
14 July 2026

Alma Mater Studiorum Università di Bologna
Archivio istituzionale della ricerca

Pichierri, L., Carnevale, G., Notarstefano, G. (2024). Distributed Feedback Optimization for Multi-Robot
Target Encirclement and Patrolling. 345 E 47TH ST, NEW YORK, NY 10017 USA : IEEE Computer Society
[10.1109/case59546.2024.10711694].

Published Version:

Distributed Feedback Optimization for Multi-Robot Target Encirclement and Patrolling

Published:
DOI: http://doi.org/10.1109/case59546.2024.10711694

Terms of use:

(Article begins on next page)

Some rights reserved. The terms and conditions for the reuse of this version of the manuscript are
specified in the publishing policy. For all terms of use and more information see the publisher's website.

Availability:
This version is available at: https://hdl.handle.net/11585/1013610 since: 2025-04-01

This is the final peer-reviewed author’s accepted manuscript (postprint) of the following publication:

This item was downloaded from IRIS Università di Bologna (https://cris.unibo.it/).
When citing, please refer to the published version.

http://doi.org/10.1109/case59546.2024.10711694
https://hdl.handle.net/11585/1013610


Distributed Feedback Optimization for
Multi-Robot Target Encirclement and Patrolling

Lorenzo Pichierri, Guido Carnevale, and Giuseppe Notarstefano

Abstract— In this paper, we address multi-robot target mon-
itoring and patrolling tasks via distributed feedback optimiza-
tion. In particular, we design a distributed policy to steer a
network of peer-to-peer robots toward a configuration mini-
mizing a comprehensive index cost taking into account three
different goals. First, the robots aim at disposing in a formation
enclosing a given target. Second, each single robot aims at
placing itself as close as possible to a specific point of interest.
Third, the robots need to avoid dangerous locations modeled
according to a suitable potential. To model this overall task, we
resort to the formalism of aggregative feedback optimization, a
recently emerged framework in which the goal is to minimize
the sum of local functions each depending on both local (e.g., the
position of a robot) and global variables (e.g., the barycenter
of a team of robots) while concurrently taking into account
also the robots’ nonlinear dynamics. We test our distributed
strategy via realistic Webots simulations of a team of Crazyflie
nano-quadrotors in a ROS 2 framework.

I. INTRODUCTION

Recent years have seen an impressive increase in the
employment of teams of multi-robots for a wide range of
tasks, see, e.g., [1] for a comprehensive overview. In this
work, we investigate the framework in which a team of
robots wants to cooperatively monitor and encircle a common
target while, at the same time, each robot also has to patrol
a specific point of interest.

Many researchers have addressed the issue of encirclement
and patrolling in multi-robot frameworks using many dif-
ferent approaches and methodologies. In [2], the authors
propose a self-organizing algorithm for multi-robot target
encirclement, considering simple robots, with limited com-
munication and capabilities. The task of monitoring and
cordoning has many links with surveillance tasks. A coverage
control approach has been used in [3]–[5] for surveillance
purposes. In [6], a distributed, multi-objective algorithm
is designed to detect intruders and protect sensitive areas.
Authors in [7], [8] address the problem with a team of
autonomous vehicles aimed at maximizing the amount of
time needed by an intruder to reach a target. The work [9]
investigates the surveillance tasks using a team of water
vehicles.

This paper models the multi-robot task by resorting to
the formalism of aggregative optimization. Indeed, such an
emerging framework is gaining increasing interest in the
context of cooperative robotics [10], [11]. In this field, a
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network of robots aims to minimize an objective function
given by the sum of local functions which depend on both
local decision variables (e.g., the position of the robot)
and an aggregation of all of them (e.g., the barycenter
of the team). The first work studying this new class of
problem is [12], where an unconstrained and static scenario
is considered. In [13], [14], the problem has been extended to
deal with constrained and time-varying scenarios. Feedback
optimization in the aggregative scenario is studied in [15]
(and in the related preliminary version [16]).

In fact, this latest work, unlike all the others mentioned
earlier, also takes into account the dynamics of local plants
whose state coincides with the decision variable of the op-
timization problem. Moreover, it assumes that the gradients
of the unknown functions of the optimization problem can
only be measured according to the current configuration. This
approach is known in the literature as feedback optimization,
see, e.g., [17] for a recent general survey and [18] for a
distributed approach.

In this work, we propose a distributed approach for
multi-robot target encirclement and patrolling. Specifically,
we consider the problem of (i) cooperatively encircling
a common target, while concurrently (ii) patrolling a set
of specific points of interest and (iii) avoiding possible
dangers modeled with a suitable potential. To accomplish
these tasks in a distributed fashion, we rely on aggregative
optimization, a recently emerged scenario in which the goal
is to minimize the sum of local costs each depending on
both network quantities (e.g., the robots’ team barycenter)
and local ones (e.g., single robot location). In order to handle
both robot (nonlinear) control and optimization at the same
stage, we consider a feedback optimization point-of-view. In
particular, we adopt Aggregative Tracking Feedback [15], a
recent distributed feedback optimization law for aggregative
problems. This distributed algorithm combines a gradient-
based controller with a consensus-based part compensat-
ing for the local lack of knowledge of the desired global
quantities due to the presence of the aggregative variable
in the optimization program. We show how to embed this
strategy into a team of Crazyflie nano-quadrotors equipped
with a stabilizing low-level controller. We test our strategy
via realistic Webots-based simulations carried out in a ROS 2
frameworks. These tests show the efficacy and flexibility of
the proposed distributed policy.

The paper unfolds as follows. In Section II, we intro-
duce preliminaries about distributed feedback aggregative
optimization. In Section III we detail how to address the
considered tasks design with a proper distributed policy. In



Section IV, we show how to properly embed such a policy
into an overall distributed startegy tailored for a team of
nano-quadrotors. Finally, in Section V, we provide realistic
simulations testing the proposed strategy.

Notation: col(v1, . . . , vn) is the concatenation of the
vectors v1, . . . , vn. diag v is the diagonal matrix with the
components of v on the diagonal. BLKDIAG(M1, . . . ,MN )
is the matrix with Mi ∈ Rni×mi along the diagonal blocks.
⊗ is the Kronecker product. The symbol Im is the identity
matrix In Rm×m. 1N and 0N are the vectors of N ones and
zeros, respectively, while 1 := 1N ⊗ Id. Given f : Rn1 ×
Rn2 → Rn, we define ∇1f(x, y) :=

∂

∂s
f(s, y)|s=x and

∇2f(x, y) :=
∂

∂s
f(x, s)|s=y . Let X ⊆ Rn and x ∈ Rn,

then ∥x∥X := infy∈X ∥x− y∥. We omit time-dependency
in every dynamical system ẋ(t) = f(x(t)).

II. PRELIMINARIES

In this section, we recall the generic formulation of the
distributed feedback aggregative optimization scenario. As it
will become clearer in the next, the proposed method relies
on information exchanges among the robots of the team.
Thus, before introducing the whole setup, we establish the
communication model connecting the cooperating robots.

A. Communication Model

In this paper, we consider a set of N robots that have
to cooperatively monitor and cordone a common target. In
this cooperative setting, robots have to leverage communi-
cations among the robots in order to solve the problem.
We assume that robots can exchange information accord-
ing to a communication network modeled as a strongly
connected directed graph G = ({1, . . . , N}, E) in which
E ⊆ {1, . . . , N} × {1, . . . , N} is the edge set. The graph
G models the communication in the sense that there is an
edge (i, j), (j, i) ∈ E if and only if robots i is able to
exchange information with robots j. We consider (i, i) ∈ E
and for each i ∈ {1, . . . , N}. For each node i, the set of (in)-
neighbors j such that there exists an edge (i, j) ∈ E of i at
time t is denoted by Ni = {j ∈ {1, . . . , N} | (i, j) ∈ E}.
We also associate a so-called weighted adjacency matrix
A ∈ RN×N matching the graph, i.e., a matrix with (i, j)-
entry aij > 0 if (i, j) ∈ E , otherwise aij = 0. The weighted
in-degree and out-degree of agent i are defined as degin

i =∑
j∈Ni

aij and degout
i =

∑
j∈Ni

aji, respectively. In this
paper, the graph G is weight-balanced, namely degin

i = degout
i

for all i ∈ {1, . . . , N}. Finally, we associate to G the so-
called Laplacian matrix defined as L := Din − A, where
Din := diag(degin

1 , . . . , deg
in
N ) ∈ RN×N .

B. Distributed Feedback Aggregative Optimization

In this framework, there are N robots each evolving
according to the nonlinear generic dynamics

ẋi = ri(xi, ui), (1)

where xi ∈ Rni and ui ∈ Rmi are the state and the input of
robot i, respectively, and ri : Rni × Rmi → Rni represents

its dynamics. As customary in the field of feedback opti-
mization, the dynamics described in (1) is already stabilized,
i.e., the physical plant of robot i is already endowed with a
local low-level controller embedded into the map ri. More
formally, for all i ∈ {1, . . . , N}, this property ensures the
existence of a steady-state map hi : Rmi → Rni such that,
for any (fixed) control input ūi ∈ Rmi , the point hi(ūi)
is a globally exponentially stable equilibrium for robot i
(cf. (1)) In other words, in this setting, each input ui can
be seen as the reference signal provided to (1) representing
the closed-loop system of robot i. In particular, the goal is
to design a control law u := col(u1, . . . , uN ) ∈ Rm, with
m :=

∑N
i=1mi, able to steer the robots to a configuration

being a solution of the aggregative optimization problem

min
x∈Rn,u∈Rm

N∑
i=1

fi(xi, σ(x)).

subj. to xi = hi(ui),∀i ∈ {1, . . . , N},
(2)

where x = col(x1, . . . , xN ) ∈ Rn, with n :=
∑N

i=1 ni, and
each cost fi : Rni × Ra 7→ R depends on both the local
decision variable of robot i and on an aggregative variable
σ : Rn → Ra given by

σ(x) :=
1

N

N∑
i=1

ϕi(xi),

with ϕi(xi) : Rni 7→ Ra for each i ∈ {1, . . . , N}. We also
introduce the overall objective function fσ : Rn → R and
its reduced version fσ,h : Rm → R defined as

fσ(x) :=

N∑
i=1

fi(xi, σ(x)) (3a)

fσ,h(u) :=

N∑
i=1

fi(hi(ui), σ(h(u))). (3b)

Throughout this paper, we consider a cooperative, distributed
scenario in which robots have limited knowledge of the prob-
lem (2). Thus, in order to solve the optimization problem,
they have to iteratively exchange suitable information via
a communication network. The analytic expression of the
local costs fi and aggregation rules ϕi are not available to
the robots, they can be only measured according to current
local variables. Specifically, each robot i can only access
∇1fi(xi, σ̂i), ∇2fi(xi, σ̂i), ϕi(xi), ∇ϕi(xi), and ∇hi(ui)
where xi and ui are its current state and input variables,
respectively, while σ̂i ∈ Ra is its local estimate of σ(x).

C. Aggregative Tracking Feedback

In order to steer the robots modeled in (1) toward a
configuration representing a solution of the time-varying
problem (2), we adopt Aggregative Tracking Feedback, i.e.,
the distributed feedback optimization law proposed in [15].
The strategy is derived by considering the so-called reduced
version of problem (2), i.e., the one obtained by considering



each robot i already in the steady-state configuration xi =
hi(ui). Such a problem reads as

min
u∈Rm

N∑
i=1

fi(hi(ui), σ(h(u))). (4)

Then, by deriving the whole reduced cost fσ,h(u) (cf. (3b))
with respect to ui, each robot i should implement the
gradient-flow controller

u̇i = −∇hi(ui)
(
∇1fi(hi(ui), σ(h(u))) (5)

+
∇ϕi(hi(ui))

N

N∑
j=1

∇2fj,t(hj(uj), σ(h(u)))
)
,

where u := col(u1, . . . , uN ) ∈ Rm. First, keeping in mind
the desired distributed paradigm of our strategy, the global
quantity σ(x) and

∑N
j=1 ∇2fj(xj , σ(x)) are not available

for robot i. Second, as customary in the context of feed-
back optimization, robot i can only measure the problem
quantities ∇1fi(xi, σ̂i), ∇ϕi(xi), and

∑N
j=1 ∇2fj,t(xj , σ̂j),

where σ̂i ∈ Ra is the local estimate of agent i about σ(x),
where x := col(x1, . . . , xN ) ∈ Rn. Therefore, dynamics (5)
is modified by using the available measures and introducing
two auxiliary variables wi, zi ∈ Ra compensating the lack
of knowledge about σ(x) and

∑N
j=1 ∇2fj,t(xj , σ̂j) via a

continuous-time tracking mechanism. The overall strategy
from the perspective of robot i reads as

u̇i = −α1di(xi, ui, wi, zi) (6a)

ẇi = − 1

α2

∑
j∈Ni

aij (wi + ϕi(xi)− wj − ϕj(xj)) (6b)

żi = − 1

α2

∑
j∈Ni

aij(zi+∇2fi(xi, wi + ϕi(xi)))

+
1

α2

∑
j∈Ni

aij(zj+∇2fj(xj , wj + ϕj(xj))), (6c)

where di : Rni × Rmi × Ra × Ra → Rmi reads as

di(xi, ui, wi, zi)

:= ∇hi(ui)∇1fi(xi, wi + ϕi(xi))

+∇hi(ui)∇ϕi(xi) (∇2fi(xi, wi + ϕi(xi)) + zi) ,

for all i ∈ {1, . . . , N}. The parameter α1 > 0 tunes
the speed of ui and (wi, zi) relative to the plant. In turn,
the parameter α2 > 0 tunes the speed of (wi, zi) relative
to ui. In order to implement dynamics (6), each robot i
needs to exchange variables only with its neighbors and,
thus, the proposed solution is purely distributed. More in
detail, the dynamics (6b)-(6c) require robots to exchange two
vectors in Ra. Thereby, the exchanged data consists of 2d
floats. In a forthcoming journal version of the work, we will
also consider event-triggered communication in place of the
unrealistic continuous-time one considered here.

III. DISTRIBUTED STRATEGY FOR MULTI-ROBOT
TARGET ENCIRCLEMENT AND PATROLLING

In this section, we design a distributed strategy to address
multi-robot target encirclement and patrolling. More in de-
tail, the goal of the distributed strategy is to steer each robot
state xi in a configuration chosen according to the following
policies

1) cooperatively target encirclement: to force the forma-
tion in a configuration enclosing a given target;

2) multi-spots patrolling: to place itself as close as pos-
sible to a specific point of interest;

3) safe placement: to take into account a given potential
modeling the (possible) presence of dangers.

An illustrative example of this setup is provided in Fig. 1.

(a) Placement 1 (b) Placement 2 (c) Placement 3

Fig. 1: Illustrative example of desired placement. Each robot
i wants to move toward a specific spot and avoids dangerous
configurations, while the cooperative target encirclement
turns out as an emerging behavior of the team.

To this end, we rely on the formalism of time-varying dis-
tributed feedback aggregative optimization (see Section II).
In particular, we consider an instance of problem (2) in which
we model the local cost function fi(xi, σ(x)) as the sum of
three terms, namely

fi(xi, σ(x)) = f enc
i (σ(x)) + f spot

i (xi) + f danger
i (xi),

where

1) f enc
i : Ra → R models task 1), i.e., the cooperative

target encirclement;
2) f spot

i : Rni → R models task 2), i.e., the multi-spots
patrolling;

3) f danger
i : Rni → R models task 3), i.e., the need

for placing in a safe configuration with respect to a
considered potential.

In order to define these cost functions, we need to intro-
duce pi(xi) ∈ R2 as the cartesian planar position of robot i
and qi(xi) ∈ R2 as the polar coordinates with respect to the
target b := col(b1, b2) ∈ R2, namely

pi(xi) :=

[
p1,i(xi)
p2,i(xi)

]
, qi(xi) :=

[
ρi(xi)
θi(xi)

]
.

With this notation at hand, we define the aggregative variable
to contain two contributions: (i) the cartesian barycenter of
the team and (ii) the mean angle of the polar coordinates



θi(xi) of robot i, namely σ : Rn → R3 reads as

σ(x) =

[
σp(x)
σθ(x)

]
=

[
1
N

∑N
i=1 pi(xi)

1
N

∑N
i=1 θi(xi)

]
.

In the following, we detail the modeling of the cost terms
f enc
i (σ(x)), f spot

i (xi), and f danger
i (xi).

A. Cooperative Target Encirclement

The cooperative target encirclement is forced via the cost
function f enc

i (σ(x)) which, in turn, is given by the sum of
three terms, namely

f enc
i (σ(x)) = f enc,1

i (σ(x)) + f enc,2
i (σ(x)) + f enc,3

i (σ(x)),

with

f enc,1
i (σ(x)) = γ1 ∥σp(x)− b∥2

f enc,2
i (σ(x)) = γ2 ∥σθ(x)− µθ∥2

f enc,3
i (σ(x)) = −γ3 ∥σθ(x)− θi∥2 ,

where γ1, γ2, γ3 > 0 are tuning parameters and µθ the
desired mean angle of the polar coordinates of the robots’
team. In particular, the first term f enc,1

i (·) aims at steering
the robots toward the target b. As for the second term, it
forces the robot toward configurations having the desired
mean angle µθ. Finally, the third term aims at maximizing the
variance of the angular position of the robots, spreading them
in the interval [0, 2π] and, thus, brings to a more uniform
distribution of the robots around the target.

B. Cooperative Encirclement of a Common target with Spe-
cific Targets Protection

We now design the cost term f spot
i (xi) to embed in

the strategy also the neeed for monitoring some specific
locations. More in detail, given S ∈ N point of interest,
we force each robot i to stay as close as possible to a point
sℓ with ℓ ∈ {1, . . . , S} by defining f spot

i (xi) as

f spot
i (xi) = γ4 ∥pi(xi)− sℓ∥2 ,

where γ4 > 0 is a tuning parameter and sℓ ∈ R2 the location
of the ℓ-th point of interest, described in polar coordinates
with respect to the target position b.

C. Safe-Positioning

We model the need for robots’ safe-positioning by intro-
ducing a potential Ui : Rni → R penalizing the configura-
tions close to dangers with higher costs, namely

f danger
i (xi) = γ5 Ui(xi),

for all i ∈ {1, . . . , N}, where γ5 > 0 is a tuning parameter.

IV. DISTRIBUTED STRATEGY STRUCTURE FOR A TEAM
OF CRAZYFLIES

In this section, we show how to design a distributed strat-
egy embedding Aggregative Tracking Feedback to address
cooperative multi-robot tasks over a team of N Crazyflies.
The model of each Crazyflie i including also a stabilizing
low-level PID Attitude Rate controller, can be written as

ṗi = vi (7a)

v̇i = gzW − ξ1,i
m
R(ηi)zW − 1

m
R(ηi)AR(ηi)

⊤vi (7b)

η̇i =

ξ2,iξ3,i
ξ4,i

 , (7c)

where pi ∈ R3 is the position of the nano-quadrotor in
the world frame W = {xW , yW , zW }, vi ∈ R3 is its
linear velocity, while the vector ηi ∈ R3 collects the roll,
pitch, and yaw angles denoted by φi, ϑi, ψi. Hence, the
whole robot state is xi :=

[
p⊤i v⊤i η⊤i

]⊤ ∈ R9 for all
i ∈ {1, . . . , N}. In (7), m = 0.027 Kg is the mass, and g
is the gravity coefficient. The rotation matrix is denoted by
R ∈ SO(3), and The term RAR⊤vi in (7b) refers to the
rotor drag effect as modeled in [19] and has been neglected.
The symbol ξi = [ξ1,i ξ2,i ξ3,i ξ4,i]

⊤ ∈ R4 is used to
denote the thrust and angular rate commands used for the
low-level controller of the Crazyflie. In particular, ξ1,i ∈ R
denotes the thrust and ξ2,i, ξ3,i, ξ4,i ∈ R the angular rates
(according to the Z − Y −X extrinsic Euler representation)
generated according to the nonlinear geometric controller
proposed by [20] and fed by the state xi and the variable
ui ∈ R2 provided by Aggregative Tracking Feedback. Hence,
we model the generation of each command ξi as

ξi = g(xi, ui), (8)

in which g : R9×R2 → R4 describes the nonlinear geometric
controller proposed by [20]. It is possible to show the
stabilizing properties of the cascade between the geometric
controller [20] and the PID Attitude Rate controller. Thus,
in this scenario, the steady-state map hi : R2 → R9 reads as

hi(ui) =
[
u⊤i zstatic

i 0⊤3 0⊤3
]⊤
, (9)

for all i ∈ {1, . . . , N}, where zstatic
i ∈ R is the (static)

desidered height set-point of nano-quadrotor i. Therefore,
the generic robot dynamics formulation (1) is recovered by
setting the robot model ri as the composition between (7)
and the low-level PID (8). As we better detail in Section V,
we use CRAZYCHOIR ROS 2 Toolbox [21] to simulate
the behavior of the team of Crazyflies. The block diagram
describing the overall strategy from the perspective of the
nano-quadrotor i is depicted in Figure 2.

V. SIMULATIVE RESULTS

In this section, we show the effectiveness of our dis-
tributed strategy over an applicative scenario considering a
team of N = 6 Crazyflie nano-quadrotors addressing the
multi-robot task described in Section III formulated as an



Fig. 2: Block diagram scheme illustrating the plant con-
sidered in the simulative scenario. The dynamics of the
Crazyflie and the low-level PID controller are provided
by the simulator engine in CRAZYCHOIR. Moreover, the
toolbox provides also the nonlinear geometric controller that
governs the nano-quadrotor.

instance of problem (2). These simulations are performed
using CRAZYCHOIR [21], a novel ROS 2 framework tai-
lored for Crazyflies applications based on CHOIRBOT [22],
another ROS 2 framework for multi-robot. In particular, each
Crazyflie is governed by an independent ROS 2 control
stack and supervised by a decentralized guidance layer
that implements the distributed algorithm. To this end,
DISROPT [23] functionalities are implemented to run the
distributed algorithm among the set of nano-quadrotors. In
fact, each Crazyflie communicates with a few neighbors
according to a given strongly connected and weight-balanced
graph. Moreover, the CRAZYCHOIR supports simulations
of the nano-quadrotors in a virtual environment, which is
based on the Webots simulator. In the following, we will
incrementally show the effects of the different cost terms
designed in Section III. As for their tuning parameters, we
choose γ1 = 3, γ2 = 0.1, γ3 = 0.01, γ4 = 2, and
γ5 = 0.016. We empirically set the tuning parameters of
Aggregative Tracking Feedback according to α1 = 0.08 and
α2 = 0.001. We randomly generate an Erdős-Rényi graph
with edge probability 0.5.

A. Scenario 1

Here, we test our distributed strategy by considering only
the cooperative encirclement task, namely

fi(xi, σ(x)) = f enc
i (σ(x)),

for all i ∈ {1, . . . , N}. In Figure 3, we graphically show
the effect of f enc

i (σ(x)) by providing the top-down view of
a simulation, conducted in a Webots environment, in which
only this term has been considered. Here, we set µθ = 0 and
b = col(0,−1). A team of N = 6 Crazyflies starts in line
and after the hovering phase, they cooperatively encircle the
common wildfire area without the help of a central unity.

0
1

2

3

4

5

Fig. 3: Top-down view of the Scenario 1 simulation. The
common target is represented by a red pinpoint image. The
starting positions of the nano-quadrotors are depicted as
small blue spheres, the final ones by bigger, numbered,
spheres. Crazyflies’ trajectories are represented by blue
dashed lines, whereas their barycenter with a red line.

We consider the Crazyflies hovering at different heights,
in order to avoid collisions, i.e., zstatic

i ̸= zstatic
j for all i ̸= j.

B. Scenario 2
In this second scenario, we also consider the term f spot

i (xi)
to embed the need for multi-spots patrolling, namely

fi(xi, σ(x)) = f enc
i (σ(x)) + f spot

i (xi).

In this scenario, we suppose to have S = 6 points of interest
to protect, and we assign to each nano-quadrotor a specific
point to monitor. The planar coordinates sℓ are randomly
generated by extracting them with a uniform probability from
the set [−7, 7]× [−7, 7]. Clearly, more nano-quadrotors can
be assigned to the same point of interest. In Figure 4 we
show the top-down view of the considered simulation. The
figure shows that their sequence of arrival is different from
the one of the previous scenario since they now patrol the
points of interest while concurrently encircling the common
target.

C. Scenario 3
In this final scenario, we also consider the presence of

dangers, namely we include the term f danger
i (xi) in the local

cost function fi(xi, σ(x)), thus obtaining

fi(xi, σ(x)) = f enc
i (σ(x)) + f spot

i (xi) + f danger
i (xi).

In particular, we consider the presence of D = 3 dangers,
each with planar location dℓ ∈ R2, and the cost

f danger
i (xi) = γ5

D∑
ℓ=1

1

∥pi(xi)− dℓ∥2
,

where γ5 > 0 is a tuning parameter. In Figure 5 we show
the results of a final simulation in which the nano-quadrotors
change their positioning based on the dangers’ locations. The
latter have been randomly generated extracting them with a
uniform probability from the set [−7, 7]× [−7, 7]. We show
that the robots cooperatively encircle the common target,
position themselves near the points of interest, and avoid
dangers’ locations.
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Fig. 4: Top-down view of the Scenario 2 simulation. The
starting position of the Crazyflies is still the same, denoted
by little blue spheres. Similarly, the common target is rep-
resented by a red pinpoint image. The points of interest
are depicted by building images (schools, hospitals, etc.).
The final position of the team is represented by bigger,
numbered, spheres. Crazyflies’ trajectories are represented
by blue dashed lines.
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Fig. 5: Top-down view of Scenario 3. Here, the dangers’
locations are depicted by yellow circles.

VI. CONCLUSION

This paper employed distributed feedback optimization for
target monitoring and patrolling tasks arising in cooperative
robotics. We taken into account three different goals. First,
we considered the coooperative encirclement of a given
target. Second, multi-spot monitoring has been included,
while the third goal forced the avoidance of possible dan-
gers modeled through a proper potential. We designed a
distributed strategy able to steer a network of robots without
a central unit toward a configuration minimizing a cost mod-
eling the above tasks. In particular, we build an aggregative
problem and, to take into account also the robots’ nonlinear
dynamics, we addressed it according to the feedback opti-
mization paradigm. Realistic Webots simulations of a team of
Crazyflie nano-quadrotors in a ROS 2 framework confirmed
the effectiveness of our distributed policy.
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