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Abstract— Model Predictive Control (MPC) is widely adopted
for agile multirotor vehicles, yet achieving both stability and
obstacle-free flight is particularly challenging when a payload
is suspended beneath the airframe. This paper introduces a
Safety Enhanced Passivity-Based Nonlinear MPC (SEP-NMPC)
that provides formal guarantees of stability and safety for
a quadrotor transporting a slung payload through cluttered
environments. Stability is enforced by embedding a strict
passivity inequality, which is derived from a shaped energy
storage function with adaptive damping, directly into the
NMPC. This formulation dissipates excess energy and en-
sures asymptotic convergence despite payload swings. Safety
is guaranteed through high-order control barrier functions
(HOCBFs) that render user-defined clearance sets forward-
invariant, obliging both the quadrotor and the swinging payload
to maintain separation while interacting with static and dy-
namic obstacles. The optimization remains quadratic-program
compatible and is solved online at each sampling time without
gain scheduling or heuristic switching. Extensive simulations
and real-world experiments confirm stable payload transport,
collision-free trajectories, and real-time feasibility across all
tested scenarios. The SEP-NMPC framework therefore uni-
fies passivity-based closed-loop stability with HOCBF-based
safety guarantees for UAV slung-payload transportation. Video:
https://youtu.be/104DesGVjwc.

I. INTRODUCTION

The past decade has witnessed a rapid rise in the use of
unmanned aerial vehicles (UAVs), driven by their flexibility,
high maneuverability, and relative ease of deployment. UAVs
are now routinely employed in scenarios that are dangerous
or inaccessible to humans, including inspection, surveillance,
search and rescue, and logistics missions [1]-[3]. In addition
to these roles, UAVs provide an attractive platform for aerial
transport, offering the ability to quickly deliver supplies
and equipment across environments where ground access is
difficult or time-consuming [4].

A widely studied approach for aerial transport is the use
of cable-suspended, or slung payloads [5]. These systems
are appealing because they allow a UAV to carry loads
without requiring specialized grippers or rigid mechanical
attachments. At the same time, the suspended payload intro-
duces significant dynamic complexity: the payload motion is
coupled with the airframe dynamics, and the flexible cable
adds extra degrees of freedom that render the overall system
underactuated. As a result, rapid maneuvers can induce
oscillations in the payload, which in turn reduce tracking
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Fig. 1. Illustration of a quadrotor with a slung payload navigating in a
cluttered environment. The swinging load expands the effective geometry,
motivating the need for stability and safety-aware control.

accuracy and increase the risk of collisions with nearby
obstacles, particularly in cluttered or constrained settings [6].

Model Predictive Control (MPC) is widely adopted for
UAV slung payload systems as it enables online trajectory
optimization with input and state constraints [7], [8]. Most
existing MPC schemes lack closed-loop stability guarantees
and ignore the payload’s swinging footprint, complicating
safety enforcement and obstacle avoidance [9]-[11]. Pal-
lar et al. [12] address safety through discrete-time CBF-
based trajectory planning but provide no closed-loop stability
guarantee. ES-HPC-MPC [13] enforces exponential stability
and handles slack-to-taut cable transitions under perception
constraints but does not consider obstacle avoidance or
payload clearance in cluttered environments. Other NMPC-
based approaches for obstacle avoidance typically rely on
hard or soft state constraints to keep the system within
safe regions, but they do not provide guaranteed forward
invariance or formal safety certificates [14], [15].

To this end, we propose a Safety Enhanced Passivity-
Based NMPC (SEP-NMPC). The method incorporates a
shaped energy function that couples position error with pay-
load swing energy, and enforces a strict passivity inequality
within the MPC optimization. This dissipates excess energy
and ensures asymptotic stability without resorting to gain
tuning. In parallel, we design high-order control barrier
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TABLE I
NOTATION (CORE SYMBOLS)

Symbol Meaning

Fr, FB Inertial and body-fixed frames
&= [z,y, Z]T, & Position and velocity in F

R € SO(3), w Attitude; body angular velocity

v=la, 8" Payload swing angles (zz/yz planes)

pQ =&, pL Quadrotor / payload positions

mq, mr, I, g Quadrotor/payload masses; cable length; gravity

Ug, V= & Shaped translational input; collocated output (passivity)
hi,; Squared-clearance CBF ((11I-D))

AcBF, beBr Stacked HOCBF matrices ((21))

p, € Passivity gains ((7d))

u, A Actuator/swing constraint sets

Q, R, T, N Weights; prediction horizon; shooting nodes

functions that explicitly account for the relative degree two
clearance constraints of both the quadrotor and the sus-
pended payload. By embedding these conditions as affine
inequalities within the MPC optimization, the framework
guarantees forward invariance of safety sets while remaining
computationally tractable for real-time implementation on
lightweight onboard processors.

Contributions. (i) A passivity-based storage function em-
bedded in NMPC that guarantees asymptotic stability of the
underactuated quadrotor—slung payload system, capturing the
coupled dynamics between the vehicle and the swinging
load. (ii) A unified safety envelope that guarantees minimum
distance separation for the combined UAV slung payload
geometry under static and moving obstacles, ensuring clear-
ance for both the vehicle and the swinging load. (iii)) A QP-
compatible SEP-NMPC scheme that integrates stability and
safety constraints seamlessly, without heuristic switching,
and runs in real time. The framework provides certified per-
formance in challenging scenarios, such as narrow passages
and environments with static and dynamic obstacles.

II. SYSTEM DYNAMICS

Consider an unmanned quadrotor transporting a point-
mass payload suspended by a massless rigid cable of length
l, as illustrated in Fig. 2. We define two coordinate frames:
the inertial frame F; with origin O and the body-fixed
frame Fp attached to the quadrotor’s center of mass. The
configuration of the system is described by the quadrotor
position ¢ = [z,y,2]T € R3 in Fy, the quadrotor attitude
represented by the rotation matrix R € SO(3) from Fp
to F7, and the cable swing angles v = [a,B]T € R2,
where o and S denote the projected swing angles in the
xz and yz planes, respectively [16], [17]. The dynamics of
the quadrotor-payload transportation system can be derived
using the Lagrangian formulation. The system exhibits a
cascaded underactuated structure with eight degrees of free-
dom (DOFs) and only four control inputs. We separate the
dynamics into translational (outer-loop) and rotational (inner-
loop) subsystems.

1) Translational Dynamics: Let ¢ = [¢T,4T]T € R®
denote the generalized position vector. The translational
dynamics can be expressed as:

M(q)i+C(q,4)g+G(q) = u )]

Fig. 2. Coordinate frames and configuration of a quadrotor with a slung
payload: the inertial frame F; with origin O, the body-fixed frame Fp,
cable length I, and swing angles « (in zz plane) and 3 (in yz plane).

where M (q) € R5*® is the symmetric positive-definite iner-

tia matrix, C(q, ) € R5*® represents the Coriolis and cen-

trifugal matrix, G(q) € R? is the gravitational force vector,

and u = col (Fy, F,;, F,,0,0), and F := col (Fy, F,, F,) €

R3 denotes the input force actuating the UAV’s positions.
The inertia matrix M (q) is given by:

(mQ +mL)13 Mc
M M,

c

M =

where mg and m;, denote the masses of the quadrotor and
payload, respectively, I3 is the 3 x 3 identity matrix, and:

cosacosfS —sinasinf
M. =mpl 0 cos 3
sinacos 8  cosasin
2
cos* 8 0
M, =mpl>
p— L 0o 1
The Coriolis and centrifugal matrix is defined as C =
[cij]5x5, Where ¢;; = —cj;, and all elements not listed below
are zero:
c1a = —mplésinacos 8 — mpl B cosasin 3,
c15 = —mplécosasin 8 — mrl Bsinacos 3,
Co5 = _le ﬁ sin 57

c3s = mpldcosacosf —myplBsinasinf,
c35 = —myplasinasin 4+ leBcosacosﬁ,
cga = —mypl? BeosBsin B, cu5 = —mpl? écos Bsin fB.

The gravitational vector, where g denotes the gravitational
acceleration, is

G = [0, 0, (mQ—l—mL)g, 2
myglsinacos 8, mpgl cosozsinﬂ]T.

2) Rotational Dynamics: The attitude dynamics of the
quadrotor on SO(3) are described by:

R = Rw* 3)

Jo=7—-w*(Jw) 4)

where w € R? is the angular velocity expressed in Fg, J €

R3*3 is the moment of inertia matrix, 7 € R3 represents
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Fig. 3. Block diagram of the proposed SEP-NMPC framework, where
state and obstacle data are fed into the optimal control problem (OCP)
enforcing passivity (stability) and HOCBF (safety) constraints to generate
control inputs for safe, stable trajectory tracking.

the control torque vector, and w* € s0(3) denotes the skew-
symmetric operator such that w*b = w x b for any b € R3.

Remark 1: Since the UAV attitude is fully actuated by
three independent torques, an inner-loop controller can be
assumed to ensure R — Ry [17]. The commanded attitude,
expressed by the roll-pitch-yaw angles (¢g, 04, %q), is re-
lated to the control input v = F Res, with F' = ||ul|. Specif-
ically as given [18], ¢g = arcsin((ux sin ¢q—u, cos wd)/F)
and 0; = arctan((um costhg + uy sin z/;d)/uz), while 14
is freely assigned. Assuming u evolves continuously, these
angles remain trackable. Hence, our focus is on the outer-
loop design for stabilizing the UAV—payload dynamics via u,
while the inner loop guarantees the required attitude tracking.

The following properties and assumptions are essential for
the subsequent control design:

Assumption 1: The payload swing angles are bounded:
(o, B) € (—7m/2,7/2), ensuring that the load remains
below the quadrotor and preventing cable entanglement.
This is a reasonable and widely adopted assumption in the
UAV-payload literature [11], [16], [19].

Property 1: The system exhibits a cascaded underactuated
structure where the translational subsystem has five DOFs
with three virtual control inputs, while the rotational subsys-
tem is fully actuated with three torque inputs.

The primary control objective is to design control inputs
(F,T) that keep the system within the safe set while asymp-
totically stabilizing the quadrotor and payload system to a
desired configuration and suppressing payload oscillations:

tli}%[f(t),’y(t),é(t),’.}/(t)] = [5da07070]a (5
[£4,0,0,0] € int(C), (6)

where ¢; € R? is the desired quadrotor position and C :=
{x|h;;(x,t) >0, Vi,j, w €U} denotes the safe set.

III. SAFETY ENHANCED PASSIVITY-BASED NMPC
(SEP-NMPC)

This section details the design of the proposed SEP-
NMPC framework, which simultaneously enforces system
stability and constraint satisfaction through energy-aware
damping and control barrier functions (CBFs), respectively.
The formulation is tailored for the UAV—payload dynamics
described in Section II. The overall control architecture is
illustrated in Fig. 3, where state measurements and reference
commands are processed through the passivity-based shaping

module and the HOCBF-based safety filter before entering
the NMPC optimizer.

A. SEP-NMPC Formulation

At each sampling instant tj, the proposed SEP-NMPC
solves:

7= [ (10 a1 + Ia17)

x()otta() b
(7a)
st x(t) = f(x(t),ua(t)), x(tg) = x, (7b)
(a(t),B(t) € A, ua(t) €U, (7o)
ua() v(t) < —pllo@®)|* = ellua®)? (7d)
Acpr(x(t),t) uq(t) > bepr(x(t), ). (Te)

Here, x(t) € R™ denotes the full system state, including
quadrotor position, attitude, payload swing angles, and their
velocities. The optimization variable wu,(t) is the shaped
control input introduced in Section III-B, where its construc-
tion is detailed. The set .A specifies admissible swing-angle
limits (v, 8), while U encodes actuator saturation bounds.
The collocated output is defined as v(t) = £(t), and the
inequality (7d) enforces a strict passivity condition with user-
chosen gains p,e > 0, ensuring system energy dissipation.
Finally, the affine inequalities (7e) encode the stacked high-
order CBF constraints h; ;(x,t) for all obstacle—body pairs.
The matrices Acpr and bopp are constructed by stacking
these conditions for each obstacle ¢ and body j € {Q, L};
in our setup, ¢ = 1 corresponds to the static obstacle
with position pi(t), and ¢ = 2 to the dynamic obstacle
with position po(t) and velocity vy(t). Since the resulting
inequalities are affine in the control input u,, they fit directly
into the QP structure of the NMPC solver, and the non-
negativity of each HOCBF value ensures forward invariance
of the corresponding safe sets.

B. Passivity-Based Stability Constraint

Passivity-based NMPC was first formalised by Raff et
al. [20], who showed that for passive systems with a con-
tinuously differentiable storage function, local asymptotic
stability can be achieved by embedding a passivity inequality
in the optimization. We follow this paradigm, adopting the
underactuated energy-shaping construction in [21], enforcing
the passivity constraint along the prediction horizon and con-
structing a storage function that captures both the payload’s
swing energy and convergence to the desired position.

Let £4(t) € R? denote the desired position and define
the translational error e := & — &g, where K € R3*3 s
symmetric positive definite. Define the state vector x :=
[¢7,G"]". The enhanced storage function is

1.+ ) 1+
V(x) = 24 M(q)¢+ ngl(l - cosacosﬂ) + 3¢ Keg.
®)

The additional term involving e; shapes the energy land-
scape to promote convergence to the reference position.
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Using the system dynamics in (1) and the standard identity

¢ (3M(q) = C(,9))q =0 ©)

The shaped control input is given by u, = u +

col(Kec, 0, 0), which yields the port relation V(x) = v u,
where the collocated output is v(t) = £(¢).

To ensure energy dissipation, the NMPC includes the strict
passivity constraint

ug (Hv(t) < —plo®)|* - ellua(®)]?,

a

p,e>0, (10)

which implies V(x) < 0, so the storage function is
nonincreasing and bounded from below. Since p,e > 0,
the equality V(x) = 0 can hold only if v = 0 and
ug, = 0. Following the strict passivity argument in [21],
this condition ensures that the largest invariant subset of
{x : V(x) = 0} corresponds to the equilibrium characterized
in Section III-C. Therefore, by LaSalle’s invariance principle
and the strict passivity condition, all closed-loop trajectories
converge asymptotically to the desired equilibrium, ensuring
convergence to the reference while maintaining bounded
payload motion.

C. Closed-Loop Stability Analysis

Consider the storage function V(x) in (8). From Sec-
tion III-B we have the port relation V(x) = v u, with the
collocated output v = f . Together with the strict passivity
inequality (10), it follows that

V(x) < —ploll* —elua* <0, pe>0. (D)

Hence V' is nonincreasing along closed-loop trajectories.

Boundedness via sublevel sets: On the angle-bounded
domain of Assumption 1, V' is positive definite about hover
and radially unbounded in (ec, ¢). Every sublevel set Q, =
{x | V(x) < ¢} is compact and forward invariant, so closed-
loop trajectories are precompact.

Inner-loop tracking: We adopt the standard inner-loop
assumption used in passivity-based MPC. The attitude—thrust
loop renders (F,, R;)— F exponentially accurate, or equiv-
alently input—output passive with indices that, combined with
those in (10), yield a strictly passive interconnection. At
equilibrium Res aligns with e3 and F' = (mg +mp)ges.

 Invariant set characterization: Let & = {x € Q. |
V(x) = 0}. From (10), V(x) = 0 implies
v:£:0 and wu, = 0.

To remain in &, these equalities must hold for all ¢ > 0.
Hence, on the largest invariant subset M C &, we also have
£=o.

Using (1) with v = [FT,(),O
translation equalities are

}T and v = [, ]7, the

le(cosacosBd—SinasinﬂB) + cud+ s = 0,

(12a)
le(cosﬁB) + oesf = 0, (12b)

md(sinozcosﬂd—l—cosasinﬁﬁ) + 34+ 358 = 0.
(12¢)

On M we have v = 0 and 5 = 0, and the vertical thrust
balance F' = (mqg+my)ges holds, so (12) is satisfied for
all ¢.

From (12b) and the explicit cos5,

cosﬂB—BQSinB:O.

Eliminating B from (12a)—(12c) by the combination
cos a (12a) + sin o (12c) gives

13)

cosad — a2 sina = 0. (14)
On the domain |a|,|3| < F we have cosa > 0 and
cos § > 0. Equations (13)—(14) can be rewritten as
d, . d
a(ﬁ cos B) =0, a(a cosa) = 0.
Hence ﬁ cosfS = c¢; and &cosa = co for constants

c1, co. Since closed-loop trajectories remain in the compact
invariant set €., the swing angles must remain bounded for
all time. This is possible only if ¢; = co = 0, as otherwise
B(t) or a(t) would grow unbounded. Therefore, & = 3 = 0
on the largest invariant set M C €., following the same
invariant-set reasoning used for UAV slung-payload systems
in [16].
With & = B = 0, the last two equations reduce to

(15a)
(15b)

mpl?cos? & = —mpgl sina cos 3,

mpl? g = —mpgl cosa sin .

Since cosa > 0 and cos 3 > 0 on the domain, (15) forces
sina = sin 8 = 0. Thus («, 8) = (0,0) and (&, 8) = (0,0)
on M.

By the inner-loop assumption, the equilibrium thrust
equals (mq + my)g es, ensuring e. = 0. Together with the
invariant-set conditions _above, the largest invariant subset
of £is M = {(£,7,¢,%) = (£4,0,0,0)}. By LaSalle’s
invariance principle, all trajectories converge asymptotically
to this equilibrium, i.e., £(t) — &, and (€, a, B) — 0.

D. Safety via High-Order Control Barrier Functions

To ensure collision-free navigation in cluttered envi-
ronments, we employ high-order control barrier functions
(HOCBFs) [10], [22] that explicitly account for both the
quadrotor and the suspended payload. Unlike standard CBF
formulations that consider only the vehicle body, our ap-
proach recognizes that the swinging payload substantially
enlarges the system’s effective footprint, particularly during
aggressive maneuvers. All barrier inequalities are written
directly in terms of wu,, keeping them affine and QP-
compatible.

Control-affine translational channel: Let pg = £ denote
the quadrotor position and v = 5 its velocity. The transla-
tional dynamics of the outer loop are expressed in control-
affine form as

b = fo(%) + Gy () ta,

where f,(x) denotes the passive dynamics (i.e., the natural
motion due to gravity, coupling, and swing effects in the

P =0, (16)
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absence of input) and G, (x) € R3*3 is the input map from
the shaped control input u, to acceleration. For the payload,
the acceleration can be written as jr, = o + nr(x), where
1 (x) collects the additional swing-induced terms; crucially,
the Jacobian Jpr, /Ou, is the same G, (x). This ensures that
both the quadrotor and payload channels are affine in the
decision variable wu,,.
Dual-body clearance and effective radii: Define the
body positions as
po =E, pr = &+ [sinacos 3, sin 8, — cosacos B]T
where [ is the cable length. For obstacle ¢ with center p, ;(t)
and radius R;, choose inflated body radii r; for j € {Q, L}
and a safety margin A > 0, and set
dmimi,j =R; + T+ A.

Let 7, ;(t) = p;(t) — po,i(t) for j € {Q,L}, so the

squared-clearance functions are

hi (%, t) = ([ (0% — diy

min,%,5

with safe sets C; ; = {x | h; j(x,t) > 0}.

Dynamic obstacles: When obstacle ¢ moves with ve-
locity v, ;(t) and acceleration 9, ;(t), the derivatives of the
squared-clearance functions are

hi g 58) = 275 (8)T (B5(0) = v 0).
iy 3, 8) = 2005(8) = v (D] + 275" (5(0) -

a7

(18)

Thus, obstacle motion enters explicitly as a time-varying
exogenous signal [23], while the control input u, influences
only through the acceleration channel.

Relative degree two and HOCBF recursion: A key
observation is that the functions h; j(x,t) depend only on
position, while the input u, acts through acceleration. This
induces a relative degree of two with respect to wu,, making
standard first-order CBFs insufficient [10], [11]. To address
this, we construct a second-order CBF recursion with positive
gains k1, ko > 0:

i (x,t) = hij(x,
i j2(X, Uq,t) =

Substituting

t) + K1 hij(x,1), (19a)
Gi g1 (X, t) + K2 i ja(x,t) > 0. (19b)

p] = f’U,j(X;t) + G’U(X) Uq,

where f, ;(x,t) collects the passive dynamics of body j,
yields an affine inequality in the control input.

QP form and affine representation: Expanding (19b),
we obtain

wi,j,2(xa Uq,, )

+2r;;(t )TGU(X) ug >0
(20)

i}o,i (t)) .

Top view: drone and payload trajectories
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Fig. 4. Top-view trajectories of the quadrotor—payload system. The

quadrotor path is a solid curve color-coded by planar speed (see colorbar),
while the payload path is the red dashed curve. Circular red disks denote
obstacle positions; waypoints w1, w2, w3 are marked.

The corres%)ondlng affine constraint can thus be written
per pair as At x,t), where

AU (x,1) = 215 (1) G (),

bR (x. 1) =

B (X, 1) Ug > b(CBF)(

— (L?h@j (X, t) + Hlthi,j (X, t)
+ Iiglﬁi’j’l (X, t)) .

At each sequential quadratic programming (SQP) lin-
earization point (i.e., we linearize the dynamics and con-
straints and solve a QP subproblem), the inequalities (20)
for all obstacle-body pairs are stacked into

Acpr(x,t)us > bepr(x,t), 2D

where each row corresponds to one pair (i, 7). This preserves
linearity in u, and the QP structure of the optimization step.

Forward invariance guarantee: Suppose Assumption 1
holds and the dynamics (16) are locally Lipschitz. If
hi,j(%0,to) > 0 for all obstacles 7 and bodies j € {Q, L},
then any input u,(-) satisfying (21) renders the composite
safe set [, ; C; ; forward invariant. In other words, both the
quadrotor and payload maintain clearance from all obstacles
for all future times.

The passivity indices p,e and the HOCBF gains k1, ko
balance aggressiveness and conservatism. Larger p and ¢
increase damping and limit control effort, yielding smoother
but more conservative responses, while larger 1, ko trigger
earlier avoidance and increase clearance margins at the cost
of longer paths. In all experiments, parameters were selected
to ensure strict feasibility and maintain real-time execution
at 100 Hz.

IV. SIMULATION AND EXPERIMENTAL VALIDATION

We now validate the proposed SEP-NMPC framework
through a comprehensive set of simulations and real-world

Lhi j(%,t) + k1 Lghi j(x,) + K2vi 1 (X, 1) experiments. The objective of this section is twofold: (i)

to demonstrate that the controller enforces both passivity-
based stability and high-order CBF safety simultaneously,
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Fig. 6. Representative safety margins during dynamic obstacle avoidance:
(a) payload-obstacle 1 and (b) drone-obstacle 2, both compared against the
enforced minimum distance dpjp, .

and (ii) to assess its real-time feasibility under scenarios
representative of cluttered UAV operations. To this end, we
designed two complementary case studies. First, a static-
obstacle avoidance task highlights the ability of SEP-NMPC
to regulate payload swing while preserving clearance mar-
gins. Second, a dynamic-obstacle interaction introduces mov-
ing intruders governed by the same law, thereby testing
reciprocal safety in multi-agent settings.

Across both studies, we quantify safety through mini-
mum separation distances, stability through payload swing
suppression and trajectory tracking accuracy, and efficiency
through average solver times. These metrics allow direct
comparison against baseline formulations such as first-order
CBFs, which enforce safety using a velocity-level barrier
condition on the clearance function, as well as state con-
straints and passivity-only controllers. In addition to simu-
lation, the same scenarios were implemented on a quadro-
tor platform carrying a cable-suspended payload, thereby
bridging theory with real-world flight tests. The combined
results verify that SEP-NMPC consistently achieves safe
obstacle avoidance and stable trajectory tracking in real time,
outperforming baseline strategies.

A. Software Setup

All simulations were executed in MATLAB R2025a on
Windows. The optimal-control problem was formulated and
solved online with acados [24] via the CasADi [25] inter-
face, using a fixed-step fourth-order Runge—Kutta integrator.
A prediction horizon of T' = 2 s was discretised into N = 40
shooting nodes, and solved using the SQP-RTI solver with
warm starts, which evaluates a single sequential quadratic
programme each control cycle. All runs were performed on a
laptop equipped with an Intel® Core™ i7-11800H processor.

B. Static and Dynamic Obstacle Scenarios

To assess simultaneous safety and stability, the quadro-
tor—payload system was commanded to navigate between
static cylindrical obstacles while the SEP-NMPC maintained
both the control barrier function safety margins and the
passivity constraint. Waypoints induced appreciable payload
swing before convergence, thereby stressing both compo-
nents of the controller. Fig. 4 illustrates a representative
trajectory, highlighting the maintained clearances achieved
by the proposed framework.

In addition, obstacles were allowed to move rather than
remain fixed. Each obstacle was modelled as a second
drone; One intruder drone was commanded to cross the
ego quadrotor’s desired waypoint, while a second intruder
crossed the payload’s desired waypoint. Throughout the
manoeuvre the control-barrier-function constraints of both
systems cooperatively enforced a safe separation, and the
passivity constraint ensured stable motion while reacting to
nearby drones. Fig. 5 shows a representative interaction, in
which the ego quadrotor smoothly adjusts its path while
the intruders execute complementary avoidance trajectories.
Average solver time in simulation remained below 10ms,
confirming real-time feasibility even under dynamic inter-
actions. In addition, Fig. 6 illustrates the corresponding
safety margins, verifying that both the payload and drone
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Fig. 7. Top-view trajectories from real-world experiments with a single obstacle. Each subplot shows 20 repeated trials, color-coded by time. Top row:

(left) 1st-order CBF without passivity, (middle) state-constraint without passivity, (right) high-order CBF (HOCBF) without passivity. Bottom row: (left)
1st-order CBF with passivity, (middle) state-constraint with passivity, (right) proposed SEP-NMPC with high-order CBF and passivity. Without passivity,
both CBF and state-constraint approaches show boundary violations and inconsistent convergence. HOCBF restores feasibility but overshoot persists.
Adding passivity improves smoothness and safety, while SEP-NMPC achieves the most reliable avoidance and convergence.

TABLE 11
ABLATION ON SINGLE-OBSTACLE CASE (20 RUNS).

Method Viol./Infeas. Overshoot (#) Solve [ms]
State Constraint only 16 /19 0 5.26
State Constraint + Passivity 14717 0 7.75
Ist-Order CBF only 6/18 0 4.90
Ist-Order CBF + Passivity 6/8 3 7.52
High-Order CBF only 0/0 4 5.06
SEP-NMPC 0/0 0 8.74

Notes: Viol. counts inside — outside obstacle region cycles, Infeas. is
solver failure episodes, and Overshoot counts goal overshoot events
>10cm from the desired position.

maintained clearance above the prescribed bound d,jy,.

C. Real-World Experiments

Experiments were carried out on a Quanser QDrone2
carrying a cable—suspended point-mass payload. The quadro-
tor has a mass of 1.5kg, the payload weighs 0.20kg, and
the cable length is 0.5m. All computation was executed
onboard using an NVIDIA Jetson Xavier NX. The proposed
SEP-NMPC was implemented with acados and CasADi,
running in real time at 100Hz with a prediction horizon
of T = 2s and N = 40 shooting nodes, matching the
simulation setup. A warm-started SQP-RTI scheme was used,
with OpenMP parallelization across nodes to maintain low-
latency updates. Obstacles were modeled as discs in the
horizontal plane with an inflated safety radius of 0.5m,
enforced simultaneously for the quadrotor and suspended
payload through control barrier functions.

TABLE III
EXPERIMENTAL RESULTS OF SEP-NMPC

(SINGLE-OBSTACLE, 20 TRIALS)

Metric Result
Success rate 20/20
Min clearance (median) 0.53 m (IQR 0.51-0.55)
Max swing angle (|, |8]) 54.94°

Tracking RMSE, -
Solver time
Overruns >10 ms

0.035 m (median)
8.74 ms (median)
0%

To benchmark performance, we compared 1st-order CBF,
state-constraint, and the proposed SEP-NMPC, each tested
with and without passivity, along with a passivity-free
HOCBF baseline. Each configuration was flown in 20 re-
peated trials under the same initial conditions. Both single-
and multiple-obstacle scenarios were attempted; representa-
tive single-obstacle results are reported here, while the more
complex setups are included in the supplementary video.

Fig. 7 shows the time-colored top views of all six
controllers in the single-obstacle case. Clear performance
differences emerge: without passivity, both 1st-order CBF
and state-constraint formulations exhibit frequent boundary
violations and solver failures near the obstacle. HOCBFs
restore feasibility but overshoot occurs when passivity is ab-
sent. Introducing the passivity inequality markedly improves
safety and smoothness, reducing oscillations and ensuring
trajectories remain outside the inflated safety disc. Among
all cases, SEP-NMPC consistently achieves the best trade-off
between safety and convergence, avoiding the obstacle while
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eliminating overshoot and converging smoothly to the goal.
Table II further quantifies these trends by reporting violation
counts, infeasibility episodes, overshoot occurrences, and
solver times across 20 runs. The results highlight that while
state-constraint methods incur the highest number of failures,
the 1st-order CBF with passivity reduces both violations and
infeasibility but still suffers from occasional overshoot. This
overshoot arises when the controller encounters infeasible
instances: the passivity inequality prevents the optimizer
from issuing overly aggressive control inputs, which in turn
makes the system unable to recover quickly and induces
transient instability. In contrast, HOCBFs handle feasibility
more gracefully but without passivity can still overshoot
the goal, underscoring the complementary nature of the two
ingredients.

Overall, these comparisons confirm that combining high-
order safety constraints with passivity not only restores fea-
sibility but also enforces a dissipative closed-loop behavior,
yielding robust performance for the quadrotor slung payload
system in real-world settings. Table III further provides a
detailed breakdown of the achieved performance.

V. CONCLUSION

This work introduced a Safety Enhanced Passivity-Based
NMPC for quadrotor—payload transport that unifies passiv-
ity—based stability with high-order CBF safety. A shaped en-
ergy storage function and a strict passivity inequality provide
a dissipative closed loop with asymptotic convergence, while
HOCBFs enforce forward invariance of dual-body (vehicle
and payload) clearance sets, including against moving obsta-
cles. The resulting optimization remains QP-compatible and
runs online without gain scheduling or heuristic switching,
offering reliable performance even in cluttered, dynamic
settings. Simulation and real-world results confirmed that
SEP-NMPC achieves collision—free navigation, smooth con-
vergence, and consistently low solver times, validating its
suitability for real-time UAV transport missions. Future work
will explore integrating learning-based modules for improved
prediction of disturbances and obstacle motion, as well as
systematic strategies to enhance controller feasibility by re-
fining constraint handling and recovery from near-infeasible
situations.

REFERENCES

[1] A. Ollero, G. Heredia, A. Franchi, G. Antonelli, K. Kondak, A. San-
feliu, A. Viguria, J. R. Martinez-de Dios, F. Pierri, J. Cortes,
A. Santamaria-Navarro, M. A. Trujillo Soto, R. Balachandran,
J. Andrade-Cetto, and A. Rodriguez, “The aeroarms project: Aerial
robots with advanced manipulation capabilities for inspection and
maintenance,” IEEE Robotics & Automation Magazine, vol. 25, no. 4,
pp. 12-23, 2018.

[2] T. Tomic, K. Schmid, P. Lutz, A. Domel, M. Kassecker, E. Mair,
I. L. Grixa, F. Ruess, M. Suppa, and D. Burschka, “Toward a fully
autonomous uav: Research platform for indoor and outdoor urban
search and rescue,” IEEE Robotics & Automation Magazine, vol. 19,
no. 3, pp. 46-56, 2012.

[3] I Palunko, P. Cruz, and R. Fierro, “Agile load transportation : Safe
and efficient load manipulation with aerial robots,” IEEE Robotics &
Automation Magazine, vol. 19, no. 3, pp. 69-79, 2012.

[4] A. Ollero, M. Tognon, A. Suarez, D. Lee, and A. Franchi, “Past,
present, and future of aerial robotic manipulators,” IEEE Transactions
on Robotics, vol. 38, no. 1, pp. 626-645, 2022.

[5]

[6]

[7]

[8]

[9]

(10]

[11]

[12]

[13]

[14]

[15]

[16]

(17]

(18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

16030

T. Lee, K. Sreenath, and V. Kumar, “Geometric control of a quadrotor
uav transporting a payload connected by flexible cable,” in Proc. IEEE
Conf. Decision and Control (CDC), 2013, pp. 6156-6161.

S. Tang and V. Kumar, “Mixed integer quadratic program trajectory
generation for a quadrotor with a cable-suspended payload,” in Proc.
IEEE Int. Conf. Robotics and Automation (ICRA), May 2015, pp.
2216-2222.

G. Tartaglione, E. D’Amato, M. Ariola, P. S. Rossi, and T. A. Jo-
hansen, “Model predictive control for a multi-body slung-load system,”
Robotics and Autonomous Systems, vol. 92, pp. 1-11, 2017.

S. Sun, A. Romero, P. Foehn, E. Kaufmann, and D. Scaramuzza,
“A comparative study of nonlinear mpc and differential-flatness-based
control for quadrotor agile flight,” IEEE Transactions on Robotics,
vol. 38, no. 6, pp. 3357-3373, 2022.

P. Foehn, D. Falanga, N. Kuppuswamy, R. Tedrake, and D. Scara-
muzza, “Fast trajectory optimization for agile quadrotor maneuvers
with a cable-suspended payload,” in Proceedings of Robotics: Science
and Systems, 2017.

W. Xiao and C. Belta, “High-order control barrier functions,” IEEE
Transactions on Automatic Control, vol. 67, no. 7, pp. 3655-3662,
2022.

X. Tan, W. S. Cortez, and D. V. Dimarogonas, “High-order barrier
functions: Robustness, safety, and performance-critical control,” IEEE
Transactions on Automatic Control, vol. 67, no. 6, pp. 3021-3028,
2022.

A. Pallar, G. Li, M. Sarvaiya, and G. Loianno, “Optimal trajectory
planning for cooperative manipulation with multiple quadrotors using
control barrier functions,” in 2025 IEEE International Conference on
Robotics and Automation (ICRA), 2025, pp. 2808-2814.

L. FE Recalde, M. Sarvaiya, G. Loianno, and G. Li, “Es-hpc-mpc:
Exponentially stable hybrid perception constrained mpc for quadrotor
with suspended payloads,” arXiv preprint arXiv:2504.08841, 2025.
T. K. Tasooji, S. Khodadadi, and G. Liu, “Event-triggered nonlinear
model predictive control for cooperative cable-suspended payload
transportation with multi-quadrotors,” 2025. [Online]. Available:
https://arxiv.org/abs/2504.03123

G. Li and G. Loianno, “Nonlinear model predictive control for coop-
erative transportation and manipulation of cable suspended payloads
with multiple quadrotors,” in 2023 IEEE/RSJ International Conference
on Intelligent Robots and Systems (IROS), 2023, pp. 5034-5041.

X. Liang, Y. Fang, N. Sun, and H. Lin, “Nonlinear hierarchical control
for unmanned quadrotor transportation systems,” IEEE Transactions
on Industrial Electronics, vol. 65, no. 4, pp. 3395-3405, 2018.

J. Kang, J. Shan, and H. Alkomy, “Control framework for a uav slung-
payload transportation system,” IEEE Control Systems Letters, vol. 7,
pp. 2473-2478, 2023.

F. Kendoul, “Nonlinear hierarchical flight controller for unmanned
rotorcraft: design, stability, and experiments,” Journal of guidance,
control, and dynamics, vol. 32, no. 6, pp. 1954-1958, 2009.

B. Xian, S. Wang, and S. Yang, “An online trajectory planning
approach for a quadrotor uav with a slung payload,” IEEE Transactions
on Industrial Electronics, vol. 67, no. 8, pp. 6669-6678, 2020.

T. Raff, C. Ebenbauer, and P. Allgéwer, Nonlinear Model Predictive
Control: A Passivity-Based Approach. Berlin, Heidelberg: Springer
Berlin Heidelberg, 2007, pp. 151-162.

J. Kang and Z. H. Zhu, “Passivity-based model predictive control for
tethered despin of massive space objects by small space tug,” IEEE
Transactions on Aerospace and Electronic Systems, vol. 59, no. 2, pp.
1239-1248, 2023.

A. D. Ames, X. Xu, J. W. Grizzle, and P. Tabuada, “Control barrier
function based quadratic programs for safety critical systems,” IEEE
Transactions on Automatic Control, vol. 62, no. 8, pp. 3861-3876,
2017.

J. Zeng, B. Zhang, and K. Sreenath, “Safety-critical model predictive
control with discrete-time control barrier function,” in 2021 American
Control Conference (ACC), 2021, pp. 3882-3889.

R. Verschueren, G. Frison, D. Kouzoupis, J. Frey, N. van Duijkeren,
A. Zanelli, B. Novoselnik, T. Albin, R. Quirynen, and M. Diehl,
“acados — a modular open-source framework for fast embedded
optimal control,” Mathematical Programming Computation, 2021.

J. A. E. Andersson, J. Gillis, G. Horn, J. B. Rawlings, and M. Diehl,
“CasADi — A software framework for nonlinear optimization and
optimal control,” Mathematical Programming Computation, vol. 11,
no. 1, pp. 1-36, 2019.



