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A Distributed Framework for Integrated Task Allocation and Safe
Coordination in Networked Multi-robot Systems

Andrea Miele1, Martina Lippi1, Andrea Gasparri1

Abstract—Deploying a team of autonomous robots, operating
collaboratively towards a common objective within dynamic
environments, has the potential to improve the system efficiency
across several fields. This paper proposes a distributed com-
prehensive framework enabling a networked multi-robot system
to serve time-varying requests arising from different locations
within the environment in a distributed and safe manner, i.e., by
guaranteeing no collisions with possible obstacles and preserving
connectivity among the robots. To this aim, a two-layer architec-
ture is proposed where the top layer is in charge of distributively
assigning new service requests to the robots by resorting to an
auction-based algorithm, while the bottom layer is in charge of
safely navigating the environment to serve the assigned requests
by relying on Control Barrier Functions. However, the presence
of connectivity constraints might affect the number of service
requests that the multi-robot system can handle simultaneously
and might lead to deadlock situations where robots cannot reach
the designated locations due to loss of network connectivity.
Hence, a distributed strategy based on consensus algorithms to
detect and solve deadlocks in a distributed fashion is proposed.
The completeness of the approach is proved. Simulation results in
an agricultural setting and real-world laboratory experiments are
provided to validate the effectiveness of the proposed approach.

Note to Practitioners—This paper was inspired by the necessity
to coordinate a team of robots to perform tasks within an
unstructured agricultural field, including both the decision-
making and navigation strategies, with no central control unit as
envisioned by the European project CANOPIES. To this aim, a
distributed approach is designed where robots only rely on local
data and information from neighboring robots to assign and
execute tasks effectively in a coordinated manner. In addition,
as working under local communication constraints may prevent
parallel execution of all tasks, potentially leading to deadlock
situations, a distributed strategy is developed to enable each
robot to detect and solve such situations. The proposed approach
can be employed in several domains where the cooperation
of multiple autonomous robots might be beneficial, ranging
from logistics settings to search and rescue scenarios up to
agricultural environments. Laboratory experiments with three
robots demonstrate the effectiveness of the approach.

Index Terms—Cooperative robots, distributed control, task
allocation, multi-robot systems

I. INTRODUCTION

Coordinating multiple robots to effectively carry out diverse
tasks in a real-world environment necessitates addressing
several aspects. First, any time new tasks are requested to be
executed, it is necessary to allocate them to the available robots
according to predefined optimality criteria. Second, once the
allocation is established, robots must be able to properly

*This work was supported by the European Commission under the Grant
agreement number 101016906 – Project CANOPIES

1A. Miele, M. Lippi, and A. Gasparri are with the Department of Civil,
Computer Science, and Aeronautical Technologies Engineering, Roma Tre
University, Italy

Fig. 1: Illustrative example of the operational scenario. Mul-
tiple robots communicate with each other and must perform
services at scattered locations (red waypoints) across the field.

coordinate to reach the designated locations for performing
the tasks, while ensuring safe navigation in dynamic environ-
ments. Third, in scenarios where simultaneous execution of all
tasks is not feasible, a strategy must be established to prioritize
them while ensuring that all tasks are ultimately executed. In
addition, it is generally desirable to achieve this coordination
in a distributed manner, i.e., with no central control unit, to
promote system scalability, flexibility, and robustness [1]. This
is particularly relevant in large-scale or remote environments,
such as vineyards, orchards, or open fields, where central-
ized communication infrastructures may not be practical, or
even unfeasible, due to factors like physical obstructions,
extensive coverage requirements, or high deployment costs.
However, distributed settings are generally significantly more
challenging to control compared to centralized architectures.
Indeed, in the latter case, a central control unit orchestrates all
robots based on global knowledge of the system, while in the
former case, each robot makes its own decisions by solely
relying on local data, i.e., gathered from onboard sensors
or neighboring robots. Hence, for effective coordination in
networked distributed settings, it is also crucial to guarantee
connectivity among robots at all times [2], ensuring that each
robot can communicate with every other robot of the team.

In this work, we propose a comprehensive distributed frame-
work to achieve online task allocation and coordination of
a networked multi-robot system in a safe manner, i.e., by
ensuring no collision with dynamic obstacles, such as humans,
in the environment and preserving network connectivity. A
two-layer architecture is designed where the bottom layer
addresses the low-level safe navigation by resorting to Control
Barrier Functions (CBFs), while the top layer provides the
distributed decision-making strategy involving the assignment
of the tasks in a distributed manner and the management of
possible deadlock situations due to connectivity constraints.
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Auction-based and consensus-based algorithms are leveraged
in this layer. Moreover, a global Finite State Machine (FSM),
i.e., with full knowledge of the system, is designed and
then distributed to the robot level, resulting in multiple local
FSMs running in parallel. Inspired by the needs of the H2020
European Project CANOPIES1, we consider the illustrative
agricultural scenario shown in Figure 1, where robots are
requested to empty crates filled by harvesters, which can be
whether human or robotic, in a vineyard. Numerical simula-
tions in a digital twin, including a comparative analysis with
approaches at the state-of-the-art, and laboratory experiments
are provided to validate the approach.

II. RELATED WORK

This section reviews the literature on task assignment in
multi-agent systems, multi-robot coordination, and integrated
solutions for online task assignment and coordination, and
states the main contributions of this work.
Multi-agent task assignment. The field of multi-agent task
assignment focuses on establishing the optimal assignment of
tasks to available agents based on given criteria [3]. Early
research in this field often relied on centralized approaches
where a central unit assigns tasks to multiple agents based on
global information. The Hungarian algorithm, introduced by
Kuhn [4], is one of the earliest and widely studied methods for
optimally matching tasks to agents while minimizing total cost
through an iterative approach. It has been applied in multi-
robot exploration [5] and pattern formation [6]. Extensions
to distributed settings include [7] and [8]. In [7], robots au-
tonomously execute sub-steps based on local information, with
root robots responsible for starting the message exchange and
synchronizing all robots. In [8], the root robots are removed,
and robots cooperatively converge to an optimal assignment
by exchanging solution estimates.

A further common method for task assignment has an
economic foundation and is based on auctions [9]. Auction-
based methods were introduced in a centralized version by D.
P. Bertsekas [10] and are based on the concept of equilibrium.
Briefly, the auction algorithm assigns prices to tasks and
updates them through auctions to achieve optimal resource
allocation or optimal element selection. This process continues
until an optimal or satisfactory solution is achieved. Sev-
eral works have explored distributed implementations of the
auction-based method. First, shared memory was used in [11]
to parallelize the problem. Then, the algorithm was extended
to fully distributed settings in [12], where no shared memory
or central auctioneer is required but only communication
exchanges between neighboring robots are considered. A finite
number of synchronous communication rounds is required
for the algorithm to converge under the assumption that the
number of agents (robots) is equal to or less than the number
of tasks to be assigned. Additionally, a scenario with limited
robot communication range is addressed in [13], while lossy
communications are analyzed in [14].
Multi-robot motion coordination. A crucial aspect within
collaborative multi-robot systems is how to coordinate the
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motion of the robots to achieve a common goal while ensuring
safe navigation [15]. In this regard, one of the first approaches
available in the literature is based on the concept of artificial
potential fields [16]. Briefly, these represent virtual forces that
can attract robots towards goals and can repel them from
obstacles, other robots, or unsafe regions in general, thus
facilitating safe and coordinated motion. Several coordination
tasks have been solved by resorting to artificial potential fields.
For instance, in [17], a flocking problem is investigated and
the system stability under switching topologies is analyzed;
in [18], a formation control problem is solved with a regular
polygon shape, and the system asymptotic stability with no
local minima is proved; in [19], the problem of limited
field of views is taken into account while in [20], Linear
Temporal Logic (LTL) specifications are included. Differently,
the study in [21] uses spatial-temporal optimization techniques
for swarm coordination in cluttered environments.

In recent years, the adoption of CBFs [22] has spread
significantly in multi-robot coordination settings to ensure
system safety. More in detail, CBFs are frequently utilized as
constraints for optimization-based controllers to achieve mini-
mum energy control or minimal input variation. For example,
[23] uses CBFs for obstacle avoidance with limited actuation,
[24] integrates CBFs into distributed model predictive control,
[25] applies CBFs in adversarial situations, and [26] ensures
human safety in collaborative settings using CBFs.

However, most of the above approaches assume connectivity
of the communication network to achieve coordination. In
this regard, several works focus on preserving connectivity
by prioritizing connectivity constraints over task resolution.
To mention a few, the study in [27] introduces a distributed
swarm aggregation framework using attractive potential fields
to maintain connectivity in both static and dynamic topologies,
[28] employs a similar approach to maintain connectivity and
avoid collisions, while [29] presents a decentralized control
law for rendezvous and formation control in dynamic graphs
by dynamically weighting edges. Connectivity based on alge-
braic connectivity is explored in [30], [2] using a potential-
based approach and in [31], [32], [33] using CBFs. The
above methods generally prioritize connectivity while support-
ing cooperative tasks in a best-effort manner. In real-world
scenarios such as search and rescue or exploration, completing
tasks within a limited timeframe is crucial, requiring both
connectivity and task completion. However, this requires to
possibly handle deadlocks arising from communication con-
straints. Most algorithms in this domain focus on exploration,
guiding robots to reach scattered locations in the environment.
For example, [34] avoids deadlocks by designating a prime
traveler guaranteed to complete its task, while others proceed
in a best-effort manner, sacrificing parallelization but preserv-
ing connectivity. Similarly, [35] uses recovery strategies like
rendezvous techniques to resolve deadlocks. Other works, such
as [36] and [37], use minimum spanning trees for connectivity.
The former assumes fewer target points than robots, enabling
parallel tasks but risking deadlocks. The latter allows intermit-
tent disconnections to complete tasks but prevents dynamic
task updates during disconnection. In conclusion, despite
progress in multi-robot coordination, scalable solutions are
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needed to balance connectivity, task completion, and efficiency
in dynamic real-world settings.
Integrated online task assignment and coordination solu-
tions. The task assignment and the coordination strategies are
typically addressed in a decoupled manner. For instance, the
framework in [34] assumes that tasks are assigned a priori to
the robots. However, building frameworks that address both
task assignment and multi-robot coordination can account
for coupled aspects, such as potential interference between
robots when reaching assigned tasks [38]. Furthermore, many
task assignment approaches assume a fixed, known number
of tasks, but in real-world scenarios, the task set is often
unknown a priori and provided online. In these cases, the
framework must continuously adjust task assignments and
coordinated motion to ensure system safety. The work in [38]
proposes a centralized comprehensive architecture for online
task assignment and coordination, accounting for interference
and preventing collisions among robots. A similar centralized
approach is presented in [39], addressing a multi-agent pickup
and delivery problem with a task assignment and path planning
heuristic. In [40], a method for simultaneous task allocation
and planning is proposed, using LTL to formalize tasks. An ex-
tension to uncertain settings with Markov Decision Processes
(MDP) is discussed in [41]. For distributed architectures,
a market-based solution is presented in [42] for formation
control and obstacle avoidance, a factor graph optimization
approach is proposed in [43] with max-sum algorithm for task
allocation and conflict resolution, while a hierarchical method
is presented in [44] where local planning handles deadlocks
and generates velocity commands for non-holonomic robots
in dense environments. Finally, [45] presents a Reinforcement
Learning (RL) approach, where the high-level strategy is
guided by feedback from the low-level navigation.

Although the previous distributed algorithms require com-
munication among agents for proper operation, none address
network connectivity maintenance. As a result, there is no
guarantee that all agents will remain connected, potentially
leading to isolation and hindering task completion. Connectiv-
ity constraints may conflict with task objectives, for example,
when robots’ assigned locations are far apart, risking network
disconnection if all robots reach their destinations. Therefore,
it is essential to develop integrated strategies that balance
the need for network connectivity with task completion goals,
ensuring a safe and efficient system. Clearly, designing these
strategies in a distributed setting is significantly more chal-
lenging than in a centralized one.
Contributions. The main contributions of this article are:

1) A distributed integrated system is proposed to achieve
online task allocation and coordination in networked
multi-robot systems with safety guarantees, in terms of
both obstacle avoidance and connectivity maintenance.
Notably, the completeness of the approach is proven.

2) A distributed strategy is designed to detect and handle
possible deadlocks arising from conflicts between con-
nectivity maintenance constraints and robots’ tasks.

3) A local finite state machine is designed for each robot
to regulate its behavior and is proved to be equivalent to

Table I: Main notation of the paper.

Variable Description
Problem

n Number of robots
m Number of total requests
mt Number of requests currently handled
x System state
u Control input
λ2 Algebraic connectivity
ελ Minimum threshold for algebraic connectivity
δλ Limit value > ελ for algebraic connectivity
R Maximum distance for communication
trj Arrival time of the request j
twj Waiting time of the request j
βij Assignment benefit for agent i to perform task j
X Set of safe states
X Set of states where connectivity is ≤ δλ

R Set of requests to serve
P Set of robot-request assignment pairs
Va Set of active robots
Vs Set of robots performing the service operation
Vd Set of deadlocked robots

Global Finite State Machine
A Global state Assignment
E Global state Execution
H Global state Homing

Local Finite State Machine
Ri Local state Reaching
Ii Local state Idle
Si Local state Service
Di Local state Deadlock
Ai Local state Assignment
Hi Local state Homing

Deadlock Management
mp

i Robot i proposal for deadlock management
mp Maximum proposal for deadlock management

Safety Filter
hc
i CBF for connectivity maintenance

h
oj
i CBF for obstacle j avoidance

a global finite state machine where the behavior of the
entire multi-robot team is regulated.

4) Extensive simulation, including a comparative analysis
with respect to the frameworks in [34] and [35], and
laboratory validation are provided using heterogeneous
teams of robots in the context of precision agriculture.

III. PRELIMINARIES

Table I summarizes the main variables of the manuscript.

A. Agent and network modeling

Let us consider a networked multi-agent system composed
of n agents with first-order dynamics, i.e., for each agent i it
holds ẋi = ui, where xi ∈ Rp is the state vector and ui ∈ Rp

is the control input vector. The system aggregate dynamics is

ẋ = u, (1)

where x = [xT
1 , ..., x

T
n ]

T ∈ Rnp and u = [uT
1 , ..., u

T
n ]

T ∈ Rnp

represent the collective state and control input vectors, re-
spectively. Note that the model in (1) can be used to de-
sign high-level control policies, which can be adapted to
different robot dynamics using low-level controllers, e.g.,
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feedback linearization for unicycle systems [46]. We assume
a limited communication range R between agents, i.e., the
communication between two agents i and j is possible if
and only if ∥xi − xj∥ < R with R a positive constant,
and bidirectional communication links between agents. The
network topology can be represented as an undirected time-
varying graph G(t) = (V, E(t)), where V = {1, ..., n} is the
set of nodes and E(t) = {(i, j) : i, j ∈ V, i ̸= j} is the set of
edges at time t. In our setting, each node is associated with an
agent, while each edge (i, j) ∈ E(t) is a communication link
between agent pairs i and j at time t. As the communication
links are assumed bidirectional, the presence of an edge (i, j)
implies the presence of an edge (j, i), and hence they will be
used in an interchangeable manner. We define the diameter of
the graph as the maximum distance between any pair of nodes,
i.e., the longest shortest path within the graph. We define
Ni(t) = {j ∈ V : ∥xi − xj∥ < R} as the set of neighbors
of the agent i. The graph G(t) can be described using the
adjacency matrix A(t) ∈ Rn×n where the generic element
aij(t) = aji(t) denotes the presence of an edge between
agents i and j at time t, i.e., if j ∈ Ni(t), then aij(t) > 0;
otherwise, aij(t) = 0. Similar to [30], we use continuously
differentiable edge weights aij(t) ∈ A(t) defined as:

aij(t) =

ϕl

(
e
(R2−∥xi−xj∥

2)
2

σ − 1

)
if ∥xi − xj∥ < R,

0 otherwise,
(2)

with σ = R4

log(2) a normalization constant and ϕl > 0 a tuning
parameter. This formulation implies that, as two robots i and j
move farther apart, the weight of the respective edge decreases
until it reaches zero when they are no longer connected. Let
D(t) ∈ Rn×n be the degree matrix. This is a diagonal matrix
D(t) = diag{d1(t), ..., dn(t)} where each element di(t) is
given by the sum of the elements in the respective row (or,
equivalently, column) i of A(t), i.e., di(t) =

∑n
j=1 aij(t).

Based on the above matrices, it is possible to define the
Laplacian matrix L(t) associated with the graph G(t) as
L(t) = D(t)−A(t) [47]. The graph is defined as connected if
there exists a path connecting any pairs of nodes. The algebraic
connectivity of the time-varying undirected graph G(t) at time
t is described by the second smallest eigenvalue λ2(x(t)) of
the Laplacian matrix. It is noteworthy that λ2(x(t)) > 0 if
and only if the graph is connected. Therefore, λ2(x(t)) can
be used as a metric to measure the connectivity of the network
topology. We make the following assumption.

Assumption 1. Each robot is aware of the number of robots in
the team and the network starts in a connected configuration,
i.e., λ2(x(0)) > 0.

This assumption can be easily fulfilled by communicating
the network size during an initialization phase, or by resorting
to distributed algorithms for network size estimation, e.g. [48].

B. Control Barrier Functions

Control Barrier Functions (CBFs) represent a useful math-
ematical tool to ensure the fulfillment of safety constraints

within a system [22]. Consider an affine control system

ẋ = f(x) + g(x)u, (3)

where x ∈ Rr and u ∈ U ⊂ Rq represent the sys-
tem state and control input, respectively. Consider a safety
constraint expressed as a super level set of the function
h(x) : H ⊂ Rr → R, i.e., the set C = {x ∈ Rr : h(x) ≥ 0}
defines the set of states in which the system is safe. The goal of
the function h(x) is to maintain the system (3) within this safe
set C, guaranteeing its forward invariance [22]. To ensure this,
h(x) must be a CBF, which means that an extended class-K
function α : R→ R must exist such that

sup
u∈U
{Lfh(x) + Lgh(x)u} ≥ −α(h(x)), ∀x ∈ H, (4)

where Lf and Lg are the Lie derivatives of h(x). We define
Ucbf(x) = {u ∈ U : Lfh(x) + Lgh(x)u ≥ −α(h(x))}
as the set of control inputs ensuring that the set C remains
forward invariant. Then, any control input u(x) : H → U
can be applied provided that u(x) ∈ Ucbf(x). Since our
model in (1) has single integrator dynamics, we consider
f(x) = Onp ∈ Rnp×np and g(x) = Inp ∈ Rnp×np in (3),
where Onp and Inp represent the zero and the identity matrix
with dimension np× np, respectively.

C. Auction-based distributed assignment

Given m tasks to realize and a multi-agent system with n
agents, we define the benefit βij ∀i ∈ {1, ..., n}, j ∈ {1, ..,m}
as the utility value associated with assigning agent i to task j.
Let Ω : {1, ..., n} → {1, ...,m} be an injective map such that
Ω(i) = j if and only if task j is assigned to agent i [12]. The
goal of the auction-based distributed assignment problem is to
define the map Ω in a distributed manner guaranteeing that
distinct agents are assigned to distinct tasks and maximizing
the overall assignment benefit

∑n
i=1 βi Ω(i).

The basic idea of auction-based algorithms is to utilize an
iterative approach for comparing several bids and determining
the most suitable one [10]. The final sales are assigned to
the highest bidders. The algorithm ends once all agents are
“happy”, meaning that the set of prices is at equilibrium.
Mathematically, this can be expressed as

βij − cj(t) = max
k∈{1,...,m}

{βik − ck(t)}, ∀i ∈ {1, ..., n}, (5)

where cj(t) is the cost (or price) of task j at time t and βij −
cj(t) represents the net value of task j for agent i. However, an
algorithm attempting to attain the above equilibrium may result
in infinite loops [10]. To address this issue, (5) is modified as

βij − cj(t) ≥ max
k∈{1,...,m}

{βik − ck(t)} − εa, ∀i ∈ {1, ..., n},
(6)

with εa a positive scalar providing a perturbation mechanism.
The formulation in (6) ensures that each bid for a task must
raise the price by a minimum amount, preventing bidding
cycles with no increase in price. In a centralized setting, there
is a central auctioneer, and the memory is shared by all agents,
i.e., each agent has global knowledge of the system. In a
distributed setting, computational and memory resources are
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distributed among the agents that have limited communication
capabilities. In this case, each agent locally stores the task
price estimates, which may possibly be obsolete, and updates
them using protocols of agreement with neighbors. The al-
gorithm presented in [12] addresses the distributed problem
for n ≤ m by relying on a price exchange protocol and a
tie-breaking mechanism to compensate for the lack of global
information. Briefly, at start each agent holds an assignment
that provides the best net value based on a comparison of bids
and prices. In each iteration, every agent follows a two-step
process to update task prices and identify the best bidders
using local protocols. First, each agent i receives prices and
highest bidders from the neighbors in Ni and updates its own
values accordingly. Next, if agent i is no longer the highest
bidder on its assigned task, it places a new bid on the task
with the best net value; otherwise, no action is taken. This two-
step process ensures that all robots eventually possess updated
request prices and corresponding highest bidders.

IV. PROBLEM SETTING AND FORMULATION

A. Setting and notation

Let us consider a networked multi-robot system consisting
of n robots with communication topology modeled as an
undirected time-varying graph G(t). These robots are deployed
within an environment where obstacles can be present and
service requests can be made at any time. Each service
request j is associated with a specific location pj ∈ Rp,
which must be reached for servicing, with a finite processing
time ∆tpj , which represents the time required to actually carry
out the service at the respective location, and with a request
activation time trj , that is the time instant when the request is
made. We denote with twj the waiting time of the request j at
the current time t, i.e., twj = t− trj . A service request is said
to be currently handled if a robot is either in the process of
approaching the designated location or is executing the service
operation at that location. The following assumption is made.

Assumption 2. A single robot is needed to handle each
service operation, and each robot can handle at most one
service request at a time. Moreover, each service location is
accessible, meaning that there are no permanent obstacles that
prevent it from being reached.

As mentioned in the Introduction, an example of a service
request could be a box exchange request in a precision
agriculture setting. More in detail, once a harvester has filled
a box with harvested fruits, this has to be replaced with an
empty one, and a service request is made. In order to fulfill
this request, a robot must travel to the harvester location and
execute the box exchange operation, dedicating the necessary
time to complete the task. We denote with R(t) the set of all
service requests that have been raised but are not yet fulfilled
up to time t and with m(t) the cardinality of the set. Note that
this set can vary over time due to the arrival of new service
requests and the accomplishment of existing ones. Without loss
of generality, we consider that the index of each request is an
integer in the range [1,m(t)] and denotes its order of arrival,
i.e., by considering two service requests j and l, if j > l

then trj ≥ trl . We make the following assumption regarding
the service requests.

Assumption 3. Each robot is aware of the set of requests to
serve as well as the respective locations and processing times.

This also implies that robots are aware of new or completed
service requests. The above assumption can be easily met by
employing, for example, cloud-based architectures, e.g., [49],
[50]. It is worth noticing that such a global communication of
requests is only required sporadically, while we rely on local
and continuous interactions only for coordinating the robots.
Additionally, we make the following assumption.

Assumption 4. The service operations are atomic, meaning
that they are indivisible and uninterruptible.

The above assumption is reasonable since routines such as
exchanging boxes are not interruptible. However, to maximize
the flexibility of the proposed framework, we enable the other
phases to be interrupted, i.e., when a robot is approaching the
assigned service location, a new assignment could happen, and
a different service request might be assigned to the robot for
optimality reasons.
Our main objective is to fulfill the time-varying service re-
quests in a distributed manner by determining the assignment
of the services to the available agents and subsequently defin-
ing the control strategy to reach the assigned service locations
in a safe manner, i.e., avoiding obstacles and guaranteeing the
connectivity of the network. Clearly, due to the limited agents
and the safety constraints, it might occur that not all service
requests in R(t) can be handled simultaneously. Hence, our
objective also involves determining the maximum number of
service requests that the multi-robot system can handle at time
t, denoted by mt(t) with mt(t) ≤ m(t) and mt(t) ≤ n. We
say that a service request is paused if this is not handled at
time t. To formalize the above, we introduce the following
variables. From now on, we will omit time dependence for
simplicity of notation, unless necessary. We define P as the
set of robot-request assignment pairs that we aim to define
given n robots, and mt currently handled requests

P = {(i, j) ∈ R× V : j = Ω(i)}, (7)

with |P| = min{n,mt}. We indicate with Va the set of robots
that are currently handling a request, i.e., with an assigned
request,

Va = {i ∈ V : (i, j) ∈ P},

while its complement is denoted by Va, i.e., Va = V \Va. If a
robot belongs to the set Va, it is said to be active or assigned.
We introduce the subset of active robots that are performing
a service operation denoted by Vs ⊆ Va, i.e., Vs is composed
of the robots that have reached the assigned position

Vs = {i ∈ Va : ∥xi − pj∥ ≤ εs, (i, j) ∈ P},

with εs a small positive threshold. The set of active robots
that are not serving is denoted by Vs, i.e., Vs = Va \Vs. The
set of active robots that have completed the assigned task is
denoted by Vc, with Vc ⊆ Vs.
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As far as the safety constraints are concerned, we consider
that connectivity is preserved if λ2 > ελ, with ελ a positive
constant. We define the set of all possible states for which the
system is safe, i.e., λ2 > ελ and there are no collisions, as
X ⊆ Rnp and use the notation Xi ⊆ Rp to indicate the set of
possible safe states for robot i. Additionally, we introduce the
set of states X ⊂ X for which the algebraic connectivity is
equal or below a limit value δλ > ελ, i.e., such that λ2 ≤ δλ.
We denote by X i ⊂ Xi the set of states of robot i for which
the system connectivity is equal or less than the threshold δλ

and the only permissible control input for robot i is the zero
vector. When the robot i is active and has zero velocity for
safety reasons, i.e., xi ∈ X i, a local deadlock for the robot is
said to be occurring, as detailed in Section V-C. We collect
the robots with local deadlock condition in the set Vd, i.e.,

Vd = {i ∈ Vs : xi ∈ X i}.

Finally, we can define the global deadlock condition.

Definition 1 (Global Deadlock). A global deadlock occurs
when no active robot can move toward the assigned service
location due to connectivity constraints.

This situation occurs because the assigned requests are too
far from each other and cannot be simultaneously reached due
to connection limits. Based on the local deadlock condition,
we can observe that if all robots with assigned requests that
are not serving are in a local deadlock, the team is in a global
deadlock, i.e., the deadlock condition is i ∈ Vd, ∀i ∈ Vs. In
the following, we refer to global deadlock simply as deadlock.

B. Problem statement

We can now formalize the problem addressed in this work.

Problem 1. Given a networked multi-robot system composed
of n robots, with network topology modeled as an undirected
time-varying graph G(t), and a set R(t) of service requests,
for which Assumptions 1-4 hold true, the objectives are to

1) Define the subset of mt(t) requests that can be simulta-
neously handled by the multi-robot system and establish
their assignment in a distributed manner by maximizing
the overall benefit

∑
(i,j)∈P(t) βij(t), ∀t ≥ 0.

2) Guarantee that each request in R(t) is served by a robot
in finite-time.

3) Guarantee the safety conditions of the system, i.e., each
robot can navigate while avoiding obstacles and always
keeping G(t) connected, i.e., x ∈ X (t), ∀t ≥ 0.

It is worth noticing that, as previously mentioned, con-
nectivity constraints may impede the robots from reaching
the designated locations, causing deadlocks in the system,
i.e., situations where none of the robots can move and fulfill
the assigned tasks. To overcome this issue, we propose a
fully distributed framework to detect deadlocks and solve
them by gradually reducing the number of requests to handle
simultaneously, namely mt, while ensuring that all service
requests are accomplished in a finite time. An overview of
the proposed framework is provided in the next section.

Fig. 2: Overview of the distributed framework architecture.

C. Solution overview

To solve Problem 1, a distributed architecture, as shown in
Figure 2, is designed. It consists of two main modules for each
robot. The first module, called Assignment Module, defines the
high-level decision-making strategy, by defining the request
assignment P as well as the number of currently handled
requests. The second module, called Control Module, provides
the low-level control strategy by enabling the robot to reach
the assigned position while maintaining safety constraints.
We emphasize that connectivity maintenance is an essential
constraint for our approach, as it is required for dynamic
distributed decision-making. More in detail, the Assignment
Module is composed of the following two components:

• Distributed Auction-Based Algorithm, which determines
the optimal request assignment in a distributed manner,
taking into account the waiting times of the service
requests as well as their closeness to the robots.

• Distributed Deadlock Management, which detects dead-
lock situations in a distributed manner and manages them
by temporarily pausing specific service requests that will
be subsequently reactivated.

The Control Module consists of the following components:
• Distributed Control Law, which enables each robot to

reach the assigned positions, while actively contributing
to connectivity maintenance.

• Safety Filter, which filters the output of the control
law to ensure that robots meet safety constraints using
CBFs. Specifically, connectivity maintenance and colli-
sion avoidance are taken into account.

Finally, a local Finite State Machine (FSM) is designed to
regulate the behavior of each robot.

V. FINITE STATE MACHINE

An incremental approach is taken to define the distributed
behavior of the multi-robot system. First, we identify the
fundamental logic of the system and define a simple Global
Finite State Machine (GFSM) to illustrate the team-level
behavior assuming complete state knowledge of all robots.
Then, we derive a Local Finite State Machine (LFSM) for
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each robot that facilitates a distributed architecture. Finally, an
equivalence between the GFSM and the LFSMs is established.

A. Overview of Operational Logic

Before proceeding with modeling the FSMs, an overview
of the operational logic is provided. In summary, the robot
team’s behavior is as follows: at each time step, the robots
may receive service requests. Upon receiving a request, they
solve an assignment problem to determine which robot should
serve which request. At this point, the active robots, i.e., in the
set Va, move to fulfill the requests while adhering to safety
constraints. Robots without assigned requests, i.e., in the set
Va, are solely responsible for ensuring compliance with safety
constraints. In the event of a deadlock, the robots attempt to
resolve it before resuming movement. In particular, the number
of simultaneously handled requests is decreased, enabling a
previously assigned robot to serve as a bridge, preserving the
network connectivity, and facilitating other robots to reach
their designated positions. The team continues following this
process until no deadlock condition occurs anymore.

After completing a service, the assignment problem is
reevaluated and the number of requests to be handled mt can
increase, ensuring that mt ≤ min{m,n}.

B. Global Finite State Machine

In the GFSM, we model the behavior of the robot team with
global knowledge. This consists of three states.

• Assignment (A). In this state, the team solves the assign-
ment problem detailed in Section VI and establishes the
assignment set P .

• Execution (E). This state represents the phase where
robots are globally engaged in executing the respective
tasks, such as moving to designated locations in a safe
manner (i.e., for robots i ∈ Va∧i ̸∈ Vs), serving (i.e., for
robots in the set Vs), or acting as a bridge for maintaining
connectivity (i.e., for robots in the set Va). In case robots
are serving, they will perform the service for the required
processing time.

• Homing (H). This denotes the condition with no active
requests (m = |R| = 0).

In each state of the GFSM, it is necessary to ensure the system
safety and functionality, i.e., that x ∈ X , as detailed in Section
VII. Each state takes a value in {0, 1}, where 1 indicates that
it is active, 0 otherwise, and only one state is active at each
time step, i.e., A + E + H = 1. Let τ− and τ+ denote the
instant immediately before and after a transition, respectively.
Before defining the conditions for transitioning between states,
we introduce the following auxiliary conditions, which, when
triggered, can activate the automatic execution of predefined
actions as detailed below. Each condition takes a value in
{0, 1}, where 1 indicates that it is satisfied, 0 otherwise.

• No requests: indicating that there are no active requests,
i.e., m(τ−) = 0.

• Initial requests: meaning that initial service requests are
provided, i.e., m(τ−) ̸= 0. The number of requests
handled is set to mt(τ

+) := min{m(τ−), n}, reflecting

Fig. 3: GFSM describing the behavior of the system with
global knowledge.

the constraint that the number of requests to handle
cannot exceed the available robots or the total requests.

• Assignment solved: denoting that the assignment problem
has been solved with |P(τ−)| = min{n,mt(τ

−)}.
• Reassignment: denoting that the assignment problem

needs to be solved. This can occur in the following cases.

– New request: a new service request j ̸∈ R(τ−)
is available, increasing the number of requests to
handle to mt(τ

+) = mt(τ
−) + 1, provided there

is capacity for it. Specifically, this happens if all
requests available at τ− are being handled, and
there are robots not yet assigned to any request, i.e.,
mt(τ

−) = m(τ−) and m(τ−) < n.
– Served request: a service j is completed, i.e.,
∃ i ∈ Vc(τ−), (i, j) ∈ P . This removes the request
from R(τ+), decreasing m(τ+) = m(τ−)− 1. The
number of requests to be handled is updated as
mt(τ

+) := min{mt(τ
−) + 1,m(τ+), n}.

– Global deadlock: indicating that all the active
robots, that are not serving, are in local deadlock,
i.e., i ∈ Vd(τ−), ∀i ∈ Vs(τ−), as per Definition 1.
This triggers the number of requests to handle mt

to be decreased by one as a recovery strategy, i.e.,
mt(τ

+) = mt(τ
−)− 1.

The robot team’s functioning follows the FSM depicted in
Figure 3. At the beginning, the system is in state H. Once at
least a service request is made, i.e., Initial requests is triggered,
the system transitions to state A, where the robots are assigned
to serve these requests. After solving the assignment problem,
i.e., P is obtained and Assignment solved is triggered, the
system transitions to the execution state E, where it attempts
to fulfill the requests. The system remains in E until one of the
conditions Served request, New request, or Global deadlock is
met. As previously described, with the occurrence of these
conditions, the number of service requests to handle may vary
accordingly. In all cases, the system returns to the assignment
state A. The system transitions through the states A and E
until the last service request is completed and there are no
additional requests, i.e., No requests is triggered. In this case,
the system returns to state H and waits for new requests.

By considering the global system behavior explained above,
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the following conditions of state activation are obtained:

A(τ+) = Initial requests ∨ (New request ∨
∨ Global deadlock ∨ Served request)

= Initial requests ∨ Reassignment, (8)
E(τ+) = Assignment solved, (9)
H(τ+) = No requests. (10)

C. Local Finite State Machine

In the case of local FSM (LFSM), we consider that each
robot i behaves according to its own FSM, denoted by LFSMi.
The execution of the n LFSMs in parallel yields the same
behavior as the GFSM, as presented in Section V-D. Each
LFSMi consists of 6 states described below.

• Reaching (Ri). The robot has an assigned request
(i ∈ Va) and is moving towards the assigned service
location (i ̸∈ Vs).

• Idle (Ii). The robot does not have any assigned request
(i ∈ Va).

• Serving (Si). The robot is currently performing the ser-
vice operation (i ∈ Vs ∧ i ̸∈ Vc).

• Deadlock (Di). The robot is in local deadlock (i ∈ Vd),
i.e., it has an assigned request (i ∈ Va) but cannot
reach the respective location (i ̸∈ Vs) due to connectivity
constraints (xi ∈ X i).

• Assignment (Ai). The robot participates in solving the
distributed assignment problem. In this phase, no motion
of the robot is foreseen.

• Homing (Hi). There are no active requests (m = 0).
Each state takes value in {0, 1} with only one active state
per LFSMi, i.e., Ri + Ii + Gi + Di + Ai + Hi = 1. As per
Section V-B, a list of conditions is introduced to identify the
LFSM transitions with τ− and τ+ the time instant immediately
before and after a transition, respectively. The conditions
Initial requests, Reassignment (New request, Served request
and Global deadlock) and No requests are as in Section V-B.

• Assignment solved: denoting that the distributed assign-
ment problem is solved, according to the procedure in
Section VI. This can occur in the following cases.

– Request not assigned: the robot has no assigned
request(
|P(τ−)| = min{n,mt(τ

−)}
)
∧
(
i ∈ Va(τ−)

)
.

– Request assigned: the robot has an assigned request
and was not previously serving a request(
|P(τ−)| = min{n,mt(τ

−)}
)
∧
(
i ∈ Vs(τ−)

)
.

– Request reassigned: the robot was previously serv-
ing and is reassigned to the same request(
|P(τ−)| = min{n,mt(τ

−)}
)
∧
(
i ∈ Vs(τ−)

)
.

• Position reached: denoting that the robot has reached the
desired position for the service operation i ∈ Vs(τ−).

• Local deadlock: indicating that the robot is in local
deadlock and can no longer move due to connectivity
constraints, i.e., i ∈ Vd(τ−).

Fig. 4: LFSMi associated with the robot i.

All the conditions considered for the LFSM can be locally
detected, except for the Global deadlock and Local deadlock
conditions, for which we resort to distributed estimators as
detailed later in Sections VI-C and VII. The LFSMi function-
ing is illustrated in Figure 4. The robot starts in the homing
state Hi. Upon triggering the Initial requests condition, it
transitions to the assignment state Ai for the assignment
process. After solving the assignment problem, the robot
behavior depends on whether it has an assigned request:

• If no request is assigned (Request not assigned), the
robot enters the idle state Ii and acts as a communication
bridge. It returns to Ai when any Reassignment condition
is met.

• If a request is assigned (Request assigned), the robot
enters the reaching state Ri to move to the service
location. Then it transitions as follows:

– To serving state Si if the service location is reached
(Position reached).

– To local deadlock state Di, if Local deadlock is
triggered. The robot stays in Di until a Reassignment
condition triggers a return to Ai.

– Back to Ai if a new request (New request) or a
completed service (Served request) occur.

• If the robot is already serving a request, it is reassigned to
this (Request reassigned) and enters the serving state Si
until a Reassignment condition is met.

Once all requests in R are served, and No requests is
triggered, the robot returns to the homing state Hi.
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By considering the behavior of the LFSMi explained above,
the following conditions of state activation are obtained:

Ai(τ
+) = Initial requests ∨ (New request

∨ Global deadlock ∨ Served request)

= Initial requests ∨ Reassignment, (11)
Ii(τ

+) = Request not assigned, (12)
Ri(τ

+) = Request assigned, (13)
Si(τ

+) = Position reached ∨ Request reassigned, (14)
Di(τ

+) = Local deadlock, (15)
Hi(τ

+) = No requests. (16)

D. Relationship Between GFSM and LFSMs

In the following, we first analyze the correspondence be-
tween the states of the GFSM and the ones of the n LFSMs.
Then, we analyze the correspondence among the transitions.

• Assignment equivalence. The system is in the global
state A when all robots are collaborating to the assign-
ment process, i.e.,

A = 1 ⇐⇒ Ai = 1,∀i ∈ V. (17)

• Execution equivalence. The global state E describes the
behavior of the robot team to accomplish the mt(t) > 0
requests until re-assignment. Note that this state admits
robots in local deadlock, as long as there exists at least
one active robot reaching the assigned location. More
specifically, the following equivalence holds

E = 1 ⇐⇒
(
(Ri = 1) ∨ (Ii = 1)

∨ (Di = 1 ∧ ∃ r : Rr = 1),∀i ̸∈ Vs
)

∧ (Sj = 1,∀j ∈ Vs). (18)

• Homing equivalence. If there are no requests, all robots
are in Hi, so the team is in H, i.e.,

H = 1 ⇐⇒ Hi = 1,∀i ∈ V. (19)

Property 1. The GFSM behaves equivalently to n LFSMs
running in parallel.

Proof. Based on the equivalence relations in (17)-(19), we
show that, for each state of the GFSM, the same conditions
trigger the transition to the global state and the equivalent local
states, i.e., the GFSM and the n LFSMs are synchronized.

Initial and final state. The team initial state is H, which
aligns with each individual robot initial state Hi. Regarding
the global final state H, we can observe that once the final
request has been processed, triggering Served request, the
global FSM enters the Assignment state, as well as all local
FSMs enter the states Ai,∀i. Since there are no requests left,
No requests is triggered (which is a global condition, as stated
in Assumption 3), and both the global and local systems return
to the respective Homing states, by virtue of (10) and (16),
leading to (19).

Assignment. To reach the global Assignment state A, the
system can either i) be in the Homing state H and the Initial
requests condition is triggered or ii) be in the Execution state E

and a Reassignment condition is triggered. In i), in light of
(19), this implies that all LFSMs are in the local Homing
state and, since Initial requests is a global condition, they
will all transition in the local Assignment state, fulfilling (17).
Regarding ii), if the GFSM is in the Execution state E, then the
LFSMs can be either in Idle, Reaching, Deadlock, or Service
states as reported in (18). For each robot i in Ii, Di and Si any
Reassignment condition leads the robot to the state Ai, while
for each robot i in Ri, this can transition to Ai if there are
new requests or if a request is served. In this state, no Global
deadlock condition can be triggered at a global level since this
first requires the active robots (that are not serving) to reach a
local deadlock state. Hence, the relation (17) is fulfilled under
the same conditions for the global and local FSMs.

Execution. To enter the global Execution state E, it is
necessary that the system is in the Assignment state A and
the assignment problem is solved, triggering the condition
Assignment Solved, as reported in (9). By virtue of (17), when
the GFSM is in A, all LFSMs are in the local Assignment
state as well. Hence, when the condition Assignment Solved
is triggered, each robot i transitions to Ri, Ii or Si depending
on the assignment outcome, thus fulfilling (18).

VI. DISTRIBUTED ASSIGNMENT

In this section, we describe the components of the Assign-
ment Module introduced in Section IV-C.

A. Assignment Problem Formulation
Let us first introduce the assignment problem formu-

lation. Given n robots, m total service requests, and
mt ≤ min{m,n} requests to handle, the assignment problem
aims to determine the assignment set P in (7). In doing so,
any robots already engaged in serving a specific request must
remain assigned to that task. Let Pprev represent the previous
assignment, with Pprev = ∅ when the optimization problem is
solved for the first time. We introduce the binary assignment
variable Xij ∈ {0, 1}, where i ∈ V and j ∈ R, which is equal
to 1 if robot i is assigned to request j, and 0 otherwise.
Moreover, we define the benefit βij for the robot i to carry out
the service j by taking into account the distance between the
robot and the service location as well as the waiting time of
the request and a maximum waiting time Tw > 0. Specifically,
the benefit is defined as follows

βij = βd
ij + βt

j + βp
j , (20)

where βd
ij ∈ [0, 1] is a decreasing coefficient with respect to

the distance between the robot i and the location of the request
j, βt

j ∈ [0, 1] is a coefficient proportional to the waiting time
of the request j, and βp

j ≥ 0 is a priority value activated when
the maximum waiting time Tw > 0 is exceeded. In detail, the
distance term βd

ij is modeled as a sigmoid function, i.e.,

βd
ij =

1

1 + ea(dij−b)
, (21)

with dij the distance between robot i and request j, and a > 0,
b ≥ 0 positive parameters. The waiting time term βt

j is defined
as the normalized waiting time of the request j

βt
j = twj /∥tw∥, (22)
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where tw = [tw1 ... twm]T ∈ Rm is the vector collecting all the
request waiting times. It should be noted that each robot is
aware of tw, as per Assumption 3. Finally, the priority term
βp
j is defined as follows

βp
j =

{
m− j + 1 if twj > Tw,

0 otherwise.
(23)

The rationale behind βp
j is that, if the request has been waiting

longer than Tw, its assignment must be prioritized, taking into
account the order of arrival. This guarantees the completeness
of the assignment module as discussed in Section VI-D.

The following optimization problem is formulated:

max
Xij ,∀i,j

n∑
i=1

m∑
j=1

βijXij

s.t.
m∑
j=1

Xij ≤ 1, ∀ i ∈ V (24a)

n∑
i=1

Xij ≤ 1, ∀ j ∈ R (24b)

n∑
i=1

m∑
j=1

Xij = mt, (24c)

Xij = 1, ∀ i, j : i ∈ Vs ∧ (i, j) ∈ Pprev (24d)
Xij ∈ {0, 1}, ∀ i ∈ V, j ∈ R. (24e)

Regarding the objective function, this aims to maximize the
overall benefits related to robot-request matching. Regarding
the constraints, the inequalities (24a)-(24b) ensure that each
request is handled by at most one robot and that each robot
handles at most one request, respectively. Constraint (24c)
determines the number of assignments based on the value of
mt, with mt ≤ min{m,n}. The equality in (24d) ensures that
the serving robots are reassigned to their request. Constraint
(24e) specifies that the variables Xij are binary.

B. Assignment Problem Solution

As discussed in Section III-C, the work in [12] presented
an algorithm to solve an assignment problem optimizing the
overall benefit with n robots and m requests in a distributed
fashion, under the condition that n ≤ m. In this work, we
modify the method of [12] to solve the assignment problem
in (24) where we i) ensure an assignment also when n > m, ii)
guarantee that serving robots are reassigned to their requests
and iii) assign n robots to mt requests, with mt ≤ m.

Based on the algorithm in [12], our procedure works as
follows: first, we introduce variations in the algorithm in [12]
to find an assignment for n robots and m requests, fulfilling
points i) and ii). Then, for point iii), we use a distributed
algorithm to pause service requests that cannot be currently
handled. To address point i), we simply introduce n−m
dummy requests, which allow us to recover the condition
that the number of robots equals the total number of requests
(including dummy requests). These dummy requests can be
created by all robots since each of them is aware of the values
of n under Assumption 1 and m under Assumption 3. Clearly,

when a robot is assigned to a dummy request, no service is
actually performed and the robot is in the Idle state.

To handle point ii) and reassign robots to the same requests
that they are serving, these propose an infinitely high bid
during the bidding phase to the respective requests. In this
manner, it is not feasible for the others to provide a higher
bid, ensuring correct reassignment.

Algorithm 1 Pausing requests selection

Require: β∗
i , q

1: ri(0) := {(i, β∗
i ), (∞,∞), ..., (∞,∞)}

2: for k = 1, ..., n do
3: rc := ri(k − 1)
4: for j ∈ Ni do
5: Gather rj(k − 1)
6: rc := rc ∪ rj(k − 1)
7: end for
8: ri(k)← Get Min Ranking Values

(
rc, q

)
9: end for

10: if (i, β∗) ∈ ri then
11: Set Idle State i
12: end if

To address point iii) and handle the assignment in the case
mt < min{m,n}, we propose an algorithm to pause the
requests with the lowest benefits in a distributed manner. Let
β∗
i be the benefit of the agent i executing the assigned task,

i.e., β∗
i = βij , if (i, j) ∈ P and j is not a dummy task, and

β∗
i = ∞ otherwise, and let q denote the number of requests

to be paused such that

q =

{
n−mt, if n ≤ m,

m−mt, if n > m.

We introduce the concept of ranking r, which is the set
collecting the q tuples in the form (j, β∗

j ), with j ∈ V , having
the lowest benefit values β∗

j in the network. For equal β∗
j

values among robots, ascending order on the identifier values
j is considered in r. Each robot i holds a local ranking variable
ri and the objective is to achieve convergence to r. To this aim,
Algorithm 1 is executed by each robot i after the assignment
protocol described above. This generalizes a static minimum
consensus problem [51]. More specifically, at first, the ranking
ri is initialized with the local information (i, β∗

i ) (line 1).
Then, at each time step k, the set rc collecting the ranking
tuples from the neighbors and the robot itself is built (lines
3-7) and the q tuples with lowest benefit values are computed
and stored as current ranking set ri (line 8). This procedure
is repeated n times to account for the worst-case scenario of
communication graph diameter equal to n, as discussed in
[51]. Finally, if the robot identifier falls in ri, it goes into Idle
state Ii and pauses the respective service request (lines 10-12).

C. Deadlock Management

The objective of the deadlock management strategy is to
enable each robot to detect global deadlock situations in a
distributed manner. Briefly, the proposed strategy is based on
having each robot propose the number of requests to handle
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based on the knowledge of the local state and, then, properly
combine them using a dynamic maximum consensus protocol.

Let mp
i (k) represent the number of requests that the robot i

proposes to handle defined as

mp
i (k) =


mt if Ri = 1,
mt − 1 if Di = 1,

−1 if Ii = 1 or Si = 1,
(25)

where the value −1 denotes that the robot is in a state irrel-
evant to vary the number of requests to handle, as explained
in the following. As long as at least one robot proposes mt

or all propose −1, the system is in the global Execution state,
as described in equivalence (18), and no global deadlock is
triggered. However, if no robot proposes mt and at least one
proposes mt − 1, i.e.,

mp(k) = mt − 1, with mp(k) = max
i∈V
{mp

i (k)}, (26)

it means that all active robots, that are not in service, are in a
local deadlock. Hence, this condition denotes a global dead-
lock according to Definition 1. Based on these considerations,
we resort to the Exact Dynamic Max-Consensus (EDMC)
algorithm presented in [48] to estimate mp and recognize if
the condition (26) is met. Let m̂i(k) = [m̂0

i (k) ... m̂
n
i (k)]

T ∈
Rn+1 be the state vector of the robot i for the EDMC.
According to [48], the first element m̂0

i is set equal to the
value proposed by the robot itself, i.e.,

m̂0
i (k) = mp

i (k), (27)

while the remaining state variables are updated through a cas-
cading process considering the neighboring robots as follows

m̂l
i(k) = max

j∈Ni∪{i}
{m̂l−1

j (k − 1)}, l = 1, ..., n. (28)

The EDMC protocol is not relevant when the robots are per-
forming the distributed assignment, i.e., Ai = 1, ∀i ∈ V , and
every time that the assignment phase is completed, the EDMC
state variables are reset. Furthermore, note that, although in
general the EDMC algorithm of [48] only provides bounded
estimation error, in our setup we can prove that this error
converges to zero as discussed in the following.

Theorem 1. Consider a multi-robot system with each agent
running the EDMC update law in (27)-(28). Consider that
Assumption 1 holds. Then, all agents reach a consensus on
mp(k) in maximum n steps.

Proof. The proof is provided in Appendix A.

D. Completeness of the Management System

In this section, we show the completeness of the assignment
module, ensuring point ii) of Problem IV-B.

Property 2. All requests are served in finite time.

Proof. Let us first consider that the number of requests to
serve does not increase and analyze the possible scenarios
for each service request. When the requests are made (Initial
requests) the following possible scenarios can happen for each
request: i) it is immediately assigned, the robot reaches the

location and performs the service without deadlocks, ii) it is
immediately assigned, but the robot cannot reach the location
due to safety constraints, entering a local Deadlock state, and
the request is paused, or iii) it is not assigned and is queued.

We need to ensure that, even if a request is paused or
queued, this will be assigned, and then served, in finite time.
In this regard, let us analyze the worst-case scenario, where,
due to safety constraints, multiple Global deadlocks occur
and mt reaches the minimum value equal to mt = 1, with
m > 1 and n > 1. This situation implies that all robots i
are in the Idle state Ii except for one robot l that is either
in the Reaching, i.e., Rl = 1, or in the Serving state, i.e.,
Sl = 1. In this case, all robots in Idle state will possibly
move, if needed, to preserve the safety constraints and will
ensure that the active robot can reach the assigned location
(as demonstrated in Theorem 2) and accomplish the service
request. Once the service is completed, the condition Served
request is triggered, and the system executes the assignment
procedure with mt = 2. At this point, two requests are
assigned and at least one will be served. By iterating this
reasoning, all requests will be served in finite time. Note that
the cases n = 1 or m = 1 are trivially solved, as they lead to
the previously discussed case mt = 1.

At this point, let us study the case where new requests
arise during execution (New request). The number of requests
increases if there is available capacity, i.e., if all previous re-
quests are being handled (mt(τ

−) = m(τ−)) and some robots
are idle (m(τ−) < n). This ensures that if mt was decreased
due to global deadlocks, it is not increased afterward. As
done previously, let us analyze the worst-case scenario, where
mt = 1 due to multiple global deadlocks. In this case, if a
new request occurs, the assignment procedure is executed with
an unchanged number of requests to handle mt. This might
generally result in a different request being assigned if it has
a higher benefit compared to the current one. However, the
priority term in (23) ensures that, if there are requests waiting
for more than Tw, these will have higher benefit values than
those with shorter waiting times and will be sorted by their
order of arrival. To prove this, let us consider two requests j
and l with j < l and twj > Tw. In view of (20) and (23), the
following inequalities hold for each robot i βij ≥ βt

j+1+m−j
and βil ≤ 1 + βt

l + 1 +m− l. Thus, to prove that βij > βil,
we can show that βt

j + 1 + m − j > 1 + βt
l + 1 + m − l,

which is fulfilled considering that βt
j > βt

l and j < l. The
above implies that, after a maximum waiting time Tw, the
requests will be prioritized with respect to their order and will
be served in finite time.

VII. DISTRIBUTED CONTROL

As stated in Section IV-C, the Control Module comprises
two components: the distributed control law and the safety
filter. The first ensures that each robot performs its task, i.e.,
reaching the assigned position for active robots or providing
proactivity to maintain the connection for idle robots. The
safety filter is cascaded to the controller and designed to
minimize alterations to the control input in order to maintain
safety constraints, i.e., connectivity and obstacle avoidance.
Figure 5 shows the control module architecture.
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Fig. 5: Block diagram for robot i control module.

A. Distributed controller

By resorting to the control law proposed in [30], two con-
tributions are considered for each robot i: one for maintaining
the connection, uc

i , and the other for achieving a secondary
goal, such as reaching the assigned location, up

i , i.e.,

ui = up
i + uc

i , (29)

where ∥up
i ∥ ≤ Up and ∥uc

i∥ ≤ U c, with Up + U c = U ∈ R
representing physical limitations on the robot actuators. Given
the collective dynamics in (1), we obtain ẋ = up + uc, where
up = [up

1
T
... up

n
T ]T and uc =

[
uc
1
T ... uc

n
T
]T

are the stacked
vectors of the terms for reaching the desired positions and for
connectivity maintenance, respectively. Below, we provide a
description and analysis of the terms up

i and uc
i . Clearly, these

terms are only relevant when the team is in the execution
global state, while no motion is foreseen if the robots are in
the homing or assignment states, i.e., if Hi = 1 or Ai = 1 it
holds up

i = uc
i = 0, for all i ∈ V .

Reaching desired positions. We distinguish the expression of
up
i depending on the robot state. If i is an active robot, i.e., Ri,

Si or Di is 1, with j being the assigned request, a proportional
controller is employed to reach the position pj , i.e.,

up
i = −κp xi − pj

∥xi − pj∥
, (30)

where κp ∈ (0, Up] is a positive gain. Instead, if the robot
is in the idle state (Ii = 1), no request is assigned. Thus, no
location has to be reached and up

i is set to zero.
Connectivity maintenance. Let ∇xi

λ2(x) be the gradient of
λ2(x) with respect to xi which, in view of [52], is equal to

∇xiλ2(x) =
∑

j∈Ni(t)

∇xiaij(t)(ν2i − ν2j )
2, (31)

where ν2i and ν2j are the i-th and j-th component of the
eigenvector ν2 associated to λ2, respectively. The general term
of the robot i for the connectivity maintenance is

uc
i =

κc e
ελ−λ2(x)

κe
∇xi

λ2(x)

∥∇xi
λ2∥ , if ∥∇xi

λ2(x)∥ ≠ 0 ∧ Si = 0,

0, otherwise,
(32)

where ελ > 0 is the desired lower-bound for the algebraic
connectivity λ2(x), while κe > 0 and κc ∈ (0, U c] are
parameters to tune, with κc > κp. Let us define the threshold
δλ introduced in Section IV-A as

δλ = ελ + κe log

(
κc

κp

)
. (33)

Briefly, when the system is in the global execution state, the
control law (29) operates as follows for each active robot i:
when λ2 is far from ελ, up

i dominates over uc
i , enabling the

robot to reach its assigned position. As λ2 approaches ελ and
falls below δλ ([30, Theorem 5]), uc

i grows to dominate up
i ,

ensuring connectivity by maintaining λ2 > ελ. Regarding
the idle robots, since the respective term up

i is zero, the
connectivity component uc

i always dominates over up
i . This

results in the robot actively moving to preserve connectivity
and increase λ2. Note that this active motion would also
occur when all other active robots are serving, even though
there is no need to increase connectivity in this situation.
Thus, to prevent unnecessary motion, the distributed consensus
described in Section VI-C is used to detect this case, and, if the
robot is in Idle state but it holds m̂n

i = −1, the connectivity
input uc

i is set to zero to prevent motion. Finally, note that the
connectivity input uc

i is zero when the robot is in the serving
state Si to ensure completion of the atomic service operation.

Since we realize a distributed architecture, λ2 and ν2 must
be estimated locally. As in [30], methods like [52] enable
distributed estimation with convergence of the estimation error
to zero. Hence, let λ̂2i and ν̂i2 represent the locally estimated
λ2 and ν2 by robot i, respectively, the control law remains
unchanged, but λ̂2i and ν̂i2 replace λ2 and ν2 in (31)-(32).

In [30, Theorem 6], conditions for reaching assigned po-
sitions with connectivity constraints are given but may not
necessarily be fulfilled in any operational setting. Hence, we
formally prove that the control law in (29) ensures position
reachability even in worst-case scenario for the system com-
pleteness (see Property 2), thus corroborating this property of
the proposed framework.

Theorem 2. Consider a multi-robot system with each agent
behaving according to the LFSM described in Section V-C and
with control input (29). Consider that Assumptions 1 and 2
hold and assume that only one agent r is in the reaching state
Rr, while the others are in the idle state, i.e., Ik = 1, ∀k ∈ V
with k ̸= r. Then, the agent r is guaranteed to reach its desired
position j, with (r, j) ∈ P .

Proof. The proof is provided in Appendix B.

B. Safety Filter

The objective of the safety filter is to minimize the mod-
ifications to ui obtained from (29), while fulfilling safety
requirements of collision avoidance and connectivity main-
tenance. Let u∗

i ∈ Rp be the filtered control input for the
robot i, satisfying the safety constraints. To compute it, as
introduced in III-B, we resort to CBFs and formulate the
following Quadratic Programming (QP) problem:

min
u∗
i

1

2
∥u∗

i − ui∥2

s.t. ∇xi
h
oj
i (x)u∗

i ≥ −αo(h
oj
i (x)), ∀ obstacle j, (34a)

∇xi
hc
i (x)u

∗
i ≥ −αc(hc

i (x)), (34b)

where h
oj
i (·) represents the CBF to avoid the obstacle j and

αo(·) is the respective extended class-K function, while hc
i (·)

represents the CBF for connectivity maintenance, with αc(·)
is the respective extended class-K function. These functions
are detailed in the following.



13

Obstacle avoidance. We approximate each obstacle j, repre-
senting, for instance, a human operator, as a circle/sphere with
center oj and radius ρoj > 0, while for the robots we consider
that they can be approximated either with circular/spherical or
rectangular/parallelepiped shape.

In the case of circular (or spherical) shape for
the robot i, with center xi and radius ρri , the CBF
function proposed in [22] can be leveraged, i.e.,
h
oj
i = ∥xi − oj∥2 − (ρri + ρoj)

2 ≥ 0. This implies that
the distance between the centers of robot i and obstacle j
must be at least equal to the sum of the respective radii. We
define the class-K function αo(h

oj
i (x)) = ϕoh

oj
i (x), with ϕo

a positive value. Thus, the constraint (34a) for avoiding the
obstacle j is

2(xi − oj)
Tu∗

i ≥ −ϕo
(
∥xi − oj∥2 − (ρri + ρoj)

2
)
. (35)

In the case of rectangular shape of the robot i, we can
identify it with four segments describing its sides, denoted
as Li,1, Li,2, Li,3, and Li,4. The points of any segment Li,k

can be expressed as a convex combination of the segment
endpoints, i.e., li,k(θi,k) = lAi,k(1− θi,k) + lBi,kθi,k, with lAi,k
and lBi,k the endpoints and θi,k ∈ [0, 1] the combination weight.
Let θ∗i,k denote the weight associated with the point on the
segment Li,k that is the closest to the obstacle center oj , i.e.,
θ∗i,k = argminθi,k∈[0,1]{∥Li,k(θi,k)− oj)∥}, which can be ef-
ficiently computed according to the algorithm in [53]. Then
the distance dkij between the segment Li,k of the rectangular
robot i and the center of the obstacle j can be calculated as

dkij = ∥li,k(θ∗i,k)− oj∥, ∀k ∈ {1, ..., 4}, (36)

with gradient ∇xid
k
ij =

(
li,k(θ

∗
i,k) − oj

)
/dkij . To ensure that

no collision occurs between the rectangular robot and the
object, we require the distance between each segment and the
obstacle center to be greater than the obstacle radius, i.e., we
choose h

oj
i = [d1ij − ρoj , d

2
ij − ρoj , d

3
ij − ρoj , d

4
ij − ρoj ]

T and
formulate the constraint (34a) as

∇xi
d1ij

T

∇xi
d2ij

T

∇xid
3
ij

T

∇xi
d4ij

T

u∗
i ≥ −ϕo


d1ij − ρoj
d2ij − ρoj
d3ij − ρoj
d4ij − ρoj

 . (37)

Finally, the case of parallelepiped representation of the
robot i easily follows by extending the previous reasoning to
all of its 12 segments. It is worth noticing that, by following a
reasoning similar to the above, it is also possible to consider
rectangular (or parallelepiped) shapes for the obstacles.
Connectivity. The presence of the hard constraint on obstacle
avoidance might lead the robots to disconnect despite the
presence of the term uc

i in the control law (see the simulation
results in Section VIII for more details). Hence, we addi-
tionally include a connectivity constraint in the safety filter.
More specifically, let Hc be the set of connected states, i.e.,
Hc = {x ∈ Rnp : λ2(x) > 0}, and let us first analyze a
centralized scenario. The CBF hc : Hc −→ R proposed in [31]
can be taken into account:

hc(x) = λ2(x)− ελ, (38)

resulting in the safe set Cc = {x ∈ Rnp : λ2(x) ≥ ελ} ⊂
Hc. By defining the class-K function αc(hc(x)) = ϕchc(x),
with ϕc a positive value, the following constraint is considered

∇xλ
T
2 u

∗ ≥ −ϕc(λ2 − ελ), (39)

with u∗ = [u∗
1
T ... u∗

n
T ]T ∈ Rnp, which is proven in [31]

to guarantee convergence and belonging to the safe set Cc if
the system starts connected. In the case of distributed archi-
tecture, the previous statements are applicable. In particular,
given the estimated λ2, i.e., λ̂2i , the problem can be solved
in a distributed manner by having each robot i solve the
component i of constraint (39), as stated in [32]. Thus, given
hc
i = ϕc(λ̂2i − ελ), constraint (34b) can be expressed as

∇xi
λ̂T
2iu

∗
i ≥ −ϕc(λ̂2i − ελ). (40)

Note that in view of Assumption 2, the safety filter does not
affect the completeness property discussed in Section VI-D
and Theorem 2. Furthermore, note that a smaller positive
threshold might be used in (38) instead of ελ to provide more
flexibility to the robots for avoiding obstacles, allowing them
to reach a lower connectivity value than the one considered in
the control law. We do not further explore this direction for
the sake of clarity of the paper presentation.

Remark 1. To assess the time complexity of the proposed
method, we can analyze the one of the two composing modules.
For the Assignment module, its time complexity is dominated
by the polynomial one of the distributed auction algorithm,
which achieves O(kon

3) in the worst-case scenario, with ko a
positive constant. Regarding the Control module, its time com-
plexity is dominated by the one of the safety filter, which, being
a QP problem with linear constraints and convex cost function,
can be efficiently solved using polynomial-time algorithms.
For instance, the interior point method for convex QP has
complexity O(p3) [54], where p is 2 or 3 in our case. However,
we would like to point out that the distributed assignment
algorithm is only sporadically executed, triggered by specific
events rather than running continuously as the control module.
In particular, it is executed when the conditions on initial, new,
or served requests are triggered. In contrast, during a global
deadlock, the pausing algorithm (with complexity O(n)) alone
can suffice, as each robot generally stays closer to its assigned
request, thus reducing the computational burden.

VIII. SIMULATION RESULTS

The proposed framework has been evaluated using MAT-
LAB, which communicates via Robot Operating System
(ROS) middleware with a Unity-based simulator created as
part of the CANOPIES project2. The simulation represents a
digital twin of the real-world table grape vineyard shown in
Figure 1. The simulated environment, where a team of robots
operates, is shown in Figure 6a. More in detail, a team of six
Alitrak DCT-450P robots are deployed in a vineyard composed
of 132 poles supporting a pergola structure. Additionally,
two humans traverse the vineyard while the robots perform
their tasks. Figure 6b provides a schematic overview of the

2 https://pale.blue/solutions/robotics-autonomy/

https://pale.blue/solutions/robotics-autonomy/
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Fig. 6: Representation of the environment in Unity (a) and respective schematic overview (b). Robot-request assignments over
time in (c). Each request is associated with a unique color and gray borders indicate the respective request activation times.

Fig. 7: Simulation results. Proposals for individual robots (top)
and consensus values (bottom).

scenario showing the initial positions of the robots, humans,
and requests. The field is modeled as a grid where, in each
cell, a request can occur (blue circles). Note that, from a
navigation standpoint, the considered scenario is structurally
similar to other agricultural settings, like orchards, and the pro-
posed approach can be easily used in row-arranged vineyards.
Service requests, which correspond to box-exchange tasks, are
randomly generated in empty grid cells, each with a processing
time of 30 seconds. The number of requests m(t) is fixed at
6 throughout the simulation. As soon as a robot completes
a service, a new request is randomly generated at one of
the available positions. The total simulation time is set to
100 seconds, during which 16 service requests are generated,
with their locations listed in Table II. The parameters are
empirically selected as a = 0.2 and b = 25 for (21), and
for the controller and safety filter as: R = 15, κp = 1.8,
κc = 3.6, κe = 0.5, ελ = 0.1, ϕl = 25, ϕc = 1 and ϕo = 5.

A. Simulation Results

We analyze the simulation results in three time intervals
as described below, and present two figures. Figure 6c shows
the assignments made over time, with each color denoting
a request and gray borders indicating the respective request

Table II: Simulation setup. Location of each request j in the
field expressed as (row, column).

j Cell j Cell j Cell j Cell
1 (2,4) 5 (10,4) 9 (4,2) 13 (4,5)
2 (5,1) 6 (10,5) 10 (3,6) 14 (9,6)
3 (3,6) 7 (5,4) 11 (7,2) 15 (1,2)
4 (2,6) 8 (1,3) 12 (1,6) 16 (2,4)

activation times. Figure 7 shows the proposals made by the
robots on the number of requests to handle (in the top part),
as well as the maximum proposal value (mp) in magenta,
and the number of requests that the robots attempt to serve
simultaneously (mt) in blue (in the bottom part). Vertical red
dashed lines indicate global deadlocks, while vertical green
dashed lines indicate the completion of a service. We can
observe that the trend of mp coincides with mt unless all
robots are serving or idle, and propose −1. The accompanying
video shows the evolution of the overall simulation.
From 0 to 30 seconds. Initially, m(0) = 6 requests are
randomly generated and assigned following the distributed
assignment procedure. Robots 3, 6, and 2 reach their service
locations at approximately t = 5s, t = 10s, and t = 16s, re-
spectively, entering the local Service state and proposing mp

i =
−1, as shown in Figure 7. Due to connectivity constraints,
the remaining robots sequentially enter local Deadlock states,
proposing a decrease in mt. At t = 24s, Global deadlock
(mp = 5) is detected, triggering robot 4 to become Idle, and
pausing its assigned request (request 3). Subsequently, robots 1
and 5 reach their service locations at t = 26s and t = 27s,
respectively, leading to all robots proposing mp

i = −1. Hence,
robot 4 stops as it is no longer required to improve connectivity
(Figure 8).
From 30 to 60 seconds. When robot 3 completes its service
at t = 34.5 s, request 7 is generated, and robot 3 is initially
assigned to it. However, at t = 40 s, robot 6 is assigned
request 7, while robot 3 takes request 8. This reassignment is
due to the higher benefit for robot 3 in servicing request 8
(βd

3,8 = 0.93) compared to request 7 (βd
3,7 = 0.98), while

robot 6 has a higher benefit for request 7 (βd
6,7 = 0.9) than

request 8 (βd
6,8 = 0.48). A similar reassignment happens at

t = 47 s, when request 8 is transferred from robot 3 to
robot 2, and robot 3 takes request 9. The robots operate without
connection problems until the end of this time interval.
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Fig. 8: Depiction of the idle state of robot 4.

From 60 to 100 seconds. At the beginning of this time
interval, all robots are in the local reaching state and move
towards the assigned locations. Starting from t = 74s, each
robot successively proposes mp

i = −1 when the service
location is reached. At time t = 85s all robots reach a
consensus on mp = −1 (as shown in Figure 7), but in this
case, no idle robots are present that have to stop. When a
robot finishes serving (such as at t = 88s), a new request is
generated, and the team returns to the assignment state. The
robots navigate the vineyard without connection issues until
the end of the simulation.

Note that, throughout the simulation, the robots demonstrate
the ability to serve all requests while preserving connectivity
and avoiding collisions both with static obstacles, i.e., poles
of the vineyard, and with dynamic ones, i.e., with humans.

Connectivity. Figure 9a shows the estimated algebraic con-
nectivity, λ̂2, for all agents (since their estimates coincide,
no subscript is used). The connectivity remains above the
threshold ελ (the red horizontal line), indicating that the
network remains connected. The magenta line represents
δλ = ελ + κe log

(
κc

κp

)
, used for local Deadlock detection: if

the robot velocity is low and λ̂2 ≤ δλ, the robot proposes
decreasing mt. Figure 9b shows the algebraic connectivity
(top) and robot velocities (bottom) during the first 50 seconds.
At about t = 24 s, robots 1, 4, and 5 slow down significantly
while others remain stationary. At this point, the algebraic
connectivity drops close to δλ, indicating that not all robots
can reach their service locations. As a result, robots 1, 4, and 5
enter local Deadlock states. At t ∈ [28, 35] s, no robot motion
is observed, as they are all in Service or Idle states.
Benefit. Figure 10 shows the total benefit

∑
(i,j)∈P(t) βij(t)

at each time t. Discontinuities are related to new assignments,
whether from a new request or a pausing one. The benefit
decreases considerably in correspondence of the red dotted
line (denoting a global deadlock), which is expected since the
number of requests to handle mt is decreased by 1. Further-
more, the figure shows that the overall benefit is always non-
decreasing until new assignments are made. More specifically,
the benefit remains constant in the interval [23, 35]s since the
requests have equal waiting time and all active robots are
serving, while it increases in the other intervals, showing that
the robots successfully maximize the overall benefits.

B. Comparison with state-of-the-art approaches

We evaluate the scalability and performance of the proposed
framework compared to two state-of-the-art baselines: the
frameworks of Nestmeyer et al. [34] and Rooker et al. [35].
Briefly, as mentioned in the introduction, the work in [34]
prioritizes the motion of a prime traveler robot, which is
guaranteed to reach the target destination, while [35] resolves
deadlocks by redirecting all robots to a meeting point, with
one robot acting as a stationary beacon. Since both baselines
address multi-target exploration applications and lack an as-
signment module, we integrate our assignment module into
their methods for a fair comparison. We carry out simulations
with robot teams of varying sizes (10, 20, 30, 40, and 50)
within a 2-hectare area. For each team size n, we conduct
15 tests, each lasting 100 seconds, with randomized obstacle
positions, and request locations. A constant number of requests
m(t) = n is maintained throughout each test. Figure 11 shows
the average number of completed requests (top plot) and the
average number of detected deadlocks (bottom plot) for each
number of robots using the different frameworks (ours in blue,
Nestmeyer et al. in red, and Rooker et al. in yellow). The
variance is represented by the thin black lines. The results
demonstrate that the proposed framework consistently serves
more requests than both baselines, achieving higher efficiency
and scalability. In detail, compared to [35], it leads to an
average improvement of 45% for smaller teams (n = 10)
and over 10% for larger teams (n = 50). This is because
[35] disrupts parallel execution as robots abandon ongoing
tasks and expend time traveling to and from the meeting point.
Similarly, the proposed framework outperforms [34] by 10%
for smaller teams and 5% for larger ones. Indeed, although the
approach in [34] is effective in avoiding deadlocks, it limits
parallelism by slowing or halting secondary robots to support
the prime traveler. Note that the diminishing returns with large
teams are only motivated by the fact that the environment has a
fixed size in all tests. Hence, as the number of robots increases,
deadlocks become less frequent because the robots are able
to collectively cover almost the entire environment while
preserving connectivity. With fewer deadlocks, the differences
between the approaches diminish, as the primary task for the
robots becomes to navigate the field and serve the requests.

C. Connectivity Analysis

This section aims to experimentally demonstrate the im-
portance of including a connectivity component both in the
controller and in the safety filter. Three solutions are com-
pared: S1) a centralized architecture where the low-level con-
troller only ensures reaching the assigned positions while the
safety filter ensures connectivity maintenance; S2) a distributed
version of the previous solution, where the local low-level
controller only ensures reaching the assigned positions while
the safety filter ensures connectivity maintenance; and S3) the
proposed distributed architecture described in Section VII,
with both the low-level controller and the safety filter including
a connectivity component. We consider a case study involving
n = 3 robots and m = 3 requests. Due to connectivity
constraints, the robots cannot simultaneously reach all requests
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(a) (b)

Fig. 9: Simulation results. Algebraic connectivity (on the left), with zoom during the first 50 seconds in the top right and the
respective robot velocities in the bottom right.

Fig. 10: Evolution of the total benefit over time. Discontinu-
ities occur in correspondence of new assignment phases.

Fig. 11: Performance comparison. Average number of com-
pleted services per number of robots (top) and average number
of deadlocks detected per number of robots (bottom).

but only one can be served at a time. We analyze the behavior
until the first service request location is reached. The accom-
panying video shows the three solutions. Figure 12 shows the
path of each robot (top) and algebraic connectivity evolution
(bottom) with all the solutions. In all cases, the optimal initial
assignment is P = {(1, 2), (2, 1), (3, 3)}.

Figure 12a reports the outcome of S1. At the start, the
robots attempt to reach the assigned positions, but stop once
the connectivity limit is reached, causing robot 3 to become
Idle. Robots 1 and 2 then proceed, while robot 3 is dragged
to maintain connectivity. Once the limit is reached again,
robot 2 becomes Idle. At this point, robot 1 reaches its assigned

position by dragging the idle robots 2 and 3. With S1, the
robots operate with minimal connectivity and move only when
necessary after reaching the connection limit, thus no proactive
behavior is exhibited by the idle robots.

Figure 12b shows the outcome of S2. As before, robot 3
becomes Idle. However, unlike the case with S1, robot 3
remains stationary to maintain connectivity. Subsequently,
robot 2 also becomes Idle, leaving only robot 1 active and
resulting in all robots remaining stationary. Therefore, none of
the robots succeed in reaching the assigned position. Hence,
with S2, we can observe that i) the algebraic connectivity
remains at the limits of the safe set and ii) after at least
one robot becomes Idle, all robots in team remain stationary,
preventing the accomplishment of the service requests. This is
motivated by the local safety filter’s lack of global awareness,
optimizing each robot’s velocity independently. It acts as a
minimum-energy controller, assigning zero velocity to Idle
robots, causing active robots to halt to maintain connectivity.

Finally, Figure 12c shows the behavior with the proposed
solution. In this case, robot 3 becomes Idle but actively tends to
increase connectivity. Next, the constraints make robot 2 Idle,
and both actively allow robot 1 to reach its target. Hence, in
this case, the robots no longer work at the limits of the safe set,
i.e., the Idle robots are no longer dragged by the active ones,
but proactively operate to increase the algebraic connectivity,
while the filter guarantees a minimum λ2 value.

D. Realistic operational factors

To validate the applicability of the framework in real-world
settings, we conduct additional simulations incorporating the
following realistic operational factors: i) Localization Errors
(LE), simulated as Gaussian noise in position estimation with
zero mean and variance 0.05 m. ii) Packet Losses (PL), mod-
eled as random message drops with rates uniformly distributed
between 0.1% and 5%. iii) Communication Delays (CD),
represented as delays uniformly distributed between 0.04 s
and 0.3 s. We evaluate the framework under ideal conditions,
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Fig. 12: Results of the connectivity analysis. The robots’ paths (top), and algebraic connectivity (bottom) are shown.

Table III: Results with different realistic operational factors
(LE, PL, CD) included and in the ideal case.

Ideal LE PL CD Combo
Serv. 10.2± 0.8 10.2± 0.9 10.1± 0.7 9.8± 0.6 9.8± 1.2
Dead. 1.2± 1.2 1.1± 1.1 1.3± 1.3 1.2± 1.2 1.4± 1.4
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Fig. 13: Representation of the laboratory setup.

when including individual factors (LE, PL, CD), and with
combined factors using the simulation setup in Section VIII-A
with n = 6 robots and 15 tests. Each test has random target
locations and duration equal to 100 s. Table III summarizes
the results: the first row shows the average number of services
completed, while the second row reports the number of dead-
locks detected. Results confirm the framework’s robustness,
completing approximately 10 services across all scenarios. LE
has minimal impact compared to PL and CD, while CD has
the greatest effect due to delays in request processing.

Table IV: Experimental setup. Location of each request j
expressed as (row, column).

j Cell j Cell j Cell j Cell j Cell
1 (2,3) 3 (3,3) 5 (2,2) 7 (1,1) 9 (1,4)
2 (3,2) 4 (1,4) 6 (2,4) 8 (3,3) 10 (1,3)

IX. EXPERIMENTAL VALIDATION

After validating the proposed framework through simula-
tions including realistic operational factors, we further test it
in a real-world laboratory environment. The team consists of
three robots: one TurtleBot2 and two TurtleBot Conveyors.
The TurtleBot2 is a differential drive robot with a circular
base, equipped with an Intel NUC with i7 processor and 16GB
of RAM. The TurtleBot Conveyors are omnidirectional robots
with a square base, each equipped with a Raspberry Pi 4 with
8GB of RAM. Each robot has an integrated WiFi module for
communication and uses ROS middleware for communication
and control. Localization is obtained through an OptiTrack
motion capture system, providing precise positioning data
transmitted to the robots via a router. The system latency
ranges from 30 to 70 milliseconds. Note that the localization
information is shared through ROS topics, making the frame-
work agnostic to the specific localization module. As a result,
the Optitrack system can be easily replaced with alternative
solutions, such as GPS modules for outdoor environments. A
small agricultural setting, with size 7m × 4m, is recreated
where the field comprises four plants that must be avoided,
and twelve potential request locations arranged around them
as illustrated in Figure 13. Similar to the simulation case study,
the number of requests is set equal to 3 at all times and
the same set of parameters as in the simulation is employed
except for κp and κc which are scaled by a factor of 10,
and R which is set equal to 2. These choices are motivated
by the need to limit the robots speed in the real setup and
to facilitate operating conditions at the connectivity limit
within the confined laboratory space. The accompanying video
reports the execution of the experiment.

Figure 14 shows the results of a two-minute experiment.
Figure 14a depicts robot proposals (top) and the consensus
value (bottom). Figure 14b represents algebraic connectivity
(top) and overall benefit (bottom). Red dashed lines mark
global deadlock events, while green dashed lines indicate
service completions. Figures 14c and Table IV detail the
robot-request assignments over time and request locations,



18

(a) (b) (c)

Fig. 14: Experimental results. Proposals mp
i ,∀i (top left), consensus value for global deadlock (bottom center), algebraic

connectivity (top center), overall benefit evolution (bottom right), robot-request assignments over time (right). Each request is
associated with a unique color while gray borders indicate the respective request activation times.

respectively. The experiment starts with each robot assigned
to a request. By t = 40s, four requests are fulfilled without
violating connectivity constraints. At this point, a global
deadlock is detected, reducing the number of active requests,
and robot 2 is set to Idle (following Algorithm 1). This allows
robot 3 to complete its task at t = 57s and initiate a new
assignment with a higher mt. In the next 10 seconds, two
additional global deadlocks occur at t = 62s and t = 65s.
After the first deadlock, robot 3 becomes Idle, but this does
not resolve the issue, so a second deadlock occurs, where
both robots 2 and 3 are set to Idle. Robot 1 is reassigned
to request 6 due to its longer waiting time and proximity
to the team. At t = 75s, robot 1 completes its service, and
mt increases. Robots 1 and 2 are reassigned to requests 8
and 7, respectively, while request 9 is not assigned due to its
lower priority. By t = 112s, request 8 is fulfilled, and mt

is increased again. From this point on, the robots coordinate
effectively, and no further deadlocks occur. The experiment
shows that, despite unmodeled real-world factors such as
localization errors and communication delays, the robots can
safely complete tasks and perform similarly to the simulation,
successfully addressing Problem 1.

X. CONCLUSIONS

In this paper, we proposed a distributed integrated frame-
work for multi-robot task allocation and safe coordination in
dynamic environments. More in detail, a two-layer architecture
was designed where the top layer handles the high-level
decision-making strategy and defines the assignment of the
service requests to the available robots in a distributed manner,
while the bottom layer provides the low-level distributed
control law for safe coordination, i.e., ensuring connectivity
maintenance and no collision with obstacles such as human
operators. The behavior of each robot is defined according to a
local FSM which was proven to be equivalent to a global FSM,
where the knowledge of the state of all robots is assumed.
The completeness of the proposed method was demonstrated.
Finally, numerical simulations and experiments with a real
team of mobile robots were provided to validate the approach.

APPENDIX

A. Proof of Theorem 1

In view of the reasoning in [48], for each robot i we have

m̂n
i (k) = mp(k − n), ∀k ≥ k0 + n, (41)

where n represents an upper bound of the graph diameter
and k0 is the start time. At this point, we can characterize
the convergence properties of the EDMC algorithm in our
particular setting. In particular, we can observe that, when
the robots are running the EDMC protocol, the only proposal
change by a robot i occurs when it leaves the reaching state
Ri and enters either the serving state or the local deadlock
state, where it proposes −1 and mt − 1, respectively. If this
change influences the maximum value mp(k), this is detected
in maximum n steps as per (41). Hence, the EDMC protocol
enables the successful detection of global deadlocks, i.e., the
fulfillment of condition (26), with a maximum delay of n steps.
Note that this delay does not compromise the team behavior
but only causes the robots to remain stationary until the global
deadlock is detected by all of them.

B. Proof of Theorem 2

Let us recall that δλ is defined as δλ = ελ + κe log
(
κc

κp

)
.

As per the assumption, we focus on the case when only one
agent r is in the Reaching state Rr and the others are in the
Idle state. From [30, Theorem 6], it follows that the robot r
is guaranteed to reach the assigned position if

λ2(x) > δλ. (42)

This implies that as long as (42) is fulfilled, the robot r moves
towards the target. Let Hλ = {x ∈ Rnp |λ2(x) > δλ} denote
the set of states for which (42) is met. To prove the theorem,
we aim to demonstrate that for this operational setting i) if
the team starts in a situation with λ2(x) ≤ δλ, then the
connectivity will increase and will fulfill (42), i.e., the system
state x will enter the set Hλ, and ii) once the condition (42)
is met, it will remain satisfied at all times, i.e., Hλ represents
an invariant set. This ensures that the robot r will reach the
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assigned position as per [30, Theorem 6]. Clearly, if at the
beginning the condition (42) is met, the second point applies
and the desired position is reached by r.
Part 1. Let us analyze the following Lyapunov candidate

V (x) = e
(ελ−λ2)

κe .

Due to the discontinuity in (32), a non-smooth analysis [55],
[56] should be carried out to analyze V (x). This formalism
is here omitted for the sake of space and for the simplicity of
notation; however, the same results would follow. Hence, the
following derivative is considered

V̇ =
∑
i∈V

(
− 1

κe
e

(ελ−λ2)
κe ∇xi

λ2

)T

ui = −
1

κe
e

(ελ−λ2)
κe

∑
i∈V

gi,

(43)
with gi = (∇xi

λ2)
T
ui. By extending the result in [31,

Lemma 1], it follows that, even if ∥∇xr
λ2(x)∥ ̸= 0, there

will exist at least one other agent z ∈ V, with z ̸= r, such
that ∥∇xzλ2(x)∥ ̸= 0 (since two “extreme nodes” as defined
in [31, Lemma 1] always exist). Furthermore, this agent is in
Idle state by assumption. Hence, it holds

gz=(∇xz
λ2)

T
κc e

ελ−λ2
κe

∇xz
λ2

∥∇xz
λ2∥

= κc e
ελ−λ2

κe ∥∇xz
λ2∥>0

(44)
Similarly, for the other agents in Idle state k ̸= r and k ̸= z
it holds gk > 0 if ∥∇xk

λ2(x)∥ ̸= 0, and gk = 0 otherwise.
Hence, gk ≥ 0 for all k ∈ V with k ̸= r and k ̸= z. Regarding
the agent r in Reaching state Rr, if ∥∇xrλ2(x)∥ = 0, it holds
gr = 0; otherwise, we have

gr = (∇xr
λ2)

T

(
−κp xr − pj
∥xr − pj∥

+ κc e
ελ−λ2

κe
∇xr

λ2

∥∇xrλ2∥

)
≥ ∥∇xr

λ2∥
(
−κp + κc e

ελ−λ2
κe

)
:= gr,

(45)
which leads to gr ≥ gr ≥ 0 as long as λ2 ≤ δλ. In view
of (43) and the inequalities for gr and gz , we obtain that as
long as λ2 ≤ δλ, it holds V̇ < 0, implying that the algebraic
connectivity will fulfill condition (42).
Part 2. At this point, our objective is to prove that Hλ is an
invariant set. Let us consider that the system state belongs to
Hλ. Clearly, if the system connectivity increases, the system
state will continue to belong to Hλ. Therefore, we analyze the
scenario where the connectivity decreases. We can observe that
when λ2 → δλ

+ it holds

(−κp + κc e
ελ−λ2

κe )→ 0, (46)

while the term gz in (44) is always positive, i.e., it contributes
to increasing the connectivity. Hence, by the continuity of the
state variables and by considering the expression of gr in (45)
and the bound in (46), we have that, if λ2(x) is decreasing,
there exists a value x such that ||gz|| > ||gr||, resulting in
V̇ < 0. Hence, when V̇ < 0, an increase of the connectivity
occurs, resulting in the system not leaving the set Hλ and
demonstrating its invariance.
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