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A distributed model predictive control strategy for
constrained multi-vehicle systems moving in

unknown environments
Giuseppe Franzè Senior Member, IEEE, Walter Lucia Member, IEEE and Antonello Venturino

Abstract—In this paper, we propose a distributed model
predictive control strategy for a team of vehicles moving in an
unknown obstacle scenario. In particular, we combine receding
horizon control arguments with leader-follower formations in
order to design a flexible architecture where the vehicle topology,
if needed, can be rearranged to better cope with the presence
of obstacles. Each vehicle is equipped with an ad-hoc dual-mode
controller in charge of tracking along the leader-follower chain
the predecessor vehicle (namely the target for the leader) and
ensuring absence of collisions. Moreover, whenever the leader
recognizes that the obstacle scenario obstructs its navigation,
the current formation is properly reconfigured by preserving
recursive feasibility and obstacle avoidance properties. Final
numerical results on a team of seven point mobile robots
are instrumental to show the main features of the proposed
distributed model predictive control algorithm.

I. INTRODUCTION

In recent years, formation control and collision avoidance
issues have received an increasing attention as testified by the
number of contributions, see [1]–[3]. Essentially, this is due to
the increasing relevance acquired by Unmanned Air Vehicles
(UAV) and/or Unmanned Ground Vehicles (UGV) in different
areas according to the Industria 4.0 guidelines, see [4]. Among
others, line-less or reconfigurable manufacturing systems [5],
intelligent security [6], humanitarian demining [7], health care
[8] are by no means topics of great interest in the control
community.

A. Motivations

The industrial applications put in light a common denomi-
nator: multi-vehicle configurations could better address critical
and complex operating scenarios by mitigating the chance
of failure. Such a claim also comes out by recalling some
capabilities attributable to the formation control paradigm:
• resolving tasks that could be quite difficult or even

impossible for a single robot;
• increasing the task completion time can be dramatically

decreased if many robots cooperate in a parallel fashion;

Giuseppe Franzè is with DIMES, Università della Calabria,
Via Pietro Bucci, Cubo 42-C, Rende (CS), 87036, ITALY,
giuseppe.franze@unical.it

Walter Lucia is with CIISE, Concordia University, Montreal, QC, H3G
1M8, CANADA, walter.lucia@concordia.ca

Antonello Venturino is with the L2S, CNRS, Centrale-
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• increasing the system reliability through redundancy be-
cause having only one robot may work as a bottleneck
for the whole system especially in critical times;

• having small, simple robots will be easier and cheaper to
implement than having only single powerful robot.

On the other hand, the use of coordinated formations makes
the collision avoidance more demanding because topology
constraints have to be also taken into account with the un-
avoidable consequence of adding further requirements to keep
the viability property.

Therefore, an incentive to develop sophisticated control
architectures relies on the need to increase the success rate
when complicated objectives are required.

B. Literature review

As the vehicle formation is concerned, existing solutions
can be classified in three main areas: leader-follower (LF)
[9], [10], behavioral-based [11], [12], and virtual structure
[13], [14]. Whereas collision avoidance strategies range from
optimization methods [15], formal methods [16]–[19], prob-
abilistic frameworks [20], to data driven/learning approaches
[21]–[23].

Formation and collision avoidance requirements become
even harder when physical limitations on the vehicle dynamics,
such as actuators saturation and fixed on-board computa-
tional/communication capabilities, must be taken into account.
In view of this analysis, Model Predictive Control (MPC)
approaches appear the more adequate choice to properly deal
with constrained setups, see [24] for a detailed and compre-
hensive review on the proposed Distributed MPC (DMPC)
schemes. Some of them are relevant for successive develop-
ments. By exploiting a set of admissible equilibria, the authors
of [25] have generalized the classical MPC paradigm to deal
with the multi-vehicle formation stabilization problems. In
[26], a distributed Receding Horizon Controller (RHC) for
vehicles’ platoons with nonlinear dynamics has been devel-
oped. The proposed solution is capable of ensuring leader-
follower/predecessor-follower string stability. By resorting to
feedback linearization and MPC arguments, the authors of
[27] first translate the collision avoidance formation control
problem into a mixed-integer quadratic programming problem,
then branch-and-bound algorithms are presented to deal with.
In [28], nonholonomic multi-vehicle systems are considered
and a distributed RHC scheme designed. For each vehicle,
a positively invariant terminal region is built by exploiting
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an auxiliary control law and a set of terminal constraints.
Furthermore, the compatibility problem between the vehicles’
assumed and predicted state trajectories is solved in terms of
norm-bounded constraints.

More recently, a renewed interest has been devoted to
address coordination and control problems for multiple mobile
agents, see e.g. the review paper [29] and references therein.
In [30], a gradient-descendent based control architecture is
developed for single integrator models subject to nonholo-
nomic dynamics, linear/angular velocity saturations and ob-
stacle avoidance requirements. Nonconvex scenarios, resulting
from non-overlapping convex obstacles, are considered in [31].
There, a modified gradient controller is in charge to safely
drive the robot by exploiting artificial potential functions
defined with respect to navigation objectives and distance
from the obstacles. Moreover, in [32] the path planning and
obstacle avoidance problem for a formation of ground and
aerial vehicles localized resorting to the hawk-eye technique
is addressed by developing ad ad-hoc MPC scheme. In [33],
leader-follower multi-agent systems and switching network
topologies are considered and a data-driven control scheme
proposed to address the cooperative control problem under
cost-optimal criteria. Finally in [34], static leader-follower
formations of unconstrained double-integrator multi-agent sys-
tems are considered and a DMPC controller ad-hoc designed.

All these items put in light that unknown and possibly time-
varying obstacle scenarios represent an hard task from both
performance and computational perspectives. Moreover, this
gets more complicated when group of vehicles are of interest.
There are several reasons: non-convex constraints difficult to
address during the on-line operations; limited perception ca-
pabilities that make poor the achievable control performance;
non-trivial scalability procedures over the number of involved
vehicles.

C. Main contribution

In this paper, the attention will be focused on the following
objective:

Given a vehicle’s formation, determine a control strategy
capable of maximizing the chance that at least one vehicle can
reach the prescribed target despite any admissible obstacle
occurrence along the path.

It is worth to notice that such a scenario arises whenever a
team is involved in possibly dangerous/challenging missions:
mine clearance areas [35], environmental monitoring [36],
fire detection and extinguishing [37], remote measuring in
wild-grown areas [38]. In such cases, it becomes mandatory
to accomplish the main task also at the price of a possible
and admissible (costs/benefits) loss of resources (Unmanned
Ground Vehicles (UGVs)).

Starting from these premises, we develop a flexible DMPC
strategy for multi-agent systems capable of updating the
leader-follower topology according to time-varying obstacle
scenarios for better accomplish the prescribed mission. Specif-
ically, each vehicle computes the command input by solving a
constrained Semidefinite Programming (SDP) problem stated
on the information exchanged with its neighbours and the

sensed obstacle scenario: the resulting local dual-mode MPC
controller allows to track the predecessor vehicle position (the
target for the leader agent) while guaranteeing collision avoid-
ance capabilities both with respect to vehicles and obstacles.
Moreover, whenever the leader detects conditions (e.g. obsta-
cle barriers) under which the navigation towards the target
is prevented, the proposed strategy is instructed to change
the leader by preserving the feasibility property of the re-
ceding horizon DMPC controllers thanks to the use of the
robust Bellman equation. In summary, the resulting control
algorithm can be considered as one of the first attempts to
formally address constrained unmanned vehicles moving in an
unknown obstacle scenario. This is achieved in virtue of the
capability to modify leader and structure of the LF topology
without compromising feasibility and constraints satisfaction.
Preliminary ideas of the proposed control framework have
been presented in [39]. Here, we have significantly improved
both the literature analysis and controller design. In particular,
the conditions under which time-varying LF formations come
out are analyzed, and feasibility retention of the overall control
architecture is formally proved.

The paper is organized as follows. In Section II, the operat-
ing setup (vehicle dynamical model, obstacle scenario, leader-
follower topology, communication and perception capabilities)
is detailed, and the problem formulation stated. In Section
III, the proposed DMPC strategy is presented and its main
properties proved. In Section IV, simulation results for a team
of seven mobile-robots are shown. Finally, some concluding
remarks and future research directions are provided in Sec-
tion V.

NOTATION AND DEFINITIONS

Definition 1: Given a set S ⊂ IRn and a point p ∈ IRn, the
norm-2 distance between p and S is defined as:

dist(p,S) := inf
s∈S
‖s− p‖2,

Definition 2: Given two sets S1,S2 ⊂ IRn, the norm-2
distance between S1 and S2 is defined as:

dist(S1,S2) := inf {‖s1 − s2‖2 : s1 ∈ S1, s2 ∈ S2}

Let us consider a discrete-time linear time-invariant (LTI)
system

x(t+ 1) = Φx(t) +Gu(t) (1)

where t ∈ ZZ+ := {0, 1, ...}, x(t) ∈ IRn is the plant state
vector, u(t) ∈ IRm the control input vector, and

u(t) ∈ U , ≥ 0, x(t) ∈ X , ∀t ≥ 0 (2)

with U , X convex and compact subsets of IRm and IRn,
respectively.

Definition 3: A set Ξ ⊆ X is said Positively Invariant (PI)
for (1) under (2) if

∀x ∈ Ξ, ∃u ∈ U : Ax+Bu ∈ Ξ

Definition 4: Let Obj be an object with a polyhedral convex
structure described as the intersection of lj half-spaces:

Obj :
[
Hj

1 , . . . , Hj
lj

]T
p ≤

[
gj1, . . . , gjlj

]T
(3)
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with p ∈ IR2 the 2D coordinated of a point on the plane. An
obstacle scenario O is defined as

O := {Ob1, . . . , Obno} (4)

where no denotes the number of involved objects. 2

Definition 5: Let O(t) be an obstacle scenario detected
at the time t. Then, the non-convex obstacle-free region
pertaining to O(t) is defined as follows

Ofree(t) := {p ∈ IR2 : p ∈ η(p, t)}, (5)

where

η(p, t) :=

no(t)⋂
j=1

ηj(p)

and

ηj(p) :=

p ∈ IR2 :

lj⋃
k=1

(Hj
k)T p > gjk


2

II. PROBLEM FORMULATION

Let us consider the class of UGVs described as discrete-time
LTI systems

xi(t+ 1) = Axi(t) +Bui(t), ∀i ∈ I := {1, . . . , L}, (6)

where xi ∈ IRni is the state and ui ∈ IRmi the control input.
Moreover, the following constraints are prescribed:

xi(t) ∈ Xi and ui(t) ∈ Ui, ∀t ≥ 0, ∀i ∈ I, (7)

with Xi and Ui closed and bounded subsets of IRn and IRm,
respectively.
In the sequel, the operating setup is detailed:

-Vehicle Model: Without loss of generality we assume that
x(t) = [p(t)T , xTnp]T with xnp ∈ IRn−2 accounting for the
non-spatial components.
Moreover, we assume that the plant description (6) has real
(e.g. double integrator models) or artificially added (i.e. thanks
to a pre-compensation action) integral effects so that under
zero velocity and ui(t) ≡ 0, any point p ∈ IR2 in the planar
space is an equilibrium.

-Perception capabilities: the vehicles are equipped with a
perception module capable of detecting obstacles within a pre-
specified radius R > 0. Let Rc

min be the minimum curvature
radius of the given vehicle, then the perception module is
such that the field of view is 360o and R > Rc

min. In this
respect, the ball centered at the current agent planar position
B(pi(t), R)∀i ∈ I, represents the detected region, while
SB(pi(t), R)∀i ∈ I, refers to the semi-ball of B(pi(t), R).

-Obstacle scenario: The multi-vehicle system operates
within a planar environment where obstacles may obstruct its
nominal path towards a prescribed target. Each obstacle is a
convex polygon defined as in (3), and, at each time instant
t ∈ ZZ+, a portion of obstacle-free region defined in (5) is
detected.

-Leader-Follower configuration: The team (6) is organized
as a LF formation with a tree topology where each vehicle
has a single father node (see Fig. 1). For each i− th vehicle,
we denote with

• level(i) ≥ 0 the vehicle’s level in the tree, where we
assume that the root node (e.g. i = 1) is at level 0, i.e.
level(1) = 0;

• f(i) the vehicle predecessor (father) node;
• post(i) the vehicle set of followers (post);
• N (i) := {j ∈ I \{i} : level(j) ≡ level(i)} the vehicle’s

set of neighbors.
Moreover, in order to take care that obstacles might occlude
the path of the leader node (tree root) towards the target, we
require that at each time instant t the LF formation can change
its leader.
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Fig. 1. Tree Leader-Follower topology

-Information exchange: at each time instant t, each i − th
vehicle sends to post(i) its predicted future state trajectory,
namely x̂i(t) and the angle of the travel direction, namely
θ(t)

The problem we want to solve can be stated as follows:
Flexible LF vehicle formations in Unknown Environments
(FLF-UE): Given a LF formation of constrained UGVs (6)-
(7) and a target xT ∈ IRn, design a distributed state-feedback
control policy

u1(t) = g(x1(t), xT ),
ui(t) = g(xi(t), x̂f(i)(t), θ(t)), ∀i ∈ I \ {1}, (8)

satisfying constraints (7) and such that, starting
from an admissible initial condition x(0) =

[x1T

(0), x2T

(0), . . . , xL
T

(0)]T , the team is driven towards
xT while avoiding collisions with neighbors and obstacle
scenarios O(t),∀t ≥ 0.

A. Proposed Solution: an overview

In this section, we detail the key ingredients characterizing
a novel DMPC architecture in charge to solve the FLF-UE
problem. Specifically:
• MPC controllers - Each i− th vehicle is equipped with

a distributed MPC:
1) the leader (namely i = 1) implements a local RHC

controller with the prediction horizon length N1 =
0;

2) each follower i ∈ (I \ 1) uses an MPC controller
with Ni = level(i) > 0.

• Time-varying LF topology - According to a given switch-
ing rule, the proposed strategy allows the leader vehicle
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(i = 1) to leave the leadership to one of its direct
followers (post(1)). On the other hand, the former leader
can reconnect to the LF formation only as a child of any
leaf node. As a consequence the feasibility is preserved
if the following actions are performed:

– Let t̄ be the time instant when the current leader
leaves the leadership to a follower j ∈ post(i). At
t̄+ 1 the j− th prediction horizon is set to Nj = 0.
If post(j) 6= ∅, then the prediction horizon length of
all the followers along the LF tree is decremented
by 1.

– When a vehicle v is added to the LF formation
as a leaf node, the related local MPC controller is
initialized with Nv = Nleaf + 1, where Nleaf =
level(leaf).

In the sequel, for the sake of notational simplicity, we
always refer to the 1− th vehicle as the formation leader.

Remark 1: Since the LF team moves within an uncertain
environment without any a-priori information on the obstacle
locations, the control strategy must guarantee that each vehicle
can reach an admissible and safe region in a finite number of
steps. Moreover by taking care that the leader is in charge to
lead the LF formation, the simplest, though not optimal, way
to ensure the satisfaction of the above requirement is to design
the leader receding horizon controller with N1 = 0 such that
the related PI set includes the initial leader state condition. 2

Remark 2: In order to ensure that the LF formation is
preserved, each vehicle should be aware of the position of
its predecessor and its neighbors from the current time instant
onward. Within an MPC framework, this prescribes that each
element of the LF configuration informs neighbours and
followers about its future state trajectory (predicted sequence)
in order to properly define the LF formation constraints within
the time interval defined by the prediction horizon length. 2

Remark 3: The need for time-varying LF configurations
results from the aim of improving as much as possible the
control architecture flexibility. In fact, the leader switching has
the aim to facilitate the obstacle bypassing, and, as a conse-
quence, improve the vehicle’s formation mission. Therefore,
if a follower vehicle assumes the leader role, then its MPC
controller must be accordingly updated, i.e. the prediction
horizon length is set to zero. Accordingly, all its followers are
also shifted one level up and their prediction horizon lengths
decreased by one. 2

III. FLEXIBLE DMPC CONTROL STRATEGY FOR VEHICLE
FORMATIONS

In this section, we derive the local MPC optimizations and
show that leader switchings are viable. Finally, the overall
control architecture is summarized by means of a pseudo-code
algorithm and its feasibility property formally proved.

A. Local DMPC controllers

In the sequel the following notations will be used. At the
time t and for any vehicle i ∈ I, the predicted state and
control input at t+ k are denoted by x̂i(t+ k) and ûi(t+ k),

respectively. Moreover, at the time t, the predicted state
trajectories and command inputs are x̂i(t) := {x̂i(t+ k)}Ni

k=1

and ûi(t) := {ûi(t + k)}Ni−1
k=0 , respectively. In order to

formally define the optimal control problem underlying the
MPC strategy, the following ingredients are required:
• Dual-mode input parametrization:

ûi(t+k) =

{
ûi(t+ k), k = 0, . . . , Ni − 1
Ki(x̂i(t+ k)− x̄ti), k ≥ Ni

(9)
with Ki ∈ IRm×n a stabilizing and admissible state
feedback law and x̄ti an equilibrium state;

• Cost function:

J i(x̂i, xT , ûi) :=

Ni−1∑
k=0

[
‖x̂i(t+ k)−xT ‖2Qi

+|ûi(t+k)‖2Ri

]
(10)

where Qi > 0 and Ri ≥ 0 are symmetric weight matrices.
• Terminal PI region:

x̂i(t+Ni) ∈ Ξi(t) ⊂ IRn (11)

The time-varying pair (Ξi(t),Ki(t)) is computed with
respect to x̄ti.

Since the main aim consists in driving the team towards the
target xT , the condition (11) must be replaced with

x̂i(t+Ni) ∈ Ξi(t− 1) ∪ Ξi(t) (12)

where Ξi(t) is computed such that

x̄t−1
i ∈ Ξi(t− 1) ∩ Ξi(t) (13)

with x̄t−1
i denoting an equilibrium point selected at the time

instant t− 1.
A second important aspect to be carefully addressed con-

cerns with the capability to guarantee collision avoidance and
formation requirements for all vehicles within the correspond-
ing PI regions Ξi(t), i = 1, . . . , L, ∀t ≥ 0. To this end, the PI
sets will be computed by resorting to a worst-case approach
based on the available information at the previous time instant
t− 1.

Notice that the leader vehicle computes admissible sets
Ξ1(t) complying with the obstacle-free region

Ξ1(t) ⊆ (Ofree(t) ∩ B(p1(t), R))× IRn−p, ∀t ≥ 0, (14)

and under the following reasoning: if the semi-ball
SB(p1(t), R) is such that{

SB(p1(t), R) * Ofree(t)
dist(p1(t), Obj) ≤ ε, Obj ∈ O (15)

with ε > 0 an arbitrary small scalar (tolerance), then the
terminal updating direction can be chosen to be parallel to
the closest hyperplane (Hk

j )T p = (gkj )T of Obj , see the
illustrative example of Fig. 2.A, i.e.

θ(t) = atan2
(
−Hk

j (1), Hk
j (2)

)
(16)

Conversely,

θ(t) = atan2 (pT (2)− p1(2), pT (1)− p1(1)) , pT = BxT
(17)
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As the followers are concerned, an admissible computation of
the sets Ξi(t), i = 2, . . . , L, complying with the formation
constraints can be performed by exploiting the following
arguments. For the sake of clarity, we shall refer to Fig. 2.B
where the leader and its children are considered. Specifically:

1) each vehicle transmits to its direct followers (j ∈
post(i)) the angle θ(t) of the travel direction which
has been first computed by the leader vehicle using the
leader position x1(t− 1) and the known target xT ;

2) by exploiting θ(t) and Ξi(t), define the corridor con-
straint X c

i (t) such that

Ξi(t) ⊆ X c
i (t) ⊆ (Ofree(t) ∩ B(p1(t), R))× IRn−p

(18)
and the straight lines (dotted in Fig. 2) are tangent to
the ellipsoidal region Ξi(t− 1) whose slopes equal θ(t)
w.r.t. the planar coordinates.
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Then, one has that

• If i = 1 then Ξ1(t) is such that{
Ξ1(t) := arg min

Ξ1

C1(xT ,Ξ1),

subject to (13), (14)
(19)

• else
Ξi(t) := arg min

Ξi

dist(Ξi,Ξf(i)(t− 1)),

subject to (13), (18) and
dist(Ξi,Ξf(i)(t− 1)) > R

(20)

Remark 4: Notice that if the condition (15) is satisfied, the
the functional C1(xT ,Ξ1) assumes the following structure

C1(xT ,Ξ1) := dist(xmin,Ξ1) (21)

where{
xmin = arg min

x
‖BxT −Bx‖, subject to:

Bx ∈ SB(p1(t), R) ∩
(
(Hk

j )T p = (gkj )T
) (22)

otherwise,
C1(xT ,Ξ1) := dist(xT ,Ξ1) (23)

2

Remark 5: The use of the metrics dist(Ξi,Ξf(i)(t− 1)) in
(20) implies that Ξi ∩ Ξf(i)(t − 1) = ∅ : as a consequence it
is ensured that the i − th vehicle can never collide with its
father also because Ξf(i)(t) 6= Ξf(i)(t− 1) is shifted towards
xT . Moreover, the geometrical constraint (18) guarantees by
construction that collisions among any neighbour k ∈ N (i)
will never occur when the vehicle enters the PI set Ξi(·). 2

Hence, each i− th follower agent, given the father predicted
state sequence x̂f(i)(t + k), first computes the father’s aug-
mented predictions, namely x̃f(i)(t+ k), compatible with the
prediction i− th prediction horizon, as follows

x̃f(i)(t)=


x̂f(i)(t− 1 + k), k = 1, . . . , Nf(i)(
A+BKf(i)

)t−1+k
(x̂f(i)(t− 1 +k)−x̄tf(i)),

k = Nf(i) + 1, . . . , Ni

(24)
and then it solves the following optimization problem
hereafter denoted as Pi

F (t) :

DMPC-Pi
F (t) :

min
ûi(t)

J i(x̄f(i), xT , ûi(t)), subject to: (25)

x̂i(t+ k + 1) = Ax̂i(t+ k) +Bûi(t+ k) (26)

ûi(t+ k) ∈ U , k = 0, 1, . . . , Ni − 1 (27)

x̂i(t+ k) ∈ X ∩ X c
i (t), k = 0, 1, . . . , Ni − 1 (28)

x̂i(t+Ni) ∈ Ξi(t) (29)

αc
min ≤ ‖x̂i(t+ k)− x̃f(i)(t+ k)‖ ≤ αc

max, k = 0, 1, . . . , Ni

(30)
where scalars αc

max ∈ IR+ and αc
min ∈ IR+ account for a safe

distance between the i− th vehicle and its father f(i).
Conversely, the leader commands

û1(t+ k) = K1(t)(x1(t)− x̄t1), k ≥ 0 (31)

are obtained by updating the pair (Ξ1(t),K1(t)). If no ob-
stacles are detected, i.e. condition (15) does not hold true,
then (Ξ1(t + 1),K1(t + 1)) can be updated by shifting the
current pair (Ξ1(t),K1(t)) according to (19). Otherwise, the
following optimization (see e.g. [40]), hereafter denoted as
PL(t), is solved:
DMPC-PL(t) :
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[K1(t),Ξ1(t)] = arg min
K1,Ξ1

∞∑
k=t

[‖x̂1(t+ k)− xT ‖2Qi
+

‖û1(t+ k)‖2Ri
], subject to:

(32)
x̂1(t+ k + 1) = Ax̂1(t+ k) +Bû1(t+ k), ∀k > 0 (33)

û1(t+ k) = K1x̂1(t+ k) ∈ U , ∀k > 0 (34)

x̂1(t+ k) ∈ Ξ1, ∀k > 0 (35)

(A+BK1)Ξ1 ⊆ Ξ1 ⊆ (Ofree(t) ∩ B(p1(t), R))× IRn−p

(36)
x̄t−1

1 ∈ Ξ1(t− 1) ∩ Ξi (37)

Remark 6: Although the l.h.s. of (30) gives rise to non-
convex constraints, this hitch can be worked around by adapt-
ing the convexification arguments reported in [41, Propo-
sition 1, pg. 292] whose computational load keeps always
constant. As a consequence, the optimization (25)-(30) is
solvable in polynomial time by means a variety of existing
algorithms, such as the interior point method [42] and the
alternating direction method of multipliers [43]. Moreover, it
is worth to underline that the complexity of (25)-(30) grows
up only linearly with the control horizon length Ni, i.e. the
vehicle level along the leader-follower configuration. 2

Remark 7: The possibly non-convex constraint (36) is here
convexified by using the CP procedure outlined in [44, pg. 7],
whose computational complexity is O(l2 log l) with l denoting
the number of obstacle points detected by the perception
module. Hence, the optimization (32)-(37) can be recast in
terms of Linear Matrix Inequalities [40], whose solution is
achievable in polynomial time by means of interior point
methods [42]. 2

B. Switching leader configurations

When the current vehicle leader detects an obstacle, three
scenarios can arise:

SC1 : the condition (15) is not satisfied;
SC2 : the condition (15) is satisfied and post(1) 6= ∅;
SC3 : the condition (15) is satisfied and post(1) ≡ ∅.

The first scenario (SC1) refers to a normal phase where
the leader can safely move ahead towards the target xT .
Conversely, SC2 concerns with a critical situation where the
leader int its motion towards the target could bump into the
obstacle: in such a case, the vehicle gives up the leadership
to one of its followers. Finally, SC3 addresses the scenario
where no followers are available (post(1) ≡ ∅) and the vehicle
is completely disconnected from the other vehicles: the travel
direction angle θ(t) is then computed by (16).
Let us point the attention to the scenario SC2. First, the new
leader j ∈ post(1) is selected as the follower lying at the
maximum distance from the current leader position, i.e.

j := arg max
k∈post(1)

‖p1(t)− pk(t)‖2 (38)

Then, the j−th follower becomes the new leader and the i−th
vehicle leaves the team until it re-connects to a leaf node (see
subsection II-A). Hence, Nj ← 0 and all its followers will

solve Pi
F (t)-like optimization problems with Ni ← Ni − 1.

By using the robust Bellman equation with constraints [45],
it is possible to prove that leader switchings (38) preserve
the recursive feasibility of the DMPC-Pi

F (t) optimization
problems.

Proposition 1: Let ui∗ the optimal solution of the optimiza-
tion problem Pi

F (t). Then at the next time instant t + 1, the
optimization Pi

F (t + 1) admits and admissible, though not
optimal, solution for Ni ← Ni − 1.
Proof - Let VNi(x(t)) = J i(xi

∗(t), xT ,ui
∗(t)) be the min-

imum of the cost at the optimal solution xi
∗(t), u∗i (t) of

Pi
F (t). The Bellman optimality principle states that an optimal

sequence ui∗(t) is such that: given x̂i(t + k) along the
optimal system trajectory (by applying the input sub-sequence
{u∗i (t), . . . , u∗i (t+k−1)}, then the subsequent input sequence
{u∗i (t+k−1), . . . , u∗i (t+Ni−1)} is optimal for the cost-to-
go over the horizon [k, Ni]. Moreover, for k = 1 the Bellman
equation results:

VNi
(x(t)) = min

ui(t)
{[‖xi(t)‖2Qi

+ ‖ui(t)‖2Ri
] + VNi−1(x(t))}

(39)
Moreover, the optimal solution u∗i (t) = {u∗i (t), . . . , u∗i (t +
Ni − 1)} can be rewritten as u∗i (t) = {u∗i (t)} ⊗ {u∗i (t +
1), . . . , u∗i (t + Ni − 1)}. By applying the first control move
u∗i (t), the following one-step evolution is achieved:

xi(t+ 1) = Axi(t) +Bu∗i (t)

which exactly matches the one-step predicted state x∗i (t+ 1).
Then in virtue of both the Bellman optimality principle and
(39), the following input sequence of Ni − 1 length

ui(t+ 1) = {u∗i (t+ 1), . . . , u∗i (t+Ni − 1),Kix
∗
i (t+Ni)}

is admissible, though not optimal, for Pi
F (t + 1). As a

consequence, Pi
F (t + 1) admits a solution for Ni = Ni − 1.

2

Remark 8: Notice that the recursive feasibility property
of the follower optimization DMPC-Pi

F (t) is preserved by
considering only direct children along the leader-follower
topology, see Proposition 1. In principle, the new leader can
be selected according to different criteria. The rationale behind
the rule here exploited (e.g. the child at the maximum distance
from the current leader) arises in virtue of the following argu-
ments: the current leader leaves the leader-follower configura-
tion when it recognizes to be not capable of accomplishing the
prescribed mission, i.e. the switching condition (15) is verified.
Then in order to increase the chance that the new leader avoids
the same undesired obstacle scenario, the maximum distance
criterion (38) is adopted. 2

C. DMPC procedure

Under the assumption that an admissible input sequence
{ûi(0)}Ni−1

k=0 can be found at t = 0, the above developments
can be summarized into the following algorithm:

DMPC-Algorithm

*** Leader algorithm (assumed i = 1) ***
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1: if (15) holds then
2: if post(1) 6= ∅ then . change leader
3: Find the new leader j ∈ post(i) by solving (38)
4: Send the message new − leader = j to post(1) and

xT to the new leader j
5: Leave the leadership and execute the follower algo-

rithm
6: else
7: Update the terminal region Ξi(t) by means of

(32)-(37)
8: Compute θ(t) as in (16)
9: end if

10: else . move towards pT
11: Update the terminal region Ξ1(t) by means of (19)
12: Compute θ(t) as in (17)
13: end if
14: Compute û1(t) and x̂1(t) from (31)
15: Apply û1(t)
16: Send x̂1(t) and θ(t) to post(1). t← t+1 and goto Step 1

***Follower algorithm (∀ i ∈ I \ 1) ***

1: if new − leader 6= ∅ then
2: if new − leader == i then
3: Send the message decreaseN = true to post(i)
4: Set Ni = 0, Ni = ∅ and execute the leader algorithm
5: else
6: Set f(i) = new − leader and Ni = {Ni \ new −

leader, post(new − leader)}
7: end if
8: end if
9: if decreaseN = true then

10: Set Ni = Ni − 1
11: Forward decreaseN = true to post(i)
12: end if
13: Receive x̂f(i)(t) and θ(t) from f(i)
14: Update the terminal region Ξi(t) by means of (20)
15: Compute x̂i(t) and ûi(t) using (25)-(30)
16: Apply ûi(t)
17: Send x̂i(t) and θ(t) to post(i)
18: t← t+ 1 and goto Step 1

The following proposition shows that the proposed DMPC-
Algorithm enjoys the recursive feasibility property.

Proposition 2: Let PL and Pi
F optimization problems be

solvable at t = 0. Then, the DMPC-Algorithm ensures that
admissible, though not optimal, solutions for PL(t) and Pi

F (t)
there exist ∀t > 0.

Proof - If feasible initial input sequences can be off-line
computed for both PL and Pi

F optimization problems, then
simple arguments can be exploited for feasibility purposes. By
first considering the current leader of the LF configuration, the
following scenarios can arise:

1) normal operating phase: the feasibility arises from the
fact that if an optimal solution there exists at the time
instant t, namely u∗1(t) = K1(t)(x1(t)− x̄t1), then at the
next time instant t+ 1 the positively invariance property
of Ξ1(t) ensures that the state trajectory at least will
remain confined within Ξ1(t) and, in virtue of (12)-

(13), the transition to the new controller is asymptotically
guaranteed;

2) disconnection phase: at t + 1 the local optimization PL

remains feasible because the domain of attraction Ξ1(t)
is invariant w.r.t. the state feedback K1(t), while the
feasibility of the new LF configuration is not affected be-
cause for the new leader, chosen via (38), and underlying
followers admissible, though not optimal, solutions there
always exists in virtue of the results of Proposition 1.

On the other hand, when follower or external (disconnected)
vehicles are concerned the following cases come out.

a) normal operating phase: the feasibility arguments exactly
trace the lines exploited for the leader vehicle. In fact,
during the leader disconnection phase the feasibility of
each Pi

F is ensured thanks to Proposition 1;
b) regrouping phase: In such a case, the external i − th

vehicle regroups to the current LF configuration as a
child of one of the leaf nodes. As a consequence, its
dynamics does not affect the behavior of the upper located
vehicles and, therefore, the overall strategy admissibility
is preserved. 2

IV. SIMULATIONS

In this section, the obtained numerical results are presented.
First, the modus operandi of the DMPC-Algorithm is ex-
haustively described and discussed by means a formation of
seven robots moving within the planar environment. Then, the
effectiveness of the approach is tested by a simulation cam-
paign where a set of randomly generated obstacle scenarios is
considered.

1

3

6 7

2

4 5

Fig. 3. Tree LF topology

In what follows, a formation of 7 vehicles, initially configured
as shown in Fig. 3, is considered. Each i − th vehicle is
modelled as a point mobile robot whose dynamics is described
as in (6) with xi = [pix, p

i
y, v

i
x, v

i
y]T ∈ IR4 the state

vector consisting of the vehicle planar coordinates (pix, p
i
y)

and velocity components (vix, v
i
y), ui = [aix, a

i
y]T ∈ IR2 the

acceleration vector and

A =

[
I2 ∆Ts I2
02 I2

]
, B =

[
(∆Ts)2 I2

2
∆TsI2

]
,

and ∆Ts = 0.5[sec](sampling time). Moreover, each robot is
subject to the following component-wise input constraints:

|uij(t)| ≤ 0.5[m/s2], ∀t ≥ 0, j = 1, 2 (40)
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which take care of physical limitations on the acceleration
vector. See [46] for more technical details.
Moreover, fifteen obstacles have been hypothesized (see Fig.
4), the initial vehicles conditions chosen as follows:

x1(0) = [−41,−20, 0, 0]T , x2(0) = [−63,−32, 0, 0]T ,
x3(0) = [−19,−32, 0, 0]T , x4(0) = [−78,−42, 0, 0]T ,
x5(0) = [−48,−42, 0, 0]T , x6(0) = [−34,−42, 0, 0]T ,

x7(0) = [−4,−42, 0, 0]T ,

and the target set to xT = [100, 130, 0, 0]T .
The DMPC algorithm has been implemented by using the
following parameter values: R = 6 [m], Rc

min = 1 [m], ε =
1 [m], αc

min = 3 [m], αc
max = 30 [m], β = 2.5 [m], γ =

0.1 [m]
Simulation results are collected in Figs. 4-7. First, it is relevant
to appreciate that the team is able to reach the assigned target
(see the purple vehicle V6 in Fig. 4) while satisfying the
prescribed input constraints (Fig. 6) and avoiding collisions
with the obstacle scenario (Fig. 4) .

Then, better appreciate the modus operandi of the DMPC
scheme, the leader switching occurrence V1 → V3 is described
in Fig. 7.a. At the time instant t = 106[sec], the leader V1 is
wedged in the dead-end defined by the obstacles Ob7 and Ob8.
Since post(1) 6= ∅, at the next time instant t = 106.5[sec],
the vehicle V1 leaves the leadership to V3 according to the
selection rule (38) and gives up the leader-follower config-
uration. As a consequence V3 and its successors V6 and
V7 reduce by one their prediction horizon lengths: N3 =
0, N6 = 1, N7 = 1. While, V2 (yellow vehicle) becomes a
follower of V3, see Fig. 7.b. Notice that (15) is never satisfied
because the minimum planar distance between the vehicle V3

and the obstacle scenario is dist(Bx3(t), Ob8) = 2.3 [m] at
t = 137[sec], see Figs. 4 and 5.

In the meantime, the islanded vehicle V1 is going to queue
the LF formation, see the screenshot in Fig. 7.c. In such a case,
V1 moves within the scenario SC3 and determines its own
travel direction (angle θ(t)) despite the LF team dynamical
behavior in order to exit from the occlusion. At t = 212[sec],
V1 is capable to buttonhole a leaf node, namely V4, and, at
the next time instant t = 212.5[sec], it is connected to the
LF formation with N1 = N4 + 1 = 3. The last sub-graph in
Fig. 7.d refers to the final configuration where at t = 457[sec]
the mission has been accomplished and the target xT reached
by the current leader V6. Notice that a further leader switching
V3 → V6 occurs in correspondence with the dead-end Ob14

and Ob15. The complete simulation demo is available at the
following web link: https://youtu.be/6BQs7IhYVUI.

In this second simulation, 100 feasible obstacle scenarios
have been considered. In all the runs, the leader’s starting
position and the target destinations are kept at the same
locations, while 16 obstacles are randomly located in the
working environment as well as the formation topology. Ta-
ble I summarizes the achieved results by showing minimum
(Tmin), maximum (Tmax), and average (Tavg) times required
to accomplish the goal. Essentially, such simulations confirm
that the proposed DMPC algorithm is capable of robustly
driving the robot formation to the target goal regardless of
the setup at hand.

TABLE I
MAXIMUM, MINIMUM AND AVERAGE TIMES FOR 100 OPERATING SETUPS

Tmin Tmax Tavg
545 sec 1020 sec 636 sec

TABLE II
COMPUTATIONAL LOADS: AVERAGE CPU TIME [sec] VS level(i)

level(i)
2 3 4 5 6 7 8

CPU Time 0.14 0.16 0.17 0.19 0.24 0.27 0.32

Finally, the average computational time (CPU time) required
to solve the DMPC-PL optimization problem as a func-
tion of the follower’s level is reported in Table II. For
the interested reader, simulation demos concerning the used
operating setups are available at the following web link:
https://youtu.be/15YjPo3B-6Y.

V. CONCLUSIONS

In this paper, a DMPC control scheme for leader-follower
ground vehicle formations moving in the presence of unknown
obstacles has been presented. One of the main features of the
proposed solution relies on the capability to support time-
varying topologies where the leader vehicle is replaced by
one of its followers when obstacles occlude the leader path
towards the prescribed target. By resorting to the Bellman
optimality principle, it has formally proved that the proposed
DMPC strategy preserves feasibility despite any admissible
leader switching. Simulation results testify the effectiveness
of the proposed DMPC architecture especially when critical
operating scenarios take place.

Future research will move along two directions. First, cus-
tomizing the proposed framework to overcome the specificity
of the current leader-follower topology, i.e. the exploitation
of multi-agent configurations where the leader could not
unique or child-to-father multi-paths are considered. This
could represent an important generalization to better face with
challenging missions where the capability to quickly explore
the environment is fundamental.

The second issue, that deserves careful attention, concerns
with the networked structure of the multi-vehicle system.
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Dangerous missions prescribe that the autonomous team has
to operates in a remote fashion. As a consequence latency
effects, generated by the communication medium or induced
by external agents, are unavoidable and this could significantly
compromise the success of any mission.
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ONERA at the Université Paris-Saclay, France. In
2019, he was a visiting researcher at Concordia
University, Canada. His research interests include
distributed state estimation, multi-agent systems and
autonomous vehicles.


