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Fig. 1: Trajectory tracking experiment considering that the payload is subjected to unexpected hybrid mode transitions (left).
The FoV during hybrid mode transition is represented by the cones in green and blue. Infeasible trajectory that potentially
induces the payload to exit the FoV. The system yaws, increasing the camera’s visibility along the trajectory (center). A
human-payload manipulation experiment in which a gripper is used to enforce hybrid mode transitions (right).

Abstract—Aerial transportation using quadrotors with cable-
suspended payloads holds great potential for applications in
disaster response, logistics, and infrastructure maintenance. How-
ever, their hybrid and underactuated dynamics pose significant
control and perception challenges. Traditional approaches often
assume a taut cable condition, limiting their effectiveness in
real-world applications where slack-to-taut transitions occur
due to disturbances. We introduce ES-HPC-MPC, a model
predictive control framework that enforces exponential stability
and perception-constrained control under hybrid dynamics. Our
method leverages Exponentially Stabilizing Control Lyapunov
Functions (ES-CLFs) to enforce stability during the tasks and
Control Barrier Functions (CBFs) to maintain the payload within
the onboard camera’s field of view (FoV). We validate our
method through both simulation and real-world experiments,
demonstrating stable trajectory tracking and reliable payload
perception. We validate that our method maintains stability
and satisfies perception constraints while tracking dynamically
infeasible trajectories and when the system is subjected to hybrid
mode transitions caused by unexpected disturbances.

I. INTRODUCTION

Micro Aerial Vehicles (MAVs) equipped with onboard sen-
sors are ideal platforms for autonomous navigation and have
considerable potential to assist human beings in hazardous
operations. They have been applied to search and rescue [1],
infrastructure inspection [2], and material transportation [3],
with object transport especially valuable for rapid deployment
tasks such as disaster response [4] and installing equipment in
inaccessible areas [5].

Aerial transportation systems often employ active or passive
manipulation mechanisms [6]. Active mechanisms, such as
robotic arms and grippers [7], provide precise manipulation
capabilities at the cost of increased hardware complexity, in-
ertia, and power consumption. In contrast, passive attachments
such as cables are simpler in design and allow for more
agility [8]. The intrinsic underactuation in cable-driven sys-
tems poses challenges for system stability and precise payload

tracking, especially during slack-to-taut transitions. Cables are
lightweight, passive mechanisms that maintain a safe distance
between the aerial robot and the payload, enhancing safety
during human interaction. Cables offer a favorable trade-off,
effectively balancing load maneuverability, and safety.

In recent years, quadrotors equipped with suspended pay-
loads have become increasingly important in logistics, trans-
portation, and disaster relief [9]. Researchers have developed
control and perception methods for this system by leveraging
non-linear geometric control [10], MPC [11], [12] and com-
puter vision [13], [14]. However, the aforementioned control
and perception strategies are all based on a strong assumption
that the cable is always taut. When this assumption breaks
due to unexpected disturbances in real-world settings, these
strategies fail and potentially lead to system failures [15].
Distinguishing between the taut and slack phases of a sus-
pended load system is particularly relevant in various scenar-
ios, including: (i) human–robot interaction, where impulsive
disturbances from a user can trigger mode transitions; (ii)
outdoor environments, where wind or unexpected interactions
may induce slack–taut switching; and (iii) transportation of
materials, where such transitions may occur during the release
or repositioning of the payload. HPA-MPC [15] includes a rel-
evant comparison, where they demonstrate that if a controller
does not account for hybrid dynamics during a mode transi-
tion, the controller’s performance degrades, thereby increasing
the likelihood of a crash. A few recent works [15], [16]
have explored accounting for the system’s hybrid dynamics;
however, their controller’s stability and convergence properties
remain unexplored.

To address these limitations, we propose the ES-HPC-MPC
framework for a quadrotor system with a cable-suspended
payload, which enforces both trajectory tracking stability and
payload visibility across the hybrid cable modes, without
compromising control performance. To the best of our knowl-
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edge, this is the first work that enforces stability and ensures
payload’s visibility for quadrotors with suspended payloads
while explicitly considering the full hybrid dynamics (see
Fig. 1). We summarize the novel contributions of this work
as follows:

• We propose dynamically updated Exponentially Stabiliz-
ing Control Lyapunov Functions (ES-CLFs) explicitly de-
signed for the hybrid dynamics of quadrotors with cable-
suspended payloads, enforcing stable trajectory tracking
across both taut and slack cable modes.

• We leverage Control Barrier Functions (CBFs) to enforce
payload visibility within the camera’s field of view in
both the taut and slack cable modes, without compromis-
ing the trajectory tracking performance.

• We experimentally validate our proposed method through
both simulation and extensive real-world experiments
using onboard sensors and computation only. We show
that our method outperforms the existing baseline and
ensures perception safety and controller stability during
trajectory tracking, even when the system experiences
unexpected hybrid mode transitions.

II. RELATED WORKS

Numerous works have been proposed to address the chal-
lenges associated with controlling quadrotor cable-suspended
load systems by leveraging coordinate-free dynamics based
on Lie groups and MPC frameworks [8], [13]. However, these
methods typically depend on external motion tracking systems
and assume that the cable remains taut. Consequently, they
are unsuitable for hybrid dynamics involving slack-to-taut
transitions and impractical for real-world transportation tasks.

Perception-aware approaches such as PCMPC [14] enable
full-state estimation using on-board sensors; however, they do
not account for the system’s hybrid dynamics. Furthermore,
as discussed in [17], incorporating the non-linear perception
constraints into the MPC increases the likelihood of solver
infeasibility.

The approaches in [15], [16] are closely related to this
work, as they incorporate hybrid dynamics and perception
awareness to maintain payload visibility within the camera’s
FoV. While [15] introduces a hybrid-aware MPC, it relies on
a simple cost function for each hybrid mode and incorporates
perception-awareness through a soft cost. This formulation can
lead to conservative behaviors since the trajectory tracking
and perception objectives are prioritized through their relative
cost weights. This trade-off complicates MPC tuning and can
adversely affect tracking performance. Furthermore, although
the framework in [15] addresses both hybrid dynamics and
payload visibility, it lacks any convergence properties during
trajectory tracking and human–payload interactions.

Control Lyapunov Functions and CBFs have been suc-
cessfully applied in robotics, demonstrating their effective-
ness in enforcing stability [18], [19] and safety constraints
[20]. Building on these concepts, we propose ES-HPC-MPC,
which integrates ES-CLFs and CBFs to provide stability and

Fig. 2: Quadrotor with a cable-suspended load representation.

TABLE I: Notation Table

System Variables Description

W,Q, C World, quadrotor, and camera frames
xW

Q,x
W
L ∈ R3 Quadrotor and payload positions in W

ẋW
Q, ẋ

W
L ∈ R3 Quadrotor and payload linear velocities in W

qWQ ∈ S3 Unit quaternion from Q to W
R(qWQ) ∈ SO(3) Rotational matrix from Q to W

ωQ ∈ R3 Quadrotor angular velocity in Q
f, fc ∈ R Collective thrust and cable tension
τ ∈ R3 Torques on the quadrotor in Q
ξW ∈ S2 Unit vector from quadrotor to payload in W
ξ̇W ∈ R3 Time derivative of unit vector ξW

xQ
C ∈ R3 Relative position of the camera frame in Q

qQC ∈ S3 Unit quaternion from Q to C
xC

L, ẋ
C
L ∈ R3 Payload position and linear velocity in C

ωC ∈ R3 Quadrotor angular velocity in C
s ∈ {0, 1} Variable indicating if the cable is taut or slack

mQ,mL ∈ R>0 Mass of the quadrotor and the payload
l, g ∈ R Cable length and gravity constant
J ∈ R3×3 Inertia matrix of the quadrotor

perception guarantees for quadrotors with suspended pay-
loads. Our unified approach enforces perception guarantees
by keeping the payload within the FoV, enabling accurate
full-state estimation while ensuring reliable trajectory track-
ing. We experimentally verify our method and show that it
maintains controller stability and perception visibility during
high-acceleration trajectories and unexpected hybrid mode
transitions.

III. HYBRID SYSTEM DYNAMICS

In this section, we model the hybrid dynamics of a quadrotor
transporting a point-mass payload via a massless cable, as
shown in Fig. 2. The system exhibits hybrid behavior because
the cable can switch between two modes: taut and slack. We
introduce a binary switch variable s, where s = 1 represents
the taut mode, and s = 0 represents the slack mode. We
utilize the binary switch variable s to express the quadrotor-
payload dynamics in a unified formulation that incorporates
this hybrid behavior. This dynamic model forms the foundation
for the control and state estimation methods that we develop
in Sections IV and V.
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Fig. 3: The control block diagram of the proposed ES-HPC-MPC.

In the rest of the paper, we represent vectors using boldface
notation, where the vector xW ∈ Rn is expressed with respect
to the world frame W . Rotations between coordinate frames
are described by unit quaternions, qWQ ∈ S3, which defines the
orientation of Q respect to W . We denote matrices using bold-
face uppercase letters, such as P ∈ Rn×m. The quaternion-
to-rotation operator, R(·) : S3 → SO(3) ⊂ R3×3, maps a
unit quaternion to a rotation matrix. The Hamilton operator,
denoted by Λ+(·) : S3 → R4×4, represents quaternion
multiplication. Finally, ∥ · ∥Q denotes a weighted Euclidean
norm, where Q > 0 is a positive definite matrix. The relevant
variables are summarized in Table I.

A. Quadrotor Dynamics

As the quadrotor generates thrust and torque to control both
its position and orientation, it influences the payload’s motion
through the cable when it is taut. Using Newton’s laws, we
express the quadrotor’s dynamics as follows:

q̇WQ = Λ+(qWQ)ω
Q,
dxW

Q

dt
= ẋW

Q, (1)

ẍW
Q =

f

mQ

R(qWQ)e
W
z − geW

z +
fc
mQ

ξWs, (2)

ω̇Q = J−1(τ − ωQ × JωQ), (3)

where g = 9.81m/s2 is the gravity constant, eW
z is the z-

axis of the inertia frame. Note that fc becomes active only
when the cable is taut, i.e. s = 1. In this taut mode, the
quadrotor’s motion is restricted to the surface of a sphere
with radius l centered at the payload [14]. We represent this
coupling through the unit vector ξW , which points from the
quadrotor to the payload, and the cable length l. The geometric
relationships between the quadrotor and the payload are

xW
L = xW

Q + lξW , ẋW
L = ẋW

Q + lξ̇W . (4)

To describe the evolution of the cable direction ξW , we apply
the Lagrange-d’Alembert principle [21] to obtain the following
equation of cable motion for ξW

ξ̈W =

(
ξW ×

(
ξW ×R(qWQ)e

W
z

f

mQl

))
s−

∥∥∥ξ̇W
∥∥∥
2

2
ξWs. (5)

From eqs. (2), (4), and (5), we can further derive the tension
force in the cable fc as

fc =
mL

mL +mQ

(
lmQ(ξ̇

W · ξ̇W)− ξW · (R(qWQ)e
W
z f)

)
. (6)

B. Payload Dynamics

The payload’s equations of motion in W can be written as:

dxW
L

dt
= ẋW

L , ẍW
L = − fc

mL

ξWs− geW
z . (7)

As described in Section IV-F, we aim to constrain xC
L to remain

within the camera’s FoV, which is computed as follows:

xC
L = R(qCW)(x

W
L − xW

Q)−R(qCQ)x
Q
C. (8)

By differentiating both sides of eq. (8), we can obtain the
payload’s velocity with respect to the camera frame:

ẋC
L = xC

L × ωC +R(qCQ)(x
Q
C × ωQ) +R(qCW)(ẋ

W
L − ẋW

Q), (9)

where ωC = R(qCQ)ω
Q.

C. State Space

The hybrid dynamics of the system can be compactly
written in a non-linear control affine form defined as follows:

ẋ = f (x, s) + g (x, s)u

x =
[
xW

L
⊤, ẋW

L
⊤,xW

Q
⊤, ẋW

Q
⊤,qWQ

⊤,ωQ⊤,xC
L
⊤]⊤

u =
[
f, τ⊤]⊤

(10)

where x ∈ X represents the system’s state vector, while u ∈ U
is the control input.

IV. EXPONENTIALLY STABLE HYBRID PERCEPTION
CONSTRAINED MPC

In this section, we introduce the Exponentially Stable
Hybrid Perception-Constrained Model Predictive Control
(ES-HPC-MPC) for quadrotors transporting suspended pay-
loads. Our method enforces stable trajectory tracking through
ES-CLFs and perception safety through CBFs, which enforces
the payload’s visibility within the camera’s FoV. We high-
light that our method has been designed and experimentally
validated to work in each hybrid mode. This hybrid-aware
formulation enforces controller stability and perception safety,
enhancing the system’s resilience to disturbances and improv-
ing onboard state estimation reliability. Fig. 3 provides an
overview of the system architecture.

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2026, Vienna, Austria. Cite as RA-L paper.



A. MPC Overview

MPC is a framework designed to compute a sequence of
system states and control actions that optimize an objec-
tive function while considering the system’s dynamics and
constraints. Our MPC solves the following optimal control
problem (OCP)

min
x,u

V (x,xref , s, T ) +

∫ T

t0

L(x,xref , s) dt, (11a)

subject to ẋ = f(x, s) + g(x, s)u, ∀t ∈ [t0, T ] (11b)
x(t0) = x0, (11c)

gclf (x,u, s,xref ) ≤ 0, (11d)
gcbf (x,u, s) ≥ 0, (11e)

where x0 is the initial state and the functions V and L
represents the terminal and running cost respectively.

To ensure exponential convergence of trajectory tracking
errors, we design the terminal cost V , running cost L, and the
inequality constraint gclf based on the ES-CLF described in
Section IV-B. Furthermore, to maintain the payload within the
camera’s FoV, we design the inequality constraint gcbf based
on the CBF formulation shown in Section IV-F.

B. Dynamically Updated ES-CLF

In this section, we present the design of the ES-CLF for
stable trajectory tracking of the presented hybrid system. To
account for the hybrid dynamics, we formulate the Lyapunov
function in terms of the mode variable s. Specifically, we
define the following ES-CLF candidate

V (x,xref , s) = VxW
Q
+ VqWQ + sVxW

L
, (12)

where xref is the reference state vector, and VxW
Q

, VqWQ , and
VxW

L
are Lyapunov functions corresponding to the quadrotor’s

translational dynamics, rotational dynamics, and the payload’s
translational dynamics respectively. We detail the construction
of these components in Sections IV-C and IV-D. The binary
switch variable s, captures the hybrid nature of the system
by activating the payload-dependent Lyapunov function only
when the cable is taut (s = 1). This design allows us
to accommodate the hybrid dynamics within the stability
constraints, ensuring that the ES-CLF remains valid across
different modes.

C. Quadrotor ES-CLF

1) Translational Dynamics: The translational ES-CLF for
the quadrotor can be defined in terms of the position and
velocity errors as

exW
Q
= xW

Q − xW
Q,ref , eẋW

Q
= ẋW

Q − ẋW
Q,ref , (13)

where exW
Q

and eẋW
Q

denote the quadrotor position and velocity
errors, and xW

Q,ref and ẋW
Q,ref represent the desired quadrotor

reference position and reference velocity.
Inspired by [22], the Lyapunov function for the quadrotor’s

translational dynamics is defined as

VxW
Q
=

1

2
kq∥exW

Q
∥2 + 1

2
mQ∥eẋW

Q
∥2 + c1(exW

Q
· eẋW

Q
), (14)

where kq, c1 ∈ R+. By applying the Cauchy-Schwartz in-
equality, VxW

Q
can be bounded by

∥zxW
Q
∥2
¯
Q1

≤ VxW
Q
≤ ∥zxW

Q
∥2Q̄1

, (15)

where zxW
Q
=

[
∥exW

Q
∥, ∥eẋW

Q
∥
]⊤

and the matrices
¯
Q1 and Q̄1

are defined as

¯
Q1 =

1

2

[
kq −c1
−c1 mQ

]
, Q̄1 =

1

2

[
kq c1
c1 mQ

]
.

As we show in Section VI-A, kq and c1 are selected such that

¯
Q1 and Q̄1 are both positive definite, ensuring that VxW

Q
≥ 0.

Furthermore, to ensure that zxW
Q

is exponentially stable

around zero, V̇xW
Q

must be bounded and satisfy

V̇xW
Q
(x,xref ,u) ≤ −∥zxW

Q
∥2W1

, (16)

where W1 > 0 and is tuned as shown in Section VI-A.
Since eq. (15) guarantees VxW

Q
≥ 0 and eq. (16) guarantees

V̇xW
Q

≤ 0, VxW
Q

is a valid ES-CLF ensuring exponential
convergence of the tracking errors.

2) Rotational Dynamics: The rotational ES-CLF for the
quadrotor is derived utilizing the attitude eR and angular
velocity eωQ errors, which are formulated as

eR =
1

2
[R⊤(qWQ,ref)R(qWQ)−R⊤(qWQ)R(qWQ,ref)]

∨, (17)

eωQ = ωQ −R⊤(qWQ)R(qWQ,ref)ω
Q
ref , (18)

where qWQ,ref and ωQ
ref are the desired attitude and angular

velocity respectively.
We define the Lyapunov function for the quadrotor’s rota-

tional dynamics as

VqWQ = kRΨ(R(qWQ),R(qWQ,ref))+
1

2
eωQ ·JeωQ+c2(eR·eωQ),

(19)
where kR, c2 ∈ R+. Since the inertia matrix J is a positive
definite matrix, we can find that eωQ · JeωQ is bounded by

λm∥eωQ∥2 ≤ eωQ · JeωQ ≤ λM∥eωQ∥2, (20)

where λm and λM represents the minimum and maximum
eigenvalues of J correspondingly. Furthermore, as shown in
[23], Ψ(R1,R2) =

1
2 tr(I−R⊤

2 R1) is bounded by

∥eR∥2 ≤ Ψ(R(qWQ),R(qWQ,ref)) ≤ 2∥eR∥2. (21)

Similar to the analysis in Section IV-C, and based on
inequalities (20) and (21), along with the Cauchy–Schwarz
inequality, we find that VqWQ is bounded by

∥zqWQ∥2
¯
Q2

≤ VqWQ ≤ ∥zqWQ∥2Q̄2
, (22)

where zqWQ =
[
∥eR∥, ∥eωQ∥

]⊤
and the matrices

¯
Q2 > 0 and

Q̄2 > 0 are

¯
Q2 =

1

2

[
2kR −c2
−c2 λm

]
, Q̄2 =

1

2

[
4kR c2
c2 λM

]
.
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Similar to the bounds established for VxW
Q

, we select kR and
c2 such that

¯
Q2 and Q̄2 are positive definite, ensuring that

VqWQ is positive and a valid Lyapunov function. Furthermore,
if V̇qWQ satisfies

V̇qWQ(x,xref ,u) ≤ −∥zqWQ∥2W2
, W2 > 0 (23)

then VqWQ is a valid ES-CLF, guaranteeing almost global
convergence.

D. Payload ES-CLF

Similar to quadrotor ES-CLF, the payload translational ES-
CLF is defined in terms of the payload’s position errors exW

L
and velocity errors eẋW

L

exW
L
= xW

L − xW
L,ref , eẋW

L
= ẋW

L − ẋW
L,ref , (24)

where xW
L,ref and ẋW

L,ref are the desired payload position and
velocity. A Lyapunov function for the payload dynamics can
be expressed as

VxW
L
=

1

2
kl∥exW

L
∥2 + 1

2
mL∥eẋW

L
∥2 + c3(exW

L
· eẋW

L
), (25)

where kl, c3 ∈ R+. Similar to Section IV-C, by applying
Cauchy-Schwartz inequality, we can obtain that

∥zxW
L
∥2
¯
L1

≤ VxW
L
≤ ∥zxW

L
∥2L̄1

, (26)

where zxW
L
=

[
∥exW

L
∥, ∥eẋW

L
∥
]⊤

and the matrices
¯
L1 > 0 and

L̄1 > 0 are expressed as

¯
L1 =

1

2

[
kl −c3
−c3 mL

]
, L̄1 =

1

2

[
kl c3
c3 mL

]
.

Finally, if V̇xW
L

also satisfies

V̇xW
L
(x,xref ,u) ≤ −∥zxW

L
∥2W3

, W3 > 0, (27)

then VxW
L

is a valid ES-CLF, guaranteeing exponential conver-
gence of the payload tracking errors.

E. Lyapunov Stability and ES-CLF Constraints

To ensure stability in our hybrid system, we establish
bounds on the control Lyapunov function of the whole system
V , by combining the bounds on the quadrotor and payload
control Lyapunov functions. Hence,

∥z∥2
¯
Q ≤ V (x,xref ) ≤ ∥z∥2Q̄, (28)

where z =
[
zxW

Q
, zqWQ , zxW

L

]⊤
. The matrices

¯
Q and Q̄

are block diagonal positive definite matrices that can be
expressed as:

¯
Q = blkdiag{

¯
Q1,

¯
Q2, s

¯
L1} and Q̄ =

blkdiag{Q̄1, Q̄2, sL̄1}.
To enforce stability, the time derivative of V must satisfy

V̇ (x,xref ,u) ≤ −∥z∥2W, (29)

where W = blkdiag{W1,W2, sW3}.
By satisfying eqs. (28) and (29), we enforce V to be a

valid ES-CLF for the hybrid quadrotor with suspended payload
system. To integrate this into our MPC framework, we first

incorporate the ES-CLF into the optimal control problem by
defining both the running and terminal cost based on the
Lyapunov function. Secondly, we incorporate the inequality
eq. (29) as constraints in our MPC. This formulation ensures
that our MPC controller actively enforces stability throughout
the trajectory execution, even during hybrid mode transitions.

F. Perception CBF Constraints

To maintain payload visibility, we define a CBF that ensures
the load remains inside the camera’s FoV throughout the
operation. We formulate this perception CBF as

h(x) = −∥xC
L∥2K + r2max ≥ 0, (30)

where K > 0 characterizes the shape of the ellipse, accounting
for the camera’s asymmetric resolution and rmax represents
the maximum radius of the safety set within the camera frame.

To satisfy CBF conditions [20], we require that the time
derivative of h(x) satisfies the following constraint

ḣ(x,u) ≥ −αh(x), (31)

where ḣ(x,u) is derived using Lie derivatives, and α > 0 is a
scalar. We incorporate this constraint into our MPC framework
to enforce perception safety. By ensuring the payload always
remains visible, we enhance state estimation robustness and
improve the quadrotor’s ability to track dynamically complex
trajectories without perception failures.

V. STATE ESTIMATION

We determine the state of the quadrotor in the W frame
through VIO and subsequently estimate xW

L and ẋW
L by esti-

mating the payload position in the camera frame.
1) Visual Inertial Odometry: An Unscented Kalman Filter

(UKF) is employed to integrate Visual-Inertial Odometry
(VIO) measurements with accelerometer and gyroscope data
obtained from the Inertial Measurement Unit (IMU), provid-
ing state prediction updates. For further information on this
method, we refer the reader to [14], [15], [24].

2) Payload State Estimation: To estimate the position and
velocity of the payload, we extract the payload measurements
from the camera xC

L and project them into the quadrotor frame
as xQ

L = xQ
C +R(qQC)x

C
L.

We utilize an extended Kalman filter (EKF) to achieve
higher frequency updates by estimating the cable’s direction
and velocity through the integration of camera measurements,
IMU, and the motors thrust, as detailed below

x̂ =
[
ξ̂W ˙̂

ξW

]⊤
, u =

[
f qWQ ωQ

]⊤
. (32)

The process model is defined as

˙̂x =




˙̂
ξW

1
mQl ξ̂

W × (ξ̂W ×R(qWQ)e
W
z f)−

∥∥∥ ˙̂ξW
∥∥∥
2

2
ξ̂W


+ n, (33)

where f is computed by the controller, qWQ and ωQ are
obtained from the VIO and the IMU, respectively, n ∈ R6 is
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Fig. 4: Simulation results for a Lissajous trajectory with speeds
up to 2.4m/s under an external step force of 0.6N applied
for 0.5 s. a: Top view of the simulation using ES-HPC-MPC
(blue line) and baseline (orange line). b: ES-CLF values. c:
Payload position errors. d: CBF values.

the process model noises modeled as zero-mean white noise.
The measurement model is defined as

y =

[
xQ

L

ẋQ
L

]
=

[
R⊤(qWQ)lξ̂

W

l
(
R⊤(qWQ)

˙̂
ξW − ωQ ×R⊤(qWQ)ξ̂

W
)
]
+ v,

(34)
where v ∈ R6 is the measurement model noise modeled as
zero-mean additive white Gaussian noise. The variable ẋQ

L can
be determined using numerical methods.

3) Hybrid Mode Detector: We identify the hybrid modes
of the system using the following condition:

s =

{
0 if

∥∥xW
L − xW

Q

∥∥ < l − ϵ

1 else
(35)

where ϵ = 0.05 m and is experimentally determined. We also
use a low-pass filter to attenuate any high frequency noise in
our estimation pipeline.

VI. EXPERIMENTAL RESULTS

We present the results of our proposed method in both
simulation and real-world settings using onboard sensors and
compute. We demonstrate that our method can ensure stability
and safe perception under high acceleration scenarios while
tracking trajectories and during unexpected hybrid mode tran-
sitions caused by external disturbances.

Our software is implemented in ROS2 using C++. We
run ES-HPC-MPC onboard at 150 Hz and solve the OCP
using acados’s [25] real-time iteration scheme. Furthermore,
we incorporate slack variables into the optimization problem to
mitigate conflicts between stabilization and safety guarantees.

A. MPC Parameters

In this section, we detail the tuning parameters for our
proposed method. To ensure the exponential convergence of
our proposed CLF within our MPC framework, we enforce the

TABLE II: Simulation Parameters

System Parameter Value Simulation Parameter Value

Quadrotor mass mQ 0.715 kg Time step ts 0.01 s

Payload mass mL 0.103 kg Control frequency 150 Hz

Cable length l 0.481 m Simulation frequency 500 Hz

Inertia Matrix J 0.002 · I3 Integration method 4thorder Runge Kutta

TABLE III: Comparison between ES-HPC-MPC and the
baseline under unmodeled dynamics and external disturbances.

Payload Position RMSE [m] Error Reduction
Perception Constraint

Violations Rate
mean ± STD (%) h(x) < 0

ES-HPC-MPC Baseline ES-HPC-MPC Baseline

Ideal
model

0.049± 0.001 0.076± 0.004 35.5% 0% 0%

Payload Mass
Increased by 50%

0.091± 0.003 0.085± 0.003 −7.1% 0% 0%

External Force
0.6 [N]

0.052± 0.001 0.120± 0.040 56.7% 0% 10%

External Moment
0.04 [Nm]

0.049± 0.001 0.0855± 0.013 42.7% 0% 10%

derivative of the CLF to satisfy the inequality constraint given
in (29). A key challenge is selecting an appropriate weight
matrix W for the CLF constraint.

To address this, we draw inspiration from the geometric
control theory [22], which carefully designs the W matrix to
bound the derivatives of the Lyapunov function. We structure
the W matrix in a similar way and apply them in our MPC
method as

W1 =

[ c1kq

mQ
− c1kvq

2mQ

− c1kvq

2mQ
kvq − c1

]
, W2 =

[
c2kR

λm

c2kω

2λm
c2kω

2λm
kω − 1

2c2

]
,

W3 =

[
c3kl

mL
− c3kvl

2mL

− c3kvl

2mL
kvl − c3

]
, W = blkdiag{W1,W2, sW3},

where kvq, kω, kvl are positive constants. We refer the readers
to [22] for more details of the derivation of the W matrix
and the appropriate selections of (kvq, kq, c1), (kR, c2, kω) and
(kl, c3, kvl). The parameter α is a positive constant, tuned
experimentally.

B. Simulation Experiments

We simulate 20 Lissajous trajectories (1.5–3.5 m/s) to
compare our method, ES-HPC-MPC, with the baseline HPA-
MPC [15]. We report the root mean squared errors (RMSE)
of the trajectory tracking and perception constraint violation
rates in Table III, while also evaluating performance under
model mismatch and external step force disturbances (ranging
from 0.5 to 0.7 N with a duration of 0.5 s) that trigger hybrid
mode transitions. The details of the simulation parameters are
included in Table II.

From Table III, we can observe that ES-HPC-MPC
achieves better performance in payload tracking errors in
almost all experiments, achieving improvements of up to
56.7% relative to the baseline. It also ensures that the payload
remains within the FoV under parameter mismatches and
external disturbances. In experiments involving an increase in
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Fig. 5: Tracking results for a straight line trajectory with a
maximum speed of up to 2.0m/s under vertical external dis-
turbances that generates slack-to-taut transitions. a: Snapshots
showing the human-payload disturbances. b: ES-CLF values.
c: Payload velocity and position errors. d: CBF values. e:
Images of the payload observed by the onboard camera.

payload mass, the baseline demonstrated a lower RMSE. We
attribute this result to the cost function used in [15], which
considers only the tracking error of the payload. Additionally,
the baseline formulation cannot ensure safe perception when
disturbances are introduced, causing payload to leave the FoV
with a rate of 10% in the 20 trials.

Fig. 4 presents the tracking results for one of the simulated
trajectories, including the ES-CLF values, control error met-
rics, and the CBF values. Our proposed approach outperforms
the baseline, particularly in maintaining the payload within
the camera’s FoV under external disturbances. When the
disturbance is applied (yellow region in Fig. 4), the baseline
method cannot ensure that the payload remains within the
camera’s FoV, as h(x) turns negative. In contrast, our approach
guarantees the payload visibility and exponential stability, even
during slack-to-taut transitions.

C. Real World Experiments

In this section, we experimentally validate our method’s
capability to enforce stable trajectory tracking while keeping
the payload in the camera’s FoV. First, we subject the payload
to unexpected impulse disturbances that cause hybrid mode
switches while tracking straight-line trajectories. Second, we
evaluate our method in tracking high acceleration trajectories.
And finally, we showcase the advantages of our method
in human-payload manipulation scenarios where the system
remains slack for long periods of time.

1) Hybrid Mode Transitions During Trajectory Tracking:
In these experiments, we show that our method can satisfy the
perception constraints and enforce the controller stability when
the system is subjected to unexpected hybrid mode transitions
during trajectory tracking tasks.

Snapshots of the experiment are shown in Fig. 5a where a
disturbance pushes the payload upward, causing the cable to

Fig. 6: Tracking results for dynamically infeasible trajectory
a: Snapshots of the system movement. b: ES-CLF values. c:
Payload position errors. d: Quadrotor angular velocity. e: CBF
values. f: Images of the payload observed by the camera.

go slack, potentially moving the load outside the camera’s FoV.
The control performance, measured by the ES-CLF values and
position errors, is shown in Fig. 5b and 5c. The results confirm
that the controller ensures stability and convergence during the
slack-to-taut transition while keeping the payload within the
camera’s FoV. The CBF values, h(x) in Fig. 5d, show that
despite disturbances, the perception constraint is maintained.
We verify these results by observing that the camera images
always contain the payload, as shown in Fig. 5e.

2) Perception Safety During Dynamically Infeasible Trajec-
tories: In this experiment, we command the system to move to
a position 1.5 m away in 1.5 s, inducing a large acceleration,
and causing the payload to exit the FoV. As shown in Fig.
6a, the controller demonstrates a unique trade-off between
trajectory tracking accuracy and payload visibility. Instead
of reducing accelerations (and consequently the quadrotor’s
pitch angle) to maintain visibility, the controller leverages the
camera’s asymmetric resolution (1280 × 720 pixels) to its
advantage. The controller aligns the camera’s wider dimension
with the direction of motion by increasing ωz , as shown in Fig.
6d. This motion improves the camera’s visibility and ensures
that the perception safety constraint is met Fig. 6e.

3) Human-Payload Manipulation: In this experiment, the
system hovered around a fixed setpoint and we used a gripper
to grasp the payload and move it around in all 3 directions.
The quadrotor dynamically responds to the movements of the
payload, exhibiting a faster reaction compared to the results
presented in [15]. Notably, the video in [15] is shown at 3x
playback speed, while our submitted video is presented at real-
time 1x speed. We highlight this qualitative difference through
a side-by-side comparison of both methods in our submitted
video. The experimental results in Fig. 7, demonstrate the
quadrotor’s capability to maintain the payload in the FoV.
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Fig. 7: Human-payload manipulation results. a: Snapshots
showing movement of the system. b: Payload and quadrotor
movements. c: CBF values throughout the experiment.

VII. CONCLUSION

This work presents an Exponentially Stable Hybrid
Perception-Constrained MPC for quadrotors with cable-
suspended payloads, addressing challenges in stability, per-
ception, and state estimation under hybrid dynamics using
onboard sensors and compute. Our method enforces stability
and maintains payload visibility within the camera’s FoV
by leveraging the convergence guarantees of ES-CLFs and
CBFs. Simulation and real-world experiments validate the
effectiveness of our MPC method, demonstrating that our
approach enforces stable trajectory tracking and perception
awareness across various tasks without relying on external
motion capture systems. In future work, we will investigate
learning dynamic CLFs and CBFs that guarantee stability
and safety perception for the quadrotor with cable-suspended
payload directly from onboard images. We will also investigate
sliding-mode techniques and online parameter estimation to
enhance the controller’s adaptability under model mismatch.
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