We are IntechOpen,
the world’s leading publisher of

Open Access books
Built by scientists, for scientists

6,900 186,000 200M

ailable International authors and editors Downloads

among the

154 TOP 1% 12.2%

Countries deliv most cited s Contributors from top 500 universities

Sa
S

BOOK
CITATION
INDEX

Selection of our books indexed in the Book Citation Index
in Web of Science™ Core Collection (BKCI)

Interested in publishing with us?
Contact book.department@intechopen.com

Numbers displayed above are based on latest data collected.
For more information visit www.intechopen.com

Y



Open Access Database www.intechweb.org

25

Monte Carlo Methods for Node
Self-Localization and Nonlinear Target
Tracking in Wireless Sensor Networks

Joaquin Miguez, Luis Arnaiz and Antonio Artés-Rodriguez

Department of Signal Theory and Communications
Universidad Carlos I1I de Madrid
Spain

1. Introduction

Most applications of wireless sensor networks (WSN) rely on the accurate localization of the
network nodes [Patwari et al.,, 2005]. In particular, for network-based navigation and
tracking applications it is usually assumed that the sensors, and possibly any data fusion
centers (DFCs) in charge of processing the data collected by the network, are placed at a
priori known locations. Alternatively, when the number of nodes is too large, WSNs are
usually equipped with beacons that can be used as a reference to locate the remaining nodes
[Sun et al.,, 2005]. In both scenarios, the accuracy of node localization depends on some
external system that must provide the position of either the whole set of nodes or, at least,
the beacons [Patwari et al., 2005]. Although beacon-free network designs are feasible [Sun et
al., 2005, Ihler et al.,, 2005, Fang et al., 2005, Vemula et al., 2006], they usually involve
complicated and energy-consuming local communications among nodes which should,
ideally, be very simple.

In this paper, we address the problem of tracking a maneuvering target that moves along a
region monitored by a WSN whose nodes, including both the sensors and the DFCs, are
located at unknown positions. Therefore, the target trajectory, its velocity and all node
locations must be estimated jointly, without assuming the availability of beacons. We
advocate an approach that consists of three stages: initialization of the WSN, target and
node tracking, and data fusion. At initialization, the network collects a set of data related to
the distances among nodes. These data can be obtained in a number of ways, but here we
assume that each sensor node is able to detect, with a certain probability of error, other
nodes located nearby and transmit this information to the DFCs. These data are then used
by the DFCs to acquire initial estimates of the node positions. An effective tool to perform
this computation is the accelerated random search (ARS) method of [Appel et al., 2003],
possibly complemented with an iterated importances sampling procedure [Cappé et al.,
2004] to produce a random population of node positions approximately distributed
according to their postrior probability distribution given the available data. This approach is
appealing because it couples naturally with the algorithms in the tracking phase.

We propose to carry out target tracking by means of sequential Monte Carlo (SMC)
methods, also known as particle filters (PFs) [Doucet et al., 2000, 2001, Crisan & Doucet,
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472 Sensor and Data Fusion

2002, Djuri¢ et al., 2003, Risti¢ et al., 2004, Boli¢ et al., 2005], which recursively track the
target position and velocity, as well as improve node positioning, with the generation of
new data by the WSN. We should remark that the treatment of unknown (random) fixed
parameters, such as the sensor positions are in our framework, using PFs is still an open
problem. We propose two algorithms that tackle this dificulty. The first one is based on the
auxiliary particle filtering (APF) methodology [Pitt & Shephard, 2001, Liu & West, 2001] and
the second one follows the density-assisted strategy of [Djuric et al., 2004].

The data fusion stage deals with the combination of the outputs produced by different DFCs
in order to produce improved estimates of both the target state and the WSN node locations.
Again, we investigate two approaches. Both of them are aimed at the coherent combination
of the estimates produced by individual DFCs but differ in the amount of information that
they use and the requirements imposed on the WSN communication capabilities. The most
complex technique theoretically yields asymptotically optimal Bayesian estimation of the
target state and the node locations (hence, optimal fusion) with distributed computations,
but at the expense of making all data available to all DFCs. It is based on the parallelization
of PFs as addressed in [Boli¢ et al., 2005, Miguez, 2007].

The remaining of the paper is organized as follows. After a brief comment on notation,
Section 2 is devoted to a formal description of the system moel. A general outline of the
proposed scheme is given in Section 3. Sections 4, 5 and 6 are devoted to the procedures
proposed for initialization, tracking and data fusion, respectively. In Section 7 we show
some illustrative simulation results. Finally, the main results are summarized in Section 8.

1.1 Notation

Scalar magnitudes are denoted as regular letters, e.g., x, N. Vectors and matrices are
denoted as lower-case and upper-case bold-face letters, respectively, e.g., vector x and
matrix X. We use p(-) to denote the probability density function (pdf) of a random
magnitude. This is an argument-wise notation, i.e., p(x) denotes the pdf of x and p(y) is
the pdf of y, possibly different. The conditional pdf of x given the observation of y is written
as p(x|y). Sets are denoted using calligraphic letters, e.g., Q . Specific sets built from
sequences of elements are denoted by appropriate subscripts, e.g., x,,, = {x,..., Xy}

2. System model

We assume that the target moves along a 2-dimensional region C < C* (a compact subset
of the complex plane) according to the linear model Gustafsson(02

x,=Ax,_, +u,, teN (1)
where x, =[r,v,]" € C’ is the target state, which includes its position and its velocity at
. . r|. . .
time ¢ (r, and V,, respectively); A= 0o 1|82 transition matrix that depends on the

observation period, T, and

u, =[u,,.u,,] ~CNu,l0,C,) )
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is a complex Gaussian noise term, with zero mean and known covariance matrix

1.
c=o7 Y| ()

0o T°

that accounts for unknown acceleration forces. The initial target state, Xy has a known prior
probability  density function (pdf), p(x,)= p(r,)p(v,), and we assume
p(v,)=CN(O0, O-vz,o) , i.e., the prior pdf of the velocity random process is complex Gaussian
with zero mean and variance, 030 )

The network consists of N sensors and N, DFCs. Sensors are located at random unknown

positions Siv, = {sl,sz,,,,,st }, s, € C, with independent and identical uniform prior

pdf's, p(s,)=U(C), i=1,...,N,, on the 2-dimensional region monitored by the WSN.
During the network startup, each sensor detects any other nodes located within a certain
range, S >0 . In particular, the n-th sensor builds up an N, x1 vector of decisions,

b,=[b,,,....h, 5 1", where (deterministically) b ,=1 while b, e{1,0}, n#k, is a

n,

binary random variable with probability mass function (pmf)
p(bnk :1|S1:Ns)=pd(d;:,k’Su)7 (4)

where d;, =ls, —s, | is the distance between the n-th and k-th sensors and p,(-,-) is the

function that yields the probability of detection. At time 0, these decisions are broadcast to
the DFCs and we collect them altogether in the N x N, matrix B=[b,,...,b, ] for

notational convenience.
The locations of the Nc DEFCs are denoted as CpseeesCp s with C, € C Vi. By convention,
C

the first DFC is assumed to be located at the origin of the monitored region, i.e., ¢, =0 . The
positions of the remaining DFCs are assumed random and unknown, with complex
Gaussian prior pdf's p(c,)=CN(c;| uf,06”), i=2,...,N,. The physical implication of
this model is that DFCs are deployed at locations which are only roughly known. The
variance o‘c2 indicates the uncertainty in this prior knowledge.

During the normal operation of the network, the n-th sensor periodically measures some
distance-dependent physical magnitude related to the target. The measurement obtained by

the n -th sensor at discrete-time f>1 is denoted as y = f.(d, , & ), where

y

o, s a random

dn . =| r, —snl is the distance between the target and the sensor, &
perturbation with known pdf and f (:,-) is the measurement function. We assume that not
every sensor necessarily transmits its observation, y, ., at every time. Indeed, it is often

convenient (in order to reduce energy consumption) that only a subset of sensors become
active and transmit their measurements. The local decision of a sensor to transmit its data or
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474 Sensor and Data Fusion

not depends on the comparison of the measurement, Y, with some reference value, S =

We also introduce a certain probability of transmission failure, ﬂ . A failure can be caused,
e.g., by a strong interference in the channel that prevents adequate reception of the
communication signal at the DFC. Thus, at time f only an N . x1 vector of observations,

y, :[yK(l)J,_,,,yK(NZ)J]T, where 0< N, <N, and x(i)e{l,...,N, }, Vi, is effectively

broadcast to the DFCs (note that all DFCs collect the same data from the sensors). We
assume that the likelihood p(y,|I7,s,, ,c,, ) can be evaluated up to a proportionality

constant.

Each DFC has the capability to extract some distance-related magnitude from the
communication signals transmitted by the sensors. For simplicity, we consider the same
type of measurement carried out at the sensors, hence the n -th DFC also has available, at

time £20, the N, x1 data vector z,, = [ZK(l),n,z’ s ZK(Nt),n,t]T’ where z,, = fs (dl_c’n’t,gin’t),

d/ . =ls,—c, | and g  is arandom perturbation with known pdf, so that the likelihood

p(z,, sy ,c,) can be computed. Note that z , is defined (unlike y,), and has

dimension No=N;, because during the network startup all sensors broadcast signals to the
DEFCs.

We assume that the DFCs are equipped with communication devices more sophisticated
than those at the sensor nodes and, as a consequence, it is feasible to exchange data among

the DFCs. In particular, during network startup one DFC collects a set of N (N, —1)
0

i,n?

observations, ¢, , = f,(d 6‘3”), i,ne{l,...,N_} (but i #n), where di(,)n =lc,—c, | and

gion is a random perturbation with known pdf, so that p(ql. ; | Cin ) can be evaluated. For
’ ’ e

i#n

conciseness, we define the set Q ={g. } .
4 {qt,n }t,ne{l,...,Nc}

Moreover, during normal operation of

the WSN, each DFC may receive sufficient information from the other fusion nodes to build

the N, x N, matrix of observations Z = I_zl’t,___, z N‘JJ. Essentially, this means that the
DFCs may be capable of sharing data. C

The goal is to jointly estimate the target states x,, = {X,,...,X,}, the sensor locations, s, N
and the uknown DFC positions, Cs. N from the decisions in B, the data in Q and the
sequences of observation vectors y, ={y,,...,y,} and Z  ={z,...,Z, }.

3. Proposed scheme

The proposed method consists of three stages, that we outline below.
Stage 1. Initialization: Using the data generated during the network startup, at this stage

we compute maximum a posteriori (MAP) estimates of the DFC locations, ¢, ,, , that will be
N,

kept fixed during the WSN operation (including the tracking and fusion stages). We also

compute marginally MAP estimates of the sensor locations, . The latter point estimates

Siy
S

are employed to initializae an iterated importance sampling procedure that generates a
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population of candidate positions at time ¢=0, denoted s(()if,N , i=1,...M,
N

approximately distributed according to the posterior pdf p(s., 1Q,B,Z,,c,, ). This

posterior sample is needed to start the tracking algorithms in stage 2.

Stage 2. Tracking: We investigate two techniques. The first one is an APF algorithm for state
estimation in dynamic systems with unknown fixed parameters derived according to [Liu &
West, 2001]. A special feature of this technique is that it adaptively approximates the high
dimensional posterior pdf of the sensor positions using a sequence of kernel mixtures.

The second algorithm relies on the density-assisted (DA) approach of [Djuri¢ et al., 2004] to
approximate the posterior density of the sensor positions using a parametric familiy of pdf's.
An advantage of this procedure is that it enables the analytical integration of the target
velocity, thus reducing the sampling space dimension [Chen & Liu, 2000].

Stage 3. Fusion of estimates: Both the APF and the DA tracking algorithms can either be
run independently in separate DFCs (an using only the data available at each DFC) or be
designed as a single global algorithm (that needs to use all the data available through all
DFCs) implemented in a distributed way. The computational complexity is similar in both
cases but the second approach imposes stringent communication requirements on the
network.

If the tracking algorithms are run independently, using different observation sets at each
DFC, we propose a mechanism for fusing the resulting N. estimates that combines them
coherently into a single point estimate. We must note that estimates produced by different
DFCs with different data cannot by simply averaged because the available observations
(both y1; and Zo;) are insensitive to the angles between the target and the sensors or the
sensors and the DFCs. Therefore, it is necessary to take one track estimate as a reference
(e.g., the one produced by DFC 1) and adjust the others by means of rotations only to minimize
the mismatch.

If the tracking algorithms use the same set of observations in all DFCs, then it is possible to
apply methods por the implementation of a single PF whose computations are distributed
(parallelized) among the available DFCs. This is done by applying the techniques in [Boli¢ et
al., 2005] and [Miguez, 2007]. With this approach each DFC transmits its z,, ne{l,..., N, to
all other DFCs but, in exchange, it theoretically guarantees an asymptotically optimal
Bayesian estimation of the target state and sensor positions by a simple linear combination
of the estimates produced by the N, DFCs.

4. Initialization

4.1 Point estimation

As a first step, we obtain point estimates of the node locations, including the DFCs, Con

e

(note that we assume c;=0), and the sensors, Sin 7 given the information available at time
s

t=0. An accurate estimation of the DFC positions is of utmost importance, since they will be
kept fixed in subsequent stages. Therefore, we propose to compute MAP estimates of the

locations ¢, by solving the nonlinear optimization problem
e

62:NC = arg max {p(CZ:NC l Q9 Zo)}

N
C
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476 Sensor and Data Fusion

NC
= argmax | [P(q., 1 circO] [CN(c; | i, 00) )
uN, | izk j=2

Similarly, marginal MAP estimates of the sensor locations, conditional on Coy = 62. N is
e e

achieved by solving

5, = argmax |p(s, | ZysCon, )|

Sy
NC
=argmax{ [ [P(Zio 15,6 1 (6)
SZ n=1

for /=1,...,N, and ¢, =c¢, =0 is a priori known. We point out that addressing the

estimation of each sensor individually we neglect the information in matrix B, but the

dimensionality reduction accounts for this loss (searching for a global MAP solution in c's
turns out practically much harder).

Problems (5) and (6) do not have closed form solutions in general. However, they can be
numerically solved, with high accuracy, using the accelerated random search (ARS)
algorithm [Appel et al., 2003]. ARS is a Monte Carlo technique for global optimization that
enjoys a fast convergence rate and a simple implementation. The algorithm is described, for
a general setup, in Table 1.

Problem: & = argmax,ec4 g(a) for some function g.

Denote: Rpnin > 0, the “minimum radius”; Riaz > Rmin, the
“maximum radius”; Ruar = Rn 2 Ripnin the radius at the
n-th iteration; v > 1 the “contraction” factor; e, the solution
obtained after the n-th iteration; and

Bw. - {é €EA: ||ﬁ: o '0511“2 < Rn}v
where || - ||2 indicates the Euclidean norm.
Algorithm: given R, and «,,
(1) Draw & ~ U(B,).
(2) If g(@) > g(an) then apyy = & and R4 = Rinaz,
else ant+1 = an and R, = R, /v.
(3) If Rn+1 < Rmi'm then Rn%—] = Rmar-
(4) Go back to (1)

Table 1. Iterative ARS algorithm for a maximization problem. Parameter « is possibly

multidimensional (typically, & € C"). The algorithm is usually stopped after a given
number of iterations without going changing ;.

We assume the DFC positions known for all subsequent derivations, i.e., we treat 62. N as
e

the true values and skip them from notation for conciseness.
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4.2 Population Monte Carlo
The PFs applied in the tracking stage need a sample of sensor positions drawn from the

posterior pdf at time t=0, p(s,, |B,Z,) in order to start running. To generate this initial
s

population, we propose an iterated importance sampling! method called PMC [Cappé et al.,
2004]. In the first iteration, particles are drawn from independent complex Gaussian

proposals built from the ARS estimates and a fixed variance, o‘s2 (0),1i.e,

S;l)(O)NCN(Snlgn,O-vz(O))7 I’l:l,...,N, i=1""’M’ (7)

N

with weights

P(Z, 15y (0)p(Blsiy; (0)

N

[IeN G2 0)15,,020)

w?(0) =

After the (k-1)-th iteration, the weighted particles are Q" ={s,_, (k- DY, w2k -1) }Z |
and importance sampling for the k-th iteration is performed as

O (k) ~ CN(s, Isn (k=1),02,(k—1)), ©)

where

su(k=1)=>w"(k-1)s" (k-1),
i=1
sn (k=1) = as® (k=1)+(1-a)s.(k=1), and

ol (k—1)= (1—a2)fw<">(k ~DIsP k=1 —sa(k—=1) P

i=1
for some 0<a<1, i.e., we build the (k-1) -th kernel approximation of p(s., |1Z,,B) with

shrinkage [Liu & West, 2001] for variance reduction. The corresponding weights are

(i) (1)
S Pl P BIS (1) )

TTEN G K15y (e—1),02, (k1))

If the algorithm is iterated N times, we obtain a sample of equally-weighted particles

{s", M., with approximate pdf p(s,, |Z,,B) by resampling from Q™.

1See, e.g., [DeGroot & Schervish, 2002] for a brief review of the importance sampling principle.
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478 Sensor and Data Fusion

5. Tracking

In the second stage, the aim is to track the sequence of target states, x;, and improve the

estimation of the sensor positions, recursively, as new observations y; and Z; are

slN 7
s
received. We introduce two PFs that attain this goal. We assume that each DFC runs a PF,
but the algorithms are derived for the scenario where all data at time ¢, including both y; and

Z =|z,,,...,z, ,], are available for the algorithm. This means that z,; must be
, 1,

transmitted from DFC n, where it is collected, to all other DFCs. Note, however, that we can
derive the proposed algorithms in the alternative scenario in which only z,; is available at
the n -th DFC by simply substituting Zo; by z,: in the proposed procedures. Indeed, we
will assess the performance of the PFs in the two scenarios in Section 7.

5.1 Auxiliary particle filter
As a first approach, we propose to use an APF algorithm based on [Liu & West, 2001]. The
APF is a recursive algorithm that generates a sequence of discrete probability measures,

denoted Q ={(x,, Sian wt(i) }Zl , that approximate the posterior pdf's of the unknowns,

ie,for ne{l,...,N_},

M
p(xt ’ Sl:NS | YI:t ’ ZO:I ’ B) ~ 251 (xt ’ Sl:NS )Wt(l) ’ (11)

i=1

()
t

where §i(xt,s1: Ns) is a delta measure centered at {Xgi)’st(,il):Ns }. The samples, x

and
(i)

S, LN 7 are normalized
N

for i =1,...,M , are called particles and the importance weights Wt(i)

to yield ZZ]wt(i) =1. When at time t observations y; and Z; become available, Qt is

recursively computed from 2 | as described in Table 2.

The proposed APF algorithm is based on the relationship

p(xt’ Sl:Ns l YI:t’ZO:t’B) oc p(Yt’Zt l xt’ Sl:NS )p(xt l Sl:NS ’YI:t—l)

X p(SI:NS Y1521, B) (12)
and the approximations
M . .
Py (X, QU Vi) = Zp(xt | xgl—)l )51'(51:1\7Y )Wz(g (13)
i=1 ]
S (1)
Pu (SI:NS Y11 Zo,1B) = Zwtl—lKi(Slst ), (14)

i=1

where K ; () is a symmetric kernel. For the latter, we have chosen
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— ) 12
Ki(SI:NS) = CN(SI:NS L2 hZ ) (15)
where
—() —()
,u = [S-11500, SN, 1 (16)
)3 :diag{atz_l,l,...,ail’,vs (17)
and h € (0,1) is a bandwidth factor. The kernel modes are calculated as
—(@) 0 -
Si-1,k = as,_ 1k-|-(1—a)Sz—1,k, (18)
for a=+1-h* and
« _ () (D)
St-1.k = Zwt 151k (19)

: @ . 0 \M
t: Given Q;_ :{(xz 1y St— 11:N,) s Wy~ 1}, 11
=

(1) Compute %\ = Axg }1, gr= Lo, M
(2) Draw indices £(*) ~ qt(f‘) § = 1 ...y M, where

qi(€) wt-lp()’t'zdx: 1 St )1 1 Ns)
(3) Draw s{) n. ~ ai(s1., |€9),

, o)
where g;(s1:n, [€7) = N(s1.n, |J-5( ) yh2E_4),
fori=1,.. M.

(4) Draw target states x[‘

}~p(xa|xt” y, €1,
and build the trajectory x{m = {xfft i,xt”}

(5) Update the weights, for i = 1,..., M,
ol p(y: Zaluy" ), N,,)m
: P(}'l Z|(%e,8¢—1,0:85,) )

(6) MMSE estimation: % =M xVw" and
—2 "‘ﬂv wtl}-

t =0: Draw x,g) ~ p(xq) and SU 1N, ~ P(sun, B, Zg)

M,

Table 2. Liu and West's APF algorithm for joint estimation of the target trajectory, xo., and

the fixed node locations, Siy 7 from the observations available at time ¢.
s

The variances, in turn, are found as

www.intechopen.com
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This choice of ,uﬁ’_)l and X | ensures that the mean and marginal variance of every fixed

parameter given by the kernel approximation (14) is equal to the corresponding mean and
marginal variance given by the weights [Liu & West, 2001]..

One difficulty with the approximations (13) and (14) is that they involve mixtures of a
typically large number (M) of pdf's. We avoid this limitation by incorporating a discrete
auxiliary random variable ¢ e€{1,...,M} that indicates the terms in (13) and (14) to be

selected. In particular, we define

P Sy L Y Zog s BY 8 (32,150 )P L XIWEK (5 ). (2D

Using (21) we can easily draw particles and compute weights by applying the principle of
importance sampling (IS) [DeGroot & Schervish, 2002].. In particular, we define a suitable
importance function, or proposal pdf,

q, (xz’SI:NS L) =gq, (g)qt(sl:Ns 10) p(x, | xz(fl)) (22)

(see Table 2 for the details) that we use for drawing new particles and then update the
weights as

P((Xz’sz,lst )Y 'y, 2, B)
oc

w i=1,...,M. (23)

’ q,((%, 8,1y >0

The auxiliary variables are discarded before proceeding to time #+1.

We finally note that, given Q) .o it is straightforward to produce estimates of the target

trajectory and the node locations. In particular, we can approximate the minimum mean
square error (MMSE) estimate of x, or s, attime ¢ by simply computing the weighted
s

mean of the particles in € ., as shown also in Table 2.

5.2 Mixture Kalman filter
For convenience of exposition, let us begin with the case in which the locations of the

sensors, §,, , are known. If we aim at the Bayesian estimation of the sequence of target
s

positions o conditional on the observations y1: (given c, N, and s, N7 Q,Band Z,, are

not relevant for the estimation problem), all statistical information is contained in the
posterior pdf p(r, 1y,,,s,y ), which can be approximated by means of a particle filter.
o Y 1o SiN

Specifically, the dynamic model (1) is linear in r; conditional on v; hence the recursive
decomposition

p(r, | YiesSun ) oc p(y, | TioSin (1, Dp(r, | YI:t—l’SI:NS) (24)

enables the application of the mixture Kalman filter (MKF) technique [Chen & Liu, 2000] to
build a point-mass approximation of the posterior pdf,
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M
Poyi Y1 SN, )= sz(gé: (To1)» (25)

i=l1

where ¢, is the delta measure centered at ro(:j)_l and {w[(i)}?i , are normalized importance

weights [Doucet et al., 2000]. Given the set Q :{ro(:?_l,wt(i)1 f.zl, we can apply the
sequential importance sampling (SIS) [Doucet et al., 2000]. algorithm to recursively compute

Q,.Fori=1,...,M , the following steps are recursively applied:

1. Importance sampling: Draw 7" ~ p(r, | 1\ ).
2. Weight update:
% % M %
@ _ () @) _ .0 (k)
w, - t—lp(Yt | Bes Sl:NS ) and W =W /ZWI : (26)

k=1
Resampling steps must also be applied (although not necessarily at each t) to avoid weight
O]

degeneracy [Doucet et al., 2000]. Since the likelihood p(y, |7'",s,, ) can be computed, by

assumption of the model, and several methods are available for resampling, the only
difficulty in the application of this algorithm is sampling from the prior p(r, |7, ,). The

latter can be obtained from the Kalman filter (KF) equations [Kalman, 1960]. To be specific,
let us note that the pair of equations jointly given by (1),

Vi =V + uv,t (27)

Az =h—ha= Tvt—l TU (28)

where [u, ,u,, T=u , in (1), form a linear-Gaussian system. Hence, the posterior pdf of vy,
given a specific sequence ro., is complex Gaussian, p(v, A, ,r,)=CN, | u/', Jvz[) , with

posterior mean and variance, ,Utv and o'v2 s respectively, that can be recursively computed

using the KF recursion [Haykin, 2001],

sz,rlz—l i O-vz,t—l + Tz’ (29)
1
8 =T"0. .+ T (30)
4
v v T\A, —Tu'
H =H_ + O-vz,tlt—l (t—ZI) ) (31)
8
T2
Gv2,t = G\/Z,rlz—l (1 - G\/Z,zlt—l _]’ (32)
t
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2

gl . Moreover,

where g; is the Kalman gain and o is the variance of v; conditional on A

Lt—1
the normalization constant of p(v, A, , 1)) is p(A A, ,r) = p(r,—r_ 11, ), which
is also complex Gaussian and can be analytically found. In our specific model we obtain

pr\r, )= CN(r I, +Tu' 6%, ) (33)

r, -1

2 ) 5.4
where O, = T O, +ZT :
Therefore, the outlined MKF algorithm can be implemented using a bank of M KFs, one per
particle. Given ro(j)_l, it is possible to (recursively and analytically) obtain p(r | ro(j)_l ,

(i

which can be easily sampled to draw r, ) in the importance sampling step. Moreover, both

r: and v can be estimated (in the MMSE sense),

”;:

M=

I
—_

M .
. . . (i)
@) () 5 @ ,,v
wrO 5 =Wl (34)
i=1

1

by combining the outputs of the KF's, hence the name MKF. This methodology was applied
to generic tracking problems in [Gustafsson et al., 2002].
Unfortunately, the standard MKF algorithm does not provide means to properly handle the

unknown sensor positions Sy - To overcome this limitation, we resort to the DA-PF
s

scheme of [Djuric¢ et al., 2004]. The basic probabilistic relationship that we exploit to derive
the new algorithm is obtained by means of the Bayes theorem and the repeated
decomposition of conditional probabilities, namely

p(rO:t’ Sl:NS l YI:Z’ZO:I’B) ac p(YI l rt’ Sl:NS )p(Zt | Sl:Ns )p(rt l rO:tfl)

oy (SI:NS )Py, 1Y 105 Zo, - B) (35)

= HP(Yk l Vs Stn, )P(Z, | Siw, )1 11y y)

k=1
< p(1) Py, 1Z,,B), 66)

where
pt(S]:NS) = p(SI:NS |70 15 Y 1015 Zoy s B) (37)

is the posterior pdf of s, at time ¢-1.
Assume that we are able’ to draw samples from P,(s.y )- Then, (35) shows that a SMC

algorithm can be used to recursively approximate p(r,,s.y 1y,.Z,,,B). Indeed, if at

(i) (i)

time t-1 the set of particles Q. ={r,",,s," v »
' s

w " }¥ is available, then we can compute a

point-mass approximation of the last factor in (35),
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(i)

Pu T VY1052, . B) = J‘ZW 10 (T, 1SN, )dSIN (38)

— zw(t)é' (1, ) (39)

where the integrand in (38) is the approximation of p(r,, ,,s, v, 'y, 2 B) built from

0:r-12
Q. . Eq. (39) implies that we can start from the set ) 0(;) W I(’)l _, and exploit (35) to
build Q. via the MKF algorithm. Specifically,

n e~ p(n (40)
i)
t(lN pt(SIN ) (41)
w o w p(y, 177, s ;’I)N yp(Z, Isf’l)NS : (42)

Moreover, (36) explicitly shows that, in order to start the recursion, we need to draw initial
populations not only from the prior p(ro), but also from the posterior p(s,, |1Z,,B).
s

MMSE estimates of r; and vy are computed in the same way shown by Eq. (34), while

M
A — (t) (@
St,l:N - Zl LN W,

N

To apply the MKF algorithm (40)-(42) we only need to specify how to approximate
P,(s.y ) One of the simplest choices is to assume a Gaussian distribution built from the

particles and weights at time -1, i.e.,

Nv —
pt(sl:Ns ) ~ HCN(Sn I S”l’"’ Utzfl,s,n)’ (43)

n=1
where E = w(l)s(’) and o = (’)( @) —E )2 This approximation is
t=ln = 1—151-1.n t-tsn = 2yig Wi\ T St ) - pp

easy to sample and still provides an acceptable performance, as will be numerically shown
in Section 7.

6. Fusion

6.1 Point estimation
Assume that the tracking algorithms, either the APF or the DA-MKEF, run independently in

the separate DFCs, using the same sequence of sensor observations?, y , but different DFC

2This is not a requirement for fusion based on point estimation. The same technique could
be applied if each DFC collected a different sequence y  , n=1,..,N_.

c
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observations, z ., n=1,...,N_, instead of the whole set Z . At any time {, the PF can
yield an MMSE point estimate of the target and sensor positions. Let 7 (n) and §,, (n)
: N,

denote the estimates computed at the n-th DFC. We wish to combine all available estimates
coherently to obtain an improved estimator. However, we must take into account the
possibility that n -th DFC estimates may be rotated around the location c,, as a consequence
of the insensitivity of the observations y; and z,; to the angle between r; and s;, k=1,..., N;,
and the angle between s; and c,, respectively.

In order to correct any possible rotation and gurantee the computation of a coherent average
of the available estimates, we propose the following fusion rule for the overall target and
sensor position estimator,

N
F =S (R (n)-2, e )
Nc n=1
NC .
P 1R CHOETA S )
¢ n=1

where k=1,..., Ns and the correction angles ¢,,...,¢, are selected to minimize the mismatch
p

with respect to the estimates produced by DFC 1, which is (arbitrarily) chosen as a reference.
Specifically,

¢, =arg min Zsfi(l)—[én+(§i(n)_5n)ej¢]2

¢el0,27) i=1

B )-[e, + G -2)e?] L. (46)

>

k=t-L,

where L>0 is a delay lag and j=+/—1. Problem (46) can be solved using the ARS
algorithm described in Section 4.

6.2 Distributed implementation of PFs

In this section we describe how a centralized PF can be implemented in a distributed
manner, such that each DFC updates a distinct subset of particles and generates individual
estimates that can subsequently be combined optimally. For this approach to be formally
sound, we require that all observations (in particular, the sequence Z.) be available to all
DFCs. If this is not the case, the fusion tchnique described here can still be used, but it
becomes an approximation and optimality cannot be claimed.

We propose to use the resampling with non-proportional allocation (RNA) method of [Boli¢
et al., 2005, Miguez, 2007] 7 to distribute the MKF tracking algorithm over the N. DFCs. Let

us split the overall particle set () into N, subsets, one per DFC, denoted as

it t

() () i)y () M _ _
Q,, =1{r »SiiN > W Wb, n=1,...,N_., and such that ann_M. The

www.intechopen.com



Monte Carlo Methods for Node Self-Localization and Nonlinear
Target Tracking in Wireless Sensor Networks 485

. . . . M i
weights in Qn’t are normalized locally, i.e., Ziszt("”) =1, and the sum of the

. . * M i . .

unnormalized weights, VVt(") = :’wt(””) are also kept in order to assess the relative
=

value of each subset (the subsets () . are not equally “good” in general).

In the basic RNA scheme, an independent MKF algorithm (40)-(41) is run for each subset
Q) . (ie, for each DFC). This means that resampling is carried out locally (using any

desired method) at each DFC and estimates are also computed locally,

M Mn

n . . . .
£ (n) = Zwt(n,l) rt(”’” and §11Ns (n) = Zw;n,z) St(,'ifxs- (47)

i=l i=l
Optimal fusion is performed by combining the local estimates according to the sum-weights,

‘/Vt(") , 1.e., global MMSE estimates are computed as

N N
C 3 C sk
2 :”z(n) r,(n) th(") Q0 (n)
h= nzlzv and §,, =*= N ’ )
C % s C 3
(k) (k)
2, W,
k=1 k=1

in such a way that only the local estimates and the sum-weights need to be transmitted to
the DFC in charge of the fusion stage.

One limitation of this approach is that when the subset sizes, M,, n=1,..., N, are not large
enough, some particle filters may get relatively impoverished [Miguez,2007], i.e., it may

eventually happen that, for some n, VVt(") << VVI(k) , for all kK #n. In such a case, the

corresponding n -th DFC becomes “useless’, since its local estimates are essentially irrelevant
for the computation of the global estimates. A solution to this phenomenon (equivalent to
the weight degeneracy in standard particle filters [Doucet et al., 2000]) is to periodically
perform a local exchange (LE) of a small number of particles between pairs of DFCs. We
propose a simple implementation of LE in which L<min,{M,} particles from DFC n are
transmitted to DFC n+1, for n=1,..., N; -1 and L particles from DFC N, are transmitted to
DFC 1, i.e., particles are exchanged in a ring configuration.

7. Simulations

In order to provide illustrative numerical results, we have particularized the model of
Section 2 to a network of power-aware sensors. Specifically, the measurement function

f,(,-) has the form

f.d,¢e)= 1010g10(% + nj +¢&, (dB) (49)

where 7 =10"° accounts for the sensitivity of the measurement device (-60 dB). The n-th
sensor transmits its measurement, y , only if it corresponds to a distance dn , < S y = 50
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m (ie, y  >-33.97 dB) and otherw1se remains silent. A transmission failure can also
occur, w1th probability IB 107*. The observational noise, &, is zero mean Gaussian but,
depending on whether the power observation is carried out at a sensor node or at a DFC
node, its variance 1s assumed different. In particular g ~ N(0,2), for sensors, and, for
DFCs, &’ and g are identically distributed accordmg to the Gaussian pdf N(0,107).

ll’l[

Therefore, the hkehhoods, namely,

N
t
(m) (m)y _ (m)  g(m)
p(y, I r'™, S]",f, )—Hp(yk(z),t 15" 5e) 0
=1
Nt’Nc
(m) _ (m A
p(Z, |S1r13 ’Cl’CZ:NC) - H p(ZK(i)JlJ | st,ﬁm,cn) D

i=1,n=1

are Gaussian with known mean and variance.
At time zero, the sensors detect all other nodes which are closer than S,=50 m. Since

observations are obtained from function f (-,-), with the parameters already described for

the sensors, the probability of detection is

;n _P
p.(d,;.S8,) = QN(#} (52)

V1072

where @, (-) is the standard (zero mean, unit variance) Gaussian cumulative distribution

function, ;n,k = f, (dnk,O), P = f(S,,0)=-33.97 dBand 107 is the variance of the
observational noise.
The state priors are p(r,)=CN(7,10,5) and p(v,)=CN(v, 10,107%) and the state

equation parameters are T :% s and 0-5 =%. There are NC =4 DFCs and NS =23

sensors in the network. We assume ¢, =0, while the others have complex Gaussian priors

with equal variance Gf =25 and means u; =-50+j35, w3 =45-;37 and
U, =36+ j45 (where j=+/—1), respectively. This prior pdf's are used to randomly draw

initial estimates of ¢,, which are used as inputs to the ARS algorithm that solves (5), the

other parameters being v =2, R =15, R . = 10™*. The ARS algorithm for problem (6)

max

receives as inputs a sensor position drawn from U (C) (where C is the square centered at 0
with sides of length 160 m), R =200, r,, = 10 and v =2. The ARS procedures are

iterated 3000 times for (5) and 300 times for each (6). The estimates §_, are then used to

build the first proposal pdf in the PMC procedure. The corresponding variance is

032 0) =l and the subsequent proposals are computed by shrinkage, with parameter

a =0.7. We iterate the PMC algorithm 200 times with 1600 particles.
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Resampling, via the RNA scheme, is performed every 5 time steps of the tracking
algorithms. The latter are run with M=1600 particles and each DFC is assigned

M, =M/N_ =400 particles (for n=1,2,3,4). We assume a local exchange of particles every

4 resampling steps, with L=8 particles being transmitted from DFC n to DFC n+1 and from
DFC N, to DFC 1.

Figure 1 shows an example of estimation of the DFC and sensor positions, and Sin 7
s

Can,
respectively, using the available data at time t=0 and the ARS algorithm. It is observed that
MAP estimation using the obervations in the initialization stage can be very accurate.
However, the simulation results also illustrate the ambiguity in position estimation that
arises due to the insensitivity of the available measurements to rotations. The plot shows
that the estimation of node locations near the origin (where angle errors have little effect) is
clearly more accurate than for nodes placed far away from the 0 point, where rotation errors
cause an apparent shift of the estimates with respect to the true values.

80
60
= D
40 L ™
'y 9 "
20t -
E &
0 0 &
By 2 A La
-20- E "
i .
-40- ks .
- © DFC
-a0. : © DFC,est
e O # " Sensor
Sensor, est
= 60 -40 -20 0O 20 40 60 80
x (m)

Fig. 1. Example of node MAP position estimation at the initialization stage using the ARS
algorithm. The phenomenon of rotation ambiguity (due to the angle insensitivity of the
available measurements) can be clearly observed for nodes located far from the 0 (origin)
point.

Next we turn attention to the performance of the schemes that use independent PFs at
separate DFCs and employ the proposed angle correction method to fuse the N. available
estimates coherently, as described in Section 6.1. We recall that, in this scenario, the

observations available to the PF in the n-th DFC during the tracking stage are y, and z

n,lit °
The ARS algorithm that approximates the solutions (correction angles) in problem 46 is
iterated 100 times, with initial values ¢ _, =0 and time lag L=20 (for >20, and L=t

otherwise).

Figure 2 (left) shows the mean absolute target position error attained with the APF and MKF
algorithms in this scenario. These results are the average of 500 independent simulation
trials. The APF technique turns out to be clearly superior and outperforms the MKF method
by ~0.6 m of accuracy. This means that the improved importance function employed by the
APF algorithm (which takes into account y; and z,,; when drawing the particles at time ¢)
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provides an error reduction superior to the analytical integration of the velocity process
carried out by the MKF method. We must remark that the position errors shown in this plot
are corrected to remove the insensitivity, inherent to the proposed model, to rotations of the
complete system (including the target and the nodes) around point 0, where DFC 1 is
assumed to be located.

e 3
E ' APF| | E
T MKF| | ~- 2.8 MKF
w18 ' b ;
N
4] 'si‘ o 2.4 "
o ]
| 2.2
£ 14 §°4
— —
g ! A
g 1.2 2 18 |
5 1 5 1.6 |
] | ]
= | =4
0.8
1.2
X . 1
D&D 10 20 70 li] 10 20 60 70

?ime‘%s# :'ilgime 4iusil
Fig. 2. Averaged absolute error in the estimation of the target position, measured in meters
(m). Left: Tracking is carried out using independent APF and DA-MKEF algorithms at each
DFC and performing fusion by coherent combination of point estimates. Right: Tracking is
carried out using a distributed implementation of the APF and DA-MKEF algorithms over the

N.=4 DFCs, by means of the RNA technique.

Figure 3 (left) depicts the mean absolute error in the estimation of the sensor positions
attained by the schemes built around the APF and MKF algorithms. Again, these results are
the average of 500 independent simulation trials. In this case, more accurate results are
obtained with the MKF algorithm. This means that the density-assisted approach to the
estimation of fixed parameters in the MKF scheme is more efficient than the adaptive kernel
approximation employed by the APF procedure. The difference, however, is small (=<0.06 m)
and the superior sampling efficiency of the proposal function in the APF technique
obviously has a dominant role in the overall performance of the tracker.

Figures 2 (right) and 3 (right) show the results, for the absolute errors in the estimation of
the target and sensors positions, obtained when we apply the RNA algorithm described in
Section 6.2. The curves have been obtained by averaging the results of 500 independent
simulation trials. In this scenario, the different DFCs cooperate to share the observtions z,,
n=1,...,N,, hence the matrix Z; is available for all DFCs at time t. Again, the APF tracker turns
out more efficient than the MKF in turns of target positioning, whereas the MKF yields
better estimates of the sensor locations. Both plots show a clear “step' shape. The reason is
the sudden improvement in the estimates that occurs when a local exchange of particles is
carried out as a part of the RNA procedure. This suggests the need to increase the number of
exchanged particles (L=8 for this set of simulations) or even the number of particles assigned
to each DFC, which seems too small to exploit the potential of the RNA scheme. Indeed, the
accuracy of positioning when using coherent point estimation is superior (for the APF, there
is an advantage of ~0.8 meters in absolute error). This fact should be attributed to the

averaging of the angle error that is carried out when selecting the correction angles ¢, , in
e

Eq. (46). Nevertheless, our simulation results (not shown) indicate that RNA-based schemes
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always outperform point-estimation methods when the system runs for ~300 time steps or
more.

2.85
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Fig. 3. Averaged absolute error in the estimation of the sensor positions, measured in
meters/second (m). Left: Estimation is carried out using independent APF and DA-MKF
algorithms at each DFC and performing fusion by coherent combination of point estimates.
Right: Estimation is carried out using a distributed implementation of the APF and DA-MKF
algorithms over the N.=4 DFCs, by means of the RNA technique.

8. Summary

We have proposed a novel scheme for joint node localization and target tracking in wireless
sensor networks using Monte Carlo methods. The proposed approach does not require the
aid of beacons in order to locate the network nodes. Instead, it resorts to a novel
combination of Monte Carlo optimization and iterated sampling procedures in order to
generate an initial population of node locations with sufficient quality. Starting from this
population, we have described novel particle filtering algorithms that recursively track the
target position and sequentially generate new samples of node positions, as new data
become available, in order to improve node positioning. For networks equipped with more
than one data fusion center, we have also proposed two schemes that enable the
combination of the estimates obtained by different fusion centers, possibly using different
data. Computer simulation results have also been presented to illustrate the performance of
the proposed techniques.
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