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Abstract

The growing demand for high-altitude, complex interaction tasks has driven
the evolution of Uncrewed Aerial Vehicles (UAVs) from passive perception
platforms to systems capable of active physical interaction. This shift has
catalyzed the development of Uncrewed Aerial Manipulators (UAMs), which
integrate aerial mobility with manipulation capabilities to perform contact-rich
tasks such as inspection, repair, and object handling in dynamic environments.
In this thesis, we explore how to advance toward general aerial manipulation:
enabling a single system to robustly execute a wide range of physical interaction
tasks across diverse and challenging scenarios.

To address this challenge, we propose a unified aerial manipulation framework
that consists of three key components: (i) a hybrid motion-force control module
for dynamic and compliant physical interaction, (ii) a contact-aware trajec-
tory planning module for safe and feasible motion generation under contact
constraints, and (iii) an end-effector-centric control interface that separates
platform-specific low-level control from high-level decision-making and policy
learning. This modular framework aims to enhance system versatility and
generality across different manipulation tasks and hardware platforms.

First, we develop a hybrid motion-force controller specifically tailored for
aerial manipulation tasks. By explicitly regulating both motion and contact
force during flight, this controller enables UAVs to interact compliantly and
robustly with their environment, handling disturbances and uncertainties inher-
ent in aerial interaction. This capability provides the foundation for executing
complex tasks such as surface contact inspection and manipulation without
compromising flight stability.

Second, we extend the scope of aerial manipulation beyond static contacts to
dynamic surface interaction. We propose a contact-aware trajectory planner
that generates motion plans accounting for varying contact forces and surface
motions. Coupled with our hybrid controller, this allows the aerial manipulator
to track both force and motion trajectories simultaneously, enabling dynamic
tasks such as drawing, sliding, and surface exploration during flight.

Third, we design an end-effector-centric control interface that decouples low-
level whole-body control from high-level task planning and policy learning. By
focusing control objectives directly at the end-effector, our framework abstracts
away platform-specific dynamics, allowing intuitive human teleoperation and
facilitating the development of learning-based high-level policies. This design
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supports cross-task and cross-platform generalization, paving the way for more
scalable and modular aerial manipulation systems.

Through real-world experiments across a variety of tasks, we demonstrate that
our unified framework improves the precision, robustness, and generality of
aerial manipulation capabilities. We believe this work takes a significant step
toward advancing autonomous aerial robots as capable and reliable physical
agents in complex real-world environments.
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Chapter 1

Introduction

1.1 Introduction

Uncrewed Aerial Vehicles (UAVs) have experienced rapid growth across various applica-
tions such as photography, agriculture, and package delivery [9, 25, 55]. Historically, UAV
research and application have largely focused on passive observation and avoidance tasks,
where the primary goal is to prevent collision with obstacles or other aerial agents. Despite
these advancements, many high-altitude, contact-intensive tasks—such as maintenance of
elevated structures, inspection of aircraft, and infrastructure repairs—still rely heavily on
human intervention, which can be costly, inefficient, and hazardous [57, 66].

Aerial manipulation seeks to bridge this gap by enabling UAVs to perform physical
interaction tasks, such as grasping, transporting, assembling, and disassembling objects
at elevated locations [44, 49, 53]. Integrating manipulation capabilities with UAVs, thus
forming Uncrewed Aerial Manipulators (UAMs), significantly expands their operational
scope. However, this integration introduces complex challenges arising from the intricate
coupling between aerial mobility and manipulation dynamics, environmental disturbances,
and the inherent instability of aerial platforms [58, 64].

This thesis proposes a comprehensive and unified aerial manipulation framework to
enhance the versatility, precision, and robustness of UAM systems across diverse tasks
and scenarios. The proposed framework comprises three critical components: hybrid
motion-force control, contact-aware trajectory planning, and an end-effector-centric control
interface.

1



1. Introduction

In Chapter 2, we address the challenge of dynamic and compliant physical interaction
by developing a hybrid motion-force controller tailored explicitly for aerial manipulation
tasks. Traditional force control approaches [10, 49] typically rely on heavy and expensive
Force/Torque (F/T) sensors, which are difficult to integrate on lightweight mobile platforms
and often suffer from placement-related latency and accuracy issues [17]. Recently, vision-
based tactile sensing such as GelSight [84] has emerged as a promising alternative for
fine-grained contact feedback in static settings [1, 41]. In this work, we are the first to
deploy a vision-based tactile sensor on a fully-actuated UAV platform, enabling real-time
contact state estimation and hybrid force-motion control in dynamic aerial scenarios. Our
system supports precise interaction with external environments, facilitating tasks such as
surface inspection and wall texture recognition.

In Chapter 3, we expand the aerial manipulation capability beyond static interactions to
dynamic and continuous contact tasks. Most prior works either rely on discrete set-point-
based contact force control [26, 49, 62], or focus on specific tasks such as cleaning [2] or
defect detection [6]. These methods are often insufficient for tasks requiring continuous
time-varying force and motion coordination, such as aerial drawing or sliding. To address
this gap, we introduce a trajectory planning algorithm that explicitly considers contact
dynamics, friction forces, and system feasibility. This capability is demonstrated through
the aerial calligraphy task, where our planner and controller jointly enable continuous
drawing with stroke thickness modulation, showcasing the system’s ability to manage
dynamically coupled force and motion tracking.

In Chapter 4, we focus on the modularity and generality of aerial manipulation systems
through an end-effector-centric control strategy. Inspired by classic manipulation frame-
works [43, 52], end-effector-centric control has gained traction for enabling embodiment-
agnostic policy development [15, 46, 68]. In aerial settings, however, the floating base
and coupled dynamics between the UAV and manipulator make direct application of such
paradigms non-trivial. We propose an end-effector-centric Model Predictive Controller
(MPC) for whole-body control, combined with an L1 adaptive component for robustness.
Our framework includes a teleoperation system and a learning pipeline that leverages
demonstration to train task policies. To our knowledge, this is the first end-effector-centric
learning system deployed for real-world aerial manipulation, capable of executing diverse
tasks including peg-in-hole insertion, writing, and object placement.

In summary, the main contributions of this thesis are:

2



1. Introduction

• A vision-tactile-enhanced hybrid motion-force controller for dynamic aerial interac-
tion.

• A contact-aware trajectory planner enabling continuous force-motion coordinated
tasks such as aerial calligraphy.

• A versatile end-effector-centric whole-body control and policy interface for modular
and scalable aerial manipulation.

• A unified framework validated through extensive real-world experiments across a
variety of contact-rich aerial tasks.

We believe this work takes a significant step toward advancing general-purpose aerial
manipulators by introducing a modular, task-agnostic, and scalable framework that enhances
robustness and broadens the deployment capabilities of aerial robotic systems.

3



1. Introduction

4



Chapter 2

Aerial Interaction with Tactile Sensing

2.1 Introduction

This chapter introduces the hybrid motion-force control system essential for precise and
compliant aerial physical interactions. Aerial manipulation inherently requires the simul-
taneous and precise control of position and force to maintain stable interactions with the
environment. Traditional aerial systems largely focus on position stabilization, lacking
explicit force regulation capabilities necessary for tasks involving direct physical contact.
To address this, we propose a hybrid motion-force controller designed specifically for aerial
manipulators. Additionally, we integrate a vision-based tactile sensor (GelSight) directly at
the manipulator’s end-effector to enhance contact force feedback. This integration signif-
icantly improves force sensing accuracy and responsiveness, enabling robust interaction
even in the presence of disturbances. Through real-world experiments, we validate our
approach in practical tasks, such as precise force tracking and wall texture identification,
demonstrating the system’s effectiveness in handling complex aerial interaction scenarios.

2.2 Related Works

2.2.1 Aerial Manipulation

Aerial manipulation often requires tracking a reference force during contact with external
objects to enable complex tasks such as aerial writing [48, 70] or pushing a target [10]. Prior
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2. Aerial Interaction with Tactile Sensing

GelSightF/T SensorTX2 / PX4

Characteristic Force/Torque Sensor GelSight Tactile Sensor

Weight [g] 255 60

Size L ×𝑊 × 𝐻 [mm] 75.4 × 75.4 × 33.3 65 × 45 × 45

Cost [$] 5000 50

Frequency [Hz] >1000 30

Integration root (indirect contact) tip (direct Contact)

Contact image 

detection
no yes

Figure 2.1: Fully-actuated UAV integrated with a vision-based tactile sensor: The
tactile sensor captures contact images for wall texture recognition and defect detection, and
estimates contact forces, enabling the hybrid motion-force controller to achieve accurate
force tracking during aerial interactions.
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Table 2.1: Comparison between F/T sensor and GelSight tactile sensor

Characteristic F/T Sensor GelSight
Weight [g] 255 60

Size L×W ×H [mm] 75× 75× 33 65× 45× 45
Cost [$] 5000 50

Frequency [Hz] > 1000 30
Integration Base (indirect contact) Tip (direct contact)

Contact image No Yes

work includes Bodie et al.[6, 7], who used an F/T sensor and a time-of-flight camera on an
omnidirectional aerial manipulator for contact inspection with an axis-selective impedance
controller. Similarly, Cuniato et al. mounted an F/T sensor on the root of the end-effector
and developed a power-based safety layer when pushing a moving cart [17]. Our previous
research [30] integrated an F/T sensor on a fully actuated UAV and developed hybrid motion
and force control with an image-based visual servo for wall painting tasks. Traditional
methods for force feedback, such as force/torque or force sensing resistor sensors, have
limitations like high cost, bulk, or restricted sensing capabilities. We break new ground by
being the first to utilize vision-based tactile sensors on aerial manipulators, offering not
only precise force measurements but also texture sensing.

2.2.2 Tactile Sensing for Manipulation

Tactile sensing, typically employed for contact force distribution, comes in various forms,
such as tactile arrays and small F/T sensors, as well as multi-modal systems like BioTac [20].
Recently, vision-based tactile sensors like GelSight [84] and Digit [47] have advanced the
field, particularly in perception and manipulation tasks. These sensors go beyond force
distribution to capture contact images, proving useful in diverse perception applications
such as slippage detection [82], hardness estimation [83], material identification [85], and
object pose estimation [73], etc. It also facilitates various manipulation tasks, such as object
grasping [41] and re-grasping [35], pushing [36], cable manipulation [63], etc. However,
most of the current applications focus on tabletop settings with quasi-static processes. While
a few researchers applied tactile sensing to dynamic scenarios, such as liquid property
estimation [39], robot swing [75], etc., the application on mobile robots is rare. Our work
brings it to aerial manipulation, a more dynamic context.
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Figure 2.2: System overview of aerial interaction with vision-based tactile sensing: We
develop a pipeline that integrates the GelSight tactile sensor with a fully-actuated UAV. The
sensor estimates contact forces and recognizes wall textures during flight. The estimated
force, fused with indirect measurements from the base force/torque sensor via a Kalman
filter, enables accurate external force estimation for hybrid motion-force control.

2.3 Methodology

In this section, we introduce our fully actuated UAV system equipped with a vision-based
tactile sensor and our method of tactile sensing-based aerial manipulation (Fig. 2.2).

2.3.1 The Design of Aerial Manipulator with Tactile Sensing

Aerial Manipulator Design

To complete the complex aerial manipulation task, we build a fully actuated UAV system
based on a hexrotor model (Tarot 960), as shown in Fig. 2.1. Each rotor is tilted at a
30-degree angle, with alternating tilt directions, creating a fully-actuated configuration. We
affixed a rigid carbon fiber rod to the front of the vehicle to serve as the manipulator. An
ATI Gamma 6-axis F/T sensor is mounted at the base of the manipulator due to its weight
(255 g) to balance the system center of mass. The flight control unit is a mRo Pixracer
(FMUv4), equipped with a 180 MHz ARM Cortex® M4 processor, an inertial measurement
unit (IMU), a barometer, and a gyroscope. Customized PX4 firmware is executed onboard
to control the fully actuated platform. Additionally, onboard computation is handled by
an Nvidia Jetson TX2, running the ROS Melodic system. For a more comprehensive
description of our vehicle’s architecture, please refer to our previous work [30, 42].
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2. Aerial Interaction with Tactile Sensing

Onboard Tactile Sensor

In this work, we integrate a vision-based tactile sensor, GelSight, at the tip of the end-
effector. GelSight [84] consists of three parts: a dome-shaped soft elastomer gel pad,
three RGB LED arrays, and an embedded camera. The external surface of the gel pad
is printed with a marker array spaced at 1.7 mm intervals, encompassing approximately
80 markers within the field of view. Upon contact with external objects, the elastomer
deforms, reflecting the 3D shape and texture of the contact surface. Concurrently, the
printed markers shift, indicating the local force exerted. The RGB LED arrays illuminate
the deformed gel pad, and the embedded camera captures images, serving as tactile readings,
at a resolution of 320× 240 pixels resolution and a rate of 30 Hz. In contrast to traditional
force/torque (F/T) sensors, GelSight offers advantages in terms of size, weight, cost, and
spatial resolution as shown in Table 2.1 and Fig. 2.1. It doesn’t require an extra data
acquisition device, which most F/T sensor needs. Those features make it convenient to use
on the UAV platform.

2.3.2 Vision-based Tactile Sensing

As previously highlighted, the GelSight sensor image contains two key elements: 1) the
RGB image, which reveals the 3D texture of the contact surface, and 2) the printed markers
on that surface, the motion of which indicates the local force distribution. In our pipeline,
we leverage the motion of these markers to estimate the contact force while utilizing the
complete RGB image to deduce the surface texture of the contact point.

Contact Force Estimation

Yuan et al. [84] demonstrated that a Convolutional Neural Network (CNN) can be employed
to estimate the 6-axis contact force and torque using the raw RGB image. However, we note
that it is computationally expensive and the robustness of the estimation is not sufficient
during dynamic contact. Alternatively, we utilize the motion of markers to infer the contact
force, as this correlates more directly with the deformation of the elastomer, thereby
simplifying the relationship with the contact force and requiring less computation cost. We
first track the motion of specific markers. We capture an initial, non-contact tactile image
before takeoff to serve as a reference. Subsequently, we use optical flow to track the motion
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of the central 39 markers since they are always visible even with a large shear force. The
two-dimensional motion of these markers forms a 78-dimensional feature vector. Utilizing
the k-nearest neighbors algorithm (kNN), we estimate the contact force at each timestep
based on this feature set. Training data, complete with labeled ground-truth forces, are
used to facilitate this prediction, as further detailed in Section 2.4.2. The kNN algorithm
identifies the k closest training points to the current marker motion and uses their ground-
truth forces to estimate the present contact force. This non-parametric method, requiring
less hyperparameter tuning than parametric methods like Multilayer Perceptrons (MLP),
provides sufficient performance in our system.

Contact Texture Detection

We employ the full RGB tactile image from GelSight for contact texture recognition.
Specifically, the system determines whether the sensor is in contact with an external surface
and, if applicable, identifies its texture. This problem aligns with image classification tasks,
treating non-contact as a unique texture category. To address this, we use the ResNet18
structure [32] and retrain the network on our dataset. The network takes GelSight images
at each timestep as input and outputs the likelihood for each texture category. To enhance
prediction robustness, we also incorporate temporal prediction data, assuming that contact
textures change infrequently during contact. We define pk,i as the predicted likelihood of
the ith texture at timestep tk, and sk,i as the cumulative likelihood for that texture up to tk.
The relationship between them is expressed as sk+1,i = f(sk,i, pk,i), where we empirically
define f(sk,i, pk,i) = 5sk,i + pk,i in this work.

2.3.3 Sensor Fusion

While tactile sensing provides local measurements of force distribution and semantic
information, the estimation results from the KNN algorithm may be subject to bias and
noise due to sensor wear, aging, and deformation. Conversely, although F/T sensors
located at the base of the manipulator measure force indirectly, they can provide the force
measurements at a higher frequency compared to the GelSight sensor, which is limited
to a sampling rate of 30 Hz. To leverage the strengths of both sensor types, we employ
a standard Kalman filter to fuse the force readings from the tactile sensor Ftac and the
force/torque sensor Fft for more accurate force estimation.
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Table 2.2: Notation Definitions

Symbol Definition
I inertial (world) frame subscript

B body-fixed frame subscript

E end-effector frame subscript

W contact surface (wall) frame

RA
B rotation in SO(3) from frame B to frame A

1. State: The state of the Kalman filter is defined as the contact force Fc exerted on the
end-effector.

2. Process Model: We assume the UAV is applying a constant push force against the
target surface, and express the process model as:

Ḟc = 03 (2.1)

3. Measurement Model: since the force/torque sensor and the tactile sensor measure the
contact force separately, the measurement equation is modeled as follows:[

Fft

Ftac

]
=

[
I3×3

I3×3

]
Fc +

[
nft

ntac

]
(2.2)

where nft, ntac ∈ R3 are the additive Gaussian white noise in the force/torque and tactile
sensor measurements.

We follow the established Kalman filter to update the state and covariance estimation.
The estimates are then provided into the hybrid motion-force controller for the computation
of UAV’s subsequent control commands.

2.3.4 Hybrid Motion-Force Control Based on Tactile Sensing

This section introduces the hybrid motion and force control algorithm for the fully-actuated
UAV utilizing the estimation of contact force from sensor fusion as force feedback. We
first define the notation and reference frames in Table 2.2.
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Aerial Manipulator Dynamics

The dynamic model of the hexarotor aerial manipulator can be derived following our
previous work [30]:

Mv̇ +Cv +G = τ ′ + τc (2.3)

with inertia matrix M ∈ R6×6, centrifugal and Coriolis term C ∈ R6×6, gravity wrench
G ∈ R6, control wrench τ ′ ∈ R6, contact wrench τc ∈ R6 and system twist (linear and

angular velocity) v =
[
V⊤ Ω⊤

]⊤
∈ R6 expressed in the body frame.

M = diag
([

mI3×3 J
])

C = diag
([

m[Ω]× −J [Ω]×

])
(2.4)

G = mdiag
([

RB
I 03×3

])
g

where m is the vehicle mass, J the moment of inertia, g the gravity. [∗]× denotes the
skew-symmetric matrix associated with vector ∗.

Since the system is fully-actuated, we apply feedback linearization, and the compensated
wrench input can be computed as τ ′ = Cv −G + τ . The dynamics of the system (2.3)
becomes

Mv̇ = τ + τc (2.5)

Hybrid Motion and Force Control

Leveraging the advantages of the fully-actuated UAV, the vehicle is capable of controlling
its translation and orientation independently, which is different from the coplanar multi-
rotors that only generate thrust normal to its rotor plane, leading to completely tilt towards
the desired direction. We implement a hybrid motion and force controller in [30], which
combines the output of a motion tracking controller τp and a wrench tracking controller τf
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as follows:

τ = (I6×6 −Λ)τp +Λτf (2.6)

Λ = blockdiag(Λ′,03×3) ∈ R6×6 (2.7)

Λ′ = RB
E

0 0 0

0 0 0

0 0 λ

 (2.8)

where RB
E denotes the rotation matrix from end-effector frame to body frame. Intuitively, the

matrix Λ selects direct force control commands, and leaves the complementary subspace for
the motion control. λ ∈ {0, 1} is the force-motion control switch, where λ = 0 corresponds
to the pure motion control, λ = 1 indicates the force control along the normal direction
of the surface. The wrench controller can be activated by tactile contact detection in Sec.
2.3.2.

To alleviate the oscillation and absorb the pushing energy efficiently, we designed an
impedance force control scheme to ensure the end-effector can track reference force Fref .
The interaction force Fmeas acting on the UAV can be measurements from tactile sensors,
measurements from force torque sensors, or output of the Kalman filter. The force-tracking
control action can be obtained as

ef = Fmeas − Fref

Ff =Fref−M0M
−1
d (Kses+Dsės)+Kf,pef+Kf,i

∫
efdt

= Fref+Ks,pes+Ks,dės+Kf,pef+Kf,i

∫
efdt (2.9)

with es the error between current and operating position, Kf,p, Kf,i > 0 the positive
definite tunable gain matrices, M0, Md the actual and desired vehicle mass, respectively.
Ks,p = M0M

−1
d Ks is the normalized stiffness. Ks,d = M0M

−1
d Ds is the normalized

damping. Then, the control wrench τf =
[
uf 03

]⊤
∈ R6, where uf = RB

WFf will be
passed through Equation (2.8).

As for the motion control, the classical geometric multirotor controller is used to obtain
the control wrench τp [42]. Then, the total control wrench τ is mapped to the rotor speeds
of the fully-actuated UAV through the control allocation process.
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2.4 Experiments

In this section, we conduct multiple experiments to show the benefit of using the vision-
based tactile sensor on the UAV for aerial interaction tasks. Specifically, we perform
experiments on force tracking using the hybrid force-motion control, and real-time wall
texture recognition on our aerial manipulator based on the tactile feedback.

2.4.1 Experiment Setup

We test our developed system and the algorithm pipeline in the real world. An optitrack
Motion capture system is used for localization. For the force tracking and texture recognition
experiments, the aerial manipulator is directed to fly against a vertical wall located within
the motion capture space, as shown in Fig. 2.1. Repeated experiments were conducted for
generalizability.

2.4.2 Contact Force Estimation

We leverage the motion of GelSight markers in each frame to infer contact force. To
obtain better calibration and training data, we initially gather data in a controlled tabletop
calibration setup and later assess the control performance based on tactile force estimates
in flight. In the calibration setup, the GelSight sensor is mounted alongside an F/T sensor,
similar to [84]. We manually apply varying forces against the sensor using different surfaces.
Both the F/T sensor readings and GelSight marker motions are recorded as training data,
accumulating a total of 10,000 data points. We also randomly collect 1,300 data points
for model evaluation. During experiments, we utilize these data points and employ a kNN
method to estimate contact force, where we set K = 50. The contact force estimation Root
Mean Square Error (RMSE) is around 0.91 N, which is in a similar error to the work using
CNN [84].

2.4.3 Hybrid Motion-Force Controller Performance

In this experiment, we evaluate the performance of our hybrid force-motion controller,
which utilizes tactile feedback for force tracking. Upon takeoff, the vehicle is directed
to approach a wall and sustain a contact force of 5 N upon making contact. We compare
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Figure 2.3: Comparison of hybrid motion-force controller performance under different
sensing modalities: The figure compares controller performance when using (a) only the
base force/torque (F/T) sensor, (b) only the vision-based tactile sensor, and (c) sensor
fusion. After establishing contact, the controller activates (blue-shaded region) and tracks a
constant target contact force.
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Table 2.3: Controller Performance Comparison

metrics
controller Use only

F/T sensor
Use only

tactile sensor
Use

sensor fusion
Force RMSE (N) 0.85 0.95 0.74

Force Overshoot (N) 2.73 3.26 2.95
Force Undershoot (N) 2.76 2.69 1.49

Pos RMSE (mm) 11.28 10.43 9.42
Pos Std Dev (mm) 10.99 10.21 8.46

performance across three scenarios: (1) relying solely on F/T sensor readings, (2) using only
vision-based tactile sensor measurements, and (3) employing sensor fusion that combines
both types of measurements.

The controller’s performance metrics are outlined in Fig. 2.3 and Table 2.3. Upon
making contact with the wall, the hybrid motion-force controller is engaged. We observed
that all three test scenarios achieved the target contact force with near-zero steady-state
error. Scenarios relying solely on either the F/T sensor or the vision-based tactile sensor
showed similar ranges of error variance. However, the scenario employing fused force state
estimates exhibited reduced variance. All scenarios experienced some degree of overshoot
and undershoot. A closer examination of the corresponding contact images and 6-axis F/T
feedback revealed that large shear forces are present during overshoot periods. This implies
that force/torque control along other axes may require further optimization.

Given the absence of ground truth for contact force (all sensors introduce some level of
measurement error), we also use flight performance during force tracking as an indirect yet
meaningful metric. As depicted in Fig. 2.3 and Table 2.3, we specifically examine position
tracking error. Notably, using fused force data leads to about a 16% improvement in key
performance indicators like RMSE, and standard deviation, compared to only relying on the
F/T sensor. In summary, the results strongly indicate that the vision-based tactile sensor can
effectively serve as a replacement for, or complement to, traditional F/T sensors, yielding
comparable or enhanced flight performance.

2.4.4 Wall Texture Recognition

In this experiment, we evaluate the system’s ability to identify wall textures during flight
and contact. As shown in Fig. 2.4, we focus on identifying five specific textures: 1) wood
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Figure 2.4: Wall texture aerial inspection using a vision-based tactile sensor: We test
the recognition method on six textures: (a) no texture (printed paper), (b) wood grain, (c)
marble mosaic, (d) quartz stone, (e) diamond vinyl, and (f) foam mat. The UAV makes
contact with different textures in a single flight and predicts the surface type online in
real-time.
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NT 88.44% 0.00% 3.66% 0.00% 7.91% 0.00%

WG 0.00% 100.00% 0.00% 0.00% 0.00% 0.00%

MM 0.00% 0.00% 100.00% 0.00% 0.00% 0.00%

QS 0.00% 0.00% 0.97% 92.40% 0.00% 6.63%

DV 2.42% 0.00% 15.38% 0.00% 82.20% 0.00%

FM 0.00% 0.00% 0.00% 0.00% 0.00% 100.00%
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Figure 2.5: Confusion matrix for real-world texture recognition during aerial inspec-
tion: This figure presents the confusion matrix for contact texture classification at each
timestep during flight experiments. The system achieves an average classification accuracy
of 93.4%.

grain, 2) marble mosaic, 3) quartz stone, 4) diamond vinyl, and 5) foam mat. Additionally,
we include a sixth texture: a printed imitation of a brick pattern on flat paper. This
mimics complex 3D textures while actually being a flat surface, akin to many wallpapers,
highlighting the need for tactile feedback beyond simple visual inspection for accurate
texture and material perception. We also consider the absence of contact as an additional
texture category. To build a robust training dataset, we manually collected samples by
pressing the GelSight tactile sensor against these various textures. Each texture contributed
3,000 data points to the training set, which includes all frames where contact was made.

During the flight tests, the aerial manipulator is flown towards various textures affixed
to a wall, making contact with approximately 5 N of force for at least 10 seconds. This
duration allows the trained classifier to identify and categorize the texture in contact. The
manipulator then proceeds to the next target texture. Each texture is engaged twice in this
manner. The entire procedure is executed in a continuous flight, without landing the UAV
in between tests.

The prediction result is shown in Fig. 2.4 and Fig. 2.5. We note that most of the time, the
prediction is accurate with an average accuracy of 93.4%. There are brief inconsistencies
in predicting certain textures such as the diamond vinyl, where the sensor momentarily
confuses them with marble mosaic texture. These deviations are understandable given
the textural similarities with close features. Importantly, the predictions stabilize and
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self-correct over time, ultimately achieving a post-contact accuracy of 100% for all textures.
These results demonstrate that the vision-based tactile sensor can effectively identify 3D
textures during aerial contact, suggesting its potential utility in defect detection tasks, such
as identifying wing cracks, as depicted in Fig. 2.1.

2.5 Conclusion

This paper develops a fully-actuated aerial platform equipped with a vision-based tactile
sensor for aerial manipulation tasks. We design a pipeline that integrates tactile feedback
into a hybrid motion-force controller for real-time force tracking during aerial physical
interaction. Additionally, we developed an algorithm for wall texture identification based
on tactile measurement. Real-world experimental results indicate that our system can either
supplement or replace traditional force/torque sensors while maintaining or improving
control performance. Utilizing a fused force-state estimate, we achieve a 16% improvement
in position tracking error compared to single-sensor configurations. Furthermore, our tactile
sensing method demonstrates a 93.4% accuracy rate in real-time texture classification,
rising to 100% post-contact. These results highlight the value of incorporating vision-based
tactile sensors in aerial manipulation tasks. Future directions include optimizing sensor
design and devising a controller that leverages high-dimensional tactile data instead of
low-dimensional estimated force/torque values.
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Chapter 3

Contact-Aware Motion and Force
Planning and Control for Aerial
Manipulation

3.1 Introduction

Building upon the control foundations established in Chapter 2, this chapter expands aerial
manipulation capabilities to dynamic and continuous surface interactions. Many real-world
tasks, such as cleaning, inspection, and aerial drawing, require the continuous and simulta-
neous regulation of motion and contact forces. Traditional aerial manipulation strategies
primarily handle discrete or static contacts, leaving the dynamic scenarios largely unad-
dressed. To bridge this gap, we propose a novel contact-aware trajectory planning method
capable of generating smooth, dynamically feasible trajectories that explicitly consider
variable contact constraints. Using aerial calligraphy as a representative application, we
demonstrate the capability of our approach to precisely and continuously track time-varying
force and motion references, showcasing its suitability for complex dynamic surface tasks.
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Target image

(a)

(b)

(c)

Figure 3.1: Aerial writing demonstration using the proposed system: (a) The aerial
manipulator writes a Chinese calligraphy character on the wall. (b) and (c) show additional
examples of aerial writing with the words “AIR” and “2024,” respectively.
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Figure 3.2: Pipeline of the aerial writing system: Users define target strokes either
manually or via a touchscreen interface. The trajectory planning module then generates a
dynamically feasible motion-force trajectory, which is tracked by a hybrid motion-force
controller. A custom-designed end-effector pen enables the UAV to execute the drawing
task.

3.2 Related Works

In aerial manipulation tasks, UAMs often need to track reference contact force or motion
trajectories during contact with external objects. To generate the reference trajectory,
the existing works mainly focused on motion planning and treated the interaction force
between the UAM and the environment as disturbances [21, 50, 77]. As for contact force
estimation, researchers have developed contact mechanics models, such as quasi-static
or spring-damper models [10, 87]. Some studies also mounted F/T sensors on UAMs to
directly measure the contact force for feedback [7, 59].

Aerial writing, which requires the UAM to control both motion and contact force during
the task, is one common task the researcher focuses on. Tzoumanikas et al. [70] developed
a hybrid motion-force MPC as the trajectory generator and controller to draw letters with
constant linewidth. They obtained the contact force using a linear spring model for vehicle
dynamics. Lanegger et al. [48] designed a compliant Gough-Stewart mechanism for line
drawing, improving stability and precision with multiple contact points. They equipped
three omni-wheels with the end-effector and modeled the whole structure as a three-wheeled
omnidirectional ground robot for precise control.

However, among all these works, most of them either track only a reference motion
trajectory [59, 70], a set of discrete constant force targets at different locations [7], or
time-varying force but without motion [12]. Our goal is to achieve general time-varying
contact force and motion tracking to enable various aerial manipulation tasks, such as
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aerial calligraphy with strokes of varying linewidths. Unlike many studies that consider
only normal contact forces, we utilize the full contact model in this work to predict the
contact wrench (both normal force and friction force). This model is used in both trajectory
planning to generate dynamically feasible trajectories and in hybrid motion-force control
with contact wrench compensation. Additionally, our method treats execution time also as
a decision variable to be optimized in trajectory optimization [78], improving UAM task
efficiency compared to algorithms that predefine the execution time [21, 65].

3.3 Problem Formulation and Method Overview

3.3.1 Problem Definition

This work aims to simultaneously track motion and contact force for UAM during aerial
interaction. The problem is defined as follows: control the UAM’s end-effector to navigate
through a sequence of contact points on a surface with a known shape, while applying the
desired normal contact force at each contact point. Specifically, we focus on the aerial
calligraphy task. Given a list of waypoints in the image space, each specifying the position
and linewidth of a point, the goal is to control the UAM to accurately draw the letter.

3.3.2 System and Pipeline Overview

Our UAM platform is adopted from our previous works [26], which is a fully-actuated
hexarotor equipped with a one-link manipulator. An F/T sensor is mounted at the base of
the manipulator. The flying calligrapher system pipeline is shown in Fig. 3.2 and consists of
four components. First, we develop an aerial calligraphy interface allowing users to specify
the target image by either manually defining waypoints or drawing the letter through a
touchscreen interface. This module then converts the user input to sparse waypoints in
the task space, including the contact point position and magnitude of the normal contact
force. Second, based on the sparse waypoints, we develop a contact-aware trajectory
planner that generates a dynamically feasible motion-force trajectory for the UAM to track.
Subsequently, a hybrid motion-force controller is designed so that the UAM can follow the
reference trajectory. Finally, we design a novel end-effector for the UAV to draw the target
letters.
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Figure 3.3: Coordinate frames used in the aerial writing tasks: The framesW , B, E , S ,
and C represent the world, vehicle body, end-effector, arm, and contact frames, respectively.

3.3.3 Coordinate Frames and Notations

We define several coordinate frames, as shown in Fig. 3.3. The world inertial frameW
is an east-north-up frame with the origin at the UAV’s takeoff position. The body frame
B originates at the vehicle’s center of mass, with axes pointing front, left, and up relative
to the vehicle. The end-effector frame E originates at the end-effector, with axes pointing
front, left, and up relative to the vehicle. The arm frame S originates at the root of the
manipulator where the F/T sensor is mounted, with axes aligned to the sensor. The contact
frame C originates at the contact point, with axes aligned to the surface normal (towards
inside), left, and up directions of the surface.

Vectors are denoted as bold lowercase symbols. Left-hand subscripts, e.g., Wv, indicate
the coordinate representation in frameW . Rb

a ∈ R3×3, T b
a ∈ R3×1, AdT b

a
∈ R6×6 define

the rotation, translation, and wrench (force and torque) transformation for vector from
frame b to frame a, respectively [51]. We have: av = Rb

abv. 0a×b defines a 0 vector in
a× b dimensions. v[i] indicates the ith element of v; r(·) denotes the reference quantity.

3.3.4 Aerial Manipulator Dynamics

We define the UAM end-effector position vector in the world frame as Wp = [x, y, z]⊤, the
attitude with rotation matrix representation RE

W and the angular velocity in the end-effector
frame as ω. The pose and twist of the UAM end-effector are defined as q = [Wp,RE

W ] and
v = [W ṗ⊤,ω⊤]⊤.

The dynamic model of the hexarotor aerial manipulator at the end-effector can be
derived following our previous work [30].
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Mv̇ +Cv=AdTB
E B

τa +AdT C
E C

τc +AdTB
E
RW

B Wg (3.1)

with inertia matrix M ∈ R6×6, centrifugal and Coriolis term C ∈ R6×6, gravity wrench
g ∈ R6, contact wrench τc ∈ R6, and control wrench τa = [f⊤

a ,m
⊤
a ]

⊤ ∈ R6 from the
UAM actuators, where fa ∈ R3 denotes the control force and ma ∈ R3 denotes the torque.
Specifically, we have

M =

[
mRW

E −m[Et
E
B]×

m[Et
E
B]×R

W
E RB

EJR
E
B −m[Et

E
B]×[Et

E
B]×

]
(3.2)

C =

[
03×3 −m[ω]×[Et

E
B]×

03×3 [ω]×R
B
EJR

E
B −m[Et

E
B]×[ω]×[Et

E
B]×

]
(3.3)

Here m is the vehicle mass; J is the moment of inertia at the vehicle center of mass
in the body frame; Et

E
B is the relative translation pointing from the tip of the end-effector

to the vehicle body under the end-effector frame, and [∗]× is the skew-symmetric matrix
associated with vector ∗.

The control wrench comes from the standard UAV rotor thrust and torque. As for the
contact wrench, since the one-link manipulator is rigidly attached to the UAV contacting
the surface through a point, only reaction force is considered at the contact point without
torque, i.e.

Cτc = [f⊤
c ,0

⊤
3×1]

⊤, fc = f⊥ + f// (3.4)

where f⊥ and f// represent the normal force and shear force respectively. Given the contact
surface ϕ and the assumption that the end-effector makes a point-contact with the surface,
we have the contact constraint ϕ(p) = 0. The contact axes can be represented by the surface
normal vector n̂t, and the in-plane basis vectors t̂y − t̂z with

n̂t =
∇ϕ(p)
∥∇ϕ(p)∥

, t̂y =
g[1:3] × n̂t

∥g[1:3] × n̂t∥
, t̂z =

t̂y × n̂t

∥t̂y × n̂t∥
(3.5)
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Therefore the contact force can be expressed as

F = ∥f⊥∥, f⊥ = F n̂t (3.6)

f// = −µF
(
sign(ẏ)t̂y + sign(ż)t̂z

)
α(v) =

[
[n̂t − µsign(ẏ)t̂y − µsign(ż)t̂z]⊤,0⊤

3×1

]⊤
Cτc = Fα(v)

where F is the magnitude of the normal force. Here, we apply the Coulomb model to
estimate the friction force with the friction coefficient µ. The negative sign at the beginning
represents that the friction is in the opposite direction of the motion and sign(·) denotes the
sign function.

3.4 Contact-aware Trajectory Planning

This section introduces the proposed contact-aware trajectory planning algorithm. It takes
M sparse waypoints (rpci,

rFi), for i ∈ 1, · · · ,M and contact surface ϕ as input, and
outputs the state and action trajectories x(t), τa(t) as the reference for the hybrid motion-
force controller, where x(t) = [q⊤(t),v⊤(t), F (t)]⊤, t ∈ (0, T ). The waypoints can
include both contact points where rFi > 0 and non-contact points where rFi = 0. Notice
that our algorithm also optimizes the total time, therefore timestamps are not included in
the input waypoints. Different from other works that consider contact reaction wrench as
a disturbance, we treat τc(t) as a predictable state in the trajectory planning, and we also
output it to the controller.

The trajectory planning algorithm is to find an N-step state and control sequences x1:N ,

27



3. Contact-Aware Motion and Force Planning and Control for Aerial Manipulation

τa1:N , which can be formulated as an optimization problem:

min
x1:N,
τa1:N,
h1:N

N∑
n=1

(
∥vn∥2Wv

+ ∥τan∥2Wτ
+ ∥δτan∥2Wdτ

+ γ
)
hn (3.7a)

s.t. xn+1 = fdyn(xn, τan, hn) (3.7b)

0 < hn ≤ h̄ (3.7c)

pNi
= rpci, FNi

= rF i, ∀i ∈ 1, · · · ,M (3.7d)

ϕ(pn)

= 0, if rFNi
rFNi+1

> 0

> 0, if rFNi
rFNi+1

= 0
∀n ∈ [Ni, Ni+1] (3.7e)

g(xn) = 0 (3.7f)

τ a ≤ τan ≤ τ̄a, τ̇ a ≤ δτan ≤ τ̇a

v ≤ vn ≤ v̄, Ḟ ≤ δF ≤ ¯̇F (3.7g)

where ∥x∥W := x⊤Wx denotes the W -norm of x. The cost function in (3.7a)
penalizes the twist vn, control wrench τan, changing rate of the wrench δτan and time-
interval between two steps hn. Wv, Wτ , Wdτ are three diagonal weighting matrices and γ

is the scalar of time penalty.

(3.7b) represents the discrete-time dynamics of the system (3.1), derived using RK4
discretization. Since timestep hn is also an optimization variable, we impose an upper limit
h̄ on the time interval for each step (3.7c) to ensure dynamic accuracy. The value of h̄ is
determined based on the trajectory length and the total number of steps N , and is fine-tuned
during the experiments.

(3.7d) ensures the UAM tracks waypoints by imposing the vehicle sequentially pass
through the ith waypoint at step Ni. Due to the upper limit for the time interval hn, the
optimization may become infeasible if there are insufficient steps between waypoints.
Conversely, too many steps will cause a significant computational burden. We pre-allocate
the step-index Ni in proportion to the distance between adjacent waypoints to reduce the
optimization time while ensuring feasibility. We set N1 = 1 and N = NM .

(3.7e) ensures the end-effector contacts the target surface during the segment between
two contact waypoints and ensures the end-effector does not make contact with the surface
during other segments.
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(3.7f) provides the task-related constraint. Here, in the aerial calligraphy, to maintain
the end-effector perpendicular to the wall for better drawing performance, the desired UAM
orientation is constructed by (3.5)

g(x) := RB
W ⊖ rRB

W , rRB
W(p) = [t̂z, t̂y,−n̂t] (3.8)

where ⊖ denotes the subtraction operation in the SO(3) manifold. Additional safety
and feasibility constraints for vehicle control wrench, velocity and contact force are added
as (3.7g), where a and a represents the lower limit and upper limit of the variable a.

Since the time intervals obtained from problem (3.7a) may be non-uniform, we apply
linear interpolation to the planning results to ensure the control and state sequences are
consistent with the controller frequency. Given x1:T , τa1:T , h1:T , for t ∈ [Tj, Tj+1], and
Tj =

∑j
n=1 hn,

x(t) = λxj + (1− λ)xj+1, τa(t) = λuj + (1− λ)τaj+1

with λ = (t− Tj)/(Tj+1− Tj). We also calculate the model predicted contact wrench τc(t)

from (3.6) for later use. In summary, the planning algorithm outputs rx(t), rτa(t), and
rτc(t) for the hybrid motion-force controller.

3.5 Hybrid Motion and Force Control

This section discusses the design of the hybrid motion-force controller. Based on our
previous work [26], we enhance the controller by incorporating contact wrench models,
including the dynamics of contact force, friction force, and friction-induced torque.

3.5.1 Contact Wrench Estimation

Unlike the free-flight UAV, the primary challenge of UAM is to compensate the contact
wrench τc during aerial interaction. We estimate it by fusing the sensor readings into the
analytic model.

As described in (3.4), Cτc consists of both the normal and shear forces. Since we have
an F/T sensor at the origin of frame S, it allows us to estimate Cτc. Specifically, for the
aerial calligraphy task, given the planned trajectory rx, we obtain r

Cτc =
rF rα(rv). On
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the other hand, F/T sensor provides the measurement S τ̃s for the wrench at the origin of
frame S (denote as Sτs). In addition, it is obvious to see that the relation of the Sτs and the
contact wrench can be expressed as Bτc = AdTS

B S
τs. Therefore, the contact normal force

can be estimated by fusing the sensor measurement with the contact force model

F̂ =
[
AdT C

B

rα
]+

AdTS
B S

τ̃s (3.9)

where [·]+ denotes the pseudo-inverse of a matrix. Furthermore, under hover or zero tilt
condition of the fully-actuated UAM and given the specific flat vertical wall, RC

B ≈ I .
Thus, the estimate can be simplified as F̂ = [RS

BSτs[1:3]][1]. The corresponding contact
wrench estimates can be obtained as

C τ̂c = F̂α(rv) (3.10)

Here, we use reference velocity rv instead of measured velocity for robustness considera-
tions.

3.5.2 Hybrid Motion-Force Controller

The fully-actuated UAM is able to control the translation and orientation independently.
We develop a contact-aware hybrid motion-force controller based on our previous work
[26] for the UAM to track the planned trajectory rx(t).

The control wrench τa combines the output of the motion tracking controller τp and
wrench tracking controller τf as follows:

Bτa = RC
B((I6×6 −Λ)RB

C Bτp +ΛCτf ) (3.11)

where Λ = blockdiag[δ, 0, 0, 0, 0, 0] ∈ R6×6, δ ∈ {0, 1}. Intuitively, the matrix Λ selects
direct force control commands and leaves the complementary subspace for the motion
control. δ is the force motion control switch based on rF . δ is set to 0 when rF = 0,
corresponding to the pure motion control, and δ is set to 1 when rF > 0, indicating the
force control along the normal direction of the surface.

For motion control, a PID controller is designed to directly control the end-effector
motion.
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Bτp =B
rτa +AdT C

B
(C

rτc −C τ̂c)

−Kqeq −Kvev −Ki

∫
eqdt (3.12)

where

eq = [e⊤
p , e

⊤
R]

⊤, ev = [ė⊤
p , e

⊤
ω ]

⊤, ep = RW
B (Wp− W

rp)

eR =
1

2
(rRB

W
⊤
RB

W −RB
W

rRB
W

⊤
)∨, eω = ω − rω (3.13)

r
Bτa and r

Cτc come from the planning. Here (·)∨ is to extract a vector from a skew-
symmetric matrix and Kq,Kv,Ki are the positive definite tunable controller gain matrices.
Here Cτ̂c is the key novelty of the proposed controller that we incorporate contact wrench
models.

As for wrench tracking, we design an impedance controller to ensure that the end-
effector maintains the desired wrench. Given the contact force reference F r and the
estimated contact normal force (3.9), the controller is designed as:

ef = F̂ − rF, ex = eq [1]

Ff = rF −m0m
−1
d (Keex +Deėx) (3.14)

−Kf,pef −Kf,i

∫
efdt

= rF −Ke,pex −Ke,dėx −Kf,pef −Kf,i

∫
efdt

with m0, md the actual and desired vehicle mass, respectively, Ke,p is the normalized
stiffness, Ke,d is the normalized damping. Then, the control wrench Cτf = [Ff ,01×5]

⊤ and

Wτp will be passed through (3.11) to get the total control wrench. Finally, Bτa is distributed
to each rotor through the control allocation process.

Notice that τ̂c in (3.12), and F̂ in (3.9) take the contact force, including the normal
force, friction force and the induced torque into account. Therefore, the designed controller
is a contact-aware hybrid motion-force controller.
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Figure 3.4: System overview of the aerial writing platform: (a) Side view of the UAM
system, (b) custom-designed sponge pen used as the end-effector, and (c) calibration curve
showing the relationship between stroke linewidth and contact force.

3.6 End-Effector and Interface Designs

In this section, we introduce the end-effector and user interface design for the aerial
calligraphy task.

3.6.1 End-Effector Design

Aerial calligraphy requires precise tracking of target linewidths, which can be achieved
through contact force tracking. Most existing pens cannot produce varied linewidths, and
specialized tools like the Chinese Calligraphy Brush need extra steps to align bristles for
quality writing. In general, the pen for aerial calligraphy must satisfy these requirements:
1) Linewidth must correlate positively with contact force; 2) Changes in linewidth should
be noticeable with varying force; 3) The correlation should be easily adjustable; 4) Writ-
ing should remain symmetrical during force application and release; 5) The pen should
efficiently retain ink. We design a novel end-effector that meets these requirements.

Fig. 3.4 illustrates our pen design, consisting of two primary components: the sponge
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and the spring support. The cone-shaped sponge ensures isotropic properties and effectively
absorbs and retains ink. A spring encircles a metal rod within the sponge, with adjustable
stiffness and preload to fine-tune the force-linewidth curve. We dilute black ink with
isopropyl alcohol (IPA) to enhance adhesion to the operating surface, which is a dry-erase
whiteboard paper.

3.6.2 Aerial Calligraphy Interface

The interface allows users to input strokes from open-source datasets [45] or through manual
design. We also develop a touchscreen interface, implemented as an iPad application, which
enables direct drawing of target strokes by capturing waypoints and the pressure applied
during drawing. For each user input target strokes si, including waypoints Ipi (position)
in image space I and Idi (linewidth), the interface processes it using Cubicspline fitting
with constraints such as minimal curvature, and maximum and minimum linewidth to
ensure feasibility. The target contact force rFi is then calculated from the pre-calibrated
force-linewidth relationship. The position rpci is obtained by transforming Ip to frameW .
For multi-stroke letters, we add the non-contact point at the endpoints of each stroke to
enable stroke switching. Subsequently, the developed contact-aware trajectory planning
algorithm generates the reference motion-force trajectory x(t), τa(t), which the UAM
tracks to draw the target letter. In the real realization, we run the optimization for each free
flight period and continuous contact period and then stitch them together.

3.7 Experiments

In this section, we conduct experiments to demonstrate the effectiveness of our method.
We perform aerial calligraphy on several letters from different languages and investigate
the impact of various system modules and writing speeds on overall performance. More
writing results are available on our project website.

3.7.1 Experiment Setup

We use a customized fully-actuated hexarotor UAV with onboard computation handled
by an Nvidia Xavier AGX running ROS Noetic. System localization is achieved using
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Figure 3.5: Performance evaluation over repeated trials of writing the letter “A”: Top
row: Final written image. Middle two rows: Time history of end-effector position and
contact force tracking performance. Bottom row: visual comparison between the written
letter and ground truth image, evaluating the overall writing performance.

an Optitrack Motion capture system. For aerial calligraphy, the newly designed pen (Sec.
3.6.1) is mounted as the end-effector, and a dry-erase whiteboard paper is attached to a
vertical wall for drawing. The friction coefficient is pre-measured as µ = 0.4. The force-
linewidth relationship is calibrated by drawing lines with varying contact forces and fitting a
polynomial curve, as shown in Fig. 3.4. Trajectory planning and optimization is performed
using CasADI [4] with IPOPT [74] solver, initialized with a 0.1s time interval and linearly
interpolated states between the waypoints, and hover thrusts. In real applications, we
control the vehicle base for implementation convenience.

3.7.2 Aerial Calligraphy

The aerial manipulator writes three English letters: ‘A’, ‘I’, and ‘R’ in a custom typeface
and font size. We manually define the sparse waypoints with point locations and local
linewidths. The maximum reference velocity is set to 20 cm/s, the maximum acceleration
to 20 cm/s2; and the maximum contact force change rate to 2 N/s. We conducted three
trials for each letter to test repeatability.
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Figure 3.6: Comparison with the control baseline during aerial writing: Top: Writing
results for letter ‘R’. Bottom: Time history of end-effector motion and contact force tracking
performance.

Table 3.1: Ablation Studies Results

Our Method Control Baseline Planning Baseline
EE Pos RMSE (cm) 2.93 ± 0.40 5.47± 0.74 4.40± 0.14

Base Pos RMSE (cm) 2.48 ± 0.39 4.07± 0.93 3.68± 0.65
Force RMSE (N) 0.72 ± 0.11 1.89± 0.07 1.04± 0.28

IoU 0.59 ± 0.09 0.43± 0.12 0.49± 0.06
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Fig. 3.5 shows the visual performance of the written letter. The UAM tracks motion
and force trajectories well, with the written letters closely matching the target shapes and
linewidths. Challenges arise when the UAM changes direction or at the start and end points
of strokes due to the non-homogeneous property of the sponge pen during the establishment
and detachment of contact. Smaller circular sections, such as the bottom-left curve of the
letter ‘A’, or the bottom-left part of the letter ‘I’ (see Fig. 3.7), also present difficulties. This
is presumably due to the rapid changing of friction mode (static or sliding friction) and
friction force (both magnitude and direction) in these areas which requires a more accurate
friction model. Despite these issues, the controller’s performance is consistent across trials.

To quantitatively evaluate the performance, we calculate the Root Mean Squared Error
(RMSE) by comparing the reference trajectory, shown in Tab. 3.1. The RMSE of the base
position tracking is around 2.5 cm and of end-effector (ee) position tracking is around 2.9

cm. The contact force RMSE is around 0.7 N, which is better than the previous work that
tracked constant contact force [26]. This improvement is attributed to the developed contact-
aware motion and force planning and control, which compensates for unmodeled behavior.
We also use Intersection over Union (IoU) to evaluate the overall visual performance. We
transform both the target and written letters into binary images, treating the letter as the
target region at the pixel level. Our method achieves an average IoU of 0.59, with an
average intersection ratio of 0.79 and an average union ratio of 1.35.

We also test our system on a more complex scenario: Chinese idiom calligraphy. As
shown in Fig. 3.1, these characters feature more strokes, intricate shapes, and sharper
turns. Our system still successfully wrote these characters with tracking and visual errors
comparable to previous tests, highlighting the robustness of our approach across diverse
writing tasks.

3.7.3 Ablation Studies

We conducted an ablation study to investigate the benefits of the proposed trajectory
planning and hybrid motion-force control modules. We compared system performance
under three scenarios: 1) our proposed approach; 2) without the friction and contact force
model in the controller (Control Baseline); and 3) without contact-aware trajectory planning
(Planning Baseline), using equal distance sampling of target waypoints for reference
trajectory instead, which only passes rq into the controller. The results are shown in Tab.
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Figure 3.7: Comparison with the planning baseline during aerial writing: Top: Writing
results for letter ‘I’. Bottom: Time history of end-effector motion and contact force tracking
performance.
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Figure 3.8: Effect of velocity profiles on aerial writing performance: This figure shows
the visual results of writing the letter “I” under different end-effector velocity profiles.
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3.1.

Fig. 3.6 shows the comparison with scenario 2). It is clear that without a proper contact
force model, the contact force trajectory tracking is less accurate, leading to inconsistent
stroke widths and occasional loss of contact. Without a proper friction force model, the
written letter shapes are distorted, particularly at the ends of strokes and junctions, such as
the vertical line and junction of the letter ‘R’.

Fig. 3.7 shows the comparison with scenario 3). Without proper dynamic constraints,
the linear interpolated reference trajectory makes sharp turns at corners, resulting in dis-
continuous velocity references that are unfeasible for the vehicle. This causes overshoots
at corners, such as the bottom-left corner of the letter ‘I’. In addition, testing the Planning
Baseline with a slower speed resulted in even worse performance due to frequent switching
between static and sliding friction, introducing more complex friction dynamics.

3.7.4 Speed Comparison

To demonstrate the effects of the velocity on writing accuracy, we perform the experiments
with three different velocity profiles whose maximum speed is 24.3 cm/s, 33.1 cm/s, and
40.2 cm/s. Fig. 3.8 shows the visual results. The proposed method achieves a final writing
IoU of 0.562 at a velocity of 40 cm/s. To the best of our knowledge, this is significantly
faster than all related works [70]. The main restriction on achieving higher velocities is the
calibrated contact force change speed, limited by hardware and the contact model. Given
that sliding at a slow speed introduces extra challenges, there is an optimal velocity range,
highlighting the necessity of our trajectory planning algorithm.

3.7.5 Aerial Calligraphy with Touchscreen Interface

We demonstrate the convenience of our touchscreen interface for a complete aerial writing
demo. A human user writes ‘2024’ on the touchscreen. We then preprocess the input
waypoints to make them feasible for our system. We regenerate the target image and render
it for user verification. The UAM then performs contact-aware trajectory planning and
hybrid motion-force control to draw the letters. Fig. 3.9 shows the user’s raw input, the
regenerated target image, and the written letters by the UAM. The touchscreen provides a
more intuitive way for users to input targets.
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(c)

(a) (b)

IoU: 0.546

Figure 3.9: End-to-end aerial writing from user input to execution: (a) The user
draws the target strokes “2024” on a touchscreen interface. (b) The planned trajectory
with uniformly spaced timesteps, where denser green waypoints indicate slower planned
velocities. (c) The final written result produced by the aerial manipulation system.

3.8 Conclusion

In this letter, we propose a general framework to simultaneously track time-varying contact
force in the surface’s normal direction and motion trajectories on tangential surfaces.
Specifically, we propose an aerial calligraphy system. Our pipeline imports predefined
target strokes or user drawings from a touchscreen, generates a dynamically feasible
trajectory, and controls the UAM to write the target calligraphy. Experiments demonstrate
that our method can draw diverse letters with effective motion and force tracking. The IoU
of the final drawing is 0.59, and the end-effector position tracking RMSE is 2.9 cm. Future
work includes integrating the touchscreen as an online teleoperation interface.
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Chapter 4

End-Effector-Centric Framework for
Versatile Aerial Manipulation

4.1 Introduction

To achieve greater generality and versatility in aerial manipulation, this chapter proposes an
end-effector-centric (ee-centric) control and policy learning framework. Although previous
chapters introduced task-specific control and planning strategies, real-world manipulation
often requires handling diverse tasks without significant system reconfiguration. Drawing
inspiration from classical robotic manipulation paradigms, we develop an ee-centric Model
Predictive Control (MPC) approach that abstracts low-level platform dynamics from high-
level task planning and policy execution. Complementing this control architecture, we
present a teleoperation interface and an imitation learning pipeline, enabling seamless
human demonstration and subsequent autonomous policy generation. Experimental results
validate the system’s versatility by executing a variety of manipulation tasks—such as
pick-and-place operations, peg-in-hole insertion, and light bulb replacement—without
task-specific controller adjustments.

41



4. End-Effector-Centric Framework for Versatile Aerial Manipulation

(a)

(b)

(c)

(d)

Figure 4.1: Demonstration of versatile aerial manipulation capabilities: The proposed
framework enables robust execution of diverse tasks, including (a) writing “2025,” (b)
peg-in-hole insertion, (c) pick-and-place, and (d) light bulb replacement.
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Figure 4.2: Overview of the end-effector-centric aerial manipulation framework:
The system integrates a UAM platform, an end-effector-centric whole-body MPC, and
a high-level policy module that includes both a teleoperation interface and an imitation
learning framework using Action Chunk with Transformer (ACT) [89]. The high-level
policy—whether from human input or a learned controller—outputs target end-effector
states, which are tracked by the MPC to generate motor commands for the UAM.

4.2 Related Works

4.2.1 Aerial Manipulation

There have been many research efforts exploring aerial manipulation for various kinds of
tasks [57]. Based on the motion primitives they require, common aerial manipulation tasks
can be categorized into: 1) Aerial Interaction, which requires maintaining contact with
external objects, for tasks such as inspection [6, 7, 27], aerial writing [30, 48, 70] or pushing
a target [10]. Researchers mostly developed a point-contact arm, such as a rigid rod, and
proposed the hybrid motion-force control framework, although achieving high-precision
tracking performance, struggled to handle scenarios requiring grasping; 2) Aerial Grasping
[54], where previous works mainly focused on designing different custom end-effectors,
such as claw [60] or soft gripper [22]. Some work also showed amazing results, achieving
high-speed grasping, or grasping moving objects [71], but sacrificed payload capacity or
precision due to specialized hardware designs. 3) Aerial Insertion. Typical work includes
[61] where they proposed a specific hole searching policy for bolt screwing tasks, and [76]
where they achieved mm-level peg-in-hole task; 4) Manipulate articulated objects such as
doors [65], or valves [11]. In general, although different works have shown success on
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different specific tasks, the specific system design and algorithm development make the
same hardware and algorithm hard to deploy to different tasks, reducing its potential for
practical long-horizon versatile aerial manipulation tasks. In our work, we target these four
types of aerial manipulation tasks, developing a versatile framework to handle all of them.

4.2.2 Mobile Manipulation Framework and EE-Centric Interface

Combining a whole-body tracking controller with a high-level policy has shown promise in
mobile manipulation systems such as humanoids. [33] proposed a framework that consists
of a robust humanoid whole-body controller with a high-level policy, either an autonomous
agent like GPT-4o or an imitation learning policy learned from teleoperation. [23] developed
a system that consists of a transformer-based low-level control and imitation learning for
humanoids. [34] discussed the interface between high-level policy and low-level controller,
and proposed a unified controller for humanoid whole-body control supporting versatile
interfaces. Beyond the explicit whole-body motion, some work extends the interface to
latent variables and extends the whole-body control to a vision-motor manipulation policy.
[86] proposed a hierarchical framework that consists of the understanding module, a pre-
trained large visual-language model running in low-frequency, and the execution module,
a visual-based action policy running in high-frequency. Gemini robotics [67], Helix [19],
and Isaac GR00T N1 [5] also adopted similar structures.

Defining tasks or commands using ee-centric approaches is widely adopted in general
manipulation fields, as it is more intuitive and can be cross-embodiment. For example,
Båberg et al. [13] developed a teleoperation interface to enable full control of the end-
effector pose. The Universal Manipulation Interface [15, 29] demonstrates a data-collection
and policy-learning framework that allows direct skill transfer from in-the-wild human
demonstrations to multiple robot embodiments. Their system employs a hand-held gripper
and carefully designed hardware-agnostic policies, showcasing the potential for ee-centric
solutions in multi-platform scenarios. Similarly, other mobile manipulation strategies, such
as N2M2 [37, 38] and HarmonicMM [80], reduced the operator’s burden by extracting
feasible base motions from end-effector trajectories. However, these works generally
remain limited to ground robots. Although several aerial manipulation studies have adopted
end-effector-centric methods [8, 28], they primarily focused on developing controllers to
track specified end-effector trajectories without a systematic framework that tackles various
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tasks comprehensively.

In our work, we propose to adopt the two-layer hierarchical system for aerial manip-
ulation and propose a unified framework with the ee-centric interface for versatile aerial
manipulation tasks.

4.2.3 Teleportation and Imitation Learning

Developing a robust and practical autonomous aerial manipulation policy is extremely
challenging due to complex real-world environments and high precision and safety re-
quirements. Moreover, policies are typically designed to handle specific tasks and lack the
generality to handle unexpected conditions. Therefore, teleoperation, which takes human
effort into the loop for policy development, attracts researchers’ interest as a practical
solution. For example, [3] developed the UAM with a fully actuated UAV with a 0 DoF
arm and controlled the end-effector directly by teleoperation, but their method is highly
coupled with the specific UAM design, and the system struggles with versatile tasks due to
the workspace limitation. In most structured UAM teleoperation works, users control each
DoF separately [81] or explicitly switch to different modes during different phases [16].
Both of these increase the human teleoperator’s burden and require the teleoperator to have
a rich understanding of the specific hardware system. Moreover, even if incorporated with
human input, the previous works still have not shown vast versatility in different tasks and
scenarios.

Recently, imitation learning (IL) has demonstrated significant potential for autonomous
policy learning due to its high data efficiency, straightforward framework, and outstanding
performance. Recent progress in both systems, such as ALOHA [89] and mobile ALOHA
[24], and algorithms, such as ACT [89] and diffusion policy [14], have significantly
facilitated the success of long-horizon, contact-rich, complex manipulation tasks. However,
there is no precedent to incorporate such IL-based policy into aerial manipulation fields
due to the lack of a mature demonstration collection system, such as a well-developed
teleoperation system, and the lack of a proven framework. In this work, we develop an
intuitive teleoperation system using the ee-centric framework. It also helps to collect
human demonstration data, enabling us to develop an imitation learning-based policy for
autonomous aerial manipulation.
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4.3 System Overview

Our aerial manipulation system is designed to enable precise and versatile operations. The
system incorporates an end-effector-centric (ee-centric) interface to decouple high-level
decision-making from low-level control, increasing the framework’s versatility. As shown
in Fig. 4.2, our system consists of an aerial manipulator platform, an ee-centric whole-body
MPC, and an ee-centric policy module. The hardware platform consists of a fully-actuated
hexarotor and a 4 DoF robotic arm. The platform has a large enough workspace and
wrench space for different tasks. A motion capture system and onboard IMUs are used
for drone state estimation. The joint encoders are used to get arm joint angles, and the
end-effector states are then calculated based on forward kinematics. The ee-centric whole-
body MPC reads the end-effector state target from high-level policy and generates the
reference trajectory and reference control for both the UAV and the robotic arm. An L1
online adaptation control term is designed to further improve the tracking performance.
The UAV control commands are then sent to the control allocation to generate the motor
commands for the UAV to execute. At the most high-level, the ee-centric policy module
gets current observations and generates the target end-effector states online without the
need to consider the specific platform jointly. We developed two high-level policy modules.
The first is the ee-centric teleoperation interface that allows human users to directly control
the end-effector pose. The second is an imitation learning framework, where we adopt
Action Chunking with Transformers (ACT) [90], to learn autonomous policies from human
teleoperation demonstrations. The following sections will introduce the developed modules
accordingly.

4.4 Hardware Design

4.4.1 Fully-Actuated UAV

The foundation of the system is a fully-actuated hexarotor UAV capable of independently
generating six-dimensional forces and torques, based on our previous works [27, 28, 30].
This capability allows precise control of position and orientation, which is essential for
executing complex aerial manipulation tasks. The robust design ensures stability in dynamic
environments while ensuring high-precision end-effector tracking. We use Tarot680 as the
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drone base, 6 KDE 4215XF motors with 12-inch 2-blade propellers as our driving force,
LiPo batteries for on-board power supply, an Intel NUC for on-board computation, and a
customized PX4 autopilot for low-level flight control and information processing.

4.4.2 Manipulator

The UAV integrates a 4-DOF robotic manipulator optimized for versatile and precise task
execution. The arm features three pitch joints and one roll joint, driven by Dynamixel
XM540 and XM430 servos. Its configuration allows high-precision operations. The system
achieves whole-body manipulation capabilities by combining the UAV’s actuation with the
manipulator, enhancing task execution across diverse scenarios. The manipulator includes
a modular end-effector, allowing interchangeable tools for specific tasks. For instance, a
two-finger gripper with replaceable tips enables precision handling, while a circular gripper
is ideal for changing light bulbs.

4.4.3 Perception

In this work, we mainly focus on the indoor environment, and we include a brief discussion
about outdoor environment applications in Appendix B. We use both the motion capture
system and the PX4 onboard IMU for drone state estimation. The motion capture system
provides the UAV’s position and can be replaced with other localization methods, such as
SLAM [88]. The manipulator arm joint angles are estimated by the joint encoders, and the
end-effector states are online calculated based on forward kinematics.

To further improve drone perception for teleoperation and autonomous policy develop-
ment, we equip the aerial manipulator with two RealSense RGBD cameras. One camera is
mounted on the UAV base to capture a broad view of the entire workspace, while the other
is positioned near the end-effector to deliver detailed close-up views of the target area. This
dual-camera setup ensures teleoperators and vision-based policies can maintain precise
control and situational awareness during complex manipulation tasks.
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Figure 4.3: UAM hardware system design with key functional components: The system
consists of (1) a fully-actuated hexarotor base, (2) a 4-DoF manipulator, (3) Intel RealSense
cameras for vision-based perception and feedback, and (4) an end-effector gripper for object
interaction. The coordinate frames shown in the right diagram represent the reference axes
used throughout the system.

4.5 System Modeling

4.5.1 Frames and Notation

The frames depicted in the Fig 4.3 are defined as follows: FW is an inertial world frame
with its z-axis opposite to the gravity vector, ensuring ẑW points upward. FB is rigidly
attached to the UAV’s body at its center of gravity, with axes (xB, yB, zB) aligned with
the UAV body frame. FD is the manipulator base frame, centered at the attachment
point of the manipulator on the UAV. The transformation from FB to FD is defined by a
constant translation pD ∈ R3 and a fixed orientation RD

B ∈ SO(3). FE is the end-effector
frame with axes (xE, yE, zE), where xE is aligned with the roll axis of the 4th joint of the
manipulator, while yE remains horizontal. Other symbols in the paper are listed in Table
4.1 for the convenience of the following discussion.

4.5.2 Fully-Actuated UAV Dynamics

A fully-actuated UAV is adopted as the base of the aerial manipulator, which can generate
six-dimensional force and torque independently. Let the generalized position of the UAV be
represented as q = [p,RW

B ], where p ∈ R3 represents the position of the UAV in the global
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Table 4.1: Notation Overview

Symbol Dimension Description

m R Mass

J R3×3 Inertia tensor

p, RW
B R3, SO(3) UAV position expressed in FW and orientation between FB

and FW

v R3 Generalized velocity, expressed in FW

τ R6 Control wrench

τext R6 External disturbance wrench

gW R6 Gravity vector in FW

pE , RW
E R3, SO(3) End-effector position expressed in FW and orientation be-

tween FE and FW

θ R4 Current joint angles

θcmd R4 Commanded joint angles

d R4 Joint servo disturbance

ζ R3×4 DH parameter with the ith joint component [θi, li, ai, αi]
T

β R Joint motor delay constant
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coordinate frame, and RW
B ∈ SO(3) represents its orientation. The generalized velocity is

denoted as v = [ṗ,ω], where ω ∈ R3 is the angular velocity.

The UAV dynamics can be formulated using Newton-Euler equations for rigid body
motion as follows:

Mv̇ +Cv + g = τ + τcxt (4.1)

with inertia matrix M ∈ R6×6, centrifugal and Coriolis term C ∈ R6×6, gravity wrench
g ∈ R6, control wrench τ ∈ R6 from the UAM actuators, and unknown external wrench
τext ∈ R6 from model mismatch and manipulator interaction.

Specifically, we have

M = diag
([

mI3×3 J
])

, (4.2)

C = diag
([

m[ω]× −J [ω]×

])
, (4.3)

g = m diag
([

RW
B 03×3

])
gW . (4.4)

where m is the vehicle mass, J is the moment of inertia at the vehicle center of mass in the
body frame, gW = [0, 0, g, 0, 0, 0]⊤ is the gravitational acceleration in FW , and [∗]× is the
skew-symmetric matrix associated with vector ∗.

4.5.3 Manipulator Kinematics

In this work, the manipulator employs servos as joint actuators, which cannot accurately
control joint torques directly. Therefore, only the kinematics of the manipulator is consid-
ered in the system modeling. The interaction between the manipulator and the fully-actuated
UAV is treated as a disturbance and is compensated in real-time using L1 adaptive control.

We use the standard Denavit-Hartenberg (DH) convention [18] to model the forward
kinematics of our 4-DoF robotic arm. Under the DH formulation, the adjacent frame
transformation T i−1

i is characterized by four parameters θi, di, ai, αi, where the first one is
the joint angle and the last three are pre-identified and fixed during robot movement. Define
DH parameter ζi = [θi, li, ai, αi]

⊤ ∈ R4. The frame transformation from end-effector frame
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to arm base body frame can be written as

TD
E (θ; ζ) =

4∏
i=1

T i−1
i (θi; ζi) (4.5)

Then the transformation from world frame to end-effector frame can be computed as
follows:

TW
E =

RW
E pW

E

01×3 1

 = TW
B · TB

D · TD
E (4.6)

where TW
B can be obtained from UAV odometry and TB

D is a fixed transformation between
the manipulator base and the UAV.

The accurate DH parameters are obtained through system identification. We collect
motion data of the manipulator using a motion capture system and compute the DH
parameters via least squares regression. The detailed parameter values are presented in
Table 4.3.

4.5.4 Manipulator Motor Delay

The servo motor dynamics are approximated as first-order systems to account for command-
to-state delay. For the 4-DoF manipulator, the relationship between commanded joint
angles θcmd ∈ R4 and actual joint angles θ ∈ R4 is governed by:

diag(β)θ̇ + θ = θcmd + d (4.7)

where β ∈ R are the joint-specific time delay constants, and d ∈ R4 is the unknown
disturbance in servo control. This formulation captures the transient response characteristics
of each actuator. The motor delay coefficients β are identified alongside the DH parameters
using least squares regression, with the results presented in Table 4.3.
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4.6 End-Effector-Centric Whole-Body Control with
Online Adaptation

Given the over-actuated nature of our system and the users’ primary focus on the end-
effector motion, we employ model predictive control to regulate the end-effector trajectory.
This approach enables whole-body coordination between the manipulator and the fully-
actuated UAV, ensuring precise and efficient end-effector motion control. As discussed in
previous sections, the complex interaction between the manipulator and the UAV is treated
as the disturbance in the modeling stage, which introduces uncertainty in the nominal model
used in the whole-body MPC. To mitigate the disturbances and model uncertainties, we
integrate the L1 adaptive controller, ensuring robust disturbance compensation and accurate
tracking performance. The diagram of the control algorithm is illustrated in Fig. 4.2.

4.6.1 End-Effector-Centric Model Predictive Controller

In the following, we describe the whole-body MPC framework used to optimize the end-
effector reference trajectory.

For the MPC formulation, we define the following state and control variables:

x :=
[
pE RW

E v θ
]

u :=
[
τ θcmd

]
(4.8)

We use the following error functions for the position of the end-effector, the UAM
velocity, the wrench control input, and the manipulator joint angle, respectively:

ep = pE − pr
E (4.9a)

eR =
1

2

(
RW

E

r⊤RW
E −RW

E

⊤
RW

E

r)∨ (4.9b)

ev = v − vr (4.9c)

eθ = θ − θr (4.9d)

eu = u− ur (4.9e)

where (∗)∨ is the vee-operator that extracts a vector from a skew-symmetric matrix ∗
and (·)r represents the reference state values. The reference signals pr

E and RW
E

r are
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provided by a high-level teleoperation command or derived from an imitation learning
policy. Manipulator default joint angle θr is pre-selected, and we define the reference
control ur = [06, θ̂], where θ̂ is the current joint states.

The MPC formulation minimizes a cost function over a finite time horizon H while
subject to system dynamics and constraints:

uopt = argmin
u

{
Le(xH ,x

r
H) +

H∑
i=1

Lr(xn,x
r
n,un)

}
(4.10a)

s.t. xn+1 = fdyn(xn, τn) (4.10b)

x0 = x̂, xn ∈ X (4.10c)

ulb ≤ u ≤ uub (4.10d)

Eq. (4.10a) defines the optimization objective, where H represents the discrete prediction
horizon. The stage and terminal costs, Lr and Le, are quadratic functions of the tracking
errors, given by e⊤

i Qiei, where ei ∈ {ep, eR, ev, eθ, eu}. The gain matrices Qi are positive
definite and tuned experimentally to balance precision and robustness.

Eq. (4.10b) enforces the discrete-time system dynamics, incorporating the fully actuated
UAV dynamics Eq. (4.1), manipulator kinematics Eq. (4.6), and joint servo dynamics Eq.
(4.7). The continuous system dynamics are discretized using a fourth-order Runge-Kutta
(RK4) integration scheme to maintain numerical stability and accuracy. Disturbances τext
and d are ignored in the MPC formulation and solving process, but will be handled in the
following Section 4.6.2 via online L1 adaptation.

Eq. (4.10c) introduces state constraints, where x̂ represents the latest state estimate.
The feasible state space X is defined by: 1) Self-collision avoidance constraints: ensuring
that the manipulator does not collide with the UAV structure. 2) Environment collision
constraints: preventing the UAV contact with external obstacles. 3) Safety constraints:
including velocity limits and joint angle restrictions to ensure safe operation.

Eq. (4.10d) imposes actuation limits on the aerial manipulator, where ulb and uub define
the lower and upper bounds of the control inputs.

The end-effector centric whole-body MPC formulation is a general framework that
can adapt to various vehicle types and can extend to systems with multiple end-effectors.
The control inputs, UAV dynamics, and arm kinematics can be tailored to specific vehicle
and manipulator configurations, ensuring flexibility across different aerial manipulation
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systems.

4.6.2 L1 Online Adaptation

As discussed in previous sections, the complex interaction between the manipulator and the
UAV is treated as the disturbance, which introduces uncertainty in the nominal model used in
the whole-body MPC. Such model uncertainties are typically bounded, and prior knowledge
about their characteristics is usually available [31, 58]. To mitigate the disturbances and
model uncertainties, we integrate the L1 adaptive controller, ensuring robust disturbance
compensation and accurate tracking performance.

We adopt the L1 adaptive controller from [40, 79] in both the fully-actuated UAV motion
control and the manipulator joint angle tracking control, to compensate the disturbance τext
in Eq. (4.1) and d in Eq. (4.7).

The adaptation law is designed by

M ˙̂v +Cv̂ + g = τ + τ̂ext +Av(v̂ − v) (4.11a)

τ̂ ′
ext = −(eAvdt − I6×6)

−1Ave
Avdt(v̂ − v) (4.11b)

τ̂ext ← low pass filter(τ̂ext, τ̂ ′
ext) (4.11c)

where v̂ ∈ R6 denotes the estimated UAV velocity, Av is a Hurwitz matrix, dt is the
discretization step length, and τ̂ext ∈ R6 encapsulates the unknown wrench disturbances.
Here Eq. (4.11a) is a velocity estimator and Eq. (4.11b) and Eq. (4.11c) update and filter
the disturbance τ̂ext.

Thus, the total UAV wrench control command τ ∗ is computed as

τ ∗ = τmpc + τ̂ext (4.12)

Similarly, the L1 adaptive controller for the manipulator joint angles is formulated to
compensate for dynamic disturbances and model uncertainties:

diag(β)
˙̂
θ + θ̂ = θcmd + d̂+Ad(θ̂ − θ), (4.13a)

d̂′ = −(eAddt − I4×4)
−1Ade

Addt(θ̂ − θ), (4.13b)

d̂← low pass filter(d̂, d̂′). (4.13c)
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where θ̂ is the estimated joint state, and the disturbance term d̂ ∈ R4. Thus, the final joint
control command θ∗, incorporating the adaptive disturbance compensation, is given by:

θ∗ = θcmd + d̂. (4.14)

4.7 EE-Centric Teleoperation and Policy Learning

As we mentioned, our framework enables the decoupling between the high-level policy and
low-level controller, with the ee-centric interface serving as the sole connection between
them. This allows the policy to be embodiment-agnostic, eliminating the need to consider
low-level tracking control. In this section, we introduce two aerial manipulation systems
we developed based on this framework: the ee-centric aerial teleoperation system and the
imitation-learning-based autonomous aerial manipulation system.

4.7.1 EE-Centric Aerial Teleoperation

We developed an aerial manipulation teleoperation system with the ee-centric interface,
allowing the operator to focus solely on controlling the target end-effector pose, as if they
have complete control of a freely moving hand in 3D space.

Robotic teleoperation requires bidirectional communication between the user and the
robot. For the user-to-robot command, we developed a gamepad program so that the user
can control the end-effector position pE

r and orientation RW
E

r with buttons and joysticks.

For robot-to-user communication, different from tabletop and mobile manipulation
settings, users in aerial manipulation settings often lack direct visual access to the workspace,
making it necessary to rely on onboard perception systems. In our work, we address this
limitation by providing real-time visualization of RGB images captured from cameras
mounted on both the end-effector and the base of the UAM. These images are displayed
on monitors for continuous user observation. Further enhancing teleoperation efficacy, we
have found it crucial to also visualize the user’s inputs directly. To this end, we render
the commanded target end-effector pose trajectories in real-time within 3D world frame
plots. This dual approach of visual feedback not only improves spatial awareness but also
significantly enhances user performance in teleoperation tasks.
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4.7.2 EE-Centric Policy Learning

To establish the autonomous aerial manipulation policy for versatile tasks, we develop
an ee-centric policy learning framework based on imitation learning. Specifically, we
adopt Action Chunk with Transformer (ACT) as the network structure [89]. ACT utilizes
a Conditional Variational Autoencoder (CVAE) where the encoder compresses action
sequences and joint observations into a latent style variable. The transformer-based decoder
generates action sequences from the latent variable (only during training and set to be the
mean of the prior during testing), current joint observations, and encoded image features.
The action chunking mitigates compounding errors and enhances the model’s ability by
predicting multiple future actions at once.

In this work, the ACT policy as well as policy observation and action are defined as
follows:

at:t+K = πφ(ot) (4.15)

ot =
{
IE, IB, pE, R

W
E

}
t

(4.16)

at =
{
pr
E, R

W
E

r}
t

(4.17)

where π denotes the ACT policy and φ is the network parameter. IB, IE are RGB images
from the base camera and the end-effector camera, each with 640 × 480 resolution. K

is the chunking size. pE , RW
E , pr

E , RW
E

r denote the current and target UAM position
and orientation, respectively. We use ResNet-18 as the backbone to encode the RGB
images before inputting them into the transformer encoder. The flowchart of the algorithm
implementation is illustrated in Fig. 4.2.

4.8 Experiments

To validate the effectiveness of our proposed framework, we conduct a series of experiments
focusing on end-effector trajectory tracking, aerial teleoperation, and policy learning for
autonomous aerial manipulation1. We first assess whether the proposed whole-body MPC
with L1 adaptation approach enhances trajectory tracking accuracy. Additionally, we

1Please check out our project page for more visualization videos: https://lecar-lab.github.
io/flying_hand/.
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evaluate how the ee-centric interface facilitates intuitive and precise teleoperation, reducing
operator burden and improving task execution in a series of teleoperation tasks. Finally, we
investigate whether the high-quality teleoperation demonstrations can be leveraged to train
imitation learning-based policies for autonomous aerial manipulation in both simulation
and real-world environments.

4.8.1 Experimental Setup

Trajectory Tracking Task Setup

To show the effectiveness of our proposed method in end-effector trajectory tracking tasks,
we perform a comparison between our control methods against two baseline approaches:

• w.o. MPC: This baseline replaces the ee-centric MPC with the Direct Force Feedback
Control(DFFC) method from [56], which directly controls the end-effector accelera-
tion based on the current reference pose. However, it lacks a prediction horizon to
account for future trajectories.

• w.o. L1: This baseline excludes the L1 adaptive component, leaving disturbances
from UAV and manipulator interactions and modeling uncertainties uncompensated
during control execution.

We conduct experiments with three types of reference trajectories for the end-effector,
each lasting 60 seconds. The setpoint trajectory requires the aerial manipulator to keep
the end-effector hovering at a fixed position pE = [0.0, 0.0, 1.3]. The ellipse trajec-
tory requires tracking a sinusoidal trajectory defined as pE = [0.5 sin(0.3t), 0.0, 1.4 +

0.2 sin(0.3t + 0.75)]. The figure-8 trajectory requires tracking a trajectory pE = [0.1 +

0.6 sin(0.3t), 0.0, 1.35 + 0.25 sin(0.6t)]. The maximum velocity in the reference trajectory
is about 0.2 m/s. The pitch, row, and yaw attitude of the end-effector are all fixed at zero
during the tracking. Root Mean Square Error (RMSE) is used as the tracking performance
evaluation criterion. Each trajectory is repeated three times to compute the mean and
standard deviation.

Aerial Manipulation Task Setup

We conducted a series of experiments to evaluate the capabilities and applications of
our aerial manipulation system. We select different typical tasks from each category we
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Table 4.2: Controller Parameters

Horizon Length T 2.5 s
Horizon Steps N 100

State Cost Qp diag(12, 12, 12)

Rotation Cost QR diag(10, 10, 10)

Velocity Cost Qv diag(0.1, 0.1, 0.1)

Joint Angle Cost Qθ diag(0.1, 0.1, 0.1)

Control Cost Qu diag(0.03, 0.03, 0.03, 0.1, 0.1, 0.1)

discussed in Sec. 4.2.1, including:

• Aerial Writing: Drawing a target shape (the digit “2025”) on a vertical wall, with an
overall size of approximately 3m × 0.8m. This task required precise specification
and tracking of the end-effector pose trajectory while maintaining stable contact with
the surface.

• Aerial Peg-in-Hole: Inserting a 20 mm diameter pole into a 50 mm diameter hole
positioned around 150 cm above the ground.

• Rotate Valve: Manipulating the articulated valve by grasping its handle and rotating
it along a 20 cm diameter circle, emulating industrial valve manipulation.

• Aerial Pick and Place: Grasping and placing various objects with different shapes
and sizes, including the screwdriver, pen, tape, and glue bottle.

• Unmount Light Bulb: Grasping a mounted light bulb and unscrewing it from the
socket.

• Mount Light Bulb: A long horizon task that requires a sequence of motion, including
inserting a light bulb into a socket, screwing it in, and subsequently turning it on by
pressing the button.

For different tasks, different end-effectors are adopted, including the parallel jaw gripper
for the pick and place and peg-in-hole task, a passive elastic claw for grasping the light
bulb, and a bucket-shaped gripper for rotating the valve.
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Table 4.3: System Identification Results

Mass Matrix M diag(0.105, 0.121, 0.101, 0.025, 0.011, 0.013)

Motor Delay β (0.66, 0.68, 0.81, 0.85)
Joint 1 DH Param ζ1 d1 = 0.0, a1 = 0.363, α1 = 0.10

Joint 2 DH Param ζ2 d2 = 0.050, a2 = 0.441, α2 = −0.10
Joint 3 DH Param ζ3 d3 = 0.0, a3 = 0.007, α3 = −1.578
Joint 4 DH Param ζ4 d4 = 0.076, a4 = 0.200, α4 = 0.0

4.8.2 Implementation Details

The optimal control problem in the ee-centric MPC is implemented using ACADOS [72]
with a 25ms discretisation step and a 2.5s constant prediction horizon, running in 100 Hz,
and other controller parameters are listed in Table 4.2. The control output is executed in a
receding horizon style, where at each iteration, only the first control input u0 is applied to
the system.

Since both the L1 adaptive controller and the MPC controller require accurate system
modeling fdyn to achieve effective control performance, we perform system identification
to estimate uncertain parameters shown in Table 4.3. We excite the system with two types of
motions. First, arm motion-only trajectories are executed while keeping the UAV stationary
to calibrate the DH parameters ζ and joint servo delay β. These trajectories ensure that the
manipulator kinematic parameters and joint motor dynamics accurately reflect the actual
manipulator motion response. Second, UAV free-flight trajectories are conducted to identify
the drone dynamics described in Eq. (4.1).

4.8.3 Experiment I: Control Performance

Table 4.4 shows the comparison of our approach against w.o. MPC and w.o. L1 baselines
in three types of reference end-effector trajectories. The results show that our proposed
method achieves the lowest tracking error, with approximately 1 cm in hover and 4 cm
during motion. In contrast, the baseline w.o. L1 exhibits 1.3 cm and 6.5 cm, respectively,
while the baseline w.o. MPC performs the worst, with 2 cm in hover and 8 cm in motion.
As shown in Fig. 4.4, compared with our method (blue), the baseline w.o. L1 (green)
exhibits overshoot in the X and Z axes and bias in Y, indicating that the L1 controller
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Table 4.4: End-Effector Trajectory tracking performance

RMSE (cm) Setpoint Ellipse Figure-8

Our Method 1.00 ± 0.11 3.98 ± 0.41 4.62 ± 0.58
w.o. L1 Adaptation 1.33 ± 0.16 6.67 ± 0.42 6.28 ± 0.50
w.o. MPC 2.07 ± 0.19 8.52 ± 0.79 7.35 ± 0.51

effectively mitigates both transient and steady-state errors caused by model uncertainties.
The baseline w.o. MPC (orange) suffers from significant motion lag, as DFFC fails to
account for trajectory feedforward. Fig. 4.5 depicts the error distribution for all trajectories
using the proposed methods and two baselines, showing that our method achieves the
smallest and most centered error, whereas the L1 baseline exhibits steady-state errors and
the MPC baseline displays a broader error spread due to dynamic lag. These results confirm
the effectiveness of our proposed control scheme.

To further analyze the contribution of the L1 adaptive control, specifically its effec-
tiveness in handling model mismatch and interaction disturbance, we visualized the base
external wrench τext measured from motion capture by numerical differentiation and the
estimated wrench τ̂ext from L1 adaptation. The interaction force is within 5 N and the
torque within 1.4 Nm. Fig. 4.8 shows disturbances along the base x (red), z (blue) and θpitch

(green), respectively. The disturbances and model uncertainties primarily arise from arm
motions, inaccurate thrust gain, and hovering thrust bias. Shaded areas indicate obvious
interaction torque in base pitch resulting from arm motion. The results demonstrate that the
L1 adaptive controller accurately compensates for base disturbances, effectively mitigating
the impact of model mismatch.

We also investigate the contribution of arm flexibility to end-effector tracking perfor-
mance by increasing the arm control cost 5 times. Fig. 4.6a Slow-Arm results show a 35%
larger end-effector tracking error when arm flexibility is restricted, with a more oscillating
end-effector trajectory (Fig. 4.6c) compared to the MPC with flexible arm (Fig. 4.6b).
This aligns with the intuition that higher arm flexibility improves end-effector tracking
performance, as the arm typically responds faster than the drone base.

Despite the high tracking performance of the proposed methods, Fig. 4.7 reveals that
tracking error increases at lower altitudes (around 1m), likely due to unmodeled ground
and wall effect disturbances. Additionally, oscillations in the end-effector trajectory are
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Figure 4.4: End-effector tracking performance on an figure-8 trajectory: The tracking
results show that the baseline without MPC exhibits significant lag, while the baseline
without L1 adaptation suffers from static tracking errors caused by model mismatches.
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angles of the manipulator during interaction, and (b) external disturbance τext and its L1-
based estimation τ̂ext along the x, z, and θpitch axes, showing correlation with arm-induced
dynamics.

observed across all methods. We notice servo backlash (around 0.5◦ dead zone), which
results in a 2 cm control dead zone in the end-effector task space, limiting tracking precision
during fast UAV maneuvers. Further improvements can be achieved through more accurate
system modeling and higher-precision hardware to enhance tracking accuracy.

4.8.4 Experiment II: Aerial Teleoperation

First, we demonstrate the effectiveness and versatility of the proposed teleoperation system
by targeting aerial writing, rotating the valve, aerial pick and place, unmount, and mount
light bulb tasks. As shown in Fig. 4.10 and Fig. 4.11, human teleoperators can easily
achieve all aerial manipulation tasks with little learning and operation cost. One key success
factor we attribute is the ee-centric interface, which reduces human effort and improves the
quality of teleoperation data for future policy learning.

In a subsequent experiment, we evaluate the benefits of directly controlling the end-
effector’s pose using our framework against controlling each degree of freedom (DoF) for
UAVs and robotic arms [81] in a simulated peg-in-hole task. The teleoperation command
trajectories are illustrated in Fig. 4.9a. Direct control of the end-effector allowed operators
to issue more fluid command trajectories, significantly enhancing the precision of end-
effector movements and decreasing the time required to complete the task.
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Figure 4.10: Aerial teleoperation manipulation task demonstrations: (1) Aerial Writing
— the UAM writes “2025” on a whiteboard using a marker pen; (2) Rotate Valve — the
UAM grasps a handle and completes one full rotation of a valve; (3) Pick-and-Place — the
UAM picks up an object and places it in a target location.
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Figure 4.11: Long-horizon aerial teleoperation for light bulb replacement: In the first
flight, the UAM grasps and unscrews the existing light bulb. In the second flight, it inserts
and screws in a new bulb, then presses a button to turn on the light, completing the task
across two sequential operations.

4.8.5 Experiment III: Learning from Demonstration

Simulation Experiments

We first demonstrate our learning from demonstration framework in Mujoco [69] simulator
with four tasks: (i) peg-in-hole, (ii) rotate valve, (iii) pick and place and (iv) open and

retrieve, as shown in Fig. 4.12 (a). To collect demonstrations, we use a scripted policy for
each task. Every episode of the scripted policy lasts about 12 seconds for each task. We
collect 50 episodes for each task. Note that with our ee-centric interface, we do not consider
any joint configuration when collecting demonstrations, which allows us to efficiently
collect smooth demonstrations without tediously adjusting each joint position to complete
the task. Our ACT policy for each task in the simulation is trained with the action chunk
size of 100 and limited 5000 epochs. More details on implementation are included in
Appendix A. After training, we choose the policy with the least validation loss to perform
50 evaluation trials. The evaluation result is shown in Table 4.5.

To show the advantage of learning from an ee-centric demonstration compared to a joint
space demonstration, we use the same demonstration trajectory but change the observation
and action to be in UAM configuration space, i.e., the UAV position and orientation, and
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Figure 4.12: Task setup in MuJoCo simulation environment: The figure illustrates four
aerial manipulation tasks used for evaluation: (a) Peg-in-Hole, (b) Rotate the Valve, (c)
Pick and Place, and (d) a long-horizon Open and Retrieve task.

each joint angle of the robotic arm. After that, we train a joint space ACT policy with the
same training setting as the ee-centric ACT policy, except that the end-effector pose in the
observation and action space is replaced by the drone base pose and full manipulator joint
angles. Their success rate comparison is summarized in Table 4.5. It shows that with limited
5000 training epochs, ee-centric policy outperforms the joint space policy in challenging
tasks including pick and place, peg in hole, and open and retrieve. As illustrated in Fig.
4.9b, the ee-centric policy targets the pickup region and the place point more precisely,
while the joint space policy is more prone to generate wrong targets.

Overall, the experimental results reveal several complementary insights:

• Geometric Precision Advantage: Our ee-centric policy achieves 2.5× higher suc-
cess rate in geometrically sensitive peg in hole task, directly benefiting from task-
space supervision that eliminates the accumulated end-effector error from the joint
space.

• Multi-Skill Composition: In the open and retrieve task, our ee-centric policy
achieves 2× higher success rate than the joint space policy, which demonstrates
its inherent advantages in multi-skill decomposition and execution.
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Table 4.5: Imitation Learning Simulation Success Rate

Rotate Valve Pick & Place Peg in Hole Open & Retrieve

Joint Space 50/50 38/50 9/50 8/50
EE 50/50 48/50 23/50 17/50

Real-world Experiments

We adopt the aerial peg-in-hole task to demonstrate our capability to derive an autonomous
policy from human demonstrations for aerial manipulation in the real world. The task
configurations are illustrated in Fig. 4.13 and Fig. 4.14.

We collected 25 episodes of demonstration data via human teleoperation, varying the
hole’s horizontal position, with each episode taking approximately 2 minutes, culminating
in a total of around 50 minutes of operational data and about 2 hours of wall-clock time.
The data is downsampled to 10 Hz, and the action chunk size is empirically set to 100
during the training process. After training through 100,000 epochs, the policy with the least
validation loss is selected. We tested with random unseen horizontal hole positions and
the learned policy successfully completed 4 out of 5 real-world peg-in-hole tests, i.e., 80%
successful rate. The UAM pushed the peg forward to the edge of the hole and didn’t insert
it inside successfully. These results underline the potential of learning-based approaches in
aerial manipulation under our developed framework, while also highlighting the need to
develop robust recovery policies, especially for aerial manipulation.

4.8.6 Discussion

The experiments demonstrate our framework in end-effector trajectory tracking, aerial tele-
operation, and policy learning for autonomous aerial manipulation. The precise end-effector
control framework demonstrated superior end-effector tracking accuracy with minimal
error. The high-precision control enables efficient, user-friendly aerial teleoperation, al-
lowing human operators to perform multiple complex tasks, which also helps high-quality
demonstration data collection. Leveraging the ee-centric framework, advanced high-level
policies such as imitation learning can be easily incorporated into aerial manipulation,
which further expands the development of this field.
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Figure 4.13: Autonomous aerial manipulation peg-in-hole policy experiment. The
UAM inserts the peg precisely, highlighting both the accuracy of the learned policy and the
low-level controller.
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We collected demonstration data with varying hole positions

We tested on random hole positions (unseen in training)

success success success successfailed

Figure 4.14: Task scenario randomization for peg-in-hole experiments: The figure
illustrates randomized configurations used during data collection and testing to evaluate the
generalization capability of the learned aerial manipulation policy.
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4.9 Conclusion

This work presents a unified end-effector-centric aerial manipulation framework for ver-
satile aerial manipulation tasks. Our system includes a versatile hardware platform that
consists of a fully actuated UAV and a 4-DOF manipulator, an ee-centric whole-body MPC
to ensure precise end-effector tracking, and an ee-centric high-level policy, where we devel-
oped both an intuitive teleoperation system and an imitation learning-based autonomous
system. Through extensive real-world experiments, we demonstrated the system’s versatil-
ity across various aerial manipulation tasks, including writing, peg-in-hole, pick-and-place,
valve rotating, and light bulb replacement. More importantly, we demonstrate how this
modular and standardized ee-centric framework effectively decouples the high-level policy
from the low-level controller, which enables seamless integration of existing standard
high-level policy modules from the broader manipulation community, such as teleoperation
and imitation learning, into the field of aerial manipulation. The proposed framework
achieved high precision, adaptability, and robust performance, making it a significant step
toward standardizing aerial manipulation within the broader manipulation field. Future
work will extend the framework’s applicability to outdoor environments, incorporate on-
board perception for obstacle avoidance, and further improve the end-effector tracking
performance.
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Chapter 5

Conclusions

This thesis presents a unified aerial manipulation framework designed to advance the capa-
bilities of Uncrewed Aerial Manipulators (UAMs) toward general and versatile physical
interaction tasks. We propose an architecture comprising three key components: a hy-
brid motion-force controller for compliant and robust aerial interaction, a contact-aware
trajectory planner for generating dynamically feasible contact-rich motion, and an end-
effector-centric interface that decouples platform-specific low-level control from high-level
task planning and policy learning.

Through the development and real-world validation of this framework, we demonstrate
significant improvements in control precision, system robustness, and task generality across
a diverse set of aerial manipulation tasks. The hybrid motion-force controller enables
compliant and dynamic interaction with contact surfaces, extending aerial manipulation
beyond static tasks to dynamic surface trajectories. The contact-aware planner ensures
safety and feasibility under contact constraints, while the end-effector-centric control
interface facilitates intuitive human teleoperation and supports learning-based high-level
policies. Importantly, the modular structure of the framework lays a foundation for scalable,
cross-task, and cross-platform aerial manipulation systems, bridging the gap between task-
specific aerial manipulation research and broader general-purpose manipulation approaches.

While the results achieved in this work represent a meaningful step forward, several
promising directions remain for future exploration:

From Lab to Field: Future work will focus on deploying the aerial manipulation system
in real-world outdoor environments, handling challenges such as GPS-denied localization,

71



5. Conclusions

low-latency teleoperation, and environmental disturbances.
Enhancing Control Accuracy: Further research will aim to develop more robust and

accurate models of contact dynamics, enabling the system to maintain precise interaction
performance even under complex external disturbances.

Simplifying and Scaling the Platform: Efforts will also be directed toward designing a
more modular and easily deployable hardware platform, supported by open-source hardware
and software releases, to facilitate broader adoption and collaborative development within
the robotics community.

We believe that the proposed unified framework, along with the identified future di-
rections, provides a strong foundation for advancing aerial manipulation from controlled
laboratory settings to real-world, autonomous, and intelligent aerial physical interaction
systems.

72



Bibliography

[1] Arpit Agarwal, Abhiroop Ajith, Chengtao Wen, Veniamin Stryzheus, Brian Miller,
Matthew Chen, Micah K Johnson, Jose Luis Susa Rincon, Justinian Rosca, and
Wenzhen Yuan. Robotic defect inspection with visual and tactile perception for
large-scale components. 1.1

[2] Muhannad Alkaddour, Mohammad A Jaradat, Sara Tellab, Nidal Sherif, Muhammad
Alvi, Lotfi Romdhane, and Khaled S Hatamleh. Novel design of lightweight aerial
manipulator for solar panel cleaning applications. IEEE Access, 2023. 1.1

[3] Mike Allenspach, Nicholas Lawrance, Marco Tognon, and Roland Siegwart. Towards
6dof bilateral teleoperation of an omnidirectional aerial vehicle for aerial physical
interaction. In 2022 International Conference on Robotics and Automation (ICRA),
pages 9302–9308. IEEE, 2022. 4.2.3

[4] Joel A E Andersson, Joris Gillis, Greg Horn, James B Rawlings, and Moritz Diehl.
CasADi – A software framework for nonlinear optimization and optimal control.
Mathematical Programming Computation, 2018. 3.7.1
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