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A Cooperative Multi-Agent Probabilistic
Framework for Search and Track Missions
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Abstract— In this work a robust and scalable cooperative
multi-agent searching and tracking framework is proposed.
Specifically, we study the problem of cooperative searching
and tracking of multiple moving targets by a group of au-
tonomous mobile agents with limited sensing capabilities.
We assume that the actual number of targets present is not
known a priori and that target births/deaths can occur any-
where inside the surveillance region thus efficient search
strategies are required to detect and track as many targets
as possible. To address the aforementioned challenges we
recursively compute and propagate in time the searching-
and-tracking (SAT) density. Using the SAT-density, we then
develop decentralized cooperative look-ahead strategies
for efficient searching and tracking of an unknown number
of targets inside a bounded surveillance area.

Index Terms— Autonomous systems, cooperative
agents, multi-agent systems, searching, target tracking.

I. INTRODUCTION

One of the biggest challenges today’s society faces is its
resilience to severe disasters. First responders currently rely
on a number of conventional methods to gather information
that are time consuming, while the descriptive character of
the collected information often lacks accuracy, eloquence and
the necessary level of detail. In this work, we envision that
a team of autonomous mobile agents (e.g., drones) could
become an important technological tool to aid the work of
the rescuers. Under this setting, the mission of one or more
drone agents is to assist first responders by conducting the
following important tasks: a) search the area for situational
assessment, and b) detect and track victims as accurately as
possible. More specifically, in a cooperative searching and
tracking mission, multiple agents are tasked to cooperatively
search a certain area of interest in order to discover survivors
while at the same time keeping track of those survivors already
detected. This work builds upon the theory of random finite
sets (RFS) and proposes a cooperative multi-agent framework
for searching and tracking missions that takes into account
the unknown and time varying number of survivors, the
noisy sensor measurements and the limited sensing range of
the agents. In addition, efficient cooperative searching-and-
tracking strategies are devised which allow the agents to
generate joint search-plans and detect and resolve tracking
overlaps.

The rest of the paper is organized as follows. Section II
reviews the existing literature on the problem of searching and
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tracking by single and multiple agents. Section III provides
a brief overview on multi-target tracking (MTT) and on the
theory of random finite sets (RFS). Section IV presents the
modeling assumptions of the proposed framework and Section
V presents the details of the proposed approach. Finally,
Section VI conducts an extensive performance analysis and
Section VII concludes the paper.

II. RELATED WORK

Of particular interest in this work is the problem of co-
operative searching and tracking for survivors during search
and rescue missions. Previous works in [1] and [2] investigate
the searching and tracking problem but only for the single-
agent single-target case. The work in [3] proposes a recursive
Bayesian multi-agent searching and tracking solution, however
the agents are required to be in communication range at all
times. The work in [4] proposes a task assignment algorithm
that integrates area search and target tracking, however re-
quires that the number of agents is larger than the number
of targets and that a single agent can only track one target
at a time. The problem of multi-agent searching and tracking
is also investigated in [5] but lacks online path generation.
The work in [6] proposes a cooperative search and track
framework however, requires clutter free environment and
perfect target detection. Finally, relevant works also include
[7]–[10] which implement efficient multi-agent RFS-based
simultaneous coverage and tracking algorithms for tracking
multiple targets. Complementary to the related work, in this
paper we propose a decentralized architecture where multiple
agents cooperatively search a region of interest in order to
detect and track multiple targets. A preliminary work has been
published in [11]. The current work is a more complete study
with stronger results.

In this work, we assume that a specific obstacle-free 2D
region of interest needs to be continuously searched for
potential targets with the aid of a group of mobile agents. The
number of targets is not known a priori and may change over
time. As a consequence, target births and deaths can occur
at random times and the targets can spawn from anywhere
inside the surveillance area. The agents are equipped with
sensors that are not perfect i.e., as a result of various sensor
imperfections, the agents receive noisy target measurements
and clutter (e.g., false-alarm measurements). Moreover, the
agents have limited sensing range for detecting targets and
limited communication range for exchanging information with
other nearby agents. We should point out that in this work we
assume that the mobile agents have perfect self-localization
ability and that their dynamical model and control inputs are
deterministic.
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The objective of each agent at an arbitrary time-step is to: a)
accurately estimate the number of targets and their states from
noisy measurements in the presence of clutter, and b) generate
search-plans for efficiently searching the whole surveillance
area. To achieve a) and b), each agent propagates in time the
searching-and-tracking density (SAT-density) which is used to
a) keep track the areas in the surveillance area that need to be
searched and b) estimate the number and states of all targets
inside the agent’s sensing range, which in this work is achieved
with the PHD-filter.

Moreover, the agents opportunistically cooperate by ex-
changing information in order to tackle the above objectives
more efficiently e.g., two or more agents cooperate to generate
joint search-plans and to resolve tracking overlaps (i.e., a
situation where 2 or more agents track the same targets). To
summarize, the agents opportunistically exchange their search
densities, estimated target states and their mode of operation
i.e., searching or tracking. We should also note that all agents
operate in searching mode optimizing their local or joint
search objective(s) (see subsection V-B) until targets are found
in the surveillance area in which case the respective agents
switch to tracking mode (see subsection V-C).

III. BACKGROUND

A. Multi-Target Tracking
Multi-target tracking (MTT) algorithms aim to estimate

the number and states of multiple targets from noisy sensor
measurements in the presence of false alarms or clutter and
are commonly divided in two main categories namely data-
association based and data-association free. Data-association
based MTT methods require to first solve the measurements-
to-tracks assignment problem and only then proceed with
the multi-target state estimation. On the other hand, data-
association free methods (e.g., based on random finite sets
(RFSs) [12]) can bypass the data association problem and pro-
ceed directly with the multi-target state estimation. Depending
on the application, this property could be highly desirable
since it significantly reduces the computational complexity of
the MTT algorithms.

Popular data-association based MTT algorithms include
multi-scan and single-scan approaches such as the multi-
hypothesis tracking algorithm (MHT) [13] and the joint-
probabilistic data-association filter (JPDAF) [14] respectively,
sampling-based techniques such as the Rao-Blackwellized
Monte Carlo Data Association filter (RBMCDAF) [15] and
finally nonparametric Bayesian methods based on Dirichlet
processes such as the work in [16]. We should point out here
that not all of the above methods can estimate the number of
targets inside the surveillance area. For instance the JPDAF
and RBMCDAF algorithms generally require a fixed and
known number of targets.

Data-association free methods are generally based on ran-
dom finite sets (RFS) and include the probability hypothesis
density (PHD) filter [12], the cardinalised PHD (CPHD) filter
[17] and the Multi-Bernoulli filter [18]. These MTT algorithms
can simultaneously estimate the number of targets and their
states without solving the data-association problem.

The PHD filter [12] is the first practical approximation of
the multi-target Bayes posterior which propagates in time the
first-order statistical moment instead of the full multi-target

distribution. The computationally more expensive CPHD filter
[17] jointly propagates the first-statistical moment and the
cardinality distribution. Unlike the PHD and CPHD filters
the multi-Bernoulli filter [18] approximates the true multi-
target posterior distribution as multi-Bernoulli distribution and
thus it propagates in time the parameters of a multi-Bernoulli
distribution.

More recently, the RFS MTT approaches have been ex-
tended in order to handle the problem of data-association.
More specifically, with the introduction of labeled RFSs [19],
the generalized labeled multi-Bernoulli (GLMB) filter [20] is
able to simultaneously estimate the number of targets and their
states from a set of noisy observations in the presence of
data association uncertainty, detection uncertainty and clutter.
This however comes with an increased computational cost
compared to the RFS data-association free methods. A more
detailed description of MTT algorithms can be found in [21].

B. Random Finite sets
A random finite set (RFS) is a finite-set-valued random

variable which exhibits the following two properties a) the
number of elements in a RFS is random and b) the order of
the elements in a RFS is irrelevant. The RFS X ∈ F(X ) is
completely specified by a) its cardinality distribution ρ(n) =
p(|X| = n), n ∈ N0 which defines a probability distribution
over the number of elements in X and b) by a family of
joint probability distributions p(x1, ..., xn|n), x1, ..., xn ∈ X
that characterize the distribution of its elements over the state
space X . Finally, the multi-target or (multi-object) proba-
bility density function (pdf) f(X) of the RFS X is given
by: f(X) = f({x1, ..., xn}) = n!ρ(n)p(x1, ..., xn|n). The
following RFSs are relevant in this paper:

1) Bernoulli RFS: The Bernoulli RFS X can either be empty
with probability 1− r, r ∈ (0, 1) or be a singleton set (i.e. its
set cardinality is equal to one) with (existence) probability
r and with its element distributed over the state space X
according to p(x). The Bernoulli multi-object pdf is given by
f(X) = 1 − r, if X = ∅, and f(X) = rp(x), if X = {x}.
Thus a Bernoulli RFS can be completely characterized by the
parameter set (r, p(x)).

2) Poisson RFS: The poisson RFS X has a cardinality
distribution which is Poisson with parameter λ i.e., ρ(n) =
e−λλn

n! , n = 0, 1, 2... and elements which are independent and
identically distributed (IID) random variables and distributed
according to p(x) on X . The multi-object pdf is given by
f(X) = e−λ

∏
x∈X λp(x).

As we have already mentioned the PHD filter [12] is an
approximation of the multi-target Bayes filter in which the
first-order statistical moment or the probability hypothesis
density (PHD) is propagated through time instead of the
full multi-target distribution. More specifically, the PHD is
the conditional density function Dk(x|Z1:k) on single targets
(objects) x ∈ X which when integrated over any region R ⊆
X of the state space X gives the expected number of targets
(objects) n̂k contained in R i.e.,

∫
R
Dk(x|Z1:k)dx = n̂k(R).

The multi-target state X̂k = {x̂1
k, · · · , x̂

n̂k(R)
k }, can be

estimated as the n̂k(R) highest local maxima of the PHD.
The PHD filter operates recursively in two steps i.e., a time
prediction step in which the PHD Dk|k−1(x|Z1:k−1) is pre-
dicted for the next time-step and a measurement update step
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Dk(x|Z1:k) in which the received measurement set Zk at time
k is incorporated into the PHD as shown below:

Dk|k−1(x|Z1:k−1) = bk(x) + (1)∫
X
pS(x

′)πk|k−1(x|x′)Dk−1(x
′|Z1:k−1)dx

′

Dk(x|Z1:k) =
[
1− pD(x)

]
Dk|k−1(x|Z1:k−1) + (2)[∑

z∈Zk

pD(x)gk(z|x)
κ(z) + τ(z)

]
Dk|k−1(x|Z1:k−1)

where bk(x) is the PHD of target births, pS(x) is the probabil-
ity that a target with state x will survive in the next time step,
πk|k−1(x|x′) is the single-target transition density, pD(x) is
the target detection probability, gk(z|x) is the measurement
likelihood function, κ(z) = λcfc(z) is the PHD of false
alarms with rate λc and spatial density fc(.) and finally
τ(z) =

∫
pD(x′)gk(z|x′)Dk|k−1(x

′|Z1:k−1)dx
′.

IV. SYSTEM MODEL

A. Single Target Dynamics and Measurement Model
Let the state of a single target is given by x = (x, ℓ) ∈

X × {0, 1}, where x ∈ X is the kinematic state of the target,
X ⊆ Rnx denotes the kinematic state space of the target, nx

is the dimension of the state vector x and ℓ ∈ {0, 1} is the
target label taken from the discrete label space {0, 1}. We
denote a true target with the label ℓ = 1 and a virtual target
with the label ℓ = 0. True targets represent physical targets
inside the surveillance region whose kinematic state x needs to
be estimated from a sequence of noisy measurements whereas
virtual targets represent static and deterministic locations in the
environment (these locations will be used as indicators to show
whether specific regions in the area have been searched by
the agents). Throughout this paper, the kinematic state spaces
of true and virtual targets will be denoted as X 1 and X 0,
respectively. The single target kinematic state vector xk, k ∈ N
evolves in time according to the following equation:

xk =

{
ζ(xk−1) + wk if xk−1 ∈ X 1 (3a)
xk−1 if xk−1 ∈ X 0 (3b)

where the function ζ : Rnx → Rnx models the dynamical
behavior of the target. Eqn. (3a) describes the evolution of the
state vector as a first order Markov process with transitional
density πk|k−1(xk|xk−1) = pw(xk − ζ(xk−1)). The process
noise wk ∈ Rnx is independent and identically distributed
(IID) according to the probability density function pw(.). In
this paper we assume that the kinematic state vector xk ∈
X ⊆ R4 is composed of position and velocity components in
Cartesian coordinates i.e., xk = [x, ẋ, y, ẏ]⊤. Since a virtual
target is static, its kinematic state vector is of the form xk =
[x, 0, y, 0]⊤.

When an agent detects a true target i.e., xk ∈ X 1 at time k,
it receives a measurement vector zk ∈ Z (range and bearing
observations) which is related to the target kinematic state as
follows: zk = h(xk, sk) + vk where the function h(xk, sk)
projects the state vector to the measurement space, sk is the
state of the agent at time k (described in the next sub-section)
and the random process vk ∈ Rnz is IID, independent of
wk and distributed according to pv(.). Thus, the probability
density of measurement zk for a target with kinematic state

xk when the agent is at state sk is given by the measurement
likelihood function gk(zk|xk, sk) = pw(zk − hk(xk, sk)).

On the other hand, virtual targets (xk ∈ X 0) represent fixed
and known locations in the environment i.e., their states are
deterministic and predetermined. Additionally, in this work we
assume that the agent dynamics are deterministic and that the
agents can perform perfect self-localization (as discussed in
subsection IV-B). As a result the states of the virtual targets
need not to be estimated. As we discuss in Sec. V virtual
targets are used to keep track whether certain regions inside
the surveillance area have been searched or not.

B. Agent Dynamics
Let S = {1, 2, ..., |S|} be the set of all mobile agents that

we have in our disposal operating in a discrete-time setting.
At time k, the 2D surveillance region A ⊆ R2 is monitored by
|S| mobile agents with states s1k, s

2
k, ..., s

|S|
k , each taking values

in A. Each agent j is subject to the following deterministic
dynamics:

sjk = sjk−1 +

[
l1∆Rcos(l2∆θ)
l1∆Rsin(l2∆θ)

]
,
l2 = 0, ..., Nθ

l1 = 0, ..., NR
(4)

where sjk−1 = [sjx, s
j
y]

⊤
k−1 denotes the position (i.e., (x, y)

coordinates) of the jth agent at time k − 1, ∆R is the radial
step size, ∆θ = 2π/Nθ and the parameters (Nθ, NR) specify
the number of possible control actions. We denote the set
of all admissible control actions of agent j at time k as
Uj

k = {sj,1k , sj,2k , ..., s
j,|Uk|
k } as computed by Eqn. (4). We

should point out that the agent dynamical model is noise-free
and that the agents have perfect self-localization ability (i.e.,
through a very accurate GPS system).

C. Single Agent Sensing Model
The ability of an agent to sense true targets inside the

surveillance area is modeled by the function pD(xk, sk) that
measures the probability that a target with kinematic state
xk ∈ X 1 at time k is detected by an agent with state sk.
More specifically, the sensing capability of the agent is given
by:

pD(xk ∈ X 1, sk) =

{
pmax
D if xk ∈ Sa(sk)

0 if xk /∈ Sa(sk)
(5)

where Sa(sk) denotes the agent’s sensing area which in
this work includes all (x, y) points that satisfy the equation
max{|x − sx|, |y − sy|} = a

2 ; i.e., a square region with total
area a2 units, centered at sk = [sx, sy]

⊤ and pmax
D denotes

the probability that the agent’s sensor detects the true targets
located inside its sensing range. Although, in this work we use
a square region to model the agent’s sensing area, the proposed
approach is not limited to square sensing areas, for instance
rectangular and circular sensing areas can also be used.

On the other hand, the agent with state sk observes virtual
targets xk ∈ X 0 and determines if they reside within its
sensing area using the following indicator function: 1Sa

(xk ∈
X 0, sk) = 1 if xk ∈ Sa(sk) and 0 otherwise. Finally, any two
agents with states sik and sjk are able to communicate with each
other when

∥∥∥sik − sjk

∥∥∥
2
≤ CR where CR is the communication

range with CR ≥
√
2α
2 i.e., the communication range is
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greater than or equal to the sensing range to allow for multiple
agents to exchange information to avoid tracking overlaps (see
subsection V-C).

D. Multi-object dynamics and measurement models
Multiple independent true targets can exist and evolve

inside the surveillance region. True targets (i.e., with label
ℓ = 1) can spawn from anywhere inside the surveillance
region and target births and deaths occur at random times.
This means that at each time k, there exist nℓ=1

k true targets
with kinematic states x1

k, x
2
k, ..., x

nℓ=1
k

k , each taking values in
the state space X 1, where both the number of true targets
nℓ=1
k and their individual states xi

k,∀i ∈ nℓ=1
k are random

and time-varying. The RFS of the multi-target state of the
true targets Xℓ=1

k ∈ F(X 1) evolves in time according to:
Xℓ=1

k = [ ∪
xk−1∈Xℓ=1

k−1

Ψ(xk−1)]∪Bk where Xℓ=1
k−1 is the multi-

target state of the true targets of previous time-step, Ψ(xk−1) is
a Bernoulli RFS which models the evolution of the set from the
previous state, with parameters (pS(xk−1), πk|k−1(xk|xk−1)).
Thus a target with kinematic state xk−1 continues to exists
at time k with surviving probability pS(xk−1) and moves to
a new state xk with transition probability πk|k−1(xk|xk−1).
Otherwise, the target dies with probability 1− pS(xk−1). The
term Bk is a Poisson RFS of spontaneous target births.

At time k, an agent receives a finite set of measurements
from the detected true targets and from clutter denoted as
Zk. The multi-target measurement set is formed according
to: Zk = [ ∪

xk∈X1
k

Θ(xk)] ∪ Kk where Θ(xk) is a Bernoulli

RFS with parameters (pD(xk, sk), gk(zk|xk, sk)). Thus a true
target with kinematic state xk at time k is detected by the agent
with state sk with probability pD(xk, sk). This agent then
receives a measurement zk with likelihood gk(zk|xk, sk). The
target is not detected with probability 1− pD(xk, sk) and no
measurement is being received by the agent. Additionally, an
agent can receive false alarms measurements i.e., the term Kk

is a Poisson RFS which models the set of false alarms or clutter
received by an agent at time k with PHD κk(zk) = λcfc(zk),
where in this paper fc(.) denotes the uniform distribution
over Z and λc is the average number of clutter generated
measurements per time-step.

The virtual targets i.e., (ℓ = 0) on the other hand do not
exhibit any birth and death events. Their number nℓ=0 is
fixed and their states are known. Thus the multi-target state of
virtual targets is given by Xℓ=0 = {x1, · · · , xnℓ=0}, x ∈ X 0.
In essence the multi-target state of virtual targets represents
discrete locations inside the surveillance environment which
in turn correspond to regions for which a search value is
computed. The search value shows whether or not these
regions have been searched by the agent. Additionally, we
should point out here that the state-spaces of true and virtual
targets are distinct and thus all true targets automatically
received the label l = 1 whereas virtual targets receive l = 0.

V. PROPOSED APPROACH

In this section we first describe how the proposed approach
recursively propagates in time the SAT-density and then we
discuss how using the SAT-density the agents cooperate to
produce joint search-plans and resolve tracking overlaps.

A. Searching-and-Tracking Density
During a search and track mission, a single agent is required

to be able to perform the following tasks: a) simultaneously
estimate the time-varying number of targets and their states
from a sequence of noisy measurements, and b) search the
surveillance region for targets as efficiently as possible.

The first task can be accomplished by recursively computing
and propagating in time, the PHD of the full multi-target
posterior distribution of the true targets using the PHD filter
[12]. In order to accomplish the second task, the agent needs
to: a) keep track of the visited (i.e., searched) and unvisited
regions of the surveillance area, b) estimate when and how
often certain search regions need to be revisited and c) generate
efficient search plans for searching the area.

In order to perform the aforementioned tasks, the agent
stores a discrete representation of the environment in its
memory in the form of a graph G = {V, E} termed as search
map, where each node v ∈ V corresponds to a region rv ⊂ A
in the surveillance area where

⋃
v rv = A. The nodes v of

this graph correspond to virtual targets i.e., the location of
each virtual target x ∈ X0 is represented by a node v ∈ V
with |V| = |X0|. The agent recursively computes the search
value psearch(rv) ∈ [0, 1], v ∈ V of each region and uses this
information to decide how often to visit a particular region
and how to generate search-plans for efficiently searching the
surveillance area.

With this in mind, we can now discuss how the agent re-
cursively computes the searching-and-tracking density or SAT-
density. In essence the SAT-density includes two components:
a) the search density of the surveillance area and b) the target
density inside the agent’s sensing range. The search density
is used to indicate which areas in the environment have been
searched and how often certain regions need to be searched,
whereas the target density is used to estimate the number and
states of the targets inside the agents sensing range.

The SAT-density denoted as D̃k(x|Z1:k) for x ∈ X ×{0, 1}
is a compound density which includes the target density on
true targets and the search density on virtual targets. The
SAT-density is recursively computed using a prediction and
update step i.e., D̃k−1(x|Z1:k−1) → D̃k|k−1(x|Z1:k−1) →
D̃k(x|Z1:k). In what follows we denote the target density
on true targets as D̃k(x ∈ X 1) and the search density on
virtual targets as D̃k(x ∈ X 0) where the dependance on the
measurements Z1:k is dropped for notational convenience. The
prediction step is given by:

D̃k|k−1(x ∈ X 1) = bk(x) + (6)∫
X 1

pS(x
′)πk|k−1(x|x′)D̃k−1(x

′)dx′

D̃k|k−1(x ∈ X 0) = D̃k−1(x ∈ X 0) × (7)[(
1− 1Sa

(x, sk−1)
)
Jk(x) + 1Sa

(x, sk−1)
]

where Eqn. (6) is due to the PHD filter i.e., the prediction of
the probability hypothesis density of the true targets before
the collection of target measurements. On the other hand,
Eqn. (7) computes the predicted search density on the state
space of virtual targets where the term D̃k−1(x ∈ X 0) is
the search density of the previous time step, the indicator
function 1Sa(x, sk−1) was defined in subsection IV-C and
finaly Jk(x) ∈ [0, 1] is a function that determines the decay
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value of the virtual target with state x. In essence, the states of
all virtual targets outside the agent’s sensing range are adjusted
accordingly to reflect the fact that they are not being observed.
This property is used to generate search plans which will guide
the agent to visit areas that have not been recently visited. The
updated SAT-density is given by:

D̃k(x ∈ X 1) =
[
1− pD(x, sk)

]
D̃k|k−1(x ∈ X 1) + (8)∑

z∈Zk

pD(x, sk) · gk(z|x, sk)
κ(z) + τ(z)

D̃k|k−1(x ∈ X 1)

D̃k(x∈X 0)=
1Sa(x, sk)

|A|
+
[
1−1Sa(x, sk)

]
D̃k|k−1(x∈X 0) (9)

In the above, Eqn. (8) is the update step of the PHD filter, in
which the received measurement set Zk is used to compute
the posterior probability hypothesis density of the true targets
whereas Eqn. (9) is used to update the search density of
virtual targets. In essence the search density is adjusted inside
the agents sensing range to account for the agent’s updated
position sk. The search value psearch

k (rv) of a particular region
rv ⊂ A, v ∈ V can be computed by integrating the search
density in rv as follows:

psearch
k (rv) =

∫
rv

D̃k(x ∈ X 0)dx

|rv||A|−1
(10)

where |rv| is the total area of region rv . On the other hand,
the number of true targets n̂k (rounded to the nearest integer)
inside the area R ⊆ A can be computed by integrating the
target density in R as n̂k(R) =

∫
R
D̃k(x ∈ X 1)dx and the

multi-target state X1
k can be estimated by finding the n̂k(R)

highest peaks of the PHD. This procedure is due to the PHD
filter.

B. Multi-agent Searching
The search objective is to find the optimal control actions

that will move the agent along areas that have not been ex-
plored for some time and could potentially reveal new targets.
To address this challenge, we first discuss how searching takes
into account the search map derived from the SAT-density and
how low level controls employ the computed paths to steer the
agent across the field.

a) Search planning: Given the search map G = (V, E)
where the set of edges in E connect adjacent nodes, the cost cij
on edge i 7→ j is defined as the Euclidean distance between the
particular adjacent regions in the field. For each node on this
graph, a search value psearch(rv), v ∈ V is computed using Eqn.
(10). This value varies between 0 and 1, where 0 indicates that
the particular node (and hence region in the field) has not been
searched and 1 indicates that the region has just been visited.
The SAT-density recursion in Eqn. (7) and (9) indicates how
the search value decays over time in order to steer agents to
revisit particular regions in the field.

Using psearch
k , we then define the set of unvisited nodes V̄

as the set of nodes for which the search value goes below
a certain threshold, i.e., psearch

k (rv) ≤ β, v ∈ V̄ and thus
indicating that those nodes need to be revisited. Given V̄
and the current agent state sk of an agent, we would like
to compute paths that visit nodes in V̄ with the least cost cij
in order to search the whole region for targets.

To compute optimal paths for each agent, we formulate the
following integer linear program (P1), with the objective of
minimizing the total traversal cost.

(P1)min
∑

(i,l)∈E

cilyil (11)

s.t.
∑

l:(i,l)∈E

yil ≥
{

0, ∀ i ∈ V
1, ∀ i ∈ V̄ (12)

∑
l:(i,l)∈E

yil −
∑

l:(l,i)∈E

yli = 0 i ∈ E (13)

∑
l:(sk,l)∈E

yskl = 1 (14)

M
∑

(i,l)∈E(Q)

yil ≥
∑

(i,l)∈E′(Q)

yil ∀ Q ⊂ E ,Q ≠ ∅, (15)

yil ∈ Z+ (16)

The integer variable yil in (P1) indicates the selected route
edges of the agent’s path and the number of times that agent
traverses the particular edge (i, l). The objective function in
(11) ensures that the least-cost path is selected. Constraints
(12) ensure that all nodes in the unvisited list V̄ are visited at
least once. Note that through this constraint, we allow each
agent to visit a node more than once if that is necessary
to minimize the total route cost. The conservation of flow
constraints at each node i are given in constraint equations
(13). In order to ensure that the computed path is connected
we impose constraints (14) and (15). The former constraint
simply ensures that any resulting path starts from state sk and
the latter constraint ensures connectness. In these constraints,
for any subset Q ⊂ V , we define E(Q) to be the set of edges
with only one end in Q and let E ′(Q) to be the set of arcs with
both ends in Q. The right hand side of the constraint is the
total flow in Q and the sum on the left hand side is the total
flow in and out of Q. Thus if there is some flow in Q then
the right hand side is positive which forces the left hand side
to be positive which means that the flow in Q is connected to
nodes outside of Q. This eliminates disconnected flow cycles
but does not eliminate flow cycles that form a connected path.

When solved to optimality, (P1) computes the best alterna-
tive path at the minimum cost. However due to the exponential
number of constraints in Eqn. (15), (P1) is computationally
hard to solve in practice. Hence, an alternative heuristic
approach is followed in the sequel to devise a path considering
the constraints as expressed in (P1). Starting at sk, paths are
built by adding new edges with the least cost cil, beginning
from the head node of the last edge added. The process
terminates when all nodes have been visited or when no more
edges can be added.

b) Search Control: Given the computed path sequence,
the objective is then to take a control action uk ∈ Uk that
will move each agent across the designated path. To achieve
this, a list V̄ of nodes to-be-visited is maintained, and each
node is marked as visited whenever the agent moves to a
position where the particular node is within its sensing range.
The search control objective can be expressed as follows:
u⋆
k = argmin

uk

ξsearch(uk, v) where v ∈ V̄ indicates the location

of the next unvisited node in the list and ξsearch returns the
Euclidean distance between the position of the agent (when
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the hypothetical control action uk is applied) and the next
unvisited node v. By iteratively visiting the path sequence,
the envisioned look-ahead search control is achieved by each
agent.

c) Search Cooperation: Whenever two or more agents are
in communication range they exchange their search densities
and merge their copies using a simple max operation of local
and received values. A fused search map is then computed
which contains the search-path histories of the cooperating
agents. The agents can then compute a joint search-plan as
follows: Let S̄ be the subset of agents in communication range
and assume that each agent knows the number |S̄| and position
sjk, j ∈ S̄ of cooperating agents in its vicinity. Iteratively, each
agent computes |S̄| paths incrementally by adding one node at
a time in each agent’s path from the list of all unvisited nodes
in V̄ , until there are no more unvisited nodes. A new node is
added in an agent’s path only if the head node of all possible
edges to traverse (starting from the edge with the least cost)
is not flagged as visited and the tail node of that edge is the
last node added in the particular walk. The steps followed by
each agent are detailed in Algorithm 1.

Algorithm 1 Opportunistic multi-agent search cooperation

Require: |S̄| and sjk, j ∈ S̄, G = (V, E) and let V̄ = V
Tj ← sjk {Tj contains the path of agent j ∈ S̄}
Set δ̄ = 0 {Indicating the tree to be uppended first}
while (|V̄| ≠ ∅) do

δ̄ = δ̄ + 1, j = δ̄ mod |S̄|
minl∈V̄ c(i, l) {where i is the last node added in Tj}
Tj ← l {Update tree Tj , V̄⧹{l}}

end while

We should point out that Alg. 1, is a greedy heuristic of the
vehicle routing problem (VRP) [22], and ensures that each
computed path is minimum with respect to the cost of the
edges it traverses on the graph. When executed by each agent
the individual minimum cost paths will be computed but these
paths are not necessarily globally optimal. Moreover, Alg. 1
is executed by each agent after the search density has been
exchanged and merged among those agents in communication
range. Alternatively, the algorithm can be executed by a
single agent and then the path plans can be send out to all
other agents after the computation has been completed. This
however, will entail an extra communication cost. Finally,
please note that the search density decays over time according
to Eqn. (7) and also captures whole surveillance area. Thus any
unvisited regions in the surveillance area (or regions that have
not visited recently) would have low search values pushing
agents to compute path plans that include those regions and
thus exploring the unvisited areas.

d) Communication Overhead: When the agents are in
communication range they exchange information (i.e., their
search densities) in order to compute joint search plans
as already explained. Although, this information exchange
increases the searching efficiency, it also creates a com-
munication overhead. Assuming that the search density is
implemented in this work as a discrete set of values i.e., a set
of N real numbers forming a grid over the surveillance area,
then whenever two agents are in communication range they
exchange 2N real numbers in total. This is the communication

cost in terms of the amount of information that needs to
be transmitted. There are a number of ways which can be
employed in order to reduce this communication overhead.
In this work, we use the following event based strategy i.e.,
when two agents are in communication range they exchange
their search densities and they compute a joint search plan.
However, these two agents refrain to exchange their search
densities with each other while executing their joint search
plan. Thus the agent i is allowed to exchange information
only when a) is not participating in a joint search plan or b)
is participating in a joint search plan and encounters an agent
j which is not involved in agent’s i joint search plan. A more
detailed analysis and study of the communication aspects of
this work will be investigated in the future.

C. Multi-agent Tracking

In this subsection we discuss: a) how the agents select
control actions in order to accurately track multiple targets and
b) how multiple agents are cooperating to detect and resolve
tracking overlaps.

a) Tracking Control: The objective of tracking control is to
find the optimal control action uk ∈ Uk that must be taken at
time step k by each agent in order to maintain tracking of the
detected targets. We should point out that the control actions
uk applied to the agents affect the received measurements Zk

which in turn affect the multi-target state estimate X̂1
k during

the update step. In other words the received measurement
set Zk (if any) depends on which control action uk has
been applied (e.g., a target might not be detected if the
wrong control action is applied). This can be seen from
the agent’s sensing and measurement models as discussed in
Sec. IV. Thus, ideally to optimize the control actions, would
require the knowledge of the future measurement set Zk.
Since, the future measurement set Zk is not available until
the control action uk is applied, we generate the predicted
measurement set Z̄k and we use it in place of Zk in order to
optimize the above objective function. More specifically, the
predicted measurement set for each control action is generated
as follows: Z̄k = Z̄k ∪ {argmaxz gk(z|x, uk)} for all
x ∈ X̂1

k|k−1 and for all uk ∈ Uk where X̂1
k|k−1 is the

predicted multi-target state for the true targets, which can
be obtained by integrating the predicted target density using
Eqn. (6) to compute the predicted number of targets and then
extracting their states from the PHD. Let the tracking objective
function be denoted as ξtrack(uk, Zk). Using the predicted
measurement sets Z̄k in place of the actual measurement set,
the control problem becomes: u⋆

k = argmax
uk

ξtrack(uk, Z̄k).

To optimize the tracking objective, the following steps are
performed: For each admissible control action uk ∈ Uk we
generate the predicted measurement set Z̄k. For each pair
(uk, Z̄k) we perform a pseudo-update step using Eqn. (8)
to produce the (pseudo) posterior target density which we
denote as D̄k(x ∈ X 1). We consider the information gain
between the predicted fk|k−1(X|Z1:k−1) and the (pseudo)
updated f̄k(X|Z1:k−1, Z̄k, uk) multi-target distributions as a
measure of decreasing the uncertainty of the estimated multi-
target state. The objective is then to maximize the information
gain between the two multi-target distributions. To measure the
information gain, we use as ξtrack(uk, Z̄k) the Renyi divergence
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which is given by:
1

α− 1
log
∫
[f̄k(X|Z̄k, uk)]

α[fk|k−1(X|Z1:k−1)]
1−αδX (17)

where 0 < α < 1 determines the emphasis given on the tails
of the two distributions [23]. Finally, Eqn. (17) becomes for
our problem:∫

X 1

D̃k|k−1(x)dx+
α

(1− α)

∫
X 1

D̄k(x|Z̄k, uk)dx −

1

(1− α)

∫
X 1

D̄k(x|Z̄k, uk)
αD̃k|k−1(x)

1−αdx (18)

where D̃k|k−1(x ∈ X 1) is the predicted target density ac-
cording to Eqn. (6) and D̄k(x ∈ X 1|Z̄k, uk) is the (pseudo)
updated target density according to Eqn. (8) in which we show
explicitly its dependance on the hypothetical control action
(uk) and predicted measurement set (Z̄k). To summarize, the
agent selects the control action (before actually receiving the
measurement) which makes the divergence between the pre-
dicted and updated multi-target densities as large as possible
i.e., maximizing the amount of information in the posterior
multi-target density with respect to the predicted density.

b) Tracking Cooperation: In this paragraph we discuss
how our approach can handle tracking overlaps i.e., a problem
in which a target (or a group of targets) is being tracked
by more than one agent. The single agent tracking control
strategy discussed in the previous paragraph can cause this
problem, which in this work is something undesirable since
valuable system resources are wasted for performing the same
task i.e., tracking the exact same targets. The objective of the
tracking overlap detection and resolution is to maximize the
utilization of resources. In particular, consider the scenario
where 3 targets, which are being tracked by 2 different agents,
approach each other over time. Eventually, the 3 targets move
so close to each other which are being detected by both agents.
When this happens, the local optimization of the tracking
objective in Eqn. (18) directs each agent to track all 3 targets
which causes the issue of tracking overlap. This is an unwanted
behavior, which we wish to detect and resolve, in order to
utilize the system resources for other tasks (e.g., searching).

In order to tackle this problem, instead of solving the
joint tracking control problem which is a hard combinatorial
problem that requires the enumeration of joint control actions
among agents and the consideration of future multi-target
states over a finite horizon, in this work we propose an
alternative computationally cheaper way to tackle the tracking
overlap problem. We allow any two agents to track the same
targets but only for a short period of time. We consider that
each agent can track multiple targets independent of other
agents. When the trajectories of two or more tracking agents
converge they exchange information to determine whether or
not the exact same targets are being tracked. Once two agents
have determined that they track exactly the same targets, one of
them generates a search plan and switches to searching mode.
The agent that switches to searching mode is picked at random,
since each agent computes in this scenario approximately the
same multi-target state as discussed next. The above procedure
begins when two or more tracking agents have overlapping
sensing ranges.

Two agents i and j with states sik−1 and sjk−1 respectively
have overlapping sensing ranges when Sa(sik−1)∩Sa(s

j
k−1) ̸=

∅ in which case the agents exchange their multi-target state
estimates. Let the predicted multi-target states (regarding the
true targets) of the agents i and j be X̂1,i

k|k−1 and X̂1,j
k|k−1,

respectively. Also, let |X̂1,i
k|k−1| = m and |X̂1,j

k|k−1| = n denote
their cardinalities, i.e., the number of predicted targets in the
set, with n ≥ m and n,m ̸= 0. When Sa(sik−1)∩Sa(s

j
k−1) ̸=

∅, the agents exchange their predicted multi-target states to
compute the incremental tracking overlap score as:

∆Lc
k(X̂

1,i
k|k−1, X̂

1,j
k|k−1) =[

1

n

(
min
π∈Πn

m∑
l=1

dc(x
i
l, x

j
π(l))

2 + (n−m) · c2
) ] 1

2

(19)

where xi ∈ X̂1,i
k|k−1, xj ∈ X̂1,j

k|k−1 and Πn denotes the set of
all permutations of size m taken from the set {1, 2, ..., n}. The
function dc(x, y) = min(c, ∥x− y∥2) where the parameter
c > 0 penalizes the cardinality mismatch between two sets.
When n < m Eq. (19) becomes ∆Lc

k(X̂
1,j
k|k−1, X̂

1,i
k|k−1).

The above equation is called the optimal sub-pattern assign-
ment (OSPA) [24] of order 2. Then the cumulative tracking
overlap score for the time-window [κ : K] is then de-
fined as Qκ:K(siκ−1, s

j
κ−1) =

∑K
k=κ I(Sa(sik−1),Sa(s

j
k−1)) ·

∆Lc
k(X̂

1,i
k|k−1, X̂

1,j
k|k−1) where the function I(A,B) checks

if the intersection of two regions A and B is non-empty
and returns 1, otherwise returns ∞. The cumulative tracking
overlap score will generate a low score if two agents track
the exact same targets over a certain period of time. In other
words, when two agents have overlapping sensing ranges and
they track the same number of targets with small positioning
errors, the cumulative tracking overlap score is minimized. In
order to determine if there is tracking overlap between two
agents over a time-window the cumulative tracking overlap
score is compared against a pre-determined threshold QTh. If
Qκ:K ≤ QTh then the two agents track with high certainty the
exact same targets. When this happen one of the two agents
generates a search plan and switches to searching in the next
time-step.

VI. EVALUATION

A. Experimental Setup
In our experimental setup we assume that the targets ma-

neuver in an area of 100m × 100m and that the single
target state at time k is described by xk = [x, ẋ, y, ẏ]⊤ i.e.
position and velocity components in xy-direction. The target
dynamics are piecewise linear according to the near constant
velocity model with the process noise being Gaussian. The
single target transitional density is given by π(xk|xk−1) =
N (xk;Fxk−1, Q) where:

F =

1 T 0 0
0 1 0 0
0 0 1 T
0 0 0 1

 , Q =

T/3 T/2 0 0
T/2 T 0 0
0 0 T/3 T/2
0 0 T/2 T


with sampling interval T = 1s. The target speed is initialized
to 1m/s in the x-direction and 1m/s in the y-direction. The
target survival probability from time k−1 to time k is constant
ps,k(xk−1) = 0.99 and does not depend on the target’s
state. Once an agent detects a target it receives range and
bearing measurements thus the measurement model is given
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Fig. 1: The figure shows the performance of the cooperative
multi-agent path-planning and searching technique proposed
in this work versus a random search scheme.

by hk(xk, sk) =
[
∥sk − Hxk∥2 , arctan

(
sy−y
sx−x

)]
where H

is a matrix which extracts the target position from its state
vector. The single target likelihood function is then given
by g(zk|xk, sk) = N (zk;hk(xk, sk),Σ

⊤Σ) and Σ is defined
as Σ = diag(σζ , σϕ). The standard deviations (σζ , σϕ) are
range dependent and given by σζ = ζ0 + βζ ∥sk − Hxk∥22
and σϕ = ϕ0 + βϕ ∥sk − Hxk∥2 respectively with ζ0 = 1m,
βζ = 5 × 10−5m−1, ϕ0 = π/180rad and βϕ = 10−5rad/m.
Moreover, the agent receives spurious measurements (i.e. clut-
ter) with fixed Poisson rate λc = 10 uniformly distributed over
the measurement space. Target births are distributed inside
the agent sensing area with average rate of 3 births per time-
step. The agent’s sensing model parameter pmax

D = 0.99 and
the agent sensing area is S10(sk) = 102 m2. The agent’s
dynamical model has radial displacement ∆R = 2m, NR = 2
and Nθ = 8 which gives a total of 17 control actions, including
the initial position of the agent. Without loss of generality we
assume in this evaluation that the function Jk(x) is constant,
state independent and equal to Jk(x) = 0.999 ∀x, k. The agent
communication range is CR = 50m, the Renyi divergence
parameter is set to α = 0.5 and the tracking overlap threshold
is QTh = 0.9m during a time-window of length 3.

Finally, we should point out that in our implementation we
have used the Sequential Monte Carlo (SMC) version of the
PHD filter [25] for which the convergence properties have been
established in [26]. Please note that under the linear, Gaussian
assumptions on the target dynamics and measurement model
the more efficient Gaussian-mixture [27] (GM-PHD) imple-
mentation of the PHD filter can be used which does not require
the computationally expensive clustering step of the SMC-
PHD filter, which is used to partition the multi-target particle
system into distinct target tracks. For mild non-linearities the
GM-PHD filter can also be utilized by approximating the
Gaussian-mixture using the extended and unscented Kalman
filters. However, the severe limitation of the GM-PHD filter
is that it requires a constant probability of detection (i.e.,
pD(x) = pD) and a constant target survival probability (i.e.,
pS(x) = pS). Lastly, more recently an alternative formulation
of the SMC-PHD filter [28] has been proposed which avoids
the particle system clustering step.

B. Results
First we compare the performance of the proposed coop-

erative searching technique against a baseline random search
scheme. To be more specific in this random search scheme a)
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Fig. 2: The figure illustrates the impact of communication
range on the performance of the cooperative multi-agent
searching. (a) Communication range CR = 10m, (b) Com-
munication range CR = 50m.

no path-planning is performed by the agents i.e., the search-
planning technique discussed in subsection V-B is not applied
and b) there is no communication between the agents and thus
no joint search-plans are produced i.e., Alg. 1 is not applied.
Instead each agent, randomly selects and applies an admissible
control action uk ∈ Uk towards the unvisited regions. On
the other hand the proposed technique performs a coordinated
search-planning with CR = 50m.

We have conducted 50 Monte Carlo trials where we have
randomly initialized the agents (uniformly distributed) inside
the surveillance area and let the system run for 100 time-
steps, measuring the percentage of searched area over time.
This procedure is conducted for the proposed system and
for the baseline random search scheme. Figure 1 shows the
results of this experiment for the case of 2 and 4 agents.
The figure shows that as the number of agents increases the
searching performance increases as well which is reasonable.
In addition the proposed optimized cooperative search ap-
proach significantly improves with the number of agents and
outperforms the baseline method. This is due to the more
efficient coordinated search planning and the communication
between the agents. We should note here that the searched area
in this experiment never reaches the 100%. This is due to the
decay of the searched density over time. Different decay rate
and/or number of agents will result in different results.

The next experiment demonstrates the impact of the commu-
nication range (CR) on the performance of the proposed coop-
erative multi-agent searching approach. Two different values
of the communication range i.e. CR = 10m and CR = 50m are
investigated. More specifically, Fig. 2 shows the percentage of
searched area over time during 100 time-steps for CR = 10m
(Fig. 2a) and CR = 50m (Fig. 2b). The figure shows the
average value obtained from 50 MC trials with the agents
randomly spawned inside the surveillance area. As we can
observe from the figure, the increased communication range
between the agents significantly improves the performance of
the proposed approach. This is because the agents compute
search paths cooperatively and thus the search task is solved
jointly.

In the next experiment, we study the joint search-and-track
behavior of the proposed system and we use the optimal
sub-pattern assignment (OSPA) error [24] to quantify its
performance. The OSPA metric is defined as the distance
between two sets of points. It is used to jointly characterize
the dissimilarity in the number of points and the values of the
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Fig. 3: The figure illustrates the search-and-track performance
of the proposed system by means of the OSPA error for two
configurations of the communication range: (a) CR = 10m,
(b) CR = 50m.
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Fig. 4: The figure shows the percentage of the searched
area for the tasks of cooperative searching versus cooperative
search-and-track for the case of 2, 3, 4 and 5 agents.

points in the respective sets. Since the output of the tracking
approach utilized in this work is an estimated set of points in
each time-step (i.e., the targets being tracked), OSPA metric
will give us the deviation of this estimated set of points from
the ground-truth set of points.

More specifically, for this experiment 10 targets are ran-
domly spawned from the center of the surveillance area with
random headings, following a nearly constant-velocity motion
model. The average target life-time is 60 time-steps. At time-
step k = 1 we uniformly distribute a fixed number of agents
inside the surveillance area and we let the system run for 100
time-steps. Figure 3 shows the average OSPA error (OSPA
order=2, c = 50m) over 50 MC trials for 2, 3, 4 and 5 agents
operating with communication ranges of CR = 10 in Fig. 3a,
and CR = 50 in Fig. 3b. We first observe that the tracking
accuracy of the proposed multi-agent system increases with
the number of agents. The figure shows that the OSPA error
starts high but subsequently decreases. This is because initially
the agents start in search mode however, when at some point
a target is detected the respective agent switches to tracking
mode which results in a decrease in the OSPA error. Finally,
we observe that the increased communication range results
in improved multi-agent cooperative searching which in turn
results in better target discovery and thus improved tracking
accuracy, as shown in Fig. 3b.

For the next experiment, we followed a similar setup with
the one described in the previous paragraph where in the
first case (termed Search) a number of agents (i.e., 2, 3, 4
and 5) with CR = 50, are uniformly distributed inside the
surveillance area. In the second case (termed SAT), in addition
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Fig. 5: The figure shows a) the average ratio of target tracking
time to target lifetime as a function of the number of agents
and communication range b) the performance gain from the
use of tracking overlap detection and resolution.

to the agents, we uniformly distribute 10 targets inside the
surveillance area, with random headings and average life-
time of 60 time-steps. We let the system run for 100 time-
steps and we measure the percentage of searched area over
time. Figure 4 shows the average percentage of the searched
area over 60 MC trials. As we can observe, the searching
performance drops during the searching-and-tracking (SAT)
task compared to the Search task. When an agent detects the
presence of targets, automatically switches to tracking mode
which produces sub-optimal search results. One possibility to
mitigate this, which is left for future work, would be with
a target hand-over strategy i.e., the agents would hand over
targets to their peers who have search plans that align better
with respect to the target’s trajectory.

Our two final experiments aim to investigate a) the expected
time for which a target can be tracked successfully in a multi-
agent, multi-target setting and b) the performance improve-
ment gained with the use of the tracking overlap detection
and resolution approach discussed in Sec. V-C(b). In order
to investigate the expected time for which a target can be
tracked successfully we have used the following procedure:
We first randomly generate 20 target trajectories inside the
surveillance region with average lifetime of 30 time-steps.
The target birth/death times vary as the targets enter and exit
the surveillance region and their birth locations are uniformly
distributed inside the whole area of 100m×100m. The targets
move with an average speed of 1m/s in the x-direction and
1m/s in the y-direction. The agents are uniformly distributed
inside the surveillance area. We let the system run for 100
time-steps and we measure the time for which the agents
successfully track the targets. This time is then normalized
with the actual lifetime of the targets (i.e., the ground-truth
length of time for which a target evolves inside the surveillance
area). We conduct 50 Monte Carlo trials with 2, 4, 6, 8 and
10 agents and with communication ranges of 20m and 40m.
The results of this experiment is shown in Fig. 5a. As we
can observe the expected tracking time increases with the
number of agents and with the communication range. The
average ratio of tracking time to the total target lifetime starts
from around 0.25 for 2 agents and reaches 0.83 for 10 agents
operating with CR = 40m. A similar trend is also true for the
communication range of 20m. In this setup, the increase in the
communication range increases the search efficiency through
cooperation which as a result improves the expected tracking
time. Finally, in order to investigate the performance gain
from the proposed tracking overlap detection and resolution
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approach we have conducted a similar experimental setup (i.e.,
same parameters as before unless otherwise noted) in which
we randomly spawn 15 targets and 5 agents and we fix the
communication range to 20m. Figure 5b shows a) the average
ratio of tracking time to total target lifetime and b) the average
ratio of searched area to total area over 50 Monte Carlo trials
with and without tracking overlap detection (TOD). As we can
observe the proposed tracking overlap detection and resolution
approach increases both the multi-agent tracking accuracy and
the searching performance of the system. This is because TOD
allows the overlapping agents to disengage from tracking and
switch to searching. As a result the area is searched more
efficiently which in turn improves the target discovery and
ultimately improves the tracking performance.

VII. CONCLUSION

In this work a novel decentralized cooperative multi-agent
searching-and-tracking framework has been proposed. The
proposed approach recursively computes and propagates in
time the searching-and-tracking (SAT) density which is used
by the agents to devise efficient cooperative searching and
tracking strategies. The proposed framework is flexible and
accounts for many of the challenges present in search and res-
cue missions including the unknown and time varying number
of targets, the noisy sensor measurements, the uncertain target
dynamics and the limited sensing range of the agents. In the
future we plan to investigate in more detail the communication
aspects (e.g., the communication overhead vs performance)
of the proposed approach. Although, the event-based strategy
suggested in this work can reduce the communication overhead
of the searching-and-tracking task, it sacrifices the overall
performance of the team, since no global coordination is guar-
anteed. Future work aims to investigate how communication-
efficient cooperation [29] can be enabled for the problem
tackled in this work and how efficient distributed transmission
protocols [30] can be utilized in order to further reduce the
communication burden between the agents.
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