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PROBLEM FORMULATION

I Evaluated scenario

• R sensors dispersed over a partially connected network;

• A single target is moving within the sensors field.
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Ground truth Sensors Connections

I The target state transition equation is given by

xn+1 = fn(xn) + Gnun

where un ∼ N(0,Qn) and fn(·) is an arbitrary (possibly
nonlinear) function known for all n ≥ 0.

I The measurement available at network location
r ∈ V , {1, 2, . . . , R} is defined as

yn,r = hn,r(xn) + vn,r

where vn,r ∼ N(0,Rn,r) and hn,r(·) is an arbitrary function
known for all n ≥ 0 and all indexes r ∈ V .

I Cooperative/distributed tracking

• Nodes cooperate with each other via message passing to track the
kinematic state sequence {xn}, n ≥ 1, in a fully distributed fashion;

• Each node r can only access observations {yn,`}, ` ∈ N̄(r), in its
closed neighborhood N̄(r).

Goal

Derive fully distributed algorithms that recursively estimate
xn at instant n given y0:n,1:R defined as the vector that
collects the observations yk,r.

ATC DIFFUSION FILTER

I Adapt Step

• Prediction:

pn|n−1,r(xn) =

∫
<N
p(xn|xn−1) pn−1|n−1,r(xn−1) dxn−1

• Update:

p̃n|n,r(xn) ∝

 ∏
u∈N̄(r)

p(yn,u|xn)

 pn|n−1,r(xn)

I Combine Step

• Kullback-Leibler fusion rule:

pn|n,r(xn) ∝
∏

u∈N̄(r)

[
p̃n|n,u(xn)

]ar,u
which minimizes ∑

u∈N̄(r)

ar,uDKL(p? ||p̃n|n,u)

over all possible p.d.f.’s p?, where
∑

u∈N̄(r) ar,u = 1, ∀r ∈ V .

ATC MARGINAL DIFFUSION PF

I Marginal Particle Filter Adapt Step

Assume that the posterior p.d.f. pn−1|n−1,r at node r at
instant n− 1 is approximated in a Monte Carlo sense by

pn−1|n−1,r( xn−1 ) ≈
J∑
j=1

w
(j)
n−1,r δ( xn−1 − x

(j)
n−1,r ).

Then, the new set of weighted samples representing the
posterior p.d.f. pn|n,r at instant n is given by

x̃(j)
n,r ∼ πn|n−1,r(xn)

w̃(j)
n,r ∝

 ∏
u∈N̄(r)

p(yn,u|x̃(j)
n,r)

 ∑J
l=1w

(l)
n−1,r p(x̃

(j)
n,r|x(l)

n−1,r)

πn|n−1,r(x̃
(j)
n,r)

for j ∈ {1, . . . , J}, where the proposal p.d.f.

πn|n−1,r( xn ) = N (xn| mn|n−1,r,Σn|n−1,r)

is based on an EKF Gaussian posterior such that

mn|n−1,r = fn−1(x̂n−1|n−1,r)

Σn|n−1,r = F̃n−1 Pn−1|n−1,r F̃T
n−1 + Gn−1Qn−1G

T
n−1.

I Combine Step

We create first a Gaussian approximation at each node r ∈ V

p̃n|n,r(xn) ≈ N (xn| x̃n|n, r, P̃n|n, r)

with

x̃n|n,r =

J∑
l=1

w̃(l)
n,r x̃

(l)
n|n,r

P̃n|n,r =

J∑
l=1

w̃(l)
n,r(x

(l)
n|n,r − x̃n|n,r)(x

(l)
n|n,r − x̃n|n,r)

T .

Thus, the merged p.d.f. pn|n,r at node r is also Gaussian

pn|n,r(xn) ≈ N (xn| x̂n|n, r, Pn|n, r)

with fused covariance matrix and mean vector given by

(Pn|n,r)
−1 =

∑
u∈N̄(r)

ar,u(P̃n|n,u)
−1

x̂n|n,r = Pn|n,r

 ∑
u∈N̄(r)

ar,u (P̃n|n,u)
−1 x̃n|n,u

 .
Finally, node r resamples x

(j)
n,r ∼ N (xn| x̂n|n, r, Pn|n, r) and

resets w
(j)
n,r = 1/J for j ∈ {1, . . . , J}.

MARGINAL RNDEX DIFFUSION PF

I Random Exchange Diffusion Step

• Node r receives from node s a Gaussian approximation at instant n− 1
of the posterior p.d.f. p(xn−1|ỹ0:n−1,s);

• Then, node r resamples x
(j)
n−1,s ∼ N (xn−1| x̂n−1|n−1 s, Pn−1|n−1, s) and

set w
(j)
n−1,s = 1/J for j ∈ {1, . . . , J}.

Remark

At the end of the random node path {l0, l1, . . . , ln},
node ln has a Monte Carlo representation of
p(xn|ỹ0,l0 ỹ1,l1 . . . ỹn,ln).

I Local Data Fusion Step

x(j)
n,r ∼ πn|n−1,s(xn) , N (xn| mn|n−1,s,Σn|n−1,s)

w(j)
n,r ∝

 ∏
u∈N̄(r)

p(yn,u|x(j)
n,r)

 ∑J
l=1w

(l)
n−1,s p(x

(j)
n,r|x(l)

n−1,s)

πn|n−1,s(x
(j)
n,r)

SIMULATION EXAMPLE

I The random sequence {xn} evolves in time according to
the linear, white-noise acceleration model

xn+1 = F xn + un.

I At each instant n, R = 25 RSS sensors record dBm
measurements {yn,r} at each network location r such that

yn,r = P0 − 10ζr log10

(||H xn − xr||
d0

)
︸ ︷︷ ︸

hn,r(xn )

+vn,r.

I Empirical RMS position estimate error
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I Communication and processing performances

Evaluated RX TX Duty
Algorithm Rate Rate Cycle
RndEx-MPF 148 B/s 132 B/s 2.7 %

Iterative ATC MPF 2.9 KB/s 604 B/s 2.8 %
Non-Iterative ATC MPF 317 B/s 64 B/s 2.4 %
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