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Abstract—We present an approach to address a multi-robot
persistent monitoring problem, where a team of agents must
repeatedly survey specific points of interest (POIs) within an
area. Our approach models the interest value of each POI with
a heat-like dynamics. Each agent then online solves a nonlinear
model predictive control (NMPC) problem to determine feasi-
ble trajectories that minimize the cumulative heat across all
POIs. The trajectories are parameterized with Bézier curves,
whose control points are used as optimization variables; this
parametrization enables agents to efficiently communicate their
optimized motions. An additional quadratic optimization layer
adds safety guarantees while a central unit updates the global
POIs’ map. The method has been validated in simulation and real
experiments, demonstrating that the algorithm can run online
and on computationally limited hardware platforms. In addition,
an extensive simulation campaign compares our NMPC against a
state-of-the-art baseline across 90 randomly generated scenarios
with different numbers of POIs. Our NMPC outperforms the
baseline along the considered metrics, attaining lower robot
velocities.

Index Terms—Multi-robot, monitoring, coverage, Nonlinear
Model Predictive Control.

I. INTRODUCTION

ULTI-ROBOT systems promise increased efficiency

in applications such as environmental monitoring [1],
inspection of industrial plants, precision agriculture [2], and
surveillance [3]. In this context, heterogeneous robotic teams
have gained significant attention [4]-[8], as the deployment
of robots with different capabilities, such as sensor types,
mobility constraints, and endurance, can address complex and
large-scale tasks with enhanced resilience and efficacy.
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Fig. 1. Picture of the envisioned scenario. Two UAVs monitor repeatedly
some POIs. Optimal trajectories and control points are depicted projected on
the ground.

A substantial body of research addresses challenges in
coverage and area search due to their significance in practical
applications. While these tasks differ slightly, they both in-
volve planning motions based on a distribution of information
across the terrain [9], which may reflect physical quantities
or the likelihood of a target’s presence. Indeed, performing
full coverage of an environment, unless strictly required by
the task, is highly inefficient and time-consuming when some
knowledge can be utilized to prioritize certain areas or to
guide motions more effectively. In particular, spatial area
functions are used in various domains: intruder detection and
search-and-rescue missions [10] to represent the probability
of locating or intercepting [11] a target; agricultural spraying
to encode chemical release patterns [12]; cleaning robots to
model dirt accumulation [13]; and environmental monitoring
to indicate pollution levels, debris [14] or hazardous substance
concentrations [15].

Despite significant advancements, deploying multi-robot
systems in real-world scenarios remains challenging. Robots
must adapt dynamically to changing conditions, optimize
motion within safety and operational constraints, and use de-
centralized control for scalability and resilience. Furthermore,
control frameworks should be flexible enough to accommodate
heterogeneous robotic systems.

Within this context, this paper addresses a multi-robot per-
sistent monitoring problem where a team of agents, possibly
heterogeneous, has to survey some points of interest (POIs)
repeatedly (see Fig. 1). These POIs might correspond to
localized spots that must be observed, or the result of a


https://orcid.org/0009-0009-7493-1944
https://orcid.org/0000-0002-2460-1914
https://orcid.org/0000-0002-6089-2333
https://orcid.org/0000-0001-7539-9157

non-uniform discretization of areas we want the robots #n optimal sequence of waypoints must be computed [17],
traverse [16]-[19]. Whenever the number of the POls is Iefk3]. In these approaches, the visit order of the POls is
than or equal to the number of agents, the problem caften determined ofine using adaptations of the traveling
be regarded as a task allocation or a static coverage. Mgeesman problem (TSP), which is NP-hard. For example, the
interesting is the case in which the number of POls exceealsproach in [18] solves a TSP to determine the POIs' visit
the number of agents; thus, a static deployment [20] would beder, performs a greedy optimization to compute the points
inef cient. The agents should then plan motions to maximizebservation periods, and then generates B-spline trajectories
coverage over time, i.e., cover the highest humber of PQts ensure smooth and feasible motion for a single drone.
and minimize the time between the visits. In addition, the A variant of the coverage is also the so-calkadareness
time spent on each POl may be affected by the time elapssaverage control, which introduces dynamic function to
since the last visit. In this sense, the presented applicatit@present robots' awareness of the domain [29]. This concept
shares some scopes with surveillance [21] and pursuit-evasi®rexplored in [30], and with an awareness loss term in [19],
problems [22]. [31]-[34], where the awareness decays in time with a given
Based upon our previous work [23], our approach chagonstant, and the agents must move persistently over the
acterizes the POls by their coordinates and a scalar vali@main. In particular, in [33], the awareness function is used
representing application-speci ¢ quantities. These values cas a time-varying density in a Voronoi-based coverage, and a
correspond to the probability of detecting an intruder, lacal gradient-based control law is derived; a discrete cooper-
missing person, a gas leak, or model and information gaitive controller based on the concept of cellular automata is
linked to a time-varying phenomenon to be monitored. Theoposed in [32]; while the work in [31] formulates a linear
single POI's value function is shaped a®# Gaussian that optimization problem to derive a periodic speed controller,
grows and expands while the agents are far from it; thus, th#ll, the approach is not dynamic and only the leader agent
entire information distribution can be seen abemtmapthat moves along the path. In [19], periodic motions are com-
dynamically varies depending on the current robots' locationguted optimizing agents' speeds and initial locations on a
By making these quantities increase over time if no agentdsvenclosed-path connecting mission points. However, making
near a point of interespersistentmonitoring is achieved, as robots move sequentially along a single closed path strongly
shown later. restricts agents' mobility. Finally, the approach in [34] consid-
The use of a dynamically evolving quantity to characterizérs an unknown loss of awareness and proposes a combination
coverage quality is not new in the state-of-the-art; howeveaf a gradient-based nominal controller and a perturbation one
most approaches do not leverage an optimization horiztih balance exploitation and exploration. Similarly, a multi-
and often ignore the constraints inherent to real robotiggbot search and rescue problem is addressed in [16] by
systems. In contrast, we solve the monitoring problem usidg ning a dynamic reward function based on Gaussian radial
a nonlinear model predictive control (NMPC) that predictbasis functions, which is used to generate gradient-based
the POI model's evolution and computes optimized, feasibkelocity references. None of the above approaches considers
motions to accomplish the task. A convenient motion param@Aa optimization horizon nor the use of heterogeneous agents
terization allows theonline solution of the nonlinear problem with different mobility constraints, as the presented work.
and additionally facilitates multi-robot coordination, even in A combination of reward functions and variable time-step
heterogeneous settings. The proposed framework introducé¥RC is proposed in [11] for intercepting multiple targets, but
fundamentally different approach compared to current sta@ply with a single UAV. In [9], an online receding horizon
of-the-art methods, as detailed below. ergodic control approach is proposed for coverage, search,
and target localization. Speci cally, the approach leverages a
continuous spatial distribution to represent information. This
A. Related works distribution is nonparametric and can be constant in time
Coverage problems usually leverage Voronoi partitioningnd known, or estimated by the agents. The methodology
of the environment, assigning to each robot a region tiien employs local control computation and globally shared
dominance [24]. Agents may be tasked with covering thisformation so that the agents' trajectory statistics match the
whole region of interest either uniformly or with a givendistribution ones.
spatial density [25], [26], converging to an optimal deployment
con guration, which may vary if the density changes - Contribution
time [27] or if it is linked to a dynamical function [6]. We propose a dynamic online motion planning approach
In several works, the robots are then led to the center lshsed on NMPC for persistent monitoring of discrete points.
their Voronoi partitions using controllers synthesized throudbinlike most cited works, we propose a more complex control
gradient-based methods [25], model predictive control [2&amework to account for constraints. Differently from [19],
and constrained quadratic problems [25]-[27]. we do not employ closed paths, and we provide a solution
However, coverage often assumes that the robots can cabext also allows static deployment cases. Our approach differs
the whole region, i.e., the union of their sensing areas com [9] as we only consider localized spots of the domain
cover the entire domain. When such an assumption does wdiile relying on a dynamical model to quantify and predict
hold, more complex motion planning is needed, and the proteverage cost evolution. The methodological contributions of
lem becomes closely related to coverage path planning, wherte work are summarized in the following.



Fig. 2. System architecture—A ground control station (left) updates the global Points of Interest (POIs) values using agents' positions. The agents (center)
retrieve the global map heat valuegrom the central unit and communicate their optimal trajectories through control points on a common network. Trajectories
are obtained by locally solving a NMPC and a QP (right); the blue boxes denote local computation units, and use as inputs the global heats from the GCS,
the shared control points, the robots' positions (which can either be globally shared or locally sensed), and on-board sensors measurements.

We present an NMPC to perform persistent POIs mon- The control objective is to reactively control the agents'
itoring, which generates locally optimal, parametrizechotions to minimize the heat values without violating the area
motions for task execution. Building on our previoud®ounds, the dynamic constraints, and avoiding collisions.
work [23], tailored for a single UAV, we propose a novel

formulation that incorporates motion parameterization I1l. METHODOLOGY

to enable ef cient computation and broad applicability This Section details the proposed methodology. Sec-

\a/t\c/:ross dlﬁelrentt;obot|c systﬁms. ted in 1231 t tion IlI-A presents the overall architecture, the trajectory
c %_enetra:jlze _etaptproac_t preser_ltﬁ n [It' ] k())tena rameterization is introduced in Sec. IlI-B, while Sec. lI-D
coordinated persistent monitoring With a muit-tobot SYSs e qants the dynamic function associated with the points of

tem. To this end, we: i) modify the POls hea}t-hke_ f’y”? _Interest. The discrete-time optimization problem is formulated
ics, making it dependent on multiple robots' positions; iij, goc 'y)1E and II1-F, while the safety layer is presented in
propose a mixed centralized-decentralized framework &, .~ £ ’

which all optimization problems are solved locally by

each agent. .

. . L ) A. System architecture

The overall framework is tested in realistic simulations across _ . . .
Figure 2 illustrates the system architecture. We consider

different case studies, with both homogeneous and hetero ,
geneous robotic teams. A statistical analysis of the resuﬂsteam of heterogeneous agents that can localize themselves

obtained ove90 simulations demonstrates that our approa&ﬁ'th'n a common reference frame and communicate over a

outperforms the baseline within different numbers of Pofglly connected network. The system assumes the presence
in the single-robot scenario. Additionally, it is experimentall?f & ground control station (GCS), serving as a central unit,

validated with two aerial robots. hat updates the POIs' values based on the agents' positions

values retrieved from the GCS, and the information shared by
other agents to solve the NMPC locally, as better explained in
the following sections.

Consider a convex area RS2, for simplicity modeled as
a cube of dimensionk, 1y I, that has to be surveyed byB. Reference Trajectory

a team ofN > 0 agents. The area contaifs > 0 points of  pjfterently from [23], motion trajectories for the robots are
interest identi ed by their coordinates; =[ «;; vy, I' 2 RZ_ parameterized using cubiceBier curves whose control points
with i =1;:::;M. WhenM = N, the optimal solution is 5re ysed as decision variables in the optimization problem
trivial, as each agent should cover precisely one point; instegftlined in Sec. I1I-E. Given the optimized control points, the

for M > N , our objective is to cover all the POls periodicallysetpoimspd(t) 2 R3 can be computed at each time instant
We assume that the POI distribution has been speci ed by tB9 sampling

user or a higher-level task planning module, depending on the
task, the current environment, and the operative conditions. dres _ 3 t P ¢t P
We associate a continuous interest value to each point, whose P v = p 1 T T
dynamic depends on the agents' positions. From now on, such p=0

a value will also be referred to dsat due to the similarity and its derivativepd(t), pd(t), wheret 2 R is the time
of the crafted dynamic equation to the heat diffusion modefariable,c, 2 R3, for p = 0;:::;3, are the four control
as will be detailed in Sec. IlI-D. points that describe the curveﬁ = ﬁ is the binomial

Il. PROBLEM STATEMENT

Cp; (1)



norm. Each element of the vector depends on the distances
of thei-th POI from an agent and evolves according to

X
+=he(li) + ha(lij 5 i); 4)

j=1
whereh, andhy denote the heat rise and decrement functions,
respectively, and the dependence on time is omitted for con-
ciseness. The distance of th¢h point from the nearest robot
is given by

Ii = mjin Iij )

wherel; = k p; ik is the Euclidean distance of theh
POI from thej-th agent's position projected on the ground
through the projector 2 R? 3.

The rising part is described by

he (i) =2 K; rf 12 secf(rf 12); )

where sech) is the hyperbolic secant function and/,
Fig. 3. POIs dynamics functions evolutions obtained witge =10,k = i 2 Rare two constants related to the maximum value of the
1, min =0:25 max =1:5. incremental part. By choosing = 1=I"* | with ["™* > 0
being the maximum distance that an agent can attain from
) ) o ) the i-th POI, the incremental part in (5) reaches its peak
coefcient, and Ty > 0 is the prediction hOI’IZ?I’I. In the yalue before the maximum allowable distance from the point
following, we will refer with C = cg;ci;cj;c3 2 R™¥ s reached, and becomes approximately zeto=a2 | . The
to the stacked control points vector. valuesr; are set by design and can be computed easily given
The trajectory parameterization reduces the optimizatigRe area size.
problem’s dimensionality and introduces a continuously de- The descending part, instead, is maximum when the agent
ned motion curve that can then be sampled at any desirggpositioned on the POI and is given'by
frequency. Additionally, control points optimize intra-agent 5 2!
communication, as the full optimal reference trajectory can ha(ly ;1i; 1) = (K 1 le + I

+ )5 exp ;
be communicated througB. at i) 2 7 P 27

(6)

where (i) = min +tanh? K i ( max min ) IS the
C. Agent model i-th Gaussian distribution variancenh( ) is the hyperbolic
We assume that each robot is equipped with a low-levlngent functionK}, 2 R andK' 2 R are constant gains,
tracking controller and de ne aagent modethe closed-loop and[ min ; max] 2 R? are minimum and maximum values.
response of the controlled system. be2 R" be the robot Equation (6) de nes a decrement term that depends on both
state andu 2 R™ the low-level control input, a generic statethe current heat and the agent's position, with its in uence
model in af ne form can be written as decaying exponentially with distance. Moreover, the Gaussian
@) variance—governing the spatial extent over which a robot
affects a POl's heat—increases as the heat grows, thus at-
wheref : R" ! R" andg:R"! R" R™ are continuously tracting agents. The model in (4) extends the POIs dynamics
differentiable functions. The control input in (2) is computethtroduced in [23] to the multi-robot setting by making the heat
by the robot's low-level controller using the current statevolution depend on multiple robots' positions, and reduces to
and the reference trajectory. Therefore, by employing tllee one in [23] wherN = 1. In particular, the rise term was
parameterization described in Sec. IlI-B, the controller catesigned to depend only on the nearest agent; in this way a
be represented as a functitn R* R" RP! R™, je. single robot can prevent a point from heating up. Conversely,
U = K(t x:C): 3) the heat decreases more rapidly when r_nultiple .agen.ts converge
A on the same zone. The use of the minimum distdnde the
The agent model is then given by (2) and (3), and the conti@gcreasing function is not strictly necessary for the coverage
problem consists of computing the optimized vector of contréiisk. However, it makes the th POI heat decrease more
points C. sensitive to thg th robot control points variation, if it is the
nearest agent. Although this may reduce the ef ciency of heat
decrease, it promotes better domain separation among agents.
In addition, in [23], the heat was constrained to be strictly

_ C e T M H
The vector = [ 4;:5 m]' 2 RY contains the heat yssitive:; here, we allow it to attain negative values by choosing
values associated to the POls. These values re ect the overall

coverage task performance, and robots must minimize itSin the caseN =1, the terml; is set to zero as it coincides with .

x = f(x)+ g(x)u;

D. POls dynamic model



K > 0. As the norm of ; is minimized, agents move awayAlgorithm 1 j-th agent NMPC Loop
from the point of interest as soon as its value reaches zero. TRgquire: Initial xj; o

interest or areas on the map; consequently, more erratic motid@quire: rst C ; o;
patterns are generated, as illustrated in Sec. V. For a clearer Initialize statexj;o  X; (0),
understanding, the functions' evolutions are depicted in Fig. 33: Initialize heats with values from the GC$ ¢ (0)
while further considerations are reported in the Appendix. 4: while runningdo

Equation (4) depends on all agents' positions and is utilized:  Update ;o with GCS values, and;; o,
by the GCS to continuously update the global map using thé:  if new valueshen updateC
actual robots' positions. By periodically retrieving updated val-7:  Solve the NMPC optimization problem to obtain
ues, agents maintain coherent POIs' states across the team. The Cj,; 8p=0;:::;3
model (4) describes how the POIs' heats vary on the basis df Computeajd( T)
the current state and the agents' positions, it can be included @ end while
the NMPC to predict the heat evolution and optimize motions
accordingly. However, each agent optimizes its trajectory in
a decentralized way, and it is assumed to be unaware of thbereN; = T;= t with t being the sampling timei 2
remaining robots' motion models. Therefore, single agents cRY M indicates a positive de nite weighting matrix is
leveragesharedcontrol points for decentralized optimizationthe state set the input set, and/; the robot velocity. The
In fact, these points allow each robot to reconstruct othadditional terms in the cost function are
agents' optimized reference trajectories over the horizon and

use them instead of the predicted positions. Then (4) can be Jo = Kk X kvd K2 (15)
evaluated by th¢-th agent using the distances b Y
— d e Qe ; 1
I, =k A ik %r2f1,...,Ngnf|g b = ku'\b( g K 16)
i =min [ ;minl;, ; k=1
r %f

wherep? is computed according to (1) usi® = fcy; | = Jo = ko kplk P kK (17)
0;:::;3;8r 2 f1;,:::;Ng nfigg that contains the received k=1

control points, whild =k p; ,ik contains the predicted where J;, minimizes velocities to avoid bounds' saturation,
position. In this way, other agents' control points are iNCOrpo; is Lsed to minimize the robot's control input, adg is

rated within the optimization horizon, enabling the prediCtiOHJ’lrJegularization term, with qu +1 being the previous optimal

of the POIs’ heat evolution due to team-level motions. reference trajectory, which penalizes deviations from the pre-
viously computed optimal solution, thereby improving other

E. Optimization problem agents' predictability. Finallyky; ky; k; are positive gains.
Notice that (12)—(13) are continuity constraints on the

This section formulates the NMPC problem solved byeterence trajectory and thatd o, v, can be expressed in
the j-th robot, employing the Ezier curve parametrization cjnsed form as linear combinations of the control points
introduced in Sec. IlI-B, and the prediction models presented

in Sec. III-C and lI-D. In the following, the notatiof ), pﬁo = Cjqo; (18)
indicates that the quantity refers to theh agent, while the g
subscriptk indicates that it is evaluated at tintg. Each Vio = f(ci;l Cj;0); (19)
robot computes the optimized control points by solving the
following discrete-time nonlinear problem (NLP) where (18) constraints;; o to coincide with the actual robot's
position. If smoother accelerations are needed, an additional
_ X ) constraint in the form of
Lmine Kk ki + iy + Jju + Jjr (7)
XL S ey aflg=af, (20)
sit: discretized versions of (2(3); (4) ’ ’
Cipp 2A for p=0;:::;3; (8) can be added on initial reference acceleration, \Mh(ﬁrp is
i 2 A ©) the previously computed optimal value. Equation (14) imposes
ik initial conditions, using asy the latest available value received
Xjx 2 X (10)  from the central control station. The problem (7)—(14) is solved
upk 2U (11) with period t, obtaining the optimized control points; from
8k2f1:::;Nsg; these, the new po_sition, velocity, aqd acceler_ation setppints can
pﬁo = p; (0); (12) be computed. Notice that the NLP is solved in a receding hori

' zon fashion, sending to the robot's low-level control system
Viio = Vi (0); (13) only the setpoints evaluated at the next sampling instant. The
Xip0=Xj(0); o= (0): (14) overall NMPC execution loop is summarized in Algorithm 1.



F. Safety platforms: a at quadrotor, as uncrewed aerial vehicle (UAV),

In the NMPC problem (7)—(14), different kinds of con-2nd a unicycle, as uncrewed ground vehicle (UGV). In both
straints can be included to address collision avoidance wiASes, the subscriptindicating the robot index, is omitted for
other robots. A common choice to avoid inter-robot collisionde ease of notation. These two robots are introduced below
in coverage tasks is to introduce a buffered Voronoi-bas@fd subsequently utilized in various scenarios in Sec. V.
constraint [35]. Taking inspiration from this and leveraging
shared control points, half-space constraints can be enfordedUncrewed Aerial Vehicle

as | Among UAVs, at quadrotors utilize reference trajectories
d 4o ! to control both position and yaw angle. Since our primary
pr;k pl, 0 . . . . f
P ——— Pit* rskprik 0, 8r 8 i; (21) focus is on agents' positions, we neglect the yaw angle: this
simpli cation is justi ed in cases where the orientation is not
with p; = kp‘r’.k pi.ok andrs > 0 a positive constant. critical to the task at hand, such as when a downward-facing

The constraint (21) is imposed along the prediction horizaramera on a gimbal is mounted.
and is calculated by thie th agent using its measured initial Introducing the full nonlinear model [40] and the controller
position and the predicted trajectopf!, of ther th robot, expression in (7) would not only complicate the problem,
computed from previously shared control points. This choidggaking it challenging to solve online, but also add unnecessary
preserves the constraint linearity in the decision variables ag@mplexity for our purposes; thus, we opt for a simpli ed
makes the separating plane move along the horizon dueagproach, assuming that the closed-loop response of the posi-
other robots' motions only. Nevertheless, although the tasknal part can be described by a double integrator model.
tends to drive agents apart, such constraints can overly resthtareover, such a model is suitable for every vehicle not
robots' motions. subjected to nonholonomic constraints. bet2 R® with
Therefore, we propose a cascaded approach where a satety p'™ v T be the state vector, wheng 2 R® and
layer, executed at a higher frequency, allows the systemwo2 R® are the drone's position and velocity, respectively.
react to changes in the environment more effectively. Thithe closed-loop model is then given by
safety layer can be applied either with or without avoidance _ i 26
constraints enforced in the NMPC problem, potentially reduc- = Vv g § § (26)
ing the computational complexity, at the cost of disregarding v = Kip® p+Kzp v +p7 (27)
them in the planning 'phase. 'Speci cally, the considered Saf%erepd, pd andp? 2 R3 are the desired position, velocity,
layer enforces collision avoidance and boundary constrainf§y acceleration vectors respectively as computed from (1),
by de ning appropriate _h|gher-order control barrier fur_lctlon§vhi|e K1 = diag(ke.1; Keo Kes), Ko = diagKa1; Ko:2; Ka:3)
(HOCBFs) [36] and projecting th(_a reference acceleration onfees de nite positive gain matrices.
the safe set through the quadratic problem (QP) In the case of UAVs, if the ight height is not xed after
min ku  a%k? (22) the optimization, another term in the cost function can account
S _ for a nominal ight heightz?
sit: au b 82N, (Avoidance) (23) f
Apu by (Boundary)  (24) 5, =, erpl ¢ 2. with e3=[0;0;1]": (28)
Amin u Amax (25) k=1

wherea;, b, Ap andby can be computed from the CBFs, a .

in [37], [38], the model, and depend on the measured statfe, Uncrewed Gr_ound Vehicle ) )
while amn andamax are input limits. Finally, the reference UGV; are mainly yvheelgd robots subject to no.nholonomlc
acceleratiorad is obtained by sampling the second derivativeonstraints whose kinematic model can be described by

of the Bézier curve. The resulting optimization problem is
minimally invasive[39], convex, and can be solved online
at a higher rate than the nonlinear one, possibly employiMerex;y 2 R are the Cartesian coordinates of the contact
obstacle measures obtained with onboard sensors, or samphfit of the wheel with the ground, 2 R is the orientation

the reference acceleration at a higher frequency. andv 2 R and! 2 R are the driving and steering veloc-

In the following simulations and experiments, CBFs havées, respectively [41]. Different control laws are available
been computed assuming that the other robots' velocity figr trajectory tracking [41], both for rst and second-order
unknown and thus resorting only to current position valuekinematics models. A second-order model (26)—(27) could be
We highlight that the QP in (22) can also be used to enfortéed, for example, in the case of a dynamic feedback lineariza-
additional safety constraints, such as obstacle/area avoidari€® controller [42]; however, this control approach requires
as shown in Sec. V-A, where the avoidance task (23) has bdisistent trajectoriefs  0) which could not be optimal in
reformulated to operate outside of a no- ight zone. the problem here addressed. We therefore assume the presence

of a tracking controller based on input/output linearization,
IV. CASE STUDIES MODELS obtaining as linear and angular command velocities (26)-(27)
To validate the proposed methodology, the nonlinear prob- U,COS Uy Sin

lem outlined in Sec. Ill-E is applied to two mobile robot V= uj;cos + upsin; ! = b ; (30)

x_=>gx;_T=vcos;vsin;! T; (29)




with
— d d . — d .
Uur=Xp+ki Xp Xp ; W=Yp+ka Vp VYp ;

wherexp;yp 2 R are the cartesian coordinates of a point P
located along the sagittal axis of the unicycle at a distance
jb from the contact point of the wheels on the ground [41],
andkj, k, are strictly positive gains. With this choice, (29)
corresponds to the robot model (2), equations (30) replace (3),
while the termJ,, in the cost function is given by

f
Ju = KoV + ki ! 2: (31)

k=1
Unlike the aerial robot, evaluating the POIls cost function at (@)
(x;y¥), which corresponds to the wheel contact point, may be
inef cient for visual monitoring tasks, as UGVs usually mount
forward-facing cameras. Thus, a better choice is to evaluate
the cost function at P, and plan motions referred to this point.

V. SIMULATIONS

This section presents simulation results in both single-robot ®)
and multi-robot scenarios, including cases with homogeneous
and heterogeneous teams. The scenarios explored are:

a single quadrotor,
a team of a quadrotor and a unicycle,
a team of three quadrotors. (c)

Additional tests are shown in the accompanying videgim-
ulations are performed in a ROS2 Humble-Gazebo Garden
environment, employing the PX4 rmware software in the
loop (SITL) for the quadrotor simulation and the Trutlebot3
modef. The nonlinear optimization problems described in
Sec. llI-E, llI-F, IV-A, IV-B are formulated with CasAdi [43]
and solved with Ipogtand HSL MAS? linear solver. The QP
presented in Sec. llI-F is instead formulated and solved with
the OSQP library [44].

A. Case study: single UAV (d)

The rst simulations involve a single drone tasked WitH:ig' 4. (a) Path covered by the drone with the initial and nal position marked
with a cross and a dot, respectively. The POls are marked with circumferences

covering ve points of interest within a map with dimensions radius max . (b) Heat values time evolution. (c) NMPC Cost function time

Ix =2:5mly =45 m,I, =3 m. The NMPC is solved evolution. (d) Time evolution of the metriEy (i) 8i = 1;:::; 5, compared to

with T; = 1:5s and t = 0:05 s for both the control and T, (top); time evolution of the metrimax(T; (i)) 8i =1;:::;5 (bottom).

the prediction steps; the QP is instead solved with sampling

time dt = 0:005 s. The maximum acceleration is constrainethe simulation results show the emergence of a period-like

by imposingjaxy;, j  2:0 m/$, while the planar velocity motion that covers the ve POls sequentially. This is also

jVxyl 07 m/s. The gains ar&; = 5013, K, = 1013, evident by evaluating the evolution @f, (i), 8i = 1;:::;M,

kz =1:0, ky =0:2, H = Iy . The regularization term is not which corresponds to the time spent by the agent near each

employed in the single robot case, whitg is set to zero. point (i.e.,l; < max ). This metric, depicted in Fig. 4d (top),

Finally, continuity of acceleration is imposed through (20). shows a linear increase in time that is comparable with the
The heat dynamics parameters are chosens@s = 0:1, one given byT,, =t + Tm? , whereT =150 s,M =5,

M
max = 0:5, K, = _Kd = 1m . K = 0:3_141M » 0= 51M - Tmin = kLVT_iyn «» and indicating withkvy,, k the norm of the
The resulting motion is depicted in Fig. 4a, while Fig. 4enean planar velocity, and withm, the length of the optimal
and 4b contain the time evolution of the cost function angath connecting all POIs with rectilinear segments. The term
the values of the heats, respectively. As visible in Fig. 4a=M corresponds to an equal time division among the POls,
) while TmT—” accounts for the time needed to travel from one
https:/lyoutu.be/FSCRAGYzKz0 oint to another in the optimal visit order—computed b
3https://github.com/ROBOTIS-GIT/turtlebot3 P . p . p . y
4https:/icoin-or.github.io/lpopt/ solving a TSP—at the same mean velocity of the simulation.

Shttps:/llicences.stfc.ac.uk/product/coin-hsl Conversely, the metrimax(T; (i)), de ned as the maximum




@

@
(b)

(b)
Fig. 6. (a) Path covered by the drone and the rover with the initial and nal
position marked with a cross and a dot, respectively. The POIls are marked with
circumferences of radiusmax (top). Heat values time evolution (bottom).
(b) Time evolution of the control inputg and! .

©

and the avoidance task achieved by enforcing the constraint

hi(p) 2 hi(p) °; (34)

(d) with 1 and ; strictly positive constants. Fig. 5a shows how

Fig. 5. (a) Path covered by the drone with a no-y zone indicated by tihe no-y zone modies the path; notice that the NMPC
red circled area. (b) Heat values time evolution. (c) CBF time evolution wity naware of the constraint and that the task performance

d=1:0m, gains 1 = 0:7, » = 0:7. (d) Desired (dashed) and actual .. . . . .
(continuous) reference acceleration. consequently degrades, as visible in the heats' evolution in

Fig. 5¢c. The CBF value is depicted in Fig. 5b while Fig. 5d

time interval in which the agent is far from thieth POI shows the desired acceleration references and the safe ones
computed from the QP.

(Ii > max ), converges to a constant value after the transitory,
as visible in Fig. 4d (bottom). These results indicate that all
points are persistently and effectively monitored over time. B. Case study: UAV and UGV

~ Another simulation is carried out imposing a no-y zone simulative results with an unicycle and a drone are pre-
in the map that occludes a point of interest. This test aingnted in the same scenario outlined in the previous section,
to simulate the impact of an unforeseen operational constraéiploying equal coef cients for the POIs' dynamics. The
that interferes with the primary task. The avoidance of thigadrotor NMPC parameters are those employed in the single-
area is obtained only through the safety layer, employingrapot case, except fok, = 0:05. Unlike the UAV, the

double integrator model and the CBF unicycle's NMPC is solved with prediction horizdh =1:5s
, and sampling time t = 0:1 s. It is important to note that
ho(p) = k p ok® d (32) the agents are required to share only the prediction horizon

value, while they may use different prediction steps due to the
whereo 2 R? is the center of the area anklis the minimum parametrization. The parameters used for unicycle's NMPC
distance. Since the relative degree of the system is two, thek, =40,k =2:0jvj 05m/s,k, =0,j!j 1:5rad/s,
higher-order CBF can be de ned as ki = 2, k, =2, b= 0:35m. Figure 6a shows the path
covered by the two robots, without imposing constraints (21),
hé = hy+ 1ho; (33) and the time evolution of the POls values. The rover position
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