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Abstract— Two novel distributed particle filters with Gaussian Mixer
approximation are proposed to localize and track multiple moving targets
in a wireless sensor network. The distributed particle filters run on a
set of uncorrelated sensor cliques that are dynamically organized based
on moving target trajectories. These two algorithms differ in how the
distributive computing is performed. In the first algorithm, partial results
are updated at each sensor clique sequentially based on partial results
forwarded from a neighboring clique and local observations. In the
second algorithm, all individual cliques compute partial estimates based
only on local observations in parallel, and forward their estimates to
a fusion center to obtain final output. In order to conserve bandwidth
and power, the local sufficient statistics (belief) is approximated by a low
dimensional Gaussian mixture model(GMM) before propagating among
sensor cliques. We further prove that the posterior distribution estimated
by distributed particle filter convergence almost surely to the posterior
distribution estimated from a centralized bayesian formula. Moreover, a
data-adaptive application layer communication protocol is proposed to
facilitate sensor self-organization and collaboration. Simulation results
show that the proposed DPF with GMM approximation algorithms
provide robust localization and tracking performance at much reduced
communication overhead.

I. INTRODUCTION

In this paper, we present a novel framework for distributive,
multiple-target localization and tracking in a wireless sensor network.
This framework consists of two major components: (a) a family of
distributive, sequential Bayesian joint localization and tracking algo-
rithms based on the particle filter approach; and (b) an application-
layer, data-adaptive sensor self-organization and communication pro-
tocol that facilitates efficient re-organization of sensors according
to the predicted target trajectory. Specifically, important technical
contributions made in this paper can be summarized as follows:

Distributive Particle Filter Algorithm Formulations – We proposed
two novel distributive implementations of the particle filter algo-
rithms, called DPF-I and DPF-II. With DPF-I, the importance weights
of particles are updated in adjacent cliques of sensors sequentially.
Each clique receives a partial estimate from its preceding clique, and
update the partial estimate with local observations made within the
clique. Then, it forwards the updated estimate to the next clique.
Hence, the particles’ importance weights are updated distributively
in a pipelined fashion. With DPF-II, importance weights at each
clique are estimated in parallel based only on local observations.
These partial estimates are then forwarded over multiple-hop wireless
channels to the final clique where the final estimate is computed.

Previously, in [3], a distributive particle filter algorithm was pro-
posed that sought to update the complete particle filter on each indi-
vidual sensor nodes. To facilitate this kind of distributive computing,
it is required that sensor observations are independent. Clearly, DPF-
I and DPF-II are quite different from this implementation in terms
of the way distributive computation is performed. The distributed
algorithms are run over a set of uncorrelated sensor cliques. These

uncorrelated sensor cliques are dynamically constructed according to
the moving trajectories and specific signal propagation characteristics.
There are no independent assumption ahead. In addition, we propose
specific learning algorithms for DPF-I and DPF-II. Yet, there are no
specific training algorithm proposed in [3] to update the weights of
the particle filter. Furthermore, we address the communication issues
such as sensor self-organization and wireless bandwidth reduction.

Approximated Belief Function Representation – In a distributive
particle filter implementation, partial estimate of importance weights,
i.e. the belief estimates, must be communicated among sensor cliques
via wireless communication channels. These requirements would
defeat the purpose of distributive particle filter processing since it
will require transmitting large amount of information. To reduce
the communication burden, we approximate the belief estimates
with a low dimension Gaussian mixture model (GMM). Instead of
transmitting raw estimates of particles or the importance weights, we
transmit GMM parameters. This approximation scheme significantly
reduces the demand on the communication bandwidth while improves
the estimation performance as GMM smooths out the particle distri-
bution.

Data-Adaptive Application Layer Communication Protocol for
Sensor Self-Organization and Collaboration – We propose a novel ap-
proach that can separate the targets into different independent groups.
As such, localizing and tracking of the targets can be performed at
each group independently using different distributed particle filters.
An efficient communication strategy is proposed to collaborate the
broadcasting communication with peer to peer communication to
further reduce the communication burden.

The remaining of this paper is organized as follows: In section
II, two approximated distributed particle filters are presented. Specif-
ically, we present a way to construct disjoint uncorrelated cliques.
Two distributed particle filter algorithms operate on the uncorrelated
cliques. Local GMM is proposed to represent the distributed posterior
distribution to reduce the communication burden. Section III provides
several ways to reduce the DPF computation complexity and com-
munication requirement. Specifically, we present a novel sensor self-
organization approach to dynamically grouping targets and sensor
clique generation. Data-adaptive application layer communication
protocol is proposed to cooperate the broadcasting with peer to
peer communication. A new backoff schedule is used to solve the
interferences among the broadcasting sensor nodes. Simulations for
target tracking using acoustic energy decay model are described in
section IV. Very promising simulation results are given. A conclusion
is given in section V. In appendix, we show that the posterior
distribution estimated by the distributed particle filters convergence
almost surely to the true posterior distribution estimated from the
centralized Bayesian formula.
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II. DISTRIBUTED PARTICLE FILTER

A. Notation

Let X = {xt, t ∈ N} ∈ �nx be a Markov random process defined
over a probability space (Ω,F , P ), where nx is the dimension of X .
The transition kernel of the Markov chain is defined as: Kt(x, A) =
P (xt+1 ∈ A|xt = x)

The observation model is: yt = ht(xt, wt), where the observation
noise wt is assumed to be independent of the state vector xt. The
density of wt is denoted by gt(·). In certain conditions (refer to
section II-C.1), the observation yt can be divided into a set of M
disjoint uncorrelated cliques, i.e. yt = [yt,1, yt,2, ..., yt,M ]T .

We denote p̂t = P (xt|Y0:t−1 = y0:t−1), πt = P (xt|Y0:t

= y0:t), πt,k = P (xt|Y0:t−1 = y0:t−1, Yt,1:k = yt,1:k). Similarly,
we denote p̂n

t and πn
t as the prior and posterior probability estimated

by centralized particle filter, and p̂n
t,k and πn

t,k as the distributed prior
and posterior probability respectively.

B. Centralized Particle Filter Tracking Algorithm

In [1], we proposed a centralized particle filter tracking algorithm.
It consists of three steps: initialization, prediction and update.

During initialization, n random particles are uniformly drawn from
the initial prior distribution π0. According to the strong law of large
numbers, limn→∞ πn

0 → π0 a.s.
During the prediction step, the new positions of the particles are

computed based on the transition kernel, i.e., x̄i
t+1 ∼ Kt

(
xi

t, ·
)

,
where xi

t and x̄i
t+1 are respectively, the current and predicted particle

positions.
In the update step, the weight wi

t+1 for each particle is
calculated based on the newly received observations, wi

t+1 =
gt+1

(
x̄i

t+1

)
/
∑n

j=1
gt+1

(
x̄j

t+1

)
. The particles x̄i

t+1 are resampled
according to a multinomial distribution with parameters wi

t+1. The
resampled particle xi

t+1 has mass 1/n.

C. Distributed Particle Filter Algorithms

In a centralized Particle Filter (CPF), the posterior probability
distribution is updated based on the entire set of new measurements
at all sensors in the sensor network. This would require tremendous
communication overhead to transmit the raw sensor data to a cen-
tralized location.

A distributed Particle Filter (DPF) differs from the CPF in the up-
date step. In particular, a DPF algorithm updates the state distribution
sequentially or in parallel using only local measurements. In [3], a
DPF algorithm is proposed to update the state distribution sensor by
sensor. Coates’ method consists of the following features: (a) Each
sensor node will maintain a separate particle filters, synchronized
using the same set of prior distribution. (b) It is assumed that obser-
vations at each sensor nodes are independent so that the likelihood
function can be factored into products of partial likelihood functions.
(c) Each partial likelihood function will be updated at individual
sensors using only local observations and partial likelihood functions
estimated in a preceding sensors. (d) The partial likelihood function
will be represented by an some kind of parametric model whose
parameters requires training using locally generated particles. Neither
the parametric model nor the training method is not specified. (e)
The final importance distribution then will be back-propagated to all
preceding sensors and a new set of particles will be generated at each
sensor using this final distribution. The resulting distributed particle
filter tracking results may not be the same as the centralized particle
filter. Hence, it is difficult to predict its theoretical performance.

1) Uncorrelated sensor cliques in sensor network: We argue that
in a densely deployed sensor network, the assumption of independent
observations at individual sensors would be unrealistic. Instead, in
this work, we propose to partition sensors into groups (cliques) based
on sinal propagation model.

Information sensed by the nodes in sensor network is governed
by the events in the sensor field. Each signal received by the sensor
located at (ax, ay) corresponds to a space-time signal with spatial
bandwidth Bax , Bay and temporal bandwidth B. The coherence
distance Dax = 1

Bax
and Day = 1

Bay
denotes the spatial dimension

over which the signals are strongly correlated [4]. Dax × Day

determines spatial coherence region, i.e., clique. The signals are
approximately uncorrelated in distinct clique, i.e. πt ≈ ∏M

k=1
πt,k,

where M is the number of uncorrelated cliques.
For signal produced by point source such as targets, the spatial

signal bandwidth is determined by the temporal bandwidth via the
speed of signal propagation. For isotropic spatial propagated signal,

y(ax, ay, t) = y(0, 0, t −
√

ax
2+ay

2

v
), where v is the speed of

propagation. The spatial bandwidth and coherence distance in the
radial coherence dimension are:

Br =
B

v
, Dr =

1

Br
=

v

B
(1)

where r =
√

ax
2 + ay

2, B is the signal temporal bandwidth and v
is the propagation speed.

Define the cluster distance Cd(i, j) as:

Cd(i, j) = min.d(sx, sy) ∀sx ∈ C(i) and sy ∈ C(j)

The sensors in the network field can be clustered into disjoint
uncorrelated sensor cliques based on the minimum spanning tree
structure [5] obtained using hierarchical cluster algorithm. Initially
each individual sensor is defined as a cluster. Two clusters can be
merged into one if the condition Cdi,j ≤ Dr is satisfied.

Because acoustic signal propagation speed is relatively slow, the
coherence distance of the acoustic signals is quite small. For example,
Dr is less than 15M for all acoustic signals with bandwidth bigger
than 20HZ. This is a very loose condition because most of the
acoustic signals have the bandwidth bigger than 20HZ. This feature
provides a good chance to divide the sensor field into uncorrelated
small cliques because, as long as some of the sensors have distances
more than Dr , we have chances to cluster the sensors into a set of
disjoint uncorrelated cliques.

2) Distributed Particle Filter Algorithm I: DPF-I: Let xi
t−1,M and

xi
t,0 be respectively, the current and predicted particle positions, and

Kt

(
xi

t−1,M , ·
)

be the transition kernel. Then the predicted particles
has a distribution:

xi
t,0 ∼ Kt

(
xi

t−1,M , ·
)

.

Distributed algorithm 1 updates the posterior distribution sequentially
by a sequence of local particle filters, i.e.
For k = 1 to M ,

Denote x̄i
t,k = xi

t,k−1,
Compute

wi
t,k = ngt,k

(
x̄i

t,k

)
/
∑n

j=1
gt,k

(
x̄j

t,k

)
(2)

where gt,k(x̄i
t,k) = P (w = yt,k − ht,k(x̄i

t,k)).
Resample particles by replacing x̄i

t,k with a number of offspring
ni

t,k according to a multinomial distribution of parameters wi
t,k
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and
∑n

i=1
ni

t,k = n. Denote the resampled particles as xi
t,k, the

approximated posterior distribution before and after resampling are:

π̄n
t,k =

1

n

n∑
i=1

wi
t,kδ{x̄i

t
}

πn
t,k =

1

n

n∑
i=1

ni
t,kδ{x̄i

t
} =

1

n

n∑
i=k

δ{xi
t,k

} (3)

It can be proved that limn→∞ πn
t,M → πt almost surely and the

convergence rate is M√
n

. Detailed proof is deferred to Appendix A.
3) Distributed Particle Filter Algorithm II: DPF-II: Instead of

updating the posterior distribution sequentially using a sequence of
local particle filters, the DPF-II runs the local particle filters in parallel
at individual sensor cliques. Then the final posterior distribution can
be computed based on these local sufficient statistics. Specifically, at
every sensor clique, compute the following concurrently:

wi
t,k =

gt,k

(
x̄i

t

)
∑n

j=1
gt,k

(
x̄j

t

) (4)

where x̄i
t ∼ Kt−1(x

i
t−1, .)

Note that gt,1:M (xt) =
∏M

k=1
gt,k (xt). Since signals received at

different cliques are uncorrelated to each other, the updated weight
at time t is:

wi
t =

gt,1:M

(
x̄i

t

)
∑n

j=1
gt,1:M

(
x̄j

t

) =
gt,1

(
x̄i

t

)∏M

k=2
gt,k

(
x̄i

t

)
∑n

l=1
gt,1

(
x̄l

t

)∑n

j=1

∏M

k=1
gt,k

(
x̄

j
t

)∑n

l=1
gt,1(x̄l

t)

=
wi

t,1

∏M

k=2
gt,k

(
x̄i

t

)
∑n

j=1
wj

t,1

∏M

k=2
gt,k

(
x̄j

t

) = ... =

∏M

k=1
wi

t,k∑n

j=1

∏M

k=1
wj

t,k

(5)

Eq. (5) shows that DPF-II yields identical posterior estimates as
that of the centralized particle filtering algorithm. The convergence
rate for DPF-II is 1/

√
n.

D. Convergence of DPF Algorithms

Theorem 1 (Convergence of DPF): limn→∞ πn
t,M → πt almost

surely.
The proof of this theorem is given in Appendix A.

The convergence rate for DPF-I and DPF-II algorithms are M/
√

n
and 1/

√
n respectively. Details of convergence rate will be reported

in a manuscript under preparation [10].

E. Gaussian Mixture Approximation

Both DPF-I and DPF-II require belief propagation, which need
to transmit more bits than raw observation data. In this paper, we
propose to approximate the estimated distribution from the DPFs with
a low dimensional Gaussian Mixture Model (GMM).

πn
t,k 	 π̂n

t,k =

c∑
m=1

λ̂m
t,kN (µ̂m

t,k, σ̂m
t,k) (6)

where c is the number of Gaussian mixtures.
Extended Kalman filter and GMM have been used for non Gaussian

or nonlinear system whose analytic solutions are not available. Yet,
both the algorithms fail to take into account all the salient statistical
features of the processes under consideration, leading quite often to
poor results [2].

With the GMM model, the belief can be propagated through the
transmission of the parameters of GMM

(
λ̂m

t,k, µ̂m
t,k, σ̂m

t,k

)
rather than

the particles. This approximation promises dramatic reduction of the
communication overhead of the DPF algorithms. The parameters of
GMM can be estimated using EM algorithm which is summarized
as follows:

Expectation step:

λ̂t,k

(
m|xi

t,k

)
=

N
(
xi

t,k, µ̂m
t,k, σ̂m

t,k

)
λ̂m

t,k∑c

l=1
N
(
xi

t,k, µ̂l
t,k, σ̂l

t,k

)
λ̂l

t,k

λ̂m
t,k =

1

n

n∑
i=1

λ̂t,k

(
m|xi

t,k

)
(7)

Maximization step:

µ̂m
t,k =

∑n

i=1
xi

t,kλ̂t,k

(
m|xi

t,k

)
∑n

i=1
λ̂t,k

(
m|xi

t,k

)

σ̂m2
t,k =

∑n

i=1

(
xi

t,k − µ̂m
t,k

)2
λ̂t,k

(
m|xi

t,k

)
∑n

i=1
λ̂t,k

(
m|xi

t,k

) (8)

The number of c can be selected as a function of the number of
targets which we assume is known in this work. We note that the
EM iterations converge to a local minimum solution. However, in
our simulation, the results seem to be quite robust to the selection of
initial conditions.

An implementation detail that needs to be emphasized is that for
DPF-II, a copy of the local particle filter algorithm will run in parallel
at each sensor clique. The clique center passes the local GMM to its
neighborhood, and calculates:

π̂n
t,j+1 =

j+1∏
k=j

c∑
m=1

λ̂m
t,kN

(
µ̂m

t,k, σ̂m
t,k

)

=

∑c

mj=1

∑c

mj+1=1

∏j+1

k=j
λ̂mk

t,k N
(
µ̂mk

t,k , σ̂mk
t,k

)
∑c

mj=1

∑c

mj+1=1

∏i+1

k=j
λ̂

mk
t,k

(9)

j+1∏
k=j

λ̂
mk
t,k N

(
µ̂

mk
t,k , σ̂

mk
t,k

)
= (

j+1∏
k=j

λ̂
mk
t,k )N (µ̄t, σ̄t) (10)

σ̄t =

(
j+1∑
k=j

(
σ̂

mk
t,k

)−1

)−1

, µ̄t = σ̄t

j+1∑
k=j

µ̂
mk
t,k

σ̂
ik
t,k

mk ∈ [1 : c]

Use k-mean algorithm to cluster c2 mixture to c mixture of
Gaussian and denote the clustered GMM as π̂n

t,j+1 and pass the
clustered GMM parameters to the next clique.

The DPF-I and DPF-II with GMM approximation algorithms are
summarized in Table 1 and Table 2.

F. Comparison of the two algorithms

We have shown that both DPF-I and DPF-II algorithms conver-
gence almost surely to the true posterior probability. The convergence
rate of DPF-II is faster than that of DPF-I. From Eq.(5), we note
that the posterior probability distribution estimated using DPF-II
should be identical to that estimated using the CPF algorithm. Also,
from Eq.(19) and Eq.(21), it appears that DPF-I would require more
particles than DPF-II to achieve the same performance. However, the
communication required by DPF-II is higher than DPF-I.
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TABLE I
DPF-I WITH GMM SMOOTHING ALGORITHM

1) Initialization:
• Draw n samples xi

0 uniformly from distribution π0

2) Repeat at every time instant t:
• If t �= 1, draw samples xi

t−1 from GMM with distribution
π̂n

t−1

• Predict x̄t,0 according to the transition kernel Kt(xi
t−1, ·).

• For k = 1 : M

– Compute wi
t,k according to Eq. (2)

– Resample x̄i
t,k using multinomial distribution with weights

wi
t,k, denote the new particles as xi

t,k
– Approximate πn

t,k with π̂n
t,k using Gaussian mixture model.

– Pass parameters of local GMM to the center node of its
neighbor set, (k = k + 1)

• π̂n
t = π̂n

t,M

E(x̂t) =
∑c

m=1
λ̂m

t,M µ̂m
t,M

TABLE II
DPF-II WITH GMM SMOOTHING ALGORITHM:

1) Initialization:
• Draw n samples xi

0 uniformly from distribution π0

2) Repeat at every time instant t:
• Run the following algorithm in parallel at each clique

– If t �= 1, draw samples xi
t−1 from GMM with distribution

π̂n
t−1

– Predict x̄t according to the transition kernel Kt(xi
t−1, ·).

– Compute wi
t,k according to Eq.(4)

– Approximate πn
t,k with π̂n

t,k using Gaussian mixture model.

• Pass parameters of local GMM clique by clique
For j=1:M

– Compute π̂n
t,j+1 according to Eq. (9) (10)

which will produce c2 mixtures of Gaussian
– Use k-mean algorithm to cluster c2 mixtures to c- mean

mixtures
– Denote the clustered GMM as π̂n

t,j+1 and pass the clustered
GMM parameters to its neighboring clique.

• E(x̂t) =
∑c

m=1
λ̂m

t µ̂m
t

III. SENSOR SELF-ORGANIZATION AND DATA ADAPTIVE

COMMUNICATION -SYSTEM DESIGN

A. Computation Complexity

Computation complexity of DPF increases: 1) exponentially with
the number of jointed sources; 2)linearly with the number of states;
and 3) linearly with the number of particles.

We proposed a way to reduce the number of states by eliminating
the nuisance parameters based on a local ML estimator. The number
of particle filters can be reduced through a deterministic kernel
placement [2]. The number of jointed sources is reduced by separating
the sources into different independent groups and merging the very
close sources according to their relative interference. DPFs with
GMM approximation run independently at each group. Details of
source grouping and merging will be delivered in the [10] [11].

Fig. 1 shows the two groups of sources we have separated at time t.
The left group is composed of 5 sources. Four of them are merged into
two single sources. Therefore, they can be estimated as three joint
sources. The right group has three joint sources. The computation
complexity is reduced from O(D8) to O(2D3), where D is the
dimension of location position

Table III shows the pseudo code of the hierarchical cluster algo-
rithm for target grouping.

Target SensorMerged
targets

Fig. 1. Source grouping and merging

TABLE III
SOURCE GROUPING WITH HIERARCHICAL CLUSTERING ALGORITHM

1) Initial step,
• Set each target as a group,

Gi = [ρ̂ix ρ̂iy ], i = 1, 2, ..., K

where [ρ̂ix ρ̂iy ] is the predicted target location at next time
interval.

• Set the number of group as K, i.e. NG = K

2) Iteration step,
for i = 1 : NG

• for j = i + 1 : NG

– if the minimum distance between two group (i,j) doesn’t satisfy
the source separation condition [10] [11]:
∗ Merge GiandGj

∗ if j < NG

· Set Gj = GNG
, NG = NG − 1

∗ else
· Set NG = NG − 1

B. Dynamic Sensor Self-Organization

Sensor self-organization has been investigated to improve sig-
nal processing and communication efficiency in wireless sensor
network[12] [13] [14]. In this paper, we propose a novel sensor self
organization algorithm based on predicted moving target trajectories
and relative signal interference. With sensor self organized, the targets
can be separated and be localized independently at each group with
reduced targets at each group. Hence, the computation complexity
can be reduced exponentially.

One unique feature of our DPF algorithm is that our DPFs run
over a sequence of uncorrelated sensor cliques. These uncorrelated
sensor cliques are generated dynamically according to the predicted
target trajectories.

According to our DPF design, the final clique center at the current
time interval has the latest complete state information. It predicts state
distribution and target locations at next time interval. Based on the
predicted target locations, the current clique center can figure out the
sensors that are closest to the predicted target locations. Using the
grouping algorithm described in Table III, we can determine 1) which
targets can be grouped together and which targets can be separated,
and 2) the effective sensors at each group.

The effective sensors in the group can be clustered into different
uncorrelated cliques according to what we described in section II-C.1.
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Last Sensor Clique at current time
Self-organizing sensor cliques for the next time step for group target tracking

Target Prediction for the
next time step

Identify the sensors k* that are closest to targets 1,2,? K according to
the predicted target locations and known sensor locations

At each group, identify the effective sensors

Group targets according to table-I

Minimum Span Cluster Algorithm to cluster effective sensors at
each group into uncorrelated sensor cliques

Fig. 2. Dynamic sensor self-organization for next time step operated at the
last sensor clique at current time step

After clustering the effective nodes at each group into uncorrelated
sensor cliques, we pick the center node of each clique as the master
node. Other effective nodes are defined as slave nodes. Fig. 2 shows
the flowchart for dynamic sensor self-organization and group target
tracking using our distributed particle filter.

C. Data-Adaptive Communication

Data-adaptive application layer communication protocol is needed
for sensor self-organization and collaboration in order to dynamic
target grouping and sensor clique generation. Data adaptive commu-
nication collaborates the broadcasting communication with peer to
peer communication. A new backoff schedule is used to solve the
interferences among the broadcasting nodes.

Message being exchanged in wireless sensor network for group
targets tracking using distributed particle filtering includes:

1) Message exchange in the current cliques

• message exchange within the clique.
• message exchange among the cliques.

2) Message exchange for constructing next cliques

• Notification of selected clique centers (master nodes) for
next time interval.

• Selected master nodes for next time interval activate their
slave nodes

Message Exchange in the Current Cliques
To reduce the communication cost, the slave nodes within the

clique broadcast their measurements. The master node only accepts
the packets broadcasted by its own slave nodes and ignores the others.
The broadcasting power can be low since the clique size is small.
Under the constraint that slave node transmission signal can be heard
by its own master node, the transmission power should be as low as
possible so that the interference among the broadcasting signals can
be minimized. Meanwhile, low transmission power design also saves
the master node power. This is because the master nodes of the cliques
will have less probability to hear the transmitted signals from other
cliques. Hence, the master node won’t take their power to decode the
unnecessarily received packets.

Due to the considerable correlation and redundancy of information
within a clique, the slave nodes are not required to guarantee delivery
of their measurements to the master node. As a result, it is not
necessary to use acknowledgements and retransmissions for this
communication. Each slave node will be set a backoff time before
broadcasting to avoid the broadcasting interference. The backoff time
is designed to be inverse proportional to its SNR.

Peer to peer communication is applied to exchange the local GMM
parameters among the cliques. A reliable peer-to-peer communication
protocol will be used to ensure that the information is delivered
without loss. The protocol relies on acknowledgements and retrans-
missions to support the reliability.
Message Exchange for Clique Construction for Next Time Interval

The clique center of last sensor clique at current time step
dynamically organizes sensors and generates sensor cliques for the
next time step based on the predicted target trajectories. The master
node of each sensor clique is selected as the center node of the clique.
After that, the current clique master nodes are responsible to notify
the selected master nodes of the sensor cliques of next time step.
Because the notification to the selected master nodes for next time
interval is very important, we apply peer to peer communication. A
reliable peer-to-peer communication protocol will be used to ensure
that the information is delivered without loss. If there is no ack
from a selected master node, a nearby sensor node to the un-acked
master node will be selected as a replacement and it will be notified.
The notified master nodes for the next time interval will broadcast a
’wake-up’ signal to its slave nodes.

D. Communication Requirement

The communication cost in bytes per time step is:

NeNf + 3cNcNsNf + NnNi for DPF-I GMM

NeNf + 3cNcNsNf + Nn(Ni + 3cNsNf ) for DPF-II GMM

where Nf and Ni are the number of bytes to represent the float
data and integer data respectively. Ne is the total number of slave
nodes within the cliques, Nc is the total number of hops that master
nodes transmit their parameters among the cliques. Nn is the number
of hops to notify the clique centers at next time interval. Ns is the
number of states and c is the number of mixers we applied.

Since max(Ne, Nc, Nn) = N , where N is the number of sensors
in the sensor field, the maximum communication cost in bytes
for DPF-I and DPF-II are O(N). DPF-I has less communication
requirement than DPF-II.

The least communication for CPF algorithm is when the sensors are
uniformly deployed and the center node is at the center of the sensor
field. The communication in bytes is:

√
N(1 + 2 + ... +

√
N
2

)Nf =

O(N3/2). The worst case for the CPF algorithm is when the center
node is at the end of the sensor field. The communication in bytes is:
(N − 1 + N − 2 + ... + 1)Nf = O(N2). Hence, the communication
requirement is reduced using DPF algorithm.

IV. SIMULATION ON TWO TARGETS TRACKING IN WIRELESS

SENSOR NETWORK

A. Acoustic Energy Based Source Localization

We apply acoustic energy based source localization model that we
have proposed in [6] as our measurement model.

yi(t) = γi

L∑
l=1

sl(t)

‖ ρl(t) − ri ‖2
+ εi(t) (11)

i = 1, 2, ..., N
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where L is the number of targets (assumed to be known), yi(t) is
the acoustic energy received by the ith sensor. εi(t) is a perturbation
term that summarizes the net effects of background additive noise
and the parameter modelling error. γi and ri are the gain factor and
location of the ith sensor respectively, sl(t) and ρl(t) are the energy
emitted by the lth source (measured at 1 meter from the source) and
its location during the tth time interval. N is the number of sensors
in the activated region. The mean and variance of each εi(t) can be
empirically estimated from constant false alarm (CFAR) detector.

Collaborating the particle filter with maximum likelihood algo-
rithm, we eliminate the nuisance parameter[10][11]. The reduced state
updating weight can be expressed as:

wi
t,k =

{
p(zt,k|x̄t,k(i)) = ηe

zT
t,k

Pt,k(x̄t,k(i))zt,k for DPF-I

p(zt,k|x̄t(i)) = ηe
zT

t,k
Pt(x̄t(i))zt,k for DPF-II

(12)

where zt,k is the normalized energies at the kth sensor clique. Pt,k is
a projection function of x̄t,k(i). Pt is a projection function of x̄t(i).
For DPF-I algorithm, x̄t,k(i) is the ith prior sample distributed as
x̄t,k(i) ∼ P (xt|z1:t−1, zt,1:k). For DPF-II algorithm, x̄t(i) is the
ith prior sample distributed as x̄t(i) ∼ P (xt|z1:t−1). η is defined to
normalize the posterior probability.

In this work, the state transition is modeled by a a Gaussian Markov
jump process:

θl(t) = θl(t − 1) + dθl(t)

al(t) = ζl(t)[cosθl(t) sinθl(t)]
T

ul(t) = ul(t − 1) + al(t)T

ρl(t) = ρl(t − 1) + ul(t − 1)T +
1

2
al(t)T

2 (13)

where ρl(t) stands for the location of source l, ul(t) is the velocity
of source l and al(t) is the acceleration of the source l. θl(t) is the
acceleration direction. The change of the acceleration direction dθl(t)
is modeled as a Gaussian Markov jump model:

dθl(t) = vl(t) +

{ −15o with p.d.f. 0.1
0o with p.d.f. 0.8
15o with p.d.f. 0.1

(14)

where noise vl(t) is assumed to be a Gaussian random variable,
vl(t) ∼ N(0, 1) ∗ 5o.
The absolute acceleration velocity ζl(t) is assumed to be uniformly
distributed over [−Amax Amax] where Amax is the maximum
acceleration rate; and T is the time interval.

B. Simulation

Simulations have been conducted to compare the performance of
target tracking using Distributed Particle Filter with GMM approxi-
mation (DPF-GMM), Distributed Particle Filter (DPF) and Central-
ized Particle Filter (CPF).

Two targets move in a sensor field of size 100 × 100M2. The
sensor node labels and locations are depicted in Fig.3. The initial
velocity of each targets is assumed to be 20 m/s. The velocity and
acceleration for the two targets are changed according to our state
transition model. The background noise level is set as σi = 2 for
all sensors in the sensor field. The number of particles is chosen to
be 500. 500 repeated trials are simulated for each sequential running
point.

The bias and variance of target location estimation are shown in
Fig. 4∼Fig. 5. From the simulation results, we can see that both DPF
algorithms with GMM approximation have comparable performance
as the CPF algorithm. The estimation error doesn’t accumulate with
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Fig. 4. Estimation bias using CPF, DPF and DPF with GMM Approximation
for sequential target tracking

time increment. Furthermore, DPF with GMM approximation can
produce better performance than DPF only. As our prediction in
section II-C.3, DPF-II has better performance than DPF-I.

In section II-C.3, we have shown that DPF-II yields identical pos-
terior estimates as that of the centralized particle filtering algorithm
(Refer to Eq.5). Furthermore, GMM approximation regularizes the
widely distributed particles and makes these particles distributed more
smoothly. Hence, from the simulation results, we find that DPF-II
with GMM approximation has even better performance than that of
the CPF algorithm. Therefore, DPF with GMM approximation can
not only reduces the communication significantly, but also improves
the algorithm performance.

The communication requirements at each time step using DPF-I
GMM and DPF-II GMM algorithms are shown in Table IV. Here
we assume that the float data is represented by 16 bits, the integer
is represented by 8 bits, two mixer of gaussian is used to represent
the approximated distribution, and 4 states of GMM parameters(2
states for location and 2 states for velocity) are transmitted among the
clique centers. This table shows that the maximum communication
requirement at each time interval is less than 160 bytes for DPF-
I with GMM approximation and 310 bytes for DPF-II with GMM
approximation. The total transfer bytes is reduced significantly from
5520 bytes for CPF algorithm to 1000 bytes for DPF-I with GMM
approximation and 2200bytes for DPF-II with GMM approximation.

Overall, the simulation shows that DPF with GMM approximation
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TABLE IV
COMMUNICATION REQUIREMENT USING DPF-I AND DPF-II WITH GMM

ALGORITHMS AND CPF ALGORITHM

Time N1 N2 N3

Total
transfer

in bytes
(DPF-I)

Total
transfer
bytes

(DPF-II)

Total
transfer
bytes
(CPF)

1 5 2 2 108 204 552

2 5 2 3 109 253 552

3 6 3 3 159 303 552

4 4 3 3 155 251 552

5 4 3 2 154 298 552

6 2 1 3 55 199 552

7 8 3 3 163 307 552

8 6 1 2 62 158 552

9 5 0 2 12 108 552

10 5 0 2 12 108 552
Total
(bytes)

50 18 25 989 2189 5520

N1: Number of slave nodes within the clique.
N2: Number of hops for master node transmits the GMM parameters
N3: Number of hops for notifying the master nodes of cliques at next time period.

algorithms provide robust tracking performance while reduce the
communication significantly compared to the CPF algorithm. DPF-I
GMM approximation requires much less communication requirement
than DPF-II GMM approximation and almost the same estimation
performance as the DPF-II GMM approximation. Hence, DPF-I
GMM approximation is superior to DPF-II GMM approximation.

V. CONCLUSION

In this paper, we proposed two distributed particle filters coop-
erated with GMM approximation algorithms to track the multiple
targets in wireless sensor network. The algorithms can run dis-
tributively at the local sensor cliques. By approximating the local
sufficient statistic (belief) with GMM, the communication burden is
dramatically reduced while the performance is maintained almost the
same as or even better than the CPF algorithm. In addition, we also
proved that the states posterior distribution estimated by DPF conver-
gence almost surely to the true posterior distribution formulated by
the centralized sequential bayesian estimation. The computation and
communication burden of DPF with GMM approximation algorithm
can further be reduced using the target grouping and separation
approaches and state reduction algorithms. Data adaptive application
layer communication protocol is proposed for sensor self-organization

and collaboration. The simulation shows that the DPF with GMM
approximation algorithms provide high localization and tracking per-
formance and much reduced communication requirements. Reducing
the number of particles through a deterministic kernel placement is
under development.
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APPENDIX A

Let f ∈ ß (�nx) be any continuous bounded function defined on
�nx , then

E
[
(πtf − πn

t f)4
]
≤ E

[
E
[(

πtf − π̄n
t,Mf

)4 |xt

]]
+E

[
E
[(

π̄n
t,Mf − πn

t,Mf
)4 |xt

]]
(15)

E
[
E
[(

π̄n
t,Mf − πn

t,Mf
)4 |xt

]]
=

E

[
E

(
1

n
wi

t,kf(xi
t,k) − 1

n

∑
i

ni
t,kf(xi

t,k)

)4]

≤ c∗t,M1 ||f ||4
n2

(16)

where π̄n
t,M and πn

t,M represent the posterior distribution before and
after resampling as shown in (3). c∗t,M1 is a constant.
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Define
ḡn

t,k = 1
n

∑
j
gt,k(xj

t,k−1) = En
πt,k−1(gt,k)

ḡt,k =
∫

gt,k(xt)πt,k−1(xt)dxt = Eπt,k−1(gt,k)
We have

πt,kf(xt) =
gt,k(xt)f(xt)πt,k−1

ḡt,k

πn
t,kf(xt) =

gt,k(xt)f(xt)π
n
t,k−1

ḡn
t,k

Here g(·) is the density of system noise as defined in the notation
section. Then we have:

E
[
E
[(

πt+1f − π̄n
t,Mf

)4 |xt

]]
≤

E

[
E

[(
gt,Mfπt,M−1

ḡt,M
− gt,Mfπn

t,M−1

ḡt,M

)4
]]

+

E

[
E

(
gt,Mfπn

t,M−1

ḡt,M
− gt,Mfπn

t,M−1

ḡn
t,M

)4
]
≤

ct,M2E
[(

πt,M−1f − πn
t,M−1f

)4]
+

ct,M3E
[(

ḡt,M − ḡn
t,M

)4]
= c∗t,M2E

[(
πt,M−1f − πn

t,M−1f
)4]

(17)

where the last inequality for (17) is from g < 1, c∗t,M2 , ct,M2 , and
ct,M3 are some constants.

Substituting (16) and (17) into (15), we have:

E
[
(πtf − πn

t f)4
]
≤

c∗t,M1 ||f ||4
n2

+ c∗t,M2E
[(

πt,M−1f − πn
t,M−1f

)4]
(18)

By mathematical induction, we can show that

E
[
(πtf − πn

t f)4
]
≤

c∗t,M1 ||f ||4
n2

+ c∗t,M2E
[(

πt,M−1f − πn
t,M−1f

)4] ≤
c∗t,M1 ||f ||4

n2
+ c∗t,M2

c∗t,(M−1)1
||f ||4

n2

+c∗t,M2c∗t,(M−1)2E
[(

πt,M−2f − πn
t,M−2f

)4] ≤ ...

≤ c∗t tM ||f ||4
n2

+ c∗t E
[
(π0f − πn

0 f)4
]

(19)

where c∗t = max(
∏t0

i=1
c∗i,(l−1)1

∏M

k=l
c∗i,k2

) for any 1 ≤ t0 ≤
t, 1 ≤ l ≤ M .

Since limn→∞ πn
0 → π0 a.s. by our initiation step, we have

∞∑
n=1

E
[
(πtf − πn

t f)4
]

≤
∞∑

n=1

c∗t tM ||f ||4
n2

+ c∗t

∞∑
n=1

E
[
(π0f − πn

0 f)4
]
≤ ∞ (20)

By Borel Cantelli lemma, limn→∞ πn
t → πt almost surely if

O( tM
n

) < O(1), which is true when t is finite.
Similarly, for DPF-II, we can show that

E
[
(πtf − πn

t f)4
]
≤ c∗t t||f ||4

n2
+ c∗t E

[
(π0f − πn

0 f)4
]

(21)

Hence, for DPF-II algorithm, we also have

lim
n→∞

πn
t →πt a.s.
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