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Abstract: To address the problem of maneuvering target tracking, where the target trajectory has prolonged
smooth regions and abrupt maneuvering regions, a modified variable rate particle filter (MVRPF) is proposed. First,
a Cartesian-coordinate based variable rate model is presented. Compared with conventional variable rate models,
the proposed model does not need any prior knowledge of target mass or external forces. Consequently, it is more
convenient in practical tracking applications. Second, a maneuvering detection strategy is adopted to adaptively
adjust the parameters in MVRPF, which helps allocate more state points at high maneuver regions and fewer at
smooth regions. Third, in the presence of small measurement errors, the unscented particle filter, which is embedded
in MVRPF, can move more particles into regions of high likelihood and hence can improve the tracking performance.
Simulation results illustrate the effectiveness of the proposed method.
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1 Introduction

Maneuvering target tracking (MTT), as an im-
portant issue in the target tracking field, has received
considerable interest in recent years (Bar-Shalom
and Li, 1995; Bar-Shalom et al., 2001). The major
challenge of MTT is the target motion uncertainty
(Li and Jilkov, 2003; Yang et al., 2015); in other
words, the key to successful tracking of a maneuver-
ing target is choosing an appropriate model for the
target’s current motion from measurements (Schoe-
necker et al., 2013; Nemeth et al., 2014). The exist-
ing various modeling methods may be divided into
two main categories: the single-model method and
the multi-model method (Li and Jilkov, 2010). The
former manages to design a suitable model whose
structure or parameters can be adjusted adaptively
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in the case that the target maneuvers. The single-
model method has the advantage of simplicity and
lower computational complexity. However, it cannot
match the target’s maneuvering behavior immedi-
ately due to the delay in maneuver detection (Ru
et al., 2009; Zhang and Geng, 2013). The latter
model assumes that the target motion can be de-
scribed by one of multiple models or by a suitable
combination of them. The multi-model method can
automatically match the target maneuvering behav-
ior by updating each model’s weight. In addition, it
can obtain a more accurate state estimate at the cost
of higher computational complexity (Li and Jilkov,
2010).

All the above methods are fixed rate methods,
in which the state variable is assumed to evolve syn-
chronously with the observation time and the state
is updated upon a new arrival measurement. In
practice, however, the target often makes a pro-
longed non-maneuvering motion, with abrupt, but
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infrequent, maneuvering behaviors (Schoenecker
et al., 2013; Nemeth et al., 2014). To characterize
the target trajectory in a more natural and realistic
manner, a variable rate method has been proposed
by Godsill et al. (2007) and Whiteley et al. (2011).
In this method, the state arriving time is assumed
to be a random variable with known distribution
and to propagate asynchronously with the observa-
tion time. It leads to an associated reduction in
computational complexity and storage requirement
(Bunch and Godsill, 2013), especially in the high
scan rate case. However, there are some problems
in the original variable rate method. First, previ-
ous variable rate models are based on intrinsic coor-
dinates, where prior knowledge about target mass,
external normal force, and external tangential force
is needed (Godsill et al., 2007; Ulker and Gunsel,
2012). In the case of tracking noncooperative tar-
gets, it is difficult to obtain these parameters. In
addition, most existing radar or sonar systems are
based on Cartesian or polar coordinates (Bar-Shalom
and Li, 1995), and the intrinsic coordinate based
method cannot be directly applied in these systems.
Second, the distribution of state sojourn time in the
original variable rate method is time-invariant during
the observation period. Consequently, the original
variable rate method cannot allocate automatically
more state points at high maneuver regions due to
its inability of detecting maneuvering. To address
the second problem, a multi-model based variable
rate method has been presented by Ulker and Gun-
sel (2012). The tracking performance is improved
at the cost of higher computational complexity and
more storage.

To address these two aforementioned problems,
a modified variable rate particle filter (MVRPF) is
proposed. It has three major contributions. First,
a variable rate model in Cartesian coordinates is de-
rived. Compared with that in the intrinsic coordi-
nates, it does not need prior information on target
mass or external forces. In addition, it is more con-
venient for implementation and incorporation with
existing tracking methods and systems. Second, to
optimize the state point distribution, without ad-
ditional computational or storage requirement, a
maneuver-detection strategy is adopted in MVRPF.
The parameters of the model will be adjusted once
the target maneuver is detected. Third, an un-
scented particle filter is embedded in MVRPF to

establish the proposal density function, which leads
to more particles locating in high likelihood regions
and hence improves the estimation performance in
the presence of small measurement errors.

2 Variable rate model in Cartesian
coordinates

Previous variable rate methods usually model
the target state in intrinsic coordinates, where
the target motion is subject to both a tangential ac-
celeration and a normal acceleration (Godsill et al.,
2007; Bunch and Godsill, 2013). Although the
intrinsic-coordinate model is more realistic compared
with conventional models, such as the Cartesian-
or polar-coordinate model, there are two drawbacks
which hinder its wide application. First, to describe
the target dynamic motion, more prior knowledge is
needed, such as knowledge about target mass, tan-
gential force, and normal force (Godsill et al., 2007).
However, it is usually difficult to obtain these pa-
rameters for a noncooperative target (Bar-Shalom
et al., 2001; Li and Jilkov, 2003). Second, it is
more complex in model representation, implementa-
tion, and calculation. To address these problems, a
modified Cartesian-coordinate based variable rate
model is presented in this section. In this method,
some prior knowledge about the target, such as tar-
get mass and external force, is unnecessary. This
modification makes the variable rate model more
convenient, and helps incorporate it into many
existing tracking techniques and systems which are
carried out in Cartesian coordinates.

In a variable rate model framework, the under-
lying state process is assumed to be asynchronous
with the measurement process (Ulker and Gunsel,
2012), which means that the state arriving time is
not the same as the measurement time. A general
Markovian model in terms of the condition probabil-
ity density function (pdf) is adopted to describe the
state evolving process:

Xt ∼ p(Xt|Xt−1), (1)

where t is a discrete state time index and the state
variable Xt is composed of a state arrival time τt and
a sub-state vector θt, i.e., Xt = [τt, θt]

T. The state
arrival time (τt) is assumed to be monotonically in-
creasing, τt > τt−1, and satisfies the following shifted



Guo et al. / Front Inform Technol Electron Eng 2015 16(11):985-994 987

gamma distribution (Godsill et al., 2007):

τt ∼ p(τt|τt−1)=τt−1+τmin,t+G(αt, βt), t=1, 2, ..., T,

(2)
where τmin,t, αt, and βt are three designed nonnega-
tive parameters of the gamma distribution and T is
the maximum state arrival time index. The sub-state
vector θt � [ηt,at]

T is characterized by a Markovian
model as follows:

θt ∼ p(θt|θt−1, τt−1), (3)

where ηt � [ξ(τt), ξ̇(τt)]
T is named the kinematic

component in this study, which is composed of a po-
sition vector ξ(τt) and a velocity vector ξ̇(τt). Also,
at defined in the Cartesian coordinates is an accelera-
tion vector or process noise, which drives the target’s
motion. If no prior knowledge is available, the accel-
eration is assumed to follow a Gaussian distribution,
i.e., at ∼ N(0,Qt), where Qt is a designed parame-
ter. Then the kinematic vector can be calculated as
follows:

ξ̇(τt) = ξ̇(τt−1) + δtat−1, (4)

ξ(τt) = ξ(τt−1) + δtξ̇(τt−1) + 0.5δ2tat−1, (5)

where δt � τt−τt−1 is the state sojourn time between
τt−1 and τt. Compared with the intrinsic-coordinate
based model which needs complicated integral op-
erations to calculate the kinematic vector (Godsill
et al., 2007; Bunch and Godsill, 2013), the Cartesian-
coordinate based model is much simpler. Then one
has

p(Xt|Xt−1) = p(θt|θt−1, τt−1)p(τt|τt−1). (6)

Since the rate of measurements is generally different
from that of the state process (Whiteley et al., 2011),
a neighborhood of states must be defined before char-
acterizing the observation model. In a variable rate
model framework, a measurement zk at measure-
ment time k is assumed to be conditional only upon
a neighborhood of XNk

= {Xt : t ∈ N k(x0:∞)}.
The neighborhood N k contains the state time index
whose corresponding arrival times are closest to the
measurement time k. For simplicity, it is assumed
that there are only two components contained in
the neighborhood in this study, N k = [N−

k ,N+
k ],

where N−
k = min(N k), N+

k = max(N k), and
N−

k ≥ N−
k−1, N+

k ≥ N+
k−1 (Godsill et al., 2007).

Then a general observation model at time k can be
given as follows:

zk ∼ p(zk|XNk
) = p(zk|η̂k), (7)

where η̂k � η̂k(XNk
) is a deterministic interpola-

tion function and is dependent on the state neighbor-
hood. For simplicity, a linear interpolation function
may be used, that is,

η̂k =
(k − τN−

k
)ηN+

k
+ (τN+

k
− k)ηN−

k

N+
k −N−

k

. (8)

From a Bayesian perspective, the tracking problem
with a variable rate model is to estimate recursively
the state up to the end of the current neighborhood
N k, i.e., t = N+

k , given the measurement sequence
z0:k. Assume that the initial prior pdf p(XN+

0
) is

available. Then the posterior pdf p(XN+
k
|z0:k) can

be obtained recursively in two stages: prediction and
update. Suppose that the posterior pdf at time
k − 1 is p(XN+

k−1
|z0:k−1). The predictive pdf can

be obtained via the following Chapman-Kolmogorov
equation:

p(XN+
k
|z0:k−1) =

∫
p(XN+

k
|XN+

k−1
)

· p(XN+
k−1

|z0:k−1)dXN+
k−1

.
(9)

At time k, the new arrival measurement zk can be
used to calculate the posterior pdf via the Bayes rule:

p(XN+
k
|z0:k) =

p(zk|XN+
k
)p(XN+

k
|z0:k−1)

p(zk|z0:k−1)
, (10)

where

p(zk|z0:k−1)=

∫
p(zk|XN+

k
)p(XN+

k
|z0:k−1)dXN+

k

is the normalizing constant. Thus, the variable rate
model in Cartesian coordinates has been established
and the posterior pdf is given in a Bayesian frame-
work. It is shown that the proposed variable rate
model does not need prior knowledge of target mass
or external force, and hence it is more suitable for
tracking noncooperative targets. In addition, com-
pared with the intrinsic-coordinate based variable
rate model, the proposed model is much simpler and
more convenient.

3 MVRPF algorithm

Although the original variable rate particle fil-
ter (VRPF) method can represent a target trajectory
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with fewer state points (Godsill et al., 2007), it can-
not automatically allocate more state points in the
high maneuver regions and fewer in the smooth re-
gions (Ulker and Gunsel, 2012). In other words, the
distribution of state points, which relies on the dis-
tribution of state sojourn time, is random and un-
controllable. However, to achieve satisfactory per-
formance, more state points are expected when a
maneuver occurs and fewer state points are needed
during constant-velocity motion periods. In Ulker
and Gunsel (2012), a multi-model VRPF has been
presented to optimize the distribution of state
points, at the cost of more computational time and
storage. In this section, a modified single-model
VRPF method is proposed, which can adaptively ad-
just the parameters with a maneuver-detection strat-
egy. Compared with previous methods, the proposed
method improves the tracking performance in a com-
putationally efficient manner. Fig. 1 illustrates the
block diagram of MVRPF. For a general nonlinear
filter problem, it is not possible to obtain an optimal
solution in most cases (Zhang et al., 2015). Here,
the particle filter is chosen to provide a suboptimal
numerical solution with the variable rate model in
Cartesian coordinates. N weighted particles are used
to approximate the following posterior pdf:

p(XN+
k
|z0:k) ≈

N∑
i=1

wi
kδ(X

i
N+

k

−XN+
k
), (11)

where δ(·) is the Dirac-Delta function, and Xi
N+

k

, wi
k

are the ith particle and associated weight, respec-
tively. In general, it is not easy to directly draw
particles from the true posterior pdf. An important
proposal pdf denoted by q(·), whose distribution is
known and easy to sample, is used to generate par-
ticles. Thus, the weight can be calculated as follows:

wi
k ∝ wi

k−1

p(zk|Xi
N+

k

)p(Xi
N+

k

|Xi
N+

k−1

)

q(Xi
N+

k

|Xi
N+

k−1

, z0:k)
. (12)

The most popular and simplest choice of the proposal
pdf is the state transition prior model. Although
this choice is easier to implement, it does not in-
corporate the latest arrival measurement zk. When
the measurement error is small, the corresponding
likelihood is sharp enough and there is little overlap
between the likelihood and proposal pdf. In this case,
choosing the state prior model as the proposal pdf
leads to fewer particles falling into regions of high

likelihood, and hence the performance degrades (van
der Merwe et al., 2000). In fact, there are many bet-
ter choices for the proposal pdf as long as its support
covers the posterior pdf (Zuo et al., 2013). Although
the unscented particle filter (UPF) (van der Merwe
et al., 2000) is adopted to establish the proposal pdf
in this study, other versions of PF can also work.

i
tτ

Initialization

t←t+1
Predicting arriving time sample

≥kitτ

i
tτ

Drawing acceleration sample ,
predicting other sample with UPF

i
t

Calculating interpolation and weight

Maneuver detection &
parameter adjustment

Output and resampling

N

Y

Fig. 1 The MVRPF block diagram

3.1 Initialization

At initial measurement time, k = 0, draw N

particles {Xi
t(i)}Ni=1 from the prior p(X0) with equal

weights wi
0 = 1/N, i = 1, 2, . . . , N , where t(i) is

the initial state time index and is set to zero, i.e.,
t(i) = 0. For brevity, the state time index subscript
t(i) is simplified as t in the following. For each parti-
cle, let its initial state arriving time and initial neigh-
borhood be zero, i.e., τ i0 = 0, N i

0 = [N i,−
0 ,N i,+

0 ] =

[0, 0], i = 1, 2, . . . , N . Calculate the mean and the
covariance of each particle’s kinematic component
as follows (van der Merwe et al., 2000):

η̄i
0 = E[ηi

0], (13)

P i
0 = E[(ηi

0 − η̄i
0)(η

i
0 − η̄i

0)
T]. (14)

Since all particles have the same weight at the initial
stage, the initial output can be evaluated as η̄0 = η̄i

0

and P0 = P i
0 . Then calculate the initial measure-

ment prediction ẑ1|0 and its covariance S1|0 with η̄0

and P0 using a nonlinear filter, such as the unscented
Kalman filter (UKF) (Julier et al., 2000).
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3.2 Maneuver detection and parameter
adjustment

To improve the tracking performance during
the whole surveillance period, a maneuver-detection
technique is used to adaptively adjust parameters
in MVRPF. The parameters can be classified into
two types according to their effects on the algorithm.
The first one is the process noise level parameter, i.e.,
Qt, which characterizes the uncertainty or reliability
of the model and affects the estimation accuracy.
The second one is the shifted gamma distribution
parameters, i.e., τmin,t, αt, and βt (Eq. (2)), which
describe the distribution of the state sojourn time
and affect the number of state points allocated
during a given period. More detailed adjustment
strategies of these parameters are analyzed as
follows:

1. Process noise level parameter (Qt)
For a single-model MTT algorithm, the choice

of the process noise parameter is a trade-off between
the estimation performance during maneuvering
periods and that during non-maneuvering periods
(Bar-Shalom et al., 2001). A high process noise level
Qt increases model uncertainty and helps cover the
target’s maneuvering behaviors. However, it leads to
performance degradation during non-maneuvering
periods. Conversely, a low process noise level Qt

leads to better accuracy in smooth regions and worse
performance in maneuvering regions. Consequently,
a good strategy for adjusting process noise level pa-
rameter is increasing Qt during maneuvering periods
and reducing Qt during non-maneuvering periods.

2. Shifted gamma distribution parameters
(τmin,t, αt, and βt)

In the conventional fixed rate method, the state
sojourn time (δt) is usually assumed to be fixed and
is equal to the sensor sampling time. However, in
the variable rate method, the state sojourn time (δt)
is random and depends on the sum of τmin,t and
G(αt, βt). For a given observation period, the smaller
the state sojourn time is, the more state points are
allocated. Since the expectation of gamma distri-
bution equals the product of shape parameter αt

and scale parameter βt, the expectation of state so-
journ time can be calculated as E(δt) = τmin,t+αtβt.
Thus, a proper strategy for adjusting shifted gamma
distribution parameters is increasing E(δt) during
non-maneuvering periods and reducing E(δt) during

maneuvering periods.
From the above analyses, the generic qualitative

relationship between the parameters and tracking
performance is given. The quantitative relationship
between them is difficult to obtain at this stage. In
many tracking applications, such as passive coherent
location, the choice of parameters depends on not
only the algorithm but also the tracking geometry.

There are many maneuver-detection methods.
A comprehensive summary has been presented by
Ru et al. (2009). For simplicity, a measurement
residual based Chi-square test technique is used in
this study, although more complex and reliable de-
tection approaches are available (Ru et al., 2009;
Nemeth et al., 2014). It is not the main con-
cern of this study to propose a new maneuver-
detection method. Assume that the measurement
prediction and its covariance at measurement time
k − 1 are denoted by ẑk|k−1 and Sk|k−1, respec-
tively. Then one can obtain the measurement resid-
ual z̃k = zk − ẑk|k−1 upon the new arrival mea-
surement zk. Under the hypothesis that the tar-
get does not maneuver at time k, the measurement
residual should be zero mean, Gaussian, and white:
z̃k ∼ N(0,Sk|k−1). Then one can claim that the tar-
get maneuvers at time k if the following Chi-square
test holds (Ru et al., 2009):

εlk �
k∑

j=k−l+1

εk =

k∑
j=k−l+1

z̃T
k S

−1
k|k−1z̃k > χ2

lnz
(κ),

(15)

where l is the sliding window width, nz the dimension
of measurement, and 1−κ the confidence level of the
test.

3.3 Prediction and update

Assume that the state posterior pdf at measure-
ment time k − 1 is denoted by the weighted parti-
cles {Xi

N i,+
k−1

, wi
k−1}Ni=1. The neighborhood and the

newest state arriving time of the ith particle are de-
noted by N i

k−1 = [N i,−
k−1,N i,+

k−1] and t = N i,+
k−1, re-

spectively. Also, the neighborhood state kinematic
component at time k − 1 is denoted by η̄i

N i,+
k−1

with

covariance P i
N i,+

k−1

.

At measurement time k, for the ith particle
(i = 1, 2, . . . , N), let t+ 1 → t and predict the state
arriving time sample τ it with parameters τmin,t, αt,
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and βt. To ensure a complete neighborhood at time
k, repeat the above procedure until τ it ≥ k. Let
N i,−

k = N i,+
k−1 and N i,+

k = t, a complete neigh-
borhood N i

k at time k is established. Draw the
acceleration sample ai

t from N(0,Qt). Now we can
obtain the kinematic sample ηi

t. Calculate the sigma
point set using the unscented transformation (UT)
(Julier et al., 2000)

X i
N i,+

k−1

=
[
η̄i
N i,+

k−1

η̄i
N i,+

k−1

±
√
(n+ λ)P i

N i,+
k−1

]
,

(16)
where n is the state dimension, λ the UT parameter
satisfying n + λ > 0. Predict the state sigma point
set X i

N i,+
k |N i,+

k−1

from Eqs. (4) and (5) with τ it and

ai
t. Estimate the mean and covariance of the state

prediction:

η̄i
N i,+

k |N i,+
k−1

=
2n∑
j=0

WjX i
j,N i,+

k |N i,+
k−1

, (17)

P i
N i,+

k
|N i,+

k−1

=

2n∑
j=0

Wj

[
X i

j,N i,+
k |N i,+

k−1

− η̄i
N i,+

k
|N i,+

k−1

]

·
[
X i

j,N i,+
k |N i,+

k−1

− η̄i
N i,+

k |N i,+
k−1

]T
,

(18)

where W0 = λ/(n + λ) and Wj = 1/[2(n +

λ)] (j �= 0) are the sigma point weights (Julier et al.,
2000). Draw the measurement noise sample vi

k from
Eq. (7), and predict the measurement sigma point set
Z i

k|N i,+
k−1

with vi
k. Calculate the mean and covariance

of measurement prediction:

z̄i
k|N i,+

k−1

=

2n∑
j=0

WjZi
j,k|N i,+

k−1

, (19)

P i
zz,k|N i,+

k−1

=

2n∑
j=0

Wj

[
Zi

j,k|N i,+
k−1

− z̄i
k|N i,+

k−1

]

·
[
Z i

j,k|N i,+
k−1

− z̄i
k|N i,+

k−1

]T
. (20)

Calculate the cross-covariance and Kalman gain:

P i
ηz,N i,+

k
|N i,+

k−1

=

2n∑
j=0

Wj

[
X i

j,N i,+
k |N i,+

k−1

− η̄i
N i,+

k
|N i,+

k−1

]

·
[
Z i

j,k|N i,+
k−1

− z̄i
k|N i,+

k−1

]T
, (21)

Ki
N i,+

k

= P i
ηz,N i,+

k |N i,+
k−1

[
P i

zz,k|N i,+
k−1

]−1

.

(22)

Update the mean and covariance:

η̄i
N i,+

k

= η̄i
N i,+

k |N i,+
k−1

+Ki
N i,+

k

(
zk − z̄i

k|N i,+
k−1

)
,

(23)

P i
N i,+

k

= P i
N i,+

k |N i,+
k−1

−Ki
N i,+

k

P i
zz,k|N i,+

k−1

(
Ki

N i,+
k

)T
.

(24)

Then draw particles from the following proposal pdf:

η̆i
N i,+

k

= η̆i
t ∼ q(ηi

N+
k

|ηi
N+

k−1

, z0:k) = N(η̄i
N i,+

k

,P i
N i,+

k

).

(25)
Calculate the interpolation function with the state
neighborhood:

η̂i
k =

(k − τN i,−
k

)η̆N i,+
k

+ (τN i,+
k

− k)ηN i,−
k

N i,+
k −N i,−

k

. (26)

The corresponding important weight can be evalu-
ated with the interpolation function as follows:

w̆i
k = wi

k−1

p(zk|η̂i
k)p(η̆

i
N i,+

k

|ηi
N+

k−1

)

q(η̆i
N i,+

k

|ηi
N+

k−1

, z0:k)
. (27)

Normalize the important weight and obtain wi
k with

w̆i
k.

3.4 Output and resampling

Usually, we are interested in the target state at
the measurement sampling time. Hence, the out-
put can be obtained by estimating the interpolation
kinematic vector and its covariance at time k:

η̂k =

N∑
i=1

wi
kη̂

i
k, (28)

Pk =

N∑
i=1

wi
k[η̂k − η̂i

k][η̂k − η̂i
k]

T. (29)

Then, one can predict the measurement ẑk+1|k and
its covariance Sk+1|k with η̂k and Pk (Bar-Shalom
et al., 2001), which will be used in the next maneuver
detection. Resample N new particles {ηi

N i,+
k

,P i
N i,+

k

}
from {η̆i

N i,+
k

,P i
N i,+

k

} with the important weight wi
k

if necessary (Li et al., 2015). Combine ηi
N i,+

k

with
τN i,+

k
and aN i,+

k
, and finally we obtain the weighted

particles at time k, {Xi
N i,+

k

, wi
k}Ni=1.

In this section, the MVRPF algorithm is pre-
sented in detail. The proposed method is based
on the Cartesian-coordinate model and can adjust
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adaptively parameters using a maneuver-detection
strategy. The state point distribution and the par-
ticle distribution are optimized without additional
computational and storage burden. In the presence
of small measurement errors, the UPF is adopted to
yield the proposal pdf and hence can improve the
estimation performance.

4 Simulation

The MVRPF method is implemented to track
a maneuvering target in 2D space. To illustrate its
performance, the proposed method is compared with
the following methods: (1) the VRPF in the intrinsic
coordinates, denoted by VRPF-I; (2) the VRPF in
the Cartesian coordinates, denoted by VRPF-C; (3)
the maneuver-detection based VRPF in the Carte-
sian coordinates, denoted by MD-VRPF.

The scenario parameters are given as fol-
lows. The initial target state is X0 =

[40 m 2 m/s 60 m 2 m/s]T. During the first 20 s, the
target makes a nearly constant velocity motion with
process noise standard derivation σv = 0.01 m/s2.
From k = 21 s to k = 30 s, it makes a constant turn-
ing motion with angle velocity ω1 = −0.1164 rad/s.
Then it continues with a nearly constant velocity
motion with σv = 0.01 m/s2 for 20 s. From k = 50 s
to k = 55 s, it makes another constant turning mo-
tion with angle velocity ω2 = 0.6283 rad/s. Then
it makes a nearly constant velocity motion with
σv = 0.01 m/s2 until k = 70 s. The true target
trajectory is shown in Fig. 2. The sensor is located
at the origin and can obtain the target’s range and
bearing information with the scan interval of 1 s.
The measurement functions are given as follows:
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Fig. 2 True target trajectory

rk =
√
ξ2x,k + ξ2y,k + wr,k, (30)

βk = arctan (ξx,k/ξy,k) + wβ,k, (31)

where measurement noise satisfies wr,k ∼ N(0, σ2
r),

σr = 1 m, and wβ,k ∼ N(0, σ2
β), σβ = 0.01 rad.

The number of particles is 1000 and 100
Monte Carlo runs are tested. For the VRPF-I
and VRPF-C methods, the shifted gamma distribu-
tion parameters are designed as τmin = 0.5, α = 2,
and β = 0.5. Other parameters in each algorithm
are given as follows: (1) VRPF-I (dimensionless)—
the target mass is m = 1, the tangential force
satisfies TP ∼ N(0, 0.72), and the normal force
follows TN ∼ N(0, 0.52). (2) VRPF-C—the accelera-
tion in each dimension satisfies a ∼ N(0, 0.52). (3)
MD-VRPF and MVRPF—parameters in the non-
maneuvering case are designed as τ0min = 0.5, α0 = 2,
β0 = 0.5, and Q0 = 0.52; parameters in the maneu-
vering case are given as τ1min = 0.3, α1 = 2, β1 = 0.4,
and Q1 = 12. The sliding window width is l = 1 and
the confidence level of the Chi-square test is 95%.
The UT parameter in MVRPF is λ = −3.

The estimated target trajectory and particle dis-
tribution with MVRPF in one run are illustrated in
Fig. 3. We can observe that the target’s maneuver-
ing behaviors can be covered well by the particle’s
distribution scope. To illustrate the effect of ma-
neuver detection on the distribution of state points,
Figs. 4 and 5 show the trajectories of a single particle
with VRPF and MVRPF in one run, respectively.
It is shown that, without maneuver detection, the
number of state points in a given region is irregu-
lar. However, with maneuver detection, more state
points are allocated in the maneuvering regions and
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Fig. 3 Estimated target trajectory and particles
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fewer in the smooth regions (Fig. 5). Thus, the dis-
tribution of state points is optimized with the pro-
posed method. Note that in the fixed rate model
framework, the number of state points of any par-
ticle is fixed and is equal to the number of scans,
i.e., k = 70. However, in the variable rate model
framework, the number of state points of a particle
is variable and depends on the shifted gamma dis-
tribution. The average numbers of state points with
different methods are listed in Tables 1 and 2.
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Fig. 4 The trajectory of a single particle with VRPF
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Fig. 5 The trajectory of a single particle with
MVRPF

The estimation performance of different meth-
ods is evaluated by the following metrics: esti-
mation precision, estimation credibility, computa-
tional complexity, and storage requirement. To com-
pare the estimation precision, the root mean square
errors (RMSE) of range estimate and velocity es-
timate are plotted in Figs. 6 and 7, respectively.
It is shown that with these parameters aforemen-
tioned, four methods have comparable estimation
precision in the non-maneuvering periods. In the ma-
neuvering periods, MD-VRPF and MVRPF perform
better than the others, and the proposed method

achieves the best accuracy, especially in the sec-
ond maneuvering period. The performance improve-
ment of the proposed method benefits from both
parameter adjustment and the improved proposal
pdf. To illustrate the estimation credibility, Fig. 8
compares the average normalized estimation error
squared (ANEES) curves (Li et al., 2001) with an
acceptance probability of 95%. Compared with the
ANEES points with VRPF-I, more ANEES points lie
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Fig. 6 Range RMSE curves of different methods
under the first group of parameters
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under the first group of parameters

10 20 30 40 50 60 70
0.5

1.0

1.5

2.0

2.5

3.0

Time (s)

A
N
E
E
S

VRPF-I
VRPF-C
MD-VRPF
MVRPF

0

Fig. 8 Average normalized estimation error squared
(ANEES) curves of different methods under the first
group of parameters



Guo et al. / Front Inform Technol Electron Eng 2015 16(11):985-994 993

in the acceptance interval [0.865,1.142] (Farina et al.,
2002) with the Cartesian-coordinate based meth-
ods. Consequently, for the scenario considered here,
the Cartesian-coordinate based methods are more
credible.

Table 1 shows the average number of state
points (ANSP), the average elapsed time (AET) in
one run, the mean time of delay (MTD), and the
average RMSE of range estimate (RMSEr) and of
velocity estimate (RMSEv) from 100 Monte Carlo
runs. The computational times are obtained on a
PC with Intel Core i5 CPU running at 2.4 GHz. It is
shown that the average number of state points with
the proposed method is about 85% of the number of
scans (70). It is also shown that the average RMSE
of the proposed method is lower than others at the
cost of an acceptable increase in computational time.
This is mainly due to the UPF used in the proposed
method. The effect of the UPF on the computa-
tion complexity is a double-edged sword. On the
one hand, it increases the computational time due
to the unscented transformation; on the other hand,
it decreases the resampling time due to providing a
better proposal pdf (van der Merwe et al., 2000). In
addition, there is about a 1.1-s delay for detecting
the maneuver.

Table 1 Results of 100 Monte Carlo runs

Item ANSP
AET MTD RMSEr RMSEv
(s) (s) (m) (m/s)

VRPF-I 52 4.35 – 0.91 0.55
VRPF-C 53 4.43 – 0.87 0.44

MD-VRPF 59 5.42 1.12 0.81 0.40
MVRPF 60 6.86 1.14 0.74 0.37

ANSP: average number of state points; AET: average elapsed
time; MTD: mean time of delay; RMSEr: average RMSE of
range estimate; RMSEv: average RMSE of velocity estimate

To further improve the estimation precision, the
second group of parameters are used in the non-
maneuvering periods for MD-VRPF and MVRPF:
τ0min = 0.7, α0 = 2, β0 = 0.7, and Q0 = 0.22. The
corresponding RMSE and ANEES curves are shown
in Figs. 9–11, respectively. It is shown that the es-
timation accuracies of MD-VRPF and MVRPF in
the non-maneuvering periods are improved by more
appropriate parameters. Unfortunately, these pa-
rameters lead to filter divergence when applied in
VRPF-I and VRPF-C, especially in the high maneu-
vering periods. In fact, for a single-model filter with-

out a maneuvering detection strategy, the choice of
parameters is a trade-off between the estimation per-
formance during maneuvering periods and that dur-
ing non-maneuvering periods (Bar-Shalom and Li,
1995). In other words, the proposed method allows
a lower process noise level in the non-maneuvering
periods.

Table 2 compares the performance metrics with
the second group of parameters. It is shown that
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with the second group of parameters, the ANSP with
the proposed method reduces to 66% of the number
of scans (70) and is fewer than that without maneu-
ver detection. For the same target trajectory, fewer
state points means a reduction in storage require-
ment and hence alleviates the communication load.
It is very important for characterizing a trajectory
with prolonged smooth regions and infrequent ma-
neuvering regions. It is also shown that the average
RMSE of the proposed method is lower than oth-
ers. In addition, the AET decreases because fewer
state points are needed to predict and update in the
non-maneuvering periods.

Table 2 Results of 100 Monte Carlo runs with the
second group of parameters

Item ANSP
AET MTD RMSEr RMSEv
(s) (s) (m) (m/s)

VRPF-I 52 4.35 – 0.91 0.55
VRPF-C 53 4.43 – 0.87 0.44

MD-VRPF 46 4.57 1.12 0.73 0.34
MVRPF 46 5.54 1.14 0.53 0.30

ANSP: average number of state points; AET: average elapsed
time; MTD: mean time of delay; RMSEr: average RMSE of
range estimate; RMSEv: average RMSE of velocity estimate

5 Conclusions

In this paper, an MVRPF algorithm is pro-
posed to address the problem of tracking a maneuver-
ing target with prolonged non-maneuvering motions
and abrupt maneuvering motions. A Cartesian-
coordinate based variable rate model is presented,
which is more convenient than the intrinsic-
coordinate based model. Based on this model, a
maneuver detection strategy and a parameter ad-
justment method are proposed to reduce the storage
requirement and improve the estimation accuracy.
In addition, a UPF is embedded in the proposed
method to improve the tracking performance, in the
presence of sharp likelihood. Future work will focus
on multiple maneuvering targets tracking in heavy
clutter using the proposed method.
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