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Abstract— Multi-agent multi-target tracking has a wide
range of applications, including wildlife patrolling, security
surveillance or environment monitoring. Such algorithms often
make restrictive assumptions: the number of targets and/or
their initial locations may be assumed known, or agents may be
pre-assigned to monitor disjoint partitions of the environment,
reducing the burden of exploration. This also limits applicability
when there are fewer agents than targets, since agents are
unable to continuously follow the targets in their fields of view.
Multi-agent tracking algorithms additionally assume inter-
agent synchronization of observations, or the presence of a
central controller to coordinate joint actions. Instead, we focus
on the setting of decentralized multi-agent, multi-target, simul-
taneous active search-and-tracking with asynchronous inter-
agent communication. Our proposed algorithm DecSTER uses
a sequential monte carlo implementation of the Probability
Hypothesis Density filter for posterior inference combined
with Thompson sampling for decentralized multi-agent decision
making. We compare different action selection policies, focusing
on scenarios where targets outnumber agents. In simulation, we
demonstrate that DecSTER is robust to unreliable inter-agent
communication and outperforms information-greedy baselines
in terms of the Optimal Sub-Pattern Assignment (OSPA) metric
for different numbers of targets and varying teamsizes.

I. INTRODUCTION

Searching for targets, detecting objects of interest (OOIs),
localizing and following them are tasks integral to several
robotics applications. Hence one or more of these sub-
problems have been widely studied in a number of settings.
For example, in informative path planning [1] or simultane-
ous localization and mapping (SLAM) [2], when the OOIs
are fixed, an agent (or robot) adaptively selects actions to
detect and localize the targets. Here the environment (or, the
target distribution) being stationary, an agent tends to explore
unseen parts of its surroundings more than exploit already
observed viewpoints. In contrast, when targets are dynamic,
the environment is non-stationary. Therefore, agents tracking
an unknown number of moving targets should trade-off
between exploring the possibly unobserved parts of the
environment and exploiting its own posterior estimates to lo-
calize the previously detected targets at the current timestep.
Unfortunately, prior work in multi-target tracking (MTT) has
often assumed that the environment is known and exploration
is not of primary concern [3]. Moreover, with multiple
agents, existing MTT methods simplify the explore-exploit
dilemma by separating search and tracking into sequential
tasks where each agent is assigned to track a target as soon
as it is found [4]. Another approach is to assign sub-teams
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for executing these tasks separately [5]. Further, the majority
of these multi-agent multi-target tracking (MAMTT) algo-
rithms require either a central controller to coordinate joint
tracking actions, facilitate target hand-offs among agents or
they depend on synchronized inter-agent communication for
distributed inference and decision making. Unfortunately,
such conditions may not be feasible in practice: the envi-
ronment may be unstructured and unknown, OOIs may need
to be simultaneously detected and localized (i.e. without a
separation between search and tracking phases), there may
not be enough agents to continuously monitor all the targets
and unreliable communication channels may hinder inter-
agent synchronization at each timestep.

In this work, we aim to develop a more practical approach
to the MAMTT setup. In particular, we focus on the setting
where agents are outnumbered by targets, so that the multi-
agent team is unable to continuously cover all targets in
their fields of view. The number of targets and their initial
locations are unknown. Therefore, agents need to interact
with the environment to collect observations by adaptively
making explore-exploit decisions. It is not feasible to contin-
uously track all targets, but our goal is to produce an estimate
of the number and positions of all targets with time. We
assume that there is no central controller, and agents share
their observations asynchronously with teammates, whenever
possible. In other words, agents do not wait to receive
observations, action selection policy or environment belief
information from their teammates and can continue their
online decision making when communication is unreliable
or even unavailable.
Contributions. We propose a decentralized and
asynchronous multi-agent algorithm, called DecSTER
(Decentralized Multi-Agent Active Search-and-Tracking
without continuous coverage) for simultaneous multi-target
active search and tracking without continuously following
the targets. In simulation, we compare a number of
common decision making objectives from the tracking
literature after adapting them to our simultaneous search-
and-tracking setting. Our results show that DecSTER
outperforms competitive baselines with different teamsizes
and different target distributions in terms of the OSPA
tracking performance.

II. RELATED WORKS

Target detection and tracking are both widely studied
problems, typically considered as distinct tasks in various
applications like search and rescue [6], security surveillance
[7], computer games [8], etc. [3] is a detailed survey of the
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many different approaches and taxonomy used in robotics
and related fields for such scenarios. Here, we discuss some
of the most relevant prior work in our context.

The single target state is commonly modeled assuming
linear dynamics with additive Gaussian noise, using the
Kalman filter [9] or using non-parametric particle filters [10].
In multi-target settings, alternative approaches like Multiple
Hypothesis Tracker (MHT) [11], Joint Probabilistic Data
Association (JPDA) [12] and Probability Hypothesis Density
(PHD) filter [13] have been proposed, all of which differ in
how they perform data association [14]. The PHD filter is
particularly suited when unique identities for each target are
not required, for example, in search and rescue tasks, where
agents should detect and localize all survivors. In this work,
we build on the Sequential Monte Carlo (SMC) formulation
of the PHD filter presented in [15].

Prior work in MAMTT algorithms primarily considers
centralized or distributed settings, the latter still necessitating
synchronized communication among subgroups of agents
at each time step. Coupled with a PHD filter, some of
the common action selection methods previously proposed
for tracking include mutual information and expected count
based objectives [16], Renyi divergence maximization [4]
and Lloyd’s algorithm for Voronoi-cell based control [17],
[18]. [4] discusses the benefits of a simultaneous search-
and-tracking algorithm but their proposed method requires
that agents transition from searching to tracking upon target
detection, foregoing further exploration. In similar spirit, [19]
proposes solving an information gain based multi-objective
optimization problem over a finite planning horizon to decide
the best (greedy) joint action for a centralized search-and-
tracking task. In contrast with these deterministic objec-
tives, [20] demonstrates the superior performance of stochas-
tic optimization methods like Particle Swarm Optimization
(PSO) and Simulated Annealing (SA) for better coverage
and localization in such settings. Unfortunately, none of
these prior approaches are applied in the decentralized and
asynchronous multi-agent setup when agents are unable to
support continuous target coverage.

Recently, some learning based approaches have been pro-
posed for tracking. [21] considers the single-agent setting,
assuming a known number of (one or two) targets which only
start moving after first observed by the agent. [22], [23] both
propose GNN-based algorithms, trained by imitation from
a centralized expert, and deployed in the distributed infer-
ence and decision making with synchronized communication
setup. While [22] does not consider dynamic targets, [23]
simplifies the problem to deterministic optimal control over
a fixed horizon, differing from our more complex setting.

III. PROBLEM SETUP

Consider a team of J UAVs tasked with search and
tracking of an unknown number of moving targets {1, . . . , k}
in a 2-dimensional (2D) region G of length nl and width nw
(Fig. 1a). The agents can self-localize in a global coordinate
system. They are equipped with noisy sensors that provide
location 2D coordinates of possible targets in their current

field of view (FOV). The targets can move in any direction in
the search space at different speeds. We assume that agents
typically move faster than targets. Each agent’s FOV includes
a contiguous rectangular region of the search space, and
agents may choose to observe a wider (smaller) area at a
greater (lower) vertical height but with more (less) obser-
vation noise. We therefore consider a hierarchical region
sensing action space for each agent. Agents can communicate
asynchronously with their teammates. Over time T , agents
observe different parts of the search space to detect and track
all targets in the environment.

(a) (b)

Fig. 1: Problem setup. (a) Agents sense different regions
of the search space at different vertical heights, receiving
noisy 2D location coordinates of the possible targets in their
field of view, along with false positive measurements. The
targets shown as black crosses move in the search space with
different velocities shown by the red arrows. (b) The line at
the top indicates the target’s continuous motion with time.
In our asynchronous multi-agent setup, agents can collect
observations without waiting for their teammates whereas in
the synchronous setting, the solid boxes indicate the agents’
idle wait times.

A. Target and Measurement Representations

The state of each target is denoted by x =
[
lx, ly, vx, vy

]T
,

where 2D coordinates (lx, ly) ∈ [0, nw]× [0, nl] and velocity
v =

[
vx, vy

]T
, ∥v∥2 ≤ vmax. Since both the number of

targets and their true locations are unknown, we follow the
Random Finite Set (RFS) representation for the multi-target
state space X = {x1, . . . , x|X |}, where |X | follows a Poisson
distribution and for a given cardinality, the set elements are
sampled i.i.d from a uniform distribution [24]. Following
prior work, we use the Probability Hypothesis Density (PHD)
filter [13] to maintain a belief over the RFS X .

The PHD ν(x) is the first statistical moment of a dis-
tribution over RFSs. In this case, it is a density over the
state space of targets so that for any region E ⊆ G, the
expected cardinality of the target RFS in that region is∫
E
ν(x)dx. The PHD filter tracks the evolving target density

over the search space using models of target motion and
measurements gathered by the agents. The measurements Z
are also modeled as a (Poisson) RFS, as are clutter κ(z)
(false positives) and target births b(x).

B. Sensing model

An agent with pose q =
[
qx, qy

]T
executes a sensing

action aq, receiving a measurement set Z = {z1, . . . , zm}.
Any target x within the agent’s FOV may generate a mea-
surement z, with a probability of detection pd(x|q). In this
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work, we assume a constant pd(·) when the target x is within
the FOV at q, and 0 otherwise. The agent follows a linear
sensing model with additive i.i.d white noise: z = h(x)+ω,
where h(x) =

[
lx, ly

]T
and ω ∼ N (0, σ2

hI). Additionally, Z
includes i.i.d false positives with clutter rate λq.

The (noisy) target dynamics from state ξ to x is captured
by the target motion model f(x|ξ). The survival probability
ps(x) denotes the target’s chances of persisting over suc-
cessive time steps. The PHD filter formulates the following
steps to propagate the posterior density over target states.1

Prediction: ν̄t(x) = b(x) +
∫
E

f(x|ξ)ps(ξ)νt−1(ξ)dξ (1)

Update: νt(x) = (1− pd(x|q))ν̄t(x) +
∑
z∈Zt

ψz,q(x)ν̄t(x)
ηz(ν̄t)

(2)

ηz(ν) = κ(z|q) +
∫
E

ψz,q(x)ν(x)dx (3)

ψz,q(x) = g(z|x,q)pd(x|q) (4)

Here, ψz,q(x) is the probability that the agent at q receives
the measurement z from a target x and g(z|x,q) is the
measurement likelihood model. The PHD filter can handle
appearing and disappearing targets by defining an appropriate
birth density b(x) over the search space, but in our experi-
ments the number of ground truth targets k is fixed.
Remark 1. As [13] explains, using the first order moment
to approximate the multi-target belief and deriving recursive
PHD update equations to approximate the evolving posterior
is justifiable when both sensor covariances and false alarm
densities are small, so that (the distribution of) observations
from true targets are centered around target states with
negligible spread and there is lower noise due to false alarms.
Besides, in our SMC-PHD implementation following [15],
we also ensure we avoid particle impoverishment during
update and propagation of the posterior density estimate.
Decentralized Asynchronous Multi-Agent Setup. In our
setup, each agent j∈{1, . . . , J} maintains its PHD estimate
and decides its next sensing action in a decentralized manner.
There is no central controller and inter-agent communication
is asynchronous (Fig. 1b). Note that agents are not indepen-
dent, since they share their own observations and incorporate
the measurements received from their teammates in subse-
quent PHD filter update steps. Our setting is also different
from the distributed computation setup in prior work [17]
where each agent completes a part of the centralized update
step and relies on inter-agent synchronized communication
to maintain a global PHD estimate across all agents.

Since targets are in continuous motion, our agents must
be able to deal with the uncertainty arising from observation
noise as well as due to asynchronous communication of
time-dependant observations in their posterior PHD updates.
In order to enable time-ordered assimilation of received
observations by all agents, we assume that any agent j
communicates the tuple (t,aqj

t ,Zj
t ) where a

qj

t and Zj
t are

1For a detailed understanding of the PHD filter, please refer to [24].

respectively the agent’s sensing action and measurement set
at time t.

IV. OUR APPROACH

We now describe our algorithm DecSTER for multi-agent
active search and tracking without continuous coverage.
Notation. Agent j at time t has a history of available ac-
tions and observations Dj

t = {(t′,aq
′
j

t′ ,Z
j′

t′ )}t′<t,j′∈{1,...,J}.
Using Dj

t , it computes the PHD νjt (Eqs. (1) and (2)) over
the target RFS. In our SMC-PHD implementation, νjt =
{(wj

t,1, x
j
t,1), . . . , (w

j
t,ρ, x

j
t,ρ)} where xjt,1, . . . , x

j
t,ρ are the ρ

particles with weights wj
t,1, . . . , w

j
t,ρ.

The SMC-PHD filter propagation steps follow from [15].
In our decentralized setup, each agent maintains its own
posterior PHD νjt . Next, we will describe the decision
making step executed by agent j at time t.
Thompson sampling for decision making. Prior work in
multi-agent active search with static targets has demonstrated
the effectiveness of Thompson sampling (TS) as a decentral-
ized decision making algorithm, both in theory [25] and in
practice [26]. TS ensures stochasticity in decision making
by sampling different plausible realizations of the ground
truth from the posterior belief and selecting the best action
to maximize the desired reward for a particular sample.
The uncertainty in the agent’s belief over the state space is
reflected in the posterior samples, which makes TS suitable
for driving exploration and exploitation. [5] couples a TS-
based active search strategy with the deterministic Lloyd’s
algorithm for tracking, but in their setup, agents are pre-
assigned to only one of search or tracking tasks. Instead, we
propose a TS strategy to enable agents to naturally trade-off
exploratory sensing actions that might discover undetected
targets, with exploitative sensing actions that help localize
and track the previously detected dynamic targets in our
simultaneous search-and-tracking setting.

To the best of our knowledge, prior work has not studied
the problem of TS in a continuous (not discretized) search
space with a PHD posterior. This is challenging because the
PHD is not a distribution and does not include second order
uncertainty information, whereas TS is typically applied in
the Bayesian setting with the samples drawn from a posterior
distribution for which both first and second order moment
estimates are available [27]. Prior work in [28] has proposed
particle Thompson sampling (PTS) and regenerative PTS
(RPTS) algorithms for particle filters where particles are
sampled proportional to their weights. Therefore, we adopt
a similar principle in our first proposed TS strategy for the
SMC-PHD posterior, called TS-PHD-I (Algorithm 1).

Algorithm 1 TS-PHD-I

1: Input: PHD ν = {(w1, x1), . . . , (wρ, xρ)}.
2: Sample ρ̃ particles {xi}ρ̃i=1 from ν, proportional to the

weights {w1, . . . , wρ}
3: Cluster the ρ̃ particles using k-means with ñ =

∑ρ̃
i=1 wi

centroids (X̃ = {x̃1, . . . , x̃ñ}) which form the TS
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We note that this method has drawbacks. It tends to sample
more particles from the regions in the PHD where the agent
already estimates targets might be present. The samples
drawn are thus more likely to be biased against regions of the
target state space where the agent might be less certain about
its observations owing to false positives or missed detections.
Furthermore, this method does a poor job of modeling the
uncertainty about the number of true targets.

To address the drawbacks of Algorithm 1, we now describe
a second proposed approach to Thompson sampling from our
SMC-PHD posterior (Algorithm 2). Recall that the expected
cardinality of the target RFS X over a region E ⊆ G is given
by n̂ =

∫
E
ν(x)dx. In case of the SMC-PHD representation,

n̂ =
∑

i wi,∀xi ∈ E [15] i.e. the sum of particle weights
of the SMC-PHD in the region E is the expected cardinality
of X in that region. Further, [13] shows that the PHD is the
best Poisson approximation of the multitarget posterior in
terms of KL divergence. We therefore draw a sample ñ of the
cardinality of the target RFS from a Poisson distribution with
mean n̂ =

∑
i wi (i.e. ñ ∼ Poisson(n̂)). Then we sample ñ

locations of the possible targets by drawing from a mixture
of already estimated target locations in the PHD and some
locations drawn uniformly at random over the search space.
These ñ particles X̃ = {x̃1, . . . , x̃ñ} form our TS.

Algorithm 2 TS-PHD-II

1: Input: PHD ν={(w1, x1), . . . , (wρ, xρ)}. n̂G=
∑ρ

i=1 wi.
Target location estimates X̂={x̂1, . . . , x̂n̂G} from ν.

2: Sample ñ ∼ Poisson(n̂G)
3: Sample uniformly random target locations X̃R

4: Sample ñ target locations (X̃ ) from X̂ ∪ X̃R as the TS

Objective. The Optimal Sub-Pattern Assignment (OSPA)
metric is typically used in the MTT literature for evaluating
the tracking performance of an algorithm and is defined as
the error between two sets. Given sets X and Y , where |X | =
m ≤ |Y| = n without loss of generality,

OSPA(X ,Y) =
( 1
n

min
π∈Πn

m∑
i=1

dc(xi, yπ(i))
p + cp(n−m)

) 1
p

where c is the cut-off distance, dc(x, y) = min(c, ||x− y||)
and Πn is the set of all permutations of the set {1, . . . , n}.
The distance error component of the OSPA computes the
minimum cost assignment between X and Y , such that xi ∈
X is matched to yi′ ∈ Y only when they are within a distance
c of each other.

Given a true target set X = {x1, . . . , x|X |} and an esti-
mated set Y = {y1, . . . ,y|Y|} of possible target locations,
our goal is to minimize OSPA(X ,Y). Since the ground truth
X is unknown, each agent j instead draws a TS X̃ j

t from the
predicted PHD ν̄jt+1. Assuming observations are generated
by X̃ j

t for any action a and Yj
t is the estimated target set

following the PHD filter update, agent j then selects:

ajt = arg min
a

EYj
t |X̃

j
t ,a

[OSPA(X̃ j
t ,Y

j
t )] (5)

Algorithm 3 outlines our proposed algorithm, called
DecSTER. In our decentralized and asynchronous multi-
agent setting, each agent individually runs DecSTER with
its own sampled X̃ j

t . Hence the stochasticity in the sampling
procedure enables agents to make decentralized explore-
exploit decisions for simultaneous search-and-tracking in
their action space.

Algorithm 3 DecSTER for agent j at time t

1: Input: PHD νjt = {(wj
1, x

j
1), . . . , (w

j
ρ, xjρ)}

2: Compute predicted PHD ν̄jt+1 (Eq. (1)).
3: Draw TS X̃ j

t ∼ ν̄jt+1.
4: Assuming pseudo-measurements at X̃ j

t , estimate ex-
pected target set Yj

t and select action ajt (Eq. (5).
5: Observe Zj

t . Update PHD νjt+1 (Eq. (2)).
6: Estimate target set X̂ j

t+1 from νjt+1 [15].
7: Asynchronously communicate (t,ajt ,Z

j
t ) with team.

Remark 2. Prior work in search-and-tracking [4], [5] tends
to separate the search and tracking phases of the task, and
maintains either a visit count or dynamic occupancy grid to
compute the action selection objective during the exploration
phase. Such methods scale poorly with the size of the
environment since agents need to maintain a discretization
over the search space [19]. In contrast, our SMC inference
for multi-target belief is parallelizable over particles in the
posterior PHD, while our TS-based decision making is
scalable with increasing teamsize J .

V. RESULTS

We now describe our experimental setup. Consider a 2D
search space with dimensions nl × nw = 16 × 16. There
are k targets moving in this region, whose starting locations
and velocities are chosen uniformly at random, such that
vmax = 0.1. A team of J agents are tasked with search-and-
tracking of all the targets over T = 150 steps. The agents’
action space A consists of hierarchical region sensing actions
of width 1 × 1, 2 × 2, 4 × 4 and 8 × 8, |A| = 340. Since
actions with larger FOV receive noisier observations, we vary
the false positive (clutter) rate as λ ∈ {0.005, 0.04, 1, 5}
for action widths 1, 2, 4 and 8 respectively. The survival
probability in the PHD filter is set at ps = 1 and the detection
probability pd = 0.9 for targets in the agent’s FOV. In our
SMC-PHD implementation following [15], we initialize 100
new (birth) particles per observation and re-sample 1000
particles per estimated target, following the low variance
sampling method in [29]. We choose ρ̃ = 100 (Algorithm 1).

The agents assume the target motion model xt+1 = Fxt+

ϵ, where F =


1 0 ∆T 0
0 1 0 ∆T
0 0 1 0
0 0 0 1

, ∆T = 1 and ϵ ∼

N (0,Q), Q =


0.03 0 0.05 0
0 0.03 0 0.05

0.05 0 0.1 0
0 0.05 0 0.1

. The sensing
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model is z = Hx + ω, where H =

[
1 0 0 0
0 1 0 0

]
and

ω ∼ N (0, σ2I), σ = 0.1. I is the identity matrix. For the
OSPA metric, we set c = 2 and p = 1.
Remark 3. Our experimental setup is intended to illus-
trate the abilities of DecSTER for decentralized and asyn-
chronous multi-agent multi-target search and tracking. The
action space is chosen so that there is a non-trivial explore-
exploit decision to be made by the agents. The maximum
target speed is such that targets may cover a considerable
distance in the search space over T steps.

In the following experiments, we measure performance in
terms of the average OSPA for the entire team of agents. The
plots show mean across 10 random trials with the shaded
regions indicating standard error. Each trial differs in the
initialization of the target locations and their velocities.

A. Comparing TS-PHD-I with TS-PHD-II

First, we compare the performance of DecSTER using
the two proposed approaches for Thompson sampling from
a PHD posterior. Fig. 2 compares OSPA with number of
measurements per agent, for DecSTER-I and DecSTER-
II using TS-PHD-I and TS-PHD-II respectively in Line 3
of Algorithm 3. We observe that decision making with TS-
PHD-II consistently outperforms that with TS-PHD-I. Since
TS-PHD-II samples both the cardinality and locations of the
target RFS from the PHD, the samples for different agents
are sufficiently diverse to capture the uncertainty regarding
the true multi-target ground truth. In contrast, the samples
from TS-PHD-I are generally clustered around the agent’s
current estimate of target locations. We also empirically
observed an improvement in the OSPA performance with
TS-PHD-II when, for a particular sampled cardinality ñ,
an agent considers multiple samples of ñ target locations
and averages the reward in Eq. (5) over them. Our results
using DecSTER-II consider 10 such samples per action
selection step for any agent j. We also allow DecSTER-
I to similarly consider averaging over multiple samples, but
this does not improve the sample diversity and does not lead
to performance improvement.

Fig. 2 further demonstrates the scalability of TS in the
decentralized multi-agent active search-and-tracking setting.
When teamsize increases n times, agents achieve similar
OSPA with n times fewer measurements per agent [25].

B. Baseline comparisons

We compare DecSTER-I and DecSTER-II with the fol-
lowing baselines. Note that all of them use the same PHD
filter inference method, but differ in the action selection
policy.
1) RANDOM. Each agent j selects its next sensing action
uniformly at random. 2) RENYI. At t, agent j computes the
predicted PHD ν̄jt+1 and generates a (pseudo) measurement
set Z̄j

t for any action a ∈ A assuming the estimated target
set X̂ j

t from νjt as ground truth. It then selects the action ajt
that maximizes the Renyi divergence (with α = 0.5) between
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Fig. 2: Comparing the proposed TS methods. DecSTER-
II using TS-PHD-II consistently outperforms DecSTER-I
using TS-PHD-I. Increasing team size J reduces the number
of measurements per agent required to achieve similar OSPA.

ν̄jt+1 and its expected updated PHD ν′
j
t+1 (Eq. (2)). With the

SMC-PHD formulation, the Renyi divergence is [30]:
ρ∑

i=1

w̄i +
α

1− α

ρ∑
i=1

w′
i −

1

1− α

ρ∑
i=1

w′α
i w̄

1−α
i (6)

where w̄i and w′
i are the weights of the particle i in ν̄jt+1 and

ν′
j
t+1 respectively. 3) TS-RENYI. We modify RENYI to use

X̃ j
t ∼ ν̄jt+1 (with TS-PHD-II) for computing the (pseudo)

measurement set Z̄j
t and the updated weights w′

i.
Fig. 3 shows that our proposed method outperforms all

the baselines for different number of targets k and team
sizes J . We observe that RENYI agents are information-
greedy, therefore the lack of stochasticity in their decision
making objective leads different agents to select the same
action in the decentralized asynchronous multi-agent setting.
Moreover, the computation in Eq. (6) depends only on the
particles in ν̄jt+1 and does not account for previously unde-
tected targets. This highlights the drawback of using Renyi
divergence as an optimization objective for explore-exploit
decisions in the search-and-tracking setting, in contrast with
its success in the tracking setting where exploration is not a
concern [4]. This motivated us to propose the TS-RENYI
baseline in order to encourage exploration with samples
drawn from TS-PHD-II. We observe that TS-RENYI still
does not perform noticeably better than RENYI. This is
because the weights of the particles in the SMC-PHD filter
relate to the expected cardinality of the target set, therefore
Eq. (6) does not account for any measure of the distance
error between X̂ j

t (or X̃ j
t ) and the estimate X̂ ′j

t+1 from
ν′

j
t+1. In contrast, the OSPA objective accounts for both

localization error as well as cardinality error in the estimated
target set. Thus we observe that our algorithm DecSTER-
I is competitive with or outperforms random sensing and
information-greedy baselines, and DecSTER-II consistently
achieves the lowest OSPA among all with the same number
of measurements per agent. Based on these results, we
consider DecSTER-II as our best approach in this setting,
labeled DecSTER in the following experiments.
DecSTER vs. DecSTER-C. Motivated by prior work [16]
that showed the effectiveness of maximizing the expected
number of target detections for action selection in multi-
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Fig. 3: Baseline comparisons. For different numbers of targets and with fewer agents than targets, DecSTER with TS-PHD-
II (denoted DecSTER-II) outperforms random sensing (RANDOM) and information greedy baselines (RENYI, TS-RENYI)
by achieving a lower OSPA for the same number of measurements per agent.

agent tracking, we introduce the DecSTER-C baseline where
agents select actions minimizing only the cardinality error
term of the OSPA. Unlike DecSTER, each agent with
DecSTER-C draws multiple samples of cardinality ñ ∼
Poisson(n̂) to consider the uncertainty about the real number
of targets in its objective. Fig. 4 shows that DecSTER still
outperforms DecSTER-C, indicating that jointly considering
detection and localization error in the decision making ob-
jective is more advantageous for TS-guided action selection
in our search-and-tracking setting. This further supports our
earlier observations regarding the drawbacks of using the par-
ticle weight based Renyi divergence optimization objective
in this setting.
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Fig. 4: DecSTER vs. DecSTER-C. DecSTER-C opti-
mizes only for the cardinality error in the OSPA objective.
DecSTER outperforms DecSTER-C indicating the advan-
tage of jointly optimizing detection and localization errors
with TS-guided explore-exploit decisions.

C. Robustness to communication delays

Multi-agent systems benefit from leveraging observations
shared by their teammates. Agents in our decentralized and
asynchronous multi-agent setting benefit from any infor-
mation shared by their teammates but they can continue
searching for and tracking targets without waiting for such
communication. Therefore, we now analyze the robustness
of DecSTER under unreliable inter-agent communication.
In simulation, we consider each agent chooses to commu-
nicate its own observation at time t, along with any prior
observations it had not shared with its teammates, with a
probability p ∈ {0.05, 0.25, 0.50, 0.75, 1}. The p = 1 setting
corresponds to our description and analysis of DecSTER

in Fig. 3. We observe a graceful decay in the OSPA perfor-
mance with decreasing rates of inter-agent communication in
Fig. 5, both when targets outnumber agents and vice versa.
Compared to prior work in the centralized or distributed
multi-agent tracking setting [3], DecSTER does not depend
on synchronized communication within the team, thus agents
can adapt and continue their search-and-tracking tasks even
when communication is unreliable or unavailable.
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Fig. 5: Robustness to unreliable communication. When
agents communicate their actions and observations with
decreasing probability p, DecSTER experiences a graceful
deterioration in OSPA performance and agents require in-
creasingly more measurements to estimate the number and
locations of true targets in the search space.

VI. CONCLUSION

We introduce DecSTER, a novel decentralized and
asynchronous algorithm for multi-agent multi-target active
search-and-tracking that relaxes the restrictive assumption
of requiring continuous target coverage.2 In simulation,
DecSTER outperforms competitive baselines that greed-
ily optimize for information gain or expected target de-
tections. A key contribution is adapting TS to effectively
drive exploration and exploitation using the SMC-PHD filter.
Future work includes theoretical analysis of the proposed
TS methods and learning improved models of environment
uncertainty for non-stationary multi-target tracking. Building
on recent success of TS-based multi-agent active search
[26], we also aim to validate DecSTER’s performance when
deployed on teams of physical robots in the real world.

2Code and supplementary video: https://sites.google.com/view/decster-
icra24.
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