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Abstract: We propose an efficient measurement-driven sequential Monte Carlo multi-Bernoulli (SMC-MB) filter
for multi-target filtering in the presence of clutter and missing detection. The survival and birth measurements are
distinguished from the original measurements using the gating technique. Then the survival measurements are used
to update both survival and birth targets, and the birth measurements are used to update only the birth targets.
Since most clutter measurements do not participate in the update step, the computing time is reduced significantly.
Simulation results demonstrate that the proposed approach improves the real-time performance without degradation
of filtering performance.
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1 Introduction

Recently, random finite set (RFS) based ap-
proaches have attracted more attention in multi-
target tracking. Mahler’s finite set statistics (FISST)
(Mahler, 2007b) provides a rigorous Bayesian frame-
work for multi-target filtering. The probability hy-
pothesis density (PHD) (Mahler, 2003) and cardi-
nalized PHD (CPHD) (Mahler, 2007a) filters have
been derived for multi-target filtering. They can
estimate both the target states and the number of
targets without complex data association. The se-
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quential Monte Carlo (SMC) and Gaussian mix-
ture (GM) techniques have been implemented for
the PHD and CPHD filters (Vo BN et al., 2005; Vo
and Ma, 2006; Vo BT et al., 2007). In addition
to the PHD and CPHD filters, Mahler (2007b) pro-
posed the multi-target multi-Bernoulli (MeMBer) re-
cursion as a tractable approximation to the Bayesian
multi-target recursion using a multi-Bernoulli RFS.
Unlike PHD and CPHD recursions, MeMBer recur-
sion propagates the approximate posterior multi-
target density. The advantage of multi-Bernoulli rep-
resentation is that each Bernoulli distribution repre-
sents a hypothesized track and its existence proba-
bility, so the MeMBer filter allows reliable and inex-
pensive extraction of the state estimates. However,
it is shown that the MeMBer filter overestimates the
number of targets. To solve this problem, Vo (2008)
and Vo et al. (2009) proposed the cardinality bal-
anced MeMBer (CBMeMBer) filter by modifying the
measurement updated track parameters, which has
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an unbiased estimate of the number of targets.
The multi-Bernoulli filter has been applied for

tracking with audio and video information (Hosein-
nezhad et al., 2011), tracking in sensor networks (Wei
and Zhang, 2009; 2010a; 2010b; Gostar et al., 2013a;
2013b; Hoang and Vo, 2014) and tracking from im-
age information (Vo et al., 2010; Hoseinnezhad et al.,
2013). Various implementations and extensions have
been considered in Yin et al. (2010), Yin and Zhang
(2010), Vo et al. (2011; 2013), Ravindra et al.
(2012), and Baser et al. (2013). Hybrid multi-
Bernoulli and Poisson multi-target filters were pro-
posed in Williams (2012). The latest development
is the exact closed-form solution or conjugate re-
sult known as the generalized labeled multi-Bernoulli
(GLMB) filter, which also produces target tracks (Vo
and Vo, 2013). The CBMeMber filter will be treated
as a multi-Bernoulli (MB) filter throughout this
paper.

Both GM and SMC techniques have been imple-
mented for the MB filter (Vo, 2008; Vo et al., 2009).
Although the GM-MB filter has a closed-form solu-
tion, its application is constrained to linear Gaussian
models. In contrast, the SMC-MB filer can be ap-
plied to nonlinear non-Gaussian models. The SMC-
MB filter also outperforms SMC-PHD and SMC-
CPHD filters (Vo et al., 2009). The convergence
results for the SMC-MB filter have been established
in Lian et al. (2012). However, the computing time of
the SMC-MB filter grows linearly with the increase
of the amount of measurements. Specifically, in clut-
ter environments, a lot of clutter measurements are
included. If all the measurements are considered in
the update step, more time will be consumed. Clut-
ter measurements may also degrade the filtering ac-
curacy. To avoid clutter measurements and reduce
the computing time, an efficient measurement-driven
SMC-MB filter is proposed in this paper. The nov-
elty lies in that we distinguish the survival and birth
measurements from the original measurements to up-
date the target state. The main contributions of this
paper can be summarized as follows:

1. We present an analysis of the time consump-
tion of the prediction, update, and resampling steps,
respectively, for SMC-MB recursion from the results
of Monte Carlo (MC) simulation.

2. We use the gating technique for both survival
and birth targets to distinguish survival and birth
measurements.

3. We propose an efficient measurement-driven
approach for the SMC-MB filter. The survival mea-
surements are used to update both survival and birth
targets, and the birth measurements are used to up-
date only birth targets.

2 Analysis of time consumption for the
SMC-MB filter

2.1 SMC-MB recursion

The SMC-MB filter has been proposed in Vo
(2008) and Vo et al. (2009). Here, we summarize one
cycle of the SMC-MB filtering algorithm.

Let {(r(i)k−1, p
(i)
k−1)}Mk−1

i=1 denote the posterior
multi-target density at time k − 1, where p

(i)
k−1,

the probability density of the ith hypothesized
track, is composed of a set of weighted samples

{w(i,j)
k−1 ,x

(i,j)
k−1}

L
(i)
k−1

j=1 , i.e.,

p
(i)
k−1(x) =

L
(i)
k−1∑

j=1

w
(i,j)
k−1δ(x− x

(i,j)
k−1), (1)

r
(i)
k−1 denotes the existence probability of the ith hy-

pothesized track, Mk−1 denotes the number of hy-
pothesized tracks, L(i)

k−1 denotes the number of par-
ticles for the ith hypothesized track at time k − 1,
and δ(x − x(i,j)

k−1) denotes the Dirac delta function
centered at x(i,j)

k−1 .

Let {(r(i)Γ,k, p
(i)
Γ,k)}MΓ,k

i=1 denote the parameters of

MB-RFS for birth targets at time k, where p(i)Γ,k, the
probability density of the ith birth track, is com-

posed of a set of weighted samples {w(i,j)
Γ,k ,x

(i,j)
Γ,k }L

(i)
Γ,k

j=1 ,
i.e.,

p
(i)
Γ,k(x) =

L
(i)
Γ,k∑

j=1

w
(i,j)
Γ,k δ(x− x(i,j)

Γ,k ), (2)

r
(i)
Γ,k denotes the existence probability of the ith birth

track, MΓ,k denotes the number of birth tracks at
time k, and L(i)

Γ,k denotes the number of particles for
the ith birth track at time k.

One cycle of SMC-MB recursion consists of
three steps: prediction, update, and resampling.

1. Prediction
Given the posterior multi-target density

πk−1 = {(r(i)k−1, p
(i)
k−1)}Mk−1

i=1 (3)
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at time k − 1, the predicted multi-target density

πk|k−1 = {r(i)P,k|k−1, p
(i)
P,k|k−1}

Mk−1

i=1 ∪ {r(i)Γ,k, p
(i)
Γ,k}MΓ,k

i=1

(4)
can be computed as follows:

r
(i)
P,k|k−1 = r

(i)
k−1

L
(i)
k−1∑

j=1

w
(i,j)
k−1pS,k(x

(i,j)
k−1), (5)

p
(i)
P,k|k−1(x) =

L
(i)
k−1∑

j=1

w
(i,j)
P,k|k−1δ(x− x(i,j)

P,k|k−1), (6)

p
(i)
Γ,k(x) =

L
(i)
Γ,k∑

j=1

w
(i,j)
Γ,k δ(x− x(i,j)

Γ,k ), (7)

where

x(i,j)
P,k|k−1 ∼ q

(i)
k (·|x(i,j)

k−1 , Zk), j = 1, 2, · · · , L(i)
k−1, (8)

q
(i)
k (·|x(i,j)

k−1 , Zk) are the importance (or proposal)
densities for survival targets,

w̃
(i,j)
P,k|k−1 =

w
(i,j)
k−1fk|k−1(x

(i,j)
P,k|k−1|x(i,j)

k−1)pS,k(x
(i,j)
k−1)

q
(i)
k (x(i,j)

P,k|k−1|x(i,j)
k−1 , Zk)

,

(9)

w
(i,j)
P,k|k−1 =

w̃
(i,j)
P,k|k−1

∑L
(i)
k−1

j=1 w̃
(i,j)
P,k|k−1

, (10)

x(i,j)
Γ,k ∼ b

(i)
k (·|Zk), j = 1, 2, · · · , L(i)

Γ,k, (11)

b
(i)
k (·|Zk) are the importance (or proposal) densities

for birth targets, and

w̃
(i,j)
Γ,k =

pΓ,k(x
(i,j)
Γ,k )

b
(i)
k (x(i,j)

Γ,k |Zk)
, (12)

w
(i,j)
Γ,k =

w̃
(i,j)
Γ,k

∑L
(i)
Γ,k

j=1 w̃
(i,j)
Γ,k

. (13)

2. Update
Given the predicted multi-target density

πk|k−1 = {(r(i)k|k−1, p
(i)
k|k−1)}

Mk|k−1

i=1 (14)

at time k where each p(i)k|k−1 is composed of a set of

weighted samples {w(i,j)
k|k−1, x

(i,j)
k|k−1}

L
(i)

k|k−1

j=1 , i.e.,

p
(i)
k|k−1(x) =

L
(i)

k|k−1∑

j=1

w
(i.j)
k|k−1δ(x− x

(i,j)
k|k−1), (15)

the updated multi-target density

πk = {(r(i)L,k, p
(i)
L,k)}

Mk|k−1

i=1 ∪{(rU,k(z), pU,k(·; z))}z∈Zk

(16)
can be computed as follows:

The legacy tracks are

r
(i)
L,k = r

(i)
k|k−1

1− �
(i)
L,k

1− r
(i)
k|k−1�

(i)
L,k

, (17)

p
(i)
L,k(x) =

L
(i)

k|k−1∑

j=1

w
(i,j)
L,k δ(x − x(i,j)

k|k−1), (18)

where

�
(i)
L,k =

L
(i)

k|k−1∑

j=1

w
(i,j)
k|k−1pD,k(x

(i,j)
k|k−1), (19)

w̃
(i,j)
L,k = w

(i,j)
k|k−1(1− pD,k(x

(i,j)
k|k−1)), (20)

w
(i,j)
L,k =

w̃
(i,j)
L,k

∑L
(i)

k|k−1

j=1 w̃
(i,j)
L,k

. (21)

The measurement-updated tracks are

rU,k(z) =

∑Mk|k−1

i=1

r
(i)

k|k−1
(1−r

(i)

k|k−1
)�

(i)
U,k(z)

(1−r
(i)

k|k−1
�
(i)
L,k

)
2

κk(z) +
∑Mk|k−1

i=1

r
(i)

k|k−1
�
(i)
U,k(z)

1−r
(i)

k|k−1
�
(i)
L,k

, (22)

pU,k(x; z) =

Mk|k−1∑

i=1

L
(i)

k|k−1∑

j=1

w
(i,j)
U,k (z)δ(x − x(i,j)

k|k−1),

(23)
where

w̃
(i,j)
U,k (z) = w

(i,j)
k|k−1

r
(i)
k|k−1

1− r
(i)
k|k−1

ψk,z(x
(i,j)
k|k−1), (24)

w
(i,j)
U,k (z) =

w̃
(i,j)
U,k (z)

∑Mk|k−1

i=1
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k|k−1

j=1 w̃
(i,j)
U,k (z)

, (25)

�
(i)
U,k(z) =

L
(i)

k|k−1∑

j=1

w
(i,j)
k|k−1ψk,z(x

(i,j)
k|k−1), (26)

ψk,z(x
(i,j)
k|k−1) = gk(z|x(i,j)

k|k−1)pD,k(x
(i,j)
k|k−1), (27)

gk(·|x(i,j)
k|k−1) is the single target measurement likeli-

hood at time k given predicted state x(i,j)
k|k−1, Zk is

the measurement set at time k, pD,k(x
(i,j)
k|k−1) is the
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detection probability at time k given predicted state
x(i,j)
k|k−1, and κk(·) is the clutter intensity at time k.

3. Resampling
For i = 1, 2, · · · ,Mk, set L

(i)
k = r

(i)
k Lmax,

where Lmax is the maximum number of particles for
each hypothesized track and Mk = Mk|k−1 + |Zk|,
where |Zk| is the number of measurements at time

k. Resample
{
r
(i)
k , {w(i,j)

k , x(i,j)
k }L

(i)

k|k−1

j=1

}Mk|k−1

i=1
∪

{
r
(i)
k , {w(i,j)

k , x(i,j)
k }L

(i)
z,k

j=1

}|Zk|
i=1

to obtain
{
r
(i)
k , {w(i,j)

k ,

x(i,j)
k }L

(i)
k

j=1

}Mk

i=1
, where L(i)

z,k is the number of particles
for the ith measurement-updated track.

2.2 Analysis of computing time

One cycle of SMC-MB recursion consists of
three steps: prediction, update, and resampling.
From Eq. (22) we can see that the computing time
of SMC-MB recursion depends on both the number
of particles and the number of measurements. Also,
note that the computation of the existence proba-
bility consists of a series of complicated mathemat-
ical computations including multiplication, accumu-
lation, and division in the update step, which in-
creases the processing time. Fig. 1 shows the average
computing time of 500 iterations of MC simulation of
the prediction, update, and resampling for SMC-MB
recursion versus varying clutter density (an average
of 5–30 clutter measurements per scan), which will
be detailed in Section 4.1. From Fig. 1, the predic-
tion and resampling steps both consume much less
time than the update step. Compared with the up-
date step, the computing time in the prediction and
resampling steps is almost negligible.

The filtering performance of the SMC-MB filter
increases with the increases of the number of par-
ticles used to characterize each posterior hypothe-
sized track density. However, the computing time
increases as the number of particles increases. In
practice, to achieve a tradeoff between filtering per-
formance and computing time, an appropriate num-
ber of particles should be chosen for each hypothe-
sized track. In this study the number of particles is
chosen according to the suggestion given by Vo et al.
(2009).

Also, note that the computing time in the up-
date step grows linearly with the increase of the num-
ber of clutter measurements. Several measurements
may be available at each time step, and each mea-
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Fig. 1 Computing time of the SMC-MB filter versus
varying clutter density

surement may be generated by the survival target,
the birth target, or the clutter. Specifically, in clutter
environments, a lot of clutter measurements are con-
tained. If all the measurements are considered in the
update step, the computing time will increase sig-
nificantly. Clutter measurements may also degrade
the filtering performance. Therefore, most clutter
measurements should be eliminated.

3 Measurement-driven SMC-MB fil-
tering

3.1 Gating technique for the SMC-MB filter

Suppose the target motion dynamics and mea-
surements for each target can be described as follows:

xk = fk(xk−1) +wk−1, (28)

zk = hk(xk) + vk, (29)

where fk(·) and hk(·) are known functions, which can
be linear or nonlinear, and wk−1 and vk are indepen-
dent zero mean Gaussian process noise and measure-
ment noise with known covariances Qk−1 and Rk,
respectively.

Gating has proven to be an effective method to
eliminate clutter measurements in traditional target
tracking (Blackman and Popoli, 1999). Therefore,
we use the gating technique for the SMC-MB filter.
The gating technique is designed for both survival
and birth targets. Suppose at time k, the predicted
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multi-target density for survival targets is

πP,k|k−1 =
{
r
(i)
P,k|k−1,

{
w

(i,j)
P,k|k−1,x

(i,j)
P,k|k−1

}L
(i)
k−1

j=1

}Mk−1

i=1
.

(30)

This means there are Mk−1 hypothesized survival
tracks at the prediction step. Gating should be de-
signed for each hypothesized survival track. For the
ith hypothesized survival track, the MC approxima-
tion of the predicted likelihood can be written as

Λ
(i)
k|k−1 =

L
(i)
k−1∑

j=1

w
(i,j)
P,k|k−1N (z;hk(x

(i,j)
P,k|k−1),Rk).

(31)
Note that Eq. (31) is a form of Gaussian mixture,
which can be straightforwardly approximated by a
single Gaussian distribution with mean and covari-
ance given by

z̄
(i)
P,k|k−1 =

L
(i)
k−1∑

j=1

w
(i,j)
P,k|k−1hk(x

(i,j)
P,k|k−1), (32)

S
(i)
P,k|k−1 = Rk +

L
(i)
k−1∑

j=1

[
w

(i,j)
P,k|k−1

· (hk(x(i,j)
P,k|k−1)− z̄

(i)
P,k|k−1

)

· (hk(x(i,j)
P,k|k−1)− z̄

(i)
P,k|k−1

)T]
.

(33)

The validation measurement set for survival tar-
gets is defined as ZP,k at time k, which can be ob-
tained as follows:

ZP,k =
{
zk,s :

(
zk,s − z̄

(i)
P,k|k−1

)T

· (S(i)
P,k|k−1

)−1(
zk,s − z̄

(i)
P,k|k−1

) ≤ UP

}

zk,s∈Zk

,

(34)
where zk,s is the sth measurement, and UP is the gat-
ing threshold for survival targets. The choice of the
gating threshold is important. If the gating thresh-
old is too small, the true measurements may not fall
into the validation region. As the gating threshold
increases, the probability of achieving true measure-
ments in the validation region increases. Meanwhile,
the probability of obtaining clutter measurements in
the validation region increases. The gating thresh-
old can be computed according to (Blackman and
Popoli, 1999)

U = −2ln(1− Pg) (35)

for 2D measurements, where Pg is the probability
that a target-generated measurement falls into the
validation region. For higher dimensional measure-
ments, readers can refer to Blackman and Popoli
(1999) for details.

Through the above steps, the survival measure-
ment set is obtained, and the residual measurement
set is described as follows:

Z̃k = Zk − ZP,k, (36)

where Z̃k denotes the residual measurement set at
time k. The residual measurement set consists of the
birth and clutter measurements. If no birth target
appears, the residual measurement set consists of
only clutter measurements.

Here, we use an example to illustrate the gating
technique for survival targets (Fig. 2). The key of
the proposed approach can be described as follows.
If the validation region of the ith hypothesized track
is denoted as Ωg(i), then the total validation region
is the union of the validation regions for all hypoth-
esized tracks, which can be expressed as follows:

Ωg = Ωg(1) ∪Ωg(2) ∪Ωg(3). (37)

−

zk, 4

zk, 3

zk, 1

zk, 5

zk, 2
zk|k−1z(3)

−zk|k−1z(2)

−zk|k−1z(1)

Fig. 2 Illustration of the gating technique for the
SMC-MB filter (‘·’ denotes the mean of the predicted
measurements for each hypothesized track, the ellipse
denotes the validation region for each hypothesized
track, and ‘∗’ denotes the measurements at time k)

If the measurements fall into the union valida-
tion region, they are validation measurements; oth-
erwise, they are residual measurements. In this ex-
ample (Fig. 2), we can see that zk,2, zk,4, and zk,5
are validation measurements, and zk,1 and zk,3 are
residual measurements.

Although the survival measurements can be ob-
tained through the above steps, the birth measure-
ments may not be contained. To obtain the birth
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measurements from the residual measurement set,
the gating technique is used again for spontaneous
targets. The validation measurement set for birth
targets is denoted as ZΓ,k at time k, which can be
obtained as follows:

ZΓ,k =
{
z̃k,s :

(
z̃k,s − z̄

(i)
Γ,k

)T

· (S(i)
Γ,k

)−1(
z̃k,s − z̄

(i)
Γ,k

) ≤ UΓ

}

z̃k,s∈Z̃k

,
(38)

where

z̄
(i)
Γ,k =

L
(i)
Γ,k∑

j=1

w
(i,j)
Γ,k hk(x

(i,j)
Γ,k ), (39)

S
(i)
Γ,k = Rk+

L
(i)
Γ,k∑

j=1

w
(i,j)
Γ,k

(
hk(x

(i,j)
Γ,k )− z̄

(i)
Γ,k

)(
hk(x

(i,j)
Γ,k )− z̄

(i)
Γ,k

)T
,

(40)
z̃k,s is the sth measurement and UΓ is the gating
threshold for birth targets, which can be calculated
according to Eq. (35).

Finally, the survival and birth measurements
can be distinguished from the original measure-
ments. Algorithms 1 and 2 present the pseudo-code
of the gating technique for survival and birth targets,
respectively.

3.2 Measurement-driven approach

In this study, we propose a measurement-driven
approach for the SMC-MB filter. Since the sur-
vival and birth measurements are distinguished from
the original measurements using the gating tech-
nique, the survival measurement set is used to up-
date both survival and birth targets, and the birth
measurement set is used to update only birth tar-
gets. We call this method the measurement-driven
approach. Algorithm 3 gives the pseudo-code for the
measurement-driven approach.
Remark 1 Note that the survival measurement
set cannot be used to update only survival targets.
It can be explained as follows: If the location of
the birth target is close to the predicted location of
survival targets, then the validation survival mea-
surements may contain the birth measurements, and
the residual measurement set may not contain birth
measurements, so birth measurements cannot be ob-
tained from the residual measurement set. Using the
measurements containing birth measurements to up-

Algorithm 1 Gating technique for survival targets
1: for i = 1, · · · ,Mk−1 do
2: for j = 1, · · · , L(i)

k−1 do
3: sample x

(i,j)

k|k−1
∼ q

(i)
k (·|x(i,j)

k−1 , Zk);

4: w
(i,j)

k|k−1
=

w
(i,j)
k−1

fk|k−1(x
(i,j)

k|k−1
|x(i,j)

k−1
)pS,k(x

(i,j)
k−1

)

q
(i)
k

(x
(i,j)
k|k−1

|x(i,j)
k−1

,Zk)
;

5: end for
6: end for

7: r(i)
k|k−1

= r
(i)
k−1

∑L
(i)
k−1

j=1 w
(i,j)
k−1 pS,k(x

(i,j)
k−1);

8: w(i,j)

k|k−1 =
w

(i,j)
k|k−1

∑L
(i)
k−1

j=1 w
(i,j)
k|k−1

;

9: L(i)
k|k−1 = L

(i)
k−1;

10: z̄
(i)

k|k−1 =
∑L

(i)
k−1

j=1 w
(i,j)

k|k−1hk(x
(i,j)

k|k−1);

11: S
(i)

k|k−1
= Rk +

∑L
(i)
k−1

j=1 w
(i,j)

k|k−1

(
hk(x

(i,j)

k|k−1
)− z̄

(i)

k|k−1

)

·(hk(x
(i,j)

k|k−1
)− z̄

(i)

k|k−1

)T;
12: set ZP,k = ∅;

13: set flag = 0;

14: for z ∈ Zk do
15: for i = 1, · · · ,Mk−1 do
16: if

(
z − z̄

(i)

k|k−1

)T(
S

(i)

k|k−1

)−1(
z − z̄

(i)

k|k−1

) ≤ UP

then
17: ZP,k = [ZP,k,z];

18: flag = 1;

19: break;
20: end if
21: if flag == 1 then
22: break;
23: end if
24: end for
25: end for
26: Z̃k = Zk − ZP,k;

date only survival targets may cause the loss of birth
targets.

3.3 Comparison of the cycle index in the up-
date step

For SMC-MB recursion, all the measurements
in the set Zk are considered to update both sur-
vival and birth targets in the update step. For the
proposed approach, the survival measurements are
used to update both survival and birth targets, and
the birth measurements are used to update only the
birth targets in the update step. For the proposed
approach, the processing time of survival targets de-
pends on the number of survival measurements, the
number of survival particles, and the number of birth
particles, and the processing time of birth targets de-
pends only on the number of birth measurements
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Algorithm 2 Gating technique for birth targets
1: for i =Mk−1 + 1, · · · ,Mk−1 +MΓ,k do
2: for j = 1, · · · , L(i−Mk−1)

Γ,k do
3: sample x

(i,j)
k|k−1 ∼ b

(i)
k (·|Zk);

4: w
(i,j)
k|k−1 =

pΓ,k(x
(i,j)

k|k−1)

b
(i)
k (x

(i,j)
k|k−1|Zk)

;

5: end for
6: end for
7: r(i)

k|k−1
= r

(i−Mk−1)

Γ,k ;

8: w(i,j)

k|k−1
=

w
(i,j)
k|k−1

L
(i−Mk−1)

Γ,k∑

j=1

w
(i,j)
k|k−1

;

9: L(i)

k|k−1
= L

(i−Mk−1)

Γ,k ;

10: Mk|k−1 =Mk−1 +MΓ,k;

11: z̄
(i)
k|k−1 =

L
(i)
k|k−1∑

j=1

w
(i,j)
k|k−1hk(x

(i,j)
k|k−1);

12: S
(i)

k|k−1 = Rk +

L
(i)

k|k−1∑

j=1

w
(i,j)

k|k−1

·(hk(x
(i,j)

k|k−1)− z̄
(i)

k|k−1

)(
hk(x

(i,j)

k|k−1)− z̄
(i)

k|k−1

)T
;

13: set ZΓ,k = ∅;

14: set flag = 0;

15: for z ∈ Z̃k do
16: for i =Mk−1 + 1, · · · ,Mk|k−1 do
17: if

(
z − z̄

(i)
k|k−1

)T(
S

(i)
k|k−1

)−1(
z − z̄

(i)
k|k−1

) ≤ UΓ

then
18: ZΓ,k = [ZΓ,k,z];

19: flag = 1;

20: break;
21: end if
22: if flag==1 then
23: break;
24: end if
25: end for
26: end for

and the number of birth particles. According to
the above analysis, the cycle index of SMC-MB re-
cursion in the update step is |Zk|(

∑Mk−1

i=1 L
(i)
k−1 +

∑MΓ,k

i=1 L
(i)
Γ,k), and the cycle index of the proposed

approach is |ZP,k|(
∑Mk−1

i=1 L
(i)
k−1 +

∑MΓ,k

i=1 L
(i)
Γ,k)

+ |ZΓ,k|
∑MΓ,k

i=1 L
(i)
Γ,k. In clutter environments,

|Zk| > |ZP,k| + |ZΓ,k|; thus, |Zk|(
∑Mk−1

i=1 L
(i)
k−1 +

∑MΓ,k

i=1 L
(i)
Γ,k) > |ZP,k|(

∑Mk−1

i=1 L
(i)
k−1 +

∑MΓ,k

i=1 L
(i)
Γ,k) +

|ZΓ,k|
∑MΓ,k

i=1 L
(i)
Γ,k. According to the above analysis,

the proposed approach will consume less time than
the SMC-MB filter in the update step.

Algorithm 3 Measurement-driven algorithm
1: Step 1: Update for survival targets
2: for each z ∈ ZP,k do
3: set l = 0;
4: for i = 1, · · · ,Mk|k−1 do
5: for j = 1, · · · , L(i)

k|k−1
do

6: l = l + 1;
7: ψ

(i,j)
k,z = gk(z|x(i,j)

k|k−1)PD,k(x
(i,j)
k|k−1);

8: w
(i,j)
U,k (z) = w

(i,j)
k|k−1

r
(i,j)
k|k−1

1− r
(i,j)
k|k−1

ψ
(i,j)
k,z ;

9: end for

10: �
(i)
U,k(z) =

∑L
(i)
k|k−1

j=1 w
(i,j)

k|k−1
ψ

(i,j)
k,z ;

11: �
(i)
L,k =

∑L
(i)
k|k−1

j=1 w
(i,j)
k|k−1pD,k(x

(i,j)
k|k−1);

12: end for
13: Lk(z) = l;

14: w
(i,j)
U,k (z) =

w
(i,j)
U,k (z)

Mk|k−1∑

i=1

L
(i)
k|k−1∑

j=1

w
(i,j)
U,k (z)

;

15: rk(z) =

Mk|k−1∑

i=1

r
(i)
k|k−1(1− r

(i)
k|k−1)�

(i)
U,k(z)

(1− r
(i)
k|k−1�

(i)
L,k)

2

κk(z) +

Mk|k−1∑

i=1

r
(i)
k|k−1�

(i)
U,k(z)

1− r
(i)
k|k−1�

(i)
L,k

;

16: end for
17: Step 2: Update for birth targets
18: for each z ∈ ZΓ,k do
19: set l = 0;
20: for i =Mk−1 + 1, · · · ,Mk|k−1 do
21: for j = 1, · · · , L(i)

k|k−1 do
22: l = l + 1;
23: ψ

(i,j)
k,z = gk(z|x(i,j)

k|k−1)PD,k(x
(i,j)
k|k−1);

24: w
(i,j)
U,k (z) = w

(i,j)
k|k−1

r
(i,j)
k|k−1

1−r
(i,j)
k|k−1

ψ
(i,j)
k,z ;

25: end for

26: �
(i)
U,k(z) =

∑L
(i)
k|k−1

j=1 w
(i,j)

k|k−1
ψ

(i,j)
k,z ;

27: �
(i)
L,k =

∑L
(i)
k|k−1

j=1 w
(i,j)
k|k−1pD,k(x

(i,j)
k|k−1);

28: end for
29: Lk(z) = l;

30: w
(i,j)
U,k (z) =

w
(i,j)
U,k (z)

∑Mk|k−1

i=Mk−1

∑L
(i)
k|k−1

j=1 w
(i,j)
U,k (z)

;

31: rk(z) =

Mk|k−1∑

i=Mk−1

r
(i)
k|k−1(1− r

(i)
k|k−1)�

(i)
U,k(z)

(1− r
(i)
k|k−1�

(i)
L,k)

2

κk(z) +

Mk|k−1∑

i=Mk−1

r
(i)

k|k−1�
(i)
U,k(z)

1− r
(i)
k|k−1�

(i)
L,k

;

32: end for
33: Mk =Mk|k−1 + |ZP,k|+ |ZΓ,k|;
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4 Simulation results

4.1 Simulation for a linear Gaussian example

Suppose the target motion dynamics is linear,
described as

xk = Fkxk−1 +wk−1, (41)

where process noise wk−1 is a zero mean Gaussian
noise with known covariance Qk−1, and target state
xk = [px,k, ṗx,k, py,k, ṗy,k]

T at time k consists of posi-
tion component (px,k, py,k) and velocity component
(ṗx,k, ṗy,k). The target transition matrix and process
noise are specified by (Bar-Shalom et al., 2001)

Fk =

⎡

⎢⎢⎣

1 T 0 0

0 1 0 0

0 0 1 T

0 0 0 1

⎤

⎥⎥⎦ , (42)

Qk−1 = σ2
w

⎡

⎢⎢⎣

T 3/3 T 2/2 0 0

T 2/2 T 0 0

0 0 T 3/3 T 2/2

0 0 T 2/2 T

⎤

⎥⎥⎦ , (43)

where T is the sampling period, and σw is the stan-
dard deviation of the process noise.

The target measurement model is also linear,
described as

zk = Hkxk + vk, (44)

where

Hk =

[
1 0 0 0

0 0 1 0

]
, (45)

the measurement noise vk is a zero-mean Gaussian
noise with known covariance

R = σ2
υ

[
1 0

0 1

]
, (46)

and συ is the standard deviation of the measurement
noise.

4.1.1 Simulation scenario

Consider a 2D scenario with a time-varying
number of targets observed in clutter environ-
ments. The surveillance region is [−1000, 1000] m ×
[−1000, 1000] m. A maximum of five targets appear
on the scenario, and targets appear and terminate
randomly. The true trajectories of the targets are
shown in Fig. 3.
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  born at k = 20 s
  dies at k = 59 s
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  dies at k = 69 s
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  born at k = 20 s
  dies at k = 80 s

Target 1:
  born at k = 1 s
  dies at k = 49 s

Fig. 3 True target tracks in the xOy plane (the start
and end positions for each track are denoted by ◦ and
�, respectively)

The birth process is modeled as an MB-RFS
(Vo et al., 2009), which can be described as fol-
lows: πΓ = {(r(i)Γ , p

(i)
Γ )}3i=1, where r(i)Γ = 0.03, p(i)Γ =

N (x;m(i)
Γ ,P(i)

Γ ), m(1)
Γ = [600, 0,−600, 0]T, m(2)

Γ =

[−800, 0,−200, 0]T, m(3)
Γ = [−200, 0, 800, 0]T, and

P(1)
Γ = P(2)

Γ = P(3)
Γ = diag{10, 10, 10, 10}2.

Clutter is modeled as a Poisson RFS Kk with
intensity (Vo and Ma, 2006)

κk = λcV u(z), (47)

where λc is the average number of clutter measure-
ments per scan, and u(z) is the uniform density over
the surveillance region.

At each time step, a maximum of Lmax = 1000

and minimum of Lmin = 300 particles are imposed
for each hypothesized track, and hypothesized tracks
are pruned with a threshold of Tr = 10−4 and a
maximum of 100 tracks. The survival probability
is PS,k = 0.99, the detection probability is pD,k =

0.98, the sampling period is T = 1 s, the standard
deviation of the process noise is σw = 10 m/s2, and
the standard deviation of the measurement noise is
συ = 10 m. Pg is 0.999 for both survival and birth
targets.

4.1.2 Metrics for multi-target filtering

We use the optimal sub-pattern assignment
(OSPA) as a multi-target miss-distance metric as
suggested by Schuhmacher et al. (2008), as it can
jointly capture the differences in cardinality and in-
dividual elements between two finite sets. The OSPA
metric d̄(c)p is defined as follows. Let d(c)(x,y) :=
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min(c, ||x−y||) denote the distance between x, y cut
off at c > 0, and Πk the set of permutations on
{1, 2, · · · , k}, where || · || denotes the 2-norm. For
1 ≤ p ≤ ∞, c > 0, and arbitrary finite subsets
X = {x1,x2, · · · ,xm} and Y = {y1,y2, · · · ,yn},
where m,n ∈ {0, 1, 2, · · · }, define

d̄(c)p (X,Y )
⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎩

:=
[ 1
n

(
min
π∈Πn

m∑

i=1

d(c)(xi, yπ(i)
)p + cp(n−m)

)] 1
p

,

m ≤ n,

= d̄(c)p (Y,X), m > n,

= 0, m = n = 0.

(48)

The order parameter p determines the sensitivity to
outliers, and the cut-off parameter c determines the
relative weighting of the penalties assigned to cardi-
nality and localization errors.

4.1.3 Monte Carlo runs

To verify the real-time performance and filter-
ing performance of the proposed approach, 500 MC
trials are performed on the same target tracks but
with randomly generated measurement data. For
comparison, 500 MC trials are also performed on ex-
actly the same data using the SMC-MB filter. The
clutter density is λc = 2.5× 10−6/m2 (an average of
10 clutter measurements per can).

Fig. 4 plots the true tracks, measurements, and
estimates in x and y directions versus time for the
proposed approach. From Fig. 4, the proposed ap-
proach is also able to track the targets correctly.
Fig. 5 shows the mean and standard deviation of
the cardinality statistics versus time for the SMC-
MB filter and the proposed approach. It is shown
that the cardinality statistics for both the SMC-MB
filter and the proposed approach converges to the
true value, and that the standard derivation of the
proposed approach is similar to that of the SMC-
MB filter. Fig. 6 shows the average OSPA distance
(when p = 2 and c = 200) versus time for both
approaches. The curves of these two approaches al-
most totally overlap. This indicates that the filtering
performance of the proposed approach is almost the
same as that of the SMC-MB filter.

Table 1 gives the time averaged OSPA distance
and computing time of 500 MC runs in MATLAB
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Fig. 4 True target tracks, measurements, and esti-
mates in x and y directions versus time for the pro-
posed approach
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Fig. 5 The average of cardinality statistics of 500
Monte Carlo runs versus time for the SMC-MB filter
(a) and the proposed approach (b)
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Fig. 6 The average OSPA distance for both ap-
proaches (p=2, c=200)

R2011a on a laptop with clutter density λc = 2.5 ×
10−6/m2. The time averaged OSPA distance of the
proposed approach is almost the same as that of the
SMC-MB filter. Compared with the SMC-MB filter,
the proposed approach has a much higher processing
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speed. The reason is that the proposed approach
discards most clutter measurements.

To further verify the effectiveness of the pro-
posed approach, 500 MC trials are performed for
both approaches over a varying clutter density from
1.25 × 10−6/m2 to 7.50 × 10−6/m2 (an average of
5–30 clutter measurements per scan). Fig. 7 shows
that the time averaged OSPA distance of the pro-
posed approach is similar to that of the SMC-MB
filter under different clutter densities, but that the
proposed approach consumes less computing time.

Table 1 Comparison between the SMC-MB filter and
the proposed approach for the linear example

Filtering Time averaged Average computing
algorithm OSPA distance (m) time (s)

SMC-MB filter 27.95 213.59
Proposed approach 27.90 76.09

The real-time performance improvement
(RTPI) (Zheng et al., 2013) is used to evaluate the
real-time performance, defined as

RTPI =
tS − tP
tS

× 100%, (49)

where tS and tP are the MC average computing time
for the SMC-MB filter and the proposed approach,
respectively. Fig. 8 plots the RTPI for the proposed
approach versus varying clutter density. It can be
seen that the proposed approach gains more improve-
ment when clutter density increases.

4.2 Simulation for a nonlinear example

In this subsection a nonlinear example is used
to verify the effectiveness of the proposed approach.

4.2.1 Simulation scenario

Consider the noisy bearings and range measure-
ments with a varying number of targets observed in
clutter environments. The surveillance region size is
[0,π] rad × [0, 2000] m. A maximum of eight tar-
gets appear on the scenario, and targets appear and
terminate randomly. The true tracks are shown in
Fig. 9.

The motion dynamics is a coordinated turn
(CT) model, which is described as (Bar-Shalom
et al., 2001; Li and Jilkov, 2003)

xk = F(ωk−1)xk−1 +Gwk−1, (50)
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Fig. 7 Time averaged OSPA distance (a) and average
computing time (b) versus varying clutter density
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Fig. 8 Real-time performance improvement (RTPI)
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Fig. 9 True target tracks in the rθ plane (the start
and end positions for each track are denoted by ◦ and
� respectively, and the sensor is denoted by �)

where

F(ωk−1) =

⎡

⎢⎢⎢⎢⎢⎣

1
sin(ωk−1T )

ωk−1
0 − 1−cos(ωk−1T )

ωk−1
0

0 cos(ωk−1T ) 0 − sin(ωk−1T ) 0

0
1−cos(ωk−1T )

ωk−1
1

sin(ωk−1T )
ωk−1

0

0 sin(ωk−1T ) 0 cos(ωk−1T ) 0

0 0 0 0 1

⎤

⎥⎥⎥⎥⎥⎦
,

(51)
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G =

⎡

⎢⎢⎢⎢⎢⎣

T 2/2 0 0

T 0 0

0 T 2/2 0

0 T 0

0 0 T

⎤

⎥⎥⎥⎥⎥⎦
, (52)

T = 1 s, wk−1 ∼ N (·; 0,Qk−1), the process noise co-
variance is Qk−1 = diag{σ2

w, σ
2
w, σ

2
ω}, σw = 5 m/s2,

and σω = π/180 rad/s. The target state xk =

[px,k, ṗx,k, py,k, ṗy,k, ωk]
T consists of position compo-

nent (px,k, py,k), velocity component (ṗx,k, ṗy,k), and
turn rate ωk.

The measurement model is a noisy bearing and
range vector, described as follows:

zk =

⎡

⎢⎣
arctan

(
px,k − pSe,x
py,k − pSe,y

)

√
(px,k − pSe,x)

2
+ (py,k − pSe,y)

2

⎤

⎥⎦+ vk,

(53)
where (pSe,x, pSe,y) = (0, 0) is the sensor position,
the measurement noise vk ∼ N (·; 0,Rk) with
Rk = diag{σ2

θ , σ
2
r}, σθ = 1 × (π/180) rad/s,

and σr = 5 m. The birth process is an
MB-RFS with density πΓ = {(r(i)Γ , p

(i)
Γ )}4i=1,

where r
(1)
Γ = r

(2)
Γ = r

(3)
Γ = r

(4)
Γ = 0.03,

p
(i)
Γ = N (x;m(i)

Γ ,P(i)
Γ ), m(1)

Γ = [−1500, 0, 250, 0, 0]T,

m(2)
Γ = [−250, 0, 1000, 0, 0]T, m(3)

Γ =

[250, 0, 750, 0, 0]T, m(4)
Γ = [1000, 0, 1500, 0, 0]T,

and P(1)
Γ = P(2)

Γ = P(3)
Γ = P(4)

Γ =

diag{10, 10, 10, 10, 1 × (π/180)}2. The survival
probability is PS,k = 0.99. The detection probability
is pD,k = 0.98. Clutter is a Poisson RFS with
density λc = 1.6 × 10−3/(rad ·m) (an average of 10
clutter measurements per scan).

4.2.2 Monte Carlo runs

To compare the proposed approach with the
SMC-MB filter for the nonlinear example, 500 MC
trials are performed on the same target tracks but
with randomly generated measurement data, and
500 MC trials are performed on exactly the same
data using the SMC-MB filter.

Fig. 10 plots the true tracks, measurements, and
estimates in x and y directions versus time. The
plots show that the proposed approach is able to es-
timate the target states. Fig. 11 shows the mean and
standard deviation of the cardinality statistics versus
time for both the SMC-MB filter and the proposed
approach. The mean of the proposed approach also
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Fig. 10 True target tracks, measurements, and esti-
mates in x and y directions versus time for the pro-
posed approach
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Fig. 11 The average cardinality statistics of 500
Monte Carlo runs versus time for the SMC-MB filter
(a) and the proposed approach (b)
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Fig. 12 The average OSPA distance for both ap-
proaches (p=2, c=200)

converges to the true value, and the standard de-
viation of the proposed approach is similar to that
of the SMC-MB filter. Fig. 12 shows the average
OSPA distance (when p=2 and c=200) for the SMC-
MB filter and the proposed approach. The curves
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of the SMC-MB filter and the proposed approach
almost totally overlap. This indicates that the pro-
posed approach and the SMC-MB filter have similar
filtering performance.

Table 2 gives the time averaged OSPA distance
and computing time of 500 MC trials in MATLAB
R2011a on a notebook with clutter density λc = 1.6×
10−3/(rad · m). The time averaged OSPA distance
of the proposed approach is almost the same as that
of the SMC-MB filter. Compared with the SMC-
MB filter, the proposed approach also has a larger
processing rate for the nonlinear example.

Table 2 Comparison between the SMC-MB filter and
the proposed approach for the nonlinear example

Filtering Time averaged Average computing
algorithm OSPA distance (m) time (s)

SMC-MB filter 31.15 901.13
Proposed approach 31.17 404.15

5 Conclusions

In this paper, we have proposed an efficient
measurement-driven approach for the SMC-MB fil-
ter. The novelty lies in the measurement-driven
mechanism. The original measurements are classi-
fied using a gating technique to compute the exis-
tence probability. Since the survival and birth mea-
surements are distinguished and most clutter mea-
surements are eliminated, the proposed approach
obtains better real-time performance. Simulations
demonstrate that the proposed approach improves
the real-time performance without degradation of fil-
tering performance.
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