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Abstract—TIn this paper, we address the problem of cooperative
manipulation of a cable-suspended load by a team of aerial
robots. Unlike classical approaches that rely on centralized
controllers, we propose a Distributed Nonlinear Model Predictive
Control (DNMPC) framework in which the UAVs communicate
over a peer-to-peer network a reduced amount of variables. In the
proposed method, each robot handles only a small subset of the
global optimization problem. The optimal motion computed by
the DNMPC loop is then used as a reference for local nonlinear
controllers that track the trajectory and compute the robot’s
actuation inputs. We validate the proposed scheme both through
numerical simulations and real-world experiments on the Fly-
Crane system: a rigid platform connected to three robots by
pairs of cables.

Index Terms—Aerial systems, multi-robot systems, cooperating
robots

I. INTRODUCTION

N recent years, there has been increasing interest in using

multiple unmanned aerial vehicles (UAVs) for manipula-
tion and transportation tasks [1]. Multi-UAV systems offer
advantages over single-robot solutions, such as greater payload
capacity and full six-degree-of-freedom (6DoF) control of
large objects [2]. Applications include search-and-rescue [3],
construction [4], and industrial transportation [5].

To enable UAV teams to manipulate and transport pay-
loads, researchers have explored different attachment mech-
anisms, including spherical joints [6] and cables [5], [7], [8].
Cable-based systems are particularly attractive thanks to their
lightweight nature and cost-effectiveness. Achieving full pose
control requires generating a six-dimensional wrench through
coordinated adjustments of cable forces and orientations. A
minimal configuration consists of three UAVs connected to
non-collinear points on the payload [5]. However, to compen-
sate for external wrenches, such as wind disturbances, this
setup requires repositioning the UAVs, leading to slow and
imprecise responses.
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Fig. 1: The Fly-Crane system: A cooperative aerial transport system
composed of three quadrotors connected to a payload via cables,
enabling controlled manipulation and transportation.

A force-closed design [9] mitigates this issue by enabling
rapid compensation of external forces through direct tension
adjustments while maintaining cable orientation. This property
requires at least six cables. The Fly-Crane system [10]
(shown in Fig. 1 and Fig. 2) achieves this by equipping each
UAV with two cables, ensuring force closure with a minimal
number of robots. While the standard Fly-Crane setup employs
three UAVs, the concept can scale to larger teams, increasing
load capacity, disturbance rejection, and redundancy while
preserving the benefits of force closure [10].

Classical approaches to cooperative transportation often rely
on centralized control, where a single computation unit gener-
ates planning and control inputs for all robots. These methods
require solving large-scale optimization problems and demand
high computational and communication resources. As a result,
they are typically executed offboard on high-performance
computers and rely on high-bandwidth networks. To address
these limitations, distributed optimization has emerged as an
effective paradigm for multi-robot systems [11], [12]. In this
paper, we propose a Distributed Nonlinear Model Predictive
Control (DNMPC) framework for collaborative aerial trans-
portation, where a team of UAVs, connected to a load via
cables, coordinates in a fully distributed manner.

A. Related Work

Various control strategies have been proposed for coop-
erative aerial transportation. Centralized approaches include
reactive methods [13], [14], which do not explicitly handle
constraints, and predictive strategies such as NMPC [7], [15],
which optimize trajectories for the full system but require
significant computational and communication resources.
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To improve scalability, decentralized and distributed strate-
gies have been explored. Some decentralized methods rely on
formation control [16], [17] and leader-follower schemes [18],
[19] to stabilize the load to a certain configuration rather than
tracking a trajectory.

For the Fly-Crane system, previous works have primarily
used reactive strategies, including robust H, control [20] to
deal with parameter uncertainties and an admittance frame-
work combined with an inverse kinematic controller [21] to
ensure safe task execution in presence of expected or unex-
pected interactions between the payload and the environment.

Distributed MPC has been investigated for aerial transporta-
tion, such as in [22], where quadrotors use rigid rods, though
requiring all-to-all communication. In contrast, [23] presents
a linear decentralized MPC for quasi-static motions of a bar,
hence, not requiring control of the full 6-dimensional pose.

Beyond aerial robotics, distributed optimization has been
explored in related domains. For instance, [24] investigates
distributed transportation with maritime vessels using a multi-
layer control structure. While some stages of the approach
are distributed, a central coordinator is required to properly
update the trajectory. In [25], the authors apply distributed
optimization to trajectory planning for contact-based manip-
ulation, requiring consensus on the full force vector applied
by each robot. This consensus mechanism increases compu-
tational complexity as the number of robots grows. These
studies demonstrate the potential of distributed optimization
and MPC techniques in cooperative transportation while also
highlighting limitations related to scalability and single points
of failure of current approaches.

B. Contributions

This work proposes a Distributed Nonlinear Model Pre-
dictive Control (DNMPC) framework for tracking the full
pose of a cable-suspended load using a team of UAVs. Each
UAV receives reference trajectories—position, velocity, and
acceleration—for its low-level controller. The optimal control
problem is solved via a partition-based ADMM scheme [26]—
[28], in which each UAV optimizes a local subproblem in
a peer-to-peer network without a central coordinator. While
such methods have been studied in theory and in generic con-
texts, we tailor the algorithm to the cooperative transportation
problem by exploiting its specific sparsity structure: UAVs
are coupled only through the shared load. This leads to an
efficient and scalable implementation, where the optimization
size per UAV remains independent of the team size—unlike
in centralized MPC.

The partition-based distributed ADMM NMPC algorithm
we use was introduced in [28], and a preliminary version of
it had been used for contact-implicit cooperative trajectory
optimization in [25]. However, [25] required each robot to
optimize the entire vector of forces applied by all robots
to the load, thus limiting its scalability. In contrast, our
approach considers only the kinematic model of the load,
requiring robots to exchange only the trajectory of the load
with their neighbors. This significantly reduces communication
and ensures the algorithm complexity remains independent of
the number of robots.
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Fig. 2: Schematic representation of the Fly-Crane system with N
robots and its key variables. The pink plane illustrates the plane
formed by the two cables attached to robot 1, while the gray plane
corresponds to the zy-plane of the load.

This work brings a largely theoretical distributed optimal
control algorithm into practice, overcoming challenges posed
by model uncertainties and hardware constraints. We validate
the approach on the Fly-Crane platform through both realistic
Software-in-the-Loop simulations and real-world experiments.

II. PRELIMINARIES
A. Problem formulation

We consider a system composed of N UAVs attached to
a rigid body (load) by cables. In particular, we refer to the
Fly-Crane model (Fig. 2), which, as previously mentioned,
exhibits the favourable robustness property of force closure,
allowing for precise kinematic control. However, we underline
that the same methodology could also be applied to classical
configurations with one cable per robot.

In order to describe the system, let us define an inertial
frame Fww = {Ow,zw,yw,zw}, a body frame F;, =
{O;, i, y;, z; } attached to the center of mass of the i-th robot
and a body frame F; = {Op,xr,yr, 2} attached to the
center of mass of the load, where O, and {@., Yy, 2.} are the
origin and unit axis of the frame F,. The vector "W p; € R3
describes the position of Oy, with respect to Fy and the unit
quaternion Vg, = [quw ¢ gy qZ]T € S? describes the
orientation of F7, with respect to Fy-'. Quaternion multipli-
cation will be represented by matrix multiplication notations,
namely g1 ® q2 = Q(q1)qs, where ® indicates the quaternion
multiplication, and Q(-) : S* — R**%. The corresponding
rotation matrix, denoted as R; € SO(3), can be obtained
as a function of qr. Moreover, we use the superscript d to
indicate the desired value of a variable to be tracked, e.g., p¢
denotes the desired load position.

Each UAV is tethered to the load by two cables that link
the UAV’s center of mass to an arbitrary point on the load.
These connections are designed to ensure that there are no ro-
tational constraints between the cable-platform and cable-UAV
interfaces. As it is common, we assume that the cables have
negligible mass and inertia with respect to the other bodies of
the system, the deformations due to elasticity are negligible

I'The left superscript indicates the reference frame. From now on, Fyy is
considered as reference frame when the superscript is omitted.
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in the operative conditions and the cables are always taut. As
a consequence, the k-th cable is characterized by a constant
length [}, € R. . These assumptions are introduced to simplify
the model and enable a tractable control design. Despite the
mismatch with real cable behavior, the effectiveness of the
resulting controller is validated through experiments.

We assume that the UAVs are able to communicate among
them. In particular, we assume that the communication inter-
action among the robots is described by a graph G = (V, ),
where V = {1,2,..,N} and £ C V x V are the vertex set
and the edge set, respectively. More in detail, (i,5) € & if
UAV i can communicate with UAV j. We denote as N; the
set of robots which communicate with robot 7. Furthermore,
we assume the communication graph G to be connected.

B. Modeling

Robot model: The position and velocity of the i-th robot
are denoted as p; € R?® and v; € R3, respectively. A
low-level controller is assumed to be in place, capable of
tracking position trajectories while accounting for the robot’s
full dynamics, e.g., [29], [30]. Thus, we model the closed-loop
translational dynamics of the robot as a double integrator:

)

in which the acceleration a; € R? is the input to the
robot. This model provides a reasonable approximation for
both fully-actuated vehicles and underactuated ones, assuming
motions with small jerk and snap.

Load model: The load dynamics are modeled as a kinematic
system in the form:

PL = vr,

qr = %Q(QL) |:L0 } ;

wr

2

where vy, and “wy are, respectively, the linear and angular
velocity of the load, with the latter being expressed in the
load body frame.

Cable configuration: In the Fly-Crane configuration, each
robot is subject to two geometric constraints, restricting its
movement relative to the load to a circular trajectory pa-
rameterized by the angle «; € (—m, 7| (see Fig. 2), whose
kinematics are represented by a single integrator:

& = Wa, - 3)
The resulting geometric constraint can be written as:
pi =pL+ Rp LPi(%% “)

Here, 3; is the

fixed angle between the segment connecting the drone-cable
attachment point O; to the load-cable attachment point B;,,
and the segment connecting the two load-cable attachment
points B;, and B;, (see Fig. 2). Additionally, c; represents
the unit vector between the two load-cable attachment points,
while b; denotes the relative displacement between the load
center of mass and B;,. For the system to be more robust to

where “p;(a;) = l;sin(B;)Ree, () ||Lb T

Inner-loop
controller #1

| Load
______________________________________ .
Inner-loop ! UAV 4N !
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1
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Fig. 3: Diagram of the proposed control framework.

disturbances as well as to avoid inter-robot collisions, we want
the cable angles to operate in a certain region

a; < o; < ag,

&)

with a; > 0. We express the kinematic relationship linking
the robot velocities to the payload velocity twist and cable
angular rates:
vL
= J(QL, a) LwL 3
Wa

(6)

where v = [{vl}fil] and w, = [{wa, }2¥,]. We use the nota-
tion [{vl e 1] = [vlT vy .. vm to denote the vertical
stack of vectors indexed by the integer ¢ € {1,2,..,N}.
Moreover, we use J (g, ) to denote the geometric jacobian
matrix, which, for NV > 3, is full column rank (cf. [31]). As a
result, given robot velocities that satisfy the system’s geometric
constraints, the load velocity twist and cable angular velocities
are uniquely determined.

Objective: The control objective is to ensure that the load’s
full pose—both position and orientation—tracks the desired

trajectory (p¢,q¢, v, w$) in a distributed manner.

III. CONTROL METHODOLOGY

In this section, we describe the proposed control strategy,
which includes a distributed NMPC as the outer-loop con-
troller and a low-level controller which tracks the reference tra-
jectory provided by the NMPC (see Fig. 3). We first describe
the global optimal control problem in its centralized form and
then explain how it can be reformulated in a distributed manner
using partition-based ADMM.

A. OCP formulation

In the optimal control problem formulation, the control
inputs include the robots’ linear accelerations and the angular
velocities of the cables, grouped as u; = [a] wa,] . as
well as the load’s linear and angular velocities, denoted by
T T}T. We define the vector containing all

up = [’UL wr,
system inputs as
[{ui}Nl]
u = L
ur,

)

The state is given by the robots position, velocity and cor-
responding cable state x; = T ai] as well as the

[ ;r v;
load pose x;, = [P—Lr qZ]
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We point out that the platform velocity twist wy and cable
velocities w,, are ficticious inputs. They are not actually
a controlled input, but an algebraic function of the robots
velocities, due to the geometric constraint (4). Consistency
among the resulting velocities is ensured by enforcing (4)
inside the following nonlinear optimal control problem (OCP):

t+T
win. [ [Nou@n()u() ®)
£ (o) wi(r)|dr
i=1
N
+Nor(xep(t+T)) + Z di(i(t + 1))
s.t. Initial conditions: -

wr(t) = 2L(t)
System dynamics:

xi(t) = &i(t)
H—-0@3)
Load dynamics:  (2)
Geometric constraint:  (4)
Inequality constraints:  (5)
pi(T) £ O(1) wvi(T) €V,
Vreltt+T] i=1,....,N

a,;(T) S ./41

where 1" is the prediction horizon, the factor N in the cost
is added in view of later developments, £ and &; are the
load and robots state feedback at time ¢, O(t) represents the
space occupied by obstacles at time ¢, V; and A; represent the
convex sets in which velocity and accelerations must lie due to
saturations, respectively. The terms ¢7,(-) and ¢;(-) are stage
costs, accounting for load tracking error and local variables
specific to each robot, respectively.

tu(@r,us) = [|pE — pilp, + lea, 5, + 0% — vrllp,
4 HLde _ LwLHiw

2
P.,,

taws ) = [Jof — ol + ot —
= w2
©))
with P,, P, P,, P,, P,,, Pwai and P,, being positive
definite weight matrices of appropriate dimensions, and eq,
being the quaternion error, while ¢ (-) and ¢;(-) are the
respective terminal costs:

or(@r,un) = [pf — P, +llealp, 10
di(as,us) = af = aill -

The OCP (8) is transcribed into a nonlinear program (NLP)
using a multiple-shooting approach, where the input trajectory
is parameterized in a finite-dimensional space. We define a
sequence of control times ¢;, separated by intervals of duration
At = T/H, where H denotes the number of steps in the
prediction horizon. The input is parameterized as piecewise
constant: u(7) = wp(t), 7 € [t + th,t + the1). We then
define the discretized load input traje$t0ry which starts at

time ¢t as U4y = [uz,o,...,uz7(H_1) , and, similarly, the

load state trajectory as @, the i-th robot input and state
trajectories, respectively, as u; and x;. Problem (8) contains
terms that couple the trajectories of all the robots through
the load and the geometric constraints, so that its centralized
solution requires an update that uses all the agent trajectories.
In the next section, we show how to distribute the problem
so that each robot needs to compute only its own state and
input trajectories, along with those of the load. Consistency
among the load trajectories predicted by different robots is
then enforced through a consensus-like mechanism.

B. Distributed OCP formulation

Problem (8) is inherently centralized and not directly sepa-
rable, as all robots must agree on the optimal load trajectory
(Zr,ur). To enable a distributed formulation, we follow a
partition-based implementation of the ADMM algorithm, as
proposed in [26]—-[28], adapting it to the specific structure of
cooperative transportation. In particular, we exploit the sparsity
induced by the fact that agents are only coupled through
the shared load, allowing an efficient and scalable distributed
formulation.

ADMM follows a decomposition-coordination approach,
where a large global optimization problem is split into smaller
subproblems that are solved locally, while a coordination
mechanism ensures consistency across all solutions [32].
Specifically, the distributed ADMM reformulates the central-
ized problem by introducing auxiliary variables, enabling each
robot to maintain a local copy of the shared optimization
variables—in this case, the load trajectory. At each iteration,
the algorithm consists of two main steps:

e Local optimization (decomposition step): Each robot ¢
solves a small-scale local primal optimization problem.

o Consensus update (coordination step): A dual variable
update is performed based on local solutions exchanged
among neighboring robots. This step enforces agreement
between neighboring copies of the shared variables, en-
suring consistency across all robots.

In our formulation, each robot maintains a local copy of the
load state () and input (uy) trajectories, denoted as &y; =
[@Li0 @rig-1] and Gp; = [uLio WLiH-1]s
respectively. A key feature of the ADMM-based approach is
that these local copies are updated iteratively through commu-
nication with neighboring robots. If the algorithm converges,
all robots reach agreement on their respective copies, ensuring
consistency in the load trajectory. To enforce this agreement,
we introduce a coupling constraint for each pair (i,j) € &,
which enforces consistency among the local copies of the load
trajectory variables

ULih = WULj h, V(Z,]) €&, for h € {0, 1,..,H — 1} an
To be able to split the problem in local subproblems, we

introduce the auxiliary variables ¢;; = [Cij,o
with ¢;;, € R® and we rewrite (11) as

Cij,Hfl],

ULih = Cijh Cij,h = Cjih ULjh = Cjin.  (12)
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The problem (8) , after transcription to an NLP and intro-
duction of auxiliary variables and associated constraint (12)
becomes

N
min > i@ L, G, T, )
uL‘L’ul )
T i & i=1
Cij h,Cji,h VIEN;
Vvie{l,...,N}
s.t. T (ht1) = fi(®in, win)
Zri (h1) = fo(TLin, wrin)
L
Pi.h = PLin + R(qrin) “pi(in)

a; Sa;p <
pin & O(h),vin € Visa;n € A;
ULih = Cijh = Cjin VjEN;

for h=0,...H—1,
Vie{l,..,N} (13)
where
Jl(:iLuﬁ’meuuz) -
H-1
(14)
o n(®Lin, trin) + Lin(®in, Gin)]
h=0

with ¢r, j, and /; ;, obtained by discretizing (9) and, similarly
for f; and fr, which are obtained by discretizing (1) and (2),
respectively.

The problem in (13) has a structure amenable to be split in
local subproblems and be solved using distributed ADMM. In
the following, first, we introduce the augmented Lagrangian re-
laxation of problem (13) corresponding to the constraint (12).
From this, the corresponding steps of the ADMM iterations
are derived: in the first step, the primal problem [32] is solved;
in the second step, after communication, the dual variables are
updated. The augmented Lagrangian takes the following form:

N
L= Z [Ji(&Li, Uri, Ti, ;)
i=1

+ Z ()\T (tr; — €i;) + M;;(ﬁu — Cji)

JEN;
R _ . _ 15
+g||um—cij||2+g|\uu—Cji||2)] (1>
N
= Zﬂi(iu, UL, Tiy Uiy {Cij }jen:» 1Cii}jen:
=1

{Aij}jGNia {I‘l’ij}jeNi))

where A;; and p;; are Lagrange multipliers, p > 0 is a penalty
parameter and £;(-) has been defined. The standard ADMM
would now proceed with a step in which £;(-) is minimized
with respect to the primal variables (&, @y, Z;, u;) subject
to local constraints, followed by a step in which £;(-) is
minimized with respect to the other primal variables ¢;;,
concluding with a coordination step which updates the dual
variables \;; and p;;. However, it can be showed after lenghty
calculations (see [28] for the details) that, after a change of
coordinates of the dual variables g; = ;. (Aij + pij), the

algorithm can be simplified to the following two steps: 1) each
robot solves a local constrained optimization problem

,af*f’l
akt T
El = argmln{Ji(wu,ULiywi, u;) +q; Ur;
mL’i uzauLz
ph+1 L@ (16)
K2
2
@b Lok
+p E HuLz— 5 Li+uLj) }
JjEN;

subject to local constraints from (13),

where the exponent k represents the iteration count of the
ADMM algorithm; 2) the local variable 11’2?1 is communicated
to neighboring robots (and the one of the neighbors is received)
and the following dual update step is performed:

k 1 E+1 _ sktl
Hegitp Y (aff-af),  an
JEN;
where g; can be interpreted as the integral of the consensus
error. Notice that the load input trajectory Ak+ is the only

information which needs to be communlcated to neighboring
robots. We remark that the consensus can be arbitrarily reached
on velocities or pose variables, or even both (at the price
of higher communication load). However, performing the
consensus on the orientation trajectory creates an additional
complexity related to the non-Euclidean nature of the mani-
fold, which can be avoided by performing the consensus on
the angular velocity instead.

C. Robots inner-loop

The DNMPC outputs the current optimization variables
(z,;,u;) for each robot, computed via (16). From these, each
robot extracts its reference trajectory—position p;, velocity
v;, and acceleration a (see Fig. 3)—which are tracked by
onboard low-level controllers handling full system dynamics.

Various low-level controllers can be used, such as the
geometric controller from [33] (used here) or the incremen-
tal nonlinear dynamic inversion method in [34]. These map
reference trajectories to motor commands, ensuring that the
robots closely track the desired trajectory while respecting the
physical constraints of the system, such as thrust limitations
and actuator dynamics.

This hierarchical architecture decouples the high-level
NMPC—based on a simplified kinematic model—from the full
robot dynamics, improving computational efficiency. Although
the NMPC cannot guarantee full dynamic feasibility, this is
mitigated by imposing velocity and acceleration constraints
consistent with the robots’ physical limits, ensuring the tra-
jectories remain trackable.

IV. RESULTS

This section presents results from both realistic simulations
in Gazebo and real-world experiments. We first evaluate the
proposed algorithm in simulation, comparing it to a central-
ized kinematic NMPC and showcasing its obstacle avoidance
capabilities. We then report real-world experimental results for
different reference trajectories.
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The controller uses the following parameters: the penalty
coefficients for the consensus constraint violations are
set to p, = 20 for the position and p, = 10
for the angular velocity. The weight matrices are diago-
nal, with the following values on the diagonal: P, =
diag(200,200,200), P, = diag(200,200,200), P, =
diag(8,8,8), P, = diag(0.1,0.1,0.1), P, = diag(1,1,1

)’
P,, = diag(0.01,0.01,0.01), P, = diag(0.01,0.01,0.01),

and P,, = diag(1.0,1.0,1.0). The maximum acceleration
norm is set t0 amax = 6ms—2, while o, = w/4 and

A. Experimental and simulation setup

To validate and demonstrate the performance of the pro-
posed controller, simulation and experimental tests were also
performed with the Fly-Crane system using three quadrotors
in an indoor environment. The simulations were designed
to closely replicate the experimental setup through a high-
fidelity Software-in-the-Loop (SITL) configuration in Gazebo.
In particular, the simulation incorporates the same parameters
and software stack used on the real robots—including the state
estimator, control architecture, and even the firmware running
on the Electronic Speed Controllers (ESCs). Cable dynamics
are modeled using a series of piecewise mass-spring-damper
elements, ensuring realistic behavior of the suspended load.
This careful design minimizes the gap between simulation and
reality, providing a reliable testbed for validating the proposed
controller.

Each quadrotor weighs 1.3kg, the load weighs 0.338 kg,
and the length of each cable is 1.1m. The aerial vehicles
are equipped with standard flight controllers, four brushless
motor controllers to regulate propeller speed in a closed-loop
configuration, and an onboard PC running a state estimator and
the geometric controller [33]. State estimation is performed
onboard at 1kHz using an Unscented Kalman Filter (UKF),
which fuses Motion Capture (MoCap) system measurements
(120 Hz) with IMU data (1 kHz). Each cable angle «; and the
corresponding angular velocity w,, are determined based on
the robot’s position and velocity, along with the load’s pose,
velocity twist, and attachment point positions. All simulations
and experiments are conducted using the open-source frame-
work TeleKyb3, which provides real-time control and state
estimation capabilities?.

During the initial phase of each experiment, the load is
lifted off the ground, and the system is brought to the initial
desired configuration. In this phase, the aerial vehicles are
independently controlled using a position controller. Once
stabilized, the proposed distributed controller is activated.

The proposed distributed MPC controller is implemented
in MATLAB using ACADOS [35], employing a real-time
iteration scheme to solve the local primal step (16) of the
NMPC. Although the algorithm is designed for distributed
execution, our current implementation runs one instance of the
distributed controller per agent on a single desktop PC. Each
instance sends the desired position, velocity, and acceleration
to the corresponding quadrotor’s low-level controller at 30 Hz

2TeleKyb3 is available at https://git.openrobots.org/projects/telekyb3.

15 5
Time [s] Time [3
»

2 A
y [m z [m] y [m) 2 z [m]

Fig. 4: Comparison performance between results obtained using
centralized (on the left column) and distributed (on the right column)
NMPC.

via a Wi-Fi connection. This setup, commonly adopted in
related literature, enables a fast validation of the proposed
distributed scheme. In the case of the Fly-Crane, involving
three robots, we consider a fully connected communication
graph. Although our tests are conducted on this simpler setup,
they still serve as a valid proof of concept and demonstrate the
effectiveness of our approach in real experiments. Extending
the implementation to a sparser communication network across
multiple drones would require extensive engineering efforts,
which we leave as future work.

B. Numerical simulations

1) Comparison with the centralized: We compare the pro-
posed distributed controller with a centralized counterpart
solving (8). The reference trajectory involves a spiral motion
along the vertical axis, with load velocities reaching up to
1.5ms~ 1. As shown in Fig. 4, the centralized controller yields
slightly better tracking performance, as expected, but at the
cost of higher computation per iteration. Future work will
explore how this trade-off evolves with larger robot teams and
sparser communication graphs.

2) Obstacle avoidance: We consider a time-polynomial
reference trajectory along a straight line, moving the load from
approximately [0.0, 0.0, 0.675]m to [0, 5, 1]m, while avoiding
a spherical obstacle centered at [0.6, 3.0, 1.0Jm with radius
0.5m. A minimum safety distance of 1 m from the obstacle
center is enforced, causing robot 3 (Fig. 5) to adjust its path
accordingly.



DE CARLI, BELLETTI et al.: DISTRIBUTED NMPC FOR COOPERATIVE AERIAL MANIPULATION OF CABLE-SUSPENDED LOADS 7
IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2026, Vienna, Austria. Cite as RA-L paper.

EN i 21,
d

dq i 2
—-— ] -yl = =

NEESEEN

Distance [m]

Time [s]

Fig. 5: Results from a simulation where obstacle avoidance intervenes
to prevent robot 3 from colliding.
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Fig. 6: Results from an experiment in which the desired trajectory is
a straight line parameterized by a polynomial function.

Because the desired cable angles «; are weighted less in the
cost function, the controller prioritizes load trajectory tracking.
As a result, a3 deviates from its nominal value (see Fig. 5,
upper and lower right). Still, tracking performance remains
high, with only a slight pitch deviation (just over 10 deg) from
the reference, while satisfying all safety constraints (lower left
plot).

C. Experimental Results

We validate the proposed controller on three reference
trajectories: (i) a straight line defined by a time-polynomial
(Fig.6), (ii) a trajectory that primarily induces a large rotation
of the load, highlighting the controller’s ability to track the
full pose of the payload (Fig.7), and (iii) a fast circular
path centered at [0,0,0.6]m with a 1.3m radius (Fig.8,9). In
the straight-line and circular cases, the desired orientation is
fixed at [0, 0, 0] in roll, pitch, and yaw to emphasize position
tracking. The aerial robots reach speeds up to 1.5ms™!
during circular motion, demonstrating the controller’s ability to
handle dynamic trajectories. Performance is evaluated in terms
of tracking accuracy for both load position and orientation.
We also report cable angles «; and robots velocity norms as
estimated onboard. For the straight and circular trajectories, we
include 3D tracking visualizations and snapshots of the system
along the path, where transparency denotes time progression.

4

3
Time [s] Time [s]

Fig. 7: Results from an experiment in which the desired trajectory
require a large yaw rotation and smaller roll and pitch rotations.
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Fig. 8: Results from an experiment in which the desired trajectory is
a high speed circumference.

Position tracking errors remain within a few centimeters,
mostly due to small geometric mismatches and the underac-
tuated nature of the drones, which require tilting that affects
load position. Cable-induced disturbances also contribute to
minor deviations. Orientation tracking stays within 8 deg of
the reference. While the tracking of the desired cable angles
is assigned a low weight in the cost function—resulting in
only approximate convergence to the reference setpoints—the
constraints on the minimum and maximum allowable angles
are always satisfied. This ensures that safe configurations are
maintained throughout the motion, and potential collisions
among drones are avoided.

V. CONCLUSIONS

In this work, we proposed a Distributed Nonlinear Model
Predictive Control (DNMPC) framework for cooperative trans-
portation with underactuated UAVs tethered to a shared pay-
load. The method employs a partition-based ADMM algorithm

Fig. 9: View of the trajectory performed by the Fly-Crane system.



8 IEEE ROBOTICS AND AUTOMATION LETTERS. PREPRINT VERSION. ACCEPTED AUGUST, 2025
IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2026, Vienna, Austria. Cite as RA-L paper.

to distribute computation across a peer-to-peer network, reduc-
ing communication overhead and enabling scalability. Unlike
centralized formulations, each UAV solves a local subproblem,
and the per-agent computational complexity remains constant
regardless of team size.

The framework was validated through real-world experi-
ments on the Fly-Crane system, demonstrating its effectiveness
in achieving trajectory tracking for the full pose of the payload.
Results highlighted the algorithm’s robustness to system con-
straints and its ability to adapt to dynamic environments while
maintaining high precision and satisfying physical limits.

Future work will focus on exploring the viability of ex-
tending this approach to incorporate the dynamic model of
the system in the DNMPC while keeping the computation
and communication complexity independent on the number
of robots, exploring more efficient real-time implementations,
and investigating its application in fully distributed experimen-
tal setups.
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