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Abstract

Performing inspection and maintenance tasks with aerial robots in complex in-
dustrial facilities require high levels of maneuverability and dexterity. As full au-
tonomy still struggles to provide robust solutions due to limited adaptability and
high development costs, this study explores the paradigm shift towards shared
control teleoperation for tilting unmanned aerial manipulators (UAMs). The re-
search initially focuses on integrating onboard camera measurements and inter-
action force feedback within a parallel force/vision controller for push—and-slide
inspection tasks. The control loop lends itself to the development of a semi-
autonomous operation architecture that enables a human operator to easily
accomplish the task by means of a simple input device. The paper presents
a user study evaluating task completion performance with human—in—the-loop
control versus fully autonomous execution. Statistical analysis of 20 user ex-
periences provides insights into the levels of autonomy necessary for effective
task completion. Among the analyzed control modalities, statistically signifi-
cant differences arise when the sliding feature is autonomous, denoting it as the
most difficult to manually accomplish. The investigation is conducted within
a simulated environment to ensure the safety of sensitive instruments and ac-
commodate users with varying levels of expertise. By proposing shared control
architectures, this research addresses the challenges of autonomous UAM oper-
ations in hazardous industrial environments, highlighting the benefits of human
oversight and control in enhancing task efficiency and safety.

Keywords: Unmanned Aerial Manipulator, Tilting Drone, Interaction
Control, Visual Servoing, Shared Control, Push—And—Slide

*This project has received funding from the AI-DROW project, in the frame of the
PRIN 2022 research program, grant n. 2022BYSBYX, funded by the European Union Next-
Generation EU; the COWBOT project, in the frame of the PRIN 2020 research program,
grant n. 2020NH7EAZ_002.

*Corresponding author

Preprint submitted to Elsevier August 202/



1. Introduction

Industrial facility inspections often involve Non-Destructive Testing (NDT)
as the standard method for assessing the condition of concrete structures. Ultra-
sonic probes are frequently used to measure their thickness, ensuring material
integrity and the absence of internal damage. Traditionally, these tests require
direct contact between the probe and the surface, necessitating human inspec-
tors to utilize sca olding or rope-access systems to reach inspection sites.

Unmanned Aerial Vehicle (UAV) deployment for contact-based inspections
has gained signi cant popularity due to several key advantages: drones enhance
safety by accessing hazardous or inaccessible areas without exposing humans
to risks [1] lowering costs [2] and increasing e ciency and speed by covering
large areas quickly, thereby reducing plant downtime [3]. Unmanned aerial
manipulators (UAM) combine these vehicles to stick or articulated arms: by
exploiting higher Degrees of Freedom (DoFs) and advanced sensors, they have
the potential to revolutionize industrial inspections across various elds [4].

In this context, the power of semi-autonomous inspection operations lies
in the synergy between human expertise and machine e ciency. Unlike fully
autonomous ones, semi-autonomous systems empower operators to apply their
judgment and intuition, leveraging cognitive abilities to interpret complex sce-
narios that may elude purely algorithmic control. Furthermore, by maintaining
human oversight within the inspection loop, semi-autonomous systems adapt to
unpredictable circumstances leveraging on both the bene ts of autonomous con-
trol and human awareness and expertise [5]. Moreover, haptic feedback device
incorporation enhances semi-autonomous inspection systems [6].

This work extends the research in [7], where real-world experiments were
conducted with the same UAM platform (see Fig. 1) proving the feasibility of
inspection tasks similar to those examined here.

1.1. Problem Statement

During NDT inspections, the UAM must adapt to changes in surface topol-
ogy, detect and locate key inspection points [8], and maintain a safe distance
from the surfaces. In the following, the inspection is de ned as a mission based
on a reference trajectory in the image space and a desired force pro le, allow-
ing the robot to complete the push{and{slide inspection by merging visual and
force feedback. The human operator is integrated into the control loop within
a leader-follower paradigm commanding the UAM inputting the set-points to a
parallel force/vision control framework.

The study employs simulation based on physical simulators, providing a
faithful reproduction of the actual hardware to be controlled. By using high-
delity simulations, the framework ensures that the control strategies are robust
and applicable to real-world scenarios, e ectively preparing the system for prac-
tical deployment (see e.g., [9, 10, 11]). This approach allows to safely conduct



Figure 1: Indoor NDT inspection executed by an autonomous tilting aerial manipulator [7].

experiments and examine the outcome of the operations performed by di erent
users creating a training environment.

1.2. Outline

The remaining part of the paper is organized as follows: Section 2 introduces
the problem in the state{of{the{art while showing the main contributions. The
proposed system is presented in Section 3 focusing on the mathematical mod-
eling and giving miscellaneous derivations useful in the subsequent parts; Sec-
tion 4 describes the control framework, the proposed technological solution, and
the integration with the haptic device. The human{in{the{loop simulations in
ROS/Gazebo and the experimental campaign results are reported between Sec-
tion 5 and Section 6. Finally, Sections 7{8 discuss the results and conclude the
work by analyzing future work and functionalities to be developed.

2. Related Works

Recent years have seen numerous advancements in hardware development,
resulting in increased heterogeneity among UAMs [12] and additional complex-
ities in modeling and control. Usually, UAMs control can be classi ed in cen-
tralized and decentralized [2], as the ones proposed in this paper and, more
generally, interaction force control techniques are divided into indirect [13] and
direct [14] algorithms, allowing the closure or not of a force-errors loop in the
architecture.

On the other hand, parallel control laws combine these interaction controllers
to the bene ts of motion controllers in hybrid schemes [15]. Anyway, accurate
measurements of robot position and orientation are not always available in real-
world scenarios, leading to a bias towards visual servoing use as opposed to
Cartesian motion control in parallel paradigm. Moreover, a visually servoed
robot can operate without prior knowledge of the positions of objects in its
workspace. In manufacturing, this approach removes the need for robot teach-
ing, enabling tasks like assembly with imprecise xtures or handling unoriented
and moving components, such as those on overhead transfer lines [16].



Visual servoing and impedance Iter combination is presented initially in [17,
18], binding the lter to a Position-Based Visual Servoing (PBVS) algorithm,
with subsequent application to various areas, such as wall polishing [19, 20] and
peg-in-hole insertion [21]. In recent years, this theory has increasingly been
implemented to aerial platforms: for instance, in [22] and [23], the interaction
force is controlled to enable writing on a given planar surface and later extended
to general shapes [24].

Recent studies exploring the integration of visual and force feedback, such
as [25, 26, 27], present a focus on techniques for visual features extraction.
Here, the authors typically use indirect force controllers, such as admittance
or impedance approaches, to adjust image-space references while interacting.
These solutions lack precision in force tracking, and conventional at aerial
platforms are limited in their motion control capabilities.

Existing literature indicates that standard multi-rotor UAVs e ectively con-
trol only four dimensions out of their full six DoFs, with the remaining two
dimensions indirectly managed to maintain hovering stability [28, 29]. Conse-
quently, visual servoing often relies on assumptions using the virtual camera
frame. In contrast, tilting and tilted UAVs can exert thrust and torques in
every direction, enhancing their ying capabilities. Their use in contact-based
scenarios is widespread: in [30], a nonlinear model predictive control handles
di erent ight phases and optimizes force and motion tracking; in [31], the drone
is equipped with an articulated arm detecting welds on a pipe; and in [32], a
direct force control and online task optimization are utilized. Additional fully
actuated platforms equipped with a stick are presented in [33, 34, 35, 36] show-
ing high dexterity and performances in Cartesian motion control. The literature
therefore reveals an absence in their use for camera-guided inspection.

2.1. From Fully Autonomy to Shared Control

Despite all, autonomous systems remain insu ciently robust for applications
within unknown environments, making teleoperation indispensable for safely
deploying UAMs in such scenarios [37, 38]. Moreover, as autonomy increases,
challenges arise in safety analysis, veri cation, and trust. Traditional methods
struggle with unforeseen hazards, greater uncertainty, and the need to assess
system intent, requiring new mechanisms to ensure reliability and safety [39].

Considering the need for precise control of motion and force, teleoperation
places high cognitive and physical demands on operators. Implementing shared
control with an abstraction layer allows an autonomous controller to assist,
easing task execution [5]. This approach proves advantageous for tasks with
numerous degrees of freedom or control of rotations [40, 41, 42]. shared control
architectures frequently incorporate haptic feedback to provide operators with
critical information about the physical constraints impacting the robotic sys-
tem [6, 11, 43]. However, the application of haptic shared control teleoperation
remains underexplored in the context of aerial inspection with UAM [9].

Bilateral teleoperation has demonstrated utility in industrial applications,
such as object-pulling tasks [44]. In a force-based bilateral teleoperation frame-
work for aerial robots interacting physically with their environment, as illus-



Figure 2:  System architecture summarizing the proposed control law. Either an o ine plan-
ner or a teleoperation system manages set-points generation, inserting the human operator
(represented by the brain) into the control loop using a haptic device (schematically repre-
sented by the joystick). All the variables will be described in Section 4.

trated in [45], the operator controls free motion and applies surface forces via
a passive tool. Yet, practical experiments highlight the di culty of achieving
decoupled motions in omnidirectional platforms, due to inherent physical limi-
tations in operator input control [46]. Additionally, shared control teleoperation
has been proposed for cable-suspended UAM to manage pick-and-place tasks at
varying priority levels, albeit only in a sequential manner [47].

2.2. Goal and Contribution

Building upon existing literature, this paper presents a semi-autonomous
teleoperation architecture for a UAM to perform push{and{slide interaction
tasks. The UAM utilizes feedback from a camera and a force sensor within a
novel parallel force/vision control law, brie y outlined in Fig. 2. More speci -
cally, the architecture integrates the advantages of precise force tracking given by
selective direct force control techniques to Image-Based Visual Servoing (IBVS)
algorithm. Control is shared between the human operator and the autonomous
controller through a haptic device, o ering a necessary level of abstraction to
reduce the user e ort [5]. The operator sets references and receives haptic feed-
back to ensure task accuracy, with real-time tactile feedback enabling intuitive
control adjustments. A human-subject study identi es key factors for opti-
mizing shared control and balancing human input and autonomous responses.
Simulations allow users of varying experience to test these modalities, and the
system can be directly translated to hardware-compatible code [48, 49].

Based on the above description, to the best of the authors' knowledge, the
following represent the paper's novel contributions:

" Parallel force/vision control paradigm for UAM interaction: implementa-
tion of a novel approach that combines vision and forces feedback solving
major problems in literature and never applied to a complex tilting UAM;



Figure 3:  Aerial manipulator shared control teleoperation setup depicting the main frames.

Haptic and shared control UAM teleoperation system: the incorporation
of a haptic feedback system within the control framework that enables
human operators to generate set-points and receive tactile feedback, en-
hancing task completion guidance;

Human subjects study: conducting a user study with 20 subjects on a
push{and{slide NDT task using a UAM aerial robot to identify preferred
haptic shared control modalities in a relevant industrial application and
to evaluate how the envisioned user input/control/feedback combinations
lead to a measurable di erence in the task execution.

3. System Description

The proposed system is based on a leader-follower paradigm, explored in the
context of a telemanipulation system. Two agents de ne this system: a leader
haptic device and a follower UAM consisting of a tilting coaxial octa-rotor
equipped with a 6-DoFs robotic arm. The manipulator is mounted beneath
a UAV (see Fig. 3, right side), allowing the entire task to be executed dur-
ing the drone's ight. Articulated arms provide enhanced exibility, precision,
and access to con ned spaces [50], improving e ciency and safety compared to
traditional rigid sticks. Moreover, considering that the robot typically moves
slowly (or not at all) during a force control task, the UAM's controller can be
decoupled between the arm and ight controllers thanks to the hypothesis of
quasi-stationary ight during the task execution [2, 51].

The operator remotely controls the robot piloting the haptic device to accom-
plish speci ¢ tasks. A camera mounted on top of the aerial platform provides vi-
sual feedback and helps determine the relative pose between the surface and the
E{E. The paper focuses on implementing kinematic and workspace constraints
on the follower side. By leveraging haptic guidance, the system empowers the
operator to navigate these constraints e ectively during teleoperation.



Figure 4: Kinematic scheme of the attached manipulator characterized by 6 revolute joints.

3.1. Leader Haptic Device

The haptic device in Fig. 3 represents the leader in the considered paradigm:
let F be the frame attached to its handle. The device considered in this study
has three DoFs, allowing it to generate precise set-points as inputs for task
completion. It interprets the operator's physical inputs and translates them
into velocities in F. The UAM then receives these set-points, which are prop-
erly converted into desired positions in the image space and interaction force
references. This integration ensures that the UAM can perform tasks with high
accuracy and responsiveness, guided by the real-time inputs from the haptic
device. The communication is bilateral: the robot itself can send information
to the device during task execution as haptic force feedback, which the operator
can use to be guided in task completion.

3.2. Follower UAM - Mathematical Model

The aerial platform consists of a coaxial tilting octa-rotor drone equipped
with a 6-DoFs robotic manipulator. It features four independent servo motors,
enabling the drone to maintain parallel hovering relative to the ground while
maneuvering along the horizontal plane, or to achieve desired pitch/roll angles.

Concerning Fig. 3, let W be the world inertial reference frame;B be the
body- xed frame whose origin is coincident with the drone's center of mass
(CoM); and S be the frame attached to the manipulator's E{E.

The pose ofB in W is dictated by Ty(pp; o) = (po;Rp) 2 SE(3), with
Pp 2 R® the position of B in W and R, 2 SO(3) the rotation matrix expressing
the attitude of B in W. Such orientation can also be expressed through the
minimal roll-pitch-yaw (Euler angles) representation as oy, = 7 2 RS,

The attached robotic manipulator is made of a succession of links connected
by n = 6 actuated revolute joints characterized through the joint vector q(t) 2
R" as in Fig. 4. A force sensor is considered on the E{E's tip and a camera
sensor is mounted on the UAM. A frameC, xed in B, is attached to the camera.

3.2.1. Kinematic Model
The arm's direct kinematic problem is solved through the product of ex-
ponentials formula [51], to retrieve the arm's E{E pose, S, in B, given by



T2(q) = (P2 RY) 2 SE(3), with p? 2 R® and R? 2 SO(3) the position and
the orientation of S in B, respectively. The arm's E{E pose inW can be easily
obtained asTs(q; ) = To(Po; 0n)TE(Q) 2 SE(3).

The arm di erential kinematic is expressed by the relation 2= J(g)qg, with

b2 R® the E{E twist related to B and J(g) 2 R® " the Jacobian expressed in
B. The Jacobian is obtained iteratively [51], and itsi-th column is expressed by

‘J|(q) =Ad el 1lazel 2laz el i 2l 1 i 2 RG’ (1)
with ; 2 R® the screw axis associated to the revolute jointg, for i =2;:::;n,
and Ji1(q) = ;. The adjoint matrix, Ad 1 2 R® ©, allows the change of the

representation frame given a generic transformation matrixT 2 SE(3) [51].

3.2.2. Dynamic Model

The aerial manipulator dynamic model is retrieved through the recursive
Newton-Euler approach exploiting once again the screw theory [51]. In quasi-
stationary ight conditions, the kinematic and dynamic models of the robotic
arm can be decoupled from the UAV one [2]. Let = p; o q " 2 RN
be the generalized vector of joint positions of the whole system, resulting in a
robot with a total of N =6+ n =12 controllable DoFs. The dynamic model's
compact form can be expressed as

B()*+h(; )=u 2)

whereB( ) 2 R" " is the inertia matrix; h(; J 2 R" accounts for the gravita-

tion, centrifugal, and Coriols terms; andu 2 RN is the control input vector. The

total input vector stacks the UAV total thrust, ur,,, 2 R®, the UAV torques

around the B axes, yav 2 R3, and the joint torques command, ny, 2 R", that
>

H —_— > > >
Isu= Uug,,, UAV  hy

3.2.3. Control Allocation Problem
Considering the aerial platform, the same assumptions as in [52] are consid-
ered to retrieve the system model and solve the control allocation problem. This
last consists in nding the rotors speed! 2 R® and tilt angles 2 R* satisfying
Uz, OAV ” = A( )!'2. In the tilting UAV case, the non-linear mapping
between the control inputs and the rotors' angular velocities is thus handled by
the allocation matrix A( ) 2 R® 8, function of the current tilt angles vector
A frame R; (i = 1;:::;4), attached to each coaxial rotor group has to be
considered, as in Fig. 3. EaclR; will be rotated at an angle ; during the drone's
ight: in this con guration, the drone can exert thrust along each Cartesian axis.
The thrust magnitude ur, and the drag torque ¢ of the k-th rotor (k = 1;:::;8)
are given by
ur, = kil k= Kol & ®3)

with k¢ ; kq > 0 the motors coe cients.



Figure 5:  Omnidirectional tilting UAV scheme: clockwise (CW) and counter-clockwise
(CCW) rotors con guration is depicted. Notable parameters are I; h (the arm's length and
height, respectively) while ; is the i-th tilting angle.

Such a mapping is linearized de ning the vertical, fyx 2 R, and lateral,
fixk 2 R, forces of thek-th motor as [52, 53]
fyk = ur, cos(i); Tk = ur, sin( i); (4)

where the association between and k is done according to Fig. 5. With these
considerations, the allocation problem becomes

UTow = Af gec;  Tdec= fuvir fia fv.e fis ] 2 RlG; (5)
UAV

where f gec 2 R'® is the vector stacking the forces in (4), andA 2 R® 16 is the
static allocation matrix:

2 9 sin( 1) 0 sin( s) 3
0 cos( 1) 0 cos(s)
1 0 1 0
A= I'sin( 1) hcos( 1) cl';—j sin( 1) I'sin( g) hcos( g) cgt—"‘ sin( g)4- (6)
I cos( 1) clt—'“ cos(1) hsin(q) I cos( g) cs%“ cos(g) hsin( g)
o Ic2( 1) + Is%( 1) Cot Ic2( g) + Is%( s)

The static allocation matrix depends onl> 0 and h > 0, the drone arm length
and height respectively, and on i, the xed angular position of the i-th propeller
with respect to xg, the body- xed heading direction.

To minimize the system energy consumption [54], the allocation problem is
solved by computing the Moore-Penrose pseudoinverse & and inverting (5).
Finally, imposing

19 55—
L = P f2 +f3; i=atan2(fi;fvk); )

the motor velocities ! ¢ and the tilt angles ; are retrieved and directly used to
actuate the aerial platform.



Figure 6:  Aerial manipulator control scheme: the oine planner or the human operator
guiding the haptic device (in grey) sends inputs to two set-point generators to convert them

in the image space and force set-point. They are sent to an IBVS algorithm (in blue) and a
direct force control algorithm (in orange). An inverse dynamic control scheme (in red) converts

the virtual acceleration in joint torques. The matrices P and P, select the Cartesian-space
axis to control the motion or the interaction force.

4. UAM Control

The dynamic model described in (2) consists of a set o coupled nonlin-
ear di erential equations. To simplify the problem, we assume quasi-stationary
ight, where the drone maintains a xed position relative to the marker while
the robotic arm inspects the surface. Figure 6 illustrates the entire aerial manip-
ulator control framework. The subsequent subsections will detail the di erent
task phases, each corresponding to a distinct control modality.

4.1. Phase 1: Visual Servoing

The rst stage of the task involves guiding the UAM to establish contact
with the working surface. Under the assumption of quasi-stationary ight, this
stage can be divided into two sub-tasks. First, the tilting UAV is guided within
the scene using visual information to maintain a xed distance from the surface.
Concurrently, the manipulator is maneuvered to establish contact with the sur-
face. Both sub-tasks rely on visual feedback and image processing techniques
to extract necessary data from the camera sensor. Exploiting the tilting capa-
bilities, it is possible to avoid the virtual camera model assumption employed
in [25, 26, 27] and e ectively control the full 6-D UAV pose in the image space.

A tag is attached to a planar surface whose pose is unknown. Using image
elaboration techniques, the marker is detected and visual features are extracted.
Four feature points coincident with the marker corners are de ned based on the
classical pin-hole camera model.

4.1.1. Camera Model
By calibrating the camera sensors and retrieving the related intrinsic and
extrinsic parameters, it will be possible to convert the taq;l positiclm from the
>

camera frame to the image plane and vice-versa. Lep~= pg> 1 2R*be
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the augmented position vector of the detected marker inC. This point can be
represented in pixels normalized coordinates de ning the relative feature point
s2 R%

2 3 2 32 3
x© fx 0 o 1 0 0O
p°=4y*dK pf=40 fy ¢%40 1 0 Ppf2R’ ®)
z°€ 0O 0 1 0010
X 1 x¢
S: Y :5 yc y (9)

where K is the intrinsic camera parameter matrix [55].

4.1.2. Image Jacobian Matrix

During task execution, the marker's pose changes relative to the ying plat-
form. To fully describe this pose in the 6D Cartesian space, at least four coplanar
and non-collinear points are used to solve the perspective-n-points (PnP) prob-
lem [55]. These points, corresponding to the marker's corners, are extracted
and fed back into the visual servoing algorithm. Moreover, the E-E's position
in the image space is constantly determined by considering four virtual visual
features on its tip and its twist vector in the Cartesian space. These features
correspond to the corners of a square centered o8, with its position in C de-
noted aspf 2 R3. The visual servoing feedback is then composed of two di erent
feature vectorss, = Sg:1 So2 So:3 So4  ANdSe = Spi Sbz Sb3 Sbd
describing the inspection surface pose and the E{E's pose in the image space,
respectively. Considering xed the work surface position, their time variations
are only functions of the camera motion and the arm motion inC, respectively:

2 3 2 3
I-0;1 I—b;l
_ L0;2é 1(C\y/C- — ng;ZZ 1(nC\y/C-
So = L0;3 (po)v i Se = Lb;3 (pb)vb’ (10)
I-0;4 I-b;4

wherev®, v¢ 2 RS are the Cartesian velocity of the UAV and of the arm oppor-

tunely referred to C, () = :)3 FI) 2 R® 6 and £) is the skew transfor-
3 3

mation matrix operator. This mapping is obtained through the image jacobian
Jimg, = L '(pf; ) where

" . ) #
P % Xp Y 1Xg o Vi (11)
3 0 z,-?li ZH 1+Y3 Xii Vi Xji

=

N

is the i-th row of the interaction matrix of a set of i points: in the examined
case the whole matrix will beL; 2 R® ©.

4.1.3. Image-Based Visual Servoing
Building on the theory in Sections 4.1.1 and 4.1.2, the UAM has to detect
markers on the inspection surface and nullify the relative image-space position
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error exploiting a purely image-based visual servoing algorithm. The proposed
control law took inspiration from [52], with several modi cations to perform
computations directly in the image space.

Let sq4 2 R® be the desired feature vector representing the drone goal position
in the camera frame andsy its time derivative. These coordinates represent the
tag corners' position in normalized pixel coordinates and their variation with
respect to the camera movement. The controller's goal is to nullify the following
errors

&(t) = sg  So(t); e&(t)= So(t): 12)
To ensure null error and preserve the steady state during the next control phases
(e.g., the forces on the arm should push away the platform during the interac-
tion) an image space integral error is added in the controller formulation:
Z

a(t)= e(bdt (13)

A standard proportional-integral-derivative (PID) controller characterize the
retrieved image-space controller:

u®=Kp,, &+ Kp,, &+ Ki,, &; (14)

where Kp,. , Kp,,, and K, 2 R® ® are the proportional, derivative, and
integral gains matrices, respectively, andu® represents the desired accelerations
computed in the image space. To complete control law and compensate also for
the dynamic e ects, they need to be referred toB:

u= Adrg(Le  *(pf)) 'u®2R% (15)

with T¢ indicating the transformation matrix from Cto B and Jimg = L¢ 12
R"™ " being the image Jacobian. The result is then used in an inverse dynamic
control law to compute the desired thrustsur,,, and torques yay Wwhile com-
pensating the UAV dynamics:

2 3
Uz

Uty = Rp( mg+ m4u,5) 2 R (16)
Us
2°3
Uy
uav = Rp (1 J1 +J4us5) 2 R%: (17)
Us

The control input vector is then converted in rotors speed and tilt angles in-
verting (5).

Given that the presented IBVS algorithm addresses a regulation problem,
it is crucial to prevent excessively high acceleration when the UAM is distant
from the marker. Therefore, the IBVS algorithm is only activated after an initial
position-based visual servoing step. In this preliminary step, the drone follows
a desired Cartesian trajectory computed online by detecting the marker at the
beginning of the task.
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4.2. Phase 2: Parallel Force/Vision Controller

Once the errors in (12) fall within a speci ed threshold, and while the UAM
continues to minimize these errors, the robotic manipulator can start and com-
plete the inspection task on the detected surface. The E{E motion and interac-
tion force with the environment are e ectively controlled by integrating visual
feedback with force sensor measurements in a novel parallel control. Through-
out the task execution, the controller described in Section 4.1.3 remains active
to maintain a constant distance between the ying platform and the interaction
surface.

The controller in Fig. 6 combines an image-space inverse dynamic controller
and a direct force controller. Like in [34], the factor O 1 is introduced to
represent the transition between contact-less ( = 0) and contact-based motion
( =1). A cosine step function interpolated between 0 and 1 is used to smooth
the transition between these two modalities [30]. When this transition is needed,
direct force control can track the desired force reference along some directions
while the IBVS controller tracks the E{E position along the other axes. The
force controller performances are related to the tracking precision. If the image
space position error is beyond the given threshold, the priority is given to the
tracking task, and then the force control is triggered again. The matrix P
performs the analyzed selection:

2 3
| 0 1 0 0
p = 33 3 3 2R66;WithP:401 0 52 RS 3 (18)
033 P 00 1

The matrix is used in the following proportional-integral (PI) control scheme [34]
to track the force referencef ges(t) 2 R® while nullifying the force error & (t) =

0 6
S . 2 R°® through
(1) faes() g

R
©=32@ (s P) fdfj(t) +Kpoer()+ Ky, e (Ddt, (19)

where (q) = 3/ (g)B(q)J} (q) is the inertia matrix in S, Jp = Adry 1[3(q)] s
the body Jacobian [51],Kp, ;K. 2 R® © are positive de nite gains matrices.
The force errorer is proven to converge to zero for positive de nite gains in [51].

The control scheme is completed with the design of an image space motion
controller. Taking into account (2), the manipulator joint torques are computed
choosing a properly virtual control input g = u, 2 R". Being s, the desired
E{E position in the image space, it is then possible to impose

uy = J 1 PgAdTSCU‘V J—(Q,g)g_ ; (20)

where
th =(Le(PS) ') '(Kp.es, + Kp,6s,); (21)
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with Kp,;Kp, 2 R® 8 positive de nite symmetric matrices to ensure the con-
troller stability (see Appendix A) and e, = Sg;, Se and g, = S the
position and velocity errors, respectively. The selection matrixP partitions the
6-D space into torques that address the motion control task and torques that
address the force control task. It is opportunely rotated in the case of image
space control (motion) and Cartesian space control (interaction force).

To conclude, the parallel force/vision controller is

hy = B(@uy + h(g;Q) + e (22)

The two control actions are decoupled by the orthogonal projectionsP, =

AdtcP and Ig¢ P and inherit the error dynamics and stability analyses of

the individual controllers on their respective subspaces [51]. Notice that when
=0, the controller (22) is a pure IBVS controller.

4.3. Teleoperation Controller

A human operator can enter the control loop using a 3-D haptic controller
device designed to provide high- delity kinesthetic feedback.

In the examined case, the device has to control the drone's manipulator
sending set-points to the already analyzed hybrid controller (see Fig. 2). It is
possible to map the movement along the device&r ; yr -axes as the desired E{E
position in the image space controlling the sliding on the surface, or map the
movement along its z¢ -axis in force set-point while pushing on it.

The movements are mapped only if the user presses the central button, while
the haptic feedback is always present. The haptic feedback makes the user an
active part of the task. The user can feel the wall resistance while pushing and
a repulsive e ect that forces him to stay inside the camera eld of view (FoW)
as explained in the following.

In the control loop, the handle's position pr = pr, pr, Pr, 72 R3is
used to retrieve the handle velocityps 2 R® by time deriving two successive
position measures. As in Section 4.1.3, these quantities are computed i@ and
translated into the image space. The haptic device image space velocity; _is
then added to the E{E IBVS setpoint through

Sep, = Sep t St Sep, T Sep t Stls; (23)

with ts > 0 the controller sample time.

Additionally, the third haptic device linear DoF is used to reconstruct a force
set-point for the interaction controller. The E{E force reference is recursively
updated by employing the concept of the admittance lIter [55]:

fdes = fdes + My B, + O Pr, + Kn pr, 2 R: (24)

The Falcon position pr, and the velocity p;, are reconstructed from the user
movements and used to increase or decrease the desired force referehgg.
My ;dne ;Kne 2 R are positive de nite gains to tune the lter de ning a mass-

damper-spring behavior. In the examined case, no acceleration » is considered
(my =0).
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4.3.1. Haptic Feedback
While imposing a new set-point, the user can feel di erent forces in feedback
to the haptic device. While pushing a scaled force

FrepN = f des (25)

is applied to feel the sense of touch. In the meantime, other repulsive forces
are computed to guide the use in the task execution. A non-experienced user
can fail the task execution going for example outside the eld of view, or by
occluding the vision and losing the only available source of information. Four
forces are computed by measuring the minimum distance between the E{E and
the camera borders, and the same concerning the tag. These forces have an
exponential shape designed to be null at the image center and the maximum
value on the image space borders

Frep, =( 1) e "m0 Odpn (i) (26)

where ,"; > 0 are constants that characterize the evolution of the exponential
function and dn,y (i) > 0 is the distance from thei-th border (i = 1;:::; 4).

Equation (26) is the vector stacking two opposite couples of vertical or hor-
izontal repulsive forces. The two horizontal forces, as the vertical ones, are
summed resulting in null at the center of the camera eld and increasing while
moving along the 2-D space. Combining (25) and (26) yields

Frep = I:repl + I:rep2 Frep3 + Frep4 I:rep,\, g 2 R%: (27)

The closer will be the user to one of those bounds and the more interaction force
will be commanded, the greater will be the repulsive forces. The idea is to help
the user by preventing the constraints violations during the task execution.

5. Case Studies

The case studies focus on a push{and{slide task, comparing autonomous
execution with a teleoperated modality. The task is performed in a virtual en-
vironment using a physical simulator described in Section 5.1. This environment
(see Fig. 7) consists of a concrete surface marked with an AprilTag [56] and a
triangular shape, which serves as a guide for the push{and{slide task execution.
The visual sensor detects the AprilTag and adjusts the relative position between
the aerial platform and the surface. After adjusting the interaction force, the
three points of interest highlighted in green on the triangular shape are tracked
by visual control.

In the autonomous case, interpolation evaluates the set-points in image
space. The task is completed when the E{E returns to its starting position
without losing contact with the surface (see Fig.7.b).

In the teleoperated mode, the user must connect the three green dots in
Fig. 7.a through the Novint Falcon haptic device [57] in di erent control modal-
ities and/or control the desired interaction force. An experimental campaign
will evaluate di erent metrics to determine the most suitable control mode for
completing these semi-autonomous tasks (see Fig.7.c).
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@ (b) (c)

Figure 7:  Simulated scenario from the camera point-of-view (PoV). (a) The inspection
surface is detected through an AprilTag [56] extracting four image features (red dots). The task
involves tracking the triangular shapes interpolating the three green dots while interacting.
Comparison is considered between the autonomous control mode (b) and the teleoperated
control mode (c). The vertical red lines represent the E{E out-of-bound conditions along Xc.

5.1. Simulation Setup

The proposed aerial robotic manipulation system has been integrated into
the Gazebo simulation environment whose choice is justi ed in Section 7.1. The
dynamical parameters presented in Table 1 are directly retrieved from the UAM
CAD model, while the camera's intrinsic parameters are directly retrieved by
the proper ROS topic after the calibration procedure:

2 3
476703 0 4005

K=4 00 476703 3005°: (28)
0.0 0.0 1.0

For further details and insights on the presented platform and its mathematical
modeling, please visit the GitHub pages of the project?.

The tests are performed on a standard PC, with an7-8750H CPU and 32GB
of RAM. The OS chosen is Ubuntu, with its release22.04 LTS Jammy Jelly sh.
The communication between the software is managed using ROSoetic Ninje-
mys running in a docker environment. The sampling time is set tots = 0:01 s,
and the controller gains displayed in Table 2 have been tuned to avoid overshoots
and reach the control goal smoothly. The parameters in Table 3 are heuristically
tuned in a preliminary phase of the experimental campaign to accommodate the
feedback on the device usage experience. Visp [58], an open-source visual ser-
voing platform library, is employed to detect the tag and extract the visual
features.

The goal is to evaluate the performance of a push{and{slide task executed
both fully autonomously (Section 5.2) and via human user semi-autonomous
teleoperation (Section 5.3). Our primary aim is to isolate the e ect of each

Lhttps://github.com/prisma-lab/ndt2_arm_control.git
2https://github.com/prisma-lab/ndt2_control.git
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