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We have witnessed significant advances in multimedia applications due to the rapid increase in digital media, computing
power, communication speed, and storage capacity. Multimedia has become an indispensable aspect in contemporary
daily life. Recently, cloud computing technology has oﬀered
great opportunities for multimedia applications. The performance of the multimedia applications can be significantly
improved by optimizing the various resources in the multimedia system. The papers selected for this special issue
represent a good panel for addressing the resource allocation
problems in multimedia applications. We would like to thank
the authors for their excellent contributions. We are grateful
to all reviewers for their constructive comments which help
to improve the quality of the papers.
This special issue contains five papers, in which two papers are related to cloud-based multimedia applications, two
papers deal with Peer-to-Peer (P2P) video streaming systems,
and one paper addresses the resource allocation problem in
wireless networks.
In the paper entitled “Multi-objective genetic algorithm for
task assignment on heterogeneous nodes,” C. B. P. Del Notario
et al. present a task assignment strategy based on genetic
algorithms for a client-cloud multimedia system. Specifically,
the task execution quality is maximized under the constraints
of energy and bandwidth. In the video processing scenario,
the proposed method employs trans-coding to provide a
tradeoﬀ between video quality and processing and bandwidth demands.
In the paper entitled “Towards an automatic parametertuning framework for cost optimization on video encoding
cloud,” X. Li et al. conduct an empirical study on video

encoding cloud, targeting an optimization framework to
minimize H.264 encoding cost by tuning the key parameters.
The experiment results show that the tested parameters can
be independently tuned to minimize the encoding cost,
which makes the automatic parameter-tuning framework
feasible and promising for video encoding cloud.
In the paper entitled “Improving streaming capacity in
multi-channel P2P VoD systems via intra-channel and crosschannel resource allocation,” Y. He and L. Guan. present novel
methods to improve the streaming capacity for a multichannel P2P video-on-demand (VoD) system by eﬃciently
utilizing both intrachannel and cross-channel resources. The
intrachannel resource allocation problem can be formulated
into a linear programming (LP) problem. The cross-channel
resource allocation can be enabled by both optimal server
upload allocation among channels and cross-channel sharing
of peer upload bandwidths.
In the paper entitled “Performance evaluation of an object
management policy approach for P2P networks,” D. Vieira et al.
present an object management approach for video web cache
in a P2P network, taking advantage of object’s metadata, for
example, video popularity, and object’s encoding techniques,
for example, scalable video coding (SVC). In addition, the
paper examines the impact of churn on the performance of
object management policies.
In the paper entitled “A gain-computation enhancements
resource allocation for heterogeneous service flows in IEEE
802.16 m mobile networks,” W. B. Hassen and M. Afif. examine resource allocation problems for orthogonal-frequencydivision-multiple-access-(OFDMA-) based wireless mobile
networks. In the single-service case, a dynamic resource
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allocation algorithm is proposed to maximize the system
capacity while ensuring fairness among users. In the multiservice case, an adaptive resource allocation algorithm
is proposed to support quality-of-Service-(QoS-) sensitive
applications such as streaming media.
Yifeng He
Ling Guan
Wenwu Zhu
Ivan Lee
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Multi-channel Peer-to-Peer (P2P) Video-on-Demand (VoD) systems can be categorized into independent-channel P2P VoD
systems and correlated-channel P2P VoD systems. Streaming capacity for a channel is defined as the maximal streaming rate that
can be received by every user of the channel. In this paper, we study the streaming capacity problem in multi-channel P2P VoD
systems. In an independent-channel P2P VoD system, there is no resource correlation among channels. Therefore, we can find the
average streaming capacity for the independent-channel P2P VoD system by finding the streaming capacity for each individual
channel, respectively. We propose a distributed algorithm to solve the streaming capacity problem for a single channel in an
independent-channel P2P VoD system. The average streaming capacity for a correlated-channel P2P VoD system depends on
both the intra-channel and cross-channel resource allocation. To better utilize the cross-channel resources, we first optimize the
server upload allocation among channels to maximize the average streaming capacity and then propose cross-channel helpers to
enable cross-channel sharing of peer upload bandwidths. We demonstrate in the simulations that the correlated-channel P2P VoD
systems with both intra-channel and cross-channel resource allocation can obtain a higher average streaming capacity compared
to the independent-channel P2P VoD systems with only intra-channel resource allocation.

1. Introduction
Video-on-demand (VoD) services have been attracting a lot
of users because it allows users to watch any video at any
time. Traditional client/server architectures for VoD services
cannot provide video streams to a large number of concurrent users. To oﬄoad the server upload burden, Peer-to-Peer
(P2P) technology has been integrated into VoD applications
by utilizing the uplink bandwidths of the peers [1–5].
Most of the P2P VoD systems oﬀer many video channels.
Users can choose any of the channels that they are interested
in at any time. The P2P VoD systems with multiple channels
are called multi-channel P2P VoD systems. Depending on
the resource correlation, multi-channel P2P VoD systems can
be categorized into independent-channel P2P VoD systems
and correlated-channel P2P VoD systems. In an independentchannel P2P VoD system, the peers watch the same channel
form an independent overlay and share the resources with

each other exclusively within the overlay. In a correlatedchannel P2P VoD system, overlay m formed by the peers
watching channel m can be correlated with overlay k formed
by the peers watching channel k, such that the peers in
overlay m can share the resources not only with other peers in
overlay m but also with the peers in overlay k. The resources
in a correlated-channel P2P VoD system can be utilized in
a better way compared to an independent-channel P2P VoD
system.
In P2P VoD systems, users would like to watch the video
at a high quality. The streaming rate can be used to indicate
the video quality. Let M denote the set of the channels in a
P2P VoD system. If channel m(m ∈ M) is associated with
overlay m, streaming capacity for channel m, denoted by cm , is
defined as the maximum streaming rate that can be received
by every user in overlay m [6, 7]. The average streaming
capacity cavg for a multi-channel P2P VoD system is defined
as cavg = Σm∈M pm cm where pm is the priority of channel m,
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and Σm∈M pm = 1. The priority of a channel can be set by the
service provider. For example, the more expensive channel
can be assigned a higher priority.
Streaming capacity problem in multi-channel P2P VoD
systems is a challenging problem. The average streaming
capacity in a multi-channel P2P VoD system is dependent
on the number of the peers, the playback time, and the
bandwidth of each peer, the server capacity, the overlay
construction, and the resource allocation. Optimal resource
allocation in a multi-channel P2P VoD system is expected
to improve the streaming capacity. However, resource allocation in multi-channel P2P VoD systems is quite challenging
due to the following reasons. (1) Peers have heterogeneous
upload and download bandwidths and diﬀerent playback
progress. (2) Each channel is heterogeneous in terms of available resources, since the number of the peers in each channel
is diﬀerent. (3) Peers may leave or join a channel dynamically.
In this paper, we improve the average streaming capacity
for multi-channel P2P VoD systems by better utilizing
both the intra-channel resources and the cross-channel
resources. We first investigate the streaming capacity for an
independent-channel P2P VoD system, in which we find the
streaming capacity for a single channel by optimizing the
intra-channel resource allocation in a distributed manner.
We then investigate the streaming capacity for a correlatedchannel P2P VoD system, in which we find the average
streaming capacity for multiple channels by optimizing both
intra-channel and cross-channel resource allocation. The
proposed cross-channel resource allocation consists of two
steps as follows. (1) We optimize the server upload allocation
among channels to maximize the average streaming capacity.
(2) We introduce cross-channel helpers to establish crosschannel links and then utilize cross-channel peer upload
bandwidths to improve the average streaming capacity.
The remainder of this paper is organized as follows.
Section 2 discusses the related work. Section 3 formulates and solves the streaming capacity problem for an
independent-channel P2P VoD System. Section 4 finds the
average streaming capacity for a correlated-channel P2P VoD
System. The simulation results are provided in Section 5, and
the conclusions are drawn in Section 6.

2. Related Work
Streaming capacity in P2P live systems has been examined
in the recent literature [6–9]. In [6], the streaming capacity
problem is formulated into an optimization problem, which
maximizes the streaming rate that can be supported by
multitree-based overlay. Sengupta et al. provide a taxonomy
of sixteen problem formulations on streaming capacity,
depending on whether there is a single P2P session or there
are multiple concurrent sessions, whether the given topology
is a full mesh graph or an arbitrary graph, whether the
number of peers a node can have is bounded or not, and
whether there are nonreceiver relay nodes or not [7]. Liu
et al. analyze the performance bounds for minimum server
load, maximum streaming rate, and minimum tree depth in
tree-based P2P live systems, respectively [8]. The streaming
capacity under node degree bound is investigated in [9].
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Streaming capacity for a single channel in P2P VoD systems has been studied in [10–12]. In [10, 12], the streaming
capacity for a single channel is formulated into an optimization problem which maximizes the streaming rate under the
peer bandwidth constraints. The throughput maximization
problem in a scalable P2P VoD system is studied in [13].
Helpers have been proposed in P2P systems to improve the
system performance [11, 14, 15]. In P2P VoD systems, each
additional helper increases the system upload capacity, thus
oﬄoading the server burden [15]. In [11], the algorithms
on helper assignment and rate allocation are proposed to
improve the streaming capacity for P2P VoD systems.
Cross-channel resource sharing has been recently studied
in multi-channel P2P streaming systems [16–20]. In [16],
Wu et al. propose an online server capacity provisioning
algorithm to adjust the server capacities available to each of
the concurrent channels, taking into account the number of
peers, the streaming quality, and the priorities of channels. In
[17], a View-Upload Decoupling (VUD) scheme is proposed
to decouple what a peer uploads from what it views,
bringing stability to multi-channel P2P streaming systems
and enabling cross-channel resource sharing. In [18], Wu
et al. develop infinite-server queueing network models to
analytically study the performance of multi-channel P2P
live streaming systems. In [19], the bandwidth satisfaction
ratio is used to compare three bandwidth allocation schemes,
namely, Naive Bandwidth allocation Approach (NBA), Passive Channel-aware bandwidth allocation Approach (PCA),
and Active Channel-aware bandwidth allocation Approach
(ACA), in multi-channel P2P streaming systems. In [20],
Zhao et al. investigate the streaming capacity in multichannel P2P live streaming systems when each peer can only
connect to a small number of neighbors.

3. Streaming Capacity for
an Independent-Channel P2P VoD System
In an independent-channel P2P VoD system, the peers
watching the same channel form an overlay. We assume
that the server upload bandwidth allocated to channel m,
denoted by sm , is predetermined. An independent-channel
P2P VoD system is illustrated in Figure 1. The peers within
the same overlay redistribute the video content to each
other. A peer belonging to overlay m only caches the video
content of channel m, and it does not serve any video
content to any peer outside overlay m. In other words,
each overlay in an independent-channel P2P VoD System
is an isolated subsystem. Therefore, the streaming capacity
of a channel is independent of that of another channel.
The streaming capacity problem in an independent-channel
P2P VoD system is to find the streaming capacity of each
individual channel, respectively. We will next focus on the
streaming capacity for a single channel.
3.1. Complete Overlay. The streaming capacity for a single
channel depends on the constructed overlay. In a P2P VoD
system, each peer maintains a buﬀer to cache the recently
received packets in order to smoothen the playback and serve
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nodes and L(m) is the set of directed overlay links. Peer 1 is
defined as the server. The relationship between a node and
its outgoing links is represented with a matrix A(m)+ , whose
elements are given by

Server
Sm

S2

S1



9

2

3

a(m)+
=
il

10

3

11

4

···

12

5

8
Overlay 1


−
a(m)
=
il

14

7

The relationship between a node and its incoming links
is represented with a matrix A(m)− , whose elements are given
by

13

6

15
Overlay 2

Figure 1: Illustration of an independent-channel P2P VoD system.

other peers. There is a parent-child relationship between two
peers (e.g., peer k and peer j) if the two peers satisfy the
following two conditions: (1) peer k (the parent) has an
earlier playback progress than peer j (the child), and (2) peer
k is buﬀering the segment(s) which are being requested by
peer j. The parent-child relationship is illustrated in Figure
2(a). At the current moment, peer k is playing segment
11, and peer j is playing segment 7. Each peer can hold 5
segments in its buﬀer. Segment 8, held by peer k, is being
requested by peer j. Therefore, peers k and j can establish a
parent-child relationship, in which peer k is the parent, and
peer j is the child. The server is regarded as a special peer
because it contains all the segments of the video. The server
has a parent-child relationship with any other peer.
A parent-child relationship is implemented, if an overlay
link has been established from the parent to the child. A
complete overlay for a channel is defined as the overlay in
which all of the available parent-child relationships have
been implemented, and an incomplete overlay for a channel
is defined as the overlay in which only a part of the available parent-child relationships have been implemented [12].
An example of complete overlay is illustrated in Figure 2(b).
Compared to the incomplete overlay, the complete overlay contains more overlay links, thus supporting a higher
streaming capacity. Therefore, we will formulate the streaming capacity problem based on the complete overlay. The
method for overlay construction is not a study focus of
this paper. A complete overlay can be constructed using the
existing approaches [2].
3.2. Streaming Capacity Problem for a Single Channel. The
set of the overlays (channels) in the independent-channel
P2P VoD system is denoted by M. Since each channel is
independent in terms of resources, we can just study the
streaming capacity of channel m (∀m ∈ M).
Overlay m in a P2P VoD system can be modeled as a
directed graph G(m) = (N(m) , L(m) ), where N(m) is the set of

1, if link l is an outgoing link from node i,
0, otherwise.
(1)

1, if link l is an incoming link into node i,
0, otherwise.
(2)

The upload capacity of peer i is denoted by Oi(m) . The
server is denoted as Peer 1. The server upload bandwidth
sm for channel m is actually the upload capacity of Peer
1, which is given by O1(m) = sm . Upload capacity is
typically the bottleneck in P2P systems. We consider upload
constraint at peer i (∀i ∈ N(m) ), which is given by

(m)+ (m)
xl ≤ Oi(m) where xl(m) is the link rate at link
l∈L(m) ail
l of overlay m. The upload constraint represents that the
total outgoing rate from peer i is no larger than its upload
capacity Oi(m) . The streaming rate for channel m is denoted
by r (m) . Each peer except the server (e.g., Peer 1) receives the

− (m)
streaming rate r (m) , which can be expressed by l∈L a(m)
xl
il
(m) (m)
(m)
(m)
= fi r , for all i ∈ N , where fi
= 0 if i = 1, or
fi(m) = 1 otherwise. The download constraint is given by
r (m) ≤ mini∈N(m) Ii(m) where Ii(m) is the download capacity of
peer i. From the download constraint, we can see that the
maximal streaming rate is limited by the minimal download
capacity among the peers. Therefore, the users with a very
low download bandwidth should not be admitted into the
P2P VoD system in order for maintaining a high streaming
capacity.
The streaming capacity for channel m is stated as to
maximize the streaming rate r (m) that can be received by
every user in channel m by optimizing the streaming rate
r (m) and the link rate xl(m) (∀l ∈ L(m) ) under the upload
constraint at each peer. Mathematically, the problem can be
formulated as follows:
maximize
subject to

r (m)



l∈L(m)



l∈L(m)

− (m)
a(m)
xl = fi(m) r (m) ,
il

a(m)+
xl(m) ≤ Oi(m) ,
il

xl(m) ≥ 0,

∀i ∈ N(m) ,

∀i ∈ N(m) ,

∀l ∈ L(m) ,

0 ≤ r (m) ≤ mini∈N(m) Ii(m) .
(3)
The optimization problem in (3) is a Linear Programming (LP). It can be solved in a centralized way using
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Buﬀer
8

9 10 11 12 Peer k (parent)

5

7 8 Peer j (child)

6

1

···

P3

Playback time

Buﬀer
4

Server

Peers PK

PK − 1

P2

P1

Playback time
0

Time

0

Playback time

(a)

(b)

Figure 2: Overlay construction for a single channel in an independent-channel P2P VoD system: (a) the parent-child relationship between
peer k and peer j, and (b) the complete overlay.

the interior point method [21]. However, the centralized
solution is not scalable. Therefore, we will develop a distributed algorithm using the primal-dual method to solve the
streaming capacity problem.
3.3. Distributed Algorithm. We will use primal-dual method
[22] to develop a distributed algorithm for the optimization
problem (3). However, the objective function in problem (3)
is not strictly convex with respect to the optimization variables r (m) and xl(m) (∀l ∈ L(m) ). Therefore, the corresponding
dual function is nondiﬀerentiable, and the optimal values of
r (m) and xl(m) (∀l ∈ L(m) ) are not immediately available. We
first convert the the original optimization problem (3) to an
equivalent minimization problem by changing the objective
from maximizing r (m) to minimizing −r (m) . We then add
a quadratic regularization term for the streaming rate r (m)
and each link rate xl(m) (∀l ∈ L(m) ) to make the objective
function strictly convex. Finally, the optimization problem
(3) is approximated to the following:
minimize
subject to



− r (m) + ε r (m)

2

 

+ε

l∈L(m)


l∈L(m)



l∈L(m)

− (m)
a(m)
xl = fi(m) r (m) ,
il

a(m)+
xl(m)
il

xl(m) ≥ 0,
0≤r

(m)

≤

≤

Oi(m) ,

xl(m)

2

on the approximated optimization problem (4), we have

(m)$ 2
2
2
−r (m)$ + ε(r (m)$ ) + ε l∈L(m) (xl ) ≤ −r (m)∗ + ε(r (m)∗ ) +

ε l∈L(m) (xl(m)∗ )2 . Therefore, we can get 0 ≤ r (m)∗ − r (m)$ ≤


ε((r (m)∗ )2 − (r (m)$ )2 + l∈L(m) (xl(m)∗ )2 − l∈L(m) (xl(m)$ )2 ),
from which we show that the streaming capacity obtained
from the approximated optimization problem (4) with a
small regularization factor can approach closely to the truly
maximal streaming rate obtained from the original optimization problem (3).
The optimization problem (4) is a convex optimization
problem with a strictly convex objective function and the
linear constraints [23]. We introduce dual variables (ui , vi ,
∀i ∈ N(m) ) to formulate the Lagrangian corresponding to
the primal problem (4) as below:


L x(m) , r (m) , u, v




2
  (m) 2
xl
= −r (m) + ε r (m) + ε
⎛



+

ui ⎝

i∈N(m)

∀i ∈ N(m) ,

∀i ∈ N

(m)



+

⎛

vi ⎝

i∈N(m)

2
(m)

,

=ε r

∀l ∈ L(m) ,

+

mini∈N(m) Ii(m) ,


l∈L(m)

(4)



l∈L(m)

a(m)+
xl(m)
il

(m)
− Oi ⎠

(m) (m) ⎠

r

⎞



− r (m) − r (m)

(5)

ui fi(m)

i∈N(m)


2
⎝ε x(m)
l

+xl(m)


−

− fi

l∈L(m)



⎞

− (m)
a(m)
xl
il

⎛



where (ε(r (m) )2 + ε l∈L(m) (xl(m) )2 ) is the sum of the regularization terms, and ε(ε > 0) is called the regularization factor.
When ε is small enough, the solution for the problem in (4)
is arbitrarily close to the solution for the original streaming
capacity problem (3).
Let us denote by (r (m)∗ , xl(m)∗ (∀l ∈ L(m) )) the optimal
solution to the original optimization problem (3), and
(r (m)$ , xl(m)$ (∀l ∈ L(m) )) the optimal solution to the approximated optimization problem (4). Based on the original
optimization problem (3), we have r (m)∗ ≥ r (m)$ . Based

l∈L(m)

 
i∈N(m)

−
ui a(m)
il

+ vi a(m)+
il



⎞
⎠

vi Oi(m) .

i∈N(m)
(m)
(m)
Let Imin
= mini∈N(m) Ii . The Lagrange dual function
G(u, v) is the minimum value of the Lagrangian over the
vector of link rates x(m) and the streaming rate r (m) :

G(u, v) = 

min



(m)

x(m) ≥0,0≤r (m) ≤Imin



L x(m) , r (m) , u, v



.

(6)
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The Lagrange dual problem is to maximize the Lagrange
dual function. That is,
maximize

G(u, v)

subject to

vi ≥ 0,

∀i ∈ N

(m)

(7)

.

We use subgradient method [24] to solve the Lagrange
and vi(k+1) at the
dual problem (7). The dual variables u(k+1)
i
(k + 1)th iteration are updated, respectively, by
⎛

u(k+1)
i
vi(k+1)

=

=

u(k)
i

(m)
− θ (k) ⎝ fi

⎧
⎨



r

(m)

(k)

−

l∈L(m)

⎛

max⎩0, vi(k)



− θ (k) ⎝O(m) −


l∈L(m)

−
a(m)
il

a(m)+
il



⎞



(k)
xl(m) ⎠,
⎞⎫

(k) ⎬
xl(m) ⎠⎭

,

(8)
θ (k)

where
> 0 is the step size at the kth iteration. The
algorithm is guaranteed to converge to the optimal value for a
step-size sequence satisfying the nonsummable diminishing
rule [24]:
∞


lim θ (k) = 0,

k→∞

θ (k) = ∞.

(9)

k=1

The update of the streaming rate (r (m) )(k) at the kth
iteration is given by


r (m)

(k)

⎧
⎨

⎧
⎨

= min max 0,
⎩
⎩

1+



⎫

i∈N(m)

2ε

⎫

(m) ⎬
⎬
u(k)
(m)
i fi
,
I
.
min
⎭
⎭

(10)
At the kth iteration, the link rate (xl(m) )(k) at link l can be
calculated from the dual variables:


(k)
xl(m)

⎧
⎨

= max 0,
⎩

−



i∈N(m)



⎫

(m)−
⎬
u(k)
+ vi(k) a(m)+
i ail
il

2ε

⎭

.

(11)
As shown in (10) and (11), the optimization variables
are decomposed. The optimization of the streaming rate is
executed at the server as follows. At the kth iteration, the
(m) ),
server collects the dual variable u(k)
i from peer i (∀i ∈ N
(m)
respectively, and then computes the streaming rate (r )(k) .
The optimization of each link rate is executed at each peer as
follows. At the kth iteration, each peer only collects the dual
variable u(k)
j from each of its children, and then computes the
link rate for each of the outgoing links.
A P2P system is inherently dynamic. Peers may join
or leave the system at any time. Therefore, the streaming
capacity for a single channel varies with time. To handle the
time-varying streaming capacity, the server can encode the
video using a scalable coding scheme and then adjust the
output video rate adaptive to the current streaming capacity.

4. Streaming Capacity for a Correlated-Channel
P2P VoD System
In a correlated-channel P2P VoD system, the resources
among diﬀerent channels can be shared with each other.
The average streaming capacity in a correlated-channel P2P
VoD system can be obtained by optimizing both the intrachannel resource allocation and the cross-channel resource
allocation. The optimization of intra-channel resource allocation for a single channel has been presented in Section 3.
In this section, we will focus on the cross-channel resource
allocation. We will first optimize the server upload allocation
among channels to maximize the average streaming capacity
in Section 4.1, and then further utilize cross-channel peer
upload bandwidth to improve the average streaming capacity
in Section 4.2.
4.1. Optimization of Server Upload Allocation among Channels. The server upload allocated for channel m is denoted
by sm . In an independent-channel P2P VoD system, the
server upload allocation for each channel is predetermined.
Therefore, the server upload bandwidth is not utilized in an
optimal way. In this subsection, we treat {sm , ∀m ∈ M}
as variables and optimize them to maximize the average
streaming capacity for a correlated-channel P2P VoD system.
The optimization of server upload allocation for a
correlated-channel P2P VoD system is stated as to maximize
the average streaming rate by optimizing the server upload
allocation, the link rates, and the streaming rate, for each
channel, subject to the upload constraint at each peer. Since
maximizing the average streaming rate is equivalent to minimizing the negative average streaming rate, we formulate the
problem into a minimization problem as follows:
minimize
subject to



pm r (m)
m∈M
 (m)− (m)
ail xl
l∈L(m)
−

= fi

(m) (m)

r

,

∀i ∈ N(m) , ∀m ∈ M,


l∈L(m)

a(m)+
xl(m) ≤ Oi(m) ,
il
∀i ∈ N(m) , ∀m ∈ M,

xl(m) ≥ 0,


∀l ∈ L(m) ,

sm ≤ sT ,

m∈M

sm ≥ 0,
0≤r

(m)

∀m ∈ M,
(m)

≤ min Ii
i∈N(m)

,

∀m ∈ M,

(12)
where pm is the priority for channel m, and sT is the server
upload capacity. The optimization problem in (12) is an LP.
The optimization variables in the optimization problem (12)
are the server upload allocation sm , the link rate vector x(m) ,
and the streaming rate r (m) , for channel m, for all m ∈ M.
The number of the optimization variables is increased with
the number of the channels and the number of the links in

6

International Journal of Digital Multimedia Broadcasting

each overlay. In order to solve the optimization eﬃciently, we
use dual decomposition [22] to decompose the optimization
problem (12) into multiple subproblems, each of which is
associated with a channel.
We 
introduce a dual variable λ for the inequality constraint m∈M sm ≤ sT . The Lagrangian corresponding to the
(m)
primal
 problem (12) is given by L(s, x, r, λ) = −Σm∈M pm r +
λ( m∈M sm − sT ). Then, the Lagrange
 dual function [23]
is given by G(λ) = min L(s, x, r, λ) = m∈M min(− pm r (m) +
λsm ) − λsT .
The Lagrange dual problem is to maximize the Lagrange
dual function [23]. That is,
maximize
subject to

G(λ)
λ ≥ 0.

subject to

a(m)+
xl(m) ≤ Oi(m) ,
il

xl(m) ≥ 0,

∀i ∈ N(m) ,

∀i ∈ N(m) ,

∀l ∈ L(m) ,

0 ≤ r (m) ≤ min Ii(m) ,
i∈N(m)

10

3

11

4

···

12

5

7

l∈L(m)
l∈L(m)

9

2

13

6

− pm r (m) + λsm
 (m)− (m)
ail xl = fi(m) r (m) ,


Sm

S2

S1

(13)

Subgradient method [24] is used to solve the Lagrange
dual problem (13). The dual variable λ is updated at the (k +

1)th iteration by λ(k+1) = max{0, λ(k) − θ (k) (sT − m∈M s(k)
m )
where θ (k) is the step size at the kth iteration. In order to
guarantee the convergence, the sequence of the step sizes is
required to satisfy the nonsummable diminishing rule in (9).
At the kth iteration, the primal variables (sm , x(m) , r (m) )
for channel m are obtained by solving the following optimization problem:
minimize

Server
1

sm ≥ 0.
(14)

The optimization problem (12) is decomposed into |M |
subproblems where |M | is the number of the channels.
Subproblem m, represented in (14), is associated with
channel m. Subproblem m, for all m ∈ M, can be solved with
a distributed algorithm.
4.2. Cross-Channel Sharing of Peer Upload Bandwidth.
Though the server upload allocation among channels is
optimized, the cross-channel resources have not yet been
fully utilized. In each channel, there are a number of underutilized peers, which can be utilized by the other channels.
For example, the leaf nodes of overlay m contribute zero
upload bandwidth to the channel because they have no
outgoing links. We can utilize the upload bandwidth of the
leaf nodes in overlay m to serve the peers in another channel
(e.g., channel k), thus improving the streaming capacity of
channel k. However, it is challenging to establish the crosschannel links to enable the cross-channel sharing of peer
upload bandwidth.
In this paper, we propose a scheme for cross-channel peer
upload sharing. We introduce the concept of cross-channel
helpers. A cross-channel helper is the peer who uses its remaining upload bandwidth to help other peers in another channel.

14
8
Overlay 1

15
Overlay 2

Figure 3: Illustration of a correlated-channel P2P VoD system.

Cross-channel helpers are chosen from the peers who have a
remaining upload bandwidth greater than a threshold.
Suppose that peer i in channel m is a cross-channel helper
serving segment j of channel k, and it has a remaining upload bandwidth bi . We denote the set of peers watching segment j in channel k by H(k)
j . Peer i can download segment
j of channel k from the server or the peers who are buﬀering segment j, at a rate RIN
i , and then output it to peer h,
,
at
a
rate
Rhi , respectively. The bandwidth
for all h ∈ H(k)
j

gain for peer i is defined as gi = ( h∈H(k)
Rhi )/RIN
i . In orj
der to maximize the bandwidth gain gi under the flow con(k)
straint Rhi ≤ RIN
i , for all h ∈ H j , and the bandwidth con
straint h∈H(k)
Rhi ≤ bi , the optimal download rate at peer
j
(k)
(k)
∗
i is RIN
= bi / |H j | where|H j | is the number of the
i
peers watching segment j of channel k, and the optimal outh∗
∗
= RIN
.
going rate to peer h, for all h ∈ H(k)
j , is Ri
i
The bandwidth gain should be larger than 1, otherwise,
the cross-channel helper consumes a larger bandwidth than
it contributes. Figure 3 illustrates a correlated-channel P2P
VoD system. As shown in Figure 3, peer 8 in overlay 1 is a
cross-channel helper, who downloads a segment from the
server and then forwards it to peers 12–14 in overlay 2; peer
12 in overlay 2 is also a cross-channel helper, who downloads
a segment from peer 4 in overlay 1 and then forwards it to
peers 5–7 in overlay 1.
The proposed scheme for cross-channel peer upload
sharing is described as follows.

(1) Channel m (∀m ∈ M) finds a partner, channel k
(k =
/ m, k ∈ M), to help each other, by using
a resource-balancing scheme, which is described as
re , the amount of the total
follows. (i) Calculate Bm
remaining bandwidth, for channel m (∀m ∈ M),
the average amount of the
 totalreremaining bandre = (
width is given by Bavg
m∈M Bm )/ |M| where |M|
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(3) Determine the demanding segment set in channel k,
denoted by W(k) , by choosing |Y(m) | segments which
are watched by the largest number of peers. Sort
W(k) in a descending order based on the number of
watching peers.
(4) Assign the ith cross-channel helper in Y(m) to serve
the peers watching the ith segment in W(k) . Determine the incoming rate and outgoing rates at the
ith cross-channel helper to maximize the bandwidth
gain.
(5) After allocating the rate for each of the cross-channel
links as in Step (4), revise the optimization problem
(12) by integrating the cross-channel link rates and
then solve it to obtain the optimal server upload
allocation for each channel and the optimal link rates
within each overlay.
Peer dynamics have an impact on the streaming capacity
in correlated-channel P2P VoD systems. First, the peers
may leave or join a channel dynamically. Second, the crosschannel helpers may leave the channel, which causes the
disconnection of the cross-channel links. To handle the
dynamic conditions, the optimizations of intra-channel
resource allocation and cross-channel resource allocation
need to be performed in a discrete-time manner, in which
the peers and the overlay are assumed to remain unchanged
during a time slot, and the algorithms for resource allocation
are performed at the beginning of each time slot.

5. Simulations
In the simulations, we use two classes of peers: cable/DSL
peers and Ethernet peers. Cable/DSL peers take 85% of
the total peer population with download capacity uniformly distributed between 0.9 Mbps and 1.5 Mbps and
upload capacity uniformly distributed between 0.3 Mbps and
0.6 Mbps. Ethernet peers take the remaining 15% of the total
peer population with both upload and download capacities
uniformly distributed between 1.5 Mbps and 3.0 Mbps. The
length of the video is 60 minutes, which is evenly divided into
60 segments. Each peer maintains a buﬀer with a capacity
of 5 segments. The playback time of each peer is randomly
distributed between 0 and 60 minutes. The priorities for all
channels are equal.
Figure 4 compares the average streaming capacity
between the equal server upload scheme and the optimized
server upload scheme. In the equal server upload scheme,
each channel is allocated an equal server upload, the link

Average streaming capacity (Mbps)

(2) Determine the set of cross-channel helpers in channel
m, denoted by Y(m) , by choosing the peers who
have a remaining upload bandwidth greater than a
threshold bth. Sort Y(m) in a descending order based
on the remaining upload bandwidth.

1.4
1.2
1
0.8
0.6
0.4
0.2
0
2

4
Number of channels

6

Equal server upload
Optimized server upload

Figure 4: Comparison of average streaming capacity with diﬀerent
number of channels.
1.4
Average streaming capacity (Mbps)

represents the number of channels. (ii) Given the set
of unchosen channels Mun , the partner of channel m
re ) −
is determined by k = arg j ∈Mun min((1/2)(Brej + Bm
2
re
Bavg ) .
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Server upload capacity (Mbps)

50
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Equal server upload
Optimized server upload

Figure 5: Impact of server upload capacity to the average streaming
capacity.

rates within each channel are optimized by solving the
optimization problem (3). In the optimized server upload
scheme, the server upload for each channel and the link
rates within each channel are jointly optimized by solving the
optimization problem (12). The equal server upload scheme
considers only intra-channel resource allocation [10], while
the optimized server upload scheme considers both intrachannel and cross-channel resource allocation. The number
of the peers in a channel is uniformly distributed between
10 and 150. The server upload capacity is 45.0 Mbps.
The optimized server upload scheme improves the average
streaming capacity by 14.1% in average compared to the
equal server upload scheme.
We show in Figure 5 the impact of server upload capacity
to the average streaming capacity for a P2P VoD system
with 2 channels. The first channel has 40 peers, and the

Average streaming capacity (Mbps)
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Figure 6: Performance improvement brought by cross-channel peer upload sharing: (a) peer upload utilization ratio, and (b) average
streaming capacity.

second one has 120 peers. As shown in Figure 5, the average
streaming capacity is increased with the server upload
capacity. The improvement brought by the optimized server
upload scheme is larger when the server upload capacity is
larger.
Joint consideration of server upload optimization and
cross-channel peer upload sharing can improve the performance in a correlated P2P VoD system, as shown in Figure 6.
There are two channels with total 200 peers in the P2P
VoD system. The server upload capacity is 20.0 Mbps. We
vary the number of the peers in channel 1 from 20 to
140 and evaluate two metrics: peer upload utilization ratio
and average streaming capacity. Peer upload utilization ratio
is defined by β = Σi∈N,i =/ 1 vi /Σi∈N,i =/ 1 Oi where Σi∈N,i =/ 1 vi
represents the sum of the outgoing rates from all peers except
the server, and Σi∈N,i =/ 1 Oi represents the sum of the upload
capacities of all peers except the server. Due to a better
utilization of cross-channel resources, joint consideration of
server upload optimization and cross-channel peer upload
sharing improves the peer upload utilization ratio by 7.7% in
average, as shown in Figure 6(a), and improves the average
streaming capacity by 0.04 Mbps in average, as shown in
Figure 6(b), compared to optimized server upload scheme.

6. Conclusion
In this paper, we studied the streaming capacity problem
for multi-channel P2P VoD systems. Depending on the
resource correlation, multi-channel P2P VoD systems can
be categorized into independent-channel P2P VoD systems
and correlated-channel P2P VoD systems. Since there is no
resource correlation among channels in an independentchannel P2P VoD system, we just need to find the streaming
capacity for each individual channel, respectively. We formulated the streaming capacity problem for a single channel into

an LP problem and solved it with a distributed algorithm. In
a correlated-channel P2P VoD system, we optimized both the
intra-channel resource allocation and cross-channel resource
allocation to improve the streaming capacity. In order to
better utilize the cross-channel resource, we first optimized
the server upload allocation among channels to maximize
the average streaming capacity and then introduced crosschannel helpers to enable cross-channel sharing of peer
upload bandwidth. We demonstrated in the simulations
that the correlated-channel P2P VoD systems with both
intra-channel and cross-channel resource allocation can
achieve a higher average streaming capacity compared to
the independent-channel P2P VoD systems with only intrachannel resource allocation.
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This paper deals with radio resource allocation in fourth generation (4G) wireless mobile networks based on Orthogonal
Frequency Division Multiple Access (OFDMA) as an access method. In IEEE 802.16 m standard, a contiguous method for
subchannel construction is adopted in order to reduce OFDMA system complexity. In this context, we propose a new subchannel
gain computation method depending on frequency responses dispersion. This method has a crucial role in the resource
management and optimization. In a single service access, we propose a dynamic resource allocation algorithm at the physical layer
aiming to maximize the cell data rate while ensuring fairness among users. In heterogeneous data traﬃcs, we study scheduling in
order to provide delay guaranties to real-time services, maximize throughput of non-real-time services while ensuring fairness to
users. We compare performances to recent existing algorithms in OFDMA systems showing that proposed schemes provide lower
complexity, higher total system capacity, and fairness among users.

1. Introduction
In fourth Generation (4G) wireless cellular networks, increasing demands for higher speed data rates transmission,
mobility, and multiservice access, have imposed staggering
challenges. Therefore, IEEE 802.16 standards propose the
use of Orthogonal Frequency Division Multiple Access
(OFDMA) among multiple alternatives. OFDMA has become one of the most interesting developments in the area of
new broadband wireless networks due to its powerful capability to mitigate Inter-Symbol Interference (ISI), provide
high spectral eﬃciency and immunity of multipath fading.
Looking at wireless networks literature, several researches
focus on adaptive resource allocation algorithms for single
service required by users, in order to achieve some objectives
aimed either to minimize total power under data rate constraint, called Margin Adaptive (MA) problem [1–3], or to
maximize the total system throughput under power constraints referred as Rate Adaptive (RA) problem [4–6]. However, in practice how to eﬃciently allocate resources in multiservice wireless networks is not well-explored, nowadays. To

resolve this challenge, recent multiservice transmission researches in wireless networks are paid more attention [7–
9]. To handle a multiservice access network of heterogeneous
traﬃc, the resource management scheme that can eﬃciently
allocate subchannels to diﬀerent users and services is essential.
The major characteristics of resource allocation algorithms consist of their running time, computational complexity, and eﬃciency. Generally, optimal resource allocation
algorithms are classified as Nondeterministic Polynomialtime Hard (NP-Hard) problems, making them unsuitable for
real-time applications such as video call. Therefore, literature
tackles such problems by proposing suboptimal algorithms
and heuristic methods in order to close optimal solution with
low complexity and face real-time and channel variations
constraints.
In this work, we propose two complementary methods in
order to guarantee an eﬃcient resource allocation policy. The
first method gives new approach, in context of contiguous
subchannel method, for subchannel gain computation using
frequency responses dispersion. Our goal in this study is to

2

International Journal of Digital Multimedia Broadcasting

increase the number of bit per symbol subject to maintain
lower BLoc Error Rate (BLER) in mobility and high-mobility
context. The main objective in this second contribution is
to resolve resource assignment to mobile users’ problem, in
order to take into account the trade-oﬀ between maximizing
resources’ use and fairness. In this context, a new dynamic
heuristic algorithm is proposed. After that, we bring out
multiservice feature of fourth generation wireless networks
by proposing an adaptive resource allocation algorithm in
OFDMA systems to support a variety of Quality-of-Service(QoS-) sensitive applications such as streaming multimedia.
The remainder of this paper is organized as follows, In
Section 2, system model is introduced and problem for resource allocation is formulated. In Section 3, a new method
for subchannel gain is presented. Then, an adaptive subchannel allocation scheme is proposed. After that, a multi-QoSbased adaptive resource allocation algorithm is introduced in
Section 5. Finally, numerical results are provided in Section 6.

(v) Λ(e, k) denotes the interference matrix, where the
coeﬃcient Λ(e, k) equals 1 if cells e and s use the same
band and zero otherwise.
The system capacity, Csyst , is given by the following equation:
Csyst =

N
T 
K 

t =1 k=1 n=1



Pe
 hk,n 2 ,
SINRe,k = 
Ie,k + Δ f N0

(1)

where Pe and Δ f are, respectively, the total transmit power
and subchannel spacing. N0 presents the Additive White
Gaussian Noise (AWGN) variance. The average downlink
interference per subchannel Ie,k for the MS k served by BS
e [11] is expressed as follows:
Ie,k =


s=
/e



Λ(e, s)χs



Ps Gs,k
,
Ls,k

(2)

(3)

If the subchannel n is allocated to user k at the subframe t,
αk,n is equal to 1 and zero otherwise. The Parameter CSCt,k,n
is the capacity of subchannel n allocated to user k at the
subframe t and is presented by
CSCt,k,n =

2. System Model and Problem Formulation
In this work, we consider an OFDMA system for mobile
wireless networks, based on IEEE 802.16 m standard. The
system consists of a single Base Station (BS) that servers K
users and N represents the number of subchannels composed by a group of M adjacent subcarriers in a single subchannel with N = L/M and L is the total number of adjacent subcarriers. Considering hk,n as the channel gain of the
kth user on nth subchannel, it following the complex Gaussian distribution and its magnitude, called fading factor,
following Rayleigh distribution [10]. In fact, intercell interference occurs at a Mobile Station (MS), when the BSs of
neighbouring cells transmit data over a subchannel used by
its serving cell. The intercell interference phenomenon depends on user locations and mobilities, frequency reuse factor interfering cells as it is expressed by (2). We should notice
that our considered cell in this work is not isolated. The
downlink quality can be measured by the Signal-to-Interference plus Noise Ratio (SINR) and expressed as

αk,n CSCt,k,n .

M

m=1

Csbcrm ,

(4)

where Csbcrm is the transmitted information quantity of subcarrier in a subframe time. Assuming that all sub-carriers in
each subchannel use the same AMC, (4) becomes
CSCt,k,n = M · Csbcrm ,
Csbcrm = NAMCk,n · Nsym/SF,

(5)

where NAMCk,n and Nsym/SF represent, respectively, the number of bits per symbol and the number of symbols per subframe. They depend on the modulation choice type.
Thus, the total system capacity is obtained as follows:
Csyst =

N
K 
T 

t =1 k=1 n=1

αk,n · M · NAMCk,n · Nsym/SF.

(6)

The Bit Error Rate (BER) for QPSK and M-QAM modulations are determined by formulas approximations presented
in Table 1. In order to measure eﬃciency of the proposed
method, we have introduced the Jain fairness index [13],
given as


JFair Index =

K·

2
K
k=1 Rk,mean
2 ,
K 
k=1 Rk,mean

(7)

where Rk,mean is the mean data rate of user k in a simulation
time. This indicator is given by the following formula:

where
(i)
(ii)
(iii)
(iv)

Ps is the transmit power per subchannel of BS s;
Gs,k is the antenna gain;
Ls,k is the path-loss between BS s and MS k;
χs is the probability that the same subchannel used by
the mobile k is used in the same time by another MS
served by the BS s;

Rk,mean =

b=T/T
1  SF
Rk,i ,
b i=1

(8)

where Rk,i is the data rate of MS k in subframe i.
In this work, equal power is allocated to subchannels in
downlink sense in order to reduce computational complexity.
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Table 1: Approximate BER for coherent modulations [12].

channel gain are penalized by those with bad channel gain
even though these sub-carriers represent a minority compared to those with high channel gain. Then, existing methods
degrade the total system capacity.
In this section, we propose a new method to compute the
subchannel’s gain depending on frequency responses. The
idea here is to close the channel quality based on dispersion
probability and average channel gain. We can define the subcarrier gain array as

Modulation
QPSK

Formula
Pb ≈ Q( 2γb )

√
3γb log2 M
4( M − 1)
Pb ≈ √
Q
(M − 1)
M log2 M

M-QAM

Having the target to maximize the system capacity, the objective function is formulated as follows:
Maximize

N
K 
T 


Csyst =

αk,n · M

· NAMCk,n · Nsym/SF


JFair Index =
Subject to

K·
C1: αk,n ∈ {0, 1},
C2:

K


∀k ∈ Ψ, n ∈ Γ

αk,n = 1,

∀n ∈ Γ

αk,n ≤ 1,

∀k ∈ Ψ.

(9)

k=1

C3:

N

n=1

⎞

h1,1 h1,2 · · · h1,L
⎜ h2,1 h2,2 · · · h2,L ⎟
⎜
⎟
⎜ .
.
.
. ⎟
⎜
⎟
⎟,
H=⎜
⎜ .
⎟
.
.
.
⎜
⎟
⎝ .
.
.
. ⎠
hK,1 hK,2 · · · hK,L

t =1 k=1 n=1

2
K
k=1 Rk,mean
2
K 
k=1 Rk,mean

⎛

The two constraints C1 and C2 are on subchannel allocation to ensure that each subchannel is assigned to only one
user where Ψ and Γ denote, respectively, the set of active users
and subchannels in the cell. The constraint C3 denotes that
one MS could have only one subchannel at the same time.

3. Efficiency of Sliding Window Gain
Computation Method
In IEEE 802.16 m systems, the total sub-carriers of one bandwidth are grouped into subchannels in order to reduce the
computational complexity and the signalling overhead [14–
16]. Each subchannel is presented by a global channel gain
that has a crucial role in the subchannels allocation policy in
the case of multiuser wireless OFDMA systems.
In order to compute the global subchannel gain, diﬀerent
methods are described in [17–19]. In [18], a conservative
estimation at the channel quality is made by choosing the
most unfavorable channel of each group to represent that
group’s channel quality. Similarly, in [20, 21], the minimum
channel gain approach is selected and considered as intuitive
from an information-theoretic framework to ensure errorfree transmission on all sub-carriers contained in the subchannel. However, if there are several sub-carriers with high
channel gain, then the minimum sub-carriers gain method
degrades the total system capacity and the maximum subchannel capacity is not being reached. In other works, the
subchannel is denoted by an average channel gain for the corresponding set of sub-carriers. In [17], the channel magnitude response for each user is divided into a number of
partitions where each partition is represented by the average
channel gain. The same approach is adopted in [22] that
allocates a subset of blocks with highest average channel gains
to the corresponding user. In this case, sub-carriers with high

(10)

where K and L represent, respectively, the number of users
and the number of available sub-carriers in the system. hk,l
is the channel gain of the lth sub-carrier for the kth user. We
assume that a subchannel is composed by M adjacent subcarriers where N = L/M. When sub-carriers are grouped into
subchannels, the subchannel gain array is obtained as
⎛

⎞

h1,1 h1,2 · · · h1,N


⎜ h
⎟
⎜ 2,1 h2,2 · · · h2,N ⎟
⎜ .
.
·
. ⎟
⎜
⎟
⎟.
H = ⎜
⎜ .
⎟
·
.
.
⎜
⎟
⎝ .
·
. ⎠
.



hK,1 hK,2 · · · hK,N

(11)

Our proposed “Sliding Window” method is a recursive
scheme that depends on the average of sub-carriers gain and
the dispersion probability. It gathers sub-carriers into three
groups presented by a quality coeﬃcient Q that may vary
from a type of service to another with 0.5 ≤ Q ≤ 1.
(i) The number of sub-carriers with high channel gain is
greater than that with bad channel gain: P > Q.
(ii) The number of sub-carriers with bad channel gain is
greater than that with high channel gain: P < (1 − Q).
(iii) The number of sub-carriers with bad and high gain is
almost the same: P ∈ [1 − Q, Q].
Our proposed method is described as in Algorithm 1 .
After computing the available subchannels gain, let us
move to the subchannel allocation scheme in a single-service
context.

4. A New Heuristic Method for Subchannel
Allocation in Loaded System
In a loaded system, the number of users K is greater than
the number of available subchannels N. Here, the BS may
assign to each user only one subchannel and a subchannel is
allocated to only one user during a subframe. Our proposed
resource allocation scheme consists of 3 steps: (1) Initialization step. Vectors and matrices that will be used later in the
algorithm are initialised. (2) Users ordering step. Users are
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BEGIN
for k = 1 to K do
for n = 1 to N do
(i)
Initialization
vect ← {hk,1 , hk,2 , . . ., hk,M }; ∀l ∈ {1, 2, . . . , L};
∀m ∈ {1, 2, . . . , M }; vectmax ← φ; vectmin ← φ.
(ii)
Subchannel Gain Computation
Step (1):
Calculate the average channel gain avg based on
the sub-carriers frequency responses where avg ←
average(vect).
Step (2):
Calculate the probability p where p ← M
m=1 xm /M, with
M
and
m=1 xm ≤ M 
1 if hk,m > avg,
xm =
0 if not.
if p > Q then
for m = 1 to M do
if hk,m > avg then
vectmax = vectmax + {hk,m }.
end if
end for
if length (vectmax ) = 1 then
return gain ← vectmax (1).
else
vect ← vectmax ; Jump to Step (1).
end if
end if
if p < (1 − Q) then
for m = 1 to M do
if hk,m < avg then
vectmin = vectmin + {hk,m }.
end if
end for
if length(vectmin ) = 1 then
return gain ← vectmin (1).
else
vect ← vectmin ; Jump to Step (1)
end if
end if
if p ∈ [1 − Q, Q] then
for m = 1 to M do
if hk,m < avg then
vectmin = vectmin + {hk,m }.
end if
end for
if length(vectmin ) = 1 then
return gainmin ← vectmin (1).
else
vect ← vectmin ; Jump to Step (1)
end if
for m = 1 to M do
if hk,m > avg then
vectmax = vectmax + {hk,m }.
end if
end for
if length(vectmax ) = 1 then
return gainmax ← vectmax (1).
else
Algorithm 1: Continued.
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vect ← vectmax ; Jump to Step (1).
end if
return gain ← average(gainmax , gainmin ).
end if
h k,n ← gain.
end for
end for
END
Algorithm 1: Our sliding window scheme.

sorted in decreasing order depending on their best subchannel gain given by Algorithm 1. (3) Subchannels allocation step.
Here, two cases are defined as it is depicted in Algorithm 2.
Firstly, if only the selected user has this order, then we verify if
its best subchannel is free. If yes, we allocate it and update the
rate. If not, we search for the next free and best subchannel.
Secondly, if two users or more have the same order, we verify
if they require the same subchannel. If yes, we choose the user
with the minimum second subchannel gain because it has a
low chance to get a good subchannel (Algorithm 2).
Computational Complexity. Let us recall that K refers to the
users number and N is the subchannels number. The users
ordering step (2) sorts subchannels in descending order
for each user. The sorting process requires (Nlog2 (N)) operations for each user. Sorting subchannels in decreasing order
for K users requires then KNlog2 (N). Thus, the asymptotic complexity is O(KNlog2 (N)). As proportional fairness
method [23] includes a remaining subchannels allocation
phase to ensure fairness criterion, computational complexity
is equal to O(KNlog2 (N)+K(N −K)log2 (N −K)). Alternative
factor method [24] includes two steps: (1) Subchannels ordering step requires KN log2 (N) operations. (2) Users ordering step requires Klog2 (K) operations. Alternative factor
computation requires (KN) operations. These steps pertain
to subchannel allocation and the asymptotic complexity is
equal to O(KNlog2 (N) + Klog2 (K) + (KN)). Then, we conclude that our suboptimal resource allocation scheme provides lower complexity than other existing methods and may
be adopted for real-time applications. However, the key feature of 4G mobile network is its capability to support multiservice access when a user requires diﬀerent service types, as
it is well underlined in the next section.

5. Multi-QoS-Based Adaptive Resource
Allocation Algorithm
We consider three Classes of Service (CoS) which are realtime Polling Service (rtPS), non-real-time Polling Service
(nrtPS), and Best Eﬀort (BE). For each CoS, the QoS satisfaction has a distinct definition [7]. The proposed algorithm
consists of three steps: resource distribution step, calculation
of each user’s priority step, and resource allocation step.
5.1. Resource Distribution. We assume that NrtPs , NnrtPs , and
NBE represent, respectively, the number of subchannels

reserved to rtPS, nrtPS, and BE classes and are determined
by the following equations: NrtPs = αN, NnrtPs = βN, and
NBE = γN, where α, β and γ ∈ [0, 1] and α + β + γ = 1.
Let NCrtPS , NCnrtPS , NCBE represent and, respectively, rtPS
connections number, nrtPS connections number and BE
connections number, and NC denotes the total connections
number. Proportional parameters are initially determined by
α = (NCrtPS /NC), β = (NCnrtPS /NC), and γ = (NCBE /NC).
They are dynamically updated depending on the system
availability. If necessary, a class, as rtPS-class, may reserve free
subchannels from lower prior classes as nrtPS and BE classes
and the opposite case is not allowed.
5.2. Calculation of User’s Priority. For each user, a queue is
used for buﬀering arrival packets in the proposed BS scheduler. We design the scheduling priority of each connection
based on its channel quality, QoS satisfaction and service
type priority.
5.2.1. Real-Time Traﬃc. For rtPS traﬃc of user k on subchannel n, the scheduling priority Pk,n is defined as [25]

 
⎧
Rk,n
1
⎪
⎪
β
⎪ rtPS
⎪
⎪
R
F
max
k
⎪
⎪
⎨



Pk,n = ⎪βrtPS Rk,n
⎪
⎪
Rmax
⎪
⎪
⎪
⎪
⎩

if Fk > 1, Rk,n =
/ 0,
if F k ≤ 1, Rk,n =
/ 0,

(12)

if Rk,n = 0,

0

where βrtPS ∈ [0, 1] is the rtPS class coeﬃcient as defined in
[25] and Fk is the delay satisfaction indicator and is defined
as
Fk =

Tk − 2TF
,
Wk

(13)

where
(i) Rk,n is the information bits that can be carried by user
k on the subchannel n in one OFDM symbol,
(ii) Rmax is the most bits per symbol that can be allocated
when the most eﬃcient AMC mode is selected,
(iii) Wk is the longest packet waiting time of user k,
(iv) Tk is the maximum packet latency of user k,
(v) TF is the frame duration.
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BEGIN
(i) Initialization
Equal power is allocated to groups
Γ = {1, 2, . . . , N }; Ψ = {1, 2, . . . , K }; hk,n , ∀k ∈
Ψ, ∀n ∈ Γ; αk,n = 0, ∀k ∈ Ψ, ∀n ∈ Γ; Rk = 0, ∀k ∈ Ψ.
(ii) Users Ordering
for k = 1 to K do
Sort hk,n in decreasing order.
Order user k according to its best channel gain hk,1 .
end for
(iii) Subchannels Allocation
for k = 1 to K where order (k) ≤ order (k + 1) do
n ← find the subchannel n where the user k has its best
channel gain.
Step (1):
if (uniqueorder = 1) then
{% only user k has this order}.
Sub-step (1.a):
if α1 → K,n = 0 then
{% the subchannel n is not allocated}
αk,n ← 1 {% allocate the subchannel n}
Γ ← Γ − {n}; Updated data rate Rk
end if
Sub-step (1.b):
if α1 → K,n = 1 then
{% the subchannel n is allocated}
repeat
j = j + 1{% search the next free subchannel}
until α1 → K, j = 0 or hk, j < hk∗ , j {k ∗ is the user
less priority than the actual one and k ∗ ∈ [k + 1, K].}
Jump to Sub-step (1.a)
end if
end if
Step (2):
if (uniqueorder = 0) then
{% two or more users have the same order}.
Sub-step (2.a):
if (uniquesubchannel = 0) then
{% users with the same order do not require the
same subchannel}
jump to Sub-step (1.a) or Sub-step (1.b)
end if
Sub-step (2.b):
if (uniquesubchannel = 1) then
{% these users require the same subchannel}
if α1 → K,n = 0 then
k ← determine the user that has the minimum
second best sub-channe {% this user has a low
chance to get a good subchannel}.
Jump to Sub-step (1.a)
end if
if α1 → K,n = 1then
k ← determine the user that has the minimum
second best subchannel; Jump to Sub-step (1.b)
end if
end if
end if
end for
END
Algorithm 2: An adaptive resource allocation scheme.
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We should notice that in this rtPS-class, the packet should
be immediately sent if its deadline expires before the next
frame is totally served. The ratio (Rk,n /Rmax ) denotes the
normalized channel quality. If Wk ≥ Tk − 2TF we set the
highest priority to the corresponding packet. When Rk,n = 0,
the channel is in deep fade and this connection should not be
served.
5.2.2. Non-Real-Time Traﬃc. For the nrtPS connection of
user k on subchannel n, the scheduling priority is defined as
[25]

 
⎧
Rk,n
1
⎪
⎪
β
⎪
nrtPS
⎪
⎪
Rmax Fk
⎪
⎨



Pk,n = ⎪
Rk,n
⎪
⎪βnrtPS R
⎪
max
⎪
⎪
⎩0

if F k ≥ 1, Rk,n =
/ 0,
if F k < 1, Rk,n =
/ 0,

(14)

if Rk,n = 0,

5.2.3. Best Eﬀort Traﬃc. For the BE service of user k on subchannel n, the scheduling priority is defined as [26]




Rk,n
,
Rmax

(15)

where βBE ∈ [0, 1] is the BE-class coeﬃcient as defined in
[25]. In fact for the BE service, the scheduling priority depends only on the channel quality.
We should notice that the role of βrtPS , βnrtPS , and βBE , is
to provide diﬀerent priorities for diﬀerent QoS classes, then
βrtPS > βnrtPS > βBE [25]. The purpose behind this idea is that
the QoS of connections in a high-priority QoS class can be
satisfied prior to those of low-priority QoS class.
After calculating the priority of each user k on each subchannel n, we define a Priority Function that represents the
user’s priority and is described as
Pk = max Pk,n ,

∀n ∈ {1, . . . , N }.

(16)

5.3. Resource Allocation Scheme. We should notice that in this
study, each user requires a single service at the same time and
packets buﬀered in the same queue follow a First In First Out
(FIFO) scheduler. Let k∗ denote the selected serving user,
where
k∗ = max Pk ,

∀k ∈ {1, . . . , K }.

(17)

After that, the user k∗ picks its best subchannel n∗ where




R∗
n = max k ,n ,
Rmax
∗

∀n ∈ {1, . . . , N }.

rate rk and maximum latency Tk should be satisfied for rtPSclass and only the minimum reserved rate rk for nrtPS-class.
For each connection, a minimum data rate rk should be
guaranteed and expressed by the following inequality:
rk ≤ r k (m + 1),

(19)

where r k (m + 1) is the average service data rate of user k at
frame (m + 1). It is estimated over a windows size Tc as [26]


r k (m + 1) = r k (m) 1 −



Δ (m + 1)/ TF
1
+ k
,
Tc
Tc

(20)

where Δk (m + 1) is the number of information bits that
should be sent during the frame (m + 1) of user k, where [26]
Δk (m + 1)

where βnrtPs ∈ [0, 1] is the nrtPS class coeﬃcient as defined
in [25] and Fk is the ratio of the average transmission
rater k over minimum reserved rate rk , representing the rate
satisfaction indicator. If Fk ≥ 1 the rate requirement is satisfied. If not, representing the case within the queue will be full,
packets of user k should be then sent as soon as possible.

Pk,n = βBE

7

(18)

The number of OFDMA symbols allocated for each user is
calculated under the assumption that the minimum reserved



=

(rk − r k (m)) Tc + r k (m)TF
0

if r k (m) < rk .
if r k (m) ≥ rk .

(21)

The number of slots required to carry Δk (m + 1) information bits on subchannel n equals




Δk (m + 1)
.
Nsub,k (m + 1) =
M · Rk,n

(22)

For rtPS connection, there is one more step to calculate the
number of information bit to be sent. We examine the waiting time of packets in the queue of connection from the head
of line until the first packet whose waiting time is longer than
(Tk − 2TF ) is encountered. We denote Δk (m + 1) the sum of
bits of packets from the head of line to the finding packet. The
number of information bits allocated to rtPS connection of
user k is given by [26]




 k (m + 1) = max Δk (m + 1), Δk (m + 1) .
Δ

(23)

 k (m + 1) information
The number of slots required to carry Δ
bits on subchannel n equals




 k (m + 1)
Δ
.
Nsub,k (m + 1) =
M · Rk,n

(24)

If the available slot on subchannel n is less than Nsub,k , the
second best subchannel for that user is selected and the remaining bits are allocated.

6. Simulation Results
In this work, the channel is modelled as a Rayleigh Channel
with four multipaths. The simulated system consists of a
single cell that uses 1024 sub-carriers for communications. In
order to consider the mobility, the channel state changes
every subframe delay and the simulation window is equal
to 10000 subframes. Simulation parameters are described in
Table 2.
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Table 2: OFDMA parameters for IEEE 802.16 M.

Average spectral eﬃciency (bit/symbol/subcarrier)

Symbol
N
M
Δf
TF

Value
48
18
7
7.813 KHz
20 ms
5 ms
714,286 μs

BLoc error rate

Parameter
Subchannels number
Subcarriers number per subchannel
Number of subframes per frame
Sub-carriers spacing
Super frame delay
Frame delay
Subframe delay

BLoc error rate versus the number of users

10−3

10−4

Total spectral eﬃciency versus the number of users

5.5

10−5

50

100
Number of users

5

Proposed method
Average gain method
Minimum gain method

4.5

Figure 2: BLoc Error Rate (BLER) versus the number of users.

4

Table 4: Variation intervals in terms of BLER.

3.5

3

150

50

100
Number of users

150

Proposed method
Average channel gain
Minimum channel gain

Figure 1: Total spectral eﬃciency versus the number of users in
loaded systems.
Table 3: Variation intervals in terms of total spectral eﬃciency.

TSEVIPag (bit/sym)
TSEVIPmi (bit/sym)

[48, 75[
0.197
1.823

[75, 100[ [100, 125[ [125, 150]
0.193
0.250
0.246
1.883
1.899
1.923

6.1. Proposed Sliding Window Method Performances. We
show the performance of our sliding window method compared to the minimum [18] and average [19] method.
Figure 1 compares the average spectral eﬃciency per subcarrier versus the number of users. The total spectral eﬃciency is determined by (6).
Table 3 shows variation intervals in terms of total spectral eﬃciency. Let TSEVIPag and TSEVIPmi denote the total
spectral eﬃciency for diﬀerent variation user intervals. These
values are computed based on, respectively, the mean diﬀerence between sliding window and average channel gain
method and the mean diﬀerence between sliding window
and minimum channel gain method. As TSEVIPag > 0 and
TSEVIPmi > 0, for all intervals, it is obvious that the proposed
method provides greater spectral eﬃciency, because it computes a subchannel gain that closes the channel quality.

BVIPag 10−4 (dB)
BVIPmi 10−6 (dB)

[48, 75[
−5.718
−1.371

[75, 100[
−5.320
−3.870

[100, 125[
−4.724
−2.233

[125, 150]
−4.535
−0.977

Figure 2 illustrate the average Bloc Error Rate (BLER) versus
the number of users.
Table 4 shows variation intervals in terms of BLER. Let
BVIPag and BVIPmi denote the average BLER for diﬀerent variation user intervals. These values are computed based on,
respectively, the mean diﬀerence between sliding window
and average channel gain method and the mean diﬀerence
between sliding window and minimum channel gain
method. As BVIPag < 0 and BVIPmi ≤ 0, for all intervals, our
proposed method provides lower BLER than the average gain
method and quasisimilar BLER compared to minimum gain
method, because our scheme closes the channel quality.
6.2. Proposed Subchannels Allocation Algorithm Performances
in a Single Service Context. Our proposed resource allocation
algorithm is compared with the suboptimal existing solutions [23, 24]. The reason for this comparison is as follows.
Shen et al. [23] formulates the problem of maximizing the
total system capacity with proportional rate constraints. It
uses the subchannel with high SINR for each user. Hwang
et al. [24] proposes a heuristic for channel allocation. In this
work, an alternative factor is defined for subchannel allocation. It aims to increase the downlink system capacity while
maintaining suﬃcient fairness.
Figure 3 compares the average spectral eﬃciency per subcarrier versus the number of users.
Table 5 shows variation intervals in terms of total spectral
eﬃciency. Let SEVIPAF and SEVIPPF denote the average spectral eﬃciency in diﬀerent variation user intervals. These
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Total spectral eﬃciency versus the number of users

5

Fairness versus number of users

1
0.9

4.5
0.8
Jain fairness index

Average spectral eﬃciency (bit/symbol/subcarrier)
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4

3.5

0.7
0.6
0.5
0.4

3

0.3
0.2

2.5
50

100
Number of users

150

50

100
Number of users

150

Proposed scheme
Alternative factor
Proportional fairness

Proposed scheme
Alternative factor
Proportional fairness

Figure 3: Total spectral eﬃciency in loaded systems.

Figure 4: Jain Fairness Index versus the number of users in loaded
systems.

Table 5: Variation intervals in terms of total spectral eﬃciency.

Table 6: Variation intervals in terms of Jain Fairness Index.
JFIVIPAF
JFIV IPPF

[50, 75[
0.183
0.057

[75, 100[
0.420
0.103

[100, 125[
0.549
0.128

[125, 150]
0.639
0.145

80
Outage probability (%)

SEVIPAF
SEVIPFF

Outage probability versus the number of users

90

[50, 60] ]60, 75[ [75, 100[ [100, 125[ [125, 150]
(bit/s) 1.31
1.38
1.51
1.60
1.70
(bit/s) −0.11
0.26
0.72
1.19
1.55

70
60
50
40
30
20

values are computed based on, respectively, the mean
diﬀerence between proposed scheme and alternative factor
method [24] and the mean diﬀerence between proposed
scheme and proportional fairness method [23]. As SEVIPAF >
0 and SEVIPPF > 0, when the number of users K ∈ ]60,150],
our proposed method provides greater spectral eﬃciency,
because it covers the loaded system case when the number of
available resources is lower than the number of users requiring access to the cell. However, when K ∈ [50, 60], the
proposed scheme provides lower SE than the proportional
fairness method as SEVIPPF < 0. Hence, the contribution of
our proposed scheme performs better when the number of
users in the cell is important which is close to the practical
case.
To better examine the fairness of these algorithms for
diﬀerent number of users, their performance is shown in
Figure 4. The Jain Fairness Index is expressed by (7). It is obvious that the proposed method provides a fairness index
close to 1.
Table 6 shows variation intervals in terms of average Jain
Fairness Index. Let JFIVIPAF and JFIVIPPF denote the Jain
Fairness Index for diﬀerent variation user intervals. These
values are computed based on, respectively, the mean

10
0

50

100
Number of users

150

Proposed scheme
Alternative factor
Proportional fairness

Figure 5: Outage probability versus the number of users in loaded
systems.

diﬀerence between proposed scheme and alternative factor
method described in [24] and the mean diﬀerence between
proposed scheme and proportional fairness method proposed in [23]. As JFIVIPAF > 0 and JFIVIPPF > 0, for all intervals, it is obvious that the proposed method provides more
fairness among active users than the alternative factor and
proportional fairness method as each user may reserve only
a single subchannel at any given time as it is expressed by
constraint C3 in our optimisation problem formulation.
Figure 5 shows the outage probability versus the number
of users where the outage probability represents the rejected
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Table 7: Variation intervals in terms of outage probability.

OPVIPAF (%)
OPVIPPF (%)

[50, 75[
−0.943
−3.772

[75, 100[
−2.156
−8.626

[100, 125[
−2.809
−11.236

[125, 150]
−3.247
−12.991

Table 8: Variation intervals in terms of total spectral eﬃciency in
unloaded systems.
[10, 12] ]12, 15[ [15, 20[ [20, 25[ [25, 30]
USEVIPMM (bit/s) −0.231 0.237
0.687
1.123
1.458
0.709
1.132
1.466
USEVIPPF (bit/s) −0.087 0.265

users percentage. When a user does not get its required subchannel, the number of rejected users increases by one. Then,
the outage probability is the ratio of the number of rejected
users and the total number of active users in a loaded system.
Table 7 shows variation intervals in terms of outage probability. Let OPVIPAF and OPVIPPF denote the Outage probability for diﬀerent users variation intervals. These values
are computed based on, respectively, the average of diﬀerence
between proposed scheme and alternative factor method described in [24] and the average of diﬀerence between proposed scheme and proportional fairness method proposed
in [23]. As OPVIPAF < 0 and OPVIPPF < 0, for all intervals,
it is obvious that the proposed scheme provides lower outage
probability than other methods. We should notice that in this
case, as it is shown by Table 7, the diﬀerence between the proposed heuristic and existing methods [23, 24] increases when
the number of users rises, meaning that the proposed scheme
satisfies a greater number of users than other existing methods [23, 24] in a loaded system case, because it covers the
ineﬃciency resource case by allocating to each user its second best and free subchannel.
For unloaded system case, the performance of our proposed algorithm is compared with the algorithms proposed
in [23, 27]. The reason for this comparison is as follows.
Authors in [23] aim to maximize the total system capacity
while maintaining proportional fairness among active users.
The principle of this suboptimal subchannel algorithm is to
use the subchannels with high SINR for each user. For remaining subchannels, the user with the lowest proportional
capacity has the option to pick which subchannel to use in
order to achieve proportional fairness. Resource allocation
algorithm proposed in [27] aims to assign to each user a subchannel in which the user has the best channel conditions.
For the remaining subchannels, the user with the lowest
amount of capacity is selected and its best subchannel is allocated to him in order to reach a suﬃcient fairness among
users.
Figure 6 compares the average spectral eﬃciency per subcarrier versus the number of users.
Table 8 shows variation intervals in terms of total spectral
eﬃciency for proposed. Let USEVIPMM and USEVIPPF denote
the average total spectral eﬃciency for diﬀerent users variation intervals in unloaded systems. These values are computed based on, respectively, the mean diﬀerence between
proposed scheme and max-min method described in [27]

Average spectral eﬃciency (bit/symbol/subcarrier)
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Figure 6: Total spectral eﬃciency versus the number of users in
unloaded systems.

and the mean diﬀerence between proposed scheme and proportional fairness method proposed in [23]. As USEVIPMM >
0 and USEVIPPF > 0, when K ∈ ]12,30], it is obvious that the
proposed method provides greater spectral eﬃciency than
the max-min and proportional fairness method. We should
notice that in this case, as it is shown by Table 8, the diﬀerence
between the proposed method and existing methods [23, 27]
increases when the number of users rises. Then, the proposed
method operates well the multiusers diversity. However,
when K ≤ 12, the existing method in [23, 27] provides
better performance in terms of total spectral eﬃciency as
USEVIPMM < 0 and USEVIPPF < 0 when K ∈ [10, 12], because they introduce a remaining subchannel allocation
phase. So, one user may have more than one subchannel as it
is described above. Hence, the contribution of our proposed
scheme performs better when the number of users in the
cell is important which is generally close to the practical case
when good subchannels are not yet available.
6.3. Proposed Subchannels Allocation Scheme Performances
in a Heterogeneous Traﬃcs System. The performance of the
Multi-QoS-based adaptive resource allocation proposed
algorithm is compared to two existing algorithms that are
proposed in [28, 29] in terms of rtPS average Packet Loss Rate
(PLR)and nrtPS Packet Satisfaction Ratio (PSR). On one
hand, Maximum-Carrier-to-Interference and Noise Ratio
(MAX-CINR) scheme [28] allocates resources to the user
with the maximum receiver CINR and then only the users’
link qualities are concerned and the QoS requirements are
totally ignored. On the other hand, Modified Proportional
Fair (MPF) scheduling algorithm proposed in [29] is taken
into account with QoS guaranteed to users in the system. In
order to evaluate the performance of various QoS services,
we use the Near Real Time Video (NRTV) traﬃc model for
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Figure 7: Average rtPS packet loss ratio versus the number of users.

Figure 8: Average nrtPS packet satisfaction ratio versus the number
of users.

Table 9: Variation intervals in terms of rTPS packet loss ratio.

Table 10: Variation intervals in terms of nrTPS packet satisfaction
ratio.

HPLRVIPMCI (%)
HPLRVIPMPF (%)

[50, 75[
−20.88
−24.84

[75, 100[
−13.78
−16.72

[100, 125[
−9.204
−14.21

[125, 150]
−8.351
−10.33

rtPS service, FTP model for nrtPS service [30]. Here we
heuristically define length of rtPS packets 1024 bits, nrtPS
2048 bits, and BE 4096 bits and we set the QoS class coefficients as βrtPS = 1.0, βnrtPS = 0.8 and βBE = 0.6. Moreover,
we assume that packet arrival process is Poisson distributed,
each connection with its own average arrival rate. We suppose that there are 150 users in the system where each one
requires a single service at the same time. For rtPS connection, the minimum reserved rate and maximum latency of
each connection are set to 500 kbps and 20 ms, respectively.
For nrtPS connection, the minimum reserved rate is set as
1 Mbps. For BE connection, the buﬀer size is 5000 packets
with 512 bytes each.
Figure 7 shows the average Packet Loss Ratio (PLR) of the
rtPS connection across diﬀerent number of users. The average PLR is defined as the ratio of the number of the lost rtPS
packets to the total packets’ number.
Table 9 shows variation intervals in terms of rtPS Packet
Loss Ratio. Let HPLRVIPMCI and HPLRVIPMPF denote the
PLR in diﬀerent variation user intervals in heterogeneous
services system. These values are computed based on, respectively, the average of diﬀerence between proposed scheme
and MAX-CINR method described in [28] and the average of
diﬀerence between proposed scheme and modified proportional fairness method proposed in [29]. As HPLRVIPMCI < 0
and HPLRVIPMPF < 0, for all intervals, it is obvious that the
proposed method satisfies more rtPS users than the MAXCINR and modified proportional fairness method, because
our scheduler gives the priority to rtPS-class to ensure an
adequate resource allocation.
In Figure 8, we investigate the average nrtPS Packet Satisfaction Ratio (PSR) which is defined as the ratio of the number of the connections guaranteeing the minimum reserved

HPSRVIPMCI (%)
HPSRVIPMPF (%)

[50, 75[
9.078
27.21

[75, 100[
5.994
18.32

[100, 125[
5.740
15.57

[125, 150]
3.631
11.32

rate to the total connections number. Table 10 shows variation intervals in terms of nrtPS Packet Satisfaction Ratio. Let
HPSRVIPMCI and HPSRVIPMPF denote the PSR in diﬀerent
variation user intervals in heterogeneous services systems.
These values are computed based on, respectively, the mean
diﬀerence between proposed scheme and MAX-CINR
method [28] and the mean diﬀerence between proposed
scheme and modified proportional fairness method [29]. As
HPSRVIPMCI > 0 and HPSRVIPMPF > 0, for all intervals, it is
obvious that the proposed method satisfies more nrtPS users
than the MAX-CINR and MPF method, due to our proposed reservation phase that reserves subchannels to rtPS, nrtPS,
and BE services according to proportional parameters depending on system resources availability. For other methods,
there are no resource reservation phase, which can increase
the nrtPS calls rejection.
6.4. Concluding Remarks. Simulation results demonstrate
that our sliding window method increases the system capacity and decreases the BLER eﬀectively compared the minimum and the average channel gain methods. In loaded systems, simulation results show that the proposed algorithm
permits to achieve a better trade-oﬀ between fairness and
eﬃciency use of resources compared to other recent methods
[23, 24]. Moreover, our proposed resource allocation scheme
proves eﬃcient in unloaded system than other existing
methods. In addition to this contribution, the new heuristic
algorithm present a low complexity and may be adopted for
real-time and mobile applications. In a heterogeneous services context, simulation results illustrate that our proposed
scheme can simultaneously satisfy the QoS requirements of
various classes services: rtPS, nrtPS, and BE.
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7. Conclusion
In order to reduce the OFDMA system complexity, available
sub-carriers are grouped into equal groups of contiguous
sub-carriers, where each group is called a subchannel. The
adaptive modulation and coding scheme, AMC, is used in
order to maximize the number of bit per symbol. In this
paper, we have firstly proposed a new method for subchannel gain computation based on the frequency responses dispersion. Secondly, we have proposed a new heuristic method
for subchannels allocation problem in the context of WiMAX
release 2.0, IEEE 802.16 m. An adaptive method for subchannels allocation was necessary in order to exploit the
multi-user diversity, to respect real-time constraints and to
maximize the system capacity. The idea of this method was
based on the statistic parameters, mean, variance, root mean
square, or RMS of the frequency response channel gain for
every mobile station. Finally, we proposed a multi-QoSbased resource allocation algorithm for OFDMA systems. We
defined a priority function for each user according to the QoS
satisfaction degree and its corresponding subchannel qualities. Simulation results showed that proposed algorithms
provide a better trade-oﬀ between total system capacity, fairness, and complexity compared to other existing methods.
For future work, we are interested to validate the present proposition in a multiservice context in order to develop an
eﬃcient radio resources management policy for Long-Term
Evolution (LTE) network.
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The increasing popularity of network-based multimedia applications poses many challenges for content providers to supply
eﬃcient and scalable services. Peer-to-peer (P2P) systems have been shown to be a promising approach to provide large-scale
video services over the Internet since, by nature, these systems show high scalability and robustness. In this paper, we propose
and analyze an object management policy approach for video web cache in a P2P context, taking advantage of object’s metadata,
for example, video popularity, and object’s encoding techniques, for example, scalable video coding (SVC). We carry out tracedriven simulations so as to evaluate the performance of our approach and compare it against traditional object management
policy approaches. In addition, we study as well the impact of churn on our approach and on other object management policies
that implement diﬀerent caching strategies. A YouTube video collection which records over 1.6 million video’s log was used in
our experimental studies. The experiment results have showed that our proposed approach can improve the performance of the
cache substantially. Moreover, we have found that neither the simply enlargement of peers’ storage capacity nor a zero replicating
strategy is eﬀective actions to improve performance of an object management policy.

1. Introduction
The increasing popularity of network-based multimedia
applications poses many challenges for content providers
to supply eﬃcient and scalable services. Peer-to-peer (P2P)
systems have been shown to be a promising approach to
provide large-scale video services over the Internet since, by
nature, these systems show high scalability and robustness.
One of the essential problems in measuring how these
systems perform is the analysis of their properties in the presence of churn, a collective eﬀect created by the independent
arrival and departure of peers. Resiliency, key design parameters, and content availability are issues in P2P systems that are
influenced by the churn. Hence, the user-driven dynamics of
peer participation must be taken into account in both design
and evaluation of any P2P system and its related mechanics,
such as object management policies. For instance, when
peers go oﬀ-line, the locally stored data become unavailable

as well. This temporary content unavailability can lead to
congestion on backbone links due to the extra traﬃc generated by requesting to the original content provider.
The main contributions of this paper are as follows.
(1) First, we propose and analyze an object management
policy approach for videos’ web cache in a P2P context. In this approach we exploit the object’s metadata, for example, video popularity, and object’s encoding techniques, for example, scalable video coding
(SVC). In Section 5, we describe the object management policy based on popularity (POP); that is, we
describe how user-generated content is used to define
this object management policy. We have carried out
set of studies by using three diﬀerent scenarios so as
to analyze our approach with regarding other object
management policies. We evaluated how the insertion, replacement, and discarding of videos impacts
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the object management policies. Besides, we study as
well the eﬀects of the video popularity and the discarding of video layers in the performance of object
management policies. In Section 6 we present the
numerical results collected from these simulation experiments. We show as well how much our contentoriented web cache mechanism can improve traditional web cache mechanisms. Basically, we have
found that our approach outperforms the traditional
one and consequently reduce the capacity demand
poses over the community output link by increasing
the hit rate of community demands and optimizing
the network resources available.
(2) Second, we study the impact of the user churn on
object management policies. For that, we have used a
churn model that is based on a stationary alternating
renewal process with its average up and down behavior based on the type of peer (cf. Section 4). By using
this churn model, we have evaluated the enlargement
of individual peer storage capacity as an action to
keep policies performance since the community storage capacity will be aﬀected directly by the churn. In
Section 7, we present the numerical results collected
from these simulation experiments. We can point
that peers will be able to store valuable objects over
a long time-scale which could improve content availability. We have noted that the gap among all police
performance shrinks due to this enlargement. Nonetheless, this enlargement does not impact linearly the
performance of the policies.
(3) Finally, we have evaluated on how much the replicated data aﬀects policies performance by measuring
it on a system with and without duplicated data.
Indeed, each time a peer leaves the system, it will
make chunks of popular content unavailable for other
peers. Whenever that peer rejoins the system, its content could have been accessed by other peer. Accordingly, data are naturally replicated into the system
due to the churn. This naturally replication has as
consequence the decreases of the nominal system
storage capacity. So, we have evaluated on how much
this replicated data aﬀects policies performance by
measuring it on a system with and without duplicated
data. In Section 7.1, we present the numerical results
collected from these simulation experiments. We
have found that the performance of policies is impacted, either positively or negatively, by this replicated data which suggests that content availability
could be improved whether the volume of duplicated
data is under policy control.

We have used in our experimental studies a YouTube
video collection, which records over 1.6 million video’s log.
In our experiments, each peer can store up to 25 short videos
of 4:50 minutes—the average video length identified in the
studied video collection. The overall storage capacity, which
is defined by the sum of the storage capacity of all peers, is
equal to one percent of the video collection storage demand

(cf. Section 3). Diﬀerent simulated scenarios were defined by
scaling up the system storage capacity until 20% of the video
collection storage demand.
We have evaluated five policies in our experiments: (i)
the context-aware and content-oriented policy (POP), (ii)
least recently used (LRU) policy, (iii) least frequently used
(LFU) policy, (iv) popularity-aware greedy-dual size (GDSP)
policy [1], and (v) proportional partial caching (PARTIAL)
policy [2]. The last four policies (described in Section 2)
are representative implementations of their classes, that is,
recency-based, frequency-based, and cost-based policies.

2. Cache Algorithms
This section gives a short overview of the traditional cache
algorithms that we use through this paper. Essentially, these
algorithms can be classified into three major flavors of strategies as follows.
Recency-Based Strategies. This kind of approach uses recency
as a main factor. Least recently used (LRU) strategy, and all its
extensions, is a good example of these strategies. LRU makes
use of the locality information to predict future accesses to
objects from past accesses. In eﬀect, there are two sorts of
locality: (i) temporal locality and (ii) spatial locality. The first
one is based on the idea that recently accessed objects are
likely to be used again in the future. In the latter approach,
the references to some objects suggest accesses to other objects. Recency-based strategies make use of temporal locality;
that is, LRU exploits temporal locality. The major disadvantage of these strategies is that they do not consider object
size information. Moreover, they do not consider frequency
information.
Frequency-Based Strategies. These strategies exploit the frequency as a main factor. They are based on the idea that
different objects have diﬀerent popularity values and this
implies that these objects have diﬀerent frequency values.
Accordingly, these values are used for future decisions. The
least-frequently used (LFU) is the well-known implementation of these strategies. There are two kinds of implementation of LFU (and its extensions): (i) perfect LFU, which
counts all requests to an object. This keeps on across replacement; (ii) in-cache LFU, whose counts are carried out only
for cache objects. It should be noted that this does not represent all request in the past. The major disadvantage is that the
frequency counts are too static for dynamic environments.
Cost-Based Strategies. In cost-based policies, the importance
of an object is defined by a value got from a cost function.
When a cache runs out of space, objects are evicted based
on their cost; objects with the smallest cost will be evicted
first. The greedy-dual size (GDS) policy was the first policy
to implement a cost-based cache strategy. It maintains, for
each object, a characteristic value Hi which is set in the very
first request and calculated every time the object is requested.
Improvements on GDS policy have been implemented to

3

1.4

70

1.2

60

2 (100 ≤ views < 1000)

1

50

3 (1000 ≤ views < 10000)
4 (views ≥ 10000)

1 (views < 100)

Fraction of views (%)

Number of videos (%)

International Journal of Digital Multimedia Broadcasting

0.8
0.6
0.4

40.5%

40
34.4%
30

21.4%

20

0.2

10

0

0

3.7%
0

100

200

300
400
Video length (s)

500

600

700

(a) Videos length

Set 1

Set 2
Set 3
User’s views sharing

Set 4

(b) Popularity

Figure 1: Statistics for YouTube Entertainment category [3].

consider historical and access frequency data (GDSP—popularity-aware greedy-dual size [1]) and the dynamics of peerto-peer system (proportional partial caching) [2].

3. Video Collection
In this section, we present the video collection used so as
to carry out our experiments. Our dataset consists of metainformation about user-generated videos from YouTube services. We limited our experiments to the Entertainment category collected by [3] owing to the massive scale of YouTube.
This collection consists of 1,687,506 videos where each line
represents a single video. Furthermore, each video record
contains both fixed and time-varying information (e.g.,
length, views, ratings, stars, and URL), which means
(1) views and ratings stand for the number of times the
video has been played and evaluated by users,
(2) stars stand for the average score from rating, and
(3) URL denotes the list of external web pages hyperlinking the video.
We limited the maximum size of cacheable video to 99
minutes; videos with more than this value are considered
crawler mistake. Figure 1(a) depicts videos’ length distribution in seconds, with video length being equal to 291 seconds.
Figure 1(b) shows the video popularity distribution. By
examining the number of requests recorded in our video
collection, we grouped those videos in four sets. In the first
set we gathered video with less than 100 views. This subset
is made of 34.4% of videos in our collection. In the second
subset we gathered videos with a number of views into the
range of 100 views and 1000 views, which contains 40.5%
of videos in our collection. The third subset has videos
with a number of views into the range of 1,000 views and
10,000 views and makes up 21.4% of videos recorded in our
collection. Finally, in the fourth subset we gathered videos

that recorded over 10.000 views, which contains 3.7% of
videos in our collection. Based on our analysis, we see that
video requests are highly concentrated on a small set of
videos. In fact, the fourth subset has 60% of the total number
of views.
This video collection misses individual user requests information; that is, timestamps mark that record when a user
dispatched his/her requests. To deploy our simulation studies, we must have such individual user’s behavior. Hence, we
developed a procedure to simulate the users’ behavior based
on information gathered from the video collection. Therefore, in order to use this collection, we define a procedure for
the generation of requests, as follows.
(1) All requests will be driven by a combination of the
video length and the “think time.”
(2) For each two nonpopular videos, we picked up three
popular videos. This ratio was derived based on the
preview analysis carried over our video collection;
that is, we determined the number of (non)popular
video views recorded.
(3) The pick-up procedure of popular and not popular
videos is independent and follows a uniform distribution.
(4) A popular video must be recorded more than 10,000
views.
The rationales behind our procedure are (i) downloaded
videos will be watched end-to-end, and users will spend
some time looking for related videos, the thinking time, before dispatching a new request; (ii) over the time scale the
system is observed, popular and nonpopular videos will keep
their status, a reasonable assumption since we are interested
only on the eﬀectiveness of popularity as a criterion to manage those videos; (iii) in our collection, videos with more
than 10,000 views represent less than 4% of the whole collection but recorded over 60% of the total number of views.
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4. A Hierarchical Content-Oriented
Overlay Network
In this section, we present the networking scenario used in
our studies. First, the network infrastructure is considered,
then we describe how peers are classified and objects are
searched in this infrastructure. Finally, the churn model used
to characterize peers’ dynamics is presented.
4.1. The Network Infrastructure. The network infrastructure
is a structured peer-to-peer (P2P) system made by ordinary
nodes and supernodes and with peers that are locality-aware
clustered into communities or groups. These communities
are built around subjects, for example, science, sports, and
DIY. Figure 2 illustrates this infrastructure. Peers locality
awareness limits content lookups to very few hops into the
community. In Crespo and Garcia-Molina [4], similar ideas
have been proposed to share music files with overlays being
built based on music genres, and lookup operations being
bounded to the community.
In this network infrastructure, for each group there is one
or more superpeers, which are analogous to gateways routers
in hierarchical IP networks. The goal is to use superpeers so
as to transmit messages intergroups.
On this networking scenario, the mix of gathered peers
defines a community as homogeneous or heterogeneous. Accordingly, peers can be classified based on their up probability and they can be clustered in T > 1 groups. In this paper,
we classify and cluster them in four groups (i.e., T = 4) as
follows.
(i) Stable group, each peer is up with probability big or
equal to p.
(ii) Moderate group, each peer is up with probability t,
but with p  t.
(iii) Low group, each peer is up with probability r, but with
t  r.

(iv) Unstable group, each peer is up with probability less
or equal to q, but with r  q.
These peer group’s up probabilities are mapped to the
peer group’s up session duration in our numerical studies as
suggested by Wang et al. [5]. Specifically, we studied a community made by peers that fits in a low group behavior; that
is, peers up sessions last 28 minutes in average, and a typical
YouTube session duration by the time our video collection
was collected, according to Wang et al. [5].
4.2. The Churn Model. To model the peers’ dynamics, we
have exploited a generic churn model defined by Yao et al.
[6]. Consider a P2P system with n peers, where each peer i is
either UP at time t or DOWN. This behavior can be modeled
by a renewal process {Zi (t)} for each peer i:


Zi (t) =

1, peer i is alive at time t,
0, otherwise,

1 ≤ i ≤ n.

(1)

Unlike [6], the UP and DOWN lasting sessions of {Zi (t)}
are based on the type of peer i. Therefore, the actual pairs
(Fi (x), Gi (x)) are chosen randomly from set F define as follows.
F =









F (1) (x), G(1) (x) , . . . , F (T ) (x), G(T ) (x)

,

(2)

where T ≥ 1 is the number of peer types in the system.
Therefore, for each process {Zi (t)}, its UP lasting sessions
{Li,c }∞
c=1 have some joint distribution Fi (x), and its DOWN
lasting sessions {Di,c }∞
c=1 have another joint distribution
Gi (x), where c stands for cycle number and durations of
users and i’s UP and DOWN sessions are given by random
variables Li,c > 0 and Di,c > 0, respectively.
Examples of UP/DOWN distributions used throughout
this paper are (i) the exponential, defined as
Fi = 1 − e−λi x ,

(3)
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Figure 4: Complementary cumulative distribution functions of UP and DOWN session duration used on exponential and heavy tail churn
models.

(4) The upprobability of peer i at an arbitrary time
instance t is given by

with mean 1/λi , and (ii) the Pareto, defined as




Fi = 1 − 1 +

x
βi

αi

,

x > 0, αi > 1,

(4)

with mean βi /(αi − 1).
Based on the aforementioned model, the following
assumptions are made.
(1) To capture the independent nature of peers, we assume that the set {Zi (t)}ni=1 consists of mutually independent alternating renewal processes, as depicted in
the Figure 3. Accordingly, peers behave independently of each other and processes {Zi (t)} and {Z j (t)}, for
any i =
/ j, are independent.
(2) Note that li , the average UP session duration, and di ,
the average DOWN session duration, are independent and unique for each peer. Once pair (li ; di ) is
generated for each peer pi , it remains constant for the
entire evolution of the system.
(3) 28-minute YouTube average session duration is set
to li . In addition, half of the value of li is set to di .
Hence, as regards content availability, a demanding
community of peers is expected.

p = lim P({Zi (t)} = 1) =
t→∞

li
.
li + di

(5)

Based on previous characterization, two churn models
have been used on our studies: heavy tail and exponential.
When exponential churn model is applied, the lasting of UP
session is driven by exp(1/li ) distribution, while the lasting
of DOWN session is driven by a pareto (3, di ) distribution,
where li stands for the expected mean of UP session duration
and di stands for the expected mean DOWN session duration.
Figure 4(a) shows the complementary cumulative distribution function (CCDF) of the exponential (UP session) and
Pareto (DOWN session) distributions when li and di are set
as mentioned previously. For exponential distribution, the
probability of chose values greater than the expected ones
vanishes after minute 120. However, for Pareto distribution,
this probability still exists over large time-scale. This churn
pattern can be summarized by the following: peers will stay
connected, as they join the community, but will lose interest
over time.

6
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Require: video popularity ∨ cache size ≥ 0
request from community(video);
if miss video then
request from outside(video);
end if
if video popularity > threshold then
insert cache(video);
end if
Algorithm 1: The popularity-based object management policy.

In the heavy tail churn model, the UP and DOWN
sessions are driven by the Pareto distributions. Diﬀerent
from exponential churn model, heavy tail churn model draws
probability still significant over time, Figure 4(b), which
means that picking a value great than the mean value is
highly possible. The churn pattern defined by this heavy tail
model can be summarized by the following: peers will keep
interest on content over long time-scales.

5. POP: A Content-Oriented Management
Policy Based on Popularity
As mentioned in Section 4.1, peers will cooperate and the
interesting-oriented community has very useful information
to improve the cache system performance. In this context, the
probability that a video comes to be accessed again by other
members of a community is higher than that in a general case
since members inside a community might share common
interests. Hence, the question about how much popular a
video is inside a community seems to be an important
metadata to be considered when implementing an object
management policy.
Based on the aforementioned assumptions, we have developed an object management policy [7], that is, the popularity-based (POP) policy. In this object management policy,
we keep the most popular video in cache (number of visualizations) based on a predefined threshold. The rationale of
our policy is that the majority of video requests is targeted
to the popular ones, hence keeping the cache filled by the
popular video will probably improve the hit rate and decrease
the volume of traﬃc that flows outside the community link.
Algorithm 1 describes this procedure.
As said, the threshold used to identify popular videos
is a predefined value and closed related to video collection
statistics. In our studies we set the threshold equal to 10,000
visualizations which defines a popular video collection with
less than 4% of the whole video collection, at the same time,
this popular video collection has over 60% of all visualizations. In summary, the threshold setting procedure will
reduce the number of videos that have to be managers, but
those videos will receive the majority of requests.

6. Performance Analysis of POP
In this section we show the numerical results collected
from our first studies. We evaluated how the insertion,

Require: video popularity ∨ cache size ≥ 0
if video popularity > threshold then
insert cache(video);
end if
Algorithm 2: Considering video popularity.

replacement, and discarding of videos impact the object
management policies. To evaluate the eﬀectiveness of our
proposed policy, we defined a reference scenario and we compared it to three other diﬀerent scenarios so as to evaluate
the performance of the POP. For that, we assume that peers
are always connected to the system, a borrowed concept from
[5] which identifies and describes the importance of stable
peers.
6.1. Numerical Results. We use a trace-driven simulation to
evaluate our proposed policy. The simulated P2P network
has 10,000 peers, and we assume that there is only one community where each peer can connect to any other peer. Each
peer has a cache with capacity to storage up to 1.000 seconds
of video. The total number of video requests is 200,000, and
we consider that videos with more than a threshold value are
popular. In our experiments, the threshold value is equal to
10,000 views.
6.2. Reference Scenario. In this scenario, we establish the following conditions: (i) every requested (and not yet cached)
video must be added to the cache, (ii) LRU is the object replacement policy implemented by the web cache, and (iii) the
whole video will be discarded when the managed cache is full.
Taking into consideration these assumptions, we simulated
the user requests based on a uniform distribution. As we have
pointed out, the results are then compared with three other
scenarios, which are described as follows.
6.3. Scenario Number 1. In this scenario, we evaluated the
eﬀects of the video popularity on the performance of our web
cache. Instead of adding all referenced, and not yet cached
videos, we keep only cached videos that are considered popular, that is, videos that have a number of views greater than
10,000. The rationale of our policy is that the majority of
video requests is targeted to the popular ones, hence keeping
the cache filled by the popular video will probably improve
the hit rate and decrease the volume of traﬃc that flow outside the community link. In summary, in scenario number
1 we cached only popular videos, the object management
policy is still the LRU, and the whole video is discarded when
the managed cache is full.
Algorithm 2 describes the patched applied to the object management policy; that is, the execution of function
insert cache(·) is conditioned to the video popularity. Figures
5 and 6, the first bars, show the improvements, in terms of
hit rate (35.2%) and volume of traﬃc that is saved (36.2%),
when that new policy is implemented.
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Figure 6: Traﬃc volume reduction—based on reference scenario.

Require: free cache size ∨ video size
While free cache size < video size do
(video,node)⇐ LRU video object();
nlayers⇐ discard highest layer(video, node);
if nlayers = 0 then
nlayers⇐ discard highest layer(video, node);
remove reference DHT(video, node);
end if
end while

Require: free cache size ∨ video size
While free cache size < video size do
(video, node)⇐ random video object();
nlayers⇐ discard highest layer(video, node);
if nlayers = 0 then
nlayers⇐ discard highest layer(video, node);
remove reference DHT(video, node);
end if
end while

Algorithm 3: Discarding layers, the local approach.

Algorithm 4: Discarding layers, the global approach.

6.4. Scenario Number 2. In this scenario, we evaluated the
eﬀects of the video popularity and the discarding of video
layers on the performance of our object management policy.
Diﬀerently to the scenario number 1, we dispose only video
layers that are coding to improve the video quality and
hence keep those layers that have the minimum amount of
data to the receiver reproduce his/her requested video. The
least recently used criterion is applied to elect which video
must have its layers discarded. Whether the room made
available by the discarded layer is still insuﬃcient to store the
recently accessed video, a new video is elected and its layer
is discarded. This process is repeated until the web cache
has suﬃcient space to store the recently referenced video.
The rationale of our policy is to keep as much as possible
a popular video cached, even it is a low-quality copy, since
references to it are very probable.
Algorithm 3 presents the patch applied to object management policy. Function LRU video object(·) finds the least
recently used cached object and returns both that video and
the node that has the object. Function discard highest layer
(video, node) discards the highest layer of the found video.
For example, if there are two layers for this video in cache,
the second, which has less priority, will be discarded. Additionally, after calling the discard highest layer(·) function no

layers could remain for that video, hence the reference for this
video must be removed from distributed hash table (DHT).
Figures 5 and 6, the second bars, show the improvements in
term of hit rate (35.2%) and saved traﬃc (36.2%) when a
new policy is implemented.
6.5. Scenario Number 3. In this scenario, we introduce the
layer discarding policy associated with a global approach instead of the local one deployed in scenario number 2. In other
words, we randomly selected objects in cache and discarded
the highest layer of this object. The rationale of our approach
is that when a cache run out of space, we have a set of high
popular videos cached with all those video showing a high
requesting rate. Hence when we apply the discarding policy
over the whole set of videos, and not just over the “least” recently used set, we will increase the set of popular videos
that can be cached. Consequently, we can observe an improvement over the hit rate. In summary, scenario number 3
has only popular video cached, a random object replacement
policy, and video layers are discarded when cache is full.
Algorithm 4 presents the patches applied to the object
management policy. Function random video object(·) picks a
cached object and returns both the targeted video and node
that has that object.
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Figures 5 and 6, the third bars, show the improvements
in terms of hit rate (43%) and saved traﬃc (44.2%) when the
new policy is implemented.
6.6. Discussions. Requests to popular video are much more
probe than nonpopular videos; over 60% of requests recorded in our video collection are targeted to popular videos.
In addition, popular videos made just 3.7% of our video
collection. Based on these facts, we tested the video popularity metadata as the criteria to cache or dispose recently
accessed videos. As noted from scenario number 1, there
was a 30% improvement in the cache hit rate, compared to
the traditional approach, reassuring that bringing metadata
associated to the objects will save the network resources with
server communities that were built around subjects.
Although 30% improvement is remarkable, we learnt
that traditional web cache policies do not assume anything
about the managed objects. In the scenario number 3, we
exploit the fact that videos are distributed in layers. Besides,
we use a discarding policy based on those layers instead of
discarding the whole video, as implemented on traditional
web cache policy. We underline that the discarding of layers
does not constrain a web cache to server requests to that
video; that is, videos can be served, for instance, in a low
definition instead of high definition. As a result, whenever a
cache runs out of space and a new object needs to be cached,
the number of cached videos increase since the discarding of
a whole video will be postponed, at least in the first moment.
An important finding to be explained is how LRU policy
and video layers discarding policy are related, as pointed
in scenario number 2. In this scenario, we discard video
layers that belong to the set of the least recently used videos.
Nonetheless, this situation does not oﬀer any improvement
in both the number and quality of cached objects. This
happens because the group of least used objects is very small
(only popular video are cached), which heavily restrict the
space where our discarding policy can act to improve the
number of cached videos.
We noted as well that bringing video metadata (i.e., video
popularity) into an object management policy associated
with a global layers discard policy can increase substantially
the quality and number of cached videos. Consequently, this
improves the cache hit rate and saved traﬃc measured over
the output link. Using these approaches, we got over 40%
improvement which could mean to postpone updates over
an output link.

7. Numerical Results
In this section, we have carried out some studies so as to
evaluate the impact of the churn on object management
policies implemented by peers. Accordingly, we have set up
a peer-to-peer-assisted video distribution system, compare
Section 4, and we have measured the decreasing ratio, that
is, on how much the policy performance measured by the hit
rate is impacted by the churn. The decreasing ratio is defined
by the following equation:
HRWith
,
(6)
HRDecr = 1 −
HRWithout
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where HRWith and HRWithout are, respectively, the measured
hit rates in a system with and without churn. In our experiments, we have employed both exponential and heavy tail
churn models (cf. Section 4.2).
As we have pointed out, the accomplishment of an object
management policy is aﬀected by the performance metrics
taken into account. For instance, the LRU policy can have
high hit rate but performs poorly in term of byte hit rate.
Therefore, we have studied also the decreasing ratio defined
by the byte hit rate collected in a system with and without
churn. From a qualitative stand point of view, the impacts
measured by the decreasing ratio defined by both, hit rate
and byte hit rate, are similar. Hence, we show as well the
decreasing ratio defined by (6).
We have evaluated five policies: the context-aware and
content-oriented policy (POP) [7], least recently used (LRU)
policy, least frequently used (LFU) policy, popularity-aware
greedy-dual size (GDSP) policy [1], and proportional partial
caching (PARTIAL) policy [2]. The last four policies are representative implementations of their classes, that is, recencybased, frequency-based, and cost-based policies.
In our experiments, each peer can store up to 25 short
videos of 4:50 minutes—the average video length identified
in the studied video collection. The overall storage capacity,
which is defined by the sum of the storage capacity of all
peers, is equal to one percent of the video collection storage
demand, see Section 3. We have defined diﬀerent simulated
scenarios by scaling up the system storage capacity until 20%
of the video collection storage demand.
Figure 7 depicts the impact of the churn in term of decreasing on hit rate, when both exponential and heavy tail
models drive the churn. Although their decreasing ratios,
defined by (7), have diﬀerent values, all policies’ behavior is
as follows: the gap among their performance shrinks as the
system storage capacity is enlarged. However, this enlargement does not impact linearly the performance of policies.
Specifically, for an enlargement of 20% in the system storage
capacity, LFU policy has recorded a variation of 36% (29%)
on its decreasing ratio for the exponential (heavy tail) churn
model. LRU shows a variation of 34% (27%), while GDSP
shows a variation of 33% (24%) and PARTIAL shows variation of 29% (23%).
The performance of POP policy represents an exception
in the previous conclusion, specially for heavy tail churn
model where the variation on its decreasing ratio is equal
to 20%. That is, for the POP policy, the impact of churn is
linearly reduced by the system enlargement. The volume of
replicated data is the main reason for that performance (cf.
Section 7.1).
The enlargement of the system storage capacity impacts policies performance, especially for exponential churn
model where variations in the decreasing ratio are more
pronounced as this enlargement happens. Figure 8 depicts
the decreasing of system size, that is, the shrinking on the
number of UP peers, when exponential and heavy tail churn
models drive the joining and leaving events. When the churn
is driven by the heavy tail model, the maximum decreasing
on system size is 39%, whereas for exponential model, this
value is 48%. As a general system design observation, we
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Figure 7: Decreasing ratio of object management policies (see (6)).

have noted that, since strong assumption on peers’ storage
capacity could jeopardize the system implementation, P2Passisted systems have to deploy mechanisms to keep, over
large time-scales, peers interested on content made available
by communities.
7.1. Replicated Data. Each time a peer leaves the system, it
will make chunks of popular content unavailable for other
peers. Whenever that peer rejoins the system, its content
could have been accessed by an other peer. This dynamic
replicates data over peers that share interest and, consequently, decreases the nominal system storage capacity. Figure 9
shows the percentage of data that has been replicated into
the system due to the churn.
For LRU, LFU, and GDSP policies, the maximum
amount of replicated data demands 20% of storage capacity.

However, for the two other policies, PARTIAL and POP, the
amount of replicated data is around 25% and over 45%,
respectively. The POP policy can handle twice as much replicated data than other policies. Since the POP policy keeps
only objects with certain number of views (10,000 views in
our experiments) and this requirement is too restrictive, the
amount of replicated data grows rapidly due to the churn.
Resilience to failure is a key property of P2P systems. In
this context, every time a peer A fails in delivering a service,
which is under its responsibility, another peer will replace the
peer A so as to deliver this service. This property has consequences in the proposed video distribution system; that
is, the studied policies have to handle replicated data held
independently by peers. From the preview results, at least
20% of stored data is replicated ones, this value being greater
than 45% when the POP policy is used.
To measure the impact of replicating on policy performance, we have performed experiments by using the following nonreplicating procedure: peers must evict any replicated
video every time they rejoin the system.
In this new scenario, we have computed the decreasing
ratios as follows:
HRDecrNorep = 1 −

HRNorepWith
,
HRWithout

(7)

where HRNorepWith is the collected hit rate in a system with
churn but without replicated data, and HRWithout is the hit
rate in a system without churn.
Figure 10 shows the decreasing ratio for all studies’
policies. We have noted that in spite of the enlargement
of the system storage capacities, the decreasing ratio is
around 40% when the exponential churn model drives the
joining and leaving dynamics. For peers under the heavy
tail churn model, this decreasing ratio is around 20% (see
Figure 10(b)).
Compared to results showed in Figure 7, the performance of policies under both churn models reduces by 50%.
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Figure 10: The decreasing on hit rate in a nonreplica system (see
(7)).

This suggests that (i) an enlarged storage capacity has limited impact over policies performance and (ii) a controlled
amount of replicated data tends to improve the performance
of policies. In fact, it is under evaluation an algorithm to
support replicating. Peers that just initiated the leaving procedure will use this algorithm to spread objects’ metadata in
order to support the decisions made by other peers during
the evicting process.

video server nor does any peer guarantee the availability of
any data it caches.
Zink et al. [9] and Cha et al. [3] strongly suggest that metrics such as object popularity has to be considered in-cache
object management policies. These studies show that popular
and nonpopular videos access ratio is 2 in 3, despite popular
video collection is being made of just 3.7% of the whole video
collection. Although Zink et al. [9] show that local popularity
has a weak correlation with the global popularity, still most
of the accessed videos are the local popular ones.
Kulkarni and Devetsikiotis [10] propose the design of
a distributed cache similar in principle to a content distribution network (CDN). The goal is to select some of the
most valuable objects and bring them closer to the clients
requesting them so that redundant load on the network is
reduced. Social network analysis techniques were used to

8. Related Work
Several approaches (e.g., [8]) have been proposed in the literature so as to deal with video caching. In these approaches,
whether a video or some part of it cannot be found in local
proxies, it can be requested from the original central provider. In a P2P video system, however, there is no such central
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identify the most valuable objects that should be cached.
While Kulkarni’s work focus is to determine the measurements that can be used to define the objects popularity, our
goal is to verify the eﬀectiveness of such measurements in the
implementation of a cache approach based on P2P systems.
The behavior of P2P system under churn is one of the
most fundamental issues of P2P research (e.g., [6, 11, 12]).
Several approaches (e.g., [11, 13]) have dealt with churn by
investigating its characteristics (e.g., median session length)
in large-scale P2P systems. Gummadi et al. [11] measure
session lengths by monitoring a router at the University of
Washington. Sripanidkulchai et al. [13] study the live streaming workload of a large-content delivery system and present
an analysis characterizing popularity, arrival process, and
session length.

9. Conclusions
In this paper we studied object management policies in a
peer-to-peer network context. While traditional object management policies were built around only three object proprieties, that is, aging, size, and frequency, we built our policy
around user-generated content and metadata made available
by content providers. We used video popularity and took
advantage of video-encoding techniques to build our policy.
We have carried out a set of simulation experiments so as to
evaluate the performance of our approach. In the first part
of our simulation experiments, we have observed that our
approach outperforms the traditional one and consequently
will reduce the capacity demand poses over the community
output link by increasing the hit rate of community demands
and optimizing the network resources available.
We have studied as well the impact of the churn on the
object management policies. We evaluated the enlargement
of peer’s storage capacity as an action to keep policies performance since the system storage capacity will be aﬀected
by the churn. Though the gap among a policy’s performance
shrinks as we enlarged the storage capacity, it does not impact
proportionally a policy performance.
Also, we have carried out studies to look into how replicated data impact the performance of object management
policies. We found that the worst case scenario, in terms of
content availability, is for a system without replicated data.
Despite the enlargement of the storage capacity, in general,
we have not seen improvements on policies performance for
such systems. On the other hand, replicating due to the churn
improved the performance of policies to a certain level. However, we have shown from the POP policies performance,
whether the amount of duplicated data is under policy control, the content availability could be greatly improved.
As future works, we have looked into mechanisms to
control the amount of replicated data through the system
and investigated whether or not incentive-based peer participating mechanisms, developed for other content distribution
systems, could be applied in such hybrid P2P-CDN system.
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Task assignment in grid computing, where both processing and bandwidth constraints at multiple heterogeneous devices need
to be considered, is a challenging problem. Moreover, targeting the optimization of multiple objectives makes it even more challenging. This paper presents a task assignment strategy based on genetic algorithms in which multiple and conflicting objectives are
simultaneously optimized. Specifically, we maximize task execution quality while minimizing energy and bandwidth consumption.
Moreover, in our video processing scenario; we consider transcoding to lower spatial/temporal resolutions to tradeoﬀ between
video quality; processing, and bandwidth demands. The task execution quality is then determined by the number of successfully
processed streams and the spatial-temporal resolution at which they are processed. The results show that the proposed algorithm
oﬀers a range of Pareto optimal solutions that outperforms all other reference strategies.

1. Introduction
Nowadays multimedia applications such as multicamera surveillance or multipoint videoconferencing, are increasingly
demanding both in processing power, and bandwidth requirements. In addition, there is a tendency towards thin
client applications where the processing capacities of the
client device are reduced and the tasks are migrated to more
powerful devices in the network.
In this respect, grid computing can integrate and make
use of these heterogeneous computing resources which are
connected through networks, overcoming the limited processing capabilities at a client’s device.
In the context of distributed media processing we can
think of scenarios such as video control rooms where multiple video streams are processed and simultaneously displayed. One way to downscale the processing and bandwidth
requirements at the displaying device is by transcoding the
video streams at the servers to lower temporal or spatial resolutions. This is done, however, at the cost of a degraded
perceived video quality and an increased processing cost at
the server. Therefore, in grid computing we may need to optimize and trade oﬀ multiple objectives, targeting for instance

quality maximization of the stream execution and minimization of the energy consumption on the client/servers simultaneously. In this respect, implementing a suitable strategy
for task assignment/scheduling becomes crucial for achieving
a good performance in grid computing. This subject has
been thoroughly studied in literature, and various heuristic
approaches have been widely used for scheduling. In particular, Genetic Algorithms (GAs) have received much attention as robust stochastic search algorithms for various optimization problems. In this context, works such as [1–3] have
used Genetic Algorithms to approach task scheduling within
a device. In [1, 2], genetic algorithms are combined with
heuristics such as “Earliest Deadline First” to assign tasks
onto multiple processors. The work in [3] extends the analysis to heterogeneous processors where the algorithm can
also determine the optimal number of processors, given a
number of tasks. In [4, 5], the work is extended to multiple processing nodes in the network. This way, in [4], a
thorough study is done on the performance of diﬀerent GA
operators on a scheduling problem on grid computing systems. Heterogeneous processors are considered with the
target to minimize the makespan and flow time of the tasks.
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The authors in [5] use also GA to address a similar objective
in grid computing. As in [4] neither data transmission nor
resource cost is considered.
In [6], a combination between GA and ACO algorithms
is presented for task scheduling among multiple nodes but
no bandwidth considerations are made. In [7], the authors
use evolutionary fuzzy systems to solve job scheduling in decentralized computational grids where jobs between grid
clusters are exchanged. The average response time per job
is minimized but again the overhead of data transfers is not
considered. The work in [8] also uses a genetic-based algorithm to assign multiple tasks in grid computing and minimize the make-span in the task execution but unlike previous
works, the transmission time to the processing node is considered. Similar considerations are taken in [9] where the
authors propose a strategy based on the Ant Colony Optimization algorithm (ACO) to eﬀectively assign tasks to computing resources, given the current load conditions of each computing resource and network status.
Note that the presented works only consider single objective optimization. It is in works such as [10–16] where
GAs are used to address multiple objectives in the resolution of scheduling problems. This way, in [10], the authors
address the Job Shop scheduling problem while targeting
multiple objectives, namely, minimal make-span and minimal machine workload. However, the case study addressed
is very simple and only homogeneous processors are considered. The work in [11] addresses the flow-shop scheduling
problem with an adaptive genetic algorithm. Pareto fronts
are used to guide a multiple-objective search: the total completion time and total tardiness. As in our work, multiple objectives are addressed, however, task assignments at system
level and bandwidth limitations are not considered. The
authors in [12] consider heterogeneous processors and a
multiobjective GA targets in this case the minimization of the
make-span, flow-time, and reliability. The work in [13] is an
early work on applying GA for multiobjective optimization,
in this case to minimize both task execution and power during cosynthesis of distributed embedded systems. In [14], the
performance of a NSGA-II-based evolutionary algorithm is
compared to the true Pareto front of solutions found with
the Branch and Bound method. The objectives targeted are
the make-span and the task completion time. Finally, in [15]
the method of particle swarm optimization is combined with
evolutionary method outperforming typical genetic algorithms.
However, in none of these works [12–15], there is any
consideration made over bandwidth constraints. Only in
[16] the network resources in terms of bandwidth and latency are considered. In this case, an Ant Colony Optimization algorithm is developed to address grid scheduling.
In our approach, we use GAs to target multiple objectives
for task assignment in grid computing and we consider bandwidth availability between nodes. Moreover, in comparison
with all related work presented, in our analysis, we introduce
an extra dimension on the task assignment problem by considering the downscaling of the video streams to lower spatial/temporal resolution. This oﬀers a tradeoﬀ between bandwidth and processing constraints on one hand and perceived
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video quality on the other hand. By doing this the eﬀective
system capacity to process tasks is increased while a graceful degradation of the video stream quality is allowed. Additionally, we target multiple objectives such as task quality
maximization, client’s energy minimization, and minimization of the bandwidth usage.
The rest of the paper is structured as follows. Section 2
describes the scenarios for distributed media processing considered. Section 3 describes the basic strategies for task assignment as well as the strategy for quality maximization
while Section 4 introduces the strategy based on genetic algorithms. We present the results and compare the performance
of the diﬀerent strategies in Section 5. Finally, Section 6
concludes this work.

2. Scenario of Distributed Media Processing
In the context of distributed video processing, we are considering a scenario such as the one of a video control room.
Several video contents are streamed towards the client device,
where the content is visualized, while the required video
processing can be distributed between the client and other
processing nodes such as servers.
We assume all processing nodes to be heterogeneous with
a diﬀerent amount of processing resources, such as CPUs
and GPUs. In addition, we assume that the client’s device
has more limited processing capacities than the server nodes.
Concretely, we consider 4CPUs and 1GPU at each server
node, while only 2CPUs at the client node. We assume moreover that multiple codec implementations for these diﬀerent
processor types are available. To overcome the limited processing at the client node, we perform distributed processing
over other nodes in the network. In this case, the decoding
task is executed at a server, and the resulting output (raw
video) is transmitted to the client’s device. Note that this
highly increases the bandwidth requirements, which should
fit in the maximum available bandwidth towards the client
that we assume of 1 Gbps and shared from any server node to
the client node. Therefore, to fit both processing and bandwidth requirements, one possibility is to trans-code (decode
and reencode at a lower temporal or spatial resolution) the
video streams at the server’s side. This lowers both its bandwidth and decoding processing requirements at the end device at the cost of a reduced perceived quality and increased
server processing.
The following section describes the task assignment strategies used in the scenario described.

3. Single Objective Assignment Strategies
An eﬃcient task assignment strategy is a key element in the
context of distributed grid computing. In this section, we describe the assignment strategies that we implement for comparison with our evolutionary-based approach.
Round-Robin Strategy (RR). The stream processing tasks are
assigned in turns on the diﬀerent available processing elements, that is, client device and server nodes.
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Max-Min Heuristic (MM). This is a well-known heuristic
[17] that assigns the most demanding stream processing
tasks first on the processor that is going to finish them the
earliest.
TransCode-All Strategy (TA). We assign all video streams to
be spatially trans-coded at the server nodes. This lowers the
processing requirements for decoding at the client devices
while it also reduces the bandwidth usage. However, this happens at the cost of a reduced quality of the video streams. As
trans-coding is an intensive task (decoding plus encoding)
the trans-coding of the streams is evenly distributed among
the available servers (by means of round robin) to avoid processing overload of a server.
Strategy Maximum Quality (MaxQ). In addition to the presented strategies, we implement a strategy that targets the
maximization of the quality of the stream assignment. We
describe this strategy next for the case of 1 server and 1
client node, where Pclient and Pserver are the total processing
cost at client and server for the current task assignment, and
max
max are the maximum processing capacity at the
and Pserver
Pclient
client node and server respectively. In a similar way, BW is
the bandwidth required by the current task assignment while
BWmax corresponds to the maximum available bandwidth.
We consider that the assignment and execution, ti , of video stream “i” can take one of the following values:
c: stream assigned to be decoded at the client at original
temporal and spatial resolution.
s: stream assigned to be decoded at the server at original
temporal and spatial resolution.
temp: stream transcoded to lower temporal resolution at the
server.
spat: stream transcoded to lower spatial resolution at the
server.
comb: stream transcoded to both lower temporal and spatial
resolution at the server.
This way, our task assignment consists of a set of ti ∈ {c, s,
temp, spat, comb} for every i ∈ {1, . . . , N } where N is the
total number of video streams to be processed.
We want to find a task assignment solution whose bandwidth and processing demands at client and server fit within
the bandwidth and processing constraints:
BW =



BWi ≤ BWmax ,

i

Pclient =


i

Pserver =


i

max
Pi,client ≤ Pclient
,

(1)
max
Pi,server ≤ Pserver
,



∀i | t i ∈ c, s, temp, spat, comb .

Algorithm 1 is described in the following paragraphs and table.
In Step 1, the algorithm assigns as many stream decoding
tasks as possible to execute on the client device; this number
of tasks is constrained by the processing power at the device.

max
Step 1: Maximize {k | ti = c ∇i = {1, . . . , k}, Pclient ≤ Pclient
}
Step 2: Set ti = s ∇i = {(k + 1) · · · N }
max
max or BW ≥ BWmax )
WHILE (Pclient ≥ Pclient
or Pserver ≥ Pserver
Step 3: IF ∃i = maxi {BWi | ti = s}
THEN ti = temp
ELSE IF ∃i = maxi {BWi | ti = temp}
THEN ti = spat
ELSE IF ∃i = maxi {BWi | ti = spat }
THEN ti = comb
END
Repeat Step 3 until BW ≤ BWmax
max and t = comb ∇i = {1, . . . , N }
Step 4: IF (Pserver ≥ Pserver
i
THEN STOP
max
THEN
ELSEIF Pclient ≥ Pclient
IF ∃i | ti = c THEN
Set ti = s
ELSE STOP
END
END

Algorithm 1

In Step 2, the remaining tasks, exceeding the processing
power at the client device, are assigned for processing at the
server.
Then, we check if the current assignment meets bandwidth and processing constraints. While either bandwidth
or processing constraints at client or server are not met, the
algorithm will gradually transcode video tasks to lower temporal or spatial resolution at the server (done in Step 3) or
will migrate some of the decoding tasks from the client device
to the server (done in Step 4). This process continues till the
assignment fits the system bandwidth and processing constraints.
In Step 3 we proceed as follows.
(i) Find those stream which are currently assigned at
original temporal and spatial resolution to the server
(ti = s). From those, pick the stream with the biggest
BW demand and transcode it to lower temporal resolution (ti = temp).
(ii) If there are no streams available at full temporal resolution, then we take a stream at lowered temporal
resolution (ti = temp) with the highest bandwidth
demand and transcode it to a lower spatial resolution
(ti = spat).
(iii) If all streams have been spatially transcoded, then we
pick one of them (at highest bandwidth) and transcode it both temporally and spatially (ti = comb).
Note that at this point (Step 3), we are trying to find those
stream tasks (ti ) that demand the maximum bandwidth
(generally also the highest processing) in order to reduce the
bandwidth demands by trans-coding the minimum amount
of streams.
This procedure is repeated till the bandwidth constraint
is met.

4
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Finally, in Step 4, if the processing constraints at the client
are exceeded we migrate one client task to the server side. If at
the server’s side the processing constraints are not met and all
streams have been spatially and temporally transcoded, the
assignment loop is stopped. It is not possible to downscale
the stream tasks further, and therefore we cannot find an assignment that satisfies all constraints while processing all
streams.

Table 1: Definition of task execution costs (SD resolution).

3.1. Evaluation of Stream Assignment Cost. If the task assignment exceeds any of the system constraints in (1), then the
execution of some tasks will fail. This way, an individual
stream processing task fails when it does not fit within the
available processing or bandwidth resources. For instance,
the node where the stream is assigned may not have suﬃcient
processing resources, or even if the processing is completed
at the server, the available bandwidth could be insuﬃcient
to deliver the server’s output to the client causing the stream
processing to fail.
Related to this, we can attach to each assignment solution a corresponding cost in terms of end video quality,
bandwidth usage, and energy consumption. This cost is determined by how many stream tasks are successfully completed and how (on which device and at what spatial-temporal resolution) they are executed.
Therefore, for a specific stream assignment solution
we first need to estimate which stream processing tasks
can be successfully completed and which will fail due to
not meeting current processing and bandwidth constraints.
Then, depending on the specific execution of each individual
stream processing, we can attach a cost, in terms of quality,
consumed bandwidth, and energy at the client’s side, as
defined in Table 1.
Note that the data in Table 1 corresponds to streams of
Standard Definition (SD, 720 × 480 pixels). We also consider streams of Common Intermediate Format (CIF, 352 ×
288 pixels) and High Definition (HD, 1920 × 1080 pixels)
where bandwidth and energy costs are scaled accordingly
with respect to SD resolution.
A stream processing fails when it does not fit within the
available processing, or bandwidth resources. For instance,
the node where the stream is assigned may not have suﬃcient
processing resources or even if the processing is completed at
the server, the available bandwidth could be insuﬃcient to
deliver the server’s output to the client causing the stream
processing to fail.
We attach successfully processed streams a quality value
of 1 when the content is displayed at the client at its original
temporal and spatial resolution. If the video stream is downscaled to a lower temporal/spatial resolution in order to fit
bandwidth or processing constraints, the perceived video
quality will be slightly degraded, and therefore, we attach a
lower quality value. This favors that to maximize the streams
quality, assignment solutions where the original spatial and
temporal resolution of the streams are kept are preferred. Note that the quality value of any stream at its original
resolution (CIF, SD, or HD) is identical; only in transcoding,
we consider the quality degraded; that is, an HD-streamed
spatially transcoded (to SD) is attached a 0.8 quality

Stream Execution
Failed execution
Decoding at client
Decoding at server
Temporal transcoding
Spatial transcoding
Temporal and Spatial transcoding

Quality Bandwidth Energy
TQi
TBWi
TEi
0
0 Mbps
0
1
20 Mbps
1
1
146 Mbps
0
0.9
10 Mbps
0.5
0.8
7 Mbps
0.25
0.7
3.5 Mbps
0.12

(distortion of 0.2) while a stream at original SD resolution
is attached the maximum quality of 1 (0 distortion).
The bandwidth cost per stream is also dependent on how
the stream processing is performed. This way, if decoding is
performed at the server’s side, the stream is transmitted raw
to the client, which highly increases the bandwidth requirements. On the contrary, if the stream is transcoded at a server
to a lower spatial or temporal resolution, the bandwidth
requirements are reduced. For the sake of simplicity, we
assume the same bandwidth cost for all video streams with
the same spatial-temporal resolution. In addition, we consider that reducing the temporal resolution from 30 frames
per second to 15 approximately reduces the bandwidth by
half. Similarly, we assume that reducing the spatial resolution
to the immediate lower resolution roughly reduces the bandwidth to approximately one-third of the original resolution.
Finally, in terms of energy/processing cost at the client’s
device, we assume that the energy cost is negligible when
the video decoding task is executed on a server, and the
raw output video stream is merely transmitted to the client
device for display. When the decoding task is executed at
the client, the corresponding energy cost is dependent on
the temporal and spatial resolution of the decoded stream.
We assume that decoding a video sequence at 15 fps requires
approximately half of the processing/energy than decoding
the same sequence at 30 fps. In a similar way, when the
spatial resolution is lowered, for example from SD to CIF, we
can roughly assume 1/4 of the decoding energy costs. Finally,
the combination of lowering temporal and spatial resolution
corresponds to a decoding cost of 18 of the original resolution. In case of a failed task execution, we assume no processing eﬀort at the client’s side and therefore no energy consumption. Note that the values in Table 1 are taken as approximate and reference values and have no impact on the
relative performance of the assignment strategies.
To obtain the total quality TQ, bandwidth TBW, or energy cost TE for the complete assignment, we simply need to
sum all individual stream processing costs as follows:
Quality TQ =

N

i=1

TQi

(2)

or equivalently
Distortion TDist =

N

i=1

Max Quality −

N

i=1

TQi ,

(3)
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Bandwidth TBW =

N


TBWi ,

5

(4)

i=1

Energy TE =

N


TEi ,

(5)

i=1

where N is the total number of streams considered in the assignment.

4. Multiobjective Genetic Algorithm
The heuristic and strategies presented in the previous section
target at most one single objective optimization. However in
practice we may want to optimize multiple objectives simultaneously. For instance, we may need to maximize the video
streams quality while minimizing the bandwidth usage and
the energy cost at the client. This multiobjective optimization
is challenging, especially when multiple heterogeneous nodes
and multiple ways of processing the streams (decoding,
trans-coding) are considered. To achieve this, we base ourselves on genetic algorithms and use the concept of Pareto
fronts of solutions. This allows us to obtain a set of Pareto
optimal assignment solutions from which we can choose the
solution that best meets the constraints or our preferences
towards a certain objective. In addition, a genetic algorithm
is a flexible tool where the target objective can be easily
modified. The remainder of this section describes how the
genetic algorithm is implemented.
4.1. Genetic Algorithm Structure. A genetic algorithm (GA)
is a search heuristic that mimics the process of natural evolution. In a genetic algorithm, a population of strings (called
chromosomes), which encode candidate solutions (called
individuals of the population) to an optimization problem,
evolves toward better solutions. The evolution usually starts
from a population of randomly generated individuals and
happens in generations. In each generation, the fitness of
every individual in the population is evaluated, multiple
individuals are selected from the current population (based
on their fitness), and modified (recombined and possibly
randomly mutated) to form a new population. The new
population is then used in the next iteration of the algorithm.
Generally, each generation of solutions improves the quality
of its individuals. The algorithm terminates when either a
maximum number of generations has been produced, or a
satisfactory fitness level has been reached. The structure of
our genetic algorithm can be summarized as follows.

Step 6. Repeat Steps 2 to 5 till termination condition is
reached.
4.2. Representation of the Solution Domain. Traditionally,
solutions are represented in binary as strings of 0s and 1s,
but other encodings are also possible. In our case, we use
a decimal representation. Each possible stream assignment
solution is represented as a chromosome, which is composed
of several gens. In our case, the length of the chromosome is
equal to the number of streams that need to be scheduled in
the system. Each of the genes in the chromosome represents
the node that is going to process the stream and how it
is going to be processed. Table 2 gives a description of the
meaning of each possible gene value in the chromosome. In
this example, the available processing nodes are the client
device S0 and two server nodes S1 and S2.
Figure 1 shows an example of chromosome (assignment
solution). By looking at the gene description in Table 2, we
can see that the corresponding stream task assignment would
be as follows: the first two streams (“2”) are decoded at server
S1, the third and fourth streams (“1”) are executed at the
client device S0, the next three streams are transcoded at
server S2 to a lower spatial resolution (“8”), and the last
stream is processed at server S1 where it is transcoded to lower temporal resolution (“3”).
We now detail how to compute the cost of the assignment
solution in Figure 1. Assuming all streams are of SD resolution, the corresponding cost of this assignment according to
Table 1 would be the following.
For streams 1 and 2 decoded at the server at full resolution and transmitted raw to the client:
BW1 = BW2 = 146 Mbps,
TQ1 = TQ2 = 1,
TE1 = TE2 = 0.

For streams 3 and 4 decoded at the client device at full resolution:
BW3 = BW4 = 20 Mbps,
TQ3 = TQ4 = 1,
TE3 = TE4 = 1.

BW5 = BW6 = BW7 = 7 Mbps,
TQ5 = TQ6 = TQ7 = 0.8,
TE5 = TE6 = TE7 = 0.25

Step 5. Elitist selection: retain fittest chromosomes among
those of the old generation and the new ones resulting from
Steps 3 and 4.

(8)

For stream 8 that is temporally transcoded at a server before
being sent to the client:
BW8 = 10 Mbps,

Step 3. Crossover operation: select parents according to fitness and create new children chromosomes.
Step 4. Random mutation of chromosomes.

(7)

For streams 5, 6, and 7 spatially transcoded at a server:

Step 1. Initialize the population of chromosomes.
Step 2. Evaluate each chromosome with the fitness function.

(6)

TQ8 = 0.9,

TE8 = 0.5.

(9)

Therefore, the total value of the assignment in the threedimension space is






i

i

i

BWi = 363 Mbps,

TQi = 7.3,

TEi = 3.25.
(10)
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Table 2: Description of genes.

Gene value
“1”
“2”
“3”
“4”

Meaning on task execution
Decoded at client device S0
Decoded at S1 and transmitted to S0
Transcoded at S1 to lower temporal resolution
Transcoded at S1 to lower spatial resolution
Transcoded at S1 to lower spatial-temporal
resolution
Decoded at S2 and transmitted to S0
Transcoded at S2 to lower temporal resolution
Transcoded at S2 to lower spatial resolution
Transcoded at S2 to lower spatial-temporal
resolution

“5”
“6”
“7”
“8”
“9”

2

2

1

1

8

8

8

This way, the fittest assignments are those with the highest
video stream quality.
If we are considering multiple objectives such as video
quality, bandwidth usage, and energy consumption at the
client device, a particular assignment solution will result in
a certain value in these three axes. In other words, each assignment solution can be represented as a point in the multiobjective space with the objective values (TDist, TBW, and
TE).
Each of these values is obtained as the sum of distortion,
bandwidth and energy for all N stream tasks considered:
TDist =

N


TDisti ,

i=1

N


N = total number of streams.

i=1

N


TEi .

i=1

TDisti = Max Qi − TQi .

4.4. Fitness Function. The goal of the fitness function is to
evaluate how good an assignment solution is with respect to
the defined target objectives. If we consider the optimization
of a single objective, for instance, maximization of the video
quality, we can define the fitness function as the quality value
of every assignment:
TQi

TE =

TBWi ,

With the task distortion related to the task quality as

3

4.3. Initialization of GA Population. In general terms we
initialize the population of assignment solutions by random
generation. We also include in the initial population solutions that contribute to distribute the tasks processing evenly
among the existing processing elements as well as solutions
that imply transcoding of all processing tasks (as this may
facilitate convergence to suitable assignments in high load
scenarios). By doing so, we are making sure that certain
potentially useful features are present in the population.
With respect to the population size, its optimal value is
highly dependent on the scenario dimensions. In our case,
we experimented with populations of size 10 to 40 and
determined experimentally that a population of size 30 was
suitable for the considered scenarios.
In addition, in a dynamic scenario where the number of
tasks to be processed may be varying over time, we can improve convergence by reusing previously found solutions as
part of the initial population for a new scenario. For instance, if the stream tasks to be processed increase from N
to N + 1, then we can use the assignment solutions found for
N streams as initial population for the assignment of N + 1
streams, while a random assignment is added for the extra
N + 1th stream. This helps the algorithm converge and finds
an optimal solution. Moreover, it helps preserve the previous assignment solution as it minimizes the change of tasks
assignments in the system.

i=1

N


(12)

Figure 1: Example of chromosome.

Fitness = Quality =

TBW =

To minimize multiple objectives, we would like then to minimize the following function where w1, w2, and w3 are the
weights for the diﬀerent objectives:
f (dist, BW, E) = w1 ∗ TDist + w2 ∗ TBW + w3 ∗ TE.
(14)
Minimizing (14) is then equivalent to maximizing the following fitness function in our GA:
Fitness =

1
.
f (dist, BW, E)

(15)

To avoid the need of weighting factors in the fitness function,
we use the concept of Pareto points for the multiobjective optimization. Pareto points are optimal tradeoﬀs in the multiobjective space and obtaining the set of Pareto points from
all assignment solutions is equivalent to exploring a range of
weights in (14)-(15).
We are therefore interested in obtaining a range of Pareto
optimal solutions in said multiobjective space. In addition,
we evaluate the fitness of an assignment solution according
to how close the solution is to a Pareto point or to the actual
Pareto envelope.
In Figure 2, we can see that this favors that non-Pareto
solutions like A, which lie close to the Pareto front, are
selected to breed and mutate hopefully generating Pareto
points within new areas of the Pareto front. This helps newer
generations of Pareto front spread over the bidimensional
space without losing diversity and concentrating around the
specific area of the initial Pareto points.
To evaluate the fitness of each solution point, we compute
the Euclidean distance from each point to the closest point
in the hypothetical Pareto front. In a three-dimensional
objective space, this is expressed as
Fitness(i) =
=

(11)

(13)

 
1 
Euclid i, j
min

1
min




i1 − j1

2



+ i2 − j2

2



+ i3 − j3

2

∇ j ∈ Pareto front,

(16)
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Minimize objective 1

x
o

x

x

o

x
o

x

o

2

1

1

3

6

6

4

4

5

7

8

2

1

3

1

x

Crossover point
A
x

o
Pareto front

3
Parents:

o

3

2

1

1

2

1

3

1

4

5

7

8

3

6

6

4

Children:

Minimize objective 2
o Pareto
x Non-Pareto

Figure 3: Single-point crossover.

Figure 2: Pareto front of solutions.

a high degree of mutation among the solutions in the Pareto
front.
where every point has the following representation in the
three-dimensional multiobjective space i = i1 , i2 , i3 . The
closer a point is to this Pareto front, the fitter it is considered.
Note that Pareto points, already belonging to the Pareto envelope, have the minimum distance to it and therefore are assigned the highest fitness values. This guarantees that they are
always kept for the next generation of the GA.
4.5. Selection of Individuals According to Fitness. During each
successive generation, a proportion of the existing population of solutions is selected to breed a new generation. Individual solutions can be selected through a fitness-based
process, where fitter solutions (as measured by the fitness
function) are typically more likely to be selected. In our case,
we do not use a probabilistic selection but an elitist selection, that is, the fittest members of the population are used
to breed a new population. Moreover, after crossover and
generation of new child solutions, we apply again elitist selection and retain in the solution space those solutions that are
the fittest among the parents and the newly generated children solutions. We use the fitness function as described in the
earlier section. In practice, this means that for the selection of
the parent chromosomes during the crossover and mutation
steps, we select the Pareto optimal points from the pool of
chromosome/solutions (as these are the fittest points in our
space) and from the non-Pareto points, we take the fittest
ones.
The elitism we apply in the selection is similar to the one
applied in the Nondominated sorting GA or NSGA [18] in
the sense that the Pareto or nondominated solution points
are identified and given the highest fitness value. Our approach diﬀers however in the treatment of the non-Pareto
solutions, in our case, the fitness of these points is computed
based on the distance to the Pareto front, more similar to the
Strength Pareto Evolutionary Algorithm (SPEA). With respect to SPEA [19], we apply a similar elitist selection, after
both crossover and mutation as the Pareto solutions are always kept for the next generation. However, unlike SPEA, we
do not maintain a fixed size for the Pareto population, and
to avoid a too early convergence of the algorithm, we allow

4.6. Evolution: Crossover and Mutation. The crossover step
consists in creating a second generation of solutions from an
initial population of solutions. For each new solution to be
produced, a pair of “parent” solutions is selected for breeding
from the current population. By producing a “child” solution
using the crossover, a new solution is created which typically
shares many of the characteristics of its “parents”. In our algorithm, crossover is implemented as single-point crossover.
This is, a random point is selected in the parent chromosome,
and the information before and after that point is exchanged
and recombined between the two parents creating in this way
two child solutions that share the parent’s characteristics. The
single-point crossover is represented in Figure 3.
Crossover is applied on a percentage of the population
given by the crossover rate. Out of the new population of
“parents” and “child” chromosomes, we apply an elitist selection and keep a population with size of the initial population
with the fittest individuals. Generally, the average fitness of
the new population will have increased, since only the best
individuals from the first generation are selected for breeding. After crossover, the mutation step is implemented. The
purpose of mutation in GAs is preserving and introducing
diversity. Mutation should allow the algorithm to avoid local
minima by preventing the population of chromosomes from
becoming too similar to each other, thus slowing or even
stopping evolution. Mutation is implemented by randomly
changing some of the genes in the chromosome with a
probability given by the mutation rate.
We use a high mutation rate in our approach, as this helps
the algorithm avoid local minima. Nevertheless, we do not
risk losing good features of the solution space, thanks to the
elitist selection applied after crossover or mutation, that is,
the fittest solutions are always kept; therefore, if the mutated
solutions are less fit than the original solutions, the original
solutions are retained.
4.7. Parameter Selection for Genetic Algorithm. The way the
Genetic Algorithm evolves towards fitter solutions is highly
dependent on the parameter selection. In this respect, the
percentage of the population on which the crossover and
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Table 3: Assignment quality versus population size.
10
10
10
10
10

20
19.7
19.9
19.9
19.9

30
28
28.4
28.7
28.4

40
35.9
36.8
36.5
36.6

Table 4: GA parameters.
Crossover rate
Mutation rate
Population size
Max generations

0.7
0.3
30
30

mutation steps are implemented is given by the crossover and
mutation rate parameters, respectively. As explained in the
previous section, a high mutation rate is selected to prevent
the algorithm from a too early convergence and falling in
local minima. A similar approach is taken in [14, 20]. Moreover, in [14], a similar crossover rate is also selected. Unlike
[14] however, we require a lower population size and lower
number of generations. This is possibly due to the fact that
the elitist selection we implement helps speed up the convergence.
Table 3 shows the impact of the population size on the
quality of the assignment solution found (with task quality as
single objective) for a diﬀerent number of tasks considered.
We can first see that when the number of tasks increases it
becomes more diﬃcult to find an optimal assignment with
high quality; this is due to the limited bandwidth and processing constraints in the system. This way, for 10 the tasks
considered the assignment found guarantees perfect quality
(equal to the number of tasks) while as the task increases the
maximum quality attained diﬀers from the perfect quality
value.
In addition, we observed that to reach a high-quality solution, it is advisable to use a population with at least the
same size than the number of tasks considered. Therefore,
for the number of tasks considered in our scenarios, a population size of 30 individuals proves to be suitable. In this
respect, we observed that bigger populations cause slow convergence and increased execution cost while small ones tend
to evolve to less fit solutions.
In terms of number of iterations, we let the algorithm
evolve during 30 generations. This value is experimentally
found to be a good tradeoﬀ in terms of achieving a good convergence while still having a reduced execution time.
Table 4 summarizes the parameter selection for the evolution of the Genetic Algorithm. The parameter values selected are also close to the suggested ones in [21].
4.8. Convergence of Genetic Algorithm. One way to analyze
the convergence of our multiobjective GA is by measuring
the area/volume under the Pareto front of solutions in the
multiobjective space. The reason is that the minimization
of several objectives in our GA translates to Pareto fronts

100
Area under Pareto

Nos. of tasks/population
10
20
30
40

120

80
60
40
20
0

0

10

14 streams
20 streams

20

30
40
GA iterations

50

60

26 streams

Figure 4: Convergence versus iterations.

becoming closer to all objective axes, in other words, Pareto
fronts with lower areas/volumes underneath.
Figure 4 shows the evolution of the area under the Pareto
front versus the number of iterations for a diﬀerent number
of tasks in the system. In this case, the GA evolves with
the objective to minimize both distortion and energy at the
client. As we can see with an increasing number of iterations,
the area below the Pareto front decreases. This indicates that
the Pareto fronts obtained gradually improve and achieve
lower values of distortion and energy.
As explained earlier, tenths of iterations are suﬃcient in
our scenario to find good assignment solutions that outperform the reference methods.
4.9. Execution Cost of Genetic Algorithm. Our genetic algorithm is an in-house-developed Matlab code and does not
form part of the Matlab Optimization toolbox. The code
has not been optimized for speed and its average execution
time for 10 iterations of the algorithm is in the order of a
couple of seconds. In this respect, the computational cost
of the reference methods such as MaxQ and Min-Max is almost negligible with respect to GA. However, these methods
achieve suboptimal results and are not able to tackle a multiobjective optimization.
Note that genetic algorithms are subject to parallelization, which can speed up its execution considerably. Therefore, a more dedicated and optimized implementation of the
algorithm exploiting parallelism would highly reduce its execution time. However, developing such algorithm is out of
the scope of this paper. In previous work such as [14], we
can observe similar execution times for the GA algorithm and
a similar amount of tasks considered. In [22], an optimized
implementation of a GA on a SUN 4/490 only requires 1 to
2 s to perform 1000 iterations showing that a dedicated implementation can reduce the execution time considerably. In
this respect in our approach, the number of iterations needed
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Table 5: Relative execution cost.
20
9
15
20
29

30
8.5
18
30
40

40
8
19
32
41

is in the order of tenths of iterations, which would further
reduce the execution time.
In addition, the computational load of the GA is marginal
when compared to the high-computational load of any transcoding, decoding operation that takes place in the servers
in our scenario. Therefore, the execution of the GA can be
placed on such a server with high processing power elements
such as a GPU.
Last but not least, in our cloud computing scenario we
could expect that new stream processing tasks enter or leave
the system not faster than every couple of minutes. Therefore, global or partial recomputations of the stream assignments are not frequently needed.
To give an indication of how the complexity of our algorithm scales, Table 5 shows the relative execution cost versus
the number of tasks, and the size of GA population considered. We can see how, as expected, the execution cost increases almost proportionally with the size of the population.
The increase with the number of tasks considered is much
less noticeable. This has the advantage that scaling up the
scenario to a higher number of tasks does not have a big impact on the GA algorithm complexity.
Note also that for large-scale problems, we could address
the task scheduling problem in a hierarchical way, that is,
tasks can be initially distributed locally among clusters of
processing devices and within each cluster; GA can be applied
to obtain the optimal assignment. This would limit the complexity increase of the GA optimization.

18
16
Quality of allocation

10
8
14
20
27

14
12
10
8
6
4
2
0

2

4

6

16

18

20

MaxQ
GA
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Figure 5: Performance of strategies versus system load.
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5. Experimental Results
In this section, we compare the performance of the diﬀerent
assignment strategies considered. We first focus on a single
objective optimization, namely, quality, where we use the
fitness definition in (11). Figure 5 shows the performance
of each assignment strategy with respect to the system load
(given by an increasing number of SD streams to be displayed
at the client’s device). We can see that from 4 video streams
up to 10, both GA and MaxQ strategies outperform all
others while achieving the maximum quality. In this respect,
note that the maximum quality equals N, the total number
of streams, as the maximum quality per stream is 1 (see
Table 1). From 10 streams on, it is only the GA that achieves
a close to optimal quality. This shows that the higher the load
in the system is, the more advanced strategy we need to find a
suitable assignment. Moreover, at high load transcoding with
slight degradation of the stream quality becomes necessary in
order to fit all streams into the available constraints.
We then focus on multiple objectives optimization for a
specific system load. We consider the processing of 20 video

8
10
12
14
Number of streams

Round robin
Max min
All transcoded

Client energy (%)

Nos. of tasks/population
10
20
30
40

20

Round robin
Max min
Transcode all

MaxQ
GA 1 server
GA 2 servers

Figure 6: Energy-distortion tradeoﬀs.

streams of mixed spatial resolutions: CIF, SD, and HD at
30 fps. We compare the diﬀerent strategies as well as the availability of one single server node with respect to two server
nodes where tasks can be migrated to.
Figure 6 shows how the GA clearly outperforms all
other strategies when targeting both quality maximization
(equivalently distortion minimization) and minimization of
energy at the client device. This way, the assignment solutions found by GA incur in lower energy at the client and
lower distortion than the solutions found by the other strategies. We can see that in the GA Pareto front, some assignment
solutions reach 7% of distortion while the MaxQ Strategy
reaches around 15% distortion. Similarly, for the same
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Table 6: Assignment strategies for HD/SD/CIF streams.

RR
MM
TA
MaxQ
GA 1
GA 2
GA 3

Failed tasks
0/0/4
0/0/6
0/0/4
−/−/−
−/−/−
−/−/−
−/−/1

Decode @client Decode @server
4/3/2
3/4/0
7/6/0
0/1/0
−/−/−
−/−/−
2/6/0
0/0/1
4/0/1
2/5/0
0/0/1
3/5/0
0/1/0
5/5/0

Temp trans
−/−/−
−/−/−
−/−/−
0/0/1
1/2/0
0/1/0
1/0/0

distortion than MaxQ, the GA points lower the energy from
35% to roughly 10%.
Two sets of Pareto solutions are shown for the GA,
one corresponding to the use of 1 server and another to
the use of 2 servers. Naturally, having two servers available
to process, the tasks allow the GA find better assignment
solutions. Similarly, for the reference strategies, we show two
points (assignment solution) for each strategy displayed. The
two points correspond to the use of 1 server and 2 servers
respectively, where generally the use of 2 servers achieves
lower distortion but also higher energy consumption (as
more streams can be processed).
Note that both distortion and energy values are given as
percentages from the maximum possible distortion or energy. This way, the maximum energy cost at the client is defined
as the cost of processing the decoding tasks of all streams
at full spatial and temporal resolution, while the maximum
distortion (100%) corresponds to a failed execution for all
streams. In general, the relative distortion is defined as
Distortion (%) = 100% − Quality (%).

(17)

This way, from Table 1, successfully processing all N streams
at its original spatial-temporal resolution would result in a
maximum quality value of N (equivalent to 100% quality or
0% distortion). In a similar way, transcoding the temporal
resolution of all N streams would correspond to a total
quality of 0.9 ∗ N (equivalent to a quality of 90% or
distortion of 10%).
We can further analyze the assignment solutions found
by the diﬀerent strategies in Table 6. This table shows some
of the assignment solutions of 1 server in Figure 6.
In this table, for the diﬀerent kind of stream processing
assignment, a distinction is made between the diﬀerent original stream resolutions (HD/SD/CIF). This way, for example,
in the assignment of the round robin (RR) strategy 4 CIF
streams fail, while 4 HD streams, 3 SD, and 2 CIF are successfully decoded at the client, and 3 HD and 4 SD streams
are decoded at the server. Finally, no streams are transcoded
in this strategy. By analyzing Figure 6 and Table 6, we can
see that strategies such as round-robin (RR) and max-min
(MM) cannot find an assignment with a good tradeoﬀ in
terms of quality and energy cost. The reason is that none
of these strategies considers either bandwidth constraints or
transcoding. In this example, both round-robin and maxmin succeed in distributing the load evenly among nodes and

Spat trans
−/−/−
−/−/−
−/−/−
0/0/0
0/0/1
4/0/1
1/0/0

Temp & spat trans
−/−/−
−/−/−
7/7/2
5/1/4
0/0/4
0/1/4
0/1/5

Dist (%)
20
30
36
15.5
8.5
13
15.5

Energy (%)
37
30.4
14
36.3
28
22.5
11.6

meet the processing constraints. However, decoding streams
at the server nodes generates high bandwidth demands
towards the client. This exceeds the bandwidth availability
and causes failed processed streams (in particular the high
bandwidth HD streams). Therefore in this case the use of 2
servers further degrades the performance as more streams are
processed at the server’s side, and this aggravates the bandwidth demand. This way, under high load some stream transcoding would be required to fit into both available processing
and bandwidth constraints.
However, transcoding all streams at the server nodes (TA
strategy) is neither an optimal assignment as we enforce the
quality degradation of all streams. Moreover, transcoding
tasks are processing intensive and exceed the processing capacity at the servers resulting in some failed stream processing. In this case, the use of 2 servers increases the overall processing capacity but the assignment remains quite suboptimal in terms of distortion and energy.
In contrast, the MaxQ strategy succeeds in finding an assignment with low distortion value (15%). However, its energy cost is relatively high (36%). In Table 6, we can see that
all 20 streams are successfully processed, out of which 10
are transcoded temporally and spatially while 8 are decoded
at the client device at full resolution. In this example, the
processing capacities with one server are enough for the
amount of transcoding involved, while the main limiting
factor remains the bandwidth.
It is finally the GA that outperforms all strategies by
addressing both objectives and finding a set of assignment
solutions, that is, Pareto optimal in both senses. Moreover,
having 2 server nodes available for processing allows the GA
to find even better tradeoﬀs (lower Pareto curve) in terms
of quality and energy. Note also that the set of GA solutions
oﬀers an energy range from 30% to 10% for low distortion
values. This way, we can reduce the energy at the client by
factor 3 by trading oﬀ some stream quality. This oﬀers the
flexibility to choose between diﬀerent operating points at
grid level according to how scarce the processing power and
energy at the client is.
In Table 6, we only show a few of the set of Pareto optimal
solutions found by the GA. We can see how GA 1 assignment
solution reaches the lowest distortion (8.5%) at 20% lower
energy cost than MaxQ strategy. This assignment distributes
more evenly the streams between client and server and
chooses to transcode temporally and spatially only 4 streams
of HD resolution. The GA 2 assignment provides a tradeoﬀ
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Figure 9: Projection onto energy-distortion space.

Figure 7: Bandwidth-distortion tradeoﬀs.
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Figure 8: Pareto points in 3D space.

of slightly higher distortion (13%) but an energy cost 40%
lower than that provided by MaxQ. Finally, GA 3 assignment provides similar distortion than MaxQ (15.5%) but it
further reduces the energy consumption, demanding almost
70% less energy than MaxQ.
Figure 7 shows a similar comparison with respect to the
bandwidth usage and distortion incurred by the diﬀerent assignment solutions. In this case, the GA targets optimization
of both distortion and bandwidth objectives and clearly outperforms all other strategies as shown by the lower distortion
and bandwidth values obtained in the GA Pareto front. We
can see in this respect how the MaxQ solution has a high
bandwidth cost (close to 100%) while the GA solutions in
the Pareto front require for the same distortion barely 20%
of the maximum bandwidth. In addition, considering two

servers further allows a distortion and bandwidth reduction,
possibly due to the fact that more processing power is available for transcoding the highly demanding HD streams.
Finally, Figure 8 shows the optimality of the diﬀerent
assignments in the three-dimensional space of distortion,
bandwidth usage, and client’s energy cost. The GA targets the
minimization of these three objectives and the Pareto front
becomes a Pareto surface.
As in the previous figures, the assignments found for 1
and 2 servers are displayed. Once again, we can see that the
assignments found by the GA outperform all other strategies
in terms of distortion, energy and bandwidth while at the
same time, it provides a good tradeoﬀ for all three objectives.
Indeed, we can see that the GA solution points concentrate
around lower distortion values (especially those corresponding to use of 2 servers), lower bandwidth, and lower energy
values. For the sake of clarity, in Figure 9, we show the projection of Figure 8 on the two-dimensional space of energy and
distortion where the better results of GA can be seen clearly.
In practice, both processing and bandwidth constraints
may vary over time. Therefore, we may require a new stream
assignment to fit the new constraints. One possible way to
tackle this is by simply rerunning the assignment strategy.
However, as the GA strategy already produces a set of
assignment solutions with diﬀerent energy-distortion-bandwidth tradeoﬀs, another possibility is to simply choose from
the set of solutions a diﬀerent operating point (assignment
solution) that satisfies the new constraints. This way, if the
current assignment solution requires a processing of 50%
at the client’s side, switching to a new assignment with 30%
processing may be suitable for a more overloaded client
device. We can also cope with variations in bandwidth
or processing constraints by targeting more limiting constraints, for instance, 80% of the maximum bandwidth and
maximum processing power. By doing so, the assignment is
slightly overdimensioned and can cope with variations of up

12
to 20–25% above the current constraints. This would also
help avoid too frequent task migrations in the system.

6. Conclusion
We have presented an evolutionary-based strategy for stream
processing assignment in a client-cloud multimedia system
where multiple heterogeneous devices are considered. In this
context, we not only decide on which node each stream is
assigned but we also consider the possibility of stream transcoding to a lower temporal or spatial resolution. This extends
the system capacity at the cost of smooth quality degradation
in the task execution.
Moreover, both processing capacities in the nodes and
bandwidth availability are taken into consideration. The proposed strategy is highly flexible and can target multiple objectives simultaneously. It outperforms all other considered
strategies while providing a wide range of tradeoﬀs in the
assignment solutions.
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The emergence of cloud encoding services facilitates many content owners, such as the online video vendors, to transcode their
digital videos without infrastructure setup. Such service provider charges the customers only based on their resource consumption.
For both the service provider and customers, lowering the resource consumption while maintaining the quality is valuable and
desirable. Thus, to choose a cost-eﬀective encoding parameter, configuration is essential and challenging due to the tradeoﬀ
between bitrate, encoding speed, and resulting quality. In this paper, we explore the feasibility of an automatic parameter-tuning
framework, based on which the above objective can be achieved. We introduce a simple service model, which combines the bitrate
and encoding speed into a single value: encoding cost. Then, we conduct an empirical study to examine the relationship between
the encoding cost and various parameter settings. Our experiment is based on the one-pass Constant Rate Factor method in x264,
which can achieve relatively stable perceptive quality, and we vary each parameter we choose to observe how the encoding cost
changes. The experiment results show that the tested parameters can be independently tuned to minimize the encoding cost,
which makes the automatic parameter-tuning framework feasible and promising for optimizing the cost on video encoding cloud.

1. Introduction
The consensus of both academia and industry has been
reached that cloud computing will be the next revolutionary
progress in information technology, in which dynamically
scalable and virtualized computation resources are provided
as service over Internet. It has drawn extensive attention
from IT giants, such as Amazon (EC2, Elastic Computing
Cloud; S3, Simple Storage Service) [1], Google (GAE,
Google Application Engine) [2], and Microsoft (Azure) [3].
Customers are charged based on the amount of computation
resources they actually have consumed, including CPU
time, memory, storage, and transferred bytes. For example,
Amazon EC2 charges $0.125 per hour for standard ondemand CPU instances running Windows and $1.20 for
extra-large high-CPU instances as for now [1].
Online video vendors like YouTube [4], Youku [5], and
Tudou [6] have a huge number of videos of various formats
uploaded by users every day, which need to be transcoded
(format converted) into their desired intermediate formats,
such as .flv, for storage and replay. Such transcoding work

is computing-intensive and time-consuming. It also requires
storage space and bandwidth for transfer, which pose
extremely high demands on hardware resources. Many content owners (libraries, traditional media production units,
and governments) have the need to digitize and distribute
their contents, but no technical resources/expertise to do
so. With the introduction of cloud computing, a new type
of Internet service termed encoding cloud emerges, which
builds on the cloud infrastructure (e.g., Amazon EC2) to
provide value-added video encoding service to meet the
aforementioned demands. A successful example is Flix Cloud
[7], which combines On2’s Flix Engine encoding software
with Zencoder’s web-based application to provide scalable
online encoding service based on Amazon EC2. Another
example is http://www.encoding.com/, which oﬀers a similar
web-based “pay-as-you-go” service.
For both encoding service providers and customers, a
good trade-oﬀ between quality and speed is desirable for
cost saving purposes. The diﬃculty originates from the
inherent complexity of modern video encoding technologies,
most of which inherit from the block-based hybrid coding

2

International Journal of Digital Multimedia Broadcasting

design. For example, x264, a widely adopted video encoding
engine, exposes more than 100 parameters [8] for its
users to balance a long list of factors including encoding
speed, bitrate, objective/subjective quality, decoding buﬀer,
and so forth. Evidently, it would be prohibitively expensive for an operator to figure out the most economically
eﬃcient “encoding recipes” for thousands of uploaded
videos every day. Nevertheless, any endeavor towards this
goal is imperative and essential, since the cost saving on
the cloud resource consumption will simply add to the
profits, whose amount would be quite considerable given
the sheer volume of video being encoded. To this end,
we believe that an automated mechanism for encoding
parameter selection and tuning would be very valuable and
timely.
In this paper, we commence our exploration towards
this goal. To the best of our knowledge, there is no prior
work on this front. Our study chooses H.264 as the targeted
video coding standard, and specifically x264 as the targeted
encoding software. The rationale of our choice is delayed
to Section 2. Our empirical study makes the following
important findings.
(i) Modern video encoding technology, represented by
x264, is able to precisely and consistently achieve
any specified numerical target on subjective/objective
quality metric, such as PSNR (peak signal-to-noise
ratio). This is a must-have property for any costoptimization framework desiring to meet stringent
encoding quality constraint.
(ii) While observing the quality constraint, we find that
many key video encoding parameters (e.g., B-frame)
are shown to be able to be independently tuned to
adjust the encoding cost.
(iii) There are also strong indications that the impact
of each parameter to the final encoding cost can
be specified in a weighted sum fashion, in which
the weight stays invariant to external factors such as
cost coeﬃcients. Combined with previous two observations, it suggests the feasibility of an automatic
tuning framework over decomposable parameters,
which can quickly find the optimal operation point
and predict the encoding cost, if certain knowledge
on encoding complexity of the video itself is available
a priori.
The rest of this paper is organized as follows. Section 2
reasons our selection on x264 and reveals the internal
relationship among bitrate, quality, and encoding speed.
Section 3 defines a simple service model under the cloud
computing environment. Section 4 presents the experimental results on key parameters in x264, such as B-frame, Ref,
Subme, and Trellis. By examining critical observations made
here, Section 5 discusses promises and hurdles towards an
automatic cost tuning framework. Some related work are
described in Section 6. Section 7 concludes this paper.

2. Related Work
Some research work [9–11] propose various algorithms,
including mode ranking and learning theoretic, to optimize
the R-D (rate-distortion) performance while constraining
the computational complexity. Although they also address
the ternary relationship between bitrate, encoding time, and
quality, their approaches aim at improving the encoding
technologies at the macroblock level. References [12, 13]
also address the issues associated with handheld devices and
power-constrained environments. The most related work to
ours are the algorithms proposed by Vanam et al. [14, 15],
which are employed to select the parameter settings that have
comparable performances with those chosen by exhaustive
search using a much fewer number of trials. Rhee et al. [16]
propose a real-time encoder, which dynamically adjusts the
predefined complexity level to meet the target time budget
while maintaining the encoding quality and eﬃciency.
Both our objective and methodology are diﬀerent from
theirs. First, we are trying to establish a parameter-tuning
framework, which can be used for optimizing the encoding
cost (or resource consumption) based on a specific service
model, while they aim at optimizing the R-D performance.
Second, we do not touch the internal of the encoding
software, but regard it as a black-box system, whose input
is the encoding parameter settings and the original video.
We would like to examine the correlation between diﬀerent
parameter settings and encoding performances regardless of
the tested video, essentially how the encoding parameters
aﬀect the behavior of the encoding software. The parametertuning framework is established on the empirical study over
a large number of videos. Given a specific video whose
encoding complexity can be estimated, an optimal parameter
setting which minimizes the encoding cost with satisfiable
quality will be generated.

3. Encoding in x264
3.1. Rationale. In this study, we choose H.264 as the video
coding standard and use x264 as the encoding software.
Our choice of H.264 roots on the simple fact that it has
been recognized as the most pervasive video coding standard
for web videos with the support of Flash Player 10 by
its outstanding compression and eﬃciency. Currently, the
encoding cloud services have integrated a large number
of encoding/transcoding software, either open-source or
commercial, including On2 Flix [7], Mencoder [17], and
Zencoder [18]. Among burgeoning H.264 codec, x264 [19]
is one of the best performers (supported by MSU Annual
H.264 Codec Comparison Report [20]) and adopted by
many widely popular applications including ﬀmpeg [21],
Mencoder, and similar x264 implements almost all of the
H.264 features, which means that users have a pretty
large parameter configuration space to accommodate their
specific encoding requirements, a particular merit of x264.
Furthermore, experiments conducted by YUV Soft [22]
have shown that using x264 could achieve either excellent
compression quality or extremely fast encoding speed with
great flexibility, depending on the parameter settings.

International Journal of Digital Multimedia Broadcasting

3

3.2. Encoding Model. We model a video for encoding using
two parameters:

Bitrate versus quality (Foreman)

We use three metrics for evaluating the encoding configuration under H.264.
(i) V : the encoding speed (second/frame), which is the
time required to encode one frame. We use encoding
rate and encoding speed interchangeably in this
paper;
(ii) R: the bitrate after compression with container
overhead (kbps), which implies the final file size and
the compression ratio;
(iii) PSNR: the peak signal-to-noise ratio, which represents the resulting objective quality. There are two
variations, average PSNR and global PSNR. Usually
global PSNR is a little lower than average PSNR and
we choose average PSNR in this paper.
All the above metrics can be easily obtained from the output
statistics of x264.
3.3. Rate Control Modes in x264. Modern video encoding software, combined with the flexibility promised by
the encoding standard such as H.264, oﬀers handy and
functional rate control methods to determine how bits
are allocated within streams and tune the delicate balance
among bitrate (R), encoding speed (V ), and objective quality
(PSNR). There are four rate control modes in x264, which are
used most frequently, namely, CQP (Constant Quantization
Parameter), CRF (Constant Rate Factor), ABR (Average Bit
Rate), and two-pass VBR (Variable Bit Rate).
CQP mode specifies the same quantization values for all
P-frames, meanwhile fixing the relative ratios (i.e., ipratio
and pbratio) of quantization values for I-frames and Bframes in the same GOP (group of pictures). CQP mode
disables adaptive quantization, a technique aiming to keep
constant visual quality by imposing larger quantization
values on high-complexity scenes and lower ones on lowmotion scenes, based on the assumption that humans are less
perceptive to high-motion scenes.
CRF mode targets a certain level of “quality” by adaptively adjusting quantization values for frames with diﬀerent
complexity by setting a constant rate factor. A smaller rate
factor means higher quality and higher bitrate. A constant
rate factor aims at consistent visual quality, while it may
sacrifice some objective quality (PSNR). Generally, CRF
mode produces smaller file size than CQP mode and is the
most recommended one-pass mode if the quality concern
overrides the strictness of the desired bitrate.
ABR and VBR modes focus on achieving the desired
bitrate rather than the objective or subjective quality. Reference [23] shows that ABR mode achieves lower PSNR than
CRF mode and cannot achieve the exact final file size as
specified in one pass. On the same note, two-pass VBR mode
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(ii) F: the frame rate (frame per second), which is the
number of frames played in one second.
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Figure 1: Bitrate versus PSNR and CRF (Foreman).

gives more accurate file size with possibly the highest quality.
However, much more time is needed since the encoding is
done practically twice, where the second pass achieves much
more accurate bitrate by learning from statistics resulted
from the first pass.
3.4. Bitrate, Encoding Speed, and Quality. In this section, we
obtain a basic understanding of the relationship between the
above three evaluation metrics. We choose the ABR mode
using which we can target diﬀerent bitrates and “foreman”
as the example video file. Figure 1 shows the relationship
between the bitrate and the resulting PSNR. We can see that
the larger the bitrate, the better the quality, which is expected,
although the quality improvement is becoming smaller with
the escalation of bitrate. We also plot the final rate factor with
varying bitrates, which is the average quantization value for
all types of frames. We can see that the final rate factor is in
near reverse proportional with PSNR. Since the rate factor is
the major tuning parameter in CRF mode, using CRF mode
can target relatively accurate video quality. Figure 2 shows
the relationship between the bitrate and the encoding speed.
We can see that the larger the bitrate, the longer it requires to
encode a frame, since more bits are allocated. In summary,
the better video quality requires larger bitrate (final file size)
and longer encoding time.

4. Service Model
It is clear that changing encoding parameters simultaneously
aﬀects bitrate, encoding speed, and video quality. Thus
the optimal selection of encoding parameters becomes a
multiobjective optimization problem, where the tradeoﬀs
and constraints among these objectives (e.g., bitrate, encoding speed, and video quality) are dependent on the user’s
preference and cost structure. Cloud service providers charge
the customers based on the resource consumption. They
naturally provide a unified cost structure, in which CPU
usage time, memory, bandwidth, and storage expenses are
represented by singular monetary value and combined as
the final charges. The encoding service consumes all major
resource types, including CPU usage time, memory, storage

4

International Journal of Digital Multimedia Broadcasting
Bitrate versus cost (Foreman)
0.05

Cost ($/hour)

0.045
0.04
0.035
0.03
0.025
0.02
0.015

0

500

1000
1500
Bitrate (kbps)

2000

2500

Encoding rate

Figure 2: Bitrate versus Encoding speed (Foreman).

space, and bandwidth for data transfer. Here we omit the
memory usage in our model, considering the facts that an
average modern computer in the cloud (e.g., Amazon EC2
instance) has abundant memory for encoding software and
memory consumption alone is not charged by current cloud
service vendors. Obviously, the encoding process and the
encoding results would aﬀect the usage of various types of
resource. Among the remaining three, CPU usage is only
related with the encoding of the video, which is a one-time
job. The CPU usage can be represented using the encoding
time (T), which is calculated as
T = N × V (second).

(1)

Recall that N is the number of frames and V is the encoding
speed as defined in Section 2. The storage and bandwidth
(file transfer) usage depends on the compressed file size (S),
calculated as
S=


N R
×
byte .
F
8

(2)

Recall that R is the bitrate after compression and F is
the frame rate (frame per second) as defined in Section 2.
Diﬀerent from CPU usage, the storage and transfer costs of a
video can be recurring, and dependent on diﬀerent encoding
service models. We define the cloud encoding cost as COST
and merge the encoding time, the storage, and the bandwidth
usage into a singular monetary value: operational cost of
encoding (briefly encoding cost) in the cloud: COST ($)


COST = α × T + β × S = N × αV +



βR
,
8F

(3)

where α and β are cost coeﬃcients related with CPU
usage and storage/bandwidth resources, respectively. Since
diﬀerent videos have diﬀerent number of frames, we could
normalize the above cost by eliminating N. We obtain the
following normalized cost (COST , $ per hour), which
implies the cost to encode an hour long of this specific video


COST = COST ×



βR
3600
= 3600 × αV F +
.
N/F
8

(4)

The new cost value, irrelevant with the number of
frames, is varied with diﬀerent videos, since the encoding
complexity of a specific video is diﬀerent from others. The
cost coeﬃcients α can be easily set as the current hourly
CPU price. For example, we use $0.34/hour here, which is
the price for large standard on-demand instances of Amazon
EC2. On the other hand, β is dependent on the service
model. For example, in the encoding-only service model,
the Cloud platform is only used for the computationally
extensive encoding tasks. It downloads the encoded video to
its local hosting platform for long-term video storage and
video distribution. In this case, the storage cost is limited
to short term and there is only one-time transfer cost.
For example, for transfer cost, we use the Amazon EC2’s
receding staircase cost starting at $0.15/GB; for the storage
cost, we use $0.15/GB/month of Amazon S3 for two weeks.
In the full-fledge video service model, the Cloud platform
is responsible for long-term storage and distribution in
addition to encoding. In this case, the storage cost depends
on the storage time and the transfer cost depends on the
amount of video access. Since the lifetime of the video to
remain in the cloud and its popularity (hence its distribution
cost) will be hard to determine, albeit a separate issue. The
diﬃculty of predicting the above values depends on the time
horizon. Nevertheless, some simple intuition developed later
in this paper can be useful when uncertainty has to be dealt
with.
In this work, we consider the encoding-only service
model and set the goal of encoding as to maintaining the
encoded quality to be acceptable by users through servicelevel agreement (SLA). In this way, factors other than the
encoding aspect of a video (such as its popularity) are
excluded.

5. Experiment Study
In the following encoding experiments, we examine the
eﬀects of parameter settings on encoding time, bitrate, and
objective quality (PSNR), the collection of which determines
the final cost. The test sequences we utilized are downloaded
from [24], a well-recognized video test set. They are all in
CIF format, 25 frames/second, and resolution of 352 × 288.
We have tested 12 videos in total, including Bus, Coastguard,
Container, Foreman, Flower, Hall, Mobile, News, Silent,
Stefan, Tempete, and Waterfall. In order to minimize the
stochastic errors, every set of experiments is performed five
times and the results are averaged.
To align with the necessity to maintain certain acceptable
level of quality, we must choose rate control methods best
at controlling quality, which leaves us CQP and CRF. If
purely measured by objective quality, that is, PSNR, CQP is a
better candidate than CRF. But CRF brings about significant
benefits, which are (1) saving more bitrate than CQP and
(2) maintaining constant subjective quality, a value much
appreciated by end users. As such, we believe that CRF will
be commonly preferred by encoding service providers as the
primary rate control method, which is also our choice in this
study.
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Figure 3: Cost and encoding speed with varying B-frame number
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Figure 4: Bitrate and cost with varying B-frame number (Foreman,
crf = 23).
B-frame versus cost varying CRF (Foreman)

5.1. B-Frame. B-frame setting determines the maximum
number of consecutive B-frames we can use. B-frame,
diﬀerent from P-frame, can use motion prediction from
future frames, which enhances the compression eﬃciency.
Figure 3 shows the encoding cost and rate with varying
B-frame numbers. We can see that the use of B-frame
dramatically decreases the encoding cost, which fluctuates
a little bit with higher B-frame setting. The frame-type
decision algorithm in x264 for replacing a P-frame with Bframe is fast and flexible. Notice that the cost curve closely
matches the encoding speed, which becomes the dominant
factor using our chosen cost coeﬃcients α and β, and
the minimum cost may be achieved at diﬀerent points if
coeﬃcients vary.
Figure 4 shows the bitrate and encoding cost with varying
B-frame numbers. We can see that the resulting bitrate
drops with the use of B-frame and down to stable level
at the point of two B-frames. We speculate that the most
eﬀective number of B-frames for Foreman is 2, which is supported by the consecutive B-frame distributions extracted
from x264 output statistics. The distribution of consecutive
B-frames for Foreman changes from {13.4%, 86.6%} to
{13.1%, 69.8%, 17.1%} if we vary the B-frame number
from 1 to 2, which means with one B-frame setting, 13.4%
of frames use no consecutive B-frame and 86.6% use one

0.33
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The excellent performance of x264 is attributed to several
factors, including motion estimation, frame-type decision,
macroblock mode decision, and quantization. We first vary
one parameter while keeping all others default, and then
test multiple parameters to examine the composite eﬀect.
We note that what will frequently show up in the following
figures is a parameter which is also called CRF. It sets the
target to the CRF method to achieve the perceptual quality
eﬀect as if the same quantization value (default value is 23 in
x264) is applied to the encoded video.
In the following experiments, if not clearly stated, all the
test sequences exhibit similar curves as the example Foreman
we will use below, under three quality levels, for concise
purpose.
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Figure 5: Encoding cost with varying B-frame number under
diﬀerent CRF settings (Foreman).

B-frame, while with two B-frame setting, 17.1% of frames
use two consecutive B-frames. If we set a cutoﬀ threshold for
the cumulative distribution, say 90%, we can see the B-frame
number is set to 2, which matches our observation. We also
did the same experiments over other videos and conclude
that it is appropriate for most videos to use 1 up to 3 B-frames
to save significant bitrates as well as encoding time and cost
while higher B-frame settings contribute little.
Figure 5 shows the encoding cost with diﬀerent number
of B-frames under varying CRF settings. We can see expected
results that the encoding cost increases with CRF values
and has marginal variations with higher B-frame numbers.
Figure 6 shows the averaged encoding cost using 2 B-frames
under diﬀerent quality levels (CRF value) for all videos. We
can see the cost rankings of videos under a specific CRF
value are consistent for all the three quality levels (except
Hall with CRF = 20). We speculate that it is the encoding
complexity, the inherent characteristic of video, that leads to
this phenomenon.
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5.2. Ref. Ref is a parameter referring to the number of
previous frames that a P-frame can refer to, ranging from 1
to 16. Conceptually, each increment of Ref will bring about
constant speed loss, and on the flip side, the benefit of lower
bitrate, especially for highly animated videos. On the other
hand, the number is dependent on both DPB (Decoded
Picture Buﬀer) confined by ITU for specific playback devices
and the preference over speed or bitrate.
Figures 7 and 8 show the encoding cost, rate, and
bitrate with varying Ref numbers. As expected, a larger Ref
number leads to increasing encoding time and cost, as well
as decreasing bitrate. The encoding cost is mostly influenced
by speed loss, and the deviation resulting from reduced
bitrate is not prominent. Compared to P-frames, B-frames
usually use one or two fewer reference frames. If we examine
the bitrate more closely, the decreasing gradient and the
relatively “stable” point for each video are diﬀerent from each
other.
There are two explanations. One is our choice of cost
coeﬃcients, which puts more weight on encoding speed
(CPU cost) over bitrate (storage and bandwidth costs).
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Figure 9: Encoding cost with varying Ref number under diﬀerent
CRF settings (Foreman).

On the same note, it also suggests that the speed loss
overshadows the bitrate benefit. The encoding time increases
by about two times when Ref varies from 1 to 16, while the
bitrate only drops around 30 kbps from original 430 kbps.
For some videos, the bitrate variance is within 10 kbps. As
such, we may suggest using as few Ref as possible for most
videos, except some with high motion or complexity.
Then we vary CRF and get expected result in Figure 9 that
the encoding cost increases with the quality improvement.
Figure 10 displays the average cost (in most cases also the
median value due to approximately linear increase) when
varying CRF for all videos. Like Figure 6, the ranking is
consistent with Hall being the only exception.
5.3. Subme. Subme controls the subpixel estimation complexity. Since H.264 has a wide range of macroblock partitions for both intra- and interpredictions, mode decision
is very time-consuming. Subme levels from 0 to 5 increase
the level of refinement, while levels from 6 to 9 enable
a hybrid decision of SATD (sum of absolute transformed
diﬀerences) and RDO (rate distortion optimization) for
corresponding frame types. We do not consider level 10 since
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it requires trellis option to be enabled, which only applies to
extreme cases. Intuitively, higher Subme level leads to better
compression eﬃciency at the price of encoding speed loss.
Figures 11 and 12 show the encoding cost, rate, and
bitrate with increasing Subme levels. We can see that the
encoding cost increases as Subme does, except a little
decrease when the level goes from 0 to 1. However, in
Figure 12, there is a valley at level 5 on the bitrate curve,
suggesting that the application of SATD and RDO in fact
increases the bitrate. This is mainly due to the rate control
method (CRF) of our choice, which focuses on perceptual
quality rather than the objective quality PSNR, which these
two techniques target to improve. Similarly, Figure 13 shows
the average encoding cost under diﬀerent quality levels.
5.4. Trellis. Trellis quantization is used to optimize residual
DCT coeﬃcients by reducing the size of some coeﬃcients
while recovering others to take their place. This technique
can eﬀectively find the optimal quantization for each macroblock to optimize the PSNR relative to bitrate. There are
three options in x264: level 1 applies conventional uniform
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Figure 13: Encoding cost with increasing Subme levels under
diﬀerent CRF settings (Foreman).

deadzone; level 2 uses trellis only on the final encode of
macroblock, while level 3 does them all. In addition, trellis
quantization in x264 requires CABAC (Context Adaptive
Binary Arithmetic Coder), instead of the less-expensive and
more-popular CAVLC (Context Adaptive Variable Length
Coder). Thus, we introduce a level 0, which repeats level 1,
only replacing CABAC with CAVLC.
Figures 14 and 15 show the encoding cost, rate, and
bitrate with varying trellis levels. Trellis is similar to the case
of Subme (Figures 11 and 12), in which the encoding cost
grows as the level increases, but the bitrate fluctuates. Again,
this suggests that the objective of trellis quantization (optimizing objective quality PSNR) does not always agree with
the objective of the CRF method, which is the perceptual
quality. This is further confirmed by our later observation
on PSNR. We also see that CABAC does not cause additional
speed loss while reducing bitrate by about 10%, which
implies that CABAC should always be turned on. Not
surprisingly, applying trellis quantization increases encoding
time, especially for the level 3. In Figure 16, the encoding
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Figure 15: Bitrate and cost with varying Trellis levels (Foreman,
crf = 23).

cost increases with the quality improvement, matching
observations obtained from all previous experiments.
5.5. CRF versus PSNR. Although targeting at perceptual
quality, CRF is known to be able to still achieve relatively
constant objective quality level, that is, PSNR. To quantify
the deviation, we observe PSNR in the above four parameter
settings and obtain the following results in Table 1 (take
Foreman, e.g.). The deviation is defined as the percentage of
diﬀerence between lowest and highest PSNR to the highest
value. We can see that during B-frame, Ref and Trellis tests,
such change is within 1% range, while for Subme it is still
around 3%. This makes us more confident to use CRF as
the indication for quality level. Averaging all PSNR values
from all tests gets us the correspondence between PSNR and
CRF, as shown in Figure 17. The three quality levels show
consistent rankings for all 12 videos, which implies that the
encoding complexity varies with diﬀerent videos.
5.6. Composite Eﬀect of Multiple Parameters. In previous
experiments, we only vary one parameter and leave all others
default. Default setting uses 3 B-frames, 3 Refs, Subme level
7, and Trellis level 1. We plot the encoding costs from
four parameters together in Figure 18. Approximately, the
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Figure 17: Correspondence between PSNR and CRF setting.

same costs are achieved with their respective default values.
Subme leads to relatively lower costs while Ref renders
linearly increasing costs with Ref number. The encoding costs
incurred by all the settings, except for the cases of Trellis level
2, more than 3 Refs and Subme level 8 and 9, are bounded
by the costs in B-frame tests. We also test for CRF value of
20 and 26, which show similar patterns. Therefore, we can
define the baseline cost for Foreman under diﬀerent quality
levels as the averaged encoding cost in the B-frame tests. By
this definition, our B-frame test (Figure 3) actually shows the
baseline costs for all videos.
The encoding cost is influenced by the comprehensive
impacts of multiple parameters. In order to understand
how separate parameters collaborate with each other, in
one experiment we vary all the four parameters, that is, Bframe from 1 to 3, Ref from 3 to 12, Subme level from 5
to 7, and Trellis level 0 and 1. There are 180 test points in
total. The results are shown in Figure 19. We can see that
the encoding cost shows a recurring pattern, which implies
that the aggregated cost can probably be decomposed into
separate weighted factors attributable to specific parameters.
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Table 1: PSNR versus CRF (foreman).
Foreman

PSNR mean
40.38
40.45
40.05
40.22

B-frame
Ref
Subme
Trellis

crf = 20
Deviation (%)
0.51
0.79
2.6
0.73

PSNR mean
38.60
38.73
38.25
38.46

crf = 23
Deviation (%)
0.09
1.08
3.01
0.71

Cost under diﬀerent parameters
(Foreman, CRF = 23)

0.45

PSNR

Cost ($/hour)

0.4
0.35
0.3
0.25
0.2

crf = 26
Deviation (%)
0.33
1.21
3.26
0.77

PSNR under multiple parameters
(Foreman, CRF = 23)
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Figure 18: Encoding cost with four parameters setting together
(Foreman, crf = 23).
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Figure 20: PSNR under combinations of four parameters (Foreman, crf = 23).

(i) ME determines the full-pixel motion estimation
methods, and there are four choices in x264, namely,
DIA (diamond), HEX (hexagon), UMH (Uneven
Multi Hexagon), and ESA (Exhaustive Search). Generally, UMH provides good speed without sacrificing
significant quality, while HEX is a better trade-oﬀ. We
are using the default option HEX.
(ii) Partition controls the split up of 16 × 16 macroblock.
Partitions are enabled per frame type and for intraand interprediction, respectively. The default setting
in x264 is “p8 × 8, b8 × 8, i8 × 8, i4 × 4.” The p4
× 4 is not defaulted due to the high speed cost with
respect to quality gain.

0.29
0.24
0.19
0.14
0

50

100

150
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Cost

Figure 19: Encoding cost under combinations of four parameters
(Foreman, crf = 23).

We also find that the average PSNR follows the similar
pattern in Figure 20. PSNR ranges from 38.07 to 38.854,
with the deviation of less than 2%. On a closer look, Trellis,
Subme, and Ref consistently produce the expected impacts
on PSNR.
5.7. Other Parameters. We have tested all major numerical
parameters in x264, at least all that applicable to the
CRF method. We here list other important parameters not
included in our tests as below.

The above two parameters have also essential impacts on the
encoding speed and quality. The reason why they do not
fall into the scope of our consideration is that there is no
apparent and absolute ranking among those options, which
makes them hardly fit into our quantified parameter tuning
framework. Besides, the empirical guidance about using the
above two parameters are quite clear.

6. Discussion
Based on all the experiment results in the previous section,
we claim the following observations.
(1) For all the tests conducted, if grouped by targeted
CRF values, the resulting PSNR values in each group
remain largely equal with a maximum deviation of
3% (Table 1).
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(4) By the functioning principles of block-based hybrid
video coding, the tested parameters (e.g., Ref, Trellis,
etc.) operate largely independent from each other.
Our tests establish that, regarding each tested parameter, its asymptotic growth window (mentioned in
claim (3)) is not aﬀected by the changing of other
parameters.
(5) Aside from independence, it is very likely that these
parameters can be decomposed in a weighted sum
fashion to qualify their contribution to the final
encoding cost. Furthermore, such weights are not
subject to the changing of the cost coeﬃcients α and
β.
(6) The B-frame test as the baseline cost (Figure 18)
provides a worst-case envelope for the cost estimation
if the prospect of claim (5) gets gloomy.
All these claims sound promising, even to a self-improving
framework, which, with the growth of its sampling set,
provides increasingly accurate weight estimation.
However, we must not ignore the elephant in the
room. In Section 3, we mentioned the encoding complexity,
which originates from the intrinsic characteristics of the
video content itself. Evidently, Figure 21 shows the resulting
bitrates of all 12 videos under the default setting (crf = 23)
of x264, where the most complex video is encoded with
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The first two observations collectively confirm the eﬀectiveness of CRF as a rate control method to accurately obtain
consistent results on measurable and objective quality, that
is, PSNR. Combined with the third observation, we can claim
that our primary goal set at the end of Section 3 can be
achieved. Conversely, with a clearly defined service model
and desired quality level set by the user, our framework can
find the optimal parameter setting to minimize the encoding
cost.
However, this only works well in the best-eﬀort way,
that is, one can claim confidently that the encoding cost
is indeed minimized, but never know how much the cost
is until the job is done. This leads to the predictive power
of the optimization framework, that is, can we predict
the encoding cost of a video before it is encoded? This
feature, if at all achievable, will be significantly valuable to
the budget planning (hence projection of price and profit
margin) for any service providers, especially appreciated
when unclear service models are present, typically when it
comes to the cloud-based distribution service whose storage
and bandwidth costs are hard to determine. We further claim
the following observations from our tests.

Default test

Mobile

(3) Tests conducted regarding each parameter shows at
least one period of asymptotic growth of encoding
cost (e.g., when Ref ranges from 1 to 16), and one
clear optimal point to minimize the cost (e.g., when
Ref = 1). This observation also holds true across
diﬀerent quality levels tested.
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(2) Each tested video, when trialed with diﬀerent quality
levels (CRFs), has its PSNR values shown with
consistent ranking (Figure 17).
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Figure 21: Resulting bitrates under the default setting of x264 for
all videos.

bitrate 5 times the one of the lowest complexity. Figures 6 and
10 further confirm that this ranking holds across diﬀerent
quality levels, with the Hall as the only exception, indicating
that the encoding complexity is largely rooted in the content
itself.
There is no silver bullet to this problem. In order to
learn the encoding complexity of a video, one has to encode
it to know it, which paradoxically defeats the very propose
of saving encoding cost. Fortunately, common practices of
the modern encoding service largely alleviate this problem.
First, most of the original content is already in the digital
format (usually encoded by block-based hybrid video coding
technology) awaiting transcoding to be suitable to play on
the new platform. Second, the diversity of end-user terminals
requires each video to be encoded multiple times to diﬀerent
qualities, resolutions, and formats. As such, we can easily
obtain statistics from metadata of the originally encoded
file to obtain the first-hand knowledge of the encoding
complexity.

7. Conclusion
In this paper, we conduct an empirical study in the
cloud-computing environment, targeting an optimization
framework to save H.264 encoding cost by tuning the key
parameters. Our study shows convincing results, in which
the rate control method (CRF) demonstrates remarkable
ability to precisely achieve the targeted quality level, and the
tested parameters can be independently tuned to minimize
the encoding cost. We have also discussed the encoding
complexity as a major hurdle to the predictive power of our
framework and how it can be alleviated by leveraging the
diversity of end-user platforms.
Towards future study, the most urgent task is to quantify
the contributing weight of key parameters to encoding
cost, through more extensive experiments. Also we will
incorporate important but nonnumerical parameters (such
as motion estimation method) and examine its fitness to the
current framework.
The final note is on the objective of our optimization
framework, which is to minimize encoding cost, meanwhile
maintaining certain quality level. It is not impossible for
service providers to reverse the equation to give a cost budget,
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try to maximize the encoded quality. In light of such a
change, we should switch to rate control methods best at
controlling bitrate, that is, ABR and VBR. Study of this flavor
will be especially valuable when distribution cost becomes
the overwhelming concern. Whether a similar parametertuning framework could be established on this regard could
be only answered by another empirical study.
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