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Aerial-Balance-Bench: A Controlled and Reproducible Drone-Ball

Balancing Benchmark for Indirect Dynamic Aerial Manipulation

Mingjiang Liu', Guanzhong Zhou'!, Chengchen Zhang!, Stephen L. Smith?, and Hailong Huang'-*

Abstract—Aerial manipulation studies and benchmarks have
mostly emphasized direct interaction and static or quasi-static
tasks, leaving indirect dynamic manipulation insufficiently stud-
ied. We present Aerial-Balance-Bench, a controlled and repro-
ducible drone-ball balancing benchmark in which a vertically
constrained tethered drone tilts a beam to drive a rolling ball
to a target position or along a reference trajectory. The bench-
mark unifies: 1) target-position balancing and trajectory-tracking
tasks; 2) thrust-, velocity-, and position-command interfaces
with corresponding dynamic models; 3) a Gym-style Isaac Lab
environment with standardized observations, actions, and task-
dependent rewards; and 4) evaluation metrics and robustness
tests. To demonstrate the benchmark and provide reference
results, we develop a delay-aware hierarchical control framework
for the velocity-command interface, combining delay identifica-
tion with model-based state prediction to compensate for low-
level tracking latency. Within this framework, we compare three
high-level baselines: cascaded PID, nonlinear model predictive
control (MPC), and model-free reinforcement learning (RL).
Simulation and real-world experiments show the benchmark’s
feasibility. These results establish Aerial-Balance-Bench as a
practical benchmark and baseline suite for studying the core
balancing dynamics in indirect dynamic aerial manipulation.

Index Terms—Aerial Systems: Mechanics and Control; Aerial
Systems: Applications; Aerial Manipulation; Performance Eval-
uation and Benchmarking.

I. INTRODUCTION

ECENTLY, aerial robots have gained increasing atten-
tion in both research and practical applications. Many
aerial tasks are conducted at high altitudes, presenting chal-
lenges and safety risks for human workers. These scenarios
may also require active environmental interaction, necessitat-
ing aerial robotic operations that go beyond passive roles. In
response, aerial manipulation has emerged as a key research
focus, aiming to equip aerial robots with the ability to physi-
cally interact with their surroundings [1].
Unmanned aerial vehicles (UAVs), such as multirotors, are
commonly equipped with robotic arms or custom grippers to
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(a) Task illustration

(b) Real-world system

Fig. 1. Illustration of the drone-ball balancing task.

form typical aerial manipulation systems. These systems are
capable of performing a wide range of manipulation tasks.
For instance, one study addressed disturbances in a quadrotor
equipped with a robotic arm to achieve millimeter-level peg-
in-hole insertion [2]. To overcome the limited manipulation
workspace of underactuated multirotors, omnidirectional plat-
forms have been employed as floating bases, accompanied by
whole-body controllers designed for robust manipulation [3],
[4]. Additionally, an aerial manipulator incorporating a custom
soft tendon-actuated gripper was developed to enable in-flight
grasping [5]. Alternatively, objects can also be manipulated by
UAVs through direct attachment or cable suspension, where
a notable example is cable-suspended payload transportation
[6]-[8]. To mitigate the impact effects of suspended pay-
loads on quadrotors, an impact-aware planning and control
framework was developed [6]. To enhance payload capac-
ity, multi-quadrotor systems have been developed [7], and
an admittance-controller-based system that enables adaptive
human-robot interaction during payload transport [8]. More
recently, a hand-like autonomous flying robot has been intro-
duced, enabling versatile tasks such as airborne grasping, door
opening, perching, object transport, and human interaction [9].

While these studies demonstrate the versatility of aerial
manipulation, most existing systems are tightly coupled to
specific tasks and hardware configurations. Such task-specific
implementations are often difficult to reproduce, which makes
fair comparison across methods challenging and slows the
development of general algorithmic insights. Benchmark-
oriented studies can help address this issue, yet they re-
main scarce in aerial manipulation. The work in [10] intro-
duced hardware-oriented benchmarks for aerial manipulators
equipped with robotic arms, evaluating system performance
in terms of accuracy, execution time, manipulation capability,
and impact response. RotorTM [! 1] provided an open-source
simulator for aerial transportation and manipulation with sin-
gle or multiple UAVs connected to payloads through passive
mechanisms such as cables or rigid links. More recently, AIR-
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TABLE I
COMPARISON OF REPRESENTATIVE AERIAL MANIPULATION STUDIES AND BENCHMARKS RELATED TO THIS LETTER.

Category | Work | System Configuration

| Manipulation Mode | Object Dynamics | Simulation | Real System |

Task Description

UAV + robotic arm
UAV + soft gripper
UAV(s) + cabl
Hand-like UAV

Aerial Pick-and-Peg [2]; Flying Hand [3]: SE(3) Aerial Manipulation [4]
Soft Aerial Gripper [5]
ive Ti ion [7]; Huma are T 51
HI-ARM [9]

Specific

IMPACTOR [6]; Coop payload

Static
Static/Dynamic
Dynamically attached
Static

Direct
Direct
Direct
Direct

Pick-and-Peg; writing; changing light bulbs; grasping; pulling
High-speed acrial grasping
Payload transportation
Grasping; door opening; perching

UAV + robotic arm
UAV(s) + cable/rigid-link payload
UAV + robotic arm
UAV + cable-suspended beam

Aerial Manipulation Benchmarks [10]
RotorT™ [11]
AIR-VLA [12]

Aerial-Balance-Bench (ours)

Benchmark

Direct

Direct

Direct
Indirect

Static
Dynamically attached
Static
Dynamic

Payload transportation
Picking; placing; twisting
Ball balancing

NSNS X [ X SX X
NN BN NN

‘ Grasping; force control

VLA [12] introduced a benchmark for vision-language-action
systems in aerial manipulation, providing a physics-based
simulation environment and a multimodal dataset. Neverthe-
less, existing efforts mainly target direct interaction through
arms/grippers or payloads physically attached to aerial robots.
In contrast, many real-world scenarios require aerial robots to
manipulate dynamic objects indirectly through an intermediate
tool or carrier, which remains insufficiently studied.

To fill this gap, inspired by the canonical ball-and-beam
system designed for studying nonlinear control theory and
developing advanced control algorithms [13], [14], we propose
Aerial-Balance-Bench, a drone-ball balancing benchmark that
serves as a controlled and simplified testbed for dynamic
manipulation through indirect actuation. In this benchmark, a
vertically constrained tethered drone is required to manipulate
a beam to guide a ball either to a target position or along
a desired trajectory (see Fig. 1). Unlike the canonical ball-
and-beam system, where the beam is driven by a directly
controlled actuator, the proposed task keeps the drone in the
control loop. Consequently, the beam motion is shaped by the
drone response dynamics, low-level tracking errors, and actu-
ator limits, thereby preserving key nonidealities of practical
aerial actuation. Owing to the inherent aerial instability and
highly dynamic motion of the ball, precise ball balancing or
trajectory tracking poses a unique challenge. The proposed
benchmark therefore provides a focused platform for system-
atically studying and comparing methods for indirect dynamic
aerial manipulation under controlled physical assumptions.

To make this task a practical and reusable benchmark,
we formalize Aerial-Balance-Bench from the perspectives of
task definition, control abstraction, environment design, and
evaluation. Specifically, we define the target-position balanc-
ing and trajectory-tracking tasks, and introduce three control
interfaces: thrust, velocity, and position command, together
with the corresponding dynamic models. We further specify a
unified observation and action design, task-dependent reward
definitions for RL training, and standardized evaluation and
robustness protocols.

Building on this benchmark, we develop a reference control
framework for the target-position balancing task based on the
velocity-command interface. The velocity-command interface
preserves a practical separation between high-level balancing
and low-level flight control, but it also introduces action delay
because the commanded velocity must be tracked by the on-
board controller. We therefore equip the reference framework
with delay-aware components, including model-based state
prediction and delay identification, to explicitly compensate
for the latency induced by the hierarchical architecture.

Finally, to establish meaningful performance references for

future studies, we design and implement three representa-
tive high-level baselines: cascaded PID, nonlinear MPC, and
model-free RL. These controllers represent classical feedback
control, optimization-based control, and learning-based con-
trol, respectively, and are instantiated under the same reference
framework. We evaluate them in both simulation and on a
physical system for the target-position balancing task, enabling
a systematic comparison of their accuracy, robustness, and
practical deployability.

In short, this letter makes the following key contributions:

o We introduce the drone-ball balancing task as a bench-
mark for studying indirect dynamic aerial manipulation
under a controlled vertical-motion setup, capturing the
combined challenges of underactuated flight dynamics,
tool-mediated interaction, and dynamic object manipula-
tion. Table I compares this benchmark against represen-
tative aerial manipulation studies and benchmarks.

o We provide a complete and configurable benchmark spec-
ification, including two task families, three control inter-
faces, a unified environment specification, task-dependent
evaluation metrics, and a robustness test suite. These
elements make Aerial-Balance-Bench controlled, repro-
ducible, and extensible for studying indirect dynamic
aerial manipulation.

o We propose a reference control framework for the target-
position balancing task based on the velocity-command
interface and augment it with a delay-aware design,
thereby mitigating the adverse effects of action delay in
hierarchical aerial manipulation.

« We implement three representative baselines and compare
them systematically in simulation and on a real platform,
providing reference results.

II. AERIAL-BALANCE-BENCH
A. Overview and Design Goals

To broaden aerial manipulation benchmarks, we introduce
Aerial-Balance-Bench. Unlike conventional aerial manipula-
tion settings that emphasize direct interaction through robotic
arms or grippers, the proposed task requires the drone to
regulate the motion of a ball through an intermediate beam.
This setup provides a representative testbed for studying aerial
manipulation beyond direct and static settings. An overview
of the benchmark is shown in Fig. 2.

The benchmark is designed around two primary principles.
The first is controllability and reproducibility, so that different
control and learning algorithms can be evaluated under the
same task definitions, initial conditions, and environmental
variations. The second is to approximate real-world deploy-
ment as closely as possible, so that conclusions obtained in

Authorized licensed use limited to: Hong Kong Polytechnic University. Downloaded on July 05,2026 at 09:29:44 UTC from |IEEE Xplore. Restrictions apply.
© 2026 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



This article has been accepted for publication in IEEE Robotics and Automation Letters. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/LRA.2026.3710056

LIU et al.: AERIAL-BALANCE-BENCH

Control Algorithms i

=h fe=h !
== D :{-ﬁ [NMPC g__modc] 5] [RL Sc*@# a, ] ...... I
Simulation

Env . gb‘s.crvation spacel | gyaluation -
specification | ction space protocol

Reward
*+ Thrust :
*  Velocity .
* Position

Metrics
Robustness

——

Task « Target-position balancing Control
\ suite * Trajectory tracking interfaces

Fig. 2. Overview of Aerial-Balance-Bench.

simulation remain informative for physical systems. To follow
these principles, we build the benchmark on Isaac Lab [15] and
provide a Gym-style interface [16] for algorithm development
and evaluation. The environment is specified through mod-
ular configuration files, which define the task setup, system
parameters, and testing conditions in a transparent and re-
peatable manner, thereby enabling controlled and reproducible
experiments. At the same time, the simulator incorporates the
drone’s low-level control and actuation process, making the
environment better aligned with practical aerial platforms and
more suitable for sim-to-real transfer. In addition, the imple-
mentation supports GPU-parallelized training and evaluation,
which allows efficient large-scale testing across different tasks,
controller designs, and robustness settings.

B. Benchmark Definition

1) Physical Setup and Assumptions: The proposed drone-
ball balancing task is illustrated in Fig. 1(a), where a drone
manipulates a beam through coordinated tilting to drive the
ball to a target position or track a desired trajectory. The
system has three main features: 1) the drone is connected to
one end of the beam by a rope; 2) the drone is constrained
to move only along the vertical axis; and 3) the opposite
end of the beam is fixed during normal operation but can
also be vertically actuated to introduce disturbances. The
vertical-motion constraint decouples lateral drone translation
from beam inclination, thereby isolating the core dynamic
interaction between drone actuation and ball motion. Although
this setting does not cover arbitrary 3-D flight, it retains
the vertical actuation channel that directly determines beam
inclination and ball rolling. Thus, the resulting controllers and
insights can inform the balancing layer of unconstrained aerial
systems.

2) Task Suite: To comprehensively evaluate the drone’s
capability for manipulating the ball, we define two comple-
mentary tasks in the benchmark: Target-position Balancing
and Trajectory Tracking. These two tasks correspond to a
static regulation problem and a dynamic tracking problem,
respectively, and therefore impose different requirements on
the controller.

a) Target-position Balancing: In this task, the objective
is to drive the ball from an initial position to a given target

position on the beam as quickly and accurately as possible.
Let py(t) denote the ball position and p, denote the desired
target position. The control objective can be written as

Jim |py(t) — pg| = 0. (D

In the benchmark, the initial ball position and the target
position are randomly sampled for each episode, and the
controller is evaluated over a fixed control horizon. This task
primarily assesses the controller’s regulation capability under
different initial-goal pairs, including its transient response and
final stabilization performance.

b) Trajectory Tracking: In this task, the controller is
required to balance the ball along a time-varying reference
trajectory throughout the entire evaluation horizon. Let py(t)
denote the time-varying reference ball position, and define the
control goal as minimizing the episode-level tracking error.
Specifically, the tracking objective is written as

T
minJ = / . Ips(t) — pg(t)| dt. (2)
t—

We set a constant initial ball position. Three types of refer-
ence trajectories are considered in the benchmark: sinusoidal,
trapezoidal, and triangular trajectories. These three trajec-
tory families introduce distinct tracking challenges, including
smooth periodic motion, abrupt reference changes, and piece-
wise linear variations, thereby enabling a more comprehensive
evaluation of dynamic tracking performance.

TABLE I
NOTATION USED IN THE DYNAMIC MODELS.

Notation = Description Notation  Description

Db Ball position 6 Beam angle w.r.t. horizontal

Jy Ball inertia B Rope angle w.r.t. vertical

my, Ball mass me Drone mass

Tp Ball radius Tr Rope-induced torque on the beam
JI; Beam inertia Fr, Drone vertical thrust

m;, Beam mass Fiax Max. drone vertical thrust

g Gravity Vr, Drone vertical velocity

L Beam length  d,, Drone vertical displacement

! Rope length Amax Max. drone vertical acceleration

3) Control Interfaces and Dynamic Models: The drone’s
motion serves as the control input of the ball-balancing system.
However, how this motion is commanded can be abstracted
at different control layers, which leads to different trade-offs
between responsiveness and controller complexity. A lower-
level interface can provide more direct and timely actuation
over the beam dynamics, but it also couples the ball-balancing
policy more tightly with low-level flight control. In contrast, a
higher-level interface simplifies controller design by further
decoupling the benchmark task from the drone’s low-level
controller, but its effective behavior depends more strongly
on tracking dynamics and may therefore introduce additional
delay. To support a broad range of controller designs, the
benchmark provides three control interfaces: thrust command,
velocity command, and position command. Under the assump-
tions of nominal system mentioned in Section II-BI, the rope
geometry satisfies

sin 3 = %(1 —cosb). 3)
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Below we summarize the corresponding core dynamic models.
The model parameters are listed in Table II.

a) Thrust-command Interface: In this interface, the sys-
tem input is the drone’s vertical thrust F,. . During exe-
cution, this command is converted into the desired vertical
acceleration and attitude, then tracked by a low-level SE(3)
attitude controller [17]. This interface offers the most direct
actuation and fastest response, but it also yields the strongest
coupling between ball balancing and low-level flight control.
The corresponding core model can be written as

Ji . ; .
(%% ma)pi, = my(py — D)~ magsing, ()
b
[ T4 + mu(L = pu)?10 = (mpg cos 6 + 2mu6py) (L — pp)
L, (4b)
+ 279 cosf — 7,

7 = Fy. — myg + myl(cos 3% + sin B3)
. .. _ 4¢c
— m, L(sin 6% — cos 99)]ML, )

cos f3

0<F,, < Fax- (4d)

Here, the high-level command directly enters the beam dy-
namics through the rope-induced torque 7,, so this interface
retains the richest coupling with the drone actuation dynamics.

b) Velocity-command Interface: In this interface, the
system input is the drone’s vertical velocity v, , which is

tracked by a low-level SE(3) velocity controller [17]. The

resulting abstract dynamic model is

J . ; .
(r—g +my)py = my(py, — L) — mygsin, (5a)
b
. cos 3

Lo = —v,, ———, 5b
vr cos(8 — 0) (50)
|1.]rz| S Amax- (SC)

Compared with direct thrust command, this interface removes
most of the system-level complexity from the high-level
policy and achieves a compromise between control authority
and design simplicity. Hence, the benchmark controller only
needs to generate feasible velocity commands, while the low-
level controller handles the corresponding velocity tracking.
However, this hierarchical architecture will introduce longer
control delays.

c) Position-command Interface: In this interface, the
system input is the drone’s vertical displacement d,. . This
command is tracked by a low-level SE(3) position controller
[17]. The abstract dynamic model is written as follows:

J 5 . ,

(73 + mp)py = mp(pp — L)6> — mygsin 6, (6a)
b

d,. =1(cos 3 — 1) — Lsin®, (6b)

|(ZTZ| < Gmax- (6¢)

This interface provides the highest level of abstraction and
has the easiest dynamics formulation. However, its effec-
tive response depends on the derivatives of the commanded
displacement and on the tracking behavior of the low-level
position controller, making it more susceptible to lag than the
thrust- and velocity-command interfaces.

C. Environment Specification

1) Observation Space: We use a unified observation space
for both Target-position Balancing and Trajectory Tracking.
At control step ¢, the observation is defined as
oo
where v, and a, denote the ball velocity and acceleration
along the beam, w and « denote the beam angular velocity
and angular acceleration, a,_ represents the drone’s vertical
acceleration, and a1 represents the action taken at step £5—1.
Here, p, denotes the desired ball position: it is constant in
Target-position Balancing and is obtained from the reference
trajectory in Trajectory Tracking.

2) Action Space: The action space is tied to the selected
control interface. Instead of directly outputting an absolute
control command, the agent outputs an increment of the
current command. This design yields a unified interface across
different control abstractions and makes it easier to enforce
smoothness and actuator feasibility. Let u; denote the current
high-level command and let a; denote the action at step tj.
The command update is defined as

Sk = [pba Ub7ab7e7w7a7d’rzaU’I‘z,a’l‘z>pg7 Ap—1

up = up—1 + clip 4 (ag), ®)

where A is the feasible command set associated with the
chosen control interface. Accordingly, the action is defined
as a relative increment:

ap = AFr'z,ka AFr'z,k S [_AFmaX; AFmax]a (93)
ap = Avrz,k:y Avrz,k S [_A'Umaxy A’Umax]; (9b)
ap = Adrz,ka Adrz,k S [_Admaxa Admax]a (9C)

for the thrust-command, velocity-command, and position-
command interfaces, respectively. Here, the exact bounds are
configurable through the environment specification files, which
allows the benchmark to support different actuation ranges
and difficulty settings while preserving a consistent action
semantics.

3) Reward Design: To support RL policy training, we
define task-dependent rewards that share a common structure
but reflect the different objectives of regulation and tracking.
All the reward weights are configurable in the environment
files and can therefore be tuned for different training regimes
without changing the benchmark definition itself. The refer-
ence reward weights used in this letter are provided in the
released repository. Detailed definitions are listed below.

a) Target-position Balancing: Let ey, = py(ty) — pg(tx)
be the ball-position error at time ¢;. The reward is defined as

bal __ . bal bal bal
Tk = Tobject,k + Tcontrol,k + T'failure,k + Tgoal k> (10)
where

bal 2 2
Toﬂject,k = _klek - kQUb’ (11a)

bal 2 2
Tcontrol,k — 7k3uk - k4ak7 (11b)

bal —ks if (|6] > Omax) V (Jex] > €max)
Tfailure,k — . ) (1 1C)
’ 0 otherwise
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(¢ — krlex|) exp(—ke|vs|)
0 otherwise

if |ex| < €goal
Tgoal,k = .
(11d)
b) Trajectory Tracking: We define a tracking-oriented
reward using both position and velocity matching. Let vy j
denote the reference velocity obtained from the desired trajec-
tory at time t;. The reward is defined as

track __ .track track track
Tk - Tobject,k + TcontrolJc + rfailure,k + T'progress, ks (12)
where
track 7. .2 1. 2
roﬁi}ct,k = —kieg — ka(vy — vg.1)", (13a)
track 7. .2 7. .2
ch)?ﬁcrol,k = 7k3uk - k4aka (13b)
track _ _k5 if (‘9| > emax) \ (|ek| > emax) (13
Tfailurejc - . ) C)
0 otherwise
Tprogress,k = k6(|ek’71| - |€k‘). (13d)

D. Evaluation Protocol

1) Evaluation Metrics:

a) Target-position Balancing: Each evaluation episode
lasts 10 s. We generate 500 test episodes by randomly sam-
pling the initial ball position and target position from the
feasible range. We evaluate the controller using five metrics:
success rate (SR), steady-state error (SE), convergence time
(CONT), climb time (CLIT), and computation time (COMT).
Here, € denotes the target-position error tolerance. An episode
is successful if the ball absolute position error falls below
€ before the episode ends and remains within this tolerance
thereafter; SR is the percentage of successful episodes. SE is
the mean absolute position error over a fixed terminal time
window W. CONT denotes the first time at which the error
enters and subsequently remains within the tolerance band,
while CLIT denotes the first entry time into the tolerance
band. COMT measures the controller computation time. The
tolerance € and terminal time window W can be configured
according to the evaluation requirements.

b) Trajectory Tracking: We also evaluate 500 test
episodes, using stratified random sampling across the three
reference families (sinusoidal, trapezoidal, and triangular) so
that no single family dominates the aggregate score. Within
each family, the trajectory amplitude and frequency are ran-
domly sampled from predefined ranges. We evaluate tracking
performance using four metrics: mean absolute position error
(MAE), root-mean-square position error (RMSE), maximum
absolute position error (MAXE), and compute time (COMT).
MAE characterizes average tracking accuracy, RMSE penal-
izes occasional large deviations more strongly, and MAXE
captures the worst-case tracking excursion.

2) Robustness Test Suite: Beyond nominal task evaluation,
the benchmark includes a robustness test suite designed to
probe how well a controller tolerates uncertainty and mismatch
between training/designing and deployment conditions. The
central idea is to introduce controlled variations into the envi-
ronment, primarily through changes in system parameters and
execution imperfections, so that algorithms can be evaluated
not only by their nominal performance but also by their ability

to generalize to non-ideal conditions. Specifically, we design
four robustness tests.

a) Ball-mass Variation: The first robustness test varies
the ball mass. Since the ball mass directly affects the inertial
and gravitational terms in the system dynamics, changes in
this parameter alter the difficulty of balancing and tracking.
By evaluating controllers on balls with different masses, the
benchmark measures whether the learned or designed policy
can generalize beyond a single nominal object and remain
effective under payload-related parameter shifts.

b) Low-level Gain Variation: The second robustness test
varies the control gains of the drone’s low-level controllers.
In practice, high-level commands are never executed directly;
instead, they must be tracked by an onboard flight controller
whose behavior depends strongly on its gain setting. By
reducing or perturbing these gains, the benchmark simulates
imperfect or changed low-level control behavior and evalu-
ates whether the high-level algorithm remains effective when
command tracking becomes less accurate or less responsive.

c) Action Delay: The third robustness test introduces
explicit action delay. Action delay is pervasive in real robotic
systems due to sensing, communication, computation, and
actuation latencies, and it is particularly harmful in highly
dynamic tasks. In this benchmark, robustness to delay is
assessed by inserting a configurable delay buffer between the
high-level controller output and the executed command, so that
the command applied at the current step corresponds to a past
decision. This setting enables systematic evaluation of how
controller performance degrades in the presence of realistic
execution lag.

d) Disturbance Injection: The fourth robustness test in-
jects external disturbance by allowing the otherwise fixed
beam endpoint to undergo random vertical motion. This per-
turbation mimics environmental disturbance or support-point
vibration and directly affects the beam-ball dynamics. To
model temporally correlated disturbance rather than indepen-
dent impulsive noise, we generate the endpoint motion using
an Ornstein-Uhlenbeck (OU) process. The disturbed endpoint
motion is then superimposed on the nominal fixed-end con-
figuration to assess the controller’s resilience to temporally
correlated external perturbations.

III. REFERENCE CONTROL FRAMEWORK

In this letter, we propose a reference control framework
for the Target-position Balancing task based on the velocity-
command interface. The high-level controller outputs the
desired vertical velocity command for the drone, while a
low-level velocity controller tracks the commanded motion.
Although this hierarchy is practical for real drone systems, it
inevitably introduces action delay caused by actuation latency.
This delay is particularly harmful in drone-ball balancing
because the ball dynamics are sensitive to timing errors.
Therefore, the proposed framework explicitly addresses action
delay through model-predictive state prediction and delay
identification.
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A. Model-predictive Delay Compensation

To compensate for action delay, we follow the idea of a
d-step-ahead state predictor [18], using the constructed high-
level dynamic model in Equation (5) to predict the future
system state. We refer to this component as the model-based
predictor. The control structure with the model-based predictor
is illustrated in Fig. 3. Specifically, let the current observed
system state be s; and the historical action sequence be
{ak—d,@k—d+1,---,ar—_1}, where d denotes the number of de-
lay steps. Using the high-level dynamic model (Equation (5)),
we predict the system state d steps ahead, Sy44, based on s
and the historical action sequence {ag—_d, Gk—dt1;---,ak—1}-
This predicted state 554 is then fed to the high-level controller
to generate timely commands.

High-level 5
Controller ay
observed state Sy,

predicted stateSy 4 4

Equation (5)

Low-level

Ball-balancing
Controller

System

Model-based Predictor

Fig. 3. The delay-aware control structure.

B. Delay Identification

To estimate the delay step d, we employ a time-domain
method based on the cross-correlation function. Specifically,
we execute the high-level policy on the real-world system and
record the commanded vertical velocity (denoted as Sequence
A) and the actual vertical velocity of the drone (denoted
as Sequence B). The cross-correlation value R4p[q] for a
candidate delay step ¢ is computed as:

T

Raplg) =) AlilBli + 4], (14)
i=0

where 7' denotes the length of the signal sequences. The most

probable delay step d corresponds to the delay that maximizes

the cross-correlation:

d = arg max R ap[ql.
geNt

5)

In the real-world system, the identified delay is d = 16 control
steps. Given the 60 Hz control frequency, this corresponds
to a delay duration of approximately 0.267s. Although this
letter only presents the offline delay-identification method for
constant-delay tasks, this method can be readily extended to
an online form and therefore has the potential to handle time-
varying delays.

IV. BASELINES

For the high-level controller, we design and implement
three baselines: a cascaded PID controller, a nonlinear MPC
controller, and a model-free RL controller. All baselines are
instantiated under the same reference framework and are eval-
uated on the Target-position Balancing task in both simulation
and the real-world system.

A. The Cascaded PID Controller

Given the nonlinear dynamics of the system, we employ a
cascaded PID controller as the high-level controller. The outer
loop computes the desired beam angular displacement 6 based
on the ball’s position error e, while the inner loop generates
the required drone vertical-velocity increment Av,._ from the
current beam-angle error. Both loops are implemented using
an incremental PID formulation. In discrete time, the output
of the incremental PID controller at step ¢; is given by:
Kﬁ}?tek + Kzfd ey, (16)
where e, represents the system error at timestep ti, €} =
el — ek—1 is its first-order backward difference, and e} =
(ex — ex—1) — (ex—1 — ex—2) is the second-order backward
difference. Here, At denotes the sampling time interval, K,
is the proportional gain, 7; and 7y are the integral and
derivative time constants, respectively. The PID parameters
were initialized empirically and then refined through local
sampling, with the overall tuning process taking several hours.
Specifically, the tuned parameters are: the outer-loop controller
uses K, = 0.5,T; = 1.5,T4 = 0.6; the inner-loop controller
uses K, = 10.0,7; = 1,000.0,T; = 0.0.

Auy = Kpep, +

B. The Nonlinear MPC Controller

We formulate the high-level ball balancing task as an
optimal control problem:

N
min Zl(xk,uk,zk) +lN(xN,uN,zN) (17a)
X{0:N]U{o: N} Z{0: N] =5
S.t.:
Xp1 = f(xp, we, 2) V K € {0,--- N — 1}, (17¢)
galg(Xk,llk,Zk):OV]CG{O,'” ,N—].}, (174d)
Coon(Xk, U, 2) <0V ke {0,---,N -1}, (17e)

where X[o.n], U[o.n], and Zjo.n] represent states, inputs, and
algebraic states from stage 0 to NV, respectively, X is the
measured state, [(-) is the running cost, I () is the terminal
cost, f(-) is the discrete-time dynamics, g,, and g, are the
equality and inequality constraints. The definitions are:

x = [py, vy, 0,0, ], (18a)
u=la,], (18b)
z=[w, B8], (18¢)
Up
T (M (py — L)w? — mpg sin 6)
f(X, u, Z) —x+ ¥+mb At,
w
ar,
(18d)
LW —+ (o ﬂ
galg (X7 u, Z) = = cos(-0) (188)

sin3 — (1 —cos)%|’
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—Db
Py — 0.7
gcon(xvua Z) = |0| _ 400 ) (18f)
‘arz| — Qmax

1(x,u,2) = (py, — py)* +0.2507 + 0.5072 +0.05Aa;_, (18g)

IN(XN,un,ZN) = (pb,N —pg)2 + ”l%,N +0]2V +va¢N. (18h)

The implementation utilizes the do-mpc toolbox [19]. We
empirically evaluated six prediction horizon lengths (15, 20,
25, 30, 35, and 40 time steps) and report three representative
cases (15, 25, and 35) to illustrate the trade-off between
computational complexity and control performance.

C. The Model-free RL Controller

In this baseline, we empirically use an 8-dimensional state
space: [e,e’,e” vy, 0,w,v,,,a] instead of the given obser-
vation space in Section II-C. In addition, the original ac-
tion space and reward function are retained. As empirical
results demonstrate that Robust Policy Optimization (RPO)
[20] outperforms Proximal Policy Optimization (PPO) [21] in
improving task performance, this letter selects RPO to train
the ball-balancing policy. We directly use the implementation
provided by the SKRL library [22]. For training the RL-based
high-level policy, we designed both actor and critic networks
as three-layer MLPs with 256 neurons per layer, where the
actor’s output layer employed a tanh activation function. We
trained each policy over six random seeds and report the mean
and standard deviation. Each run uses 90,000 environment
steps with 1,024 parallel environments and takes about 3 h
on a single NVIDIA GeForce RTX 4060 Ti GPU with 8 GB
memory.

D. Simulation Results

1) Standard Performance Evaluation: We first evaluate the
nominal performance of each controller without activating
the robustness tests. In this evaluation, the simulation runs
at 60 Hz with maximum acceleration apax = 0.5m/ s2, ball
mass my = 0.0005 kg, low-level velocity-controller gain 10,
target-position error tolerance € = 0.01m, and SE window
W = 1s. Since action delay is observed in the real system,
the standard evaluation also includes a fixed 15-step delay. All
controllers are designed or trained in the delay-free setting and
then directly deployed under delayed execution, either without
compensation or with the proposed model-predictive delay
compensation. This setup evaluates how well each controller
transfers from the nominal delay-free environment to delayed
environments without delay-specific retuning. Quantitative re-
sults are summarized in Table III. It shows that introducing
action delay substantially degrades all controllers when no
compensation is used. In the delay-free setting, Cascaded PID,
NMPC with horizon 35, and RL all achieve strong balancing
performance. However, after direct deployment to the delay-
compensated framework, only Cascaded PID maintains con-
sistently high SR and low SE. Overall, Cascaded PID provides
a strong and practical baseline under delayed execution.
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TABLE III
STANDARD PERFORMANCE EVALUATION RESULTS; ORANGE INDICATES
COMT VIOLATES THE 60HZ COMPUTATION REQUIREMENT.
Type Controller | SR(%)" SE(mm)* CONT(s)* CLIT(s)* COMT(ms)*
Cascaded PID 100 0.209 £ 0.122 3.278 + 1.345 2.352 +0.138 0.444
NMPC (horizon=15) 0 66.419 £ 35.714 10.017 £ 0.000  8.451 £ 1.849 13.239
Delay-free NMPC (horizon=25) 99.600 14.536 £ 7.838 9.369 £ 0.727 5.644 £ 2.106 17.510
NMPC (horizon=35) 100 1.458 + 0.793 6.615 £ 1.644 5.083 £1.193 22.999
100+ 0 4.597 £ 2.641 4.158 £+ 1.501 2.783 £ 0.898 0.767
Cascaded PID 4.400 144.326 + 83.208 10.013 £ 0.023  1.558 £ 0.109 0.468
i 1 2.600 160.492 +113.996  10.012 £0.039  5.373 &+ 2.237 16.897
Delay w/o comp 3.400 101.514 £102.729  10.005 £ 0.083  5.276 £ 1.879 26.042
0 223.654 £ 81.406 10.017 £0.013  1.823 £ 0.798 53.574
0+0 216.298 + 69.126 10.017 £0.003 | 1.518 £ 0.176 0.840
Cascaded PID 100 0.795 4 0.410 3.809 + 1.285 2.443 +0.108 14.059
NMPC (horizon=15) 9.000 58.718 £ 39.991 9.975 £ 0.154 7.695 £ 2.318 11.827
Delay w/ comp NMPC (horizon=25) 17.800 56.832 + 45.293 9.952 £ 0.244 3.736 = 0.287 17.482
NMPC (horizon=35) 10.200 15.251 £ 8.413 9.908 £ 0.323 3.419 £ 1.202 23.495
82.800 £ 32.828 6.198 & 5.274 7.056 £ 2.172 2.508 £ 0.496 11717
TABLE IV
ROBUSTNESS EVALUATION RESULTS.
Type Controller | SR(%)" SE(mm)* CONT(s)* CLIT(s*
Cascaded PID 28.200 16.341 + 8.812 8.751+£2.227  3.719+2.823
NMPC (horizon=15) 0.400 258.485+129.922  10.016 £0.000  4.533 £ 2.028
Mass NMPC (horizon=25) 1.800 95+ 116.766  10.014 +0.020  6.474 % 3.541
NMPC (horizon=35) 7.600 83.680 £ 73.668  9.995+0.088  5.962 + 3.623
RL 5.033 = 5.662 32.807 £ 18.612  9.957+0.380  5.275 + 3.629
Cascaded PID 92.200 5.648 + 11.465 5778 £2.466  2.320 +0.091
NMPC (horizon=15) 8.600 72754 +£53.077  9.992+0.093  7.544 +2.535
Gain NMPC (horizon=25) 7.800 105.193 £ 77.616  9.991+0.158  3.846 =+ 1.059
NMPC (horizon=35) 0.400 75.333+£95.653  10.013+0.065 2.734 + 0.141
RL 26.033+13.980  45.202+65.999  9.683+0.971  2.358 +0.195
Cascaded PID 14.000 53.425+£40.160  9.905+0.429  3.773 £ 2.531
NMPC (horizon=15) 0.600 248.262 +121.605  10.016 £0.016  4.355 + 2.360
Disturbance  NMPC (horizon=25) 0.200 226.220 £ 87.548  10.016 £0.014  4.154 +£2.178
NMPC (horizon=35) 2.000 196.699 + 109.675  10.014 +0.030  4.087 %+ 2.651
RL 6100+ 1.050  125.050 +£100.728  9.991 £ 0.148  3.795 + 2.700
TABLE V
ROBUSTNESS EVALUATION WITH LONG DELAYS.
Delay Controller | SR(%)T SE(mm)* CONT(s)* CLIT(s)*
Cascaded PID 84.000 7.958 + 4.838 7.955 +£2.047  2.637 £0.083
NMPC (horizon=15) 11.000 52.121+£36.245  9.967 +£0.152  7.779 +2.243
30 (0.55)  NMPC (horizon=25) 4.200 9.995+0.171  4.006 % 0.473
NMPC (horizon=35) 52.000 31.206 +33.580  9.879+0.209  3.108 4 0.162
RL 37.900 £15.109  27.074+18.950  9.861 £0.457  2.652 £ 0.262
Cascaded PID 33.800 18:103 £ 19.096  9.759 £ 0.513 | 2.925 £ 0.086
NMPC (horizon=15) 15.200 47.756 £32.725  9.967+£0.132  7.856 £ 2.175
45 (0.755)  NMPC (horizon=25) 1.400 64.664 +34.857  10.004 £0.114  4.414 % 0.964
NMPC (horizon=35) 2.200 67.687 £67.625  10.014 +£0.022  3.373 +0.172
0.767 £0.559  100.575 £ 61.400  10.016 £ 0.027 | 2.900 = 0.179
Cascaded PID 2.600 53.045+£76.236  9.993+0.177  3.228 +0.101
NMPC (horizon=15) 15.000 47.354 +£29.214 | 9.9824£0.095 = 7.928 +2.114
60 (1.0s)  NMPC (horizon=25) 5.600 47.965 +27.404  9.983+0.141  5.025 4 1.574
NMPC (horizon=35) 0.800 42.323 £74.530  10.010 £0.078  3.698 % 0.200
RL 1.500 £ 1.399  248.859 +£102.127  10.016 = 0.004 | 3.198 % 0.204

2) Robustness Evaluation: We then evaluate zero-shot ro-
bustness by varying one factor at a time while keeping the
remaining settings consistent with the standard evaluation. All
controllers are designed or trained in the nominal environment
and then directly tested under perturbed conditions without
retuning. Because action delay is a fundamental issue in
the real system, robustness is assessed under the 15-step
delay condition by default. To further examine the effect
of increasing latency, we also test controller performance
under multiple longer delay settings. Quantitative results are
summarized in Tables IV and V. Table IV shows that mass
variation, reduced low-level gain, and external disturbance all
lead to substantial performance degradation across controllers.
Table V further shows that controller performance generally
deteriorates as the delay increases. These results indicate that
practical system imperfections, model mismatch, and external
disturbances remain major challenges for robust drone-ball
balancing.
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TABLE VI
REAL-WORLD RESULTS.

Goal Controller | SRT SE(mm)* CONT(s)+ CLIT(s)*
Cascaded PID 2/9  85.454+52.853  19.176 +£2.201  5.978 + 7.390
0.15 NMPC (horizon=25) | 0/9  284.003 + 82.575 20.017 +0.000  9.124 + 9.743
RL 1/9  113.055+ 64.221 19.987 +0.084  7.696 & 8.007
Cascaded PID 6/9  21.944+16.780  13.641 £7.008  4.024 + 5.668
0.35 NMPC (horizon=25) | 0/9  232.710 +47.256  20.017 +0.000  2.644 + 6.150
RL 5/9  33.617+17.146  16.848 + 5.290 | 2.137 £ 0.876
Cascaded PID 0/9  89.232411.810 | 20.017 £ 0.000 11.910 & 9.077
0.55 NMPC (horizon=25) | 0/9 329.621 +61.211 = 20.017 & 0.000  6.945 + 9.247
0/9  T1.738+£27.767  20.017 £ 0.000  5.042 £ 5.519

E. Real-world Results

The real system is shown in Fig. 1(b). We directly transfer
the simulation-designed/trained controllers to the real system
without real-world fine-tuning. For nonlinear MPC, we use a
horizon of 25 as a representative trade-off between control
performance and computational cost. Experiments are con-
ducted at three target positions, p, = 0.15, 0.35, and 0.55,
with target-position error tolerance € = 0.03 m and SE window
W = 5s. For each target, 9 initial ball positions are randomly
sampled, and each episode lasts 20s. Quantitative results are
summarized in Table VI. It shows that cascaded PID achieves
the best overall control performance at p, = 0.35. For the
off-center targets, p, = 0.15 and p, = 0.55, all controllers
exhibit degraded performance, likely due to gravity-induced
beam bending. These results confirm the baseline real-world
balancing capability of cascaded PID, while also revealing
its limited adaptability to unmodeled or non-ideal dynamics.
A detailed analysis and mitigation of beam bending will be
considered in future work.

V. CONCLUSION, LIMITATIONS, AND FUTURE WORK

This letter presents Aerial-Balance-Bench, a controlled and
simplified drone-ball balancing benchmark for indirect dy-
namic aerial manipulation. By formalizing task definitions,
command interfaces, simulation environments, evaluation met-
rics, robustness tests, and reference implementations, the
benchmark provides a reproducible platform for developing
and comparing algorithms that manipulate dynamic objects
through intermediate mechanisms under controlled physical
assumptions. We hope this benchmark can broaden aerial
manipulation research beyond direct and static interaction, and
support future studies on control, learning, robustness, and
sim-to-real transfer in indirect dynamic manipulation.

A current limitation of Aerial-Balance-Bench is that the
physical setup is intentionally simplified: the drone motion
is restricted to the vertical direction and the opposite end
of the beam is fixed. Although these assumptions allow the
benchmark to focus more specifically on the core problem
of ball manipulation, they also abstract away practical fac-
tors (e.g., full three-dimensional flight and moving supports).
Future work will relax these assumptions and extend the
benchmark toward more realistic and interactive scenarios, in-
cluding multi-drone cooperative transportation and balancing,
and human-drone collaborative transportation with balancing.
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