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Distributed Coverage Control for Time-Varying Spatial Processes
Federico Pratissoli1, Mattia Mantovani1, Amanda Prorok2, Lorenzo Sabattini1,3,4

Abstract— Multi-robot systems are essential for environmental
monitoring, particularly for tracking spatial phenomena like
pollution, soil minerals, and water salinity, and more. This study
addresses the challenge of deploying a multi-robot team for
optimal coverage in environments where the density distribution,
describing areas of interest, is unknown and changes over time.
We propose a fully distributed control strategy that uses Gaussian
Processes (GPs) to model the spatial field and balance the
trade-off between learning the field and optimally covering it.
Unlike existing approaches, we address a more realistic scenario
by handling time-varying spatial fields, where the exploration-
exploitation trade-off is dynamically adjusted over time. Each
robot operates locally, using only its own collected data and the
information shared by the neighboring robots. To address the
computational limits of GPs, the algorithm efficiently manages
the volume of data by selecting only the most relevant samples
for the process estimation. The performance of the proposed
algorithm is evaluated through several simulations and experi-
ments, incorporating real-world data phenomena to validate its
effectiveness.

Index Terms—Multi-Robot Systems, Distributed Robot Sys-
tems, Networked Robots, Sensor Networks

I. INTRODUCTION

Coverage control and autonomous exploration are impor-
tant applications of multi-vehicle systems, where a team of
networked robots is coordinated to explore or to maximize
the coverage of an unknown environment, affording higher
concentrations of robots in more interesting areas. These
techniques have earned significant research interest due to their
usefulness in search and rescue [1], precision agriculture [2],
[3], environmental monitoring and exploration [4]–[6], local-
ization and mapping [7], etc.

Coverage Control: In this paper we are interested in
the spatial coverage problem [8] for limited sensing range
multi-robot systems [9]. This approach, based on the Voronoi
partitioning of the environment, guarantees the convergence
of the networked robots to a configuration that maximizes
the coverage of the most important areas of the environment.
These areas are encoded as a probability density function de-
fined over the environment. Various coverage control strategies
have been studied in the last years that address heterogeneous
and limited robot capabilities [9], [10], or consider various
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scenarios associated with different density functions [11], [12].
However a common assumption is to consider the density
function known beforehand by each of the robots involved.
This is not applicable when the multi-robot system is tasked
to operate in an unknown or partially known environment.

Adaptive Sampling: The control of robots for data sampling
to estimate a process or distribution in the environment is
known as informative sampling [13] or information gather-
ing [14]. These algorithms aim to efficiently reconstruct a
physical process. Many recent works have used GPs for this
purpose. For instance, [15] presents a random-based path
planner that allows a single robot to explore unvisited locations
and learn GP parameters as it moves.

A significant portion of active sampling studies focuses on
monitoring ocean environments, where robots track features
like turbidity and salinity to assess water conditions [16]–[18].
Most information-gathering methods in the literature, however,
are designed for single-robot systems.

Multi-robot approaches, which are better suited for larger
environments, have also been explored. For example, [19]
uses Voronoi partitioning for environment discretization, while
[20] coordinates robot teams by scheduling meeting points
for data exchange. In these works, process estimation is gen-
erally performed with GPs, assuming the monitored process
is time-invariant. The computational cost of GP regression,
scaling as O(N3), poses challenges with large datasets [21],
[22], especially when processed onboard. To address resource
constraints, [23] proposes a methodology for mobile networks
based on truncated observations.

Simultaneous Exploration and Estimation: This study
integrates coverage-based control with a strategy to estimate an
unknown, potentially time-varying density function, enhanced
by a data filtering algorithm. GPs support the estimation, while
data filtering helps manage large datasets. The multi-robot
coordination adapts dynamically based on collected samples.
Unlike [23], which assumes known GP hyperparameters, this
work optimizes them to improve the estimation of an unknown
spatial process using minimal data without compromising pre-
cision. The robot team must balance exploring the environment
to update the estimation and optimizing coverage based on this
updated model.

Recent research has focused on multi-robot coordination
for cooperative exploration and estimation of unknown pro-
cesses [24]. In [25], [26], robots optimally cover the spatial
field based on sampled data without an exploration strategy.
Some works prioritize real-world implementations but lack
optimal exploration and coverage strategies for multi-robot
systems [27], [28]. Other approaches separate control into two
phases: initial exploration to estimate the density function,
followed by coverage optimization [29], [30].
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Optimal coordination for simultaneous estimation and cov-
erage is a challenging problem explored in only a few
studies [31]–[33]. These works emphasize the importance of
addressing the exploration-exploitation trade-off, where GPs
are often the method of choice. However, they assume a
constant spatial process, which is unrealistic for real-world ap-
plications. Variables such as pollution, salinity, and dissolved
oxygen change over time, making this a critical gap in existing
approaches.

Time-varying Spatial Fields: Several methodologies ad-
dress time-varying processes, but, to the best of the au-
thors’ knowledge, none effectively balances spatial process
estimation with optimizing coverage based on the estimated
distribution. Works like [34]–[36] handle time-varying density
functions, but assume the distribution is known, neglecting
online estimation and adaptation. In [37], the exploration of
unknown areas is omitted, ignoring the critical exploration-
exploitation trade-off, as robots follow the estimated density
after starting from a spread configuration.

In [38], the authors address time-varying environments, but
they solve the exploration-exploitation trade-off by dividing
the network into exploration and exploitation agents, avoiding
the need to balance both tasks dynamically within each agent.

Contributions and Paper Organization: In this study,
we present a novel distributed methodology for multi-robot
systems to simultaneously estimate an unknown time-varying
process and optimize coverage based on a non-uniform density
distribution. Crucial to this approach is the delicate equilibrium
between the two core aspects of the problem: exploration and
coverage maximization. This equilibrium requires dynamic
adaptation to address real-world dynamics that can evolve
over time. To the best of the authors’ knowledge, this issue
has not been previously addressed in the field of multi-robot
research. The exploration-exploitation trade-off is governed by
the uncertainty and accuracy of the spatial field estimation.
Robots prioritize coverage when the estimation is precise and
shift to exploration when the estimation quality is low. Unlike
existing studies such as [31], [33], our algorithm continuously
updates this trade-off over time, while accounting for the
uncertainties in the density function modeling the process. This
allows our method to handle time-varying spatial processes,
moving beyond the assumption of time invariance.

We evaluate the proposed control strategy through extensive
simulations based on complex real-world scenarios, as well
as real-world experiments. The proposed control architecture
features a data filtering strategy that enables robots to priori-
tize critical information from neighbors and the environment,
while ensuring fully distributed implementation with efficient
computation and memory usage. In summary, the innovation
of the contribution lies in the entire control architecture, which
can be described by the following points:

• A fully distributed approach to deal with the balance
between the exploration and estimation of an unknown
spatial process and the exploitation of the learned infor-
mation to maximize the coverage.

• A time-sensitive adaptation mechanism that dynamically
adjusts the robots’ movement to respond effectively to
the time-varying nature of the environment.

• A data filtering strategy that allows to efficiently manage
each robot’s dataset to minimize the computational effort
while preserving the accuracy of estimations and to
handle time-varying spatial processes.

The paper is organized as follows. The following paragraph
is focused on the contribution of the presented paper. In Sec-
tion II we introduce the mathematical notations and definition
necessary to understand the rest of the paper. Section III
formally introduces the coverage problem and the respective
control strategy. In Section IV we formalize the problem
addressed in this work, while in Section V we describe the
probabilistic model (the GP) exploited to learn and estimate
the density function from the data sampled by the robots in the
environment. The proposed control algorithms are described
in Section VI, Section VII and Section VIII. The strategy
performance has been analyzed through several simulations
and experiments, which are detailed in Section IX. A selection
of the results is presented in Section X. We conclude in
Section XI.

II. NOTATION AND DEFINITIONS

We denote by N, R, R≥0, and R>0 the set of natural,
real, real non-negative, and real positive numbers. Given
x ∈ R2, let ∥x∥ be the Euclidean norm. Let F(R2) be
the collection of finite point sets in R2. We can denote
an element of F(R2) as P = {p1, . . . , pn} ⊂ R2, where
{p1, . . . , pn} are points in R2. We denote, for p ∈ R2 and
R ∈ R>0, the closed and open ball in R2 centered at p
with radius R with B(p,R) =

{
x ∈ R2|∥x− p∥ ≤ R

}
and

B(p,R) =
{
x ∈ R2|∥x− p∥ < R

}
, respectively. Let Ni(R)

be the set of neighbors of the agent i in the sensing range with
radius R.

The limited Voronoi partitioning is defined on a polygonal
environment in R2 following the idea presented in [9]. In the
rest of the paper, we will use Q ⊂ R2 to denote the polygonal
environment to be covered by the robots. An arbitrary point
in Q is denoted by x ∈ Q. Let then P be a set of n points
{p1, . . . , pn} in Q. The limited Voronoi partitioning generated
by P consists of the set Vr(P) = {V r

1 (P1), . . . , V
r
n (Pn)},

where:

V r
i (Pi) = (1)

= {x ∈ B∩Q(pi, r) | ∥x− pi∥ ≤ ∥x− pj∥,∀pj ∈ Ni(R)},

where B∩Q(pi, r) = {Q∩B(pi, r)} is the intersection between
the environment and the ball of radius r for robot i and r
consists in half of the sensing radius R: r = R/2. In the
following, for the sake of brevity, we will use the notation
Vi

r to refer to Vi
r(Pi). Two agents are said to be Voronoi

neighbors if Vi
r ∩ Vj

r ̸= ∅. We refer to [39] for a discussion
about the Voronoi diagrams and to [9] for information about
the limited Voronoi partitioning.

III. BACKGROUND ON COVERAGE CONTROL

We will now briefly summarize the solution to the coverage
problem for the multi-robot system control and previously
used in [9], upon which we build.
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The control strategy is based on the definition of a perfor-
mance function that has to be maximized in order to obtain
the optimal coverage of the group of robots over Q. The
performance function indicates how reliable the measurement
is at point x ∈ Q of the sensor i located in pi as a function
of the distance ∥x− pi∥.

Moreover, an integrable probability density function ϕ :
Q → R≥0 is defined to encode which are the areas of
the environment Q with highest relevance. For example, the
density function can represent a spatial process that the robots
need to monitor. This density function is generally assumed to
be time invariant and known a priori. In this work we remove
this assumptions and we propose a control strategy that allows
the robots to estimate this density function which can change
over time.

Given a limited Voronoi partitioning Vr(P) of the envi-
ronment Q in, so called, n Voronoi cells {V1

rr, . . . , Vn
r},

the optimization function H : Q → R can be formulated as
follows:

HV
r(P) =

n∑
i=1

∫
Vi

r(P)

f(∥x− pi∥)ϕ(x)dx, (2)

where each agent is covering the portion of the environment
delimited by its own cell. Low values of the optimization func-
tion correspond to a better coverage performed by the robots
team. We choose the performance function f(s) following the
methodology in [9], as follows:

f(s) = −min(s2, r2) (3)

The performance function is chosen to provide an indication
of the robot sensor performance, differentiating between data
points within the sensing range and those beyond it. Partic-
ularly, for the values inside the range r, i.e. inside the ball
B(p, r), the problem formulates as the standard f(s) = −s2.
Outside the region defined by the ball of radius r, the problem
is modeled as a continuous function with a constant value,
f(s) = −r2. As shown in [9], this choice of the performance
function leads to deploying the robots in an ideal configuration
within the respective limited-range Voronoi cells.

We compute the gradient of the optimization function to
solve the optimization problem, obtaining:

∂HV
r

∂pi
(P) = 2MVi

r (CVi
r − pi), (4)

where MVi
r and CVi

r indicate respectively the mass and the
center of mass, weighted by the density function ϕ, of the
Voronoi cell Vi

r ⊂ Q of the robot i located in pi. Therefore,
the mass and centroid can be computed as follows:

MVi
r =

∫
Vi

r

ϕ(x)dx, CVi
r =

1

MVi
r

∫
Vi

r

xϕ(x)dx. (5)

For more details about the coverage control and the method-
ology used we refer the reader to [8], [9], [40].

It is worth noting that, according to (4), the solution to
the coverage problem is achieved when each agent is located
at the centroid of its Voronoi cell, such that pi = CV

r
i
, ∀i.

In particular, this is used to design the control input for each
robot that drives the multi-robot system to a configuration that

optimizes the coverage of the environment according to the
density function ϕ:

ui = k(CVi
r − pi), (6)

where k ∈ R>0 is a proportional gain. The Voronoi partition-
ing Vr(P) of the region Q is continuously updated with the
control input.

IV. PROBLEM STATEMENT

We consider a multi-robot system constituted by n robots
that move in a 2-dimensional space. We assume each robot
to be modeled as a single integrator system,1 whose position
pi ∈ R2 evolves according to

ṗi = ui, (7)

where ui ∈ R2 is the control input, ∀i = 1, . . . , n. The set of
robots is represented by P = {p1, . . . , pn}. We consider the
following setting:

1) Convex unknown environment: The multi-robot system
has to maximize the coverage of an unknown spatial
field distributed in the environment, a convex polytope
Q.

2) Time-varying spatial field: The multi-robot system has
to continuously learn and update the estimate of a spatial
field that changes over time.

We consider the following assumptions:

1) Limited sensing capabilities: Each robot is able to mea-
sure the position of neighboring robots and objects, to
detect the boundaries of the environment Q within its
limited sensing range. This allows the computation of
the Limited Voronoi partitioning of the environment as
defined in (1) and a fully distributed implementation.

2) Communication capabilities: The team of robots is con-
nected through a communication network, enabling them
to exchange information and data. This enables them to
collaboratively improve local GP estimates by sharing
collected samples with their neighbors.

3) Spatial process behaviour: The behavior of the spatial
process in the environment exhibits a smooth character-
istic, making it suitable for modeling through the use of
a GP with a Squared Exponential Kernel [43].

The problem addressed in this paper is then formalized as
follows:

Problem Define a distributed control strategy that allows a
multi-robot system to optimally explore the environment to
learn and estimate the unknown time-varying spatial field and
to simultaneously perform coverage of the spatial field in the
environment Q.

1We would like to remark that, even though the single integrator is a very
simplified model, it can still effectively be exploited to control real mobile
robots: using a sufficiently good trajectory tracking controller, the single
integrator model can be used to generate velocity references for widely used
mobile robotic platforms, such as wheeled mobile robots [41], and unmanned
aerial vehicles [42].
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V. GAUSSIAN PROCESS REGRESSION

As mentioned before, in this work we get rid of the
assumption that the density function ϕ(x) in (2) is known
beforehand. For this reason, we need to define a strategy
that allows the robots to learn and estimate online the spatial
process from the data sampled during the motion. We presume
that each robot is equipped with a sensor capable of detecting
and measuring environmental spatial process features at its
location. For instance, a robot could have a temperature sensor
to detect the degrees at its location, or air quality sensors
to monitor CO2 levels or particulate matter concentrations
in the air. GPs are a powerful tool that can be used to
model an unknown function starting from a few samples and
have the ability to provide the uncertainty over the predicted
values of the function [44]. In particular, a GP defines a prior
distribution over the space of functions such that, together
with the observed data, it can lead to a posterior multivariate
Gaussian distribution able to predict the function behavior. A
GP is completely specified by its mean function µ(x) and
covariance function k(x, x′). Let ϕ(x) be the environmental
spatial process that the GP has to model, then, µ(x) represents
the expected value of ϕ at input x, and k(x, x′) represents
the correlation between two variables x and x′. We assume
the sensory observation of the spatial process taken by the
robots around the environment has a white Gaussian noisy
measurement:

y = ϕ(x) + ν (8)

with ν ∼ N (0, σ2
ν) is the normal distribution with zero-

mean and variance σ2
ν , which models the variability in the

measurement. The measurement noise ν is independent and
equally distributed throughout the environment. In GPR, we
assume the function ϕ(x) can be estimated as a GP:

ϕ(x) ∼ GP(µ(x), k(x, x′)) (9)

The learning and the estimation of the process is defined by
the so called kernel k(x, x′). The kernel has to be chosen
according to the type of the function we want to estimate,
e.g. periodic, linear, quadratic, etc. Since we are assuming the
spatial process has a smooth behavior, we consider a Squared
Exponential Kernel:

k(x, x′) = σ2
f exp

(
−∥x− x′∥2

2λ2

)
, (10)

where λ and σf are hyper-parameters that can be esti-
mated from the sampled data by maximizing the likelihood
function. We have the set of observations Dt = {Xt, yt}
collected by the robot until time step t, where Xt =
[x0, . . . , xt−1, xt] are the locations of the taken observations
and yt = [y0, . . . , yt−1, yt] are the associated environmental
measurements. We want to predict the values of the spatial
process in the unvisited locations X∗ = [x∗

1, . . . , x
∗
n]. For

example, X∗ can represent a single evaluated point or align
with the grid of points describing the environment. Hence,
we can define the covariance function k(X∗, X∗) and the
predicted values ϕ∗ = [ϕ(x∗

1), . . . , ϕ(x
∗
n)].

Exploiting the Bayesian theorem, as detailed in [44], we
can compute the conditional distribution of ϕ∗:

(ϕ∗|Xt, yt, X
∗) ∼ N (µ(X∗|Dt),Σ(X

∗|Dt)), (11)

which is a multivariate normal distribution with mean:

µ(X∗) = k(X∗, Xt)
T [k(Xt, Xt) + σ2

νI]
−1yt (12)

and covariance matrix:

Σ(X∗) = (13)

= k(X∗, X∗)− k(X∗, Xt)
T [k(Xt, Xt) + σ2

νI]
−1k(X∗, Xt),

where k(X∗, Xt) is a covariance vector. The spatial process
estimation is associated with the mean of the distribution,
while the uncertainty of this estimation is described by the
covariance matrix. The process predicted values are strongly
influenced by how similar the observed data Xt are to the
points X∗ that we want to predict. This correlation is described
by the kernel k(X∗, Xt).

It is worth noting that the equations (12) and (13) require
an inversion of a covariance matrix, which implies a com-
putational complexity of O(N3), where N is the number of
data points. Hence, the computation can be a problem when
the set of samples collected during the robots exploration
becomes large [21], [22], in particular if the control algorithm
is executed on board the robots.

The kernel hyper-parameters λ, σf , σν are unknown and
need to be inferred from the sampled data. The estimation
of the hyper-parameters can be optimized by maximizing
the marginal (log) likelihood function. Given the dataset Dt

and the hyper-parameters θ = (λ, σ2
f , σ

2
ν), the log marginal

likelihood function can be expressed in closed form:

log p(y|X, θ) = −1

2
yTK−1

y y − 1

2
log |Ky| −

n

2
log 2π (14)

where Ky = K(X,X) + σ2
νI . The maximum likelihood

solution is normally obtained through a gradient-ascent based
optimization and improves as more observations are added.
For more details the reader is referred to [44], [45].

VI. EXPLORATION-EXPLOITATION PROBLEM

The aim of this work is to efficiently explore and estimate
the unknown spatial field through the GPR (exploration) and
to use this estimation for optimal environmental coverage
(exploitation). Equation (11) describes the distribution of the
density function, including both the estimation (mean function)
and the uncertainty associated with the estimation (covariance
function). In this paper, our goal is to integrate this information
with coverage control to enable each robot to learn about
the field and cover it effectively. The proposed strategy is
inspired by the Upper Confidence Bound (UCB) algorithm,
which employs an acquisition function to obtain a balance
between exploration and exploitation [44], [46]. We apply
a similar function in defining the density function for the
coverage-based control approach, combining both the mean
and variance to form a criterion that maximizes utility, whether
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for learning the function or utilizing the function’s information.
We propose the use of the following function:

ϕ′
t(x) = eβ(x) − 1

β(x) = σt−1(x) +Wt · µt−1(x)
(15)

where σt−1(x) =
√
Σt−1(x, x) is the standard deviation and

β ≥ 0,∀x. The substitute density function ϕ′
t(x) is designed to

influence the coverage control strategy, encouraging robots to
move toward areas of high interest. The environmental density
distribution is exponentially biased toward exploration when
the density function is entirely unknown (β(x) ∼ σt−1(x)),
and toward exploitation when the density function has been
adequately explored and estimated (β(x) ∼ µt−1(x)). By
subtracting 1 in (15), we ensure that regions of no interest,
where β(x) ∼ 0, do not have influence on the substitute
density function. We suggest a method for determining the
weight Wt, chosen based on the preference for the trade-off
between exploration and exploitation. Higher values of Wt

indicate a preference for exploitation over exploration:

Wt = tanh(α · t), (16)

where the constant α is selected by the user to adjust the
exploration-exploitation trade-off, particularly during the early
stages of the process when the environment is completely
unknown. The intuition behind (16) is that, at the very be-
ginning of the experiment, the phenomenon or spatial process
is entirely unknown, necessitating the robot team to prioritize
environmental exploration to gather data and formulate an
initial estimate of the spatial process. Following this initial
period, during steady-state operation, the Wt parameter sta-
bilizes at a value of 1, and the balance between exploration
and exploitation is determined solely by the uncertainty level
in the estimation (differently from [31]). Consequently, the
user sets the α parameter based on the desired importance
of the initial exploration phase. Therefore, smaller α values
correspond to a larger initial period where exploration is
preferred over exploitation. It should be noted that while an
appropriate selection of α can be beneficial at the very start of
the experiment, an incorrect choice will not compromise the
effectiveness of the control strategy.

VII. TIME-VARYING SPATIAL FIELD

In this work we consider a scenario in which the multi-
robot system has to monitor a time-varying spatial field or a
scenario in which the robots are deployed in a non-stationary
environment. The previously described control strategy, de-
signed to optimize the exploitation-exploration trade-off, aims
to concurrently minimize uncertainty in the spatial process
estimation model and utilize the model’s distribution to direct
a robot team towards a configuration that maximizes spatial
process coverage. The strategy must now adapt to a spatial
process that changes over time, as the observed data ages,
the model’s uncertainty grows, and periodic exploration is
required to refresh the process estimation. Therefore, robots
must consistently sample the environment to identify changes
in the spatial field and ensure optimal coverage of areas of
interest through process estimation. Consequently, the control

algorithm must continuously manage the equilibrium between
exploration and exploitation. Taking inspiration from the re-
search studies in [47], [48], we propose a novel control strategy
that takes into account how the uncertainty of the estimated
density function can increase over time and how the old sam-
ples less affect the estimation. In a time-invariant setting, all
past samples and observations are deemed equally significant.
However, our method considers samples to become progres-
sively obsolete over time. We achieve this by incorporating
an exponential time decay factor into the control mechanism,
which reflects the aging and reduced utility of observations for
estimating the spatial process as time progresses. The mean
and the covariance functions respectively from (12) and (13),
and used to determine the substitute density function for the
coverage control algorithm in (15), are then defined as:

µ(x) = k̂(x,Xt)
T [k̂(Xt, Xt) + σ2

νI]
−1yt (17)

and covariance matrix:

Σ(x, x′) = (18)

= k(x, x′)− k̂(x,Xt)
T [k̂(Xt, Xt) + σ2

νI]
−1k̂(x,Xt),

where

k̂(Xt, Xt) = k(Xt, Xt) ◦Dt ◦ TD, (19)

k̂(x,Xt) = k(x,Xt) ◦ dt ◦ T d,

with

Dt =
[
(1− ϵ)|i−j|/2

]N
i,j=1

, (20)

dt =
[
(1− ϵ)(N+1−i)/2

]N
i=1

.

Here N is the number of samples collected by the robot team,
◦ is the Hadamard product and ϵ is a parameter that defines
how strong is the connection between old and new samples.
High values of ϵ bring the robots to almost ignore the old
data compared to the new ones. T d and TD are respectively
an array and matrix that describe how the samples and hence
the training are aging over time. The idea is that the older a
sample is, the smaller the value in the corresponding entries
of dt and Dt, and hence the less it contributes to the values
of the covariance function Σ(x, x′). Moreover, the older the
collected samples are compared with the current time and
lower is the value introduced by the time decay component
in T d and TD. The array T d is formed as a sequence of time
decay constants, each calculated using a predefined time decay
function. Thus, for a collection of N samples, the array T d

contains N elements, where each element represents the time
decay constant for its corresponding sample. The array T d is
defined as follows:

T d = [Tτ (∆t0), . . . , Tτ (∆ti), . . . , Tτ (∆tN−1)] , (21)

where ∆ti = t− ti, with t being the current time and ti being
the time at which the sample i is taken, and Tτ (t) being a
predefined time decay function that describes how fast the
data sampled at time t ages over time. We generally assume
we have an exponential time decay function as follows:

Tτ = e−∆t/τ , (22)
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Fig. 1. Comparison between a time invariant and time variant approach with a 1-D signal estimation. We presume the 6 samples are tidily taken from left
to right every 10 seconds. Hence, the older sample is in x ∼ 2 and the latest is in x ∼ 10. In figure (a) with the time invariant approach all the samples are
equally processed and the uncertainty of the estimation is zero in the sample locations. In figure (b) we are using a time-varying learning approach, in which
the samples are processed differently depending on the time they were taken. The older samples have greater uncertainties than the newer ones. Moreover the
latest sample has a zero standard deviation since it was taken at the current time t6 = 60s and hence ∆t6 = 0. The parameters used in this example for the
time-varying approach are ϵ = 1e−4 and τ = 1e2.

where τ is a parameter that indicates how steep is the expo-
nential function and hence how fast we assume the data and
the monitored spatial process change over time. By definition,
the parameter τ can be understood as the period of time after
which the value of a sample in the data set decreases to
1/e ∼ 0.367 times its original value. The higher is the value of
τ , the slower the sampled data are aging. Hence large values
of τ are suitable for spatial processes that change slowly over
time. Finally, the matrix TD is defined as follows:

TD
i,j =

{
T d
i · T d

j , i ̸= j,

1, otherwise.
(23)

The result of this learning approach is simply shown in
Fig. 1 with the estimation of a 1-D signal. In the time-
variant approach, samples are not considered equally, unlike
the time-invariant strategy, and the older the sample, the
greater the uncertainty of the estimated signal. We have defined
two hyperparameters: ϵ = 1e−4 and τ = 1e2. Six points are
sampled sequentially from left to right at ten-second intervals.
For instance, the time decay constant for the first sample
is Tτ = e−(60−0)/100 = 0.54, and for the last sample, it is
Tτ = e−(60−60)/100 = 1. It is noted that each sample received
from a neighboring robot is accompanied by a timestamp
indicating when it was collected.

Various spatial phenomena can be modeled assuming an
exponential behavior over time. For instance, exponential time-
decay effectively models the temperature changes of a surface
that cools down. Similarly, the dispersion of air pollution,
such as smoke, gases, or particulate matter, shows that their
concentration diminishes exponentially with distance from the
pollution source. It is noteworthy that, even if the monitored
phenomena do not exhibit an exponential variation over time,
or if the behavior over time is unknown, using an exponential
time-decay model remains effective for estimating and moni-
toring the spatial phenomena, although with the trade-off of a
potentially slower response time from the team of robots when
the process changes.

In Sec. VIII, we introduce a method to restrict and filter
the data collected by the robot or obtained from neighboring
agents during coverage control. Specifically, in a time-varying
spatial process where uncertainty in estimation grows over
time, the value of the collected data diminishes accordingly.
According to the criteria in (26), samples that become obsolete
and contribute to excessive uncertainty are removed from the
training set. Consequently, with fewer samples in the dataset
and growing uncertainty about the environment and the spatial
process, the strategy (described in Sec. VI) encourages the
robots to collect more informative samples.

The topology of the time decay function can be defined
according to the variability of the spatial process when known.
We typically choose an exponential time decay function to
ensure a control strategy that is responsive over a broad spec-
trum of realistic spatial processes. Alternatively, for example,
a step-like time decay function may be used to simulate a
scenario where the spatial process is significantly influenced
by a singular, periodically occurring event. This function is
characterized by two parameters as follows:

Tτ12 = − 1

1 + e−τ1(∆t−τ2)
+ 1, (24)

where τ1 defines how steep is the step of the function and, thus
dictating the speed at which it transitions from one to zero.
Meanwhile τ2 defines the time at which the spatial process
changes and the decay function diminishes to zero.

VIII. DATA SAMPLING

The GPR algorithm has O(N3) time complexity and O(N2)
memory complexity, where N is the number of sampled
data. The computational complexity is defined indeed by the
inverse of the covariance matrix with size (N ×N), as shown
in (13). For large training sets, the computation of the GP
problem becomes challenging to execute locally on robot
hardware. Data for the process estimation is sourced from
observations collected locally by each robot or from datasets
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Fig. 2. The figure illustrates the control architecture implemented on each robot. Each robot implements the coverage control strategy by utilizing the locations
of neighboring robots and information about the estimated spatial process and environmental uncertainty. The data used in GP estimation are collected from
neighboring robots and sampled from the environment. This dataset undergoes a filtering process before being used in GP training, which diminishes the
sample size required for effective GP estimation. Post-GP training, the dataset is cleaned of any obsolete samples that add excessive uncertainty to the process
estimation.

shared by neighboring robots. As the volume of data can grow
significantly during an experiment, it is crucial to efficiently
manage both the collected data and the information received
from neighbors. In this study, we have implemented a policy
that filters the samples and refines the training set to retain
only the data that significantly enhances the estimation and
prediction of the spatial process. Samples and data that do not
substantially improve the GP model are discarded, including
outdated information, thus enabling the training of the GP
with the minimal dataset required for an accurate estimation
of a time-varying spatial process. Throughout each robot’s
movement in the environment, any new sample gathered by
the robot’s sensor or acquired from a neighbor is possibly
incorporated into the robot’s training set. This occurs if the
uncertainty of the estimation at the sample’s location is high
enough that the new data would significantly enhance the
model and effectively diminish the overall uncertainty. In this
study, we propose a straightforward yet efficient method using
a threshold to determine whether the estimation for a specific
location in space is considered uncertain. Given the Z-score,
zN , which corresponds to a predefined desired confidence
interval from the Normal Gaussian distribution, and the max-
imum error tolerance, ea, around the process estimation, the
threshold for the uncertainty and standard deviation is given
by

ea
zN

. It is noted that samples, once collected and prior to

processing, are normalized to values between 0 and 1. This
standard practice in machine learning helps in the training of
GPs and in the sample filtering process. Meaningful values
usually chosen for these parameters are zN = 1.96, which
corresponds to a 95% confidence interval, and ea = 0.05,

which corresponds to a maximum error of 5% around the
estimated signal [49], [50]. Given a new sample o and the
respective standard deviation σo from the GP estimation, we
have that the sample is added to the training set if the following
condition is satisfied:

σo ≥ ea
zN

· µmax, (25)

where µmax is the highest value reached by the estimated
spatial signal. It is noted that uncertainty reduces to zero at
the location where the data is collected, whether by the robot
or by a neighbor. In Section VII, we introduced the time-
varying approach for modeling spatial processes and show how
the estimation uncertainty escalates over time. Following the
criteria outlined in (25), we eliminate all data from the training
set that induce excessive uncertainty, thereby prompting the
robots to collect new samples. The uncertainty threshold is
determined by

er
zN

, where er specifies the maximum accept-

able error margin for the estimated signal in proximity to the
sampled data. Given a sample s ∈ Dt,i of the i-th robot’s
dataset at time t and the respective standard deviation σs from
the GP estimation, we have that the sample is removed from
the training set if the following condition is satisfied:

σs ≥
er
zN

· µmax. (26)

Algorithm 2 provides an overview of the control strategy
developed in this study, which integrates the data filtering pro-
cedure and effectively handles time-varying spatial processes.
The algorithm begins by initializing a local array A of samples
that need filtering (line 1). At each time step, the robot collects
a sample ot and adds it to A (lines 2-3). For each of the
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robot’s neighbors, their datasets are accessed and included in
A (lines 4-5). Next, A, along with the parameter ea, the z-
score zN , µmax,i and the current robot’s dataset Dt−1,i are
passed to the function filterSamples() (illustrated in
algorithm 1), which returns a filtered array Af (line 6). The
filterSamples() function iterates over the samples in A
and applies the filter strategy, returning an array of samples
that meet the criteria defined in either (25) or (26). The robot’s
current dataset is then updated with the new filtered samples
(line 7). Following the methodology in Sec.VII, the time-decay
parameters are updated using equations (20), (21) and (23)
(line 8). The GP hyperparameters are subsequently updated as
per equations (14), (17) and (18) (line 9). Then, the dataset
cleaning procedure for outdated samples then begins. The
array A is set to the robot’s current updated dataset Dt,i (line
10), and is passed to filterSamples() with the parameter
er (line 11). This function returns Af , an array of outdated
samples with minimal utility. Finally, these outdated samples
are removed from the robot’s dataset (line 12).

While simulations demonstrate the computational benefits
of the proposed data filtering strategy, as shown in the follow-
ing section, formal guarantees are not provided that the dataset
size will always decrease. In the unlikely event that robots
continuously fail to learn the spatial process, new samples
are collected, growing indefinitely the dataset. However, the
time decay function ensures old samples eventually become
obsolete and are removed during cleaning. Though no theo-
retical bound is provided, the time decay and cleaning criteria
suggest the dataset size will remain bounded, as supported by
the simulation results shown in the following section.

Algorithm 1: Filter Function
Input:

- µmax: maximum value of mean estimate
- e: error margin
- zN : Z-score
- A: array of samples
- D: dataset used in the GPR

Output:
- Af : array of filtered samples

1 Function filterSamples(A, e, zN , µmax,D):
2 Af := ∅
3 for i := 0 to card(A)− 1 do
4 a := A[i]
5 µa,Σa := GPR(a,D)
6 σa := diag(

√
Σa)

7 if σa ≥ e

zN
· µmax then

8 Af := Af ∪ {a}

9 return Af

IX. EXPERIMENTAL VALIDATION

This section details simulations conducted to validate the
proposed control strategy. We evaluated the ability of a robot
team to explore and estimate a realistic and complex spatial

Algorithm 2: Filter Algorithm for the i-th Robot
Data:

- ea, er: error margin to add/remove a sample
- zN : Z-score
- µmax,i: max value of mean estimate
- t: current time step
- Dt−1,i: current dataset of the robot
- n: robot neighbors
- A: array of samples to be filtered
- Af : array of filtered samples
- ϵ, τ : time-varying decay parameters

1 A := ∅
2 Collect a sample ot = (Xt, yt) at time t
3 A := A ∪ {ot}
4 for j = 0 to n− 1 do
5 A := A ∪Dt,j

6 Af := filterSamples(A, ea, zN , µmax,i,Dt−1,i)
7 Dt,i := Dt−1,i ∪ Af

8 updateDecayParams(ϵ, τ, ) // (20)-(21)-(23)
9 train(GP) // (14)-(17)-(18)

10 A := Dt,i

11 Af := filterSamples(A, er, zN , µmax,i,Dt,i)
12 Dt,i := Dt,i \ Af

process in an unfamiliar environment using the proposed
strategy. The simulations were based on a real dataset gen-
erated by the Intel Berkeley Research Lab in 2004, which
includes data (humidity, temperature, light, voltage) from 54
sensors deployed within the lab [51]. Here, we describe exper-
iments and simulations involving both stationary and dynamic
phenomena. Additionally, we demonstrate the importance of
the data sampling approach within the control strategy to
limit the computational load of the estimation process. This
section also includes realistic drone simulations and mobile
robot experiments, and concludes with a comparison of our
strategy’s performance against an ideal scenario where the
team possesses complete knowledge of the spatial process and
environment. Some of the simulations and experiments are
illustrated in the attached video.

A. Simulation Setup

The simulations were carried out using Python. One lim-
itation of the proposed methodology is its sensitivity to the
choice of hyperparameters. To summarize, the features and
hyperparameters that must be established prior to initiating
the control algorithm in a time-invariant scenario include:

• The constant α, which defines the weight Wt and bal-
ances the exploitation and exploration phases at the very
beginning of the experiment,

• the error tolerances in the signal estimation to include
a new sample, denoted as ea, and to remove an aged
sample, denoted as er.

In a time-variant scenario, the hyperparameters that need to be
defined, in addition to the previously mentioned ones, include:
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• The shape of the time decay function, such as exponential
or step-like, which determines the reactivity of the control
strategy to changes in the spatial process. We typically
select an exponential time decay function as it is appro-
priate for most spatial phenomena.

• the parameters ϵ and τ , which define how the data
samples age over time.

We successfully conducted multiple simulations to evaluate
the time-invariant implementation, the exploration-exploitation
trade-off, and the time-variant approach. In the simulations,
the balls surrounding each robot represents its sensing and
communication range. When two balls make contact, it in-
dicates that the robots can communicate and exchange data.
Additionally, anything that intersects the ball can be directly
sensed by the robot. The robots are navigating an entirely
unknown environment.

B. Exploration-Exploitation Trade-off

Firstly, we tested the capability of the proposed control
strategy to balance the trade-off between the exploration and
the exploitation of the spatial process in a time-invariant
scenario. Figure 3 depicts one of the experiments where a
team of six robots is assigned to estimate a spatial process
that represents the temperature distribution in an actual in-
door environment. In these simulations, the hyperparameters
are set with α = 0.1 and ea = 0.04. Initially, exploring
the environment takes precedence over the exploitation. The
parameter α determines the duration of this initial exploration
preference before shifting focus to the exploration-exploitation
balance. Furthermore, even in a time-invariant scenario, the
control strategy is designed to handle time-varying signals:
the corresponding hyperparameters are set with ϵ = 1e−4,
τ = 1e5 and er = 0.05. Figure 3 illustrates the locations
of the robots, the sensing areas for each robot, the Voronoi
partitioning, and the computed centroids to which the robots
are headed as per (6). Additionally, the figure presents the
estimates and the uncertainties provided by the GPR, as
defined by (12) and (13), respectively.

Figure 3 presents the entire experiment from robot 0’s
perspective. Initially, the team is unaware of the spatial field,
leaving the uncertainty model undefined. The robots begin
the exploration phase, collecting samples and data to esti-
mate and model the spatial process and identify areas of
greater uncertainty. As uncertainty diminishes, exploitation
replaces exploration, guiding the robots towards the spatial
field’s high-value regions following a coverage-based control
strategy. A reliable and precise estimation of the spatial
process is achieved after 200 time steps. The trade-off is
managed effectively, prompting the robots to advance towards
the estimated spatial process once it is considered adequately
known. Notably, the robots navigate based on the estimated
field, with an inherent exploration element due to persistent
uncertainty, as observed in the final image of Fig. 3. This
uncertainty is compounded by the control approach’s capacity
to handle time-varying signals, which considers the increase
in uncertainty over time. By periodically pushing the robots
to collect new samples, the control approach can successfully
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Fig. 3. The figure presents three subfigures, each corresponding to a different
time step in a simulation where a team of robots is tasked to estimate and
optimally cover a constant spatial process. The first image of each subfigure
illustrates the robots (represented by large black dots), the Voronoi partitioning
(depicted with black lines), and the calculated centroids of each Voronoi
cell (small black dots), against the backdrop of the spatial process they
are estimating. The second image displays the estimation of robot 0 up to
that moment. The third image visualizes the uncertainty across the domain,
with white areas indicating high uncertainty and black areas indicating low
uncertainty. Due to space constraints, only the process pertaining to robot 0
is depicted.

estimate the signal though this results in greater uncertainty
and a more dispersed arrangement of the robot team in the
exploitation phase.

C. Time-Varying Spatial Field

We assessed the efficacy of our control strategy in managing
the exploration-exploitation trade-off within the context of
time-varying spatial processes. A significant experiment is
depicted in Fig. 4, where a group of robots and the control
strategy must deal with a spatial process that changes over
time. The spatial process and its variations are unknown and
must be estimated by the robots. The spatial phenomena
simulated were derived from an actual dataset from sensors
in the Intel Berkeley Research Lab in 2004.

Like the previous experiment, the balance between exploita-
tion and exploration leans more towards exploration due to a
time decay component in the control strategy, which increases
uncertainty in the estimation, allowing the robots to adapt
effectively to the time-varying spatial processes. We typically
set the estimation error at ea = 0.03, α = 0.1 and use an
exponential decay function as in (22) with hyperparameters
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Fig. 4. The figure presents five subfigures, each corresponding to a different
time step in a simulation where a team of robots is assigned to estimate
and optimally cover a time-varying spatial process. Each subfigure illustrates
various aspects of the simulation: the first image on the left depicts the robot
team (represented by large black dots), the Voronoi partitions (black lines),
and the calculated centroids for each Voronoi cell (small black dots). The
spatial process, which evolves over time and is being estimated by the robots,
is displayed in the background. The second image shows the estimation
by robot 0 up to that moment. The third image illustrates the uncertainty
across the domain, with white areas indicating high uncertainty and black
areas indicating low uncertainty. Due to space constraints, only the process
pertaining to robot 0 is depicted.

ϵ = 1e−4, τ = 1e5 and er = 0.04, creating a function that is
sensitive to any changes in the spatial field of the environment.
Figure 4 illustrates a robot’s perspective. Initially, robots are

randomly deployed, lacking environmental knowledge, with
no GP mean estimate or uncertainty model. Approximately
50 time steps later, they generate reliable spatial estimates
with an associated uncertainty model. The robots then optimize
the balance between exploration and exploitation, maximizing
coverage based on these estimates. Over time, uncertainty
over the estimation fluctuates and increases due to the time-
variant nature of the control approach, which affects the
robots’ configuration via the exploration-exploitation trade-
off (refer to (15)). Around 80 time steps in, when the spatial
field changes, robots gradually discard outdated and incorrect
data that contribute to high uncertainty, prompting a uniform
coverage exploration. The robot team then reevaluates the
spatial field, settling into a new configuration that optimizes
coverage in line with the exploration-exploitation trade-off.
Subsequently, as the phenomenon under estimation changes
again, the control strategy pushes the robots to constantly
sample the environment and exchange data with their neigh-
bors. As the dataset ages and uncertainty raises, each robot’s
estimate is constantly updated, and the team’s configuration
adapts following the coverage control approach.

It is important to notice that decay factors are crucial in
shaping the robots’ behavior and adaptability. A higher decay
factor enables rapid adaptation to dynamic processes with
lowering computational complexity but reduces estimate pre-
cision due to smaller datasets. In contrast, a lower decay factor
improves accuracy but decreases reactivity. Figure 5 shows the
RMSE of each robot’s estimates relative to the ground truth
across multiple simulations, tracking its evolution over time.
The figure also shows the differences between the estimates of
each robot as inter-robot estimate variations in percentage. In
this scenario, a team of 7 robots monitors a spatial process that
undergoes significant changes starting at Time Step 60 using
the proposed strategy. The RMSE of the robots’ estimates is
consistent and shows how the estimates converge towards the
true value of the spatial process over time. Notably, when
a robot temporarily loses connection with its neighbors, its
RMSE temporarily increases. Finally, when the spatial process
changes, a temporary spike in RMSE occurs, as the robots’
have to update their datasets and estimates to adapt to the new
ground truth.

The light gray plot at the bottom of Fig. 5 shows how
the distributed strategy minimizes differences between robots’
estimates. Even in challenging scenarios where the robots are
widely distributed with limited connectivity (for exploration
purposes), the deviation in their estimates remains below
10%. This indicates how the distributed approach provides a
mechanism for the robots to converge on consistent estimates
as they adapt to changes in the monitored process.

D. Data Sampling Validation

This section illustrates the challenges that arise from ac-
cumulating excessive data, which significantly increases the
computational complexity of Gaussian Process Regression.
The constant exchange of data among robots contributes to the
rapid expansion of the dataset’s dimension. Additionally, the
retention of outdated data within the dataset adversely affects
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Fig. 5. This figure shows the RMSE of robot estimates during a simulation
where robots explore an environment with a dynamic spatial process. At
time step 60 (black dashed line), the process shifts, causing a temporary
RMSE increase as outdated data is filtered out. Over time, each robot’s
estimate (colored lines) converges toward the ground truth, while the inter-
robot estimate deviation (light gay plot) remains below 10%, demonstrating
effective distributed estimation.
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Fig. 6. The figure shows two different subfigures, one for each time step, of
a simulation where the team of robots are tasked to estimate a time-varying
spatial process and optimally cover it. Each subfigure shows three aspects
of the simulation: the first image from the left shows the team of robots
(larger black dots), the Voronoi partitioning (black lines) and the computed
centroid for every Voronoi cell (smaller black dots). The spatial process, which
evolves over time is displayed in the background. The second image shows
the estimation built by the robot 0. The third image illustrates the uncertainty
across the domain, with white areas indicating high uncertainty and black
areas indicating low uncertainty. The control strategy implemented in this
example does not incorporate the data filtering procedure. This study aims to
investigate the impact of data filtering on the accuracy of process estimation
updates. Following a change in the process, the robot team is unable to update
the estimation, primarily due to two factors: the computational burden posed
by a large volume of samples and the negative influence of obsolete data on
the estimation of the process.

the training of the Gaussian Process, thereby obstructing the
precise estimation of the spatial process. Figure 6 presents

a scenario where a team of robots is tasked with estimating
a time-varying spatial process without incorporating the data
filtering procedure. The simulation notably shows the team’s
inability to update the estimation of the spatial process fol-
lowing its temporal evolution.

Furthermore, we carried out a series of thorough simulations
to assess the computational benefits of the data filtering
method. These simulations were carried out using Python on a
standard laptop equipped with an AMD Ryzen 5 5600U with
Radeon Graphics. In the simulations, a team of six robots
was tasked with estimating a time-varying spatial process to
achieve optimal coverage. The hyperparameters were set at
ea = 0.04 and α = 0.1, and an exponential decay function
was utilized with hyperparameters ϵ = 1e−4, τ = 1e5 and
er = 0.05. The robots were randomly deployed for each
simulation and the time varying process to be estimated with
a similar shape as of Fig. 6 was randomly varying in the
environment. In each simulation, the robots were deployed
at random, and the time-varying process that needed to be
estimated, resembling the shape shown in Fig. 6, varied
randomly within the environment.

Figures 7 and 8 illustrates that the suggested strategy effec-
tively maintains a manageable data volume, thereby limiting
computational demands while ensuring high-quality process
estimation. Indeed, due to the strategy, there is up to a 68.5%
reduction in the dataset size carried by each robot and up to
a 74.3% decrease in the computational load of the algorithm
operating on the robots. The strategy, while straightforward,
proves effective in handling the volume of samples collected
locally by the robot as well as the volume of data received
from neighbors. Additionally, the strategy addresses outdated
data, improving the time-varying aspect of the methodology.

E. Webots Simulations

In this section we report some of the tests and simulations
we performed on the Webots simulator. This is a mobile
robotics simulation software that provides realistic simulation
environments, robots and devices [52]. Moreover, the provided
robot libraries allow the user to transfer the control programs
to several commercially available real robots. The simulations
aimed to evaluate the proposed strategy in a realistic setting,
diverging from the simplistic representation of robots as mere
points by considering the robot’s dimensions and to check
for potential collisions. Furthermore, this scenario entails
deploying robots over a vast area with significant distances
involved. In such a context, the prolonged travel times of the
robots provide an opportunity to assess the importance of the
data sampling strategy, especially considering the extensive
volume of data that requires processing for accurate estimation
in the absence of this strategy. As depicted in Fig. 9, we
examine a straightforward scenario where a team of 5 drones
is tasked with detecting and monitoring a fire in an open
area with a surface of 100 square meters. In this scenario,
the drones are equipped with air quality sensors capable of
measuring the concentration of smoke in the atmosphere.
As with prior simulations, the hyperparameters are set at
er = 0.04, α = 0.1 and we use an exponential decay function
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Fig. 7. This plot compares the effect of the proposed filter strategy versus
no filter on the size of robots’ datasets over time. The lines depict the mean
size of the robots’ datasets over several simulation runs where the initial
conditions of a 6 robots team were randomly changed and the process to
estimate changes over time, along with a 95% confidence interval. The blue
line, representing the filter strategy, shows that the average dataset size remains
relatively constant over time. This demonstrates the filter’s effectiveness in
selecting only samples that contribute meaningfully to process estimation.
Notably, the dataset size occasionally decreases, indicating the successful
implementation of the sample aging strategy and removal of outdated data.
In contrast, the orange line, representing no filter strategy, shows a steady
increase in dataset size over time. This growth suggests that without filtering,
the dataset becomes computationally expensive and potentially intractable as
it accumulates all incoming data indiscriminately.

with hyperparameters ϵ = 1e−4 and τ = 1e5. Similar to
the simulation in Fig. 3, the drones take off from an initial
configuration and begin exploring the environment to estimate
and model the smoke distribution in the air. After five minutes,
the drones utilize the estimated distribution to optimally cover
the area, concentrating more over the fire, which is the origin
of the smoke.

F. Real Platform Experiments

In this section, we present the experimental results con-
ducted with a team of TurtleBot3 Burger robots. Through these
experiments, we illustrate the effectiveness of our proposed
strategy in real-world scenarios involving mobile robots. This
practical setting introduces a greater level of complexity
compared to our previous simulations, as the control strategy
must account for the dynamics and timing inherent in a
team of differential drive robots. To implement the proposed
control action on these differential drive robots, we used
feedback linearization. The experiments we conducted show
the turtlebot team’s capability to estimate the spatial process
and continuously update this estimation, despite challenges
and inaccuracies arising with real-world robots implementation
compared to the simulation. The experiments were conducted
using the following hyperparameters: er = 0.04, α = 0.1 and
we use an exponential decay function with hyperparameters
ϵ = 1e−4 and τ = 1e5.

Figure 10a illustrates the initial configuration of the team
of robots, randomly placed close to a corner for the exper-
iment. As depicted in Fig. 10b, after an initial period of
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Fig. 8. This graph illustrates the impact of implementing a filter strategy
versus not using a filter on the computation time required by an algorithm
executed locally on each autonomous robot. The lines represent the average
computation times of the robots across multiple simulations. The blue line
represents the control method that includes the filter strategy, showing that
the average computation time stays fairly constant, which suggests the filter
is successful in controlling computational expenses. The line’s variability is
attributed to the time-varying nature of the approach. Conversely, the orange
line, which represents the absence of a filter strategy, exhibits a consistent
rise in computation time and complexity as time progresses.

(a) t = 1min. (b) t = 5mins.

Fig. 9. The illustration depicts a team of drones assigned to assess smoke
distribution in an open environment for the detection and monitoring of a fire.
In this scenario, each drone has the capability to measure the concentration
of smoke particles in the air. The drones first explore the environment
to understand the distribution of smoke and then use this knowledge to
strategically cover the area, focusing more on regions where the fire is most
intense.

exploration phase, the team of robots successfully estimated
the spatial process, aligning with the simulations discussed in
Section IX-C, and strategically positioned themselves around
the identified high-density peak of the distribution. After
approximately 100 seconds, a change occurred in the spatial
field, detected and acknowledged by the team of robots. As
a result, the robots dispersed throughout the environment,
prioritizing exploration over exploitation, aiming to learn the
new scenario and update the estimation of the spatial field, as
shown in Figure 10c. Once the estimation update reached an
acceptable level of accuracy and the environmental uncertainty
reduced significantly, the team of robots transitioned to the
exploitation phase, optimizing coverage based on the new
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(a) t = 1s. (b) t = 100s.

(c) t = 150s. (d) t = 200s.

Fig. 10. The figure shows four different stages of an experiment where the
team of mobile robots is tasked to estimate and monitor a virtual Gaussian-
like distribution in a closed environment. The team of robots initially explores
the environment to estimate the distribution and finally uses this estimation
to optimally cover the environment. After around 100 seconds, the spatial
process changes and the team of mobile robots starts an exploration phase to
update the estimation of the distribution. Once this estimation is accurately
updated and the uncertainty is sufficiently low, the team of robots converges
again maximizing the coverage of the spatial distribution.

density distribution, as demonstrated in Fig. 10d.

X. PERFORMANCE EVALUATION

We conducted a series of simulations with four robots,
randomly varying their initial positions and the spatial dis-
tribution of the process they were estimating. Similar to
previous simulations, we set the hyperparameters at ea = 0.04,
er = 0.05, α = 0.1, and used an exponential decay function
with ϵ = 1e−4 and τ = 1e5 for simulations involving time-
varying spatial processes, and ϵ = 1e−100 and τ = 1e100
for time-invariant spatial processes. The spatial process to be
estimated is randomly generated and based on a mixture of
Gaussian distributions.

In Figs. 11 and 12, we evaluated the proposed methodology
by comparing its performance with several control strategies:
a random exploration, where robots explore the environment
without guidance (green line in Figs.), a plain coverage, in
which robots lack any knowledge of the spatial field and
consequently aim only for uniform coverage (orange line in
Figs.), and an oracle coverage, where robots have complete
and accurate information about the environment and spatial
process, allowing optimal coverage through targeted control
(red line in Figs.).

Additionally, we implemented a state-of-the-art algorithm
from a similar work [33] for comparison. This algorithm
uses a centralized Voronoi approach and GPs to handle
unknown stationary processes, with robots sharing only the
most informative data based on estimate changes. In our
implementation, we used the “naive” data exchange strategy,
as described in [33], where each robot shares its entire dataset
with the others. While this approach theoretically enhances the
coverage process performances, it increases the computational
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Fig. 11. The figure shows the performance comparison between the proposed
coverage-based control strategy with four other approaches in a scenario
where the robots are tasked to monitor a spatial process. The performance
is evaluated by the optimization function in (2), which evaluates the robots
location with respect to the spatial process distribution. The graphs reports the
mean ad the standard deviation with 95% confidence interval. The green line
shows random exploration; the orange line, coverage-based control without
spatial field knowledge; the red line, oracle coverage-based control with full
environmental knowledge; the blue line, the proposed coverage-based strategy;
and the purple line, a benchmark state-of-the-art algorithm [33].

complexity. Since the methodology in [33] does not address
time-varying spatial processes, the comparison to this state-
of-the-art algorithm is limited to static scenarios and not
considered for the time-varying case studied in our work.
We assessed each strategy’s performance in terms of their
proximity to the optimal coverage of the spatial process, which
is defined by minimizing the optimization function in (2).
In this regard, our proposed control strategy aims to achieve
similar performance as the oracle coverage while lacking a
priori global knowledge of the environment and the spatial
field (blue line in Figs.).

Figure 11 shows performance of the control strategies when
dealing with a stationary spatial process, as in the case shown
in Fig. 3. It is worth noting that the proposed control strategy
performs considerably better than the plain coverage, random
exploration and the state-of-the-art algorithm [33] (even with
robots sharing the entire dataset), while it exhibits a slightly
lower performance compared to the oracle approach (i.e., cov-
erage with complete and global knowledge of the spatial field).
This is due to the fact that the robots must concurrently carry
out both exploration and estimation of the unknown spatial
field, which impacts the coverage control as it is influenced
by the uncertainty of the spatial field in the environment.

Figure 12 shows the performance of the control strategies
when dealing with a time-varying spatial process, as in the
case shown in Fig. 4. At 60 ts, there is a significant change in
the configuration of the spatial process. With oracle coverage,
robots are aware of the spatial process distribution as it evolves
over time. When the spatial process changes, the optimization
function experiences a significant increase, and the robots
move to the new position of the spatial process. The proposed
control strategy proves its efficacy in adapting to unforeseen
changes in the spatial process being monitored. Despite having
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Fig. 12. The figure shows the performance comparison between the proposed
coverage-based control strategy with three other approaches in a scenario
where the robots are tasked to monitor a time-varying spatial process. The
performance is evaluated by the optimization function in (2), which evaluates
the robots location with respect to the spatial process distribution. The graphs
reports the mean ad the standard deviation with 95% confidence interval.
The green line represents the random exploration algorithm, the orange line
represents the plain coverage-based control strategy where the robots lack any
information on the spatial field. The red line represents the oracle coverage-
based control in a scenario where the robots have a complete and accurate
knowledge of the environment and the spatial process. The blue line represents
the proposed coverage-based control strategy. After 60 ts there is a significant
change of the spatial process. Both the oracle coverage control method and
the proposed method exhibited a responsive behavior to this change.

no previous knowledge of the spatial process, the robots
efficiently revise their process estimation and re-converge at
new locations that value the monitoring of the spatial field.
As in the previous case, the performance of the proposed
control strategy is only slightly inferior to the oracle coverage
approach. The reason for this is the time decay component
within the control strategy, which heightens the uncertainty
of the estimate, thereby encouraging the robots to explore
the environment. While this component enables continuous
updating of the estimation, it also has a slight negative effect
on the strategy’s performance. Ultimately, the figure illustrates
that the proposed strategy outperforms both the plain coverage
and random exploration.

Adaptive Planning - Comparison

Adaptive path planning algorithms, such as the one pre-
sented in [53], offer an alternative to coverage control for the
coordination and control of multi-robot systems. In their study,
the authors introduce an algorithm that calculates the most
informative paths for each robot to monitor a spatial process,
utilizing Gaussian processes for estimation and uncertainty
computation. Figure 13 presents the outcomes of simulations
conducted to compare two methodologies. Simulations were
carried out with a team of 2 robots assigned to estimate
and monitor a constant spatial process in the environment,
characterized by a simple Gaussian-like shapeConsistent with
previous simulations, the hyperparameters were established at
ea = 0.04, er = 0.05, α = 0.1, and an exponential decay
function was utilized with hyperparameters ϵ = 1e−100 and
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Fig. 13. The figure presents a comparison between the proposed strategy
(blue line), which is based on a coverage control approach, and another
strategy for coordinating a team of robots, introduced in [53], that relies on
an adaptive path planning algorithm (red line). The optimization function
HV (P ) indicates the robots’ positioning in relation to the process they
are monitoring. The lower the value of HV (P ), the better the robots are
positioned to optimally monitor the most critical areas of the environment
in relation to the spatial process. The figure indicates that a coverage-based
control technique performs better in accomplishing this task.

τ = 1e100, appropriate for a constant spatial process. The re-
sults show that, in tasks where a multi-robot system is assigned
to estimate and monitor a spatial process, focusing more robots
on areas of significant interest—those crucial to the spatial
process—the coverage-based control approach demonstrates
a better performance, as show in Fig. 13. Furthermore, the
strategy outlined in [53] relies on a global understanding of
the environment, such as the designation of information points,
and is not distributed, which complicates scaling to larger
teams of robots.

XI. CONCLUSION AND FUTURE WORK

In this paper we presented a fully distributed coverage based
control algorithm to coordinate a group of robots with the aim
to optimally learn and estimate a spatial field and optimally
cover it. The proposed control strategy efficiently manages
the trade-off between the exploration of the environment for
the process estimation and the exploitation of this estimation
to optimally cover the environment. Moreover, we presented
a novel methodology to deal with time-varying spatial pro-
cesses. The multi-robot team adapts its configuration and
the exploration-exploitation trade-off optimization depending
on the spatial field changes over time. The methodology
described in the paper leverages GPs to generate spatial field
models from data sampled and shared among robots in the
environment. As the computational complexity of GPR grows
significantly with the number of training points, scalability
becomes a critical challenge. This growth in data volume
results from both individual robot sampling and inter-robot
data sharing during exploration of large environments. To
address this limitation, we introduce a novel approach that
efficiently manages the computational burden by implementing
an optimized data selection strategy. This method enables each
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robot to maintain a bounded training set while preserving
model accuracy, making the system feasible for large-scale
multi-robot deployments. We evaluated the performance of the
described methodology through several simulations, assessing
the extent of the coverage achieved by the team of robots over
the area. Theoretically, the methodology could be extended
to a three-dimensional scenario where a team of robots is
required to estimate a process in three-dimensional space.
This approach indeed scales well to higher dimensions of
input data without impacting the filtering strategy and the
balance between exploration and exploitation. Nonetheless, the
primary limitations in a 3D scenario may lie in computational
capacity of the robot and data sharing among the neighbors.
A significant limitation of this strategy, inherent to coverage-
based approaches, is that it has been developed and tested
solely in convex environments. Additionally, the strategy does
not account for static or dynamic obstacles within the environ-
ment. Future work will focus on refining the methodology to
consider non-convex and possibly labyrinthine environments.
Additionally, we are investigating sparse Gaussian processes
as an alternative method to reduce computational and memory
complexity. Finally, we aim to carry out experiments using
actual unmanned aerial vehicles.
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