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Abstract—Presented are results on a design, implementation,
and performance evaluation of parallel multitarget tracking par-
ticle filters using a cluster of computers as a parallel computing
environment. The parallel algorithms developed are based on the
Joint Multitarget Probability Density (JMPD) algorithm for mul-
tiple target tracking. Since the resampling step is crucial in any
particle filter parallelization, three techniques are implemented
and experimented on a cluster for resampling—centralized,
distributed with proportional allocation, and distributed with
nonproportional allocation. Independent partitioning, coupled
partitioning, and adaptive partitioning for importance sampling
within the JMPD filter are also implemented in parallel. Re-
sults from a comprehensive experimental study with simulated
large-scale multitarget tracking scenarios (up to 50 targets) for
performance evaluation are presented. A comparative analysis is
provided based on the obtained experimental data.
Keywords: Multitarget tracking, JMPD filter, parallel
particle filter, P&D computing, computer cluster

I. INTRODUCTION

In the recent years a great deal of researchers’ efforts in
the area of target tracking and multisensor data fusion have
been devoted to density-based nonlinear filtering methods and,
in particular, to the Monte Carlo methods, commonly referred
to as particle filters (PFs). PFs have gained a momentum as
the most promising and versatile approach to nonlinear/non-
Gaussian filtering. Due to its generality, tractability and sim-
plicity, particle filtering has become, since its initial proposal
by [1], a topic of constantly growing interest, development
and numerous applications, e.g., [2], [3]. While the literature
reporting capabilities of PFs to solve hard nonlinear estimation
problems from different application areas is abundant, most
practical implementations are limited to small-scale problems
with low dimensional state vectors, such as single target
tracking. A number of PFs for large-scale multi-target tracking
have been also developed in the theory, e.g., [4]–[8], but the
computational and memory requirements of these algorithms
are enormous. Implementation of high dimensional PFs in
real-time for large-scale problems is still quite challenging.
A natural approach to overcome this limitation is to employ
parallel & distributed (P&D) computing. Development of
P&D algorithms and architectures that fully exploit the spatial
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and temporal concurrency of PF computations is a great
potential to make the PF-based multiple target tracking, and
particle filtering in general, practical. This potential has not
been fully utilized so far, even though useful work has been
done in this direction, e.g., [9]–[15].

The main goal and contribution of this paper is design,
implementation, and performance evaluation of parallel mul-
titarget tracking particle filters using a cluster of computers
as a parallel computing environment. The parallel algorithms
developed are based on the Joint Multitarget Probability
Density (JMPD) algorithm for multiple target tracking [5],
[16]–[20]. The resampling step is critical and computation-
ally expensive in every PF implementation—It becomes a
bottleneck due to its inherently sequential nature. To speed-
up the computation, three techniques are implemented and
experimented on a cluster for resampling – Centralized Resam-
pling (CR), distributed Resampling with Proportional Alloca-
tion (RPA) and distributed Resampling with Nonproportional
Allocation (RNA) [12], respectively. Another issue addressed
is the inherent interdependence of the partitioning methods
for JMPD tracking. Parallel versions of Independent Partition
(IP), Coupled Partition (CP) and Adaptive Partition (AP) are
developed and implemented that complete the design of several
parallel PF algorithms for JMPD multitarget tracking.

Comprehensive experimentation by simulation of the algo-
rithms over large-scale multitarget tracking scenarios (up to 50
targets) is conducted for performance evaluation. An analysis
and comparison is made based on the obtained experimental
data. The choice of the “best” among the six compared
parallel particle filters for the considered multitarget tracking
problem, taking into account the tracking and computational
performances, imposes a complicated trade-off. In this regard,
the obtained quantitative experimental results provide helpful
information and guidelines in a practical design.

The paper is organized as follows. Sect. II provides back-
ground information: a generic PF formulation, and the JMPD
tracking algorithm. Sect. III discusses the parallelization of the
generic PF and the JMPD tracking filter, and their implemen-
tation on a computer cluster. Results from a comprehensive
experimental study and a comparative analysis are presented
in Sect. IV. Conclusions are provided in Sect. V. Pseudo-code
of the main programs is given in the Appendix.
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II. BACKGROUND

This section provides a brief outline of a generic Parti-
cle Filter (PF) and its version for multitarget tracking, the
Joint Multitarget Probability Density (JMPD) particle filter.
It is needed for the description of their parallelization and
implementation on a cluster of computers presented in the
next section.

A. Generic Particle Filter

Let {xk}k=1,2, ... be a vector valued discrete-time Markov
process with state transition probability density function (pdf)
p(xk|xk−1), and {zk}k=1,2, ... be another process, stochasti-
cally related to {xk}k=1,2, ... through the likelihood p(zk|xk).
xk and zk are the state and the measurement, respectively, and
p(xk|xk−1) and p(zk|xk) represent the state and measurement
models. The exact Bayesian recursive filter (BRF) provides
the posterior density p(xk|zk) via the following prediction –
update scheme [21]:

p(xk−1|zk−1) −→ p(xk|zk−1) −→ p(xk|zk) (1)

given the initial state pdf p(x0) and a sequence of measure-
ments zk = {z1, ..., zk}.

In particle filtering the state pdfs are represented approx-
imately through a set of random samples (particles) and the
BRF (1) is performed directly on these samples, instead of
dealing with the exact functional representation. There exists
a great number of PF modifications, however, most of them
are based on two principal components: sequential importance
sampling (SIS) and resampling (R), introduced by [1].

A generic SIS/R PF algorithm has the following main steps
[22] performed recursively for k = 1, 2, . . .

• Importance Sampling
For i = 1, . . . , N

– Draw a sample

xi
k ∼ π

(
xk|xi

k−1, z
k
)

– Evaluate importance weights

w̃i
k = wi

k−1

p(zk|xi
k)p(xi

k|xi
k−1)

π(xi
k|xi

k−1,zk)
For i = 1, . . . , N

– Normalize importance weights wi
k = w̃i

k∑N
j=1 w̃j

k• Resampling
Effective sample size estimation: N̂eff = 1∑

N
j=1(wj

k)
2

If N̂eff < Nth

– Sample from
{

xj
k, wj

k

}N

j=1
to obtain

a new sample set
{
xi

k = x
ji

k , wi
k = 1

N

}N

i=1

The importance distribution π(·) must contain the support
of the posterior and is a “design parameter”. One possibility
is to choose π = p(xk|xi

k−1) [1] which is often referred
to as the sampling importance resampling (SIR) PF. Other
choices will be considered later in the multitarget tracking
setting. Resampling is in effect discarding of samples that
have small probability and concentrating on samples that

are more probable. The resampling step is critical in every
implementation of PF because without it the variance of
the particles weights quickly increases leading to inference
degradation.

B. JMPD Particle Filter

In the JMPD approach to multiple target tracking [5], [16]–
[20] the uncertainty about the number of targets present in
a surveillance region as well as their individual states is
represented by a single composite pdf. That is, the state of
all targets is described by a meta-target state vector Xk =(
x1

k, x2
k, . . . , xT

k

)
where xi

k is the state of target i = 1, . . . , T.
The number of targets at time k, Tk ∈ [0, 1, 2, . . . ,∞), is also
assumed random. The posterior distribution of interest1 is

p(Xk, Tk|Zk) = p(Xk|Tk, Zk)p(Tk|Zk)

where Zk = {Z1, Z2, . . . , Zk} is the cumulative measurement
set of the surveillance region up to time k, and Zl, l = 1, . . . , k
is the measurement set at time l. The model of target state and
number evolution over time is given by p(Xk, Tk|Xk−1, Tk−1)
and is referred to as the kinematic prior. It includes models of
target motion, target birth and death, and any additional prior
information on kinematics that may be available, e.g., terrain
and road maps. The measurement model over the surveillance
region is given by the likelihood P (Zk|Xk, Tk).

For the purpose of our implementation and performance
study we adopt the kinematic prior and measurement models
of [5].

Each target i = 1, . . . , T is assumed to follow a nearly
constant velocity motion model

xi
k = Fxi

k−1 + wi
k (2)

where x = (x, ẋ, y, ẏ)′ is the state vector, w ∼ N (0, Q) is
white process noise with given covariance, and

F = diag

{[
1 Δ
0 1

]
,

[
1 Δ
0 1

]}
where Δ is the sampling interval. To account for maneuvers
a mode variable can be also added [19]. The number of target
in this paper is considered constant and known. Unknown
number of targets using the transitional model of [19] will
be included in future work.

It is assumed that a pixelized sensor provides raw (un-
thresholded) measurements data from the surveillance region
according to the following association-free model [5] used
often for track-before-detect (TBD) problems. A sensor scan
at time k consists of the outputs of M pixels (cells of the
region), i.e., Z = {z[1], . . . , z[M ]}2 where z[i] is the output
of pixel i. The likelihood P (Z|X, T ) is given by

P (Z|X, T ) ∝
∏

i∈iX

pn[i](X)(z[i])
p0 (z[i])

(3)

1Note that in this formulation the so-called “mixed labeling” [23] is not
addressed. It is assumed that no track extraction is needed and, consequently,
the ordering of xi within X is irrelevant as far as only the density is of
interest. In [5] this assumption is referred to as a symmetry under permutation.

2Time index k is omitted here to lighten notation.
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where iX is the set of all pixels that couple to X , n[i](X) is
the occupation number of pixel i (number of targets from X
that lie in i). The output z of each pixel is assumed to follow
the Rayleigh model

pn(z) =
z

1 + nλ
exp

(
− z2

2 (1 + nλ)

)
, n = 0, 1, 2, . . . (4)

where λ denotes the signal-to-noise ratio (SNR).
With the definition of the transitional density

p(Xk, Tk|Xk−1, Tk−1) and likelihood P (Zk|Xk, Tk) the
solution to the multitarget tracking problem formally boils
down to the BRF (1) and the standard SIS/R PF given above
can be applied. However, with large number of target the
computation requirements become prohibitive. The first step
to improve the efficiency of the multitarget PF is to choose an
appropriate importance (proposal) distribution for sampling
that takes into account the specifics of the multitarget
problem. Along with the SIR algorithm’s Kinematic Prior
(KP) proposal π = p(Xk, Tk|X i

k−1, T
i
k−1), where i− particle

index, [5] suggested three more sophisticated schemes
for choosing the importance distribution for multitarget
PF, referred to as Independent Partition (IP), Coupled
Partition (CP), and Adaptive Partition (AP) [5]. The second
step is to parallelize as much as possible the resulting
multitarget algorithms. In the next section we develop parallel
implementation of these schemes and incorporate them in the
parallel structures of the corresponding overall multitarget
parallel algorithms.

III. PARALLELIZATION & IMPLEMENTATION ON A

CLUSTER OF COMPUTERS

A. Generic Parallel PF

An apparent nice property of the SIR algorithm, from com-
putational point of view, is that a part of it is naturally parallel.
That is, the computation of the algorithm for IS is independent
for each particle, and thus can be conducted in parallel without
any communication among the processors. Effective paral-
lelization of the resampling part however is quite nontrivial
because generation of a single resampled particle requires
information from all particles of the sample set. Thus, in
parallel and distributed implementations, resampling becomes
a bottleneck due to its sequential nature and it imposes an
increased complexity on the communications and data traffic
between processors. Several parallel/distributed resampling
schemes have been already proposed in the literature. In [9]
three PPFs, referred to as a global distributed PF (GDPF),
a local distributed PF (LDPF), and a compressed distributed
PF (CDPF), respectively. PPF with distributed resampling
schemes, referred to as RPA and RNA have been proposed
in [12] for implementation on a field programmable gate
array (FPGA). In this paper we implement and study the
performance of PPF with CR, RPA, and RNA on a cluster
computer for a multitarget tracking application.

In the sequel we consider a generic parallel computing
environment (such as a Beowulf type computer cluster) with
p processors: a central processor – head node (HN), charged

with directing the computations and communication control,
and p − 1 processing nodes (PNs), all interconnected, e.g,
through fast local area networks. The HN can also operate
as a PN.

1) PPF with Centralized Resampling: This algorithm is
straightforward. HN partition the set of all N particles into
p subsets and sends each subset to a PN. All PNs (in parallel)
perform prediction (draw predicted samples and calculate
importance weights), and send the predicted particles (with
weights) to HN. HN performs resampling.

2) PPF with distributed RPA: The algorithm is based
on stratified sampling [2] with proportional allocation. The
sample space is partitioned into p groups or strata and each
stratum corresponds to a PN. Proportional allocation among
strata is used, which means that more samples are drawn from
the strata with larger weights. After the weights of the strata
are known, the number of particles that each stratum replicates
is calculated at HN using residual systematic resampling, and
this process is denoted as inter-resampling since it treats the
PNs as single particles. Finally, resampling is performed inside
the strata (at each PN, in parallel) which is referred to as intra-
resampling. Therefore, the resampling algorithm is accelerated
by using loop transformation, or specifically loop distribution
[24], which allows for having an inner loop that can run in
parallel on the PNs (intra-resampling) with small sequential
centralized processing (inter-resampling) at HN.

3) PPF with distributed RNA: This algorithm is a modi-
fication of the distributed RPA. RPA requires a complicated
scheme for particle routing and there is a need for an additional
global preprocessing step (inter-resampling) at HN which
introduces an extra delay. These problems can be solved by
using an RNA algorithm. In distributed RNA particle routing
is deterministic and planned in advance by a designer. To
achieve this, groups of one or more PNs are formed. In RPA
the number of particles drawn is proportional to the weight
of the stratum. On the other hand, in RNA the number of
particles within a group after resampling is fixed and equal to
the number of particles per group. Therefore, full independent
resampling is performed in parallel by each group.

For more details on CR, RPA, and RNA the reader is
referred to [12].

B. JMPD Parallel PF

In the JMPD SIR PF the proposal is just the kinematic
prior and the IS step is completely decoupled with respect
to particles

{
X i
}
. Consequently, all three versions of the

above generic parallel PF work without any modification. The
significantly more efficient proposal schemes IP, CP, and AP of
JMPD PF have intrinsic coupling among particles introduced
by the dependence of the proposal on the current measurement
data. By more careful inspection, however, IP and CP can be
parallelized as given next.

Each particle i for Ti targets is X i =
(
xi,1, xi,2, . . . , xi,T i

k

)
and xi,j is referred to as a partition j of particle i.

The IS step of the JMPD with IP can be done as follows:
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A) For each partition j = 1, . . . , T i
k (in parallel)

xij
k , wij

k = IP
[
{xij

k−1, w
ij
k−1}N

i=1, Zk

]
B) For each particle 1 = 1, . . . , N

Importance weights w̃i
k = wi

k−1

p(Zk|Xi
k)

ΠT
θ=1wij

k

where IP denotes the IP subroutine of [5] which practically
implements the SIR algorithm for each partition. The IS step of
the JMPD with CP can be done similarly, except for IP being
replaced by a subroutine CP which practically implements the
known auxiliary SIR particle filter [2] for each partition but
only outputs one resampled partition.

The local importance weights wi,j
k are data dependent and

their inclusion in the calculation of importance weights w̃i
k

amounts to improving the proposal π – bias the proposal
towards the optimal importance density π(·, Zk).

Part A) can be integrated easily with any of above resam-
pling schemes, CR, RPA, RNA. In the CR version part B) is
naturally computed in HN where all particles are resampled.
In RPA and RNA versions part B) can also be computed at
HN at the expense of an extra communication between HN
and all PNs, or it can be computed locally at each PN but this
incurs extra pairwise (node-to-node) communication between
all PNs. The latter option is parallel but not necessarily
faster due to the communication overhead. In our cluster
implementation we use the former option – compute B) at
HN.

The IP method relies on exact labeling and is only appro-
priate for well separated (uncoupled) targets. the CP is appro-
priate for closely spaced (coupled) targets but is an expensive
overkill if targets are not close. An adaptive partition (AP) can
be achieved by spatial clustering of the individual partitions
and applying IP and CP for the groups of independent and
clustered partitions, respectively. In [5] this is achieved by
using the K-means clustering algorithm, however, for many
targets its sequential implementation (at the head node) is
computationally prohibitive.

C. Implementation on a Cluster of Computers

A computer cluster is a group of linked computers working
together closely so that they perform as a single computer
[25]. Commonly, the components of a cluster are connected
to each other through fast local area networks.

We used the cluster computer system Poseidon, housed at
the University of New Orleans. Poseidon is a 128-node, 2
dual-core processor Red Hat Enterprise Linux (RHEL) v4
cluster from Dell with 2.33 GHz Intel Xeon 64bit processors
and 4 GB RAM per node. It has 4.772 TFlops peak perfor-
mance. It is part of the High Performance Computing (HPC)
Louisiana Optical Network Initiative (LONI). More technical
and performance details of this cluster can be found at URL:
http://www.hpc.lsu.edu/systems/.

The program code was written on Message Passing Interface
(MPI) [26]. MPI is a language-independent communications
protocol used to program parallel computers. Both point-to-
point and collective communication are supported.
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Figure 1. Scenarios with 20 targets (top) and 50 targets (bottom).

The first MPI routine called in any MPI program is the
initialization routine MPI INIT. In our implementation the
head node (HN) executes function master(), and a pro-
cessing node (PN) executes function slave(). A high-level
pseudo-code of the implemented PPF with CR, RPA, and
RNA, respectively is given in the Appendix.

IV. EXPERIMENTAL STUDY

A. Experiment Setup

The simulated multiple target tracking examples are based
on the ground target tracking example of [5]. The targets

301



10
3

10
4

10
5

10
6

200

300

400

500

600

700

800

900

1000

Number of Particles

[m
]

 

 
IP−CR
IP−RPA
IP−RNA
CP−CR
CP−RPA
CP−RNA

Figure 2. Position TARMSE; 64 Processors; 50 Targets; 100 MC Runs.

move in a 5000m×5000m surveillance area. They have a
nearly constant velocity motion, according to (2) with Q =
diag{20, 0.2, 20, 0.2}. The initial position of each target, for
each Cartesian coordinate x and y, is generated randomly from
the uniform distribution U(0, 5000), and the initial velocity
of each target is also generated randomly from the uniform
distribution U(−10, 10). The sensor scans a fixed rectangular
region of 50 × 50 pixels, where each pixel represents a
100m×100m area on the ground plane. The sensor returns
Rayleigh-distributed (given by (4)) measurements in each
pixel, depending on the number of targets that occupy the
pixel according to the measurement model (3). The sensor
sampling interval Δ = 1s. The presented results are for
SNR λ = 15. Scenarios with different number of targets
were simulated, i.e., T = 3, 10, 20, 30, 50. The scenarios with
T = 20 and T = 50 are illustrated in Fig. 1. The design
parameter R = 200 in the CP algorithm. In order to obtain
statistically significant evaluation of the performance metrics,
100 Monte Carlo runs were performed for each set of scenario
and algorithms parameters (i.e, different number of particles,
different number of processors, different number targets etc.)
as described below.

B. Performance Measures

1) Tracking performance: The accuracy of state estimation
for all filters was measured in terms of time averaged root
mean square error (TARMSE) [15], defined (for both position
and velocity), as follows

TARMSEm,n =

(
1

n − m

n∑
k=m+1

RMSEk

)1/2

(5)

where (for position)

RMSEk =

(
1
M

M∑
i=1

[(x(i)
k − x̂

(i)
k )2 + (y(i)

k − ŷ
(i)
k )2]

)1/2

(6)
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Figure 3. Average Execution Time; 64 Processors; 50 Targets; 100 MC Runs.

where i = 1, . . . , M denotes the ith MC run, and [m+1, n] is
the time interval of averaging. Likewise for velocity. TARMSE
is a, commonly used in target tracking, single measure of a
filter accuracy in an interval of “steady-state”, e.g., [m+1, n].

The state estimates for each target needed in (6) were
obtained through K-means clustering of all posterior samples,
as suggested by [5], and then computing each estimate as the
sample mean of the particles within each cluster.

2) Computational Performance: The algorithms’ computa-
tional performance was measured in terms of the following
measures, commonly used in parallel computing [27]:

Execution time = Tp (7)

Speedup = Sp =
T1

Tp
(8)

Efficiency = Ep =
Sp

p
=

T1

pTp
(9)

where p denotes the number of processors and Tp is the
execution time of the algorithm using p processors.

The speedup characterizes the scalability of a parallel
algorithm. Ideally, the best speedup is linear, i.e., Sp = p. The
efficiency characterizes how well the processors are utilized.
Ideally, it has values between 0 and 1. Algorithms with linear
speedup have efficiency of 1 (the best).

C. Results & Comparative Analysis

Due to space limitation, only the most representative results
are reported in this paper. Included are the following six
parallel multitarget tracking algorithms:

IP-CR IP-RPA IP-RNA
CP-CR CP-RPA CP-RNA

where IP and CP denote independent and coupled partition,
respectively, and CR, RPA and RNA denote centralized resam-
pling, resampling with proportional allocation and resampling
with nonproportional allocation, respectively. More results are
presented for the most difficult 50-target scenario Note that
for T = 50 the dimension of the state vector is 200.
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Fig. 2 shows the position TARMSE and Fig. 3 shows the
execution times of the six filters using p = 64 processors
versus the number of particles used. Similar results (not pre-
sented here) were obtained for different number of processors,
e.g., p = 1, 2, 4, 8, 16, 32, 64, 128, 256. They all indicated (as
illustrated in Fig. 2) that for all filters using slightly more than
100K particles is a reasonable choice for practical purposes,
regardless of the number of processors used.

Fig. 2 also illustrates that (as expected) CP-CR is the best in
terms of accuracy (for the same number of particles), followed
by CP-RPA and CP-RNA. This agrees with 1) the understand-
ing that CP is the right partition method to use because the
targets are closely spaced and IP is inadequate, and 2) that CR
has better utilization of particles than RPA and RNA because
it implements the resampling exactly as opposed to RPA and
RNA which are approximate. The differences in accuracy are
(somewhat surprisingly) considerable. Quantitatively (based
on all simulations with 100K particles), CP-RPA and CP-RNA
are about 20% less accurate than CP-CR, and all IP methods
are more than 40% less accurate than CP-CR.

On the other hand, Fig. 3 shows the execution time – the
“price” paid to achieve the accuracies shown in Fig. 2. Now
the order of performance is reversed with IP-RNA and IP-RPA
being significantly faster than all other filters. Quantitatively
(based on all simulations with 100K particles - see Table I),
IP-RNA and IP-RPA (which are close in computation) are
about 4.5 times faster than IP-CR and more than 6 times faster
than CP-CR, CP-RPA, CP-RNA which are relatively close in
computation time.

The rest of the presented results concern the parallel compu-
tational performances. Table I provides the obtained execution
times of each filter for a wide range of number of processors
p and number of particles N . Fig. 4 shows the execution
time, speedup, and efficiency for all algorithms with 100K
particles versus the number of processors. Table II provides the
computational performances of each filter with 100K particles.

First, based on all results, it is observed that IP-CR has a
quite poor scalability and efficiency. Practically, its execution
time remains constant for p ≥ 30. Evidently, IP-CR PPF
on more than 32 processors is of almost no use for this
problem – most of the effort will be wasted on communication
and synchronization. Second, IP-RNA and IP-RPA are better
than IP-CR but much worse than all CP algorithms in terms
of speedup and efficiency. For IP-RNA and IP-RPA there
is no real use of increasing number of the processors after
p ≥ 64. Third, all CP algorithms have very good speedup
and efficiency with a considerable advantage of CP-RNA
(best) and CP-RPA (second best). This advantage increases
significantly with increasing the number of processors, e.g.,
CP-RPA becomes more than 15% more efficient than CP-CR,
and CP-RNA becomes more than 25% more efficient than
CP-CR. It becomes clear from the results that within the CP
algorithms RNA and RPA can help reduce considerably the
computation of CP-CR if the number of processors p ≥ 128.

Finally, Fig. 5 provides a comparison of the execution times
of the tracking filters as a function of the number of targets.
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Figure 4. Execution Time (top) in log-scale, Speedup, Efficiency (bottom);
50 Targets; 100K Particles.

V. CONCLUDING REMARKS

Six parallel particle filters for multitarget tracking have been
designed and implemented on a cluster of computers. Compre-
hensive experimentation by simulation of the algorithms over
large-scale multitarget tracking scenarios has been conducted
for performance evaluation, and comparison has been made
based on the experimental data.
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Table I
EXECUTION TIME(S); 50 TARGETS

Number of Particles
10, 000 100, 000

p IP-CR IP-RPA IP-RNA CP-CR CP-RPA CP-RNA IP-CR IP-RPA IP-RNA CP-CR CP-RPA CP-RNA

1 0.9921 0.9883 0.9999 20.2018 20.3858 20.2411 9.9831 9.8122 9.9038 203.4868 204.7674 211.2306
2 0.9393 1.1786 1.2232 10.3009 10.3325 10.6168 9.2455 11.4716 11.7845 103.5883 103.2430 108.2115
4 0.5910 0.5894 0.6277 5.1990 5.2394 5.3241 5.9815 5.8952 6.0107 51.8891 51.6296 56.4860
8 0.4273 0.2885 0.2440 2.6219 2.6005 2.6810 4.0835 3.0311 2.5772 26.4441 25.8102 28.4187
16 0.3349 0.1759 0.1575 1.3376 1.3371 1.3784 3.3469 1.6788 1.5255 13.3824 13.1720 14.2625
32 0.2930 0.1057 0.0962 0.6964 0.6754 0.6767 2.8235 0.8976 0.8959 6.9516 6.6127 6.6826
64 0.2691 0.0797 0.0784 0.4093 0.3717 0.3695 2.6662 0.5734 0.5097 3.6776 3.4416 3.4927
128 0.2644 0.0977 0.0929 0.2414 0.2084 0.2021 2.5957 0.4191 0.3565 2.0892 1.8729 1.7946
256 0.3273 0.1313 0.1081 0.1727 0.2102 0.1997 2.5185 0.3913 0.3416 1.3248 1.1068 0.9871

Table II
COMPUTATIONAL PERFORMANCES; 100K PARTICLES, 50 TARGETS

p = 1 2 4 8 16 32 64 128 256

Tp 9.9831 9.2455 5.9815 4.0835 3.3469 2.8235 2.6662 2.5957 2.5185
IP-CR Sp 1.0000 1.0798 1.6690 2.4447 2.9828 3.5357 3.7443 3.8460 3.9638

Ep 1.0000 0.5399 0.4172 0.3056 0.1864 0.1105 0.0585 0.0300 0.0155
Tp 9.8122 11.4716 5.8952 3.0311 1.6788 0.8976 0.5734 0.4191 0.3913

IP-RPA Sp 1.0000 0.8553 1.6644 3.2372 5.8448 10.9318 17.1135 23.4112 25.0727
Ep 1.0000 0.4277 0.4161 0.4046 0.3653 0.3416 0.2674 0.1829 0.0979
Tp 9.9038 11.7845 6.0107 2.5772 1.5255 0.8959 0.5097 0.3565 0.3416

IP-RNA Sp 1.0000 0.8404 1.6477 3.8428 6.4922 11.0545 19.4294 27.7810 28.9935
Ep 1.0000 0.4202 0.4119 0.4804 0.4058 0.3455 0.3036 0.2170 0.1133
Tp 203.4868 103.5883 51.8891 26.4441 13.3824 6.9516 3.6776 2.0892 1.3248

CP-CR Sp 1.0000 1.9644 3.9216 7.6950 15.2055 29.2720 55.3321 97.3990 153.5968
Ep 1.0000 0.9822 0.9804 0.9619 0.9503 0.9148 0.8646 0.7609 0.6000
Tp 204.7674 103.2430 51.6296 25.8102 13.1720 6.6127 3.4416 1.8729 1.1068

CP-RPA Sp 1.0000 1.9834 3.9661 7.9336 15.5456 30.9657 59.4984 109.3300 185.0159
Ep 1.0000 0.9917 0.9915 0.9917 0.9716 0.9677 0.9297 0.8541 0.7227
Tp 211.2306 108.2115 56.4860 28.4187 14.2625 6.6826 3.4927 1.7946 0.9871

CP-RNA Sp 1.0000 1.9520 3.7395 7.4328 14.8102 31.6091 60.4778 117.7012 213.9824
Ep 1.0000 0.9760 0.9349 0.9291 0.9256 0.9878 0.9450 0.9195 0.8359
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Figure 5. Execution Time; 64 Processors; 100K Particles.

Overall, the CP-CR algorithm is the best in terms of
accuracy at a given number of particles and its computation
time is close to that of CP-RPA and CP-RNA. CP-RNA and
CP-RPA have shown the best computational performance in
terms of speedup and efficiency of the parallelization but they
do not reduce the computation time of the CP-CR algorithm

very significantly. This is because most of the computation
time in CP-CR is spent on CP and very little on CR. So,
speeding up CR by RPA or RNA with the same number of
processors has a little effect on the overall algorithm.

All IP filters are significantly betters in terms of execution
time but they have poorer scalability and tracking accuracy
than the CP algorithms. RPA and RNA help greatly in reducing
the execution time of IP-CR. This is because the resampling
is a significant part of the computation with IP and thus RPA
or RNA lead to a dramatic reduction of the computation time
of the overall algorithm.

The choice of the “best” among the six compared par-
allel particle filters for the considered multitarget tracking
problem, taking into account the tracking and computational
performances, imposes a complicated trade-off. In this regard,
the obtained quantitative experimental results provide helpful
information and guidelines in a practical design.
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APPENDIX: MPI PSEUDO-CODE

A. PPF with Centralized Resampling
int master() {

generate(); // generate particles
send(); // send particles to PNs
while (iteration <= max_iteration)

receive(); // receive particles & weights
//from PNs

normalize_weight();
resampling();
send(); // send particles to PNs
calculate_sample_mean();
iteration = iteration + 1;

end while }
int slave() {

while (iteration <= max_iteration)
receive(); // receive particles from HN
prediction(); // sampling and weights

// calculation
send(); // send particles &

// weights to HN
iteration = iteration + 1;

end while }

B. PPF with Proportional Allocation
int master() {

generate(); // generate particles
send(); // send particles to PNs
while (iteration <= max_iteration)

receive(); //receive weight from PNs;
inter-resampling();
determine_rout(); //determines a scheme for
//particle exchange routing with other PNs
send(); // send the scheme to PNs
receive(); // receive sample mean from PNs
calculate_sample_mean();
iteration = iteration + 1;

end while }
int slave() {

receive(); // receive particles from HN
while (iteration <= max_iteration)

prediction();
calculate_weight();
send(); // send weight to HN
receive(); // receive particle exchange

// routing
intra-resampling;
exchange_particle(); //exchange particles

// with other slaves
calculate_weight_sum();
send(); // send weight_sum to HN
iteration = iteration + 1;

end while }

C. PPF with Non-proportional Allocation
int master() {

group(); // group the PNs
generate(); // generate particles
send(); // send particles to each group
while (iteration <= max_iteration)

receive(); // receive weight_sum
//from groups
calculate_sample_mean();
iteration = iteration + 1;

end while } // Resampling and particle
//routing are performed inside
//groups using RPA.
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