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ABSTRACT the presence of strong interferers. Several works [3, 4¢ hav
proposed to use stable distributions to model it and a gen-

In this paper, we tackle the problem of interference mitiga X :
tion in ad hocnetworks. In such context, the multiple accesseT@! mathematical framework was recently proposed by Win

interference (MAI) is known to be of an impulsive nature. &t @l- in [5]. They show the theoretical validity of the stable
Therefore, the conventional Gaussian assumption can not @Proach for different situations in network interfererice

considered to model this type of interference. Contragwiis cludingad hocanfj Cogn't've radio. We also SUQQF‘TSt Fhat_the
can be accurately modeled by stable distributions. Heie, th ad hocconfiguration gives the shape of the MAI distribution

issue is addressed within an Orthogonal Frequency Divisio}fhich is then accurately represented by symmedristable
Multiplexing (OFDM) transmission link assuming a symmet- distributions [6]. _ . _ _
fic a-stable model for the signal distortion due to MAI. For __In this paper, this modeling of interference is used in an
this purpose, we propose a method for the joint estimatioprM transmission Imk_and we try to reduce the signal dis-
of the transmitted multicarrier signal and the noise parame©rtion due to MAI. For this purpose, we propose a method for
ters. Based on sequential Monte Carlo (SMC) methods, th&€ joint estimation of the multicarrier signal and the -
proposed scheme allows the online estimation using a Raga@meters. The proposed scheme is based on Bayesian estima-
blackwellized particle filter. tion using SMC methods. We propose a sequential approach
_ ) although it is not necessarily justified in OFDM based trans-
Index Terms— ad hocnetworks, multiple access interfer- mission but we are here interested in the possibility to remo
ence, sequential Monte Carlo methodsstable distribution  jterference without adding delays in the signal procegsin
and therefore in the transmission.
1. INTRODUCTION The paper is organized as follows: in section 2, we present
some preliminary definitions regarding thestable distribu-
Sensor networks need to reduce the energy to sense and trafi§n and its properties. In section 3, we introduce the OFDM
mit data. Signal processing has a key role to play in order t@ystem’s model and its state space representation. Sektion
minimize the transmission power necessary to ensure the rgs devoted to the description of the proposed particle filter

quired link quality and reliability. Interference in low per  (pf) to estimate both multicarrier signal and noise parame-
communications could however be a strong limitationath  ters, Simulation results are shown in section 5 and conclu-

hoc networks, capacities of relay and interference channelgjons are drawn through section 6.
are not analytically known.
If recent works from Bresleet al. [1] have approximated
such a capacity, the way to cope with interference is still an 2. STABLE DISTRIBUTIONS
open question. The authors suggest some interference align
ment scheme whereas Dabettaal. [2] propose to use relays Stable distributions can be seen as a generalization of the
to forward interference in order to properly remove it at theGaussian distribution in that sense that they are the osly di
receiver and obtain an interference free link. Howeverems tributions to be stable in convolution, meaning that the sfim
sor networks, the hard constraints on consumption and coswo a-stable distributions is an-stable distribution. One dif-
make it difficult to implement those complex proposals. ficulty is that they have no closed-form expressions forrthei
We are then interested in exploiting the non Gaussian begsrobability density function (pdf) and cumulative distriton.
havior of the interference in order to limit its effects. &&tl, They can be most conveniently described by their character-
thead hocconfiguration gives to the multiple access interfer-istic functions as follows [7]:
ence (MAI) an impulsive nature: the interfering pulses am-
plitude may importantly vary and the MAI is conditioned by  ¢(t) = exp(iut — v [t|* [1 + iBsign(t)w(t, a)])



where with

T .
gT_{[le(N+NCp+L1)} ; if0<t<N-1
T—

T,
[01x(n—1) 1 O1(Noptr—1)] 5 if N<ESN+N,—1

tan 5+, if a#1
2loglt|, if a=1

w(t,a) = {

Thus, the stable distribution is completely determined by 4B, i ircular 7 G . : ; ith th
four parameters., 3, v and where: andB; is a circular Zero-mean Gaussian noise vector wi e

covariance matrix
e « €]0,2] is the characteristic exponent. It measures

2 DRI
the tails heaviness of distribution. A small valuecof Tb 8 0
will imply a considerable probability mass in the tails E[B,BH] =
of distribution, while a value of close to 2 indicates ¢
more Gaussian type behavior. 0 . 0
e 1 € Ris the location parameter. where
e v > (0 is the scale parameter. It determines the spread o J1, f0<t<N-1
of density around the location parameter bt 70, fN<t<N+Ng,-—1

e (€ [-1,1] is the symmetry parameter. Whén= 0,
the distribution is symmetric aboyt

To denote arn-stable distribution with parameters 3, v
and i, we will use the following notatiorS,, (3, v, ). An
a-stable distribution is said to be standard wher- 1 and

1 = 0. For standardized stable distribution we will use the

notationS,, (5).

«-stable distribution pdf can be obtained analytically only
for a few particular casest = 2, corresponding to the Gaus-
sian distribution,a = 1 and 8 = 0, yielding the Cauchy

distribution, and finallyr = % andg = 1 for the Levy distri-
bution.

3. MODEL

In this paper, we consider a dynamic state space modef?

The received multicarrier signa} can be written as:
_ T
Ty = H St + PrUt

fort = 0..N + N, — 1, whereH is the channel impulsive
response

T

H = [ho hr-1 O1x(N4Nop-1)]

Contrary to [8], we assume that is a symmetriex-stable
noise

Ut ~ Sa (0)

Exploiting the mixture of normal representation of a sta-
ble distribution,u; can be written as follows [9]:

=/ Mw, where At ~Se (1) and w; ~N(0,1)

widely used in communication, to represent OFDM systemsarefore. the observation equation becomes

[8].
The considered OFDM system is based @nsubcarri-
ers. The transmitted signal, composed\osampless; with

t = 0...N — 1, is generated through an inverse FFT. Before

transmission, a cyclic prefix of length,, is introduced in
order to avoid intersymbol interference. The resultinghalg
is transmitted in a time varying frequency selective maltiip
channel withZ paths.

We define the transmitted multicarrier signal vector as:

T
Sy = [s¢ S 141 O1x(N4N.y—t—1)]

wheres, = 0if k < 0.

ry = HTSt + Dt’LUt with Dt = [pt\/ >\t

4. PARTICLE FILTER FOR INTERFERENCE
MITIGATION

In this paper, our main target is to jointly estimate the ¢ran
mitted multicarrier signal vecta$; and the parameters of the
model);, o andp;. In the context of Bayesian estimation, we
need to compute the joint posterior pafS:, A, a, pe|7o:1)-
However, this pdf is analytically intractable. Therefoves
propose to use SMC methods in order to find an estimate of

The state equation &, can be written in the matrix form as P(St; Avs @, pilrou).

follows:
Sy = AiSi—1 + By
where the transition matrid; is defined as:

&

INyN+L-2) ON4N,+L—2)x1

Following [10], we denot®, the time varying parameter
vector given by:

0 = [, ¢p,» \e] Where ¢,, = 1In(p)
The joint posterior pdf can be written as follows:

p(Stv 9t|7"0:t) = p(St|9t» To;t)P(9t|T0:t) 1)



In the previous expression, the first probability density ca initializationfor i < 1 to M do
be computed analytically using the Kalman filter (KF). Since @ _ 1.
conditionally on@,, our model is linear and Gaussian. The endwo - M
babili s, 70 b itt follows:
probability p(S¢|6;, ro.:) can be written as follows for ¢ < 210 N do
p(Se10s,70:4) = N (my)s, Py) 2) for i < 1to M do
wherem,, and Py, are computed using a KF. Samp|99§1? using (4) ;
The second probability density is intractable and is apt Updatemillt) andPt(‘? using KF ;
proximated by a PF [11]: Evaluate the weights using (5) ;
M end
p(Oilros) =) wt(z)%@ (0:) 3) Normalize the weights ;
i=1 ' if Nesr < & then Resampling step;
Wherewfi) is the normalized weight associated to the ith par; EvaluateS;, o anddy;
ticle. end
Thus, we obtain the following estimate of the joint poste- " Algorithm 1: PF for interference mitigation algo-
rior pdf: rithm

M
P(Sis Oalro.e) = > p(Si161" v )eor 0o (61)

i=1

Like in [10], the importance function is then chosen as: |n order to validate our approach, various experiments have
P(O:10i—1) = plaglae—1)p(dp, |bp,_ JD(N) (4) been carried out. We have consujered the followmg system
parameters: an OFDM system wiffi = 64 subcarriers, a

5. SIMULATIONS

where cyclic prefix of N, = 8 samples and a multipath channel
P(Dpe|Ppu1) ~ N(p, 1503 ) P(dpy) ~N(0,53 ) with L = 4 paths. Both real and imaginary part of the trans-
p(A¢) ~ Sa (1) ’ mitted multicarrier signal have been generated from a Gaus-

sian distribution\/(0, 1) [8]. The proposed PF has been im-

H ol e the d N plemented withl100 particles. Parameteﬁp and 5?% are
rameFera: owever, this intensifies the degeneracy pro emrespectively set t0.0005 and0.5. We fixed the discount fac-
Considering this lack, we adopt the approach of artificial P01 510 0.95 [11]

rameter evolution described in [11, 10]. Nevertheless, the At first, the algorithm performance is studied with a mul-

Ti"ntﬁmbliw rOf t:ns appro;chthls dthte |rnfrc;]rn;?tltont Iot.:,]?. Ir]ticarrier signal corrupted by a symmetriestable noise with
[11], the authors propose a method, to remediate to Sga%NR = 10. The related parameters are set to:= 1.6,

based on sampling the updated values of the static parameter

. . : = 0 andv = 1. Results are illustrated in the different plots
from a kernel smoothed density. Using this method helped t§f Fig. 1. The evolution of the estimatedand,, are respec-
define the conditional density evolution efas: y

tively depicted in Fig. 1.(a) and Fig. 1.(b). We remark that,
pagri]ag) ~ Nagp1|day + (1 — d)ay, h2o?) after some iterations, the estimated parameters statagisp
with ing the same trajectory as their actual counterparts. Gurve

Our PF has to deal with the estimation of the static pa

2
h2 — 1 d2 _ 1 35 - 1 18 (a) Estimated Alpha . (b) Estimated Rho
; - B - 25 real Rho
20

16 estimated Rho
o 0.8
wherea; ando? are respectively the mean and the variance L2 os

matrix of the Monte Carlo approximation ofa|rg.:) andd X 04

0 20 40 60 80 0 20 40 60 80

is a discount factor ||1'[)7 1] . Nu‘mber of sub‘camers(c)?Aumcamev‘s‘gna‘ esm?a[BNumber‘ofsuhcam‘ers
Weights are then updated according to: - ‘

o o p(r |68 r) (5)

Multicarrier signal (MS)

1 2 . . . . ! estimated MS.
W|th 0 10 20 30 40 50 == transmitted MS | 80

Number of subcarriers — — —received MS
(4) _ T, (1) (4)
p(rt‘et 7Tt—1) _N(TtaH mt\t—17Gt )

‘ Fig. 1. The estimation of the model parameters and the mul-
WhereGgl) is the innovation covariance matrix from the KF. ticarrier signal fore = 1.6 andSN R = 10.
Finally, the proposed PF for interference mitigation is
summarized in Algorithm 1: Fig. 1.(c) show the estimated multicarrier signal as wethas



transmitted and the received ones. We can easily observe ththe efficiency and the robustness of the proposed algorithm
the estimated multicarrier signal tends to be very closbéo t for interference mitigation have been demonstrated.

transmitted one.

Secondly, we study the performance of our method for
different values otx. For each one of them, we perform the
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