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Mechanisms that can cope with unreliable wireless channels in an efficient manner are required due to
the increasing number of resource constrained devices. Concurrent use of multiple communications tech-
nologies can be instrumental towards improving services to mobile devices in heterogeneous networks.
In our previous work, we developed an optimization framework to generate channel-aware transmission
policies for multi-homed devices under different cost criteria. Our formulation considers network coding
as a key technique that simplifies load allocation across multiple channels and provides high resiliency
under time-varying channel conditions. This paper seeks to explore the parameter space and identify the
operating regions where dynamic coded policies offer most improvement over static ones in terms of
energy consumption and channel utilization. We leverage meta-heuristics to find different local optima,
while also tracking the intermediate solutions to map operating regions above 3 dB and 5 dB. Our re-
sults show a large set of relevant configurations where high resource efficiency can be obtained with the
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1. Introduction

Nowadays mobile devices are equipped with a multitude of het-
erogeneous wireless interfaces that offer diverse bandwidth, re-
liability, and latency at different energy and economic costs. In
this scenario of convergence of heterogeneous radio access tech-
nologies, multi-homing allows end devices to be simultaneously
connected to and exchange data on multiple network interfaces,
thereby increasing reliability and quality of service (QoS) of con-
tent delivery [1].

Typically, only one interface is used at a time, chosen accord-
ing to static, pre-defined priorities: use Wi-Fi if possible, 3G other-
wise, and Bluetooth for specific applications. This approach is con-
sistent with today’s business model for mobile connectivity, but
it is not efficient in terms of managing network resources, or de-
creasing economic costs [2]. The interface to use should be chosen
according to application and user requirements, as well as device
and network context.

Current proposals, recently reviewed in [3], include network
centric [4-7], user centric [8-12] and hybrid [13,14] approaches
that trigger vertical handovers in heterogeneous wireless networks
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using a variety of techniques, e.g., stochastic linear programming
[4], game theory [5], multiple-attribute decision making [15,16],
grey relationship analysis [10], as well as concepts borrowed from
economic modelling like profit [12], surplus [11], or utility func-
tions [7]. Context-aware frameworks for vertical handovers have
also been proposed [17-20]; however, they do not consider simul-
taneous use of more than one radio technology, which is a com-
mon limitation present in network selection work [21,22].

The emergence of multi-homing and the feasibility of unicast
communication over multiple paths [23] opens up the possibility
to use different interfaces simultaneously. In [24], the authors pro-
pose a scheme for choosing the access technology to use for each
new flow upon arrival partitioning the flows over multiple radio
access technologies. A framework for simultaneous use of 3G and
WLAN by multi-homed devices is proposed in [25], considering the
specificities of multilayer HTTP and video traffic, but the approach
separates the traffic into multiple flows and makes a static alloca-
tion of those flows. These and similar proposals provide little or no
adaptability to the inherent channel quality variations of wireless
systems [26-31].

Adaptive resource allocation algorithms that choose which data
to send/request through each available interface based on net-
work conditions, traffic load, available energy, among other con-
straints are thus instrumental to leverage the full potential of con-
verged heterogeneous wireless communications [32-34]. We note
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that none of these works provide a framework for exploring the
parameter space and evaluating achievable gains, nor do they con-
sider network coding exploring opportunistic transmissions in the
context of multiple paths in converged heterogeneous wireless net-
works with time-varying channels.

Network coding, initially proposed in [35], constitutes a disrup-
tive paradigm that relies on mixing (coding) packets end-to-end or
at intermediate nodes in the network rather than storing and for-
warding them [36,37]. Random linear combinations are sufficient
to achieve the maximum capacity of a network with probability
exponentially approaching 1 with the code length [38] while at-
taining minimum delay [39,40]. From a receiver’s perspective, it
is no longer crucial to focus on gathering specific packets, but to
gather enough linearly independent coded packets to recover the
original information. This enables network coding to exploit mul-
tiple routes and/or network topologies seamlessly by dynamically
shifting traffic between different paths, without concerning about
coordination or packet scheduling problems. By exploring redun-
dant network capacity, network coding reduces the need for com-
plex management schemes, allows decentralised operation, and in-
creases the robustness and resilience to topology/network changes
and even link failures [38,41].

For transmissions in packet erasure channels, network coding
provides robustness against packet losses and highly dynamic net-
work conditions [36,38,42,43]. These traits make network coding
very appealing for the volatile environments typical of heteroge-
neous wireless networks, especially when data may be transmitted
simultaneously using different technologies as is enabled by multi-
homing.

Network coding is a block-coding operation where each block
represents a generation. Other block-based codes used on packet
erasure channels such as Automatic Repeat reQuest (ARQ) error-
control codes [44], although achieving optimal throughput, have
increased delay [36], and end-to-end Forward Error Correction
(FEC) codes [45] do not achieve the optimal throughput due to the
inherent redundancy adaptation to the end-to-end loss rate [36].
Digital fountain codes, such as Luby Transform (LT) codes [46] or
Raptor codes [47] which are based on LT codes, low-density parity-
check (LDPC) codes [48], turbo codes [49] and even Reed-Solomon
codes [50] are examples of FEC codes. Usually, large block sizes are
required to maximize capacity which add extra delay; less delay
comes with the expense of a less efficient code. As FEC codes are
used end-to-end, since intermediate nodes do not perform coding
operations and confine themselves to relay packets, in [51] the au-
thors propose the use of network-embedded FEC; however, nodes
need to wait until sufficient packets are received for decode and
further re-encode of a new data segment which adds extra delay
to the system, while network coding would allow the immediate
decode and re-encode of each packet.

Recent work on network coding has considered the use of mul-
tiple interfaces to improve Quality of Experience [52] with an eco-
nomical cost objective and to minimize completion time of a file
transfer [53]. In [54] our goal was to leverage network coding
techniques optimising how to share load among the available in-
terfaces between multi-homed devices over heterogeneous, time-
varying wireless networks. Thereby we focused on a user-centric
approach, formulating and solving a resource allocation problem
for deciding when and under which conditions the offered traffic
load should be transmitted on each available path. The numeri-
cal results proved that dynamic allocation policies using network
coding improved resource usage efficiency by reducing energy con-
sumption and/or channel utilization in some selected (and specific)
scenarios.

In this article we extend and generalise that work by evaluat-
ing the actual potential impact of the proposed optimal policies.
This work uses Simulated Annealing (SA) meta-heuristics to effi-

ciently explore the parameter space and fully understand the ad-
vantages of dynamic allocation policies that adapt to the volatile
channel characteristics; we compare their performance with the
use of static policies, as are common in state-of-the-art devices,
identifying under which operating conditions the reduction of en-
ergy consumption and channel utilization are most significant.

The rest of this article is organized as follows. Section 2 sum-
marizes from [54] our mathematical framework for the prob-
lem, the static and dynamic allocation policies for heterogeneous
wireless networks, and the metrics for performance evaluation.
Section 3 presents our meta-heuristics to explore the parameter
space. In Section 4 we present the best operating regions obtained
for the performance of the proposed policies using numerical eval-
uations. In Section 5 we discuss the results, and Section 6 presents
our conclusions.

2. Framework

We consider the problem of transmission of data packets from
a source to a destination in a time-slotted system, where two in-
dependent channels are available!. Both source and destination
can be relay nodes in a network. Our framework determines the
amount of offered traffic load that should be sent on each chan-
nel. At each time slot, the source can transmit random linear net-
work coded packets [38] through both channels (sending a differ-
ent coded packet in each), one channel, or can decide not to trans-
mit in that time slot. Given that packets arrive randomly at the
sender, we consider an online network coding approach [37,55].

We assume an independent Gilbert-Elliott model for the chan-
nel [56,57]. Fig. 1 illustrates the scenario. We consider that each
channel i can transmit using a combination of a set of modula-
tion and (physical-layer) coding pairs, M,. M;; € M, represents the
jth available modulation and physical-layer coding pair available to
channel i. D(Mj;) represents the fraction of useful information bits
in a slot when transmitting with M;;. Packet erasure (loss) proba-
bilities on the ith channel for the good and bad channel state for
modulation M; ; are represented by €(i.gMy) and €(i.b,M;)> TeSpec-
tively. The probability of channel i to remain in state ¢ € {b, g} is
given by p¥.

We assume that a genie indicates the joint channel state C =
(c1, cp) of the two channels, i.e., the probabilities of packet loss in
each channel, at each time slot. However, the event of a packet loss
is not known a priori to the genie.

We define Pr(,-_C_Mij) and Aicmy) A the probability of transmis-
sion through channel i during the joint channel state C using M;
and the fraction of the data to be transmitted through channel i
during the joint channel state C using Mj;, respectively. ¢ consti-
tutes the stationary probability of the joint channel state C, which
can be easily determined through standard finite Markov chain
techniques using pg) and pl(,') for i = 1, 2. The stationary probabili-
ties g and 7, for each channel are obtained by:

(i) (i)

. 1-p . 1-p
(i) b (i) g
2-py - py 2-py ~py
The utilization of channel i in our system is given by
Ui([Pricmpl) = ) PrcmyTe. (2)

MijjeM,,Ce{b,g}?

We define the total channel utilization of the system as U =
>";U;, although other metrics can be used as cost functions for our
optimization problem, e.g., minimizing the maximum of the U;’s.

! This framework can easily be generalized to more than 2 channels.
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Channel 1

Channel 2

Fig. 1. Source (mobile device) can connect to two different channel interfaces to transmit random linear network coded packets in a time-slotted system to a destination.
Both source and destination can be relay nodes in a network. An independent Gilbert-Elliott model and only one modulation and (physical-layer) coding pairs are assumed

for each channel.

Table 1
Notations.
Notation  Definition
A Source rate
Pricumy Probability of transmission through channel i during the channel state C using M;;
Qicmy) Fraction of the data to be transmitted through channel i during the channel state C using Mj
€igM; Packet erasure probability for the good state of ith channel using the jth available modulation and physical-layer coding pair
€ibm; Packet erasure probability for the bad state of ith channel using the jth available modulation and physical-layer coding pair
Jrg“’ Stationary probability of the good state of ith channel
n;i) Stationary probability of the bad state of ith channel
M The jth available modulation and physical-layer coding pair available to ith channel
D(M) The fraction of useful information bits in a slot when transmitting with Mj;
E; Energy consumption of ith channel
U; Utilization of ith channel
&; Energy cost per slot of ith channel

If the use of channel i has an associated energy cost, the energy
spent per slot in channel i is given by

&(Pricmpl) = >

MijeM,.Ce{b.g}?

EiPricm;) e (3)

and the total energy cost per slot of the system is given by E =
>";&;. Table 1 summarises the notations used in this work.

The resource optimization problem for a desired cost function
F from our framework using network coding is given by:

min F (4)
[Pr(l‘.C.Mi]-)]
subject to

Z Pr(ichU) € [O, 1], VC S {g, b}z, l € {], 2}

MjjeM
Z Aicmy =1
MijeM.ie{1,2},Ce{g.b}?

((1 = ey DIMi))IPT i ey Toe = A icmy)s
VC = (c1.¢2) e {g. b} i e {1,2},M;j e M.

The last condition captures the fact that the probability of
channel i transmitting in a given channel state using Mj is
linked to the mean usage of the channel during that state, e.g.,
)Loz(LCM”)/[D(M”)(l — €(1,¢))] for channel 1.

The optimal policy for a given channel state C and source rate
X is given by the vector [Pr(i.C.MU)] that results from this optimiza-

tion. Note that the probability of transmitting through channel 1
and channel 2 is independent, thus transmission over two chan-
nels or no channels at each time slot is possible. In this work we
make the assumption of transmission of data flows, avoiding the
granularity of data packets. In addition, we assume that we trans-
mit the least possible redundancy per original data packet over a
long period of time, which requires infinite queue size [58]. While
there is a performance degradation in terms of delay from adding
extra information, assuming transmission of a finite number of
data packets may not allow us to reach the same performance as
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transmission of data flows. We consider our approach a good ap-
proximation as online network coding allows the creation of large
windows of coded packets, which approximate a flow. Our frame-
work can perform an optimal resource allocation, as the infinite
queue size allows to store the coded packets while awaiting a good
channel.

2.1. Comparison policies

We define the following two fixed policies in the transmission
of packets:

Fixed policy channel 1 (FP1) - Policy where all available re-
sources (time slots) from channel 1 are used before allocating
slots for transmission from channel 2. If the arrival rate is low
enough, only channel 1 will be active.

Fixed policy channel 2 (FP2) - Same as FPC1 policy except re-
sources (time slots) from channel 2 are used first and resources
from channel 1 are used only if needed to support a given data
rate.

and the two dynamic policies:

Dynamic policy optimizing channel utilization (DPOCU) - Op-
timal policy in terms of reduction of channel utilization, where
the channel assignments are decided by solving problem (4) for
the cost function: F =) ;U; (Pr(i,C,M,-j))-

Dynamic policy optimizing energy consumption (DPOEC) - Op-
timal policy in terms of reduction of energy consumption,
where the channel assignments are decided by solving problem
(4) for the cost function: F = ", E;U; (Pr(i,c,M,-j))-

2.2. Metrics

We define two metrics to quantify the advantages of using dy-
namic policies rather than fixed policies.

+ Channel Utilization Gap of DPOCU: is the difference of chan-
nel utilization between a policy P; and channel utiliza-
tion optimal policy DPOCU for the same channel conditions.
The value is presented in decibel (dB) and is calculated as
101og (Up /Uppocu -

+ Energy Consumption Gap of DPOEC: is the difference of energy
consumption between a policy P; and the energy optimal pol-
icy DPOEC, under the same channel conditions. The value is ex-
pressed in decibel (dB) and is calculated as 101og (&p, /&ppokc)-

As an example, consider that the Channel Utilization Gap of
DPOCU is 3 dB when compared to FP1. This means that DPOCU
uses the channel 50% less than FP1. A larger value of the gap is
associated with a larger reduction in channel utilization achievable
by the DPOCU policy. The same logic applies for the energy con-
sumption metric.

3. Simulated Annealing meta-heuristics

The optimization framework and the dynamic network coding
policies proved to provide efficient, channel-aware load allocation
for multi-homed devices under different cost criteria in our pre-
vious work [54]. However, every parameter had to be manually
adjusted in an attempt to find a combination that provided con-
siderable gains. It is impossible to understand which areas of the
parameter space can provide better results following that method-
ology. Therefore, it is imperative to explore the parameter space
automatically.

Traditional problem solving strategies either guarantee to find
the global solution, but are too expensive in terms of computa-
tion, e.g., memory usage or processing time, or they get caught

Algorithm 1: SA algorithm.

1 begin

2 t < 0; /* Time */

3 initialize T; /* Temperature */

4 select a current point v, at random; /* v, is composed
by A, e("’ci«Mi,j)’ T, Ei’ for
VC:(C],Cz)E{g,b}z,ie{],Z},MUEM. */

5 evaluate v.;

/* Evaluation is performed by obtaining the value
corresponding to the minimum between a dynamic
policy and other policies. */

6 Vp < Vg,
7 | repeat
8 repeat
9 Select a new point v, in the neighbourhood of
Vc,/* Change randomly a single parameter
according to a predefined step. */
10 if evaluation(v,) > evaluation(v.) then
1n Ve < VUn;
12 if evaluation(v.) > evaluation(v,) then
13 | vp < ve;
14 else
15 if random[0,1) <
exp( B evaluation(vc) ;eualuation(vn)> then
16 | Ve < vn;
17 end
18 until termination condition/* termination condition
- Max # of iterations is not reached. */;
19 T < f(Tt); /* Cooling Ratio */
20 t <« t+1;
21 until halting condition/* halting condition - Max # of
times V; is not changed. */,
22 end

in local optima. Recent algorithms are capable of escaping the
local optima while searching for the global optimum. Simulated
Annealing (SA) is a probabilistic method for efficiently exploring
the search space in order to find near optimal (global) solutions
[59,60]. Meta-heuristics, such as SA, generally find good solutions
by exploring a large set of the feasible solutions, which allow us
to explore the areas of the parameter space that provide better re-
sults.

This work uses SA meta-heuristics to efficiently explore the pa-
rameter space to fully understand the advantages of resource allo-
cation policies that dynamically adapt to the volatile channel char-
acteristics and identify under which operating conditions, i.e., areas
of the parameter space, the reduction of energy consumption and
channel utilization are most significant.

We use SA to select parameter sets and evaluate them using the
mathematical framework described in the previous section, and
thus SA is driven by a theoretical analysis. Algorithm 1 presents
our SA formulation for the problem. The SA algorithm starts by
initializing and assigning a random value to a parameter set com-
posed of source rate, erasure probabilities and stationary probabil-
ities to each channel. The stationary probabilities for each channel
must sum up to 1 and, therefore, we just need to randomly assign
one value to one state of each channel. The parameter set is eval-
uated according to the achievable gains of the dynamic network
coding policies, DPOCU or DPOEC, and the result of the evaluation
(a solution) is the minimum of the Channel Utilization Gap or En-
ergy Consumption Gap. In other words, in the algorithm, a solu-
tion corresponds to the minimum of the Channel Utilization Gap
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Table 2
Parameters range and counters values.

Parameter Range/Value  Step
A 0.1-2 0.1
elg 0.01 —0.20 0.01
e 021-0.90  0.01
e g 0.01-0.20 0.01
e 021-0.90 001
) 0.05-0.95 001
M 0.05-0.95 0.1
2 0.05-0.95 0.1
m? 0.05-095 001
E, 1-8 0.05
E, 1 -
Halting 500 -
Termination 360 -
Temperature 25 0.025

of DPOCU or the Energy Consumption Gap of DPOEC with respect
to any other policy. For example, if a parameter set results in a
Channel Utilization Gap of DPOCU with respect to FP1 of 2 dB, in
a Channel Utilization Gap of DPOCU with respect to FP2 of 3 dB,
and in Channel Utilization Gap of DPOCU with respect to DPOEC of
4 dB, the solution obtained is 2 dB which corresponds to the min-
imum between the three values, i.e., our results correspond to the
minimum achievable gain for each explored point of the parameter
space.

The initial parameter set us the Current Solution, v., which cor-
responds to the current solution to which other solutions in its pa-
rameters’ neighbourhood shall be compared to. At the beginning,
this solution also corresponds to the Best Solution, v,. The Best So-
lution is the best solution obtained so far, and, at the end of the al-
gorithm, desirably it should yield the global optimum. In each step
of the algorithm, we select a new parameter set to be our Candi-
date Solution, vy, originated from a change to a single parameter
in the Current Solution, and evaluate it. Therefore, the neighbour-
hoods are composed of solutions around the Current Solution at the
distance of one change in one parameter, either decreasing or in-
creasing its value by a predefined step. If the Candidate Solution
provides a better solution than the Current Solution, we accept it
as our new Current Solution. If it is the same or lower, we accept it
if random[0, 1) < exp(— e”al“afioggﬁggrﬂ;ﬂ%"“""(””)), which is adjusted
by the parameter temperature. The reason why we record both
Current Solution and Best Solution is because we can accept a Candi-
date Solution as Current Solution even if it provides a worse solution
than the previous Current Solution. However, as we iterate over the
outer loop, the value of the temperature will decrease, and the ac-
ceptance of worse solutions will be less frequent. At the beginning,
this algorithm resembles a random search, thus avoiding possible
local optima, and, at the end, it resembles a standard hill-climber.
To avoid infinite generation of iterations, we set a halting condi-
tion as the maximum number of times that the algorithm does
not change the Current Solution, and a termination condition as the
maximum number of iterations the algorithm runs with the same
temperature value. Every time the algorithm changes the value of
Current Solution, the counter of halting condition is reset, since the
algorithm accepted a new solution and possibly new better and
different solutions are reachable. Please note that different heuris-
tics could lead to different (higher or lower) results.

4. Results

We focus our analysis in two different scenarios: (i) Channels
with same energy consumptions where we have two different chan-
nels with the same energy consumption and fixed data rate (e.g.,
same modulation and coding pairs), but with different erasure and

stationary probabilities for each channel state; (ii) Channels with
different energy consumptions where we have two different chan-
nels, with the same fixed data rate, but with different erasure and
stationary probabilities for each channel state, and different en-
ergy consumptions. Therefore, the packet erasure probabilities on
the i-th channel for the good and bad channel state are from now
on represented by the terms e; 4) and e(; p), respectively, and both
channels send the same fraction of useful information bits in a slot
(D(M;)).

Having both channels with the same data rate allows us to
simplify the analysis. If we had more configurations for the chan-
nels, having the possibility of different data rates in each channel,
we would increase our parameter space, but we would also in-
crease the areas where the dynamic policies provide better perfor-
mance. The opportunities to transmit in good channel conditions
and good data rates would possibly increase, and, ultimately, the
results would stress even further the importance of the framework.

We performed 1000 analyses for each scenario using MATLAB.
The analyses were performed in parallel in the Avalanche cluster
at the High Performance Computing at the Faculdade de Engen-
haria da Universidade do Porto [61]. The cluster has 29 nodes, each
with 16 cores and between 64 GB and 128 GB of RAM; however,
due to quota limitations, no more than 300 analyses could run at
the same time. The execution of all analyses lasted for two and
one half days. Although the parameter space explored by Candidate
Solution is larger, during analyses we only recorded the Best Solu-
tion and Current Solution values since the effort in terms of disk to
record all Candidate Solution was infeasible.

The arrival rate, the parameters of the Gilbert-Elliot model, and
energy consumption for each channel were allowed to vary accord-
ing to the values presented in Table 2. The ranges of the values
were selected to constitute a reasonable representation of possi-
ble conditions. Channels can have an erasure probability between
0.01 and 0.20 for the good states, 0.21 and 0.90 for the bad states,
and stationary probabilities in each state between 0.05 and 0.95.
Table 2 also presents the values chosen for the counters of the
halting and the termination conditions, and the temperature cool-
ing ratio. The tuning of these values was made in a trial and error
approach and we selected the values that provided a good trade-
off between the diversity of parameter space search and the du-
ration of the analyses. Each analysis sets the initial parameters at
random within the ranges of Table 2. Each generation of a new
neighbourhood is accomplished by a change to a single parameter
according to the step defined in that table.

4.1. Channels with same energy consumption

When the two channels have the same energy consumption
(E; = Ey), the Channel Utilization Gap of DPOCU behaves the same
as the Energy Consumption Gap of DPOEC with respect to the fixed
policies. Fig. 2 shows the distribution of the final Best Solution and
the corresponding parameters for the Channel Utilization Gap of
DPOCU. The results show that a large percentage of all Best Solu-
tion (83%) are approximately 5.4 dB and a significant percentage
of the Best Solution (14%) obtained are approximately 7 dB. The
best solutions of both Channel Utilization Gap of DPOCU and En-
ergy Consumption Gap of DPOEC with respect to the fixed poli-
cies are obtained with high and low erasure probabilities for the
good and bad states of the channels, respectively, and with low
and high stationary probabilities for the good and bad state, re-
spectively. The best results are obtained for small A (0.2 or 0.3),
that is, the best results are obtained when the offered traffic load
is low and the dynamic policies can take advantage of opportunis-
tic transmissions and select the best moment to transmit. The dy-
namic policies use the good states of both channels instead of us-
ing the bad states, and it is here where our dynamic policies have
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Fig. 2. Boxplot of the final best solutions on top and boxplot of the parameters on
bottom, for the Channel Utilization Gap of DPOCU (same as Energy Consumption
Gap of DPOEC) with respect to the fixed policies. Maximum Best Solution obtained
is ~ 7 dB, minimum Best Solution obtained, and equal to the median, is ~ 5.43 dB,
and the mean of the Best Solution is ~ 5.67 dB.
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Fig. 5. Spider chart for all Current Solution that provide an Energy Consumption Gap of DPOEC with respect both to the fixed policies and DPOCU above 3 dB.

advantage in comparison to the fixed policies. FP1 uses resources
(time slots) from both good and bad states of channel 1 before us-
ing resources of the channel 2, and FP2 uses resources from both
good and bad states of channel 2 before using resources of chan-
nel 1. The higher the stationary probabilities of the bad states and
lower the stationary probabilities of the good states are, the more
gains DPOCU and DPOEC achieve with respect to the other policies
and, thus, the higher the Channel Utilization Gap of DPOCU and
Energy Consumption Gap of DPOEC are.

To have a visual perspective of the areas of the parameter
space explored by all accepted Current Solution during analyses,
Fig. 3 presents a spider chart with the solutions that provide a
Channel Utilization Gap of DPOCU (same as Energy Consumption
Gap of DPOEC) with respect to the fixed policies above 3 dB, hav-
ing the figure sampled 1:1000 for visualization purposes. In the
figure each individual solution is obtained by a unique combina-
tion of parameters. In the analyses we obtained around 3 mil-
lion solutions above 3 dB of gap (4.67% of all unique Current So-
lution accepted) and, approximately, 384,000 above 5 dB (0.6% of
all unique Current Solution accepted). Fig. 3 includes in the edges
of each axis the range that each parameter varied in all accepted
Current Solution.

4.2. Channels with different energy consumptions

In this scenario, channel 1 and channel 2 can have different en-
ergy consumptions. For a matter of efficiency, we fix the energy
consumption of channel 2 to 1, i.e., E; = 1, and let the energy con-
sumption of channel 1 vary on values higher or equal than 1, i.e,,
E; > 1. Next, we present the results obtained for the Energy Con-
sumption Gap of DPOEC with respect both to the fixed policies and
the dynamic DPOCU. Later, we present the results obtained for the
Energy Consumption Gap of DPOEC when it is compared only to
the fixed policies.

4.2.1. Energy Consumption Gap of DPOEC with respect both to the
fixed policies and DPOCU

Fig. 4 shows the distribution of the final Best Solution and
the corresponding parameters for the Energy Consumption Gap of
DPOEC as well as the ranges of the energy consumption of chan-
nel 1 in all analyses. Please note that the Energy Consumption Gap
of DPOEC here is compared both to the fixed and to the dynamic
DPOCU policies. The mean of all obtainable Best Solution is approx-
imately 2.9 dB, while the maximum and minimum Best Solution
are 3.16 and 0.65 dB, respectively. The best solutions are obtained
when the energy consumption of channel 1 is E; ~ 3 x E; and
with high erasure probabilities for the good state of both channels
and low erasure probabilities for the bad state of channel 2. We
now observe a larger and higher distribution for the offered traffic
load.

For DPOEC to have advantage with respect to FP1, the fixed pol-
icy that transmits always first in both states of channel 1, which
consumes more energy than channel 2, it suffices for DPOEC to use
channel 1 and channel 2 in the good states. In order for DPOEC to
have advantage with respect to FP2, the fixed policy that transmits
always first in both states of channel 2, but consumes less energy
than channel 1, it is necessary that the stationary probability in the
good state of channel 2 (ng(z)) is lower enough than the homolo-

gous of channel 1 (JTg(])). FP2 will always use channel 2 in both
states, but will not benefit from channel 1 good state.

For DPOEC to have advantage towards DPOCU it is necessary for
the erasure probability of channel 1 in the bad state (e(; p)) to be
better (lower) than the erasure probability of channel 2 in the bad
state (e(, p)); otherwise, DPOCU would choose channel 2, which
is the channel with the lowest energy consumption, and would
match DPOEC. Furthermore, DPOCU chooses first a state of chan-
nel 1 with the same erasure probabilities as channel 2 only when
channel 1 has higher stationary probabilities in the good state.
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Fig. 6. Boxplot of the final best solutions and energy consumption of channel 1 on
top and boxplot of the parameters on bottom, for the Energy Consumption Gap of
DPOEC with respect only to the fixed policies. Maximum Best Solution obtained is
~ 7.02 dB, minimum Best Solution obtained is ~ 3.17 dB, median is ~ 5.44 dB, and
the mean of the Best Solution is ~ 5.68 dB.

To have a visual perspective of the areas of the parameter
space explored by all accepted Current Solution during analyses,
Fig. 5 presents a spider chart with the ones that provide an Energy
Consumption Gap of DPOEC with respect only to the fixed policies
above 3 dB, having the figure sampled 1:1000 for visualization pur-
poses. In the analyses we obtained over 1.4 million solutions above
3 dB of gap. The figure also includes in the edges of each axis the
range that each parameter varied in all accepted solutions.

4.2.2. Energy Consumption Gap of DPOEC with respect only to the
fixed policies

Fig. 6 shows that the results obtained for the Energy Consump-
tion Gap of DPOEC with respect only to the fixed policies are dif-
ferent from the results obtained in the previous section. In this
case we obtain the maximum Energy Consumption Gap of DPOEC
in all scenarios with the value of 7.02 dB when the energy con-
sumption of channel 1 is E; = 1.05 x E,. Nevertheless, it is clear
now that, in the previous section, DPOCU prevented the algorithm
from exploring solutions of the Energy Consumption Gap of DPOEC
where the energy consumption of channel 1 was low. When the
energy consumptions of both channels are close, DPOEC has the
same performance as DPOCU (see Section 4.1), which means the
algorithm needed to find areas of the parameter space where
DPOEC had advantage when compared to DPOCU. Now that we ex-
clude DPOCU from the analysis, the results shows a similarity with
the ones obtained in Section 4.1.

Fig. 7 shows the relation of the maximum Best Solution of the
Energy Consumption Gap of DPOEC with respect only to the fixed
policies and the energy consumption of channel 1. We performed
an extra set of analyses where we set the energy consumption of
channel 1 static at E; = 2,4, 6,8 times the consumption of chan-
nel 2, E,. In general, the increase of channel 1 energy consumption
leads to the reduction of the value of the Best Solution achievable,
that is, to the reduction of the possible gains using a dynamic pol-
icy. When channel 1 consumes more energy and in higher quan-
tities than channel 2, the dynamic policy DPOEC cannot use the
good state of channel 1 because it is very damaging in terms of
energy cost, and, thus, DPOEC will choose both states of channel 2
and will be similar to the fixed policy FP2. These results are some-
what non intuitive, because it would be expected that, if one chan-
nel consumes more energy, we would gain more in using dynamic
policies; however, in fact, the best scenarios for the dynamic poli-
cies are when we can explore the use of the good state of both
channels and both channels have roughly the same energy con-
sumption.

5. Discussion

From the results, we can conclude that the best savings over
fixed policies come from situations where the device can connect
at the same time to two similar channels of the same technol-

Maximum Energy Consumption Gap of DPOEC versus Energy Consumption Channel 1

8 T T T

Energy Consumption Gap of DPOEC (dB)

Il
1 2 3 4

5 6 7 8

Energy Consumption Channel 1

Fig. 7. Relation between the maximum Best Solution of the Energy Consumption Gap of DPOEC with respect only to the fixed policies and the energy consumption of channel
1. The maximum is achieved for E1 = 1.05 x E;. The achievable Energy Consumption Gap of DPOEC decreases with the increase of the energy consumption of channel 1.



C. Pereira et al./ Computer Networks 108 (2016) 55-65 63

Table 3

Maximum, mean, and median gains (in dB) obtained for the Channel Utilization
Gap of DPOCU (same as Energy Consumption Gap of DPOEC when the two chan-
nels have the same energy consumption) with respect to the fixed policies under
good, medium, and bad channel conditions.

Channel 1 Channel 2 Either channel Both channels
Good Max 2.0931 2.0396 2.0931 1.4840
Mean 0.0798 0.0795 0.0877 0.0599
Median 0 0 0 0
Medium Max 3.9482 3.9451 3.9482 3.8340
Mean 0.4726 0.3841 0.3881 0.5806
Median 0.0639 0.0202 0.0163 0.2264
Bad Max 6.9553 6.9553 6.9553 6.9553
Mean 1.5284 1.2813 1.0934 2.4875
Median 0.6371 0.2399 0.2164 2.9796

ogy/network, like for example two Wi-Fi links, two 3G links, be-
cause the achievable gains decrease with the difference in energy
needs between the links. To allow the dynamic policies to explore
the best opportunities for transmission of the offered traffic load,
both channels should have low error rates on the good state. High
error rates or very high offered traffic load reduce these opportu-
nities.

The dynamic policies outperform the fixed policies especially
for bad channel conditions, that is, for high stationary probabili-
ties of the bad states. To better analyse this, we define three chan-
nel quality classes for each channel i € {1, 2} according to the
stationary probabilities: good conditions occur for ng(') € [2/3,1],

medium conditions occur for ng(i) € [1/3,2/3], and bad conditions

occur for ng(D €[0,1/3]. Table 3 provides another view of the
results previously shown in Section 4.1, showing the maximum,
mean, and median gains obtained for each class for the Channel
Utilization Gap of DPOCU. The results are separated according to
which channel has the channel conditions identified on the left, i.e.
depending on whether it is channel 1, channel 2, either channel, or
both channels stationary probabilities that belong to the channel
quality class.

We observe that having longer periods of medium or bad chan-
nel conditions leads to higher gains, confirming the results from
Fig. 2. Conversely, when at least one of the channels is bad the
gains are on average above 1 dB, and when both channels are bad
the average gain is more than 2 dB.

Bad channel conditions occur often in real wireless and cellular
networks and often there is more than one possible communica-
tion link, e.g. dense Wi-Fi deployments or indoor cellular coverage.
Our results show that using network coding for taking advantage
of multiple available links enables using less resources, e.g. chan-
nel time, to provide the desired service to the user. Better results
occur for low offered traffic load since dynamic policies can take
advantage of opportunistic transmissions and decide the best allo-
cation, while for high offered traffic load it is necessary to transmit
even under bad channel conditions.

6. Conclusions

In this paper we sought to identify the operating regions under
which dynamic coded policies bring most benefits in terms of re-
source efficiency. We proposed meta-heuristics to explore the pa-
rameter space, not only to find different local optima, but also to
map areas whose performance is above a certain level. The results
demonstrated that opportunistic assignment of the traffic load over
heterogeneous time-varying channels can in fact achieve consid-
erable gains. In particular, dynamic network coding policies allow
energy consumption and channel utilization savings over 5 dB with
respect to the best static policy in a large number of scenarios. Fu-

ture work shall focus on scheduling algorithms that can implement
the policies through single packet decisions, incorporate unreliable
estimates of the channel, and explicit trade-offs between delay, en-
ergy, and economic cost.

Acknowledgements

We thank the anonymous reviewers for their helpful feedback.
We would like to thank André Moreira for the discussions along
the COHERENT project. This work was partially supported by the
project I-City for Future Health NORTE-07-0124-FEDER-000068, by
the European Project FP7 - Future Cities FP7-REGPOT-2012-2013-
1, by PT Inovagdo, by the Green Mobile Cloud project granted by
the Danish Council for Independent Research (DFF - 0602-01372B),
and by Fundacdo para a Ciéncia e a Tecnologia under the project
UID/EEA/ 50008/2013 in the scope of R&D Unit 50008, financed
by the applicable financial framework (FCT/MEC through national
funds and when applicable co-funded by FEDER - PT2020 partner-
ship agreement).

References

[1] G.M. Lee, B.-C. Jeon, S. Heo, H. Kim, ]. Jin, S. Lee, Load balancing scheme

and implementation in multihoming mobile router, in: Network Operations

and Management Symposium, 2008. NOMS 2008. IEEE, 2008, pp. 811-814,

doi:10.1109/NOMS.2008.4575220.

A. Akella, B. Maggs, S. Seshan, A. Shaikh, On the performance benefits of mul-

tihoming route control, IEEE/ACM Trans. Netw. 16 (1) (2008) 91-104, doi:10.

1109/TNET.2007.899068.

K. Piamrat, A. Ksentini, J.-M. Bonnin, C. Viho, Radio resource management in

emerging heterogeneous wireless networks, Comput. Commun. 34 (9) (2011)

1066-1076. Special Issue: Next Generation Networks Service Management. doi:

10.1016/j.comcom.2010.02.015.

[4] A.-E. Taha, H. Hassanein, H. Mouftah, On robust allocation policies in

wireless heterogeneous networks, in: Quality of Service in Heterogeneous

Wired/Wireless Networks, 2004. QSHINE 2004. First International Conference

on, 2004, pp. 198-205, doi:10.1109/QSHINE.2004.33.

D. Niyato, E. Hossain, A cooperative game framework for bandwidth allocation

in 4G heterogeneous wireless networks, in: Communications, 2006. ICC '06.

IEEE International Conference on, vol. 9, 2006, pp. 4357-4362, doi:10.1109/ICC.

2006.255766.

K. Balachandran, ]. Kang, K. Karakayali, K. Rege, Network-centric cooperation

schemes for uplink interference management in cellular networks, Bell Labs

Tech. J. 18 (2) (2013) 23-36, doi:10.1002/bltj.21603.

X. Yang, ]. Bigham, L. Cuthbert, Resource management for service providers in

heterogeneous wireless networks, in: Wireless Communications and Network-

ing Conference, 2005 IEEE, vol. 3, 2005, pp. 1305-1310, doi:10.1109/WCNC.

2005.1424705.

[8] Q. Song, A. Jamalipour, A network selection mechanism for next generation
networks, in: Communications, 2005. ICC 2005. 2005 IEEE International Con-
ference on, vol. 2, 2005, pp. 1418-1422, doi:10.1109/ICC.2005.1494578.

[9] E. Cherkaoui, N. Agoulmine, T. Nguyen, L. Toni, ]J. Fontaine, Taking advantage of
the diversity in wireless access networks: on the simulation of a user centric
approach, in: Integrated Network Management (IM), 2011 IFIP/IEEE Interna-
tional Symposium on, 2011, pp. 1021-1028, doi:10.1109/INM.2011.5990516.

[10] M. Li, S. Chen, D. Xie, A multi-step vertical handoff mechanism for cellular
multi-hop networks, in: Proceedings of the 2nd ACM Workshop on Perfor-
mance Monitoring and Measurement of Heterogeneous Wireless and Wired
Networks, in: PM2HW2N 07, ACM, 2007, pp. 119-123, doi:10.1145/1298275.
1298301.

[11] O. Ormond, P. Perry, J. Murphy, Network selection decision in wireless het-
erogeneous networks, in: Personal, Indoor and Mobile Radio Communica-
tions, 2005. PIMRC 2005. IEEE 16th International Symposium on, vol. 4, 2005,
pp. 2680-2684, doi:10.1109/PIMRC.2005.1651930.

[12] X. Liu, V. Li, P. Zhang, Nxg04-4: joint radio resource management through
vertical handoffs in 4G networks, in: Global Telecommunications Conference,
2006. GLOBECOM '06. IEEE, 2006, pp. 1-5, doi:10.1109/GLOCOM.2006.338.

[13] M. Haddad, S. Elayoubi, E. Altman, Z. Altman, A hybrid approach for radio re-
source management in heterogeneous cognitive networks, Sel. Areas Commun.
IEEE J. 29 (4) (2011) 831-842, doi:10.1109/JSAC.2011.110414.

[14] A.L. Wilson, A. Lenaghan, R. Malyan, Optimising wireless access network se-
lection to maintain QoS in heterogeneous wireless environments, in: L. Heinzl,
N. Prasad (Eds.), WPMC 2005, 8th International Symposium on Wireless Per-
sonal Multimedia Communications, NICT, 2005, pp. 1236-1240.

[15] C. Hwang, K. Yoon, Multiple attribute decision making: methods and applica-
tions: a state-of-the-art survey, Lecture notes in Economics and Mathematical
Systems, Springer-Verlag, 1981, doi:10.1007/978-3-642-48318-9.

[16] F. Bari, V. Leung, Automated network selection in a heterogeneous wireless
network environment, Network, IEEE 21 (1) (2007) 34-40, doi:10.1109/MNET.
2007.314536.

[2

[3

5

[6

(7


http://dx.doi.org/10.1109/NOMS.2008.4575220
http://dx.doi.org/10.1109/TNET.2007.899068
https://dx.doi.org/10.1016/j.comcom.2010.02.015
http://dx.doi.org/10.1109/QSHINE.2004.33
http://dx.doi.org/10.1109/ICC.2006.255766
http://dx.doi.org/10.1002/bltj.21603
http://dx.doi.org/10.1109/WCNC.2005.1424705
http://dx.doi.org/10.1109/ICC.2005.1494578
http://dx.doi.org/10.1109/INM.2011.5990516
http://dx.doi.org/10.1145/1298275.1298301
http://dx.doi.org/10.1109/PIMRC.2005.1651930
http://dx.doi.org/10.1109/GLOCOM.2006.338
http://dx.doi.org/10.1109/JSAC.2011.110414
http://refhub.elsevier.com/S1389-1286(16)30245-6/sbref0014
http://refhub.elsevier.com/S1389-1286(16)30245-6/sbref0014
http://refhub.elsevier.com/S1389-1286(16)30245-6/sbref0014
http://refhub.elsevier.com/S1389-1286(16)30245-6/sbref0014
http://dx.doi.org/10.1007/978-3-642-48318-9
http://dx.doi.org/10.1109/MNET.2007.314536

64 C. Pereira et al./ Computer Networks 108 (2016) 55-65

[17] C. Prehofer, N. Nafisi, Q. Wei, A framework for context-aware handover deci-
sions, in: 14th IEEE Proceedings on Personal, Indoor and Mobile Radio Commu-
nications (PIMRC), 2003., vol. 3, 2003, pp. 2794-2798 vol.3, doi:10.1109/PIMRC.
2003.1259253.

[18] N. Shenoy, A framework for seamless roaming across heterogeneous next gen-
eration wireless networks, Wirel. Netw. 11 (6) (2005) 757-774, doi:10.1007/
s11276-005-3529-2.

[19] Q.-T. Nguyen-Vuong, N. Agoulmine, E. Cherkaoui, L. Toni, Multicriteria opti-
mization of access selection to improve the quality of experience in hetero-
geneous wireless access networks, Vehicular Technol. IEEE Trans. 62 (4) (2013)
1785-1800, doi:10.1109/TVT.2012.2234772.

[20] AH. Zahran, C. Sreenan, Threshold-based media streaming optimization for
heterogeneous wireless networks, Mob. Comput. IEEE Trans. 9 (6) (2010) 753-
764, doi:10.1109/TMC.2010.17.

[21] S. Han, H. Joo, D. Lee, H. Song, An end-to-end virtual path construction sys-
tem for stable live video streaming over heterogeneous wireless networks, Sel.
Areas Commun. IEEE ]. 29 (5) (2011) 1032-1041, doi:10.1109/JSAC.2011.110513.

[22] C. Cetinkaya, E. Knightly, Opportunistic traffic scheduling over multiple net-
work paths, in: INFOCOM 2004. Twenty-third Annual Joint Conference of the
[EEE Computer and Communications Societies, vol. 3, 2004, pp. 1928-1937,
doi:10.1109/INFCOM.2004.1354602.

[23] H. Han, S. Shakkottai, C. Hollot, R. Srikant, D. Towsley, Multi-path TCP: a joint
congestion control and routing scheme to exploit path diversity in the inter-
net, Netw. IEEE/ACM Trans. 14 (6) (2006) 1260-1271, doi:10.1109/TNET.2006.
886738.

[24] B. Xing, N. Venkatasubramanian, Multi-constraint dynamic access selection in
always best connected networks, in: The Second Annual International Con-
ference on Mobile and Ubiquitous Sys: Netw. and Serv. (MobiQuitous) 2005.,
2005, pp. 56-64, doi:10.1109/MOBIQUITOUS.2005.39.

[25] J. Luo, R. Mukerjee, M. Dillinger, E. Mohyeldin, E. Schulz, Investigation of radio
resource scheduling in WLANs coupled with 3G cellular network, IEEE Com-
mun. Mag. 41 (6) (2003) 108-115, doi:10.1109/MCOM.2003.1204756.

[26] K. Chebrolu, R. Rao, Bandwidth aggregation for real-time applications in het-
erogeneous wireless networks, Mob. Comput. IEEE Trans. 5 (4) (2006) 388-
403, doi:10.1109/TMC.2006.1599407.

[27] J. Lee, S. Bahk, On the MDP-based cost minimization for video-on-demand ser-
vices in a heterogeneous wireless network with multihomed terminals, Mob.
Comput. [EEE Trans. 12 (9) (2013) 1737-1749, doi:10.1109/TMC.2012.139.

[28] C. Xu, T. Liu, J. Guan, H. Zhang, G.-M. Muntean, CMT-QA: quality-aware adap-
tive concurrent multipath data transfer in heterogeneous wireless networks,
Mob. Comput. IEEE Trans. 12 (11) (2013) 2193-2205, doi:10.1109/TMC.2012.
189.

[29] ]. Lee, N. Dinh, G. Hwang, J.K. Choi, C. Han, Power-efficient load distribution
for multihomed services with sleep mode over heterogeneous wireless access
networks, Vehicular Technol. IEEE Trans. 63 (4) (2014) 1843-1854, doi:10.1109/
TVT.2013.2289390.

[30] S. Prabhavat, H. Nishiyama, N. Ansari, N. Kato, Effective delay-controlled load
distribution over multipath networks, Parallel Distrib. Syst. IEEE Trans. 22 (10)
(2011) 1730-1741, doi:10.1109/TPDS.2011.43.

[31] A.L. Ramaboli, O.E. Falowo, A.H. Chan, Bandwidth aggregation in heterogeneous
wireless networks: a survey of current approaches and issues, J. Netw. Comput.
Appl. 35 (6) (2012) 1674-1690, doi:10.1016/j.jnca.2012.05.015.

[32] M. Ismail, W. Zhuang, S. Elhedhli, Energy and content aware multi-homing
video transmission in heterogeneous networks, Wirel. Commun. IEEE Trans. 12
(7) (2013) 3600-3610, doi:10.1109/TWC.2013.062713.130302.

[33] M. Ismail, W. Zhuang, Mobile terminal energy management for sustainable
multi-homing video transmission, Wirel. Commun. IEEE Trans. 13 (8) (2014)
4616-4627, doi:10.1109/TWC.2014.2320726.

[34] N. Capela, S. Sargento, Multihoming and network coding: a new approach to
optimize the network performance, Comput. Netw. 75, Part A (2014) 18-36,
doi:10.1016/j.comnet.2014.09.002.

[35] R. Ahlswede, N. Cai, S.-Y. Li, R. Yeung, Network information flow, Inf. Theory
IEEE Trans. 46 (4) (2000) 1204-1216, doi:10.1109/18.850663.

[36] C. Fragouli, J.-Y. Le Boudec, J. Widmer, Network coding: an instant primer,
SIGCOMM Comput. Commun. Rev. 36 (1) (2006) 63-68, doi:10.1145/1111322.
1111337.

[37] ]. Sundararajan, D. Shah, M. Medard, M. Mitzenmacher, J. Barros, Network
coding meets TCP, in: INFOCOM 2009, IEEE, 2009, pp. 280-288, doi:10.1109/
INFCOM.2009.5061931.

[38] T. Ho, M. Medard, R. Koetter, D. Karger, M. Effros, J. Shi, B. Leong, A random
linear network coding approach to multicast, Inf. Theory IEEE Trans. 52 (10)
(2006) 4413-4430, doi:10.1109/TIT.2006.881746.

[39] S.-Y. Li, R. Yeung, N. Cai, Linear network coding, Inf. Theory IEEE Trans. 49 (2)
(2003) 371-381, doi:10.1109/TIT.2002.807285.

[40] D.S. Lun, M. Medard, R. Koetter, M. Effros, On coding for reliable communi-
cation over packet networks, Phys. Commun. 1 (1) (2008) 3-20, doi:10.1016/j.
phycom.2008.01.006.

[41] ]. Cloud, F. du Pin Calmon, W. Zeng, G. Pau, L. Zeger, M. Medard, Multi-path
tcp with network coding for mobile devices in heterogeneous networks, in:
Vehicular Technology Conference (VTC Fall), 2013 IEEE 78th, 2013, pp. 1-5,
doi:10.1109/VTCFall.2013.6692295.

[42] J. Widmer, C. Fragouli, J. yves Le Boudec, Low-complexity energy-efficient
broadcasting in wireless ad-hoc networks using network coding, in: In Proc.
Workshop on Network Coding, Theory, and Applications, 2005.

[43] S. Katti, H. Rahul, W. Hu, D. Katabi, M. Medard, ]. Crowcroft, XORs in the air:
practical wireless network coding, Netw. IEEE/ACM Trans. 16 (3) (2008) 497-
510, doi:10.1109/TNET.2008.923722.

[44] S. Lin, J. Costello DJ., M. Miller, Automatic-repeat-request error-control
schemes, Commun. Mag. IEEE 22 (12) (1984) 5-17, doi:10.1109/MCOM.1984.
1091865.

[45] R. Hamming, Error detecting and error correcting codes, Bell Syst. Tech. ]. 29
(2) (1950) 147-160, doi:10.1002/j.1538-7305.1950.tb00463 x.

[46] M. Luby, Lt codes, in: Foundations of Computer Science, 2002. Proceedings.
The 43rd Annual IEEE Symposium on, 2002, pp. 271-280, doi:10.1109/SFCS.
2002.1181950.

[47] A. Shokrollahi, Raptor codes, Inf. Theory IEEE Trans. 52 (6) (2006) 2551-2567,
doi:10.1109/TIT.2006.874390.

[48] R. Gallager, Low-density parity-check codes, Inf. Theory IRE Trans. 8 (1) (1962)
21-28, doi:10.1109/TIT.1962.1057683.

[49] C. Berrou, A. Glavieux, P. Thitimajshima, Near shannon limit error-correcting
coding and decoding: turbo-codes. 1, in: Communications, 1993. ICC '93
Geneva. Technical Program, Conference Record, IEEE International Conference
on, vol. 2, 1993, pp. 1064-1070, doi:10.1109/ICC.1993.397441.

[50] LS. Reed, G. Solomon, Polynomial codes over certain finite fields, ]J. Soc. Ind.
Appl. Math. 8 (2) (1960) 300-304, doi:10.1137/0108018.

[51] M. Wu, S.S. Karande, H. Radha, Network-embedded FEC for optimum through-
put of multicast packet video, Signal Process 20 (8) (2005) 728-742. Special
issue on Video Networkingspecial issue on Video Networking. doi: 10.1016/j.
image.2005.05.002.

[52] A. ParandehGheibi, M. Medard, A. Ozdaglar, S. Shakkottai, Avoiding interrup-
tions: a QoE reliability function for streaming media applications, IEEE ]. Sel.
Areas Comm. 29 (5) (2011) 1064-1074, doi:10.1109/JSAC.2011.110516.

[53] A. Moreira, D. Lucani, Coded schemes for asymmetric wireless interfaces: the-
ory and practice, Sel. Areas Commun. IEEE ]. 33 (2) (2015) 171-184, doi:10.
1109/JSAC.2014.2384233.

[54] C. Pereira, A. Aguiar, D. Lucani, Dynamic load allocation for multi-homing via
coded packets, in: Vehicular Technology Conference (VTC Spring), 2013 IEEE
77th, 2013, pp. 1-5, doi:10.1109/VTCSpring.2013.6692525.

[55] J. Sundararajan, D. Shah, M. Medard, ARQ for network coding, in: Information
Theory, 2008. ISIT 2008. IEEE International Symposium on, 2008, pp. 1651-
1655, doi:10.1109/ISIT.2008.4595268.

[56] E. Gilbert, Capacity of a burst-noise channel, Bell Syst. Tech. ] 39 (5) (1960)
1253-1265, doi:10.1002/j.1538-7305.1960.tb03959.x.

[57] E. Elliott, Estimates of error rates for codes on burst-noise channels, Bell Syst.
Tech. J. 42 (5) (1963) 1977-1997, doi:10.1002/j.1538-7305.1963.tb00955..x.

[58] D.S. Lun, N. Ratnakar, M. Medard, R. Koetter, D.R. Karger, T. Ho, E. Ahmed,
F. Zhao, Minimum-cost multicast over coded packet networks, IEEE Trans. Inf.
Theory 52 (6) (2006) 2608-2623, doi:10.1109/TIT.2006.874523.

[59] V. Cerny, Thermodynamical approach to the traveling salesman problem: an
efficient simulation algorithm, J. Optim. Theory Appl. 45 (1) (1985) 41-51,
doi:10.1007/BF00940812.

[60] S. Kirkpatrick, C.D. Gelatt, M.P. Vecchi, Optimization by simulated annealing,
Science 220, 4598 (1983) 671-680, doi:10.1126/science.220.4598.671. Number
4598, 13 May 1983

[61] High performance computing (HPC) at the faculty of engineering of univer-
sity of porto, 2015, (https://www.grid.fe.up.pt/web/guest/clusters). [Online; ac-
cessed 15-July-2015].


http://dx.doi.org/10.1109/PIMRC.2003.1259253
http://dx.doi.org/10.1007/s11276-005-3529-2
http://dx.doi.org/10.1109/TVT.2012.2234772
http://dx.doi.org/10.1109/TMC.2010.17
http://dx.doi.org/10.1109/JSAC.2011.110513
http://dx.doi.org/10.1109/INFCOM.2004.1354602
http://dx.doi.org/10.1109/TNET.2006.886738
http://dx.doi.org/10.1109/MOBIQUITOUS.2005.39
http://dx.doi.org/10.1109/MCOM.2003.1204756
http://dx.doi.org/10.1109/TMC.2006.1599407
http://dx.doi.org/10.1109/TMC.2012.139
http://dx.doi.org/10.1109/TMC.2012.189
http://dx.doi.org/10.1109/TVT.2013.2289390
http://dx.doi.org/10.1109/TPDS.2011.43
http://dx.doi.org/10.1016/j.jnca.2012.05.015
http://dx.doi.org/10.1109/TWC.2013.062713.130302
http://dx.doi.org/10.1109/TWC.2014.2320726
http://dx.doi.org/10.1016/j.comnet.2014.09.002
http://dx.doi.org/10.1109/18.850663
http://dx.doi.org/10.1145/1111322.1111337
http://dx.doi.org/10.1109/INFCOM.2009.5061931
http://dx.doi.org/10.1109/TIT.2006.881746
http://dx.doi.org/10.1109/TIT.2002.807285
http://dx.doi.org/10.1016/j.phycom.2008.01.006
http://dx.doi.org/10.1109/VTCFall.2013.6692295
http://refhub.elsevier.com/S1389-1286(16)30245-6/sbref0042
http://refhub.elsevier.com/S1389-1286(16)30245-6/sbref0042
http://refhub.elsevier.com/S1389-1286(16)30245-6/sbref0042
http://refhub.elsevier.com/S1389-1286(16)30245-6/sbref0042
http://dx.doi.org/10.1109/TNET.2008.923722
http://dx.doi.org/10.1109/MCOM.1984.1091865
http://dx.doi.org/10.1002/j.1538-7305.1950.tb00463.x
http://dx.doi.org/10.1109/SFCS.2002.1181950
http://dx.doi.org/10.1109/TIT.2006.874390
http://dx.doi.org/10.1109/TIT.1962.1057683
http://dx.doi.org/10.1109/ICC.1993.397441
http://dx.doi.org/10.1137/0108018
https://dx.doi.org/10.1016/j.image.2005.05.002
http://dx.doi.org/10.1109/JSAC.2011.110516
http://dx.doi.org/10.1109/JSAC.2014.2384233
http://dx.doi.org/10.1109/VTCSpring.2013.6692525
http://dx.doi.org/10.1109/ISIT.2008.4595268
http://dx.doi.org/10.1002/j.1538-7305.1960.tb03959.x
http://dx.doi.org/10.1002/j.1538-7305.1963.tb00955.x
http://dx.doi.org/10.1109/TIT.2006.874523
http://dx.doi.org/10.1007/BF00940812
http://dx.doi.org/10.1126/science.220.4598.671
https://www.grid.fe.up.pt/web/guest/clusters

C. Pereira et al./ Computer Networks 108 (2016) 55-65 65

Carlos Pereira received his MSc degree in electrical and computer engineering from the University of Porto, Portugal, in 2011. He is currently
pursuing a Ph.D. degree in electrical and computer engineering also at University of Porto. His research interests include machine-to-machine
communications, heterogeneous wireless systems, and vehicular networks.

Ana Aguiar (S'94-M'98-S'02-M’09) received the electrical and computer engineering degree from the University of Porto, Porto, Portugal, in 1998,
and the Ph.D. in telecommunication networks from the Technical University of Berlin, Berlin, Germany, in 2008. Since 2009, she has been an
assistant professor with the Faculty of Engineering, University of Porto. She contributes to several interdisciplinary projects in the fields of smart
cities, intelligent transportation systems and well being (stress). Her research interests include wireless networked systems, specifically mobile ad-
hoc networks, crowdsensing, and machine-to-machine communications and Internet of Things. She began her career as an RF Engineer working
for cellular operators, and she worked at Fraunhofer Portugal AICOS on service-oriented architectures and wireless technologies applied to ambient
assisted living. She is the author of several papers published and presented in IEEE and ACM journals and conferences, and a reviewer for IEEE and
ACM conferences and journals.

Daniel E. Lucani (S'04, M'10) is an associate professor in the department of Electronic Systems, University of Aalborg, Denmark. He was an assistant
professor at the Faculty of Engineering of the University of Porto and a member of the Instituto de Telecomunicagdes (IT) from April 2010 to
July 2012 before joining Aalborg University. He received his B.S. (summa cum laude) and M.S. (with honors) degrees in electronics engineering
from Universidad Simén Bolivar, Venezuela in 2005 and 2006, respectively, and the Ph.D. degree in electrical engineering from the Massachusetts
Institute of Technology (MIT) in 2010. His research interests lie in the general areas of communications and networks, network coding, information
theory and their applications to highly volatile wireless sensor networks, satellite and underwater networks, focusing on issues of robustness,
reliability, delay, energy, and resource allocation. Prof. Lucani was a visiting professor at MIT. He is the general co-chair of the 2014 International
Symposium on Network Coding (NetCod2014) and was the general co-chair of the Network Coding Applications and Protocols Workshop (NC-Pro
2011). Dr. Lucani has also served as TPC member for international conferences and as reviewer for high impact journals, such as, IEEE Journal
of Selected Areas in Communications, IEEE Transactions on Information Theory, IEEE Transactions on Communications, IEEE Transactions on Wireless
Communications, and IEEE/ACM Transactions on Networking.



	When are network coding based dynamic multi-homing techniques beneficial?
	1 Introduction
	2 Framework
	2.1 Comparison policies
	2.2 Metrics

	3 Simulated Annealing meta-heuristics
	4 Results
	4.1 Channels with same energy consumption
	4.2 Channels with different energy consumptions
	4.2.1 Energy Consumption Gap of DPOEC with respect both to the fixed policies and DPOCU
	4.2.2 Energy Consumption Gap of DPOEC with respect only to the fixed policies


	5 Discussion
	6 Conclusions
	 Acknowledgements
	 References


