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Abstract—This paper introduces two generalizations of the
celebrated auxiliary particle filter for multiple target tracking.
The inherent difficulty of this problem is caused by the sampling
of a high dimension state space, giving rise to the curse of
dimensionality, which pulls down the performance of direct
generalizations of single target particle filter algorithms. The two
proposed particle filters are tested in a demanding multiple target
scenario, exhibiting a considerable performance improvement
with respect to previously reported algorithms of this type for
multiple target tracking.

Index Terms—Particle filters, multiple target tracking, auxil-
iary parallel partition method.

I. INTRODUCTION

Multiple target tracking (MTT) [1] can be formulated as a
state estimation problem in a dynamic system, where the state
of the system usually comprises several kinematic features
of the targets such as their position and velocity. The MTT
problem emerges in a wide variety of fields such as radar,
sonar and video surveillance.

MTT implies the estimation of the number of targets in
the surveillance area as well as their states. In this paper we
focus on the estimation of the states of a fixed and known
number of targets. Nevertheless, the methods presented here
can also be used to deal with the states of the surviving targets
at a particular time step in the general MTT problem with a
varying and unknown number of targets [2].

MTT is usually formulated in the Bayesian framework, in
which the information of interest about the targets is contained
in the posterior probability density function (PDF). However,
it is not usually possible to derive an analytic expression for
the posterior PDF when the dynamic or measurement models
are nonlinear or non-Gaussian. In these cases, particle filters
(PFs) are a widely used family of algorithms that provide a
sequential stochastic approximation to the posterior PDF, by
sequentially propagating a discrete set of weighted particles
[3].

One of the most prominent and widely used particle fil-
ters is the auxiliary particle filter (APF) [4], which usually
outperforms the sequential importance resampling (SIR) PF
[5], especially, for informative measurements. Both SIR and
APF perform well for reasonable sample sizes in single
target tracking problems. However, their performance severely
deteriorates when directly applied to MTT. The main reason
behind this effect is the curse of dimensionality, which gets
worse as the number of targets increases. A simple solution

to this problem is to increase the number of particles. Yet, the
extremely high number of particles required in this case makes
the algorithms impractical [2]. Another solution to overcome
the curse of dimensionality, which is used in the random finite
set (RFS) framework to MTT, is to approximate the probability
hypothesis density (PHD) filter rather than the full Bayesian
filter. Sequential Monte Carlo methods based on the APF have
also been developed in this case [6]. However, they cannot be
used for general measurement models, e.g., those used in track
before detect in [7], [8], and they are not really PFs as they do
not approximate a PDF. In this paper we aim to approximate
the posterior PDF in a general setup, so these methods are not
further considered.

In order to reduce the curse of dimensionality, it is quite
useful to assume that the current target states are independent.
This assumption is referred to as posterior independence
assumption (PIA) in [9], where it is shown that PIA can
improve the PF approximation to the prior at the next time
step, particularly if the number of particles is small. Examples
of PFs in the literature that work under PIA are [9], [10],
[11] and [7]. The independent partition (IP) PF [10] was the
first filter of this type, exhibiting a remarkable computational
efficiency. However, IP does not account for nearby targets
in the sampling procedure, resulting in a severe degradation
of the performance when targets move in close proximity. To
overcome this deficiency, a modification of IP, the parallel
partition (PP) PF, was presented in [12]. Neither IP nor PP
samples from the optimal importance density (OID) and they
both need a final particle resampling stage, which generally
causes a degradation of performance due to a loss of diversity
among the particles. In addition, both IP and PP boil down to
the SIR PF when there is only one target present. The indepen-
dent joint optimal importance density (IJOID) PF presented
in [9] uses the OID to sample the state-space once PIA is
used. It therefore accounts for nearby targets as it samples
optimally. However, the IJOID is not generally applicable to
any measurement model.

Inspired by the excellent performance of APF for single
target tracking and the performance enhancing PIA for MTT,
two filters are presented in this paper: the auxiliary parallel
partition PF (APP) and the target resampling APP (TRAPP)
PF, which overcome the aforementioned limitations of IP and
PP. APP and TRAPP are generalizations of APF for the case
of MTT as, when there is only one target present in the



surveillance area, they come down to the APF. The presented
algorithms are not constrained to any specific measurement
model as IJOID, thus resulting in general MTT algorithms
that outperform other filters of this type in the literature. The
difference between both methods is that TRAPP includes a
resampling stage per target. On the whole, APP behaves better
but TRAPP can outperform APP for a low enough number of
particles and narrow likelihoods.

The rest of the paper is organized as follows: In Section II,
the problem of tracking a fixed and known number of targets is
formulated. In Section III, the IP and PP methods are reviewed.
In Section IV, the two presented PF algorithms, TRAPP and
APP, are described. In Section V, the performances of the
two proposed PFs are compared with other PFs in an MTT
scenario. Finally, conclusions are drawn in Section VI.

II. PROBLEM STATEMENT

In this section, Bayesian filtering of the dynamic system for
MTT is reviewed. The following two assumptions are made:

• Assumption A: There is a fixed and known number of
targets in the surveillance area.

• Assumption B: Targets move independently.

Under Assumption A, the state of the targets at time k can be
described by the multitarget state vector

Xk =
[
(x

k
1)T , (x

k
2)T , ..., (x

k
t )T
]T
∈ Rn·t (1)

where t stands for the number of targets, the superscript T
stands for vector transpose and the state of target j at time k
is described by the n-dimensional state vector xk

j , which gen-
erally includes some kinematic features of the target such as its
position, velocity and acceleration. Under Assumptions A and
B the dynamic system can be described by the state-transition
equations of the targets and the measurement equation

xj
k+1 = f j(x

k
j ,w

k
j ) (2)

zk+1 = h(Xk+1,vk+1) (3)

where f j(·, ·) and h(·, ·) might be nonlinear functions, wk
j is

the process noise for the j-th target at time k , zk+1 denotes
the observation at time k + 1, and vk+1 is the measurement
noise at time k + 1.

In the Bayesian setting, MTT is based on recur-
sively approximating the joint multitarget posterior PDF
p(Xk |z1:k), where z1:k represents a sequence of measure-
ments z1, z2, ..., zk taken from time 1 to time k. Following
the usual steps of Bayesian filtering, the posterior PDF of the
state at time k+1 based on the measurements up to time k+1,
can be obtained by recursively applying two steps: prediction
and update [13].

In the prediction step, the prior PDF at time k + 1, which
denotes the PDF of the current state given the measurements
up to time k, is computed via the Chapman-Kolmogorov

equation

p(Xk+1|z1:k ) =

ˆ
p(Xk |z1:k )p(Xk+1|Xk )dXk (4)

=

ˆ
p(Xk |z1:k )

t∏
j=1

p(xj
k+1|xk

j )dXk(5)

where the transition PDFs, p(xk+1
j |xk

j ), are obtained from
Equation (2). Once the measurement at time k+1 is available,
the update step makes use of Bayes’ rule to provide the
posterior at time k + 1

p(Xk+1|z1:k+1)∝p(zk+1|Xk+1)p(Xk+1|z1:k ) (6)

where ∝ indicates proportionality and the PDF p(zk+1|Xk+1)
of the measurement given the state is obtained from the
measurement Equation (3). However, as mentioned in the
introduction, when the dynamic or measurements are nonlinear
or non-Gaussian, the posterior PDF (6) does not generally ad-
mit a closed-form expression, so approximations are necessary.
In the next section, we review some PF approximations to this
recursion.

III. REVIEW OF THE IP AND PP METHODS

In this section the PP method is reviewed. PP is a general
multiple target PF that can be applied to any dynamic and
measurement models. The PP method has been demonstrated
to outperform other general multiple target PFs [2], being an
improvement of the IP method to account for nearby targets
in the sampling procedure. The IP PF is also reviewed for
completeness [7].

Particle filters approximate the posterior PDF
p(Xk+1|z1:k+1) by sequentially propagating a
set of N particles with their associated weights
{(Xk

1 , ω
k
1 ), (X

k
2 , ω

k
2 ), ..., (Xk

N , ω
k
N )} based on the proposal

of an importance sampling density function q(Xk+1|z1:k+1).
Therefore, the update of the weights is performed according
to the principle of importance sampling

ωk+1
i ∝ p(zk+1|Xk+1

i )p(Xi
k+1|z1:k )

q(Xi
k+1|z1:k+1)

(7)

The IP [7] and PP [2] methods make the following two
assumptions:
• Assumption 1: Targets states are a priori independent.
• Assumption 2: The particle weights are uniformly dis-

tributed, i.e. ωk
i = 1

N for i = 1, 2, ..., N .
It has been shown that Assumption 1 improves the perfor-
mance of particle filters when they use a low enough number
of particles [9]. On the other hand, it must be noted that
Assumption 2 imposes a particle resampling step after every
iteration to guarantee that weights are evenly distributed [13],
unless we are able to sample from the optimal importance
density, which is not usually the case.

Under the above assumptions, given a particle filter approx-
imation to the posterior at time k, the posterior PDF at time



k + 1 becomes

p(Xk+1|z1:k+1) ∝ p(zk+1|Xk+1)

t∏
j=1

N∑
i=1

p(xk+1
j |xk

j,i) (8)

where xk
j,i is the state vector of the i-th particle for target j

at time k.
IP and PP methods obtain samples from the posterior

by making use of an auxiliary variable [4] for each target,
therefore sampling in a higher dimension from

p(Xk+1,a|z1:k+1) ∝ p(zk+1|Xk+1)

t∏
j=1

p(xk+1
j |xk

j,aj
) (9)

where a = [a1, a2, ..., at]
T ∈ {1, 2, ..., N}t, and aj is an index

in the mixture of the j-th target in (8). The use of an auxiliary
variable decreases the computational burden of IP and PP and
enables subparticle crossover. A subparticle is the fragment of
a particle that represents the state of a single target. Subparticle
crossover is a desirable property in such filters, as it allows
the formation of a particle at time k+ 1 from the propagation
of subparticles that belonged to different particles at time k.
IP and PP perform the crossover between subparticles based
on a per target resampling step.

The importance density function for IP and PP is

q(Xk+1,a|z1:k+1) =

t∏
j=1

qj(x
k+1
j , aj |z1:k+1) (10)

qj(x
k+1
j , aj |z1:k+1) ∝ bj(x

k+1
j )p(xk+1

j |xk
j,aj

) (11)

where each target state can be independently sampled. Both
filters differ in the definition of the predicted target likelihood
bj(x

k+1
j )

• IP:
bj(x

k+1
j ) ∝ p(zk+1|xk+1

j ) (12)

• PP:
bj(x

k+1
j ) ∝ p(zk+1|X̂k+1

−{j},x
k+1

j
) (13)

where X̂k+1
−{j} =

[
(x̂

k+1
1 )T , ..., (x̂

k+1
j−1)T , (x̂k+1

j+1 )T , ..., (x̂
k+1
t )T

]T
incorporates the prediction of the state at time k+ 1 of every
target, averaged over all the particles, except for target j

x̂k+1
j =

N∑
i=1

ωk
i · x

k+1 |k
j ,i (14)

where x
k+1 |k
j ,i is the prediction of thej-th target state at time

k + 1 of the i-th subparticle at time k [12]. This way, the
PP method outperforms IP method when there are targets
moving in close proximity as IP does not take other targets
into consideration in the sampling step. It should be noted that
another great advantage of the PP method is that it can always
be applied to approximate the prediction (4) and update (6)
equations, i.e., it can be satisfactorily applied to other high
dimensional problems that meet Assumptions A and B apart
from MTT. On the other hand, the IP method is not generally
applicable as the likelihood for a given partition of the state

might not be defined. In the MTT problem the likelihood for
a given target is usually defined so IP method is general in
MTT problems but it cannot be generally applied to other
high-dimensional problems.

Substituting Equation (10) into (7), the updated weight step
becomes

ωk+1
i ∝

p(zk+1|Xk+1
i )

∏t
j=1 p(x

k+1
j,i |xk

j,ai
j
)∏t

j=1 bj(x
k+1
j,i )p(xk+1

j,i |xk
j,ai

j
)

=
p(zk+1|Xk+1

i )∏t
j=1 bj(x

k+1
j,i )

(15)

It is not generally feasible or computationally affordable
to sample directly from the desired importance density (11).
IP and PP try to accomplish this by making use of the
sampling/importance resampling method described in [14],
drawing samples (x∗j , a

∗
j ) for p = 1, 2...,M from a first-pass

approximation of qj(xk+1
j , aj |z1:k+1), defined as

hj(x
k+1
j , aj |z1:k+1) ∝ p(xk+1

j |xk
j,aj

) (16)

and computing the first-stage weights

r(x∗j,p, a
∗
j,p) ∝

qj(x
∗
j,p, a

∗
j,p|z1:k+1)

hj(x∗j,p, a
∗
j,p|z1:k+1)

= bj(x
∗
j,p) (17)

allowing the generation of N samples of qj(xk+1
j , aj |z1:k+1),

from the distribution defined by (x∗j,p, a
∗
j,p) for p = 1, 2...,M

with probability r(x∗j,p, a
∗
j,p). A pseudocode for the PP and IP

methods can be found in [2].

IV. GENERALIZATIONS OF THE AUXILIARY PARTICLE
FILTER

As noted in the introduction, the auxiliary particle filter
performance plummets when dealing with multiple target state
estimation due to the curse of dimensionality. Assumption 1
is the way IP, PP and IJOID [9] deal with this issue. IJOID
is the one with highest performance among these three filters
due to the fact that it samples from the optimal importance
density once Assumption 1 is adopted, however, as sampling
from the OID is not always possible, it cannot be applied to
any measurement model. On the other hand, PP is a general
method with a higher performance than other algorithms for
multiple target tracking of this type [2]. However, PP has two
drawbacks that we tackle in this paper. First, it requires evenly
distributed weights as indicated by Assumption 2. Second, if
there is only one target present, it reduces to the SIR PF, which
is usually outperformed by the APF.

Based on the above-mentioned insights, in this paper we
propose two particle filters: TRAPP and APP. By making use
of Assumption 1, these filters inherit the salient features of
the PP filter while tackling its drawbacks. The designed filters
should therefore:
• Allow subparticle crossover.
• Account for nearby targets.
• Avoid particle resampling to reduce weights variance [3].



Taking this last characteristic into consideration, Assumption
2 can no longer be met so, instead of (8), the approximation
to the posterior becomes

p(Xk+1|z1:k+1) ∝ p(zk+1|Xk+1)

t∏
j=1

N∑
i=1

ωk
i p(x

k+1
j |xk

j,i)

(18)

A. Target Resampling Auxiliary Parallel Partition (TRAPP)
Particle Filter.

As subparticle crossover is desired, TRAPP also makes use
of an auxiliary variable for each target as in PP, therefore
sampling in a higher dimension

p(Xk+1,a|z1:k+1) ∝ p(zk+1|Xk+1)

t∏
j=1

ωk
aj
p(xk+1

j |xk
j,aj

)

(19)
The importance sampling function proposed for this filter

takes the form

q(Xk+1,a|z1:k+1) =

t∏
j=1

qj(x
k+1
j , aj |z1:k+1) (20)

qj(x
k+1
j , aj |z1:k+1) ∝ bj(x

k+1
j )ωk

aj
p(xk+1

j |xk
j,aj

)(21)

where the definition of the predicted target likelihood bj(xk+1
j )

is taken to be the same as for the PP filter (13) to account for
nearby targets as desired. Note that the weight update Equation
(7) remains the same as for the IP and PP filter which is given
by (15).

However, as it happened to the IP and PP filters, it is not
generally feasible to sample directly from (21). TRAPP there-
fore makes also use of the sampling/importance resampling
method in [14] to obtain samples from (21). Instead of using
the first pass approximation in (16), TRAPP employs

hj(x
k+1
j , aj |z1:k+1) ∝ bj(µk+1

j,aj
)ωk

aj
p(xk+1

j |xk
j,aj

) (22)

where µk+1
j,aj

is some characterization of xk+1
j given xk

j,aj
such

as the predicted mean, p(µk+1
j,aj

) = E[xk+1
j |xk

j,aj
] , or a sample,

p(µk+1
j,aj

) ∼ p(xk+1
j |xk

j,aj
). A set of M samples (x∗j , a

∗
j ) are

drawn from this first-pass approximation and the following
quotient is computed

r(x∗j,p,a
∗
j,p) ∝

qj(x
∗
j,p, a

∗
j,p|z1:k+1)

hj(x∗j,p, a
∗
j,p|z1:k+1)

=
bj(x

∗
j,p)

bj(µ∗j,p)
(23)

in order to draw N samples of qj(xk+1
j , aj |z1:k+1) from the

distribution defined by (x∗j,p, a
∗
j,p), for p = 1, 2...,M with

probability r(x∗j,p, a
∗
j,p).

Note the clear resemblance of the described procedure for
drawing samples from (21) to the APF . Under the conditions
stated in [4], i.e. informative measurements, the use of this
method to obtain the samples from the importance sampling
function allows for the reduction of the variance of the first-
stage weights. Thus, TRAPP obtains a better approximation
than PP of the importance sampling function in (21) for a
fixed number of samples.

Table I
DIFFERENT STAGES PRESENT IN PP, TRAPP AND APP ALGORITHMS.

MTT
filter

parents subparticle
crossover

child subparticle
crossover

(per target resampling)

particle
resampling

PP × X X

TRAPP X X ×

APP X × ×

Hence, the TRAPP PF selects for every target the subparti-
cles at time k that are prone to obtain a higher likelihood given
the measurement at time k+ 1 based on the auxiliary filtering
in (22). This causes the crossover of parent subparticles, i.e.
xk
j,i, at time k+ 1. Crossover of the parent subparticles refers

to the fact that a multitarget parent particle xk
i is formed

based on subparticles xk
j,aj

that belonged to different parent
particles. Secondly, TRAPP PF performs crossover of the child
subparticles. That is, TRAPP PF selects for every target those
child subparticles xk+1

j,i that show a higher likelihood with the
measurement at time k+1, performing a per target resampling
using (23) that, allows for crossover of child subparticles as
in PP. Crossover of child subparticles refers to the fact that a
multitarget child particle xk+1

i is formed based on subparticles
xk+1
j,aj

that belonged to different child particles. Finally the
particle weights are computed using (15).

The TRAPP PF is a generalization of the APF for multiple
target tracking. Note that for t = 1 TRAPP is in fact the same
filter presented in [4], assuming its use with a final resampling
stage. A pseudocode of the TRAPP method is pointed out in
Algorithm 1.

B. Auxiliary Parallel Partition (APP) Particle Filter.

It has been previously stressed that the TRAPP filter allows
for the crossover of both parent and child subparticles. An
alternative filter is now proposed that only makes use of the
crossover of parent subparticles, suppressing the per target re-
sampling stage, while keeping the desired aforecited features.

As the final resampling of particles is not desired, once
again, the posterior takes the form of Equation (19). The
proposed importance sampling function for APP is

q(Xk+1,a|z1:k+1) =

t∏
j=1

qj(x
k+1
j , aj |z1:k+1) (24)

qj(x
k+1
j , aj |z1:k+1) ∝ bj(µ

k+1
j,aj

)ωk
aj
p(xk+1

j |xk
j,aj

)

where, as before, µk+1
j,aj

is some characterization of xk+1
j given

xk
j,aj

such as the predicted mean or a sample, and bj(x
k+1
j )

is the same as in PP to account for nearby targets (13).
APP therefore samples an auxiliary variable aj for every

target, with aj being an index over the subparticles of the
posterior mixture. As a result the crossover of parent subpar-
ticles is achieved based on auxiliary filtering as in [4].



Algorithm 1 TRAPP procedure
procedure (zk+1, {(Xk

1 , ω
k
1 ), (X

k
2 , ω

k
2 ), ..., (X

k
N , ω

k
N )})

for j = 1, ..., t do . Auxiliary filtering
for i = 1, ..., N do

- Draw µk+1
j,i using:
p(xk+1

j |xk
j,i) or E[xk+1

j |xk
j,i]

- Compute bj(µk+1
j,i ) = p(zk+1|X̂k+1

−{j},µ
k+1
j,i )

- Compute λj,i = bj(µ
k+1
j,i )ωki

end for
for i = 1, ..., N do

- Normalize λj,i =
λj,i∑N

i=1 λj,i

end for
for i = 1, ..., N do

- Sample an index aij from the distribution
defined by (λj,1, λj,2, ..., λj,N )

- Draw a sample x∗
j,aij

using p(xk+1
j |xk

j,aij
)

- Compute bj(x∗j,aij
) = p(zk+1|X̂k+1

−{j},x
∗
j,aij

)

- Compute rj(x∗j,aij
) =

bj(x
∗
j,ai

j

)

bj(µ
k+1

j,ai
j

)

end for
for i = 1, ..., N do

- Normalize rj(x∗j,aij
) =

rj(x
∗
j,ai

j

)∑N
i=1 rj(x

∗
j,ai

j

)

end for
for i = 1, ..., N do . Target resampling

- Sample an index p from the distribution
defined by (rj(x

∗
j,a1j

), rj(x
∗
j,a2j

), ..., rj(x
∗
j,aNj

))

- Set xk+1
j,i = x∗

j,a
p
j

end for
end for
for i = 1, ..., N do . Weight Update

- Compute ωk+1
i =

p(zk+1|Xk+1
i )∏t

j=1 bj(x
k+1
j,i )

end for
for i = 1, ..., N do

- Normalize ωk+1
i =

ωk+1
i∑N

i=1 ω
k+1
i

end for
return {(Xk+1

1 , ωk+1
1 ), (Xk+1

2 , ωk+1
2 ), ..., (Xk+1

N , ωk+1
N )}

end procedure

Algorithm 2 APP procedure
procedure (zk+1, {(Xk

1 , ω
k
1 ), (X

k
2 , ω

k
2 ), ..., (X

k
N , ω

k
N )})

for j = 1, ..., t do . Auxiliary filtering
for i = 1, ..., N do

- Draw µk+1
j,i using:
p(xk+1

j |xk
j,i) or E[xk+1

j |xk
j,i]

- Compute bj(µk+1
j,i ) = p(zk+1|X̂k+1

−{j},µ
k+1
j,i )

- Compute λj,i = bj(µ
k+1
j,i )ωki

end for
for i = 1, ..., N do

- Normalize λj,i =
λj,i∑N

i=1 λj,i

end for
for i = 1, ..., N do

- Sample an index aij from the distribution
defined by (λj,1, λj,2, ..., λj,N )

- Draw a sample xk+1
j,i using p(xk+1

j |xk
j,aij

)

end for
end for

for i = 1, ..., N do . Weight update
- Compute ωk+1

i =
p(zk+1|Xk+1

i )∏t
j=1 bj(µ

k+1

j,ai
j

)

end for
for i = 1, ..., N do

- Normalize ωk+1
i =

ωk+1
i∑N

i=1 ω
k+1
i

end for
return {(Xk+1

1 , ωk+1
1 ), (Xk+1

2 , ωk+1
2 ), ..., (Xk+1

N , ωk+1
N )}

end procedure

The described importance sampling function yields the
weight update equation

ωk+1
i ∝ p(zk+1|Xk+1

i )∏t
j=1 bj(µ

k+1
j,ai

j
)

(25)

The necessity of a final resampling step on particle filters
was studied in [15]. Its suppression in APF results in the most
widespread implementation of auxiliary filtering [3]. In this
sense, APP is a generalization, for multiple target tracking
with partitioned sampling, of this latter algorithm. Once again,
note that for t = 1 APP is in fact the conventional APF. A
pseudocode of the APP method is given in Algorithm 2.

With the aim of clarifying the details and differences of
TRAPP, APP and PP and how they perform subparticle
crossover, Table I indicates the different stages present in these
three algorithms.

V. SIMULATIONS: MODELING AND RESULTS

In this section, the tracking performances of the TRAPP and
APP PFs are analyzed and compared to other MTT filters in a
simulated scenario. The motion and measurement models used
in the simulations are first presented, and finally the obtained
results are thoroughly analyzed.

A. Motion modeling

The state of the j-th target is represented by the state vector
xk
j = [xkj , ẋ

k
j , y

k
j , ẏ

k
j ]T , thus considering the target position

and velocity. The motion of each target has been modeled as
linear with a nearly constant velocity [16], so according to
Assumption B

p(Xk+1|Xk ) =

t∏
j=1

N(xk+1
j ;Fxk

j ,Q) (26)



F = I2 ⊗
(

1 τ
0 1

)

Q = σ2
uI2 ⊗

(
τ3/3 τ2/2
τ2/2 τ

)
where N(x; x̄,Q) is a Gaussian PDF with mean x̄ and
covariance Q evaluated at x, τ is the sampling period, In is
the n×n identity matrix, ⊗ stands for the Kronecker product
and σ2

u is the continuous-time process noise intensity.
Simulations have been carried out with up to 8 targets

present in the scenario whose trajectories repeatedly cross each
other to recreate a demanding MTT problem. The trajectories
have been generated according to Equation (26), taking τ = 1s
and σu = 0.1m/s3/2. The simulated target trajectories are
shown in Figure 1.

B. Sensor modeling.

The nonlinear measurement equation (3) for the i-th sensor
at time k + 1 is

zk+1
i = hi(X

k+1) + vk+1
i (27)

hi(X
k+1) =

√√√√ t∑
j=1

SNR(dk+1
j,i )

SNR(dk+1
j,i ) =

SNR0 dk+1
j,i ≤ d0

SNR0
d2
0

(dk+1
j,i )2

dk+1
j,i > d0

dk+1
j,i =

√
(xk+1

j − sx,i)2 + (yk+1
j − sy,i)2

where vk+1 is a zero-mean, unit-variance, Gaussian-distributed
noise. SNR0 is the maximum signal to noise ratio produced
by a target when it is closer to the sensor than the saturation
distance, d0. The coordinates of the i-th sensor are given by
its position vector, si = [sx,i, sy,i]

T . In the simulated scenario,
measurements are taken from a set of sensors displayed in a
flat squared regular grid covering 130m×130m, with a spacing
of 10m between sensors in both axes, yielding a total of 169
sensors, SNR0 has been taken to be 20dB and d0 = 5m.

Sensor measurements do not depend on the velocity of the
targets, as they are only affected by their position. As the
relationship between the velocity and the position of the targets
is linear, Rao-Blackwellization is applied to reduce the curse
of dimensionality [17][8], only including the position of the
targets in the PF and optimally estimating their velocities by
Kalman filtering.

C. Simulation Results

With the aim of testing and comparing the proposed TRAPP
and APP PFs, their performance in the MTT scenario defined
in Figure 1 is analyzed, along with that of other PFs for MTT
tracking: the aforementioned PP, the adaptive auxiliary (AA)
PF and the jointly auxiliary (JA) PF [18], which is the direct
generalization of the APF for MTT.

The AA PF works by building clusters of nearby targets,
with subparticles being proposed within each cluster using
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Figure 1. Simulated trajectories, consisting of 100 steps sampled with a
period of τ = 1s. The initial point of each trajectory is indicated by a colored
circle, while the final point is represented by a colored square. An arrow shows
the position of the target at steps 20, 40, 60 and 80 of each trajectory. When
simulating a scenario with n targets, target trajectories 1 to n of the above
presented are taken into account.

auxiliary particle filtering. This way AA samples the whole
state space of neighboring targets while performing subparticle
crossover between targets that are far (not belonging to the
same cluster). Two targets belong to the same cluster if their
position predictions based on past measurements are nearer
than a threshold distance Γc [2].

||p̂k+1
i − p̂k+1

j || < Γc → j ∈ Ck+1
l ,∀i ∈ Ck+1

l (28)

where p̂k+1
j = [x̂k+1

j , ŷk+1
j ]T is the predicted position vector

of the j-th target at time k+ 1. Γc has been taken to be 20m
in the presented simulations.

The JA PF is a version of the traditional APF that suits the
MTT problem as in [18]. This filter jointly samples the whole
state space of all the targets, therefore it accounts for nearby
targets in the sampling procedure, but does never perform
subparticle crossover.

The tracking performance of all the PFs is tested by com-
puting their root mean squared optimal sub-pattern assignment
(RMS OSPA) position error [19] averaged over all the targets,
time steps of the trajectories and realizations in a Monte Carlo
simulation. The selected parameters to compute the OSPA
error are c = 20m and p = 2, the number of realizations
for the Monte Carlo simulations is n = 500. It should be
noted that the purpose of this metric is to consider the tracking
performance of the algorithms without taking into account
the possible flipping of target labels after the crossing of
targets, as OSPA performs a search for the minimum distance
permutation between the target positions and the predictions.

In Figure 2 the obtained results for simulations in scenarios
with 1 and 8 targets respectively are presented. It can be ob-
served that AA, JA and APP PFs exhibit the same performance
when there is only one target in the scenario (Figure 2 a), as
they all are equivalent to the APF. The PP PF performance
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Figure 2. RMS OSPA position error for (a) 1 target and (b) 8 targets for
five different MTT PF algorithms.

in this case is notoriously worse because it boils down to the
SIR PF when dealing with only one target, as mentioned in the
Introduction. The TRAPP PF performance is in between, as it
takes advantage of auxiliary filtering but its target resampling
stage pulls down its performance in this case.

As the state-space dimension increases, JA acutely suffers
from the curse of dimensionality as it samples in a very
high dimension, which is clearly very inefficient. AA is also
affected by the same phenomena, although it mitigates its
effect by only sampling in a high dimension when targets
are close to each other. Figure 2 (b) shows how PP, TRAPP
and APP are satisfactorily able to deal with dimensionality
when tracking 8 targets, however the use of parent subparticle
crossover allows TRAPP and specially APP to outperform
PP. The improvement is more remarkable when the number
of particles is not very high, therefore making the use of
TRAPP and APP singularly advisable when there are severe
computational constraints. In this sense, it should be noted that
the computational complexity of TRAPP and APP grows, as
for PP, linearly with the number of particles. Execution times
for all algorithms are included on Table II.

Table II
AVERAGE SIMULATION TIMES FOR ALL SIMULATED PFS FOR 100, 250

AND 500 PARTICLES FOR A SCENARIO WITH 8 TARGETS.

MTT filter 100 particles 250 particles 500 particles

PP 1.36s 2.44s 5.04s

TRAPP 2.48s 4.64s 9.31s

APP 2.31s 4.16s 8.18s

AA 2.48s 2.91s 5.37s

JA 1.44s 2.6s 4.95s
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Figure 3. RMS OSPA position error for (a) 100 particles and (b) 500 particles
when there are 1 to 8 targets present in the scenario.

Figure 3 points out how the studied filters deal with the
growing of dimensionality in the sampled state-space with
respectively 100 particles and 500 particles. Simulations were
carried out sequentially increasing the number of present
targets in the scenario from 1 to 8. The figure again illustrates
how PP, TRAPP and APP can manage the curse of dimen-
sionality in a better way than AA and JA, also confirming that
TRAPP and singularly APP have a better performance than the
conventional PP filter, specially for a low number of particles.

It is generally advisable to avoid resampling on particle fil-
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Figure 4. RMS OSPA position error for 50 particles when there are 1 to
8 targets present in the scenario in a simulation with a decimated standard
deviation of the measurement noise. The number of realizations for the Monte
Carlo simulations is n = 1500.

ters. In accordance with this strategy, the previously presented
simulation results show that APP usually outperforms TRAPP,
as the latter performs a per target subparticle resampling on ev-
ery iteration (see Table I). However, under certain conditions,
if resampling is not used, a large amount of subparticles with
negligible weights can be propagated to the next time step,
therefore reducing the efficiency of the filter. This drawback
is particularly acute when sampling in a high dimension state
space, so its effect in MTT sharpens as the number of targets
increases. In these cases the use of per target resampling is
convenient, specially when using a low number of particles.
In order to illustrate this effect, the performance of all the
previously studied filters has been tested for the same scenario
presented in Figure 1 where the standard deviation of the
measurement noise in (27) has been reduced to the tenth part,
therefore narrowing the likelihood PDF p(zk+1|Xk+1) and
causing a lot of particles to receive a small weight according to
(15) and (25). It can be verified in Figure 4 that, in accordance
with the mentioned observations, TRAPP slightly outperforms
APP when the dimensionality of the state space grows over
a certain threshold, in this case, making the use of TRAPP
convenient when there are more than 5 targets present in the
scenario.

VI. CONCLUSIONS

Two particle filters to deal with the MTT problem, TRAPP
and APP, have been presented. They both accomplish a
generalization of auxiliary particle filtering when dealing with
various independently moving targets, even when they are in
close proximity.

The performances of TRAPP and APP have been tested and
compared with other PF algorithms. Both filters satisfactorily
deal with the curse of dimensionality that usually limits
the performance of such algorithms when applied to MTT.
Results suggest a remarkable improvement of target tracking
when using TRAPP and APP, compared to the use of other

previously known algorithms for tackling the MTT problem
such as PP, AA or JA, particularly when using a low number of
particles. APP generally outperforms TRAPP, however, when
dealing with narrow likelihoods and a high dimension state
space the performance of TRAPP surpasses APP.
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