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Abstract— This paper presents a myopic sensor management
algorithm for multiple target tracking with an agile single
sensor that has a limited field of view (FOV), utilising a multi-
Bernoulli filter. The sensor management algorithm aims to
minimise the predicted mean square generalised optimal sub-
pattern assignment (GOSPA) error. The aim is therefore to
minimise the localisation error for detected targets, and the
number of missed and false targets at the next time step. We
present a tractable algorithm based on an upper bound of the
mean square GOSPA error when single-target densities are
Gaussian.

I. INTRODUCTION

Multiple target tracking (MTT) remains a pivotal com-
ponent in numerous applications ranging from surveillance
and security [1], [2] to autonomous navigation [3] and en-
vironmental monitoring [4]. The core challenge in MTT lies
in effectively and efficiently discerning and tracking several
moving targets simultaneously, often in environments with
uncertainties and noise [5]. MTT becomes increasingly com-
plex when considering the limitations and the management
of the sensors which are used to collect the measurements to
conduct the tracking. The discipline that plans the control of
these sensing resources is referred to as sensor management
[6].

Sensor management, in the context of myopic strategies,
focuses on the optimisation of sensor resources at the im-
mediate next time step, without the consideration of how the
actions selected now will impact the reward (or cost) further
into the future. This approach, whilst less computationally
demanding, poses unique challenges in maintaining tracking
accuracy and reliability.

If the birth model is Poisson, the solution to the Bayesian
multi-target filtering problem with point targets is given
by the Poisson multi-Bernoulli mixture (PMBM) filter [7],
[8]. The PMBM posterior is the union of a Poisson point
process (PPP) representing undetected targets and a multi-
Bernoulli mixture representing potential targets that have
been detected at some point up to and including the current
time step. A computationally efficient approximation of the
PMBM filter, which only propagates one mixture component
through the filtering recursion is the Poisson multi-Bernoulli
(PMB) filter [7], [9]. If the birth model is multi-Bernoulli,
we can obtain the multi-Bernoulli (MB) filter by adding the
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Bernoulli components of new born targets in prediction and
performing the PMB update with PPP intensity equal to zero
[8].

There are several approaches to solve the sensor man-
agement problem, including the use of information theory
[10]–[15], posterior Cramer-Rao lower bound [16]–[18] or
the use of metrics [19]. This paper utilises the MB filter to
conduct the tracking of multiple objects, in the context of
metric-driven sensor management. We use the generalised
optimal sub-pattern assignment (GOSPA) metric [20] as a
cost function to drive sensor actions [21]. This way we select
an action that aims to minimise localisation errors, as well as
the number of missed and false targets, which is desirable in
a multi-target tracking scenario. A comparison of GOSPA-
driven sensor management and other metric-driven sensor
management approaches is given in [22]. The predecessor to
this paper [23], covers the utilisation of the GOSPA metric
to conduct sensor management using a Gaussian Bernoulli
filter, in which at most one target can be present in the area
of interest. To do so, [23] utilises a computationally tractable
upper bound on the mean square GOSPA error.

In this paper, we generalise the results in [23] to multi-
Bernoulli filtering with a single sensor. That is, we utilise
a single agile sensor with a limited FOV to attempt to
maintain track of multiple targets, where the birth location
of new targets is known to the sensor via a multi-Bernoulli
birth density. In the case that the birth model is Bernoulli,
this sensor management problem introduces an interesting
problem; whether the sensor should follow a detected target,
or to loiter around the birth location, to try and detect the
next target.

II. PROBLEM FORMULATION AND BACKGROUND

This section presents the problem formulation and the
background. A single target state is denoted x ∈ Rnx . The
set of targets at time step k Xk, is a set of single target states
x such that Xk ∈ F(Rnx) where F(Rnx) is the set of all
finite subsets of Rnx [24].

A. Measurement and Dynamic Models

At time step k, the sensor has a selection of actions ak ∈
Ak available and each target x ∈ Xk can either be detected
with probability of detection pDak

(·) and one measurement
is generated with density l(z|x) = N (z;Hak

x+ bak
, Rak

),
or missed with 1− pDak

(·). The set of measurements at time
step k, Zk, can either be empty Zk = ∅ or contain multiple
measurements |Zk|≥ 1, where measurements are the union
of the target-generated detections and Poisson clutter defined
by intensity λC(·). Each target can also either survive with



probability pS(x) and move to the next state with transition
density g(·|x), or it can die with probability 1− pS(x). The
multi-target state Xk+1 is the union of the new targets and
the surviving targets.

We consider an MB birth model, which contains nb
k

Bernoulli components. The i-th Bernoulli component has a
probability of birth of rb,ik and single target density of pb,ik (·).
The density is [8], [24]

f b
k(Xk) =

∑
X1⊎...⊎Xnb

k=Xk

nb
k∏

i=1

f b,i
k (Xi) (1)

where the i-th Bernoulli component density is

f b,i
k (Xk) =


1− rb,ik Xk = ∅
rb,ik pb,ik (x) Xk = {x}
0 otherwise.

(2)

The summation in (1) is taken over all mutually disjoint
and potentially empty sets X1, ..., Xnb

k whose union is Xk.

B. Multi-Bernoulli Filtering

In MB filtering, the predicted and posterior densities must
be MB to allow for the recursive nature of the filter. The
two quantities that must be propagated across each time step
are the probability of existence rik′|k and the spatial density
pik′|k(x) of the i-th Bernoulli at time step k′ ∈ {k, k + 1}
given the measurements up to time step k. We will use the
following notation to denote the inner product between two
functions h(·) and g(·)

⟨h, g⟩ =
∫

h(x)g(x)dx

We consider the filtering density at time step k is MB of the
form

fk|k(Xk) =
∑

X1⊎...⊎X
nk|k=Xk

nk|k∏
i=1

f i
k|k(X

i) (3)

Then, the predicted density has nk+1|k = nk|k + nb
k+1

Bernoulli components. That is, the components representing
new targets are added to the global hypothesis at each pre-
diction step. The prediction equations for surviving Bernoulli
components are [25]

rik+1|k = rik|k⟨p
S , pik|k⟩ (4)

pik+1|k(x) =

∫
g(x|y)pS(y)pik|k(y)dy

⟨pik|k, pS⟩
(5)

For Bernoulli components representing new born targets, i ∈
{nk|k, ..., nk|k + nb

k+1}, the parameters are

rik+1|k = r
b,i−nk|k
k+1 (6)

pik+1|k(x) = p
b,i−nk|k
k+1 (x) (7)

The MB filter update is analogous to the PMB filter
update with setting the Poisson intensity equal to zero [9].

This implies that the existence probabilities of the newly
created Bernoulli components are zero. As it is preferable not
to create these Bernoulli components due to computational
reasons, we can adapt the MB filter update equations accord-
ingly [26]. To do this, we divide by the clutter intensity in
(11). We must then proceed to project the MBM updated
density into the MB density required for the recursion.
The projection is done via the introduction of auxiliary
variables, followed by Kullback-Leibler divergence (KLD)
minimisation [25]. We proceed to explain the main aspects
of how this update step is performed.

Within the update step, the number of Bernoulli com-
ponents does not change and the resulting density is a
Multi Bernoulli Mixture (MBM) of the form (14). The i-
th Bernoulli can be associated with a misdetection, which
we represent with a local hypothesis ei = 1, or a detection
with the j-th measurement, which we represent with a
local hypothesis ei = 1 + j. Then, the weight of the
local hypothesis is wi,j

k . Given the set of measurements
Zk = {z1k, ..., z

mk

k }, the update equations for a misdetection
hypothesis for Bernoulli component i, including its weight,
updated probability of existence and updated single-target
density are [26]

wi,1
k|k = 1− rik|k−1⟨p

i
k|k−1, p

D
ak
⟩ (8)

ri,1k|k =
rik|k−1⟨p

i
k|k−1, 1− pDak

⟩
1− rik|k−1⟨p

i
k|k−1, p

D
ak
⟩

(9)

pi,1k|k(x) =
(1− pDak

(x))pik|k−1(x)

⟨pik|k−1, 1− pDak
⟩

(10)

The detection hypothesis for Bernoulli component i and
measurement zjk is given by

wi,1+j
k|k =

rik|k−1⟨p
i
k|k−1, l(z

j
k|·)pDak

⟩

λC(zjk)
(11)

ri,1+j
k|k = 1 (12)

pi,1+j
k|k (x) =

l(zjk|x)pDak
(x)pik|k−1(x)

⟨pik|k−1, l(z
j
k|·)pDak

⟩
(13)

These update equations give rise to the updated density,
which is of MBM form

fk|k(Xk) =
∑

e∈Ek|k

we
k|k

∑
⊎

nk|k
l=1 Xl=Xk

nk|k∏
i=1

f i,ei

k|k (X
i) (14)

where Ek|k is the set representing all global data association
hypotheses, e = (e1, ..., enk|k), ei is the local hypothesis for
the i-th Bernoulli. It can be noted here that the standard
notation for global hypotheses in PMBM filtering [9], a, is
not used here as a is used to denote sensor actions.

To approximate the MBM in (14) as MB, we follow the
procedure in [25] that consists of adding auxiliary variables
to (14) and then perform a KLD minimisation. We denote



MBM density with auxiliary variables as f̃(·), and the MB
density with auxiliary variables as q̃(·). Then, the density q̃(·)
minimises the KLD D(f̃ ||q̃) has nk|k Bernoulli components
with parameters

ri =

hi∑
ei=1

wi,ei

k|k r
i,ei

k|k (15)

pi(x) =

∑hi

ei=1 w
i,ei

k|k r
i,ei

k|k p
i,ei

k|k (x)∑hi

ei=1 w
i,ei

k|k r
i,ei

k|k

(16)

wi,ei

k|k =
∑

b∈Ek|k:bi=ei

wb
k|k (17)

where hi = 1+mk is the number of local hypotheses of the
i-th Bernoulli [26]. An approximate method to perform this
projection is to use Loopy Belief Propagation (LBP) [27],
[28], [29].

C. GOSPA Metric

A metric that can be used to quantify tracking performance
in a multi-target tracking scenario is the GOSPA metric [20].
This metric accounts for the three main quantities of interest
when performing target tracking; the localisation, missed
target and false target error.

The assignment set between two sets X and Y is
denoted as γ and has the following properties: γ ⊆
{1, ..., |X|} × {1, ..., |Y |}, (i, j), (i, j′) ∈ γ =⇒ j =
j′ and (i, j), (i′, j) ∈ γ =⇒ i = i′ where the final
two properties ensure that every i and j get at most one
assignment. Then, utilising a metric in the single target space
d(·, ·) parameter p > 0 and α = 2, the GOSPA metric
between set X and set Y is

d(c,2)p (X,Y )

= min
γ∈Γ

 ∑
(i,j)∈γ

dp(xi, yj) +
cp

2
(|X|+|Y |−2|γ|)

1/p

(18)

where the localisation error to the p-th power is dp(·), the
maximum localisation error is c, p the outlier penalization
term and γ the assignment set between X and Y , and Γ is
the set of all possible assignment sets. If X represents the
ground truth and Y the set of filter estimates, |X|−|γ| is the
number of missed targets and |Y |−|γ| is the number of false
targets.

In the remainder of this paper, for simplicity of notation,
the GOSPA metric will be referred to as d(X,Y ), omitting
the sub and superindices. We will also assume that p = 2
and the underlying base metric is the Euclidean metric.

D. Predicted Mean Square GOSPA Error

In the context of sensor management, the objective is to
choose an action ak that minimizes the anticipated cost.
To this end, we define the minimum mean square GOSPA
(MMSGOSPA) error, along with X̂(ak, Zk), representing the

(optimal) estimated set of targets given measurement Zk as
outlined in [22]. Consequently, the selection of the optimal
action, denoted as a∗k, hinges on minimizing the mean square
GOSPA (MSGOSPA) error [22] given action ak

a∗k = argmin
ak

E
[
d2
(
Xk, X̂k(ak, Zk)

)
; ak

]
= argmin

ak

∫ [ ∫
d2
(
Xk, X̂k(ak, Zk)

)
fk|k(Xk|Zk; ak) δXk

]
fm
k|k−1(Zk; ak)δZk (19)

where we use the notation ‘; ‘ to indicate that ak is not a
random variable. Here, the expectation is computed based
on the joint probability density of the predicted target set,
denoted as fk|k−1(·), and the set of measurements Zk. This
joint density is contingent on the specific action ak. Fur-
thermore, the density fm

k|k−1(·; ak) represents the predicted
measurement density corresponding to the action ak. The
integral in (19) is a set integral [24]. We will see in the
following section how this integral can be simplified for
Gaussian MB filtering.

III. SENSOR MANAGEMENT FOR GAUSSIAN
MULTI-BERNOULLI FILTERING

Here we will outline the methodology for conducting
GOSPA driven sensor management in a Gaussian, multi-
Bernoulli implementation.

We consider a linear and Gaussian dynamic model
g(·|x) = N (·;Fx,Q), such that the probability of survival
pS(x) = pS is a constant. We also consider the birth densities
to be Gaussian of the form

pb,ik (x) = N (x; x̄b,i
k , P b,i

k ) (20)

and the i-th Bernoulli single-target density is also Gaussian

pik|k(x) = N (x; x̄i
k|k, P

i
k|k) (21)

The assumptions of the sensor management algorithm are:

1) For each target, we either detect zero measurements
Zk = ∅ or one measurement Zk = {zk} at the
predicted mean measurement.

2) There are no clutter measurements.
3) The probability of detection is approximated as a

constant given by its predicted value.
4) We assume that the Bernoulli components are far away

from each other.

A. Predicted Measurement Density

The predicted measurement density for an MB predicted
density is PMB. This is because the clutter process is a PPP
and each Bernoulli of the predicted measurement generates a
Bernoulli in the measurement. The mean of the probability
of detection for the i-th Bernoulli with mean x̄i

k|k−1 and



covariance P i
k|k−1 is

pDak
(x̄i

k|k−1,P
i
k|k−1)

= E
[
pDak

(x)
]

=

∫
pDak

(x)N
(
x;xi

k|k−1, P
i
k|k−1

)
dx (22)

Under Assumption 4, the predicted density of the mea-
surement is PMB of the form

fm
k|k+1(Zk) =

∑
⊎

nk|k−1
l=0 Zl=Zk

fm,p
k|k−1(Z

0)

nk|k−1∏
i=1

fm,i
k|k−1(Z

i)

(23)
with

fm,i
k|k−1(Z

i
k; ak) ≃{

pDak
(x̄i

k|k−1, P
i
k|k−1)r

i
k|k−1N (zk; , ẑ

i
ak
, Si

ak
) Zi

k = {zk}
1− rik|k−1p

D
ak
(x̄i

k|k−1, P
i
k|k−1) Zi

k = ∅
(24)

where
ẑiak

= Hak
x̄i
k|k−1 + bak

(25)

Si
ak

= Hak
P i
k|k−1H

T
ak

+Rak
(26)

fm,p
k|k−1(Z

0) = e−
∫
λC
ak

(z)dz
∏
z∈Z0

λC
ak
(z) (27)

and the predicted mean and covariance matrix of the mea-
surement are obtained via the standard Kalman Filter recur-
sion for each component [30].

B. Updated Bernoulli Density

While planning, the set of measurement can be written as
Zk = Z1

k ∪ . . .∪Z
nk|k
k , where Zi

k is the set of measurements
generated by the i-th Bernoulli. For each Bernoulli compo-
nent, there are two hypotheses which must be considered;
one where a target generated measurement is received Zi

k =
{ẑiak

} and one where there is no detection Zi
k = ∅. To

derive the update, we assume all Bernoulli components are
far away from each other, which means that we know which
measurement corresponds to each target.

For the misdetection case, there is only one possible local
hypothesis for the Bernoulli, which is obtained directly from
(8)-(10). For the update with measurement Zi

k = {ẑiak
}, we

have two local hypothesis in the MBM update, see Section
II-B. One local hypothesis corresponding to detection and the
other local hypothesis representing that the measurement is
clutter. We merge these two local hypotheses using (15)-(17).
The results for the Gaussian single-target predicted density
are provided below

1) For Zi
k = ∅:

x̄i,0
k|k,ak

= x̄i
k|k−1 (28)

P i,0
k|k,ak

= P i
k|k−1 (29)

ri,0k|k,ak
=

(1− p̄Dak
(x̄i

k|k−1, P
i
k|k−1))r

i
k|k−1

1− rik|k−1 + (1− p̄Dak
(x̄i

k|k−1, P
i
k|k−1))r

i
k|k−1

(30)

2) For Zi
k = {ẑiak

}:

x̄i,1
k|k,ak

= x̄i
k|k−1 (31)

P i,1
k|k,ak

= P i
k|k−1 − P i

k|k−1H
T
ak
(Si

ak
)−1Hak

P i
k|k−1 (32)

ri,1k|k,ak
=

rik|k−1p̄
D
ak
(x̄i

k|k−1, P
i
k|k−1)N (ẑiak

; ẑiak
, Si

ak
)

rik|k−1p̄
D
ak
(x̄i

k|k−1, P
i
k|k−1)N (ẑiak

; ẑiak
, Si

ak
) + λC

ak
(ẑak

)

=
rik|k−1p̄

D
ak
(x̄i

k|k−1, P
i
k|k−1)(2π)

nz/2|Si
ak
|−1/2

rik|k−1p̄
D
ak
(x̄i

k|k−1, P
i
k|k−1)(2π)

nz/2|Si
ak
|−1/2+λC

ak
(ẑak

)

(33)

It should be noted that the superscript 0 and 1 in the
updated Bernoulli parameters above denote no measurement
and measurement received respectively.

C. An Upper Bound for the MSGOSPA Error

The MSGOSPA error, which can be found inside the
integral (19), when the posterior is multi-Bernoulli can be
written as∫

d2(Xk, X̂k(ak, Zk))fk|k(Xk|Zk; ak)δXk

=

∫
d2(

nk|k⋃
i=1

Xi,

nk|k⋃
i=1

X̂i
k(ak, Z

i
k))

nk|k∏
i=1

f i
k|k(X

i; ak)δX
1:nk|k

(34)

where δX1:nk|k is a short-hand notation for the multiple set
integrals over δX1, ..., δXnk|k .

To derive (34), we have applied Corollary 2 in [8], and
also assumed that X̂k(ak, Zk) is the union of the estimates
for each Bernoulli and that these estimates only depend on
the associated measurement set to each Bernoulli Zi

k.
Under Assumption 4, we obtain∫

d2(Xk, X̂k(ak, Zk))fk|k(Xk|Zk; ak)δXk

≈
nk|k∑
i=1

∫
d2(Xi, X̂i

k(ak, Z
i
k))f

i
k|k(X

i; ak)δX
i (35)

With the previous equation we have obtained an approxi-
mation to the MSGOSPA error that is additive in the number
of Bernoulli components, which holds under Assumption 4.
We can now apply the bound on the MSGOSPA error to each
Bernoulli component in [23, Lemma 1] such that∫

d2(X, X̂i(ak, Z
i
k))f

i
k|k(X; ak)δX

≤ C(Γd, r
i,|Zk|
k|k,ak

, P
i,|Zk|
k|k,ak

) (36)

where C(Γi
d, r

i,|Zi
k|

k|k,ak
, P

i,|Zi
k|

k|k,ak
) is an MSGOSPA upper bound

and Γi
d is the detection threshold for the i-th Bernoulli such



that

C(Γi
d, r

i,|Zi
k|

k|k,ak
, P

i,|Zi
k|

k|k,ak
)

=


c2

2 r
i,|Zk|
k|k,ak

r
i,|Zi

k|
k|k,ak

≤ Γi
d

c2

2 (1− r
i,|Zi

k|
k|k,ak

)

+r
i,|Zi

k|
k|k,ak

min
(

tr(P i,|Zi
k|

k|k,ak
), c2

)
r
i,|Zi

k|
k|k,ak

> Γi
d

(37)

Therefore, applying this inequality to (35) yields∫
d2(Xk, X̂k(ak, Zk))fk|k(Xk|Zk; ak)δXk

≤
nk|k∑
i=1

C(Γi
d, r

i,|Zi
k|

k|k,ak
, P

i,|Zi
k|

k|k,ak
) (38)

Based on [23, Lemma 1], we can also obtain the optimal
detection threshold, in the sense of minimising this upper
bound on the MSGOSPA error, for each Bernoulli component

Γi,∗
d =

1

2−min

(
2

tr(P i,|Zi
k
|

k|k,ak
)

c2 , 1

) (39)

The upper bound for the optimal detection threshold is
denoted by

C
(
r
i,|Zi

k|
k|k,ak

, P
i,|Zi

k|
k|k,ak

)
= C

(
Γi,∗
d , r

i,|Zi
k|

k|k,ak
, P

i,|Zi
k|

k|k,ak

)
D. An Upper Bound on the Predicted MSGOSPA Error

The MSGOSPA error integrating over all measurements,
see (19), is given by

E =

∫
[

∫
d2(Xk, X̂k(ak, Zk))fk|k(Xk|Zk; ak)δXk]

fm
k|k−1(Zk)δZk (40)

Using (23), Corollary 2 in [8] and, making the approximation
that the influence of clutter is negligible, as the planning
algorithm does not consider clutter generated measurements,
we obtain

E ≈
∫
[

∫
d2(Xk, X̂k(ak, Zk))fk|k(Xk|Zk; ak)δXk]

× [
∑

⊎
nk|k−1
l=1 Zl=Zk

nk|k−1∏
i=1

fm,i
k|k−1(Z

i)]δZk

=

∫
[

∫
d2(Xk, X̂k(ak,∪

nk|k−1

i=1 Zi))

fk|k(Xk|∪
nk|k−1

i=1 Zi; ak)δXk]

×
nk|k−1∏
i=1

fm,i
k|k−1(Z

i)δZ1:nk|k−1 (41)

Applying the bound in [23, Lemma 1], under Assumptions
1 - 4 (one of them being that there are no clutter measure-

ments) and noticing that nk|k = nk|k−1 yields

E ≤ [

nk|k−1∑
i=1

∫
C(Γd, r

i,|Zi
k|

k|k,ak
, P

i,|Zi
k|

k|k,ak
)]

×
nk|k∏
i=1

fm,i
k|k−1(Z

i
k)δZ

1:nk|k−1

k (42)

then

E ≤
nk|k−1∑
i=1

∫
C(Γd, r

i,|Zi
k|

k|k,ak
, P

i,|Zi
k|

k|k,ak
)fm,i

k|k−1(Z
i
k)δZ

i
k (43)

Then, we can write

E ≤
nk|k−1∑
i=1

∫
C
(
r
i,|Zi

k|
k|k , P

i,|Zi
k|

k|k

)
fm,i
k|k−1

(
Zi
k; ak

)
δZi

k

≃
nk|k−1∑
i=1

[
(
1− rik|k−1p̄

D
ak

(
xi
k|k−1, P

i
k|k−1

))
C
(
ri,0k|k,ak

, P i,0
k|k,ak

)
+ p̄Dak

(
xi
k|k−1, P

i
k|k−1

)
rik|k−1C

(
ri,1k|k,ak

, P i,1
k|k,ak

)
] (44)

where we have used (24).
Finally, in Algorithm 1 we provide the pseudo code for

the myopic GOSPA driven sensor management algorithm.

Algorithm 1 Myopic GOSPA driven Gaussian multi-
Bernoulli sensor management

1: Retrieve all available sensor actions Ak.
2: for each action ak do
3: for each Bernoulli component i do
4: Calculate probability of detection

p̄Dak

(
xi
k|k−1, P

i
k|k−1

)
, ẑiak

, Si
ak

and Γi,∗
d .

5: for Zi
k = ∅ do

6: Calculate cost of this sensor action, for this
predicted target C(ri,0k|k,ak

, P i,0
k|k,ak

) using (37).
7: end for
8: for Zi

k = {ẑiak
} do

9: Calculate cost of this sensor action, for this
predicted target C(ri,1k|k,ak

, P i,1
k|k,ak

) using (37).
10: end for
11: end for
12: Sum costs associated with each target using (44).
13: end for
14: Select the action ak which has the lowest associated total

cost a∗k.

IV. SIMULATIONS

In this section, we introduce the setup of the simulations,
the specific parameters used in the simulations, the sensor
management we use as a heuristic benchmark and the results.

A. General Setup

A multi-Bernoulli set-up has been considered, whereby
multiple targets can exist at any given time step k in a
surveillance area of [500x500]m2, centred at the origin. The



targets are born from a known birth location and traverse a
path across the surveillance area that the sensor platform is
required to follow to maintain track. This can be mapped to a
real world scenario where targets appear in a known location,
such as the targets being aircraft, appearing as they take off
from an airport. The sensor actions are defined relative to the
sensor platforms current position, being equally separated
around a circumference of fixed distance 25m from the
sensors centre. The sensor has a limited FOV, seen as a
circle around its current location with a radius of 35m. The
target state is four dimensional, consisting of the x and y
coordinates and their respective velocities.

The GOSPA-Driven sensor management (GD) has been
compared to a pure pursuit (PP) model, in which the sensor
is to follow a target as soon as it is discovered. The GOSPA
metric used to quantify performance has been implemented
with α = 2, p = 2 and c = 70m [20].

B. Model Specifics

The motion model is the nearly constant velocity model
[31, Chap. 6]. In this model, the state is [x ẋ y ẏ] and the
transition matrix F and process noise matrix Q are the same
as noted in equations (30) of [23]. We set τ = 1 and q = 0.01
in the simulations. The probability of survival is 0.999.

We consider a single Bernoulli at birth (as there is a
single sensor) with mean x̄b,i

k = [20, 0, 28, 0]T and the birth
covariance is P b,i

k = diag([12, 4, 12, 4]). The probability of
birth rb,ik is 0.06. A snapshot in time of the scenario can be
seen in Figure 1.

The measurement model used is linear and comprises of
observation H and observation noise R matrices. Based on
these, the measurable quantities are the x and y position of
the target - with additive noise. These matrices are

H =

[
1 0 0 0
0 0 1 0

]
;R =

[
2 0
0 2

]
(45)

The sensor FOV is a circle such that the probability of
detection is given by

pDak
(x) =

{
pD ∥xp − sak

∥ ≤ ∆

0 ∥xp − sak
∥ > ∆

(46)

where ∆ is the radius, xp is the single-target position vector,
and sak

is the centre of the FOV, i.e. the sensor position. The
method we use to approximate the expected probability of
detection, given by (22) based on (46) is given in Appendix
I.

C. Pure Pursuit Approach

In the PP approach, the sensor operates by planning
according to the highest probability of existence rik|k−1. This
results in a policy that results in the sensor following the
first target it detects, and when this target dies, the sensor
returns to the birth location, waiting for the next target. This
policy is not unreasonable in most cases, but, it fails to take
new targets into consideration whilst there is another target
in the scene. For example, if a slow moving target is born

and meanders around the surveillance area, the PP approach
would not consider all of the potential new targets that are
being born outside of its FOV. Resulting in the sensor not
detecting these targets.

D. GOSPA-Driven Approach

In the GD approach, the behaviour is different to that of PP
in some scenarios. To highlight the difference in behaviour
and to demonstrate the benefit of the generalised GOSPA-
driven approach, we present the following scenario in which
there is low noise in the dynamics. This results in the targets
mostly following a trajectory that does not deviate largely
from a straight path.

The GD approach results in the sensor using the birth
location as a ’base’ and only leaving to either ’check in’
with a pre-existing predicted target (i.e. checking it is still
there) or to follow a newly born target to seemingly obtain
an understanding of its trajectory. Figure 1 shows the GD
sensor ’checking in’ with one of the pre-existing targets.
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Frame 153, number of targets alive 6

Fig. 1. A snapshot of the sensor management simulation at time step
k = 153, in which there are 6 targets present. The red marker shows the
sensors current position, the yellow circle the FOV of the sensor, the blue
ellipse the birth density, the light blue circle is the filter estimate(s) and the
grey circles are the targets, followed by their respective tracks shown with
a dashed green line.

E. Results

We consider a scenario with 200 time steps. We use Monte
Carlo simulation with 50 runs to evaluate the performance of
the algorithms. At time step k, the root mean square GOSPA
(RMS-GOSPA) error is given by (32) in [23] and this error
score is shown for both the PP and GD algorithms in Table
I.

The GOSPA breakdown of the PP and GD approach is
shown in Figure 2, which also shows the decomposition of
the RMS-GOSPA error into localisation errors, and false and
missed target costs. As can be seen from the breakdown
plots and the average RMS-GOSPA error values in the
table, the GD approach is significantly more performant in
this scenario. This is mainly due to the fact that the GD



algorithm considers that new targets are likely to appear at
the birth location, and therefore remains close to this area
when operating. The main reason that the GD algorithm
chooses to remain near to the birth location is because there
is relatively small transition noise on the target movement
model, meaning that the filter can predict (with reasonable
confidence) an almost linear trajectory of the targets. If the
noise is high and the targets take sharp, unpredictable turns,
then the GD and PP approaches perform similarly.

It should be noted that the algorithms miss several targets.
This is due to the fact that we are aiming to track multiple
targets with a single sensor, so it is impossible to track all
of them.

The localisation contributions of the PP sensor manage-
ment are considerably smaller than that of GD. This is
because the PP effectively tracks one target at a time,
disregarding the fact that it is missing others (as reflected
in the missed target error). This results in a very small
localisation value being observed when the PP is away from
the birth location tracking a target.

Finally, Table I shows the RMS-GOSPA error across all
time steps for the two considered methods.
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Fig. 2. Error plot showing tracking performance over 200 time steps.
GOSPA error shown on the top plot, followed by the localisation, missed
and false target errors.

TABLE I
RMS-GOSPA ERROR FOR EACH ALGORITHM

Algorithm RMS-GOSPA Error
PP 57.09
GD 25.25

V. CONCLUSION

We have proposed an implementation of a GOSPA-driven
approach to sensor management for multi-Bernoulli filtering
with a single sensor. To do this, we have provided a closed-
form upper bound of the predicted mean-square GOSPA
error for multi-Bernoulli Gaussian densities. The proposed
approach is of general applicability to multi-Bernoulli sensor
management algorithms. We have compared the results of
the proposed algorithm with a reasonable policy for solving
the sensor management problem. Highlighting a scenario
where the GD approach offers better performance over a
pure pursuit sensor management policy.

Using GOSPA as a driver in multi-Bernoulli sensor man-
agement allows the algorithm to explicitly optimise for the
three quantities of interest in a target tracking scenario.
Building an intuitive understanding into autonomous deci-
sion making is also a benefit of utilising a GOSPA-driven
approach.

Future work is to extend this MB sensor management
to a non-myopic setting, in the same was that the myopic
Bernoulli planning algorithm in [23] was extended to non-
myopic planning in [32]. In addition, we will extend this
work to multi-sensor collaborative sensor management.
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APPENDIX I
EXPECTED PROBABILITY OF DETECTION

To calculate the expected value of the probability of
detection p̄Dak

(
xi
k|k−1, P

i
k|k−1

)
, given by (22), for the sensor

model used in Section IV-B, we need to calculate the integral
of a bivariate Gaussian in a circle. This appendix therefore
explains how to approximate an integral of the form∫

||x−s||≤∆

N (x; x̄, P )dx (47)

The procedure is based on centering the Gaussian distribution
at zero, obtaining the eigencomposition of P , and approxi-
mating the resulting integral on a rectangle that contains the
region of integration. This integral is equal to∫

||x−(s−x̄)||≤∆

N (x; 0, P )dx (48)

For notational simplicity, we calculate the integral below to
explain the approximation

I =

∫
||x−s||≤∆

N (x; 0, P )dx (49)

Let P = QΛQT be the eigendecomposition of matrix P ,
with Q−1 = QT and

Λ =

[
λ1 0
0 λ2

]
(50)

Then, we make the change of variable y = QTx which gives

I =

∫
||Qy−s||≤∆

N (y; 0,Λ)dy (51)

as Q is an orthogonal matrix ||a||= ||Qa||= ||QTa||, we can
write

I =

∫
||y−QT s||≤∆

N (y; 0,Λ)dy (52)

Now, ||y − QT s||≤ ∆ represents a circle of radius ∆ with
centre QT s = [sq,1, sq,2]

T Then, rather than integrating on
the circle, we approximate the integral by computing the
integral on the square that touches the circle (which is an
upper bound) such that

I ≤∫
∥y1−sq,1∥≤∆

∫
∥y2−sq,2∥≤∆

N
([

y1
y2

]
; 0,

[
λ1 0
0 λ2

])
dy1dy2

=

∫
∥y1−sq,1∥≤∆

N (y1; 0, λ1)dy1

×
∫
∥y2−sq,2∥≤∆

N (y2; 0, λ2)dy2 (53)

These are both integrals of uni-dimensional Gaussian dis-
tributions in an interval, which can be easily computed via
computer software, such as using the cumulative distribution
function.


