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ABSTRACT

Indoor target tracking appears in several engineering prob-
lems and is a key enabler to a myriad of new applications. Lo-
calization in such global navigation satellite system (GNSS)-
denied environments typically relies on the use of existing
infrastructures and already deployed technologies. In this pa-
per, we are interested in received signal strength (RSS)-based
multiple target tracking (MTT) in wireless sensor networks
(WSN). From an estimation standpoint, two problems arise:
1) standard Bayesian filtering techniques are not able to cope
with high-dimensional systems, and ii) WSN are typically
built with resource-constrained low-cost sensors, which im-
plies the need for distributed algorithms. A possible solution
is to use a multiple Bayesian filtering approach, where the
state-space is partitioned in several lower dimensional sub-
spaces, and then a set of parallel filters are used to character-
ize the marginal subspace posteriors. In this work, we pro-
pose a new distributed multiple Gaussian filtering (MGF) for-
mulation, to solve both the curse-of-dimensionality in high-
dimensional systems and the need of distributed algorithms
in network localization applications.

Index Terms— Network localization, distributed Gaus-
sian filtering, multiple target tracking, state partitioning.

1. INTRODUCTION

It is foreseen that a large number of sensors will be avail-
able in the context of the Internet-of-Things (IoT). The per-
vasiveness of such technology will enable more accurate and
widespread localization applications in a variety of disciplines
such as smart cities, smart grids, and intelligent transportation
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C2-2-R ADVENTURE), the Government of Catalonia (Grant 2017-SGR-
1479), the National Science Foundation (Awards CCF-1617986 and CNS-
1815349), and by the EC in the framework of the COST Action CA15104
(IRACON).
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systems [1]. Particularly, this relates to topics in indoor track-
ing, multiple target tracking (MTT), and network localiza-
tion [2]. In this paper, we focus on decentralized approaches
to those challenges. Given that the number of sensing devices
is expected to be large in the IoT context, there is a clear need
to develop new methodology that is scalable and does not col-
lapse due to the increase in dimensionality of the network and
system. Additionally, decentralized networks of sensors have
the feature of being inherently robust to node failures, due to
the redundancy in a dense network. Finally, decentralized ap-
proaches require cost-efficient algorithms whose implemen-
tation does not involve high computational complexity.

In the context of Bayesian filtering, a well-known prob-
lem is the curse-of-dimensionality, that is, the computational
complexity increase and associated performance degradation
in high-dimensional systems [3,4]. Among the possible solu-
tions, a promising approach is the multiple state-partitioning
framework [5], where the state-space is partitioned in sev-
eral lower dimensional subspaces, and then a set of parallel
filters are used to characterize the marginal subspace poste-
riors. This has been applied to both particle filters [5, 6] and
sigma-point Gaussian filters [7-9], the latter named multiple
Gaussian filters (MGFs). But the formal derivation of the dis-
tributed multiple Bayesian filtering is still an open problem.

In this article we propose a new distributed MGF for-
mulation, to solve both the curse-of-dimensionality in high-
dimensional systems, and the need of distributed algorithms
in network localization applications.

2. STATE-SPACE FORMULATION

The general nonlinear Gaussian state-space model (SSM) of
interest can be written as

Vi1 ~N(0,Qi—1), (1)
n; ~ N(0,Ry), 2

xe =f1(x¢-1) + Vo1,

vt = he(x¢) + 0y,

where x; € R"* and y, € R"v are the hidden state of the sys-
tem and the measurements at time ¢, respectively; f;_1 (-) and
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h,(-) are known (possibly nonlinear) functions of the state;
and the white Gaussian sequences v;_; and n, are assumed to
be independent. The system in (1) is assumed to be separable

into S non-overlapping subspaces as xj = [xg), .. ,X](CS)]
such that Qj,_; = diag( ,(617)1,..., gi)l),l
1 1 1 —1 1
X £ (%7, %, v,
t _ tl(t‘l i-1) n e
s S),(S) (-5 S
x(”) £ 062 %2 v

where each function ft(i)l(') can be different from one an-
other, and the s-th noise process is distributed as l/ﬁ)l
N(0, Q§S_>1). Considering a set of observations taken at N

different clusters of sensors given by

~

yj,t = hj,t(xt) + l’lj7t7 fOI'j = 1, ey N. (4)

withn;; ~ AN(0,R;,), the aim is to use a set of individual
filters, each one handling a subspace xgs), in order to char-
acterize at each cluster of sensors j the subspace marginal
distributions, p(x§s> |yj1:t). We can consider the centralized
filtering problem (i.e., a single filter with access to the full
set of observations collected by all the sensors), which may
be implemented using deterministic sigma-point Gaussian fil-
ters (SPGF) [10, 11]. The extension of these SPGFs within
the multiple state-partitioning framework has been proposed
in [7,8]. In this case, the exchange of information among fil-
ters and thus the proper marginalization of subspaces can be
tackled via a nested sigma-point approximation [8]. The main
assumption is that the joint distributions may be written as

p(xelyrio1) = px lyre)px Ty 1), )
p(xelyre) = p(x$ |y r)p(xd Ty 1) (6)

In the following we consider the standard distributed SPGF
formulation, where each cluster of nodes provides an estimate
of the complete state of the system x;.

3. DISTRIBUTED SIGMA-POINT GAUSSIAN
FILTERING BACKGROUND

The information filter (IF) is an algebraically equivalent form
of the Kalman filter (KF), where instead of propagating the
state vector and its associated estimation error covariance, the
so-called information vector and information matrix (i.e., the
inverse of the covariance) is propagated. The main advantage
is in terms of information fusion, because the aggregation of
information provided by different clusters of sensors is just a
sum of individual information vectors [12, 13].

1x(%) denotes the s-th element (possibly a vector) in a vector x and x(=9)
is the vector of all elements in x except for x(*). The dimension of each

subspace n®) = dim{xgs)} is defined such that 3°5_, nS) = e s €
S={1,...,5}, and ng_s) e dim{xi_s)}

3.1. Standard Information Filtering

Considering linear/Gaussian systems, i.e., fi_1(x;—1) =
F;_1x;—1 and hy(x;) = H;xy, to reformulate the KF as an
IF, we define the information vector and matrix as,

it\t =3 fitu = Zt|t§<t|f, ) Zt|t = Z;é|t7 (7

-1
x,t|t

and then the standard KF recursions are rewritten as

Zgjp—1 = LyZy_1)4—1, (8)
Zyy—1 = (Ft—lzg_ll‘t_lFtT—l + Qt—1>_1 ; 9
Zgjt = Zgjp—1 + 1, (10)
Zyt = Zyi—1 + Lt (1)
with Ly = Zy,_1F; 4 Zatl_l, and the information contribu-

tions to the updates i; = H; R; 'y, and Z, = H/R; 'H,.
Considering a set of observations taken at NV different clusters
of sensors as in (4), each cluster computes its own estimate
and then the global estimate can be updated simply as

N N
Zy = Zyjp—1 + Zij,t s Ly =Ly + sz,m
j=1 j=1
with i;, = H/,R.y;; and Z;, = H], R /H;,. Notice
it GtV 1 Yt gt gty gt
that the filter complexity (e.g., inversion of matrices) is trans-
lated from the measurement update to the state prediction,
which is substantially lower dimensional in WSN.

3.2. Sigma-point Information Filtering

For nonlinear/Gaussian systems as the ones of interest in this
work, deterministic sampling sigma-point-based information
filters (SPIFs) have been proposed [12, 13]. In this case, the
prediction step can be implemented as in the standard SPGF,
and the information vector and matrix contributions to con-
struct the measurement update at cluster j are given by

. —1 ~
e =215 ay a1 Ry, (Vie — Vit
+37 2 (12)
Gy t|t—1%4,t)t—1

_ T
Tit = Zjupi1Z ey iRy (Zja1Zjmyai-1)
where from the SPGF formulation we have that [11]
L

yj,t|t_1 = /hj,t(xt)p(xt‘yj,l:t—l)dxt ~ Zwihj,t(xi,ﬂt—l)a

=1

T N N T

Yaeyitlt—-1 = /Xthj,t(xt)p(xt|Y1:t—1)dxt = Rjpe—1 (Fje1e—1)

L

~ N T

~ Zwixi,t\t—lhj,t(xi,t\t—l)T — Xjtlt—1 (yj,t|t—1) s (13)

=1
with {&;,w;}i=1,...1 a set of sigma-points and weights,
Xitlt—1 = Sjzt)t—1& + Xje—1, and S; o ;1 the square-
root Cholesky factorization of 3; ;. ;1. Notice that after
computing the global estimate at the fusion center, the infor-
mation vector and matrix are retransmitted to each cluster.
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4. DISTRIBUTED MULTIPLE GAUSSIAN
INFORMATION FILTERING FORMULATION

In this paper we leverage on the previously introduced SPIF
results to extend the information filtering theory to the dis-
tributed subspace posterior characterization of interest. The
partitioned state and j-th cluster measurement equations are
given in (3) and (4). Considering the filter in charge of the s-
th subspace at cluster 7, the Bayesian solution is given by the
s-th subspace marginal predictive and posterior distributions,

P i) = N (x5, =0 ) as)

N (x50, 20

Jitlt? j,z,t\t) :

p(xVlyjae) = (15)
We want to formulate an IF-type approximation of these
Gaussian distributions. In the sequel we detail the new dis-
tributed multiple Gaussian information filter (DMGIF).
Consider that at time ¢, each filter at each cluster knows
the global (complete) information estimates, 2;,_;—; and
Z,_1);—1, provided by the fusion center. In general, we have
that the full state estimate is the concatenation of individual
subspace estimates, X;|; = x and the block

diagonal covariance is X, ;; = blkdiag(3 ;ZH, .. E;St)“)

then the information matrix turns to be also block diagonal,

tle s f|f}

. S 7 i)\ —
Zy), = blkdiag(Zy), .., Z;,). with Zyj) = ()7, and
the information vector is again the concatenation of individ-
ual subspace information vectors, z,; = [2 5‘12, A Ag‘sf)]-r

Notice that each filter within the DMGIF shares with the
other filters the individual subspace predicted information es-

timates before the measurement update, zE t)‘ +_, and Zﬁgt)l i1

4.1. Subspace State Prediction

The subspace marginal predictive distribution of interest at
the filter in charge of the s-th subspace and cluster j is

P yi10-1) // (%), <7D
)

% p(x [y e )2 |y e 1) dx .

Taking into account the approximation in (5) and (6), the

mean and corresponding prediction error covariance are?,

Jt\t 1 // ng)pxg i))

Xp(xt 1|YJ1t 1)p Xf 1 |YJ1t 1)dX£ ldxt 1)7 (16)

//f2 XES)lvxt 1 )p(xtilb’j,l:t—l) 17)

s D a0 _ (5 V' 4 W
Xp(xtfl |Yj,1:t—1)dxt 1dXt (Xj7t\t71) + Qi

2We write (x)2, (y)2, £2(-) and h2(-) as the shorthand for xx7, yy T,
f()f7(-) and h(-)h™'(-), respectively. We omitted the dependence with
time and the superscript (5) of ft(i)l (+) and hy (+), for the sake of clarity.
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These integrals can be approximated using two sets of sigma-

points [8], {51(8)74«05‘9)}2':1,4..@5 and {&5’78)7WJ(iS)}j:l,,..,L_S»
where L, and L_, depend on the sigma-point rule and the
dimensions n( %) and nf,: s) , respectively. The corresponding

transformed sets which capture the mean and covariance of

p(x [y 10-1) and p(x{ =3[y 16-1) are

(s) () 4 4(s) o
Xit—1lt—1 — zt 1i—1&i X ypers 0= Lo, L,
(=) (=) (=s) | (=) _
X -1 = Seucnebl X =1 Lo,
() () () T
with Y 1t—1 Szt 1|t— 1<Szt 1|t— 1) > Sz,t—l\t—l =
-T
(Sfi 1o 1> , and the subspace estimates are obtained
as x(”, = (207, 1) 2 ,_, . Then (16) and (17) are

approximated (at cluster of nodes j) by
L_;
<)
Xjtlt—1 sz
(%) s) ()2 (5 (5) (=s)
]zt|t 1 Zwl Zw £5( Xit—1]t—1 X t—1]t— 1)

(s) (S)
( jt\t 1) +Q

At the end of the subspace prediction step, this mean and co-

variance are shared with the other filters. We can go back to
5(5) = (s) )L - (s)

Jotlt—1 jatlt—1) X1

L,

(s) (=s)
Z f(x zt t—1 X1 t—1]t— )

the information space as z

4.2. Subspace Information Contribution

The s-th filter information vector and matrix contributions to
construct the measurement update at cluster j are [13]

NORPIC) (s) 1 5
Ly = Z_] tlt— 123' zy, t|t—1Rj,t (th Yiti—1
(s) o)
+ (Ej,my,ﬂtfl) ]t\t 1> (18)
(5) _ op(s) (s) —1 (rp(9) (s) T
Lo =250 Z ey -1 R (Zj,mflgj,my,ﬂtfl)
(19)

where Z; o1 = (2527t‘t71)_1, and we need to obtain the

predicted measurement and cross-covariance matrix, which
are defined as

Aﬁst)lt 1 // gt ’ i_s))P(XE

X p(xy~ ’ij,u 1)dxdx (20)

7zyt|t 1 //Xt §s> g_s))p(x(

ts>|Yj,1:t—1)
T
)|Yj,1:t—1)dxt )dxl(s ) kg‘t),l (y;,t)‘tfl) .

S)|yj,1:t—1)

X p(xt



These integrals can be again approximated using nested
sigma-point rules [8]. The transformed sets are now
<) (s) (s) | 4(9) —
Xit|t—1 S],zt\t T X 1= 1o

(=) _ q(=9) (= )
X Jtt—1 S] wst\t 1£ ’

7LS7

%00 1=1

]},t\t—l’ '7L787

with S(

Jat—1 the square-root Cholesky factorization of
252 411+ and both %)

tli—1 and SJ . t‘ ;1 constructed from
the predictions of the other filters running in parallel. The
integrals of interest are then approximated by

A(G) (—s) (s) e
Yjtlt—1 Zw Zw h(x ztlt X gim1)s @n
Z”( 9>Zw(9) Ek\k 1

-
(s) (=8) \T _ (9 o (s)
X h(xi,t|t—l’xj,t\t—1) — Xjtjt—1 (yj,t|t—1) - (22)

‘]‘Lyt‘t 1

4.3. Global Information Update

The different filters within the cluster share the different
information contributions to build the complete i;; and
Z;, constructed as ij;, = [1Jt7..., ;S)] and Z;; =
blkdiag(I](-lt)7 . ,I](-_?), which are transmitted to the fusion
center to compute the global estimates as

N N
Zyjp = Zyjp—1 + Zij,t i Ly = Ly + ZIj,h (23)

which are transmitted back to each node to perform the fol-
lowing prediction step.

5. RESULTS: MULTIPLE TARGET LOCALIZATION

We consider a RSS 2D multiple target localization case study,
where K targets are localized using a set of N clusters of
sensors. For each target i, we estimate its 2D position and

( ) = = @ pl (Z)} At time t, the m-th

Veloc1ty, P tapy ts Ug, t7vyt

sensor RSS is

5 1
a ; 10 |rm - 1i,t|2 i
with n,, ; ~ N(0,02,), Ly = [p;”t, pz(i)t]T, known grid sen-
sor position r,,, and

i L, 7,1
XIE):(O2 122) ()1+Vt()1:”t 1 ~N(0,Q),

with Q = diag(oy ,0, 07,05 ), Ts the sampling period

and I the 2 x 2 1dent1ty matrix. We consider the following

setup: T = 1s, o, = 1072 for all sensors, and 0, = 07 =
0.0025, 07 = o, = 0.01, for all targets. The new dis-
tributed method named DMGIF, is compared to the central-
ized MGF having access to the complete set of observations,
y+. We consider one subspace per target, then the MGF runs
K filters at the central fusion center, and the DMGIF runs K
filters at each cluster of nodes j. To assess the new method’s

performance the following filters are tested:
e MGF using 100 sensors in a 900 x 900 m? grid.
o DMGIF-1 using N = 4 clusters of 25 sensors.
o DMGIF-2 using N = 9 clusters of 9 sensors.

Figure 1 plots the results obtained for a K = 3 target track-
ing example using the new DMGIF, where we show how the
sensor space is partitioned into N clusters of neighbouring
sensors. These clusters first process the information indepen-
dently, and then a fusion center estimates the global estimate
shown in the figure. Figure 2 provides the root mean square
error (RMSE) of the position obtained with the three methods
for K = 2 and K = 3 targets and 100 Monte Carlo runs. We
can see that the performance of the decentralized filter is al-
most equivalent to its centralized counterpart, confirming the
good behavior of the new methodology.

6. CONCLUSIONS

This paper presented a new distributed multiple sigma-point
filter formulation to reduce the curse-of-dimensionality ap-
pearing both in the state and the observation dimension in ap-
plications such as multiple target localization using large sen-
sor networks. The proposed solution allows to avoid the stan-
dard Bayesian filtering performance loss in high-dimensional
state-space models. The original state is partitioned into sev-
eral low dimensional subspaces, and a set of individual sigma-
point information filters running in parallel cope with the sub-
space estimation using only a subset of observations. Each
cluster of nodes in the system computes an individual infor-
mation contribution from the different subspace state estima-
tions, which are transmitted to a fusion center in charge of
the global estimation. Numerical results support the discus-
sion and show the promising capabilities of such distributed
multiple filtering approach.
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