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Abstract:

Wireless ad hoc networks are seldom characterized by one single per-

formance metric, yet the current literature lacks a exible framework to assist
in characterizing the design tradeos in such networks. The aim of this paper
is not to propose another routing strategy. Instead, we address this problem by
proposing a new modeling framework for routing in ad hoc networks, which will
result in a better understanding of network behavior and performance when multiple criteria are relevant. Our approach is to take a holistic view of the network
that captures the cross-interactions among interference management techniques
implemented at various layers of the protocol stack. The resulting framework
is a complex multiobjective optimization problem that can be solved through
existing multiobjective search techniques. In this contribution, we present the
Pareto optimal sets for an example sensor network when delay, robustness and
energy are considered.
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Un Modèle Multiobjectif pour le Routage dans
les Réseaux Ad Hoc Sans-l
Résumé :

Les réseaux sans-ls de type ad hoc sont rarement caractérisé par un

unique critère de performance et pourtant, il n'existe pas à notre connaissance un
modèle exible qui permette de caractériser clairement les compromis existants
entre plusieurs mesures de performance.

Le but de ces travaux n'est pas de

proposer une nouvelle stratégie de routage mais de dénir une modélisation
du routage dans les réseaux ad hoc qui permette de mieux comprendre le
comportement du réseau quand on cherche à optimiser plusieurs mesures de
performance. L'approche proposée se base sur une vue macroscopique du réseau
qui prend en compte les interactions croisées issues des diérentes techniques de
gestion des interférences présentes dans les couches de la pile protocolaire. La
modélisation proposée se traduit par un problème d'optimisation multiobjectifs
complexe qui peut être résolu à l'aide de métaheuristiques existantes de recherche
multiobjectifs. Dans ce rapport, le modèle est appliqué aux réseaux de capteurs.
Nous présentons les ensembles de solutions Pareto-optimales qui caractérisent
les compromis obtenus pour trois métriques que sont la robustesse, le délai et
l'énergie pour un premier environnement de test.

Mots-clés :
interferences

Réseaux sans-l, Evaluation de performance, Optimisation multiobjectifs,
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1 Introduction
Wireless ad hoc or sensor networks often operate in dicult environments and
require several performance criteria to be satised, related to timely, reliable,
and secure information transfer. To ensure information transfer across a network, one of the key elements is the selected routing protocol whose design poses
signicant challenges. In such networks, cooperation among all layers of the protocol stack should be enlisted to deal with channel impairments, and thus the
design of a routing protocol should be viewed in the context of its interactions
with other interference management techniques implemented at other layers of
the protocol stack.
To further add to the list of design challenges, it is seldom possible to equally
optimize" all desirable performance criteria, as some of them may be antagonistic in nature. From a myriad of possible operating points, which one is more
optimal"? Understanding the tradeos involved with respect to various performance metrics will not only lead to a better design, but also will allow for the
selection of a set of possible operating points (characterized by various tradeos) to enable a graceful degradation of the network performance as the channel
conditions worsen. While there is a tremendous work done for developing routing algorithms in wireless networks, no integrated design framework exists to
address the many facets of the problem described above.
There is a signicant eort to characterize the theoretical performance of ad
hoc wireless networks. Most of it is focused on their theoretical capacity, which
has been assessed by several landmark papers under various assumptions [14].
However, none of these works directly supports a practical implementation of a
routing algorithm, and they lack a general view of multiple objective tradeos though some of them do consider the impact of the end-to-end delay on capacity. On the other hand, there is vast literature on designing routing protocols
optimized for various specic criteria and specic network instances (e.g. [5, 6]
and the references within). It is very hard to compare the quality of these solutions as no benchmarks for multiple criteria performance routing exist. Limited
work exists on designing multiobjective (MO) routing [7], and again the network
scenarios used for optimization are very application specic.
Understanding the tradeos involved with various routing solutions will enable adaptive resource management across layers and nodes, leading to a more
accurate local to global performance mapping" for practical routing protocol
design. In this paper, our aim is not to develop a new routing algorithm but to
provide a larger framework capable of capturing the performance tradeos of a
given network by computing the set of Pareto-optimal routing strategies. This
characterization provides an ecient tool to:



compare the performance of existing routing algorithms to the bound provided by the set of Pareto-optimal strategies, and



foster the development of more ecient and exible routing strategies,
depending on the requirements an end user would put on the performance
of the network.

The proposed framework encompasses various routing techniques (e.g. multihop, probabilistic routing, etc..)
formulation.
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Figure 1: Node and link probabilities on a link

(i, j).

Our main contributions in this work are two-fold:



Propose a general cross-layer framework network model, capable of capturing the impact and interaction of a wide range of interference and resource
management techniques for various channel conditions;



Formulate a multiobjective routing optimization problem by dening appropriate evaluation functions for criteria such as: robustness of information transfer, end-to-end delay, and energy consumption.

The multiobjective routing optimization problem described in the following can
be solved using existing multiobjective search techniques [9]. However, we will
concentrate on the model description and only give a short description of the
optimization heuristic considered for solving the problem.
The paper is organized as follows. In Section 2 we present our cross-layer
framework based on a probabilistic network model. Section 3 formulates routing in an ad hoc network as a multiobjective optimization problem and Section
4 provides a rst formulation applied to sensor networks. Results for a simple
problem instance are then given in Section 5 to illustrate our modeling framework and Section 6 concludes the paper.

2 A Cross-layer Framework for Network Modeling
2.1

Probabilistic network model

Our proposed model considers a probabilistic network which is characterized
by two probability measures: link and node probability. These two parameters
completely characterize the network and capture cross-layer interactions.

The node probability (χi ) captures the availability of node i for routing

purposes, i.e. the probability that node

i

node probability has two components (χi

re-broadcasts a received packet. The

= ξi · xi ),

one that is determined by

the environment and protocol implementations at adjacent layers,

ξi ,

(e.g. con-

gestion models, node failures, security risks, energy levels), and one component

xi

that corresponds to network routing choices, which we aim to optimize in the

multiobjective routing framework.

The link probability (pij )

captures the link availability, i.e., the proba-

bility of a successful transmission over a link

(i, j).

Characterization of the link

probability is impacted by impairments and enhancements at various layers of
the protocol stack such as fading at the physical layer or congestion at the MAC
layer. Both node and link probabilities are illustrated in Fig. 1.

INRIA
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Both node and link probability measures are strongly related due to the nature of the wireless channel. Hence, once the node probabilities

χi

are set, the

activity of every node of the network is xed and the interference distribution
can be completely determined given the nodes's activity on the wireless channel.
As a consequence, the link probabilities can be computed as a function of the
signal to noise and interference ratio (SINR). Once link and node probabilities
are available, various performance metrics such as delay, robustness or energy
consumption can be calculated for various transmission schemes (unicast, multicast, broadcast, anycast, etc...).
In the following, we consider the set of node probabilities as the variables
of the network optimization problem. Finding the best possible routing choices
with respect to one particular criterion reduces to the problem of selecting the
set of node probabilities that optimizes one particular objective of the network.
Within a multiobjective perspective, solving the network optimization problem
requires nding the set of Pareto-optimal solutions that concurrently optimizes
several performance metrics of the network.
To illustrate our framework, we consider here a network where the nodes are
independent and randomly distributed according to a random point process of
density

ρ over a disk D.

The communication between any two nodes is performed

in a half-duplex mode over a single to multi-hop path. The bandwidth of the
channel is divided into

R resources (time slots, frequencies or codes).

For clarity

purposes, we present this model in the context of time-multiplexing.
This paper concentrates on a single ow but our framework can be extended
to multiple ows since the proposed interference model accurately accounts for
all the nodes transmitting in the network. Hence, one source transmits a constant trac in one of the

R

time slots.

A relay does not keep track of the

packets already transmitted and consequently may forward the same packet
several times. However, a node relays the packets in the order they are received
in one of its available resources. If several packets are received in the same frame
it can only transmit the proportion of packets its global transmission probability

xi

allows.

The packets that the node can not forward are dropped.

maximum number of hops

2.2

HM

The

a packet can travel in the network is also xed.

Link probabilities

A realistic link

pij (r),

(i, j) in time slot r is characterized by its transmission probability

which is a function of the statistical distribution of the SINR at the

location of the destination node

j.

Such a computation captures the cross-

layer impact of the routing decision on the physical layer performance since the
activity of all the nodes of the network are accounted for statistically in the
model. The following are some preliminary denitions and notations that are
needed to dene the link probability:

Pathloss attenuation factor
eects between node

i

and

j.

aij

reects the attenuation due to propagation

In our simulations, the simple isotropic propaga-

tion model is considered.

Interference

Since we consider time-multiplexed channels, interference only

occurs between transmissions using the same channel at the same time. Hence,
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the power of interference

j

at node

Iij (r)

(i, j)

on a link

using resource

r

and computed

is dened by:

I ij (r) =

K
X

Pk akj for k 6= i

(1)

k=1

K

where

SINR

is the number of interfering signals in resource

The SINR between any two nodes

γ ij (r) =

i

and

j

r.

in resource

r

is given by:

Pij
N0 + Iij (r)

(2)

Pij is the power received in j , Iij (r) is the interference
N0 the noise power density. We have Pij = Pi aij for a
transmission power Pi and a pathloss attenuation factor aij .
where

power on the

link and

xed nominal

Packet error rate (PER)
rate

P ER

For a specic value of SINR

γ,

the packet error

can be computed according to:

Nb

P ER(γ) = 1 − [1 − BER(γ)]
where

Nb

is the number of bits of a data packet and

for the specied SINR per bit

γ

(3)

BER(γ) is the bit error rate

which depends on the physical layer technology

and the statistics of the channel. Results are given for an AWGN channel and a
BPSK modulation without coding where

Transmission rate

BER(γ) = Q


√
2γ = 0.5 ∗ erfc( γ).

The activity of a network node in a channel

τi (r) ∈ [0, 1]

is given by its transmission rate

Additional Notations

A node

r ∈ [1, .., R]

in that particular channel. This

rate is dened as the percentage of time a node

0,

√

i

transmits using resource

i is said to be active in the network if

P

r.

r τi (r)

>

and
-

M

gives the number of active nodes of the network,

- An interfering set on a link

L refers to the set

P−i
M −1
L = k=1 Mk−1 + 1.
-

The link probability

(i, j)

is a set of

K ≤M −1

active nodes,

of all possible interfering sets and has a cardinality of

pij (r)

depends on the distribution of the SINR, and

consequently on the distribution of the corresponding packet error rates. It is
dened by the equation:

pij (r) =

L
X

[1 − P ERl (r)] .Pl (r)

(4)

l=1
where the index

l

represents one of the

L

γl (r)
(i, j) for

interfering sets. Consequently,

is the SINR experienced because of the interfering set

l

on the link

INRIA
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is the corresponding PER. The SINR can be com-

puted according to Eq. (2) considering the

K

interfering links of

l

and the PER

according to Eq. (3).

Pl (r)
tribution

l

is the probability for the link

l in resource r, i.e.

(i, j)

to experience the interference dis-

the probability that the nodes of the interfering set

are transmitting concurrently and the others are not. Hence, this probability

for a link

(i, j)

is given by:

K
Y

Pl (r) =

M −K−1
Y

τk (r) ·

In Eq. (5),

M −K −

2.3

(5)

QK

interfering set
the

(1 − τm (r))

m=1

k=1

that the K active nodes of the
k=1 τk (r) gives the probability
QM −K−1
l are transmitting and m=1
(1 − τm (r)) the probability that
1 other active nodes are not.

Node probabilities and transmission rate

The variables of our model are the probability
re-transmit a received message.

χi = ξi · xi

i
ξi = 1

for each node

In the following, we consider that

simplify our model. Hence, the main variable is the `forwarding probability'

to
to

xi .

There is no notion of routing paths herein and a packet sent by a source may
use one or more paths in parallel to reach the destination.
received packet by node
with probability
that node

i

1 − xi .

i

is forwarded.

Values of

For

xi ∈ ]1, R]

xi < 1

node

i

For

xi = 1

each

drops the packets

are not allowed yet as they imply

transmits several copies of the same packet.

τi (r) in resource r is a function of the
xi but also depends on the amount of trac coming into node i,

As stated earlier, the transmission rate
node probability

which is a function of the activity of the other nodes of the network. As a consequence, computing the values of
determining the

τi (r)

themselves a function of the
the variables

x

τi (r)

knowing the

xi

values is intractable since

requires the knowledge of the link probabilities which are

τi (r)

values. However, the reverse approach where

are expressed as a function of the

τi (r)

can be easily derived as

stated below. Hence, such a reverse approach leads to the use of the transmission rates as the variables of our multiobjective optimization problem instead
of the forwarding probabilities. This reverse approach represents an important
contribution of our cross-layer model since it captures an exact picture of the
interference distribution at the physical layer and determines the corresponding
node forwarding probability

Relationship between
[1..R], i ∈ [1..N ],

xi

xi

at the routing level.

and the

τi (r)

Given the values of

τi (r), ∀r ∈

we can dene the quantity of information coming from all the

neighbors of node

i

(except from the destination) by:

qi =

X X

pki (r).τk (r).vki

(6)

k6={i,D} r

pki (r).τk (r).vki is the probability that a packet arrives in node i from
in resource r .
The variable vki is introduced to represent the usefulness of the link (k,i)

where
node

k

with respect to the maximum number of hops constraint. Hence, if no data can

RR
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k because the hop count h for all the packets k received
HM , we have vki = 0. On the contrary, we have vki = 1 if
k only receives packets with a number of hops h < HM . If k receives packets
with both h < HM and h = HM , vki represents the proportion of packets being
arrive from neighbor
is already equal to

retransmitted.
The quantity of information going out of

i is given by the sum of the τi (r) over

all the time slots. Hence, we can determine the global forwarding probability of

i

to be:

P
τ (r)
Pr i
k6={i,D}
r pki (r).τk (r).vki

xi = P

(7)

3 A multiobjective optimization problem
The performance of most wireless networks can be assessed with regards to
various criteria such as throughput or capacity, end-to-end transmission delay,
overall energy consumption or transmission robustness.

The purpose of the

multiobjective framework presented in this work is to determine, given a network
and a communication pattern, what kind of trade-os arise between chosen
performance metrics when varying the routing strategies. It relies on the crosslayer probabilistic network model presented in Section 2.

3.1

Variables of the Multiobjective (MO) Framework

The routing strategies are the variables of our multiobjective optimization problem and a solution is dened by:

Denition 1

transmission rates

S of the MO framework is dened by the
τi (r) ∈ [0, 1] used by each node i on each resource r:

A solution

set of

S = {τi (r)}i∈[1,..,N ],r∈[1..R]
The set of node probabilities

xi,i∈[1..N ]

is derived according to Eq.(7) and repre-

sents the routing strategy of the network. Each variable
a discrete set

Γ

of size

T = |Γ|.

(8)

τi (r) takes its values in

As a consequence, the solution space is derived

as:

|S| =

N
X

N −2
m



T R.m

(9)

m=0
In order to reduce the size of this very big search space, we only consider solutions where at least one cumulative time slot per node is available in the frame,

s.t. ∀i ∈ [1, N ],

i.e.

PR

t=1 τi (r)

≤ R − 1.

The solutions that do not meet

this constraint are usually very bad solutions since at least one of the nodes of
the solution is transmitting in all its time slots preventing a failure free packet
reception.
Using this denition of a routing strategy, a solution may reect various features: it can be single-hop or multi-hop, single path or multi-path, probabilistic
or deterministic.

3.2

MO-Tabu: a multiobjective optimization heuristic

The aim of our MO framework is to obtain the set of Pareto-optimal routing
strategies of the MO problem.

A Pareto-optimal set is composed of all the

INRIA
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Figure 2: PMOTS: Description of one search iteration.

non-dominated solutions of the MO problem with respect to the performance
metrics considered. The denition of dominance is:

Denition 2 A solution A dominates a solution B

problem if
than

B

A is at least as good as B

n−objective MO
A is strictly better

for a

for all the objectives and

for at least one objective. Mathematically, we have for a minimization

problem:

∀i ∈ [1, n] : fi (A) ≤ fi (B), ∃j ∈ [1, n] : fj (A) < fj (B)

(10)

The considered optimization problem is solved using a multiobjective meta-

Parallel MultiObjective Tabu Search) described in [9].

heuristic called PMOTS (

It is based on the Tabu metaheuristic [10], a local search using a list of Tabu
solutions to reduce the occurrence of loops in the search.
tiobjective extension of Tabu search where

K

PMOTS is a mul-

Tabu searches are performed in

parallel. Its macro-algorithm is given in Algorithm 1 and a graphical description
is shown in Fig. 2. The goal of this algorithm is to obtain a the best possible

FP .
K parallel search paths are represented as a search
set or search front Fc (i) of K solutions. The rst set of K solutions is randomly
created. A set of neighbor solutions V (Sk ) for each solution Sk of the search
approximation of the Pareto-optimal set of solutions
In a search iteration, the

front is computed according to a set of rules. Further details on these rules can
be found in [9]. The pool of neighbor solutions is added to the current Paretooptimal front

FP ,

and the new front

FP

is extracted from it using a dominance

criterion.
A new search front

Fc (i + 1)

is selected by choosing promising non-Tabu

solutions that are not always non-dominated to avoid a premature convergence
of the algorithm. Therefore for a path

k , each new solution is selected randomly

Sk

which is limited to the solutions having

in the set of neighbor solutions of

R = Rmax .
1 + d(x), where d(x) is the

number of solutions by which

the set of feasible solutions

S.

a Pareto rank

a rank

R(x) = 1.

The rank of a solution

x

is dened by

x

R(x) =

is dominated in

The solutions of the Pareto-optimal set have

In this algorithm, the Pareto ranking is local to the set of

neighbor solutions and does not include the current estimated Pareto set
By not including

FP

FP .

and selecting fairly good solutions with the Pareto rank

constraint, diversity is introduced within the search strategy. Once
chosen, the solutions of

Fc (i)

Fc (i + 1)

is

are stored in the corresponding Tabu lists.

There is also a restart strategy that creates a new random search front if
no solutions have been added to or suppressed from
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search iterations.

The algorithm stops after a xed number of iterations and

provides an estimate of the Pareto front

FP .

Algorithm 1 Macro-Algorithm for PMOTS
K

1:

Init

2:

Randomly create

3:

Tabu lists

T Lk = ∅, k ∈ [1, .., K]; FP = ∅;
K solutions and include them into

the search front

for i ∈ [0, .., Imax ] do
Fc (i + 1) = ∅;

4:

for all Sk ∈ Fc (i) do

5:

V (Sk );
V (Sk ) the solutions with Pareto rank R(S) = Rmax
and add them in PR (Sk );
Select randomly a solution of PR (Sk ) and add it into the new search
front Fc (i + 1);
Concatenate PR (Sk ) with the Pareto front FP ;
Update the Tabu list T Lk ;

6:

Compute and evaluate the neighborhood set

7:

Select from

8:

9:
10:

end for

11:
12:
13:
14:

Fc (0);

Remove the solutions having a Pareto rank

end for
Return

R(S) > 1

from

FP ;

FP ;

4 A rst application to Sensor Networks
We propose in the following to assess the performance of a wireless sensor network (WSN) by capturing the trade-os that arise between end-to-end robustness, overall energy consumption and end-to-end delay. These criteria are most
relevant since providing a maximal network throughput is usually not the main
task of a WSN. The criteria are dened for a single source-destination pair

(S, D).

4.1

Robustness criterion

Robustness is dened as the probability that a message emitted at
arrives at

D

in at most

HM

HM
fR = P(TSD
)
For any two nodes

i

and

message transmitted by
is to maximize

successfully

j

of the network,

successfully arrives

TijH
at j

(11)
represents the event that a
in at most

H

hops. Our aim

HM
P(TSD
).

Denition 2:
For a link

i

S

hops. The robustness criterion is given by:

Global link probability.

(i, j),

the global link probability

message arrives with success at node

pij =

j.

R
X
r=1;τi (r)6=0

pij

is the probability that a

It is given by:

τi (r)
pij (r) P
r τi (r)

(12)

INRIA
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pij (r)
Pis the link probability between i and j for resource r (cf. Eq.
τi (r)/ r τi (r) is the probability for the packet to be sent using r.

where
and

Denition 3:

(4)),

Robustness probability.

HM
P(TSD
) is the probability that
most HM hops and is given by:

HM
P(TSD
)=1−

the message arrives successfully at

H
M
Y

(1 − P(TSD |H = h))

D

in at

(13)

h=1

P(TSD |H = h) is the probability for a packet to arrive in h hops at D.
h = 1, P(TSD |H = 1) = pSD , the successful transmission probability on the
link (S, D) following Eq. (12). For h > 1, we have:
where

For

P(TSD |H = h) = 1 −

NS
Y

[1 − pSj xj P(TjD |H = h − 1)]

(14)

j=1
the number of possible rst hop relays of S ; pSj the link probability
S and its neighbor j ; P(TjD |H = h − 1) the probability to reach D
in (h − 1) hops and xj the forwarding probability of j . The set of NS relays
is given by all the nodes dierent from S that are active in at least one of the
PR
t
time slots in the current solution (i.e. having
t=1 (xi ) > 0, i 6= {j, S}).
with

NS

between

To reduce the computational complexity of the robustness probability, a
restricted set

NS

of rst hop relays may be considered but the loss in terms

of accuracy is hard to quantify. Therefore, we rather introduce a

value Pth computed for each path made of h hops.
P(TSD |H = h),

link threshold

While recursively calculating

Pth , the recursion
P(TSD |H = h) is set

if the probability of a path gets lower than

is stopped for that particular path and its contribution to
to zero.

4.2

Delay criterion

The end-to-end delay is the sum of the times spent at each relay on a multi-hop
path where each relay introduces a delay of 1. The criterion

fD

fD

is dened by:

v
u HM
uX
= R · t (h − 1)2 .R

(15)

h

h=1
The quantity

(h − 1)

(h − 1)

is the delay needed by a packet to arrive in

R

h

hops using

R
Rh is the probability that the packet arrived in exactly h hops and did
not arrive in 1, or 2 . . . or (h − 1) hops. For h = 1, we have Rh = P (TSD |h = 1)
and for h > 1:
relay nodes. The scaling factor

represents the delay induced by the

resources.

Rh = P(TSD |H = h).

h−1
Y

(1 − P(TSD |H = i))

i=1
If no route exists between

RR
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S

and

D

then

fD = +∞.

(16)
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Transmission Power

151mW

N0

-154dBm/Hz

Bandwidth

1Mbps

f

2.4GHz

3

Channel Model

AWGN

GT =GR =1

Modulation

BPSK

Pathloss exponent

α

Antenna gains

Figure 3: Propagation and physical layer parameter values.

4.3

Energy criterion

The energy criterion
packet sent by

S

fE

is given by the total

to reach

D.

forwarding energy

needed for a

We do not account for the energy spent by the

S . The reception (respectively transmission) of a packet
T
j in resource r consumes eR
j (r) (resp. ej (r)). Hence, the energy criterion

initial transmission in
at node

is dened as:

fE =

HM
X

E(TSD |H = h)

(17)

h=1
where

E(TSD |H = h) is the total
S and D dened by:

energy needed by the

h-hop

communications

between

E(TSD |H = h) =
NS
X

 T

pSj .eR
j + pSj .xj . ej + E(TjD |H = h − 1)

(18)

j=1

pSj .eR
j is the energy consumed for a packet reception by the neighbor
j of S ; pSj .xj .eTj is the energy consumed for the packet transmitted by neighbor
j and pSj .xj .E(TjD |H = h − 1) is the total energy consumed by the following
possible paths made of (h − 1) hops between neighbor j and the destination.
For h = 1, E(TSD |H = 1) = 0 since the energy in S is not accounted for.
In Eq. (18),

5 First Results
5.1

M -Relay problem

The results presented in this section are obtained for a small problem instance
for two reasons. First, we are able to determine the whole Pareto-optimal set
of solutions using an exhaustive search. Secondly, such a problem can be easily analyzed and provides a rst illustration of our multiobjective framework.
Thirdly, it is used to assess the eciency of the multiobjective optimization
metaheuristic we developped to tackle bigger problem instance. [9].

N = 333 nodes uniformly
RD . The distance
reduce border eects, S and D

In the following, the network is composed of
distributed with density
between

S

and

D

ρ = 0.004

over a disk

is of about 215 meters. To

D

of radius

RC << RD which ensures that the power of a node
RC is below the noise power for the nodes located at distance RD .
We consider R = 2 time slots and use a probabilistic discrete variable space. A
−10
link robustness threshold of Pth = 10
is set. Propagation and physical layer
are selected within a radius
at distance

parameters are summarized in Table 3.
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Figure 4: Representation of the projections of the Pareto-optimal set for the 1
relay problem.

The dimension of the search space can be modied by setting a maximum

M
M -relay

S.

number of forwarding nodes

in a solution

in the following as the

problem instance.

5.2

This sub-problem is addressed

Pareto-optimal set for the 1-relay problem

M = 1 and HM = 2. τi (r) takes its values in the
Γ = {0, 0.05, 0.1, . . . 0.9, 0.95, 1.0} of |Γ| = 21 elements. In that particular

In this problem instance, we set
set

case, the search space has a dimension of 76131 solutions and the Pareto-optimal
set is obtained with an exhaustive search.
For this instance, the direct link

HM
) = 0.0003
P(TSD

(S, D)

is very weak. A robustness of only

fD = 0 and an energy of fE = 0.
xi ≤ 1 that forbids a node to duplicate

is achieved with a delay of

Only 24820 solutions fulll the constraint

packets. Among these solutions, 3855 solutions are Pareto-optimal, representing respectively about 5% and 15% of the whole and the constrained solution
space. For all the Pareto-optimal solutions the relay never transmits in the rst
time slot concurrently with the source. The performance of the Pareto-optimal
set of solutions is represented in Fig. 4 in the space dened by the three evaluation functions. For clarity purposes, the projections of the Pareto set on the
robustness-delay, robustness-energy and the delay-energy planes are displayed.
The plots of Fig. 4 show that an improved robustness is obtained at the price
of an increase in delay and energy. The trade-o between robustness and delay can be easily understood since higher robustness is achieved when the relay
contributes with a higher forwarding probability
lay. Similarly, an increase of

xi

xi ,

inducing an increase in de-

triggers an accrued average energy consumption

since the relay is forwarding packets more often.
The energy consumption for all the Pareto-optimal solutions belongs to a
discrete set of 21 energy levels which is a direct consequence of the 21 values
of

τi (r)

dened in this problem instance. Hence, the denition of a continuous

transmission rate variable

τi (r)

would provide the most precise description of

the Pareto set. However, tackling the continuous formulation of our problem is
much more challenging and for our study, we will stick to the simpler discrete
formulation which still provides a fair representation of the Pareto set.

RR
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Figure 5: Location of the nodes that provide Pareto-optimal solutions in the
network (blue crosses) and of the nodes that provide a near quasi-perfect robustness (full black dots), i.e.

fR > 0.999.

The Pareto set is composed of solutions where relays belong to a set of 226
nodes, which represents about two thirds of the number of nodes of the network.
The location in the network of these 226 nodes is presented in Fig. 5. We also
highlighted on this gure the relays that provide a near perfect transmission.
We can conclude that the relays located in an ellipse near the middle of the

(S, D) distance provide the best robustness at the price of the highest delay and
energy.

The other relays present in the Pareto set provide various trade-os

depending on their values of

5.3

τi (r).

Validation of PMOTS on the 1-Relay problem

This rst simple study shows that the proposed multiobjective probabilistic
network model provides a coherent and complete view of the trade-os that
arise between robustness, delay, and energy in our network. A more extensive
analysis of the performance of the model has to be performed next by considering
a solution space that considers all the possible relaying strategies (i.e. no Mrelay search space reduction) and various network topologies. For such instances,
our problem is solved using the multiobjective optimization algorithm PMOTS
as presented in Section 3.2. Although this paper does not concentrate on the
description and the performance analysis of PMOTS, Fig. 6, 7 and

??highlights

the convergence properties of the algorithm for the 1-relay problem.
Three performance metrics measure the convergence of PMOTS towards the
Pareto-optimal set
Pareto sets

FP

FP∗

obtained through exhaustive search. The approximated

obtained by PMOTS are compared to

FP∗

with respect to the

number of iterations the search has performed using the following metrics:



The error ratio that measures the non-convergence of a search method
to

FP∗ .

It is given by:

Pn
ER =

where

n

ei = 0

if solution

i

of

FP

i=1 ei

(19)

n

belongs to

FP∗

and

ei = 1

otherwise, and

the number of solutions in the approximated Pareto front

FP .
INRIA
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The generational distance that measures the distance between a set of
n

solutions and the theoretical Pareto front

FP∗ .

It is dened by:

Pn
1/p
( i=1 dpi )
GD =
n

(20)

di is the smallest distance between a solution of FP and FP∗ . Here,
we use p = 2 and n the number of solutions of the approximated Pareto
front FP .

where



The similarity ratio

that measures the proportion of solutions of

present in the approximated Pareto set

FP .

Pn

fi

SR =
where

n∗

fi = 1

if solution

i

of

FP∗

i=1

It is given by:

(21)

n∗

belongs to

FP∗

FP

and

fi = 0
FP∗ .

elsewise, and

the number of solutions of the Pareto optimal front

The smaller the error ratio and the generational distance metrics, the smaller
in number and amplitude are the errors between
value of the similarity ratio, the more solutions of

FP
FP∗

and

FP∗ .

The higher the

are present in

FP .

These

three metrics have been calculated for the Pareto fronts obtained with PMOTS
every 20 iterations. Average and standard deviation values are computed over
10 runs of PMOTS using the same test environment.

??, it can be seen that both ER and GD quickly decrease
SR increases as more solutions are added to the Pareto-optimal

On Fig. 6, 7 and
with time while

set. Iterations 40 and 80 have been highlighted because they represent the times
at which PMOTS has evaluated the number of solutions equal to half the search
space and the entire search space, respectively. At iteration 80, only about 6%
of the solutions of

FP

do not belong to

FP∗ ,

to the Pareto optimal front as shown by the

and these solutions are really close

GD

measure of

5.10−5 .

In iteration

40, we already have a good rst picture of the Pareto-optimal set since we have

60% of the solutions of FP∗

and the erroneous solutions of

having a generational distance value of

GD = 8.10−5

FP

are very close to

FP∗

value. PMOTS performs

well on this case and we will use it on higher order problem instances. However,
we are still working on improving its performance in terms of convergence speed.

5.4

Pareto-optimal set for the 2-relay problem

M = 2 such as each solution is made of either
HM = 3, meaning that we account for all the
paths having h ≤ 3 hops in the criteria computation. The precision of the τi (r)
variable is reduced and it takes its values in the set Γ = {0, 0.1, . . . 0.9, 1.0} of
|Γ| = 11 elements. The search space has a cardinality of 230, 769, 891 solutions
In this problem instance, we set

one or two active relays. We set

and hence, the Pareto-optimal set presented in Fig. 9 has been obtained with
PMOTS, after 50 days of computing and having evaluated
i.e.

about 14 percent of the search space.

32, 872, 353 solutions,

This estimated Pareto-optimal set

presented here is composed of 69237 solutions.
Even though the approximation of the Pareto-optimal set is not the most
accurate one, it is already possible to understand the composition of the tradeos between the three criteria. As a matter of fact, it is already clear that the
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Figure 6: PMOTS performance: Error Ratio statistics for the 1-Relay problem.

Figure 7: PMOTS performance: Generational Distance statistics for the 1-Relay
problem.

Figure 8: PMOTS performance: Similarity Ratio statistics for the 1-Relay problem.
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Figure 9: Representation of the projections of the Pareto-optimal set for the
2-relay problem (blue dots). The 1403 solutions using only one relay are represented with a red cross marker.

same trade-o between robustness and delay exists as in the 1-relay subproblem.
On the robustness-delay projection and on the robustness-energy projection, we
have highlighted the solutions composed of only one relay using a red cross
marker. It can be seen that the solutions providing a perfect robustness (fR

0.999))

>

are composed of single relay solutions.

So far, PMOTS has not yet found a solution made of 2 relays that outperforms the 1-relay performance in terms of robustness.

For this particular

conguration and network, it makes sense since the use of a single relay is the
best possible conguration to mitigate interference for a 2-time slot system. For
the 2-relay case, our model clearly accounts for the interference created between
the source node and one of the two relays and impacts accordingly the performance of a 2-relay solution. From this basic illustration of our framework for a
simple case study, but we can conclude (knowing the 1-relay and 2-relay Pareto
optimal sets) that the best possible robustness is achieved for a 1-relay conguration using nodes located between the source and the destination. As shown
in Fig. 5, several central nodes provide similar performance and hence, could be
used for instance as opportunistic relays in the transmission from S to D.

6 Conclusion
In this paper, we have proposed a novel multiobjective optimization framework for network routing in wireless ad hoc networks. Our proposed framework
consists of a general probabilistic network model capable of capturing the impact and interaction of a wide range of resource/interference management techniques, various channel conditions, and network scenarios. Used in conjunction
with metaheuristic optimization techniques, this framework provides an ecient
tool to capture the trade-os between dierent performance metrics and obtain
bounds on the achievable performance of routing for a single source-destination
transmission. Preliminary results were obtained in characterizing the delay, robustness, and energy tradeos for a two time slot sensor network model. Future
work will extend the model to consider more complex network scenarios, such as

RR
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to account for various network topologies, to consider multiple concurrent ows
in the network, and to use more rened cross-layer interactions and interference
models.
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