstruction distortion affecting a
video stream caused by a frame drop pattern is the sum of the
individual increments in reconstruction distortion for the
concealed video frames. That is because the frames that have
been decoded do not contribute to the increase in recon-
struction distortion. The distortion matrix for a GOP with
IB1B2P1B3B4P2B5B6 structure is given in (1), where D

Frep

Floss

represents the increased distortion in MSE that is observed
when replacing frame Floss by Frep as part of the concealment
strategy. The column left to the matrix shows the replace-
ment frame Frep for every row of the matrix. For instance,
DI
B1

represents the additional reconstruction distortion if the
first B-frame of the GOP is lost and is therefore replaced by
the I-frame of that GOP. R is a frame from the previous GOP
that is used as a replacement for all the frames in the current
GOP if the I-frame of the current GOP is lost. As a worst case
assumption, we use the I-frame of the previous GOP as the
replacement frame in this case:

R :
I :
P1 :
P2 :
B1 :
B3 :
B5 :

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣
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⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
.

(1)

The entries of the rate vector correspond to the sizes of
the video frames expressed in bytes. Then, at a network node,

1 These are the frames in the encoding chain that depend on the missing
frame in order to be decoded, that is, decompressed.

2 In case they do arrive at the node.

Buffer fullness

. . .

. . .

T1 T2 Tn

B P P I

Figure 2: Example settings of dropping thresholds for PRED.

the size of an incoming frame and the sizes of its descendant
frames are summed up to determine the rate saving achieved
by dropping these frames.

2.3. Cost function-based video frame dropping

In Section 2.1, we reviewed the idea of PRED and discussed
the benefit obtained by “early” dropping. In this section, a
cost function-based approach is proposed, which takes ad-
vantage of the RD side information to enable more flexible
frame dropping decisions, while still using the buffer fullness
info for early dropping.

If the buffer is empty or is lightly loaded, no frames
should be dropped. However, when the buffer fills up, frames
that have the least impact on the perceived quality at the re-
ceiver should be dropped first. The decision which frames
to drop is jointly made in our approach for all video streams.
Given the RD side information introduced in Section 2.2, the
active network node can perform RD-optimized frame drop-
ping. For this, the node checks the current buffer fullness and
minimizes the Lagrangian cost function

Jp(n) =
K∑
k=1

ΔDk
p(n)− λ(n)

K∑
k=1

ΔRkp(n) (2)

in order to determine the optimal drop pattern. In (2), n is
the current (discrete) time instant (slot), ΔDk

p(n) is the addi-
tional distortion introduced in video k for a given drop pat-
tern p, and ΔRkp(n) is the corresponding rate saving in bytes.

When the distortion matrix and rate vector described in
Section 2.2 are used, a dropping decision should comply with
the following rules. If the current frame that arrives at the ac-
tive node is an I-frame, we can either drop this frame or send
it to the outgoing link buffer. If we drop it, this means that
all the following P- and B-frames in the same GOP cannot be
decoded and have to be dropped also. This dropping strat-
egy leads to a significant increase in distortion for this GOP
but at the same time allows us to reduce the sending rate to 0
for this GOP. If we do not drop the I-frame at this moment,
we can still decide to drop the subsequent P-frames and B-
frames. This will lead to reduced distortion but also the rate
saving will be smaller. We could also drop the B-frames only
if we decide not to drop the P-frames. Again, the additional
distortion will be reduced but also the rate saving will be even
smaller.

Therefore, if the current incoming frame is an I-frame,
there are in total 4 dropping choices {I ,P,B,N}, where I de-
notes dropping the whole GOP, P stands for dropping the
subsequent P- and B-frames in the GOP, while B signifies
dropping the all B-frames in the current GOP only and N
stands for “drop nothing.” If the current frame is a P-frame,
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Figure 3: Interpolation of λ(n) between λmin(n) and λmax(n) as a function of the current buffer.

the choices are reduced to {P,B,N}. If the current frame is a
B-frame, the choices are also {B,P,N}, where B denotes the
case of dropping all the remaining B-frames in the GOP, in-
cluding the current one, and P stands for dropping the sub-
sequent (relative to the current B-frame) P- and B-frames.

Now, if we denote the number of possible drop patterns
at time n for video k asAk(n), then forK videos we obtain the
dropping set P(n) including

∏ K
i=1A

i(n) different drop pat-
terns. One of the drop patterns will minimize (2). This pat-
tern represents the optimal dropping strategy at time n. In
order to perform this minimization, we have to determine a
reasonable value for the Lagrangian multiplier λ(n) in (2).
In this work, we determine λ(n) as a function of the buffer
fullness B(n). If the buffer is empty, we certainly do not want
to drop any video frames. This has to be reflected by an ap-
propriate choice of λ(n). On the other hand, if the buffer is
full, λ(n) should be selected such that all incoming frames are
dropped as queueing them in the outlink buffer would fail
anyway. In order to determine appropriate values for λ(n)
for any buffer level, we define a minimum buffer fullness
Bmin, below which no dropping should happen and a max-
imum buffer fullness Bmax above which all incoming frames
are dropped. The two buffer fullness levels Bmin, Bmax and
the corresponding dropping strategies lead to two extreme
values for the Lagrange multipliers λmin(n) and λmax(n). The
values for λ(n) between Bmin and Bmax can be interpolated.
We consider two different interpolation schemes for λ(n) in
this work.

Figure 3(a) illustrates a linear interpolation of λ(n) be-
tween λmin(n) and λmax(n) as a function of the current buffer
fullness B(n). Hence, we write

λ(n) = Bmax − B(n)
Bmax − Bmin

·λmin(n) +
B(n)− Bmin

Bmax − Bmin
·λmax(n).

(3)

Linear interpolation is the simplest way to interpolate
λ(n). An interpolation function that leads to more aggres-
sive dropping if the buffer fullness approaches Bmax can
be realized by quadratic interpolation of λ(n), as shown in

Figure 3(b). With three control points A, B, and C, we can
define a quadratic Bézier curve for λ(n) with

A = (Ax,Ay
) = (Bmin, λmin(n)

)
,

B = (Bx,By
) = (Bmax, λmin(n)

)
,

C = (Cx,Cy
) = (Bmax, λmax(n)

)
,

(4)

Px = (1− t)2·Ax + 2t·(1− t)·Bx + t2·Cx, (5)

Py = (1− t)2·Ay + 2t·(1− t)·By + t2·Cy. (6)

The interpolated point P = (Px,Py) moves on this curve
from A to C by varying the parameter t from 0 to 1. For a
given B(n), we determine t and then λ(n) = Py from (6).

In order to determine λmin(n), we evaluate (2) for every
drop pattern and select λmin(n) such that the minimum of
(2) is obtained for the drop pattern where nothing is dropped
in all K video streams. This means that

Jpn(n) =
K∑
k=1

ΔDk
pn(n)− λmin(n)

K∑
k=1

ΔRkpn(n)

≤
K∑
k=1

ΔDk
p(n)− λmin(n)

K∑
k=1

ΔRkp(n),

for p ∈ P(n), p /=pn,

(7)

where pn represents the pattern when no frame dropping oc-
curs in any of the video streams. As Jpn(n) equals zero, this
leads to

λmin(n) ≤
∑ K

k=1
ΔDk

p(n)∑ K

k=1
ΔRkp(n)

, for p ∈ P(n), p /=pn, (8)

and we pick λmin(n) to be as big as possible while still satisfy-
ing all the inequalities in (8). The value for λmax(n) is derived
in a similar fashion. For this, the minimization of (2) should
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now lead to the decision of dropping as many frames as pos-
sible (drop pattern pa), which leads to

Jpa(n) =
K∑
k=1

ΔDk
pa(n)− λmax(n)

K∑
k=1

ΔRkpa(n)

≤
K∑
k=1

ΔDk
p(a)− λmax(n)

K∑
k=1

ΔRkp(n),

for p ∈ P(n), p /=pa.

(9)

This results in

λmax(n) ≥
∑ K

k=1
ΔDk

pa(n)− ΔDk
p(n)∑ K

k=1
ΔRkpa(n)− ΔRkp(n)

,

for p ∈ P(n), p /=pa

(10)

and we pick λmax(n) to be as small as possible while still sat-
isfying all inequalities in (10).

3. FRAME DROPPING STRATEGIES FOR
CONVERSATIONAL VIDEO

Compared with streaming video, conversational video is typ-
ically encoded in an IPPPPP... form. B-frames are normally
not used because of the additional delay that would be intro-
duced. Therefore, no “early” or even priority-based dropping
as mentioned in Section 2.1 can be employed for conversa-
tional video. Video frames of multiple users are put into the
buffer in a round robin (RR) way and dropped if the buffer
cannot hold them. As conversational video does not have a
GOP structure, the distortion matrix also cannot be used here
to perform dropping decisions. Hence, we here propose to
use the hint tracks [20, 21] as the side information and per-
form a utility-based frame dropping for conversational video
to selectively drop the least important frames.

3.1. Side information for conversational video

Rate-distortion hint tracks are measured by feeding a spe-
cific loss pattern to the decoder and summing up the result-
ing increase in MSE over all affected frames of the video se-
quence. Without periodic I-frames in conversational video,
there is no resynchronization between the encoder and de-
coder. Therefore, in order to increase the error resilience of
the video stream to packet losses during transmission, slices
(or rows) of macroblocks in video frames are intraupdated
periodically, usually in a round-robin fashion. This is the so-
called partial intraupdate. Figure 4 illustrates the error prop-
agation when frame n is lost under the assumption that there
is no remaining error propagating from earlier frames. The
total distortion in this case is the sum of the distortions of all
the following frames until the end of the video stream. How-
ever, with partial intraupdate, we can assume that the error
propagation by the loss of frame n can be totally stopped af-

Δ
d i

1 · · · n · · · n +M · · · L

Frame index

Figure 4: Error propagation for a single frame loss.

ter an equivalent intraupdate period of M frames.3 There-
fore, only the individual distortions up to frame M + n need
to be considered. Please note, here we calculate the hint tracks
under the assumption that the losses of each frame are inde-
pendent, which is the so-called zeroth-order distortion chain
model DC0 in [20]. This side information gives accurate dis-
tortion estimation when there is only one frame loss in theM
consecutive frames. We can of course construct higher-order
hint tracks, which can be extracted by feeding some loss pat-
terns with more losses. However, high-order hint tracks have
very high costs in terms of computational complexity as well
as a huge storage requirement.

Since the future frame information for conversational
video is unknown, it is impossible to premeasure the hint
track (DC0) value associated with a given loss pattern. There-
fore, the model proposed in [22] is used to predict/estimate
the distortion values Δd(n + i) associated with future frames
n + i in the case of loss/drop of frame n. In particular,

Δd(n + i) =

⎧⎪⎨
⎪⎩
Δd(n)·ri·

(
1− i

M

)
, for 0 ≤ i ≤M,

0, otherwise,
(11)

where M is the equivalent intraupdate period, as explained
above, and i indicates the distance between the future (con-
cealed) frame and the lost frame n. In (11), Δd(n) is the MSE
information sent along with the video stream, representing
the distortion of the current frame n in the case when this
is the only lost frame and it is concealed by copying the pre-
vious frame. The attenuation factor ri (r < 1) accounts for
the effect of spatial filtering and the term 1 − i/M accounts
for the intraupdate. Finally, the overall additional distortion
ΔD(n) affecting the video sequence due to the loss of frame
n, including error propagation into future frames, is then cal-
culated as

ΔD(n) =
M∑
i=0

Δd(n + i). (12)

As a “copy and keep on decoding” error concealment
scheme is employed in this case, the rate saving information

3 This is the number of frames needed to intrarefresh all the macroblock
locations in a video frame using this approach.
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ΔR(n) associated with a given drop pattern is simply the sum
of the size of the dropped frames. Therefore, only the sizes of
the individual frames in bytes or bits need to be sent together
with the hint tracks distortion information.

3.2. Utility-based frame dropping

Unlike streaming video, the importance of future frames in
conversational video is unavailable. Therefore, it does not
make sense to make dropping decisions for conversational
videos until the buffer is unable to hold the new incoming
frames. In particular, all new incoming frames are placed at
the tail of the buffer queue if there is enough space left. Oth-
erwise, we compare the importance of these frames and make
a dropping decision.

In the hint track framework [18], for DC0, the dis-
tortion (ΔD(n)) and rate (ΔR(n)) information associated
with a video frame n comprise, respectively, the additional
distortion affecting the reconstructed video sequence and
the corresponding data rate reduction, when a single video
frame n from the compressed video stream is dropped. The
distortion-per-bit utility for a frame is then calculated as the
ratio ΔD(n)/ΔR(n) [20]. In our approach, we sort the cur-
rent incoming (nth) frames from all K videos in decreasing
order of their distortion per-bit utility. Then, from the head
of the sorted list, frames are placed into the node’s outgoing
link buffer. If the frame at the current top of the list does not
fit into the buffer, we turn to the next frame in the sorted
list until no additional frame can be placed into the buffer.
Please note, because of the tight delay constraint, optimiza-
tion is done only among newly incoming video frames that
correspond to a single time instant (one frame slot).

4. RD-OPTIMIZED DROPPING FOR STREAMING
AND CONVERSATIONAL VIDEOS

In Sections 2 and 3, we have discussed the side informa-
tion and dropping strategies for streaming and conversa-
tional videos. In this section, we consider the case when both
types of video pass through the network node simultaneously
and share one outgoing link.

4.1. Proposed framework

As shown in Figure 5, the RD-optimizer performs two inde-
pendent dropping decisions for streaming video and conver-
sational video, as proposed in [23]. The surviving (not being
dropped) frames are stored in two independent classification
buffers. The buffer for conversational video is relatively small
in order to limit the forwarding delay experienced by these
frames as this type of video application requires low latency.
On the other hand, the classification buffer for streaming
video is larger due to the more relaxed requirement on the
delivery delay in this case. A scheduler is located behind the
two buffers, which dynamically assigns the shared resource
(forwarding data rate) to the two buffers by fetching video
packets from them and putting them into the shared outgo-
ing link buffer.

Streaming video 1
...

Streaming video K

Conversational
video 1

...
Conversational

video N

1

2

Classification
buffer 1

Classification
buffer 2

Scheduler

Outlink
buffer

RD-optimizer

RD-optimized frame dropping

Figure 5: Structure of the RD-optimizer for frame dropping of
streaming and conversational videos.

For streaming video, we opt to employ the cost function-
based dropping strategies introduced in Section 2.3. The
distortion-per-bit utility introduced in Section 3.2 is em-
ployed for the conversational video. For streaming video, in-
formation about future frames is taken into account. When
the dropping decision is made for conversational videos, we
can only compare the importance of the current frame with
previous frames. As the selected frame is first put into the
classification buffer, which we assume can be accessed by the
RD-optimizer, frame replacement for this buffer is enabled.
When new frames arrive at the node and the classification
buffer is full, frames in the buffer with lower utility than
the new incoming frame will be marked as dropping candi-
dates. If the buffer space released by dropping these frames
is enough to put in a new frame, they are physically dropped
from the temporal buffer. On the other hand, if the released
space is not enough to hold the new frame, it means the new
frame is either too big or is not important enough for the re-
construction quality of the corresponding stream. Then this
new frame is dropped and the marked frames in the buffer
are recovered. Please note that this approach is equivalent to
that taken in [20] for creating priorities among frames in a
transmission window at a streaming server.

4.2. Scheduling strategies

Two separate classification buffers are employed to limit
the additional delay experienced by the conversational video
streams, as explained earlier. Compressed video has a vari-
able bit-rate, and hence fixed resource assignment in terms
of forwarding data rate sometimes wastes resources and leads
to unnecessary frame dropping. With a dynamic resource as-
signment in place, the multiplexing of the multiple streams
decreases the variation of the bit-rate and provides for more
efficient resource utilization. Here, we propose two schemes
for dynamic assignment of the data rate on the outgoing link.

4.2.1. Short-term mean-rate-based scheduling

Compressed video streams are typically VBR (variable bit
rate), so when the outgoing link provides a transmission rate
equal to the mean data rate of the incoming video stream,
most likely some packets will be dropped if there is only a
very small buffer at the node. But if we can perform the
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assignment adaptively following the variability of the
stream’s bit-rate, the node’s forwarding resources can be
more efficiently used. Without the knowledge of the sizes of
future frames for conversational video, we can only make an
estimate of the future bit rate, given the knowledge of the
incoming data rate history. Here, we present a straightfor-
ward way to account for this. We take F past frames from
each stream as an estimation window. The current resource
assignment is then calculated as follows:

riSV =
K∑
k=1

i−1∑
j=i−F−1

Rkj , (13)

riCV =
N∑
n=1

i−1∑
j=i−F−1

Rnj , (14)

SiSV = Rout· riSV

riCV + riSV
, (15)

SiCV = Rout − SiSV. (16)

In the equations above, riSV and riCV are the sum of bytes from
the previous F frames ofK streaming videos andN conversa-
tional videos, respectively. SiSV and SiCV represent the assigned
transmission rate to the two buffers. Rout is the total trans-
mission rate on the outgoing link and it is assumed to be con-
stant during the whole transmission. With the same formulae
(15) and (16), dynamic resource assignment for variable data
rate on the outgoing link rate can also be accommodated by
considering Rout to be a function of time.

4.2.2. Buffer fullness-based scheduling

Buffer fullness-based scheduling is an efficient way for the
scheduler to avoid buffer overflow. When a buffer is heav-
ily loaded, it means its incoming rate of traffic is bigger than
the assigned service rate and therefore new incoming frames
are likely to be dropped. In this case, a large portion of the
outlink rate should be assigned to this buffer. On the other
hand, when one of the two buffers is lightly loaded, it can still
hold some new incoming frames. Hence, more transmission
slots should be assigned to the other buffer then. Further-
more, when the two buffers have roughly the same fullness, it
is not efficient to assign the same amount of resource to each
of them, as their corresponding incoming rates may differ
significantly. This is because the two buffers serve two differ-
ent types of applications: streaming video and conversational
video that usually have different data rates. Hence, we assign
a weight to each buffer according to their incoming rates,
and distribute the forwarding resource among them based
on these weights.

The mean rates calculated with (13) and (14) represent
the most recent (short-term) rates feeding the two buffers.
Since they vary rapidly over time, employing them to deter-
mine the buffer weights may actually be inappropriate in this
case. In particular, they may overly influence the resource al-
location among the two buffers, thereby rendering their in-
stantaneous fullness less important. Therefore, in order to

avoid this effect we employ (17) and (18) instead which sup-
ply more stable cumulative mean rates.

The transmission rate assigned to the streaming videos
at frame i can then be calculated with (19), and the remain-
ing transmission capacity is assigned to the conversational
videos,

riSV =
1

K·(i− 1)
·
K∑
k=1

i−1∑
j=1

Rkj , (17)

riCV =
1

N·(i− 1)
·
N∑
n=1

i−1∑
j=1

Rnj , (18)

SiSV = Rout· riSV·BiSV

riSV·BiSV + riCV·BiCV
. (19)

Here riSV and riCV are, respectively, the mean incoming rates
of the streaming videos and the conversational videos from
the beginning until frame i− 1. BiSV and BiCV denote, respec-
tively, the fullness in percentage of the two buffers at the time
instance when the ith frames of every stream arrive at the
node.

5. COMPLEXITY ANALYSIS

In this section, we discuss the computational complexity and
the storage requirements of the two RD-optimized frame
dropping strategies proposed in this paper for streaming and
conversational videos, respectively.

5.1. Memory cost

PRD/PRED are based on the static priority labels assigned to
every frame, which are included in the bitstream, so there is
no additional storage cost for PRD/PRED.

As shown in [19], the distortion matrix has (1/2)NG ∗
(3 +NG/(NB + 1)) entries for a GOP consisting of NG frames
with NB B-frames between two P- or I-frames. However, less
entries need to be stored in reality as in the cost function in
(2), we only consider the overall (cumulative) additional dis-
tortion caused by selecting a dropping choice for a current
frame. In particular, as explained in Section 2.3, there are
at most four possible dropping decisions that can be made
for each frame. Therefore, no more than four distortion val-
ues need to be associated to one video frame. Furthermore,
given that the additional distortion is zero when nothing is
dropped, there are only two remaining choices for which
distortion values need to be stored in the case of P- and B-
frames, and three such values in the case of I-frames. Hence,
the distortion matrix can be compacted into 2∗NG+1 entries
for each GOP.

When the hint track framework based on the DC0 dis-
tortion chain model is employed, frame drop patterns are
constructed by considering every video frame independently
[21]. Therefore, only L entries for a video stream with L
frames need to be stored and sent as side information in the
case of hint track DC0. However, when higher-order distor-
tion chain models are used in the hint track framework, the
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Table 1: Construction of the test sequences.

Test sequence Carphone Claire Foreman Grandma Miss America Mother Daughter Salesman Suzie

# of frames 380 270 400 300 150 320 220 150

SV 1 20 5 1,4 3 — 2 6 — —

SV 2 22 — 5,6 — 4 3 1 2 —

SV 3 24 — 4 2 6 3 1,5 — —

SV 4 26 — 3 — 4 1 2,6 5 —

CV 1 1 3 4 — — 5 — 2

CV 2 3 — 1 2,6 5 — — 4

CV 3 — 2 — 3,6 — 1,5 4 —

CV 4 6 3 — — 2 4 1,5 —

memory requirements are more demanding. In particular,
the number of distortion values that need to be stored in-
creases polynomially with the order of the distortion chain.
For example, L∗(L−1)/2 entries need to be stored in the case
of hint track DC1.

The rate information that needs to be stored is the same
in both approaches and comprises the sizes of the video
frames, as explained in Sections 2.2 and 3.1. Hence, there
are L rate entries for L frames. Furthermore, for a given
drop pattern, the associated rate reduction represents the
sum of the sizes of the dropped frames in the case of the hint
track framework, while for the distortion matrix approach,
this quantity includes in addition the sizes of all dependent
frames.

5.2. Computational complexity

The cost function-based frame dropping strategy for stream-
ing video offers up to four possible dropping choices for ev-
ery frame, which leads to an upper bound of 4K drop patterns
for K incoming streaming videos. As we need to calculate the
distortion and rate saving for every drop pattern to select the
optimal one, the computational complexity is very high in
this case. However, in the cost function in (2) only one λ(n)
is used at every frame slot. For this reason, minimizing J(n)
is the same as minimizing Jkp(n) separately for each stream.
Hence, we can rewrite the cost function as

argminJ(n) =
K∑
k=1

argminJkp(n),

for p ∈ P(n), for p ∈ Pk(n)

(20)

so that the maximum number of possible drop patterns is re-
duced to 4∗K . Including the computation of λ(n), the total
calculation complexity is O(8∗K∗L) for K videos, each of
length L frames. Please note that this is the worst case that in
practice is actually unattainable. That is because frame drop-
ping decisions are only made when the buffer fullness reaches
a predefined threshold. Furthermore, dropping decisions af-
fecting future frames reduce the number of prospective drop
patterns when the optimization is performed again, at the
next frame slot.

With the utility-based approach for conversational video,
the individual frames are considered independently for the
DC0 model. Therefore, there are only two possible dropping
choices for every frame, to drop or not to drop and the result-
ing overall computational complexity is O(N∗ log (N)∗L),
where N∗ log (N) is the cost for sorting the importance at
every frame slot. In particular, with the classification buffer
in the hybrid scenario, assume that W frames are in the
temporal buffer and need to be sorted according to their
distortion-per-bit utility, the resulting computational com-
plexity is O((W +N)∗ log (W +N)∗L) in this case.

6. SIMULATION RESULTS

In this section, we examine the performance of several frame
dropping strategies for streaming and conversational videos.
First, we show the improvement achieved by the proposed
RD-optimized frame dropping strategies introduced in Sec-
tions 2 and 3. Then, the performance of the frame dropping
optimizer from Section 4 that considers both streaming and
conversational videos is evaluated.

The videos employed in our simulation experiments are
encoded with the H.264 MPEG-4/AVC codec [24] with a
frame rate of 25 Hz. Long test sequences are generated by
concatenating several short test sequences. For streaming
video, each short sequence is appended at the tail of the re-
sulting long sequence in integer multiples of the associated
GOP length. This means that a number of frames at the end
of a short sequence may be left out if its length is not an inte-
ger multiple of the GOP size. In Table 1, the entries in the first
row under the names of the short sequences represent their
corresponding lengths in number of frames. For example, the
sequence Carphone is 380 frames long. Furthermore, the en-
tries in each of the following rows, when moving towards the
bottom of Table 1, represent the relative order of concatena-
tion of the short sequences, for each of the resulting long se-
quences. For example, the long sequence SV 1 20 represents
a concatenation of the short sequences: Claire, Miss America,
Foreman, Claire, Carphone, Mother&Daughter, in this order.
The test sequences are named SV X YY for streaming video,
where YY stands for the length of the GOP and X is the in-
dex of the video. The number of B-frames between two P- or
I-frames is set to be 1 in our experiments. For conversational
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Table 2: Encoding characteristics of the test sequences.

Name SV 1 SV 2 SV 3 SV 4 Sum/Avg

Rate (kbps) 92.44 67.99 69.55 50.60 280.58

Y-PSNR (dB) 38.63 38.32 38.10 38.24 38.33

Name CV 1 CV 2 CV 3 CV 4 —

Rate (kbps) 122.07 119.06 67.81 116.42 425.36

Y-PSNR (dB) 37.57 37.26 37.36 37.69 37.47

videos, the name is CV X. The encoding structure for con-
versational videos is IPPP... with an intraupdate interval of
M = 18.

Table 2 summarizes the encoding (rate and quality) char-
acteristics of the eight test sequences employed in our experi-
ments. Furthermore, the entries in the last column in Table 2
represent, respectively, the sum of the mean rates and the av-
erage PSNR values for each of the two categories: streaming
video and conversational video. As shown in Section 5.1, one
GOP streaming video withNG frames needs 2∗NG+1 andNG

entries for the distortion and the rate information, respec-
tively. With the assumption that each entry needs two bytes,
each frame in SV 1 needs on average 6.1 bytes, which results
in 0.152 kbps overhead traffic. Compared to the bitrate of the
video stream at 92.44 kbps, this less than 0.2% overhead can
be ignored. For the conversational video, the number of dis-
tortion entries is even smaller and compared to the bitrate
of the video stream the overhead for the side information is
insignificant.

In order to avoid the prospective loss of the very first I-
frame for every test sequence, we assume that these frames
have been forwarded by the network node and that all drop-
ping decisions are made after the arrival of the second frame
of each stream. For this reason, we set 7.5 KB out of 16 KB
(total buffer size) as the initial buffer load in the case of
streaming video when the frame dropping process starts. For
conversational video, because of the strict delay constraint,
the buffer size is set to be 5 KB. Again, the influence of the
first I-frames is ignored and the initial buffer load is set to
be 0 byte. The relation between the buffer size and the cor-
responding frame dropping performance and the decisions
have been investigated in [23].

In our simulations, we measure the performance of a
frame dropping strategy through the luminance (Y) PSNR
values of the reconstructed video frames averaged over all
videos. This quantity is computed as

PSNR = 1
K

K∑
k=1

(
1
L

L∑
i=1

10 log 10

(
2552

MSEk(i)

))
, (21)

where K is the number of videos, each of length L frames,
and MSEk(i) is the MSE distortion for frame i of video k.

6.1. Threshold settings for PRED

The implementation of PRED is straightforward and the only
important point here is to select the proper thresholds for
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Figure 6: Setting of PRED thresholds, R represents the outlink rate
in kbps.

the random dropping of B-frames (T1) and P-frames (T2).
In our experiments, the four streaming videos introduced in
the previous section are employed as test videos. Note that
no conversational videos are employed in the experiments, as
no static priority labels can be established for them ahead of
time. The operation of PRED on such content reduces to ran-
dom dropping without priorities. In our experiments here,
we go through all the possible values for T1 from 30% to
100% of the buffer fullness and T2 is always bigger than or
equal to T1.

In Figure 6, we show the average reconstruction quality
(Y-PSNR) of the four streaming videos as a function of T1

and T2 at different outlink transmission rates, which are rep-
resented with different surfaces in the figure. In principle, the
higher the transmission rate, the higher the reconstruction
video quality. However, we can see that at low rates, the per-
formance surface is not flat and a big performance drop can
be observed when large values for T1 and T2 are selected. The
performance at higher rates is more stable, as the observed
reduction in video quality due to an improper selection of
thresholds does not exceed 1∼1.5 dB here. The upper and
lower performance bounds of PRED are shown in Table 3,
which are the highest and lowest points on each surface in
Figure 6. The normalized rate is the percentage of available
transmission rate versus the mean rate of all users. We can see
from the table that a large performance gap exists between
the two bounds for the case when the transmission rate on
the forwarding link is much smaller than the mean aggregate
source rate of the videos. However, it is not easy in practice
always to select the optimal thresholds such that the upper
performance bound is achieved.

As described in Section 2.1, we can have different drop-
ping thresholds for P-frames depending on their position in
a GOP. For example, if we set the start point for dropping
frames to be at 50% of the buffer size, and then each succes-
sive dropping threshold to be associated with a further incre-
ment of 5%, we achieve the upper performance bound for
the case when only two thresholds are used. This means that
more accurate frame dropping decisions can be made, when
finer priority steps in terms of frame dropping are employed.
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Table 3: Performance bounds of PRED.

Rate (kbps) 80 120 160 200 240 280 320 360

Normalized rate 0.285 0.428 0.570 0.713 0.855 0.998 1.140 1.283

PSNRmax (dB) 26.43 27.75 29.37 31.91 35.18 36.83 37.82 38.23

PSNRmin (dB) 14.03 16.67 21.68 28.17 32.77 34.73 36.50 37.47
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Figure 7: Performance of DM-based frame dropping, R represents the outlink rate in kbps.

6.2. Cost function-based RD-optimized
frame dropping

In the following, we examine the influence of λ on the per-
formance of cost function-based frame dropping for the two
interpolation methods introduced in Section 2.3. In Figures
7(a) and 7(b), we show the results for the cost function-based
frame dropping strategy when using linear and quadratic in-
terpolations for the multiplier λ, respectively. In all simula-
tions, we fix Bmax to be 100% of the buffer size.

Quadratic interpolation exhibits a degraded quality
when very high values for Bmin are selected at very low out-
link rates, as shown in Figure 7(b). This is because quadratic
interpolation leads to aggressive frame dropping decisions
when the buffer fullness approaches Bmax and is far away
from Bmin. Setting Bmin to be bigger than 0.8 results in late
dropping of less important frames and which in turn causes
unnecessary loss of some frames with high importance. The
curves are smooth and flat when Bmin is smaller, as the drop-
ping decision is very moderate when the buffer is lightly
loaded. When linear interpolation is used, small values for
Bmin at high outlink rates lead to unnecessary dropping of
some frames with low importance. To summarize, selecting

Bmin larger than 0.5 is fine for linear interpolation and for
quadratic interpolation, Bmin should be selected smaller than
0.6. By selecting Bmin between 0.5 and 0.6, we obtain good
results for both schemes.

6.3. Performance comparison among all frame
dropping schemes for streaming video

In this section, we compare the performance of the frame
dropping schemes for streaming video examined in this pa-
per, as a function of the forwarding data rate on the outgo-
ing link. In Figure 8, PRD denotes the priority-based ran-
dom frame dropping. PRED here fixes the thresholds T1 and
T2 to be 70% and 90%, respectively, of the buffer fullness,
while the PRED UB curve in Figure 8 corresponds to the up-
per bound from Table 3. Our proposed RD-optimized cost
function-based dropping strategy that uses the distortion ma-
trix as the side information is shown as the CF DM curve in
the figure, where Bmin is selected to be 0.6.

PRD performs the worst at all the rates, as can be
seen from Figure 8. PRED also shows a poor performance
at low link rates, while PRED UB performs much better
by the proper selection of dropping thresholds. CF DM
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outperforms all other schemes as a result of its accurate dis-
tortion estimation and dynamic adjustment of the dropping
aggressiveness according to the buffer fullness level.

6.4. Utility-based frame dropping for
conversational video

We compare our utility-based frame dropping for conversa-
tional video with the pure random dropping in a round robin
fashion. When a video packet arrives, if the outgoing link
buffer can still hold it, the packet is put into the buffer, other-
wise, this packet is simply dropped. For the utility-based ap-
proach, when N new incoming frames arrive at the node and
the buffer cannot hold all of them, they are sorted according
to their utility and put into the buffer one after another until
the buffer is full.

Table 4 shows the averaged PSNR values of the lumi-
nance (Y) component for the four test conversational videos
at different outgoing link rates. The mean score of the four
videos (boldfaced numbers) presents the overall reconstruc-
tion quality. The utility-based frame dropping outperforms
the random frame dropping in the range of middle-to-high
rates, because at very low rates, consecutively dropping of
a large number of frames leads to an inaccurate estimation
of distortion. However, if we look at the performance of
individual users, it is more fair by using the utility-based
approach (maximum difference from 0.9 dB∼5.5 dB) com-
pared to the pure random dropping approach (maximum
difference from 3.8 dB∼10 dB). Therefore, in addition to the
overall quality, our approach also shows a good characteristic
with respect to the fairness among users.

6.5. Joint optimization for streaming
and conversational videos

In this experiment, we compare our joint optimizer for
streaming and conversational videos with a reference scheme
that uses PRED/RR for these two types of video applications,
respectively. In particular, streaming video provides three
types of static priority labels, as explained earlier. Therefore,
in the reference scheme we can perform PRED on the stream-
ing videos by early dropping of B- or P-frames. On the other
hand, for conversational video, all the frames, except the very
first one, are P-frames and hence there is no static prior-
ity difference among them. Therefore, when multiple frames
arrive simultaneously at the network node, a simple round-
robin scheme (over the conversational videos to which these
frames belong) is employed to determine how many of them
can be placed into the corresponding buffer for conversa-
tional video.

Our proposed optimizer uses the distortion matrix for
streaming video and hint tracks for conversational video. In
the case of conversational video, we employ (11) and (12) to
estimate the overall distortion associated with the dropping
of a single frame, as explained in Section 3.1. In the equa-
tions, the equivalent intraupdate period M is set to be 18
frames and the attenuation factor r is set to be 0.997. Finally,
for comparison purposes we also consider the hypothetical

40

35

30

25

20

15

10

P
SN

R
(d

B
)

80 120 160 200 240 280 320 360

Total outgoing link capacity (kbps)

PRD
PRED UB

PRED
CF DM

Figure 8: Performance comparison of different frame dropping
schemes for streaming video.

case when the distortion incurred by dropping frames can
also be precalculated for conversational video.

Figure 9 shows the performance improvement achieved
by the proposed RD-optimized strategy for dropping frames
from both streaming and conversational videos. Several in-
stances of the proposed optimizer are considered in Figure 9.
In particular, RD FIX denotes the proposed optimizer with
fixed resource assignment of 40% to the streaming videos
and 60% to the conversational videos. Note that this assign-
ment corresponds to the overall average data rates for these
two types of videos. Furthermore, RD BUF and RD RAT in
the figure represent the buffer fullness-based and the short-
term mean-rate-based scheduling strategies introduced in
Section 4.2, respectively. In the case of RD RAT, F in (13) and
(14) is set to be 10 frame slots in this experiment.

First, it can be seen that when the outgoing link rate is
larger than the mean Bmin incoming rate (when the nor-
malized rate is larger than 1), the performances of the RD-
optimizer and PRED/RR are similar. However, there is still
a performance improvement of 1 dB at 900 kbps. This is
because even at this rate, frame dropping from the con-
versational videos need to occur in PRED/RR, whenever
the incoming data rate of the video streams peaks, as the
small buffer for conversational videos cannot hold too many
frames at once. The RD-optimizer deals more successfully
with this situation, since the optimized frame dropping has
more opportunities to drop the least important frames even
if they have been in the classification buffer waiting to be
scheduled. At the same time, the dynamic resource assign-
ment saves away some spare transmission slots from the
streaming videos, that can be appropriately reallocated to the
conversational videos afterwards, as explained in Section 4.2.
When the outgoing rate is smaller than the total traffic rate,
an improvement of around 3 dB is observed, as shown in
Figure 9.
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Table 4: Comparison of utility-based dropping and random dropping.

Outlink rate (kbps) 120 180 240 300 360 420 480 540

Normalized rate 0.282 0.423 0.564 0.705 0.846 0.987 1.128 1.270

Utility-based frame dropping

CV1(dB) 15.01 19.60 22.53 27.23 29.96 32.20 34.01 36.07

CV2(dB) 15.60 21.07 23.30 28.46 31.11 33.03 35.12 36.45

CV3(dB) 20.50 21.30 23.34 27.23 30.39 32.76 34.25 36.06

CV4(dB) 18.52 21.37 25.12 27.83 31.40 34.02 35.82 36.93

Mean(dB) 17.41 20.83 23.57 27.69 30.71 33.00 34.80 36.38

Random frame dropping

CV1(dB) 13.68 19.96 21.09 25.25 26.57 29.75 31.71 35.17

CV2(dB) 16.40 16.64 21.15 23.52 28.93 28.60 34.43 33.34

CV3(dB) 16.44 26.26 26.25 29.17 31.69 34.99 34.11 37.02

CV4(dB) 23.67 24.49 28.75 29.97 32.61 33.84 36.38 37.21

Mean(dB) 17.55 21.84 24.31 26.98 29.95 31.79 34.16 35.69

Table 5: Assignment of forwarding date rate.

Total rate (kbps) 200 300 400 500 600 700 800 900

Normalized rate 0.283 0.425 0.567 0.708 0.850 0.992 1.133 1.275

Assigned rate SV (kbps) 72.86 104.82 140.40 180.10 227.64 258.44 272.88 279.18

(%) (0.36) (0.35) (0.35) (0.36) (0.38) (0.37) (0.34) (0.31)

Assigned rate CV (kbps) 127.14 195.18 259.60 319.90 372.36 441.56 527.12 620.82

(%) (0.64) (0.65) (0.65) (0.64) (0.62) (0.63) (0.66) (0.69)
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Figure 9: Performance comparison of the proposed RD-optimizer
and PRED/RR for streaming and conversational videos.

Furthermore, at low rates, the performances of RD FIX,
RD BUF, and RD RAT are almost the same. However, at high
rates the schemes with dynamic resource assignment per-

form much better, because reassigning some of the resources
from the streaming video buffer to the conversational video
buffer will not influence the quality of streaming video sig-
nificantly, as these resources are typically saved when the
low data rate sections of the incoming streams occur at the
node. But with fixed resource allocation, these unused re-
sources from the streaming video are wasted, which leads
to degraded performance at high outgoing link rates com-
pared to the case of dynamic resource assignment. Table 5
gives the assigned transmission resources to the streaming
videos and conversational videos when the buffer fullness-
based scheduling strategy is used. More transmission re-
sources are assigned to the conversational videos compared
to their mean bitrates. This is the consequence of the small
size of the classification buffer due to the tight delay con-
straint of the conversational videos.

Finally, precomputed hint tracks for conversational video
are not available in practice, but here we compute them any-
how in order to examine if the approximation from (11)
and (12) leads to accurate results. Our experiments show
that precomputed hint tracks (RD BUF M) for the conver-
sational videos and the approximation (RD BUF) obtained
using (11) and (12) lead to almost identical performance re-
sults, as can be seen from Figure 9. The estimation bias from
the model in (11) and (12) does not affect the results, because
the relative values of the distortion-per-bit utility among the
individual frames are preserved in either case.
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7. CONCLUSIONS

We have presented RD-optimized frame dropping strategies
for streaming and conversational video applications that can
be applied at active network nodes. The proposed techniques
employ side information about the packetized video content
that is extracted at compression time and that is sent along
the video streams. The only additional information that the
techniques need to operate at an active node is the fullness
of the outlink buffer and the mean traffic rate of the video
streams passing through the node. It is shown through sim-
ulations that a significant improvement in video quality is
achieved over previous approaches, by a judicious selection
of side information and optimized frame dropping strategy.
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1. INTRODUCTION

In recent years, ubiquitous computing devices such as laptop
computers, PDAs, smart phones, automotive computing
devices, and wearable computers have been ever growing
in popularity and capability, and people have begun more
heavily to rely on these ubiquitous computing devices.
Therefore, there has been a strong user demand for bringing
multimedia streaming to the devices such as iTunes, PPLive,
MSN, and YouTube. However, bringing delay-sensitive and
loss-tolerant multimedia services based on the current
wireless Internet is a very challenging task due to the fact
that the original design goal of the Internet is to offer simple
delay-insensitive loss-sensitive data services with little QoS
consideration. Therefore, this shift of design goal urges us
to rethink the current Internet architecture and develop a
new design methodology for multimedia communications
over the current and future wireless Internet. So far, cross-

layer design has been thought as one of the most effective
and efficient ways to provide quality of service (QoS) over
wireless networks, and it has been receiving many research
efforts. The basic idea of cross-layer design is to fully utilize
the interactions among design variables (system parameters)
residing in different network functional entities (network
layers) to achieve the optimal design performance of time-
varying wireless networks.

In order to achieve the global optimality of cross-
layer design, we need to consider design variables and the
interactions among them as much as possible. However,
more does not necessarily mean better. The more design
variables we consider, the more difficult is orchestrating
a large number of design variables to make them work
harmonically and synergetically. From the point of view
of nonlinear optimization, the number of design variables
increases and the size of state space of the objective func-
tion will increase exponentially, making the optimization
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problem unmanageable. To overcome this problem, one
often used approach is to reduce the size of the problem
at the system modeling phase and then solve the simplified
problem by using various optimization algorithms such as
gradient-based local search, linear/nonlinear programming,
genetic algorithm, exhaustive search, and heuristic-based
approach like artificial neural networks.

However, reducing a high-dimensional cross-layer opti-
mization problem to a low-dimensional problem in the
system modeling phase raises a series of questions:

(1) how to evaluate the fidelity of the simplified problem
compared with the problem as what it should be,

(2) how to evaluate the quality of the suboptimal solu-
tion to the global optimum,

(3) how to evaluate the robustness of the solution, that
is, whether the solution can guarantee the predictable
sound results at all possible circumstances.

Unfortunately, at the time of this writing, we have no clear
answers to all these three questions.

Moreover, reducing the size of the problem in the
problem formulation means that only part of the current
Internet architecture can be considered, causing a shift
of the design goal of multimedia services from the best
user experience to some layer-specific performance metrics
such as distortion at the application layer, delay at the
network layer, and goodput at the MAC/PHY layer. This
shift of design goal may cause an “Ellsberg paradox,” where
each individual design variable makes good decisions for
maximizing the objective function. But the overall outcome
violates the expected utility function. In other words,
breaking a big problem into several smaller problems in
the system modeling phase can only increase the solvability
of the original problem but cannot guarantee that it is a
good solution. The “Ellsberg paradox” also tells us that the
traditional additive measure such as probability measure may
no longer hold in the context of cross-layer design due to the
possible strong coupling (interdependency) among design
variables. At the point of this writing, there have been many
researches done on interdependency modeling in the context
of cross-layer design, but they are mostly qualitative rather
than quantitative approaches, and their applications are still
within the scope of local cross-layer optimization.

We argue that all aforementioned difficulties in the area
of cross-layer design of wireless multimedia communications
are due to lacking of methodological foundation and in-
depth understanding of cross-layer behavior. Our goal is
to provide a flexible yet scalable theoretical cross-layer
framework to accommodate all major design variables of
interest, spanning from application layer to physical layer, for
delay-bounded multimedia communications over wireless
single/multihop networks. We start from proposing an inte-
grated cross-layer framework for the best user experience.
Although the engineering side of cross-layer design is not
the main focus of this paper, we still briefly discuss how
to utilize the methodological foundation to achieve real-
time multimedia communications through a fast algorithm

for large-scale global cross-layer optimization based on
quantitative significance measure and sensitivity analysis.

The rest of the paper is organized as follows. We briefly
introduce the related work in Section 2. In Section 3, we
present a unified theoretical cross-layer framework for wire-
less multimedia communications based on link adaptation,
rate-distortion theory, and dynamic programming. A further
discussion of how to apply the proposed methodological
foundation for real-time applications is made in Section 4,
where new feature-based approximate dynamic program-
ming is introduced, followed by the conclusion in Section 5.

2. RELATED WORK

In literature, topics involving video delivery over multihop
networks such as video coding, multihop routing, QoS
provisioning, link adaptation are separately studied. There-
fore, the corresponding video compression efficiency and
the transmission efficiency are also separately optimized.
In prediction mode, selection of video coding, periodic
intracoding of whole frames [1], continuous blocks [2], or
random blocks [3] has been firstly proposed. These methods
apply intracoding uniformly to all the regions of the frame.
Then, “content-adaptive” methods are proposed to apply
frequent intra-update to regions that undergo significant
changes [4], or where a rough estimate of decoder error
exceeds a given threshold [5, 6]. A significant advance over
the above early heuristic mode switching strategies is the
rate-distortion (RD) optimized mode selection. The RD
optimized mode selection is achieved by choosing a mode
that minimizes the quantization distortion between the
original frame/macroblock and the reconstructed one under
a given bit budget [7, 8]. However, the encoders in [7, 8] have
no capability to accurately estimate the overall distortion.
So, the selected prediction mode is not necessarily optimal.
The work in [9] proposes an algorithm to optimally estimate
the overall distortion of decoder frame reconstruction due
to quantization, error propagation, and error concealment.
The accurate estimate is integrated into a rate-distortion-
based framework for optimal switching between intracoding
and intercoding modes per macroblock. However, the joint
optimization between mode selection and video transmis-
sion parameters under wireless environment is not addressed
in [9]. The work in [10] presents an end-to-end approach
to solve the fundamental problem of RD optimized mode
selection over packet-switched networks, but it only aims at
Internet peer-to-peer video communication.

In routing for video delivery in multihop networks, an
application-centric cross-layer approach has been proposed
to formulate an optimal routing problem for multiple
description video communications [11]. Physical and MAC
layer dynamics of wireless links are translated into network
layer parameters. The application layer performance, that
is, average video distortion, is considered as the function of
network layer performance metrics, for example, bandwidth,
loss, and path correlation. But the routing metric, that is,
average video distortion, is roughly computed from a simple
rate-distortion model without discussion on selection of
source coding parameters. The same problem goes to [12]
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and [13] even though optimal paths are selected optimizing
the quality under various constraints. In addition, in [13]
exhaustive algorithm is adopted for the determination of the
cross-layer optimized mesh-network path selection, which
may incur heavy computational load and make it unpractical
for real applications.

Cross-layer optimized wireless video has been studied
from different aspects, such as cross-layer architecture [14,
15], content analysis [16–18], video compression and RD
optimization [2–4, 6–10, 19–21], source packetization [22,
23], QoS provisioning [24–26], application-centric routing
[11–13, 27], queueing and scheduling [28–31], energy
efficiency [32, 33], and link adaptation [34, 35]. To reach
a global optimality at the level of frame or video sequence
rather than at the level of packet, we need to evaluate the
overall distortion and the effect of packet pipelining in a
network on the total delay of a frame or a video sequence.
To the best of our knowledge, although some works focus
on the cross-layer design for video delivery over multihop
wireless networks, there is still no substantial work that can
reach such kinds of global optimality.

In wireless video, optimization has to be done over
multiple source coding units, such as frames and pixel blocks,
for the best reconstructed video quality. There is “only one
exact method for solving problems of optimization over time;
in the general case of nonlinearities with random disturbance,
it is dynamic programming (DP)” [36]. However, the biggest
challenge of applying dynamic programming in practical
large-scale problems is curse of dimensionality [37], where
the size of state space normally increases exponentially with
the number of control variables increasing. Therefore, the
most sensible way is to map a huge state space Rn to a
much smaller feature space Rm (m � n), which is called
approximate dynamic programming (ADP), also known as
neurodynamic programming, adaptive dynamic program-
ming, adaptive critics, or reinforced learning, depending on
in which discipline the technique is used [36, 38, 39].

Existing ADP approaches have largely ignored the inter-
dependencies among control variables, which might lead
to loose approximation error bounds. Nonadditive measure
theory was developed to characterize the interactions among
control variables [40–43], and it has been widely used in
various areas. Choquet integral [44] is regarded as the most
effective and efficient way to calculate nonadditive measure
and has received a significant amount of research [45–48].
Since nonadditive measure is defined on the power set, fast
algorithms [49] have been studied to speed up the calculation
process. However, current research on nonadditive measure
still focuses on static linear systems with commensurable
data [50].

3. A THEORETICAL CROSS-LAYER FRAMEWORK FOR
WIRELESS MULTIMEDIA COMMUNICATIONS

3.1. Problem statement

In the protocol stack of multimedia over wireless networks,
each layer has one or multiple key system parameters which
would significantly impact the overall system performance.

At the application layer, tradeoff between rate and distortion
is an inherent feature of every lossy compression scheme
for video source coding. Prediction mode and quantization
level are two critical parameters. At the network layer,
routing algorithm is important to find the best delivery
path over a single/multihop wireless network. At the data
link layer, hybrid automatic repeat request (HARQ), media
access control protocols, and packetization are often used
to maintain a low packet loss rate. However, the choice
of maximum retransmission number is a tradeoff between
resultant packet delay and packet loss rate. Note that for
real-time multimedia applications, we might not consider
HARQ due to strict delay constraints. At the physical layer,
adaptive modulation and coding scheme is an important
tradeoff between transmission rate and packet loss rate.
Furthermore, the end-to-end performance is not completely
determined by the parameters of individual layer, but rather
by all parameters of all layers. For example, the end-to-
end delay consists of propagation delay (determined by the
number of hops of the selected path), transmission delay
(determined by channel conditions, modulation and channel
coding, maximum retransmission number, and source rate),
and queueing delay (determined by source rate, transmission
rate, and the selected path). Moreover, due to the time-
varying nature of wireless channels, each node in the network
should be capable of adjusting these parameters quickly to
maintain a good instantaneous performance. Clearly, the
layer-separated design no longer guarantees an optimal end-
to-end performance for multimedia delivery over wireless
networks.

3.2. Methodology

We develop a cross-layer framework to optimize multimedia
communications over single/multihop wireless networks.
In order to demonstrate the main idea of the proposed
framework as shown in Figure 1, at the application layer,
we implement our framework based on the ITU-T H.264
standard. The rate-distortion tradeoff in video source cod-
ing makes it very critical to select suitable video coding
parameters such as prediction mode (PM) and quantization
parameter (QP). Without losing generality, we consider
a multihop wireless network scenario in which all nodes
can act as either a source or destination as well as a
router for other nodes. To carry out end-to-end delay-
bounded multimedia communications, at the network layer,
we assume that certain routing protocols are used to come
up with the routing table. Then, a quality-aware routing
algorithm needs to be developed to select the best multihop
path from the source to the destination. Each hop adopts
adaptive modulation and coding (AMC) at the physical layer
to overcome the adverse effects caused by the time-varying
channel condition.

Let us denote by W the number of frames of a
video clip, f1, f2, . . . , f W , and let m1

i ,m
2
i , . . . ,m

M
i be the

macroblocks of frame fi. Since each frame is processed in
units of macroblock (corresponding to 16∗16 pixels in the

original frame), let v
j
i denote the coding parameter vector
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of macroblock j in frame i as quantization parameter (QP)

and prediction mode choice (I or P frame). Let B
j
i (v

j
i ) denote

the consumed bits in coding the macroblock m
j
i with the

coding parameter vector v
j
i ; then the total bits consumed by

the frame can be expressed as Fi =
∑M

j=1B
j
i (v

j
i ).

We assume that the considered multihop network con-
sists of Z nodes {N1,N2, . . . ,Nz}. For any two nodes Nx and
Ny , if Nx can directly communicate with Ny , we say that
there exists a hop between Nx and Ny . Let li(x→y) denote
the hop between the node Nx and the node Ny . Considering
the time-varying nature of the network, let Li(x→y)|1 ≤ x ≤
Z, 1 ≤ y ≤ Z, x /=y, denote all the connectivity information
within the network when transmitting the frame fi. Accurate
Li can be obtained from certain routing protocols such as
OLSR routing protocol. Let Pi = {l1, l2, . . . , lG} be a path
{l1→l2→·· ·→lG} for transmitting frame fi from the source
node to the destination node. Clearly, there exist Pi ⊆ Li and
1 ≤ Gi ≤ Z − 1. Let us denote {γpi } and {Rpi } as the channel
SNR and transmission rate of the link lp with 1 ≤ p ≤ G,
{Ap

i } andC
p
i as the modulation mode and associated channel

coding rate, andN
p
Ri as the number of retransmissions. Then,

the delay in transmitting the frame fi on the link lp can
be written as {Tp

i (A
p
i ,C

p
i ,N

p
Ri , γ

p
i ,R

p
i ,Fi)}. Clearly, the total

delay in transmitting the whole video clip can be expressed
by

T =
W∑

i=1

Gi∑

p=1

T
p
i (A

p
i ,C

p
i ,N

p
i , γ

p
i ,R

p
i ,Fi). (1)

Let f̃i denote the reconstructed ith frame at the receiver side.
Using the mean square error as distortion metric, the overall
expected distortion for the whole video clip is

E[D] =
W∑

i=1

E[d( fi, f̃i)]. (2)

Note that in this work, d(·) of E[D] can be calculated
by any distortion estimation method such as the mean
square error (MSE) estimation method and the recursive
optimal per-pixel estimate (ROPE) method. Likewise, any
error concealment schemes can be used at the receiver side
to further enhance the perceivable video quality. Since the
formulation discussed above considers W consecutive video
frames, the spatial-temporal correlation among frames and
macroblocks has been taken into account in the global
optimization framework.

Thus, the proposed cross-layer framework for wireless
multimedia communications can be formulated as

MinE[D], s.t. : T ≤ Tmax, (3)

where Tmax is a predefined delay budget for delivering the
given video clip.

Recall that the focus of the proposed framework is
to jointly find the optimal parameter set for each frame

fi, including the source coding v
j
i , the delivery path Pi,

the maximum number of retransmissions N
p
i , and the

modulation A
p
i with the associate coding C

p
i . Here, p is

the index of each hop on the path Pi. Clearly, the optimal
solution for the problem described by (3) can be written as

min
{v,P,NR ,A,C}

W∑

i=1

E[d( fi, f̃i)] (4)

with the delay constraint

W∑

i=1

Gi∑

p=1

T
p
i (A

p
i ,C

p
i ,N

p
i , γ

p
i ,R

p
i ,Fi) ≤ Tmax. (5)

Clearly, in (4) we assume that the decoder side has
a sufficient size buffer to hold part of the decoded video
frames, say, a group of pictures. Given the dramatically fast
growing silicon performance and the decreasing size and cost
for the memory and silicon, the assumption is reasonable
for most scenarios. But when the size of decoder buffer is
constrained, (4) would be rewritten as follows:

min
{v,P,NR ,A,C}

E[d( f , f̃ )] (6)

with the delay constraint

G∑

p=1

Tp(Ap,Cp,Np, γp,Rp,F) ≤ Tmax, (7)

where f represents each of the W frames, which has a delay
constraint. Clearly, (6) does add difficulties on top of (4),
although a number of constraints are included to eliminate
some valid solutions for the original problem.

Note that the unique feature of (4) is that it is essentially
a convex function, which has been shown in large amount
of research done on rate-distortion relationship under the
context of multimedia processing and transmissions. In
other words, there always exists a global optimality of this
formulation. This is a very important conclusion, since other
existing global cross-layer optimization frameworks focusing
on network QoS or using decomposition approach cannot
guarantee the convexity of all decomposed subproblems.
For a given multimedia application, the global optimization
problem described in (4) turns into a constrained nonlinear
optimization problem, which can be solved by Lagrangian
multipliers (LMs) and Lagrangian relaxation (LR) [51]. So, we
can use the derived Lagrangian cost function as the unified
cost function. In this work, the cost function J is the average
distortion over the given video clip E(D).

For the global optimality of system performance, we
need to optimize current control action ut over time t +
1, t + 2, . . . ,N ; in other words, current control action ut =
{v,P,NR,A,C} needs to be chosen with considerations of
future cost J . For example, the end user will evaluate the
perceivable video quality based on the overall quality of the
whole video clip rather than the quality of each individual
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video frame. Therefore, the cost function for optimization
over time based on (4) is

arg min
ut∈U

Cuti (xt) + J(xt+1) | xt. (8)

Here, xt is the state at time t, and the value J(xt+1) is
introduced to capture the future cost (i.e., E(D)) at time t+ 1
incurred as a result of taking the control action ut at time t.

So far, there is only one exact method for global
optimization over time with nonlinearities and random
disturbances [36], which is dynamic programming (DP). DP
provides methods for choosing a value function J(·) to derive
an optimal policy π = {u0,u1,u2, . . . ,uN−1}. There has been
a plenty of research on how to use DP-based algorithms
for multimedia processing and transmission. In order to use
DP to find the global optimality of (4), a unified cost-to-go
function J has to be constructed:

Jut (xt) = min
ut ,...,uN−1

N−1∑

i=t
J(xi,ui(xi), xi+1)|xt. (9)

Then, the global optimization problem turns into calcu-
lating the cost-to-go function J0(x0), which is the overall cost
to be incurred in the finite horizon of N steps.

3.3. Numerical results

We have evaluated the performance of the proposed inte-
grated cross-layer framework through extensive simulations
based on H.264 JM12.2 codec. In general, we are interested
in comparing our integrated cross-layer design with the best
possible results of H.264 codec. Our goal here is to illustrate
the difference of performance gain between the global
optimality achieved by the proposed framework and the
superposition of multiple local optimality done separately at
different network layer (s). In this paper, the best baseline
performance is derived: (1) at the application layer, it uses
the rate control scheme of H.264 codec; (2) at the network
layer, it always chooses the path with the best average SNR at
each hop; (3) at the MAC and PHY layers, it always chooses
the AMC scheme for the shortest delay while keeping the
predefined PER performance.

From the simulation results, up to 3 dB PSNR gain can
be achieved by using the proposed approach compared with
using the existing piecemeal approach, as shown in Figure 2.

Remark 1. We have proposed a top-down theoretical cross-
layer framework for multimedia over wireless networks, and
the correctness of the proposed methodology is based on
its rigorous theoretical foundation. Moreover, the proposed
methodology is based on dynamic programming, which
means that it is very flexible and scalable; any interaction
of interest in the system can be easily integrated into
the proposed framework. Since we consider all the major
interactions of interest spanning from application layer to
physical layer, we have overcome the major drawback of
existing cross-layer designs where the simplification occurs at
the system modeling phase rather than the problem solving
phase. Therefore, the proposed methodology provides the

true global optimality and a new design guidance to the
cross-layer design for multimedia over various wireless
networks.

4. FURTHER DISCUSSION

In this section, we will further discuss how to apply the
aforementioned global optimization framework for real-
time multimedia communications as formulated in (4).
This is not only practically important but also theoretically
interesting.

4.1. Problem statement

So far, we have presented a new theoretical framework
for cross-layer design of multimedia communications over
wireless networks, which provides a sound methodological
foundation for us to evaluate cross-layer designs using
dynamic programming (DP) which has been widely adopted
to study sequential decision-making problems (stochastic
control). However, the practical applications of dynamic
programming are limited mostly due to the dual curses of
dimensionality and uncertainty, that is, the large size of
underlying state space of the cost-to-go function which is
a function of the current state for evaluating the expected
future cost to be incurred. The “curse of dimensionality”
means that the computational complexity of the cross-layer
design can be increased exponentially when the number
of considered design variables increases. The “curse of
uncertainty” (modeling) indicates the fact that in a complex
networking system there exist various uncertainties making
it very difficult to know the explicit system model and/or
states. Generally speaking, uncertainties can be classified
into two categories: measurement uncertainties and model
uncertainties. Under the context of cross-layer design, mea-
surement uncertainties are mainly caused by randomness in
data collecting process such as inaccurate channel feedback,
while model uncertainties are mainly caused by various
approximations made in system modeling process such
as approximations made on channel quality, traffic load,
node mobility, number of users, and user behaviors. For
cross-layer design, uncertainties existing in interdependency
among design variables may cause severe performance
degradation. Therefore, the “dual curses” make cross-layer
optimization a very challenging problem.

4.2. Methodology

4.2.1. Feature-based approximate dynamic programming

The most sensible and rational way to deal with the difficulty
caused by “dual curses” is to generate a compact para-
metric representation (compact representation, for brevity)
to approximate the cost-to-go function for a significant
complexity reduction through mapping the huge state space
to a much smaller feature space characterized by a compact
representation.

Currently, the selection of a compact representation
largely relies on heuristics which somewhat contradicts
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optimization. Here, assume that multihop paths and their link quality can be found by a multihop routing protocol, such as optimized
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concealment algorithm is adopted where the lost macroblock will be replaced by the latest correctly received one. (b) Perceptual video quality
comparison based on H.264 codec with the same delay budget, where (a) is global optimality and (b) is the best baseline.
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Table 1: Perceptual video quality comparison based on H.264 codec in a real-time environment Tframe = 35ms), where (a) globally optimal,
(b) near optimal, and (c) the best baseline.

u[1] QP 179.23 T Global ADP − P1 ADP − P2 ADP − P3 Baseline

u[2] Path 31.95 0.01312 146433 164824 156336 149483 194813

u[3] QP,Path 93.31 0.02217 88552 98207 97470 95454 123607

u[4] AMC 23.18 0.03454 56983 67341 64555 60364 78341

u[5] QP,AMC 252.49 0.03960 49719 54891 51555 50201 63891

u[6] Path,AMC 3.22 0.06105 33702 36535 35623 34564 42535

u[7] QP,Path,AMC 157.31 0.09725 21573 23551 23337 22811 27551

the nonheuristic aspects of the dynamic programming
methodology. Therefore, we propose a new method based on
nonadditive measure theory, which can dynamically generate
compact representations of the huge state space. Unlike other
nonlinear feature-extraction approaches such as artificial
neural network, the proposed method is adaptive and
nonheuristic in the sense that it allows us to quantitatively
characterize the significance or the desirability of state
vectors with considerations of interactions among different
state variables. Therefore, new feature-based approximate
dynamic programming can be developed based on the
adaptive feature extraction and compact representation.

We consider a large-scale dynamic programming prob-
lem defined on a finite state space S. Let n denote the
cardinality of S; thus we have S = 1, . . . ,n, and n = Πω

k=1Nk,
where Nk is the number of control actions for the parameter
k ∈ [1,ω]. Our goal is to quantitatively characterize the
significance effect of parameters on the cost-to-go function
J .

4.2.2. Feature-based compact representation

In the context of dynamic programming, the cost-to-go
vector J is defined as a vector whose components are the
cost-to-go values of various states. The cost-to-go function
specifies the mapping from states to cost-to-go values.
Therefore, the optimal cost-to-go vector J∗ of policy π with
initial state i is defined by

Jπ
∗

i = min
π

Jπi , i ∈ S, (10)

and the policy at state i is defined by

π∗i = arg min
u∈U(i)

(

Ciu +
∑

j∈S
J∗j

)

, ∀i ∈ S. (11)

The dynamic programming problem is to seek the optimal
policy π∗ to achieve

Jπ
∗

i = J∗i , ∀i ∈ S. (12)

In large-scale dynamic programming problems, the size
of state space normally increases exponentially with the
number of state variables, making it extremely difficult
to compute and store each component of the cost-to-go
function. Therefore, the most sensible way is to map a huge
state space Rn to a much smaller feature space Rm (m� n).

Formally, a compact representation can be described as a
scheme for recording a high-dimensional cost-to-go vector
V ∈ Rn using a lower-dimensional parameter vector W ∈
Rm. So, if we can obtain an approximation of J ∈ Rm to
J∗ ∈ Rn, we may still generate a near optimal control policy
πJ but with significant computational acceleration satisfying

πJ = arg min
u∈U(i)

(

Ciu +
∑

j∈S
J j

)

, ∀i ∈ S. (13)

In the context of approximate dynamic programming,
we would like to see that when J approaches J∗, πJ is
getting close to π∗. Therefore, a compact representation can
be described as a mapping of J : Rn 	→ Rm to W :∈
Rm associated with a cost-to-go vector. Each component of
J̃i(W) of the mapping is the i th component of a cost-to-go
vector represented by the parameter vector W .

Formally, a feature f is defined as a function from
the state space S into a finite set Q of feature values.
In stochastic multistage decision processes, we might need
several features, f1, f2, . . . , fK , forming a feature vector
F(i) = ( f1(i), . . . , fK (i)) for each state i ∈ S. The feature
vector F(i) indicates the desirability or significance of the
associated state i. Therefore, for a feature-based compact
representation, the component J̃i(W) of J̃(W) can be written
as J̃i(F(i),W).

For approximate dynamic programming using feature-
based compact representation, the approximate cost-to-go
function is

J̃(W) = g(F(i),W), (14)

where g is defined as an approximation architecture g : RK ×
Rm 	→ R with R ∈ Rn, meaning that g will only cover the
most significant finite region of Rn. In order to achieve the
best quality of approximation, it would be highly desirable to
have effective and efficient parameter-selection and feature-
extraction algorithms. Unfortunately, the existing feature-
extraction and parameter-selection algorithms are mainly
based on heuristics such as Q-learning and neural network,
but those methods lack for sound engineering judgement.

4.2.3. Feature extraction and parameter selection based on
significance measure

Feature extraction requires us to catch the “dominant
nonlinearities” in the optimal cost-to-go function J∗. Then,
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based on the extracted features, the parameter vectorsW can
be determined and so can be Rm.

In our preliminary study [53], a new method for feature
extraction, called significance measure, has been proposed
based on nonadditive measure theory [40]. The unique fea-
ture of significance measure is that the nonlinear interactions
among state variables on the cost-to-go function can be
quantitatively measured by solving a generalized nonlinear
Choquet integral. As shown in our preliminary study [53],
the feature-based approximation can be expressed as

ΔJ̃ =
m∑

k=1

Δ f (x)·μk + ξ, (15)

where x is state variable, J is the cost-to-go function,
and f (x) is observation of state variable. The impact of
interactions among state variables on the cost-to-go function
is described by a set function μ defined on the power set of
state variables satisfying the condition of vanishing at the
empty set, that is, μ : P(X)→(−∞, +∞) with μ(∅) = 0. The
set function μ is called nonadditive measure [40]. There has
been a lot of research done to find the optimal μ by solving
the nonlinear integral equation such as Choquet integral [48,
54] based on a set of observation data. An advantage of the
proposed significance measure method described above is
that it only needs system operation data (simulations), which
can be easily acquired from the device drivers. Therefore,
it is fairly efficient in terms of computation and storage.
Significant measure and sensitivity analysis.

Once, we determine the significance measure of state
variables μ1,μ2, . . . ,μ2ω−1 corresponding to different param-
eter sets. Then, the parameter set with the largest μi can
be directly used for parameter selection. Furthermore, the
value of each parameter set can be interpreted as feature,
since it reflects the parameter significance towards the cost-
to-go function. We can choose the parameter set having
the largest value of μi to be the compact representation
W ∈ Rm of the high-dimensional cost-to-go vector V ∈
Rn. Therefore, various approximate dynamic programming
approaches using feature-based compact representation can
utilize the new method for compact representation, feature
extraction, and parameter selection. For example, if we adopt
feature-based look-up table approximate dynamic program-
ming architecture, the approximated cost-to-go function is
J̃i(W) = W , or we can use J̃i(W) = WTF(i) if using linear
approximate architecture.

4.3. Numerical results

As discussed earlier, based on the significance measure and
sensitivity analysis, we can derive a new method for feature
extraction and compact representation for approximating
the original large-scale dynamic programming. Using the
same problem setting as of Figure 1, a simple example
to illustrate the basic idea of the proposed approach is
devised. First, an operational data set in the format of
[QP, Path, AMC, Value of cost-to-go function] has been
collected by uniformly sampling the dynamic programming
state space. Then, the significance measure algorithm, as

presented in [53, 55] was applied to the collected data. The
derived significance measure of control variables and their
interdependencies can be derived as shown in Tabl @ IV-B3,
where columns 1–3 represent significance measure of control
variables, where u (column 1) indicates the significant
impact of each subset of control variables (QP,Path,AMC)
(column 2) on the cost-to-go function (column 3) based on
the collected measurements. The original three-dimension
(QP,AMC,Path) DP problem can be approximated by a
two-dimension (QP,AMC) ADP problem. Columns 4-9
represent MSE distortion of DP versus ADP versus the best
baseline under different frame delay budgets (T), where three
ADP values are corresponding to adopt different fixed paths
(P1, P2, or P3) in the approximation.

In this simulation, based on the significance measure, the
interaction between QP and AMC has the most significant
impact on the cost-to-go function, meaning that “path” is
not as significant as the other variables. So, it could be
excluded from the optimal search. This way, the cardinality
of the approximated state space can be reduced by three
times. Compared with the global optimal performance, the
maximum approximation error caused by excluding path
from the DP search is 12.5%, corresponding to the shortest
delay budget; however, in this case, the result of ADP-
based solution still outperforms the best baseline H.264
performance by 15.4%.

Remark 2. In this section, we propose a new method for fea-
ture extraction and compact representation of approximate
dynamic programming, which is based on the significance
measure of each set of design variables. We discuss a novel
feature-based approximate dynamic programming approach
for solving the large-scale dynamic programming problem in
support of real-time multimedia applications. Furthermore,
since all the significant measures of a power set of design
variables are available, a scalable complexity framework by
exploring the tradeoff between the quality of approximation
(QoA) and the quality of service (QoS) could be developed in
future. Note that the proposed significance measure method
and the feature-based approximate dynamic programming
approach are fairly generic and are applicable for any large-
scale design optimization and real-time control scenarios.

5. CONCLUSION

The major challenges of current cross-layer design for
multimedia communications over wireless networks are
(1) lacking of understanding of cross-layer behaviors, (2)
simplifying cross-layer design at the system modeling phase,
and (3) relying on heuristic approaches. We argue that all
these challenges are caused by lacking of a new methodology
for cross-layer design of multimedia communications over
wireless networks. This has motivated us to propose a
new methodological foundation for cross-layer design of
multimedia communications over wireless networks, which
has made two major contributions to the research area:
(1) the theoretical framework with major design variables
spanning from application layer to physical layer for cross-
layer design of multimedia communications over wireless
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networks, and (2) the novel feature-based approximate
dynamic programming approach based on a new significance
measure method to understand cross-layer behaviors and
speed up large-scale cross-layer optimization. The proposed
methodological foundation is fairly general and can be
applicable to other applications in multimedia commu-
nications. However, we are not trying to solve all the
problems in this paper; rather, we are trying to look into
this challenging problem from a different angle and open
up a new research direction for future studies in the field
of wireless multimedia communications. We believe that
the proposed methodological foundation will significantly
contribute to the emerging research areas such as service-
and application-oriented QoS provisioning in the future
Internet.
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1. INTRODUCTION

In the context of Universal Multimedia Access (UMA), mul-
timedia contents should be adapted to meet various con-
straints of heterogeneous environments [1]. Among exist-
ing media types, video content imposes many challenges to
the development of a transparent delivery chain [2]. Cur-
rently, there are two main technologies for video adaptation,
namely, transcoding and scalable coding. Due to the high
complexity of transcoding, many efforts have been focused
on the development of scalable coding [3, 4].

Scalable video coding (SVC) [5] is a promising video
format for applications of multimedia communication. SVC
format, which is extended from the latest advanced video
coding (AVC) [6], is appropriate to create a wide variety of
bitrates with high-compression efficiency. An original SVC
bitstream can be easily truncated in different manners to
meet various characteristics and variations of devices and
connections. The scalability is possible in 3 dimensions: spa-
tial, temporal, and SNR. The spatial scalability of SVC in-
telligently combines multiple spatial layers into a single bit-
stream, which has much better coding efficiency than simul-
casting multiple streams of different spatial sizes. The tempo-

ral scalability is supported by hierarchical B pictures which
enable both the ease of truncation and high-coding effi-
ciency. Besides, fine-grained scalability (FGS) data of SNR
scalability can be truncated arbitrarily to meet the bitrate
constraint of connection. Usually, FGS data is truncated in a
top-down manner [7], that is, starting from the highest spa-
tial layer to the lowest spatial layer.

Though scalable coding formats in general and SVC in
particular provide flexibility in truncating the coded bit-
stream, there is a strong demand for the optimal adapta-
tion strategies and solutions in various contexts [8]. In re-
cent years, much research has been focused on the adap-
tation of MPEG-4 FGS video (e.g., [9, 10]), where the bit-
stream contains only one spatial layer. In our previous works
[11, 12], we have developed an MPEG-21-enabled adapta-
tion system, where the SVC bitstream is adapted in the full
spatio-temporal-SNR space. However, the goal is still to op-
timize the quality of only one resolution.

In this work, we focus on FGS data truncation of mul-
tispatial layer (or multilayer for short) SVC bitstream, so
as to maximize the overall/collective quality of the spatial
layers provided by the adapted bitstream. For example, let
us consider the following scenario (Figure 1). Suppose that
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a surveillance video is encoded by SVC format with two spa-
tial layers, each of which is enhanced by FGS data. That video
is streamed to a remote building where two users will con-
sume the content. The first user has a PC which will decode
the highest spatial layer and the second user has a PDA which
decodes the lowest spatial layer. To meet the connection bi-
trate of that building, the FGS data will be truncated. Note
that the FGS data may account for a significant portion (e.g.,
two thirds) of the total bitrate.

Currently, the FGS data of the above bitstream can be
truncated with a few approaches. With the conventional ap-
proach of top-down truncation [7], the lowest spatial layer
always gets the best possible quality while the highest spatial
layer may be much degraded. On the contrary, with the ap-
proach of [13], some FGS data in the lower spatial layer can
be removed so as the highest spatial layer always has the best
possible quality. We call this approach as highest-max, im-
plying the maximization of the highest spatial layer’s qual-
ity. It should be noted that the highest-max truncation is not
“bottom-up” truncation, in which truncation simply starts
from the lowest spatial layer to the highest spatial layer. As
discussed later, the bottom-up truncation is actually not use-
ful.

Additionally, in practice the requirements from users
may be complex and variant in time. For example, the above
two users request a “weighted balance” of qualities between
them (or between the two spatial layers); or when a key (pri-
mary) user moves between end-devices, the quality should be
reallocated accordingly. We consider this fact as a kind of user
collaboration [14], which should be exploited to improve the
overall/collective quality across multiple users.

In this paper, we propose a general framework to adapt
SVC bitstream having multiple spatial layers. Our proposed
framework has the flexibility in allocating the resource (i.e.,
bitrate) among spatial layers, where the overall quality is de-
fined as a function of all spatial layers’ qualities and can be
modified on the fly. The adaptation process is first formu-
lated as a constrained optimization problem. Then we pro-
pose a solution based on the Viterbi algorithm to find the
optimal bitrate allocation between spatial layers. We will also
show that the approaches of [7, 13] are just two extreme cases
of our general framework.

This paper is organized as follows. In Section 2, we
present the problem formulation. The solution to this prob-
lem, which is based on Viterbi algorithm, is proposed in
Section 3. Section 4 presents the experiments to show the ef-
fectiveness and performance of our framework. Finally, con-
clusion is provided in Section 5.

2. PROBLEM FORMULATION

The FGS truncation process in SVC can be conceptually il-
lustrated in Figure 2. Suppose that we have an SVC bitstream
which consists of 2 spatial layers. Each spatial layer is com-
posed of a base quality layer and FGS data which progres-
sively enhance the SNR quality of that spatial layer. FGS data
of a lower spatial layer can be used for interlayer prediction
of a higher spatial layer. However, the FGS data can be trun-
cated arbitrarily, regardless of the location. Anyway, the FGS

CIF

QCIF

Adaptation
engine

CIF

QCIF

Limited connection

Remote building

Figure 1: A scenario of two users with one SVC bitstream.

2nd spatial layer

FGS data

Base
quality

1st spatial layer

FGS data

Base
quality

Truncated
data

Truncated
data

Figure 2: FGS data truncation of an SVC bitstream with multiple
spatial layers.

data of a given spatial layer should be truncated “top-down”,
that is, from the highest quality to the base quality.

Note that, the base quality layer represents the minimum
quality of a spatial layer. Nonetheless, in practice, users could
request quality thresholds of their own, which may be higher
than those of base quality layers.

Denote OQ as the “overall quality” (or collective quality)
of the truncated bitstream, N the number of spatial layers, Ri

and Qi the “FGS bitrate” and corresponding quality of spatial
layer i, and Qmin

i the requested minimum quality of spatial
layer i. Also let Rc denote the bitrate constraint of all FGS
data, which is the difference of the overall bitrate constraint
and the base quality bitrate. The adaptation framework can
be formulated as follows:

maximize OQ subject to

N∑

i=1

Ri ≤ Rc, Qi ≥ Qmin
i with i = 1, . . . ,N. (1)

OQ is generally defined as a function of spatial layers’ quali-
ties:

OQ = f
(
Q1,Q2, . . . ,QN

)
. (2)
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Currently, we compute the overall quality using the weighted
sum as follows:

OQ =
N∑

i=1

wi·Qi, (3)

where wi is the weight of layer i, 0 ≤ wi ≤ 1.
With (3), the quality harmonization between different

spatial layers can be adjusted by changing the values of wi’s.
For example, given the scenario described in Section 1, if w1

= 1 and w2 = 0, the truncation will be top-down so as the first
spatial layer always has the best possible quality.

It should be noted that, due to interlayer prediction in
SVC, the quality of a higher spatial layer depends on the qual-
ities, or more exactly on the bitrates, of lower spatial layers.
That is,

Qi = gi
(
Qi−1

)
. (4)

So truncating all FGS data of lower spatial layers to “make
place” for FGS data of the highest spatial layer may not always
give the best possible quality for the highest spatial layer. This
will be discussed in more detail in the experiments.

As this framework is essentially a resource allocation
problem, it can be extended to cover temporal scalability as
long as we employ a quality metric that support multidimen-
sional adaptation (e.g., [15]). In the following section, we
will present a method based on Viterbi algorithm to solve
optimization problem (1).

3. SOLUTION BY THE VITERBI ALGORITHM

Although the FGS data can be truncated finely, the trunca-
tion in practice is done in discrete steps (e.g., with a unit of
1 Kbps). So the bitrates Ri’s in the above problem formula-
tion can take discretized values with some step size. Further,
as described above, the dependency between spatial layers
should be considered in optimization problem (1). So this
problem can be solved optimally by the Viterbi algorithm of
dynamic programming [16–18]. In the following, we call a
selection as a discretized truncation operation at a given spa-
tial layer.

The principle of the Viterbi algorithm lies in building a
trellis to represent all viable allocations at each instant, given
all the predefined constraints. The basic terms used in the
algorithm are defined as follows (Figure 3).

(i) Trellis: A trellis is made of all surviving paths that link
the initial node to the nodes in the final stage.

(ii) Stage: Each stage corresponds to a spatial layer to be
truncated.

(iii) Node: In our problem, each node is represented by a
pair (i, ai), where i is the stage number, and ai is the
accumulated bitrate of all FGS data until this stage.

(iv) Branch: Given selection ki at stage i which has the bi-
trate Riki , a node (i−1, ai−1) in the previous stage (i−1)
will be linked by a branch of value Qi(ki, ai−1) to node
(i, ai) with

ai = ai−1 + Riki , (5)

B
it
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te

Branches

Nodes

ki+1 = 2

ki+1 = 1

ki+1 = 2

ki+1 = 1

ki = 2

(i, ai)Ri2

Ri1
Qi(1, ai−1)

(i− 1, ai−1)

ki = 1

Stage i− 1 Stage i Stage i + 1

Layer i− 1 Layer i Layer i + 1 Spatial layer

Figure 3: Trellis diagram grown by the Viterbi algorithm. Each
stage corresponds to a spatial layer, and each branch corresponds
to a selection for a given spatial layer.

satisfying

ai ≤ Rc. (6)

(v) Path: A path is a concatenation of branches. A path
from the first stage to the final stage corresponds to
a set of possible selections for all spatial layers.

In SVC, the higher spatial layers are dependent on the lower
spatial layers (but not vice versa). So when the trellis is grow-
ing, the stages are arranged in the increasing order of spatial
layers (i.e., from the lowest spatial layer to the highest spa-
tial layer). Note that, the first stage (stage 0) is just an initial
point, which does not correspond to any spatial layers. Sim-
ilarly, the quality Qi(ki, ai−1) depends on not only selection
ki of layer i but also the selections corresponding to previous
nodes in the path. Moreover, thanks to the pruning described
below, each node (i, ai) will correspond to only one selection
ki. So we can rewrite Qi(ki, ai−1) =Qi(ki, ki−1, . . . , k1).

From the above, we can see that the optimal path, cor-
responding to the optimal set of selections, is the one hav-
ing the highest weighted sum

∑ N
i=1wi·Qi. We now apply the

Viterbi algorithm to generate the trellis and to find the opti-
mal path as shown in Algorithm 1 [17, 18].

Let Ki denote the number of selections for spatial layer i.
With the above algorithm, from the initial node (0, 0), there
will be at most K1 branches growing to K1 nodes of stage 1.
The number of branches will be K1 if all values of a1 are not
greater than Rc. Similarly, there will be at most K2 branches
grown from each node of stage 1. Due to this growing, there
may be more than one branch reaching to the same accumu-
lated bitrate (or arriving to the same node). However, thanks
to step 2, there remains only one branch (i.e., the best one)
that arrives to a node.

We see that the complexity of this solution depends on
the number of layers and the number of selections which is
determined by the truncation step size. Officially, the number
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Step 0: i = 0. Start from the initial node (0, 0).

Step 1: At each stage i, add possible branches to the end
nodes of the surviving paths. At each node, a branch is
grown for each of the available selections; the branch must
satisfy condition (6).

Step 2: Among all paths arriving at a node in stage i+ 1, the
one having the highest accumulated sum of

∑ i+1
t=1wt·Qt is

kept, and the rest are pruned.

Step 3: i = i+1. If i ≤ N, go back to step 1, otherwise go to
Step 4.

Step 4: At the final stage, compare all surviving paths then
select the path having the highest value of

∑ N
i=1wi·Qi. That

path corresponds to the optimal set of selections for all
spatial layers.

Algorithm 1

Bitrate
constraint

Descriptions/
metadata

Decision engine

Instructions

w1, . . . ,wN

Scaling engine

Input
bitstream

Output
bitstream

Adaptation engine

Figure 4: Architecture of an SVC adaptation system.

of spatial layers in SVC can be up to 8. However, to maintain
a good coding efficiency, an SVC bitstream contains at most
three spatial layers (with different resolutions) [7]. As shown
later in the next section, with practical conditions, the opti-
mal solution based on the Viterbi algorithm can be found in
real time.

It should be noted that the solution provided by the
above algorithm is optimal for the “discretized” problem.
However, as mentioned earlier, the practical truncation is
often based on a specific step size. From our experience, a
truncation equal to 1% of the total FGS bitrate would not
result in any perceptual difference. So, practitioners would
look for a solution of the discretized problem, rather than
the continuous-valued problem.

Currently, the R-D information (i.e., Ri, Qi) in our
framework is operational. Although the operational R-D
data is not easy to obtain in real time, they can be computed
in advance and used as metadata to adapt the bitstream on
the fly as in previous work of video coding [16, 19]. More-
over, some analytical models can be used to represent the R-
D information in a compact manner [9, 19].

4. EXPERIMENTS

In this section, some experiments are presented to show the
flexibility and usefulness of our proposed framework. We de-
veloped an SVC adaptation engine which consists of a de-
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Figure 5: R-D information of QCIF layer. The FGS truncation is
applied to QCIF layer only.

cision engine and a scaling engine (Figure 4). The decision
engine employs metadata about the operational R-D infor-
mation of input bitstream, and other metadata including bi-
trate constraint, the weights wi’s of spatial layers, and then
provides as output the adaptation instructions. The instruc-
tions here are the amount of FGS bitrate which should be
truncated in each spatial layer. The scaling engine takes the
instructions and adapts the input bitstream accordingly.

4.1. Allocation results

Test videos are encoded by the recent software JSVM7.12.
The results presented below are for the football video, en-
coded with 2 spatial layers, QCIF and CIF both having frame
rate of 30 fps and GOP size of 16. Correspondingly, two users
will consume this content as in the scenario of Section 1. The
base quality QP values of both spatial layers are 38. QCIF spa-
tial layer is enhanced by 3 FGS layers and CIF spatial layer by
2 FGS layers. The FGS bitrates of CIF and QCIF layers are,
respectively, 1924 (Kbps) and 1877 (Kbps). We assume that
users have no special requests on the quality threshold (i.e.,
Qmin
i ). Quality metric used in optimization problem (1) is

PSNR value averaged over all video frames. The overall qual-
ity is given by

OQ = w1·Q1 +w2·Q2. (7)

For ease of presentation and discussion, the step size for
FGS truncation is set to be 400 (Kbps) and the quality is
shown according to the amount of truncated bitrate. Each
spatial layer will be truncated at four points, namely, 400,
800, 1200, and 1600. Figures 5 and 6 show the operational
R-D information of QCIF layer and CIF layer according to
the amount of truncated data.

Now suppose that w1 = 0.33 and w2 = 0.67. These weight
values would give some balance between the two spatial lay-
ers as the PSNR value of QCIF layer is often higher than that
of CIF layer. The objective of truncation will be to optimize
the overall quality OQ = 0.33 · Q1+ 0.67 · Q2. The opti-
mal selections are represented by the solid path (denoted by
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Figure 6: R-D information of CIF layer. The FGS truncation is ap-
plied to both QCIF and CIF layers.
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Figure 7: Illustration of different FGS truncation methods. Here
FGS data in CIF and QCIF layers are truncated flexibly.

harmonized path) in Figure 7. We can see that when the total
truncated amount is increased (from 0 Kbps to 3200 Kbps,
with step size of 400 Kbps), the selections of multilayer trun-
cation correspond to the boxes (400, 0), (400, 400), (400,
800), (400, 12000), (400, 1600), (1200, 1200), (1200, 1600),
(1600, 1600), where (a, b) indicates that truncated amounts
of QCIF and CIF layers are, respectively, a Kbps and b Kbps.
Note that, in Figure 7, the boxes of the same pattern and gray
level have the same total amount of truncated data (in both
CIF and QCIF layers).

If w1 = 1 and w2 = 0, this implies a top-down truncation
used always to maximize QCIF layer’s quality. Obviously, the
selections in this case are represented by the dashed path (de-
noted as QCIF-max path), where FGS data of CIF layer are
truncated first.

If w1 = 0 and w2 = 1, this implies a truncation that aims
to maximize CIF layer’s quality. The selections in this case are
represented by the dashed-doted path (denoted as CIF-max
path). As shown by this path, FGS data of QCIF layer are first
truncated until the amount of 1200 (Kbps), then FGS data
of CIF layer are truncated. Here, the selections of (1600, 400)
and (1600, 800) are not used because a truncated amount
of 1600 (Kbps) in QCIF layer would result in a significant
degradation in CIF layer due to interlayer prediction. So, FGS
data of QCIF layer will not be completely truncated before
truncating CIF FGS data. That is, a bottom-up truncation
would not be a good choice for most practical conditions.

Figure 8 shows the advantage of the harmonized trun-
cation in detail. The weight values are as above, w1 = 0.33
and w2 = 0.67. In these figures, the horizontal axis rep-
resents the total amount of truncated FGS data (in both
CIF and QCIF layers), and the vertical axis represents the
PSNR values of each spatial layer (QCIF in Figure 8(a) and
CIF in Figure 8(b)). We can see that, with CIF-max trun-
cation, the quality of the CIF layer is always maximized
(Figure 8(b)), but the quality of QCIF layer decreases very
quickly (Figure 8(a)). With QCIF-max truncation, the phe-
nomenon is inversed. Meanwhile, the curve of harmonized
truncation shows an intermediate solution between these
two extreme cases. For example, when the total amount of
truncated data is 1600 Kbps, the quality of QCIF layer is
37.4 dB, that is, 4.9 dB higher than that of CIF-max trunca-
tion; and the quality of CIF layer is 32.54 dB, that is, 1.3 dB
higher than that of QCIF-max truncation.

Now let w1 = 0.15 and w2 = 0.85, which implies an em-
phasis on the CIF layer. The solution provided by the above
algorithm corresponds to the path of (400, 0), (400, 400),
(1200, 0), (1200, 400), (1200, 800), (1200, 1200), (1200,
1600), and (1600, 1600). Figure 9 shows the corresponding
quality comparison. We can see that the harmonized curve
now gets close to the CIF-max curve. However, at some
points, the gain in QCIF layer is still several dBs compared to
QCIF-max method (Figure 9(a)). So, by adjusting the weight
values, we can flexibly control the tradeoff between the two
layers. We found that the shapes of curves having finer steps
are very similar to those of the current curves. This means
that the current curves (with step size of 400 kbps) represent
sufficiently the adaptation behavior.

When the weight values are equal (w1 = 0.5 and w2 = 0.5),
the harmonized truncation of this given bitstream turns out
to be the same as QCIF-max truncation. This is due to the
fact that the PSNR value of QCIF layer is often higher than
that of CIF layer (as mentioned above), so the QCIF layer is
always “emphasized” in truncation process. This means that
the intuitive nonweighted sum of PSNR values of CIF and
QCIF layers would not give any tradeoff for the two layers.

Figures 10 and 11 show the optimality of the harmonized
path compared to the CIF-max and QCIF-max paths for two
case, (w1 = 0.33, w2 = 0.67) and (w1 = 0.15, w2 = 0.85). The
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Figure 8: Comparison of three truncation methods: harmonized (with w1 = 0.33, w2 = 0.67), CIF-max, and QCIF-max.
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Figure 9: Comparison of three truncation methods: harmonized (with w1 = 0.15, w2 = 0.85), CIF-max, and QCIF-max.

horizontal axis represents the total amount of truncated FGS
data, and the vertical axis represents the overall quality com-
puted by (7). We can see that the overall quality of the har-
monized path is always higher than or equal to those of the
other two paths. This means that the truncations based on
CIF-max and QCIF-max paths cannot provide the optimal
results.

It should be noted that the PSNR value in Figures 10 and
11 just represents the collective quality, which is used to guar-
antee the optimal tradeoff between layers. In order to see the
advantage of our proposed method in improving users’ qual-
ity, one should also consider the R-D curves of specific spa-

tial layers (i.e., Figures 8 and 9). For example, though the
gaps between the curves of Figure 10 are sometimes small,
the actual improvement for specific users may be up to sev-
eral dBs as seen in Figures 8(a) and 8(b). We have found simi-
lar observations with other sequences. In fact, as long as there
exists a gap between the two extreme truncations, a tradeoff
between them can always be achieved.

4.2. Algorithm complexity

To check the complexity of the algorithm, we measure the
processing time of the algorithm with different step sizes,
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Figure 10: Overall quality of different truncation solutions (w1 =
0.33 and w2 = 0.67).
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Figure 11: Overall quality of different truncation solutions (w1 =
0.15 and w2 = 0.85).

namely, 1 Kbps, 2 Kbps, 5 Kbps, and 10 Kbps. The quality
values of new truncation selections are linearly interpolated
from the previous sample points obtained with the step size
of 400 Kbps (which is similar to [20]). The complexity is rep-
resented by processing time which is measured by the num-
ber of system clock ticks (1000 ticks per second). The pro-
posed algorithm is run on a notebook having Pentium M
1.86 GHz processor and 1 G RAM. Figure 12 shows the pro-
cessing time with respect to the total amount of truncated
bitrate. We can see that when the step size is 1 Kbps, the pro-
cessing time can be up to 80 milliseconds; however, with the
other step sizes, the processing time is just around 20 mil-
liseconds. Especially, when step size is 10 Kbps, the complex-
ity become so small that the processing time is mostly zero
(more exactly, less than 1 tick).
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Figure 12: Processing time with different step sizes (2-layer bit-
stream).
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Figure 13: Processing time with different step sizes (3-layer bit-
stream).

As the number of spatial layers of an SVC bitstream is
at most 3 in practice [7], we add to the bitstream one more
spatial layer (4CIF), of which the amount of FGS data is
3500 Kbps. The algorithm is run again with step sizes of
1 Kbps, 2 Kbps, 5 Kbps, 10 Kbps and the corresponding re-
sults are shown in Figure 13. Now we see that the processing
time with step size of 1 Kbps increases significantly which is
up to 900 milliseconds. However, when step size is 10 Kbps,
still the processing time is usually less than 1 millisecond,
sometimes reaching to 15 milliseconds. Note that, with this
bitstream, even the step size of 10 Kbps is less than 0.2% of
the total FGS bitrate.

Meanwhile, it should be noted that in practical video
communication, the acceptable processing delay can be up
to 400 milliseconds for two-way application and 10 seconds
for one-way application [21].

Obviously, with a bitstream of higher bitrate, the step size
should be increased proportionally. Whereas, from the above
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example we can see that even if the step size is just 0.5% or
1% of the total bitrate, the processing time of the Viterbi al-
gorithm would become negligible. Moreover, from our pre-
vious experience with subjective tests on video quality [22],
with quality scale of just 9 or 10 levels, it is still very diffi-
cult for end-users to differentiate the adjacent quality levels.
This means that the step size may not need to be as small as
1% of the total bitrate. The exact step size which results in
the just noticeable difference (JND) in user perception is an
interesting issue in our future work.

From the above, we can see that when there is any change
in user requests or in bitrate constraint, the optimization
problem can be recomputed on the fly and the adaptation
will be seamless to the users. This means that our proposed
framework can provide the truncation flexibility with opti-
mal result for any conditions of bitrate constraint and quality
tradeoff between layers.

5. CONCLUSIONS

In this paper, we proposed a general framework to adapt
SVC bitstream through FGS truncation across multiple spa-
tial layers. Our proposed framework has the flexibility in allo-
cating the resource (i.e., bitrate) among spatial layers, where
the overall quality is defined as a function of all spatial lay-
ers’ qualities and can be modified on the fly. The adaptation
process of the proposed framework was formulated as a con-
strained optimization problem and then optimally solved by
the Viterbi algorithm. Through experiments, we also showed
that the current approaches of FGS truncation were special
cases of our general framework. For future work, we will con-
sider some perceptual quality metrics in our adaptation sys-
tem and employ analytical models for R-D representation.
Also, the framework will be extended to cover other con-
straints of heterogeneous environments, such as terminal ca-
pability and packet loss.
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