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Abstract— This paper introduces a simple yet effective shared
control architecture to enable a human operator to enhance
robot autonomy in complex scenarios, such as those encountered
in agriculture. Specifically, the proposed approach investigates
dynamically exchanging control between the robotic system and
a human operator depending on the uncertainty in the environ-
ment perception. This is achieved by envisioning three control
modes that exhibit varying levels of autonomy for the robot:
i) autonomous, ii) teleoperation and iii) hand-guiding control
modes. The approach is embedded into a Hierarchical Quadratic
Programming (HQP) control framework, that allows the robot to
simultaneously address different control objectives with differ-
ent priorities. Experimental results conducted as part of the EU-
funded CANOPIES project, involving a mobile robot equipped
with a mobile base and a dual-arm torso engaged in harvest-
ing operations, demonstrate the effectiveness of the proposed
method in real-world conditions.

I. INTRODUCTION

Precision agriculture has emerged as a promising approach
that incorporates robotics and automation into farming prac-
tices. However, achieving complete autonomy for such sys-
tems is often impractical or economically inefficient for many
tasks in real-world scenarios including the agricultural do-
main, but also more widely. In recent years, there has been
a growing interest in integrating human-robot collaboration
in various industries and even domestic environments. This
shift is mainly motivated by the fact that humans and robots
possess unique and complementary capabilities. By combin-
ing these capabilities, the performance in task execution can
be significantly improved, leading to enhanced productivity.
This collaboration can take different forms, such as i) shar-
ing a workspace where humans and robots work together on
different tasks or ii) engaging in collaborative tasks where hu-
mans contribute with their cognitive skills and possibly ex-
change forces with robots.

In the first scenario, the main objective of the robot con-
trol strategy is to ensure the safety of humans by preventing
any potential harm that may arise from collisions between the
robot and the human [1]. This can be accomplished through
various methods, such as implementing evasive actions to cre-
ate distance between the robot and the person [2] or utilizing
dynamic trajectory scaling techniques such as in [3].
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Fig. 1: On the left, the robot platform. On the right, the IMU sensors
mounted on the human operator’s harm.

More interesting is the case where the synergy between hu-
mans and robots is fully exploited. In this regard, there is a
growing emphasis on shared control scenarios. These scenar-
i0os resemble human-human interactions, where robot auton-
omy is retained to a certain extent, and equal roles might
be assigned to both robotic and human counterparts. The
shared control paradigm is adopted, for example, in teleop-
eration scenarios [4], where the human operator typically in-
puts control commands via a haptic interface. Concurrently,
the robotic system maintains autonomous behaviors, such as,
for example, collision avoidance, by relying on its perception
capabilities.

Several shared control approaches in the context of phys-
ical human-robot interaction have also been proposed in the
last decades [5]; for example, a game theory-based solution
is introduced in [6], where it is assumed that both the hu-
man and the robot aim to optimize an identical cost function.
Within this proposed approach, the roles of both the human
and the robot evolve dynamically in response to the force
exerted by the human operator. More precisely, as the force
applied by the human increases, so does the degree of influ-
ence exerted by the intended human motion on the system. In
the work outlined in [7], a heuristic agreement index is intro-
duced. This index governs the robot’s role based on the align-
ment of forces between the robot and the human; when their
forces are in agreement, the robot assumes a leadership role;
otherwise, it follows the human’s lead. Furthermore, in [8],
a solution based on data-driven stochastic modeling is de-
vised. It addresses uncertainties in the human behavior model
through the formulation of a risk-sensitive optimization prob-
lem. More recently, authors in [9] propose achieving a similar
behavior by adjusting the robot’s trajectory in response to the
exerted human forces. To accomplish this, a constrained opti-
mization problem is formulated with this specific objective in
mind. In a complementary approach, the authors in [10] pro-
pose the development of a systematic approach for impedance



parameter adaption in physical human interaction. In detail,
the goal is the seamless and intuitive transition of control au-
thority between the two agents, and to achieve this goal, a cost
function is defined. This cost function, which is designed in
such a way as to ensure the safety of collaborative tasks and
to consider the assistive behavior of the automation system,
is employed within a predictive controller based on a mod-
ified least squares method to modulate the automation sys-
tem’s impedance, optimizing the defined cost function. A dif-
ferent approach for a similar problem is presented in [11]. In
detail, the control allocation is determined using a metric de-
rived from a Bayesian filter, which is continuously adapted
based on online sensor measurements, accounting also for the
variability of measurement noise characteristics. A stability
proof for the proposed shared control architecture is devised,
even when there are time delays in communication between
the operator and the robot. In [12], the case of tasks involv-
ing interactions with the environment is tackled. The concept
of corrective shared autonomy is introduced, meaning that
users provide corrections to critical robot state variables, such
as positions, forces, and execution rate, starting from an au-
tonomous task model. The authors show the feasibility and
advantages of the approach, including reduced user effort and
physical demands.

In this paper, we propose a practical approach to perform
complex harvesting tasks in vineyards via human-manipulator
interaction. Due to the inherent complexity of this task, caused
by imperfect perception and lack of dexterity, the assistance
of human operators is often necessary. Therefore, we envis-
age the case of a mobile manipulator robot that can adapt
the level of autonomy depending on the situation. In detail,
the robot might ask for different levels of human intervention
in case of perception or goal-reaching failures. In this frame-
work, the human may either teleoperate the robot by using
wearable IMU sensors or ultimately physically grab the robot
end-effector and move it to the right location.

II. MATHEMATICAL BACKGROUND
In this section, we provide the basic theory about the kine-
matics of the robotic system taken into consideration and the
Hierarchical Quadratic Programming (HQP) control frame-
work, which is used as low-level controller for the shared con-
trol architecture proposed in this paper.

A. Robot Kinematics

Let us consider a robot made of a ¢-DoFs movable torso
and a a-DoFs serial manipulator. The end-effector configura-
tion is denoted by p = [pT 0"]T € R”, where p € R?, is the
positional part, while o € IR* represents the unit quaternion
expressing the orientation. The vector expressing the configu-
ration of the robot is defined as:

T

q=[q} 4q}] €R", ()
where g, € IR" gathers the joint variables of the torso, g4 €
R® are the vectors of arm joint variables and n = t + a.

The relationship between the end-effector generalized ve-
locity and the joint velocity can be expressed as:

_ [g] — J(9)d, @)

where J € IR®*™ is the Jacobian matrix of the robot, while p
and w are the linear and angular velocities, respectively.

B. Hierarchical Quadratic Programming

The HQP formulation [13], [14] allows to seamlessly han-
dle a task hierarchy. Each task that the robot has to perform
is encoded into proper equality or inequality constraints, and
strict priority among them is enforced by solving a cascade of
Quadratic Programming (QP) problems in which the solution
of a task with a given priority is obtained by considering the
solutions of all higher-priority tasks as additional constraints.
The outcome is that the solution of the lower-priority tasks
does not affect the execution of the higher-priority ones.

Let us consider h arbitrary task functions {oq7 €
R™ oy € R™,.-- o, € R™} with corresponding Ja-
cobian matrices {J1,Jo, - ,J,} and corresponding slack
variables {w1, wa, -+, wp}. In detail, the input velocity
that fulfills the ¢ th task is the result of the following QP prob-
lem:

min lwiTQw JW;

w;,q 2 ’

st. by < Jr(q)q + wj, < by,
bi < Ji(q)g +w; < by,

Vkel,...,i—1

3)
where Q,, ; € R™*™ and w; € R™" are the weighting ma-
trix and slack variables relative to the 4 th task, respectively,
by € R™* and B(.) € R™O are the minimum and maximum
desired task velocities and wy, is the solution of the k& QP prob-
lem. The slack variables are needed to relax the constraints
in case they are conflicting with each other, and their min-
imization is aimed at minimizing the error in the execution
of the task. If w; = 0 the constraint would be hard, and if
by = by, = by, the constraint would be an equality one.

In this work, the first level of the hierarchy is devoted to
the fulfillment of the joint position and velocity limits, which
are handled by exploiting the Control Barrier Function (CBF)
theory [15] as detailed in [16]. The second level of the hierar-
chy, instead, is switched among different kinds of constraints,
as described in the following sections.

III. SYSTEM AND PROBLEM DESCRIPTIONS
We exploit a practical use case in the context of pre-
cision agriculture, borrowed from the European project
CANOPIE, for presenting the shared control strategy de-
vised in this paper; nevertheless, it is important to remark that
it can be generalized to other contexts as well.

A. Setup description

The robotic system used to perform the experiments de-
scribed in the following sections is shown in Figure [I] and
has been specifically developed for the project CANOPIES.
The robot is made up of a tracked mobile base and a bi-
manual robotic system. The tracked mobile base is an Alitrak
DCT-350P equipped with a sensorial system and a Next Unit
of Computing (NUC). The sensorial system consists of sev-
eral navigation and perception sensors: two Lidars, an Inertial
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Measurement Unit (IMU), and a Global Positioning System
(GPS). The bimanual robotic system, instead, is a dual-arm
PAL-Robotics system with a 2-DoFs torso, a 2-DoFs head and
two 7-DoFs manipulator. The torso consists of a prismatic and
a revolute joint, which allows changing its height and orien-
tation, respectively, and is provided with a stereo microphone
and a speaker. The head consists of a pan and a tilt joint and is
equipped with a RealSense D435 RGB-D sensor. The manip-
ulators consist of seven revolute joints, a Force/Torque (F/T)
sensor, and a support for RGB-D sensors. Moreover, since the
robot is designed to work in table-grape vineyards, the left
arm is provided with a pruning tool. The right arm, instead, is
provided with a harvesting tool capable of grasping and cut-
ting the grapes’ peduncle. It is worth noting that the proposed
shared control architecture has been devised for a harvesting
operation; thus, the system modeling in Section[I[-Alconsiders
the presence of only one manipulator.

B. Problem description

CANOPIES project tasks include harvesting grapes in a
pergola system. To harvest grapes efficiently, the robot must
first identify the grapes in its surrounding environment and
accurately estimate the 3D location of the peduncle to be cut.
Once an estimate of the peduncle position is obtained, to begin
the harvesting process, a dedicated module generates the re-
quired end-effector position and orientation trajectories, con-
necting a series of appropriate waypoints that enable the robot
to: 4) reach a pre-grasp position at a predefined distance from
the detected peduncle; i) reach the grasp position on the pe-
duncle; i4i) close the gripper to hold the bunch; iv) close the
scissors to cut the peduncle; v) place the bunch into a des-
ignated container. A module developed by a project’s part-
ner is used to estimate the position of the peduncle by us-
ing RGB-D cameras [17]. Due to potential obstructions from
leaves or other bunches, it is often necessary to conduct the
estimation procedure for grapes and peduncle position from
different perspectives. To this purpose, the proposed approach
involves leveraging the RGB-D sensors on the wrists. In more
detail, the perception software first uses RGB-D data from the
head-mounted sensor to provide an initial estimate of the pe-
duncle position. If this is obstructed by leaves or other grapes,
or if the grape is too far away to be accurately estimated by
the head camera, one of the end effectors moves closer to the
detected cluster. The aim was to retry and improve the accu-
racy of the position estimation using a wrist-mounted camera.
If successful, the harvesting process can continue.

However, due to the inherent complexity of the task, imper-
fect perception, and lack of flexibility due to obstacles and
robot limitations, the task may not be autonomously com-
pleted even by using the wrist cameras. Therefore, assistance
from a human operator is often required, in which case we as-
sume that the robot can explicitly request human intervention
through its text-to-speech module.

IV. PROPOSED SOLUTION
To achieve the task described in Section [II-Bl we propose
a shared control strategy that leverages a finite state machine

algorithm to change the level of autonomy of the robot de-
pending on the performances of the perception system. In de-
tail, three possible control modes are envisioned: autonomous
mode, teleoperation mode, and hand-guiding mode.

In autonomous mode, the robot autonomously executes the
necessary end-effector motions to perform the harvesting pro-
cedure, taking the reference end-effector trajectories from the
Trajectory Generation module. In this operational mode, the
employed control law is an admittance controller that exploits
the readings of a wrench sensor mounted on the wrist of the
manipulator to make it compliant with respect to external
forces, aiming at avoiding damage to the robot and/or the en-
vironment. The feleoperation mode allows a human operator
to teleoperate the end-effector by moving his/her arm. To this
aim, the position of his/her hand is estimated from two IMU
sensors attached along his/her arm by a dedicated module. Fi-
nally, in hand-guiding mode, the human operator guides the
end-effector towards the point to cut by physically moving
it. This operational mode is obtained by employing the same
admittance controller used in autonomous mode but with dif-
ferent gains.

The Finite State Machine algorithm that switches among
these operational modes is shown in Figure 2l The system
starts in autonomous mode, first acquiring a rough estimate
of the peduncle position from the head camera, then moving
the end-effector closer to the bunch and acquiring a new im-
age from the wrist-mounted camera. If the perception system
manages to provide an accurate peduncle position, the rest of
the harvesting operation is executed without changing the op-
erational mode. In case of occlusions, instead, it is changed to
teleoperation, and the robot makes use of the text-to-speech
module to notify the change to human operator. At this point,
the operator starts teleoperating the end-effector aiming at ac-
quiring new images from different points of view. If the per-
ception system still does not succeed in providing an accu-
rate estimation after a predefined amount of attempts, the op-
erational mode is changed to hand-guiding, and the operator
physically drives the end-effector toward the point to cut. Af-
ter a predefined amount of time in which the robot does not
sense any external forces, the operational mode is switched
back to autonomous, and the rest of the harvesting operation
is carried out autonomously.

In the following, the main blocks needed to build such a
strategy are detailed.

A. Admittance control

When in autonomous mode, the control objective included
in the HQP formulation allows moving its end-effector while
exhibiting a compliant behavior with respect to external forces
that might occur for accidental contact between the robot and
the environment.

Let us assume that the desired trajectory for the end-effector
can be generated by a Trajectory Generation module as:

- d - d d
el S =] e
where p?,p? and p? express the desired linear accelera-
tion, linear velocity and position and a?, w? and o? express
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Fig. 2: Finite State Machine describing the shared control approach.
The letters A, T, and G refer to the autonomous, teleoperation, and
hand-guiding modes, respectively, i.e., to the three operating modes
used to handle the robot autonomy.

the desired angular acceleration, angular velocity and quater-
nion, respectively. Assuming the presence of a wrench sensor
mounted on the wrist of the manipulator, it is possible to de-
fine the vector:

h:mew, )

as the external measured wrench vector stacking the forces
f € R? and moments p € R? for the end-effector. We want
the system to exhibit the following virtual dynamics:

Kya+Kpv+ Kpx=h, ©6)
where:
d
= d_ ~_ .d_ ~_ | P —DP
a=a"—a v=v"—-v T {od*ol] )

are the acceleration, velocity and configuration errors, respec-
tively, and K 5; € R*®, Kp € R%*% and Kp € R®*% are
the desired virtual mass, damping and stiffness, respectively.
The acceleration of the end-effector can be approximated by
numerically deriving its velocity assuming a sampling time
T,, as:
v(t) —v(t—Ts)

a(t) = B (®)
where v(t) is the current velocity and v (¢t — Ty) is the veloc-
ity at the previous time step. Substituting this expression in

Eq. (@):
t—1T, .
KMad—KMTE—FKMu—FKDv—FKPw:h,

T,
)]
which can be rewritten as:
K
(— TM—KD>v—h—7, (10)
where :
~=Kya® - M (t—1Ts) Kpv? — Kp& (11

By folding Eq. @) in Eq. (I0), one finally obtains:

K .

( M +KD>J g=—-—v—h,

T ~——
Jadm

which is the expression of the equality constraint to use in the

HQP formulation in Eq. (3).

(12)

adm

B. Human-arm IMU-based Trajectory Estimation

When in teleoperation mode, the human operator drives the
end-effector by moving his/her arm. In this section, we de-
scribe how the human arm position is estimated by using off-
the-shelf IMU devices and by leveraging a similar approach
as in [18]. In detail, let us assume that two 9-axes IMUs are
mounted, for example, on the right arm of the robot as in Fig 3L
that is, IMU; is mounted on the arm, IMU> is mounted on the
forearm, while 35 is a frame on the wrist.

A Kalman filter, to estimate the orientation of the IMUs
sensor reference frames with respect to the a global reference
frame from gyroscope, accelerometer, and magnetometer sig-
nals is assumed to be available. This is not a strong assumption
since many off-the-shelf platforms already come with a built-
in filter. However, existing approaches, like the one in [19],
can be utilized for this purpose. At this point, let s be the
shoulder reference frame and let be 3; (¢ = 1, 2, 3) the IMUs
reference frame as depicted in Fig. 3l The aforementioned fil-
ter allows to estimate matrix R;(t) (i = 1,2, 3) expressing the
orientation of frame J; over time. Furthermore, let I, [5 the
lengths of the arm, and forearm, respectively. The objective is
to continuously estimate the position of frame '3 with respect
to Y. Since it is not foreseen to use an additional sensor po-
sitioned on the shoulder and acting as base reference frame,
we assume that the arm estimation procedure begins at time
to and, at this moment, the arm configuration is as depicted
in Figure 3] (left), i.e., with the arm fully extended and point-
ing downward. The following rotation matrices are defined:
R; = R (to)Ri(t) (i = 1, 2), that are such as R;(to) = I.
Finally, we can derive the position of frame three (that is of
the wrist) as:

Dy, = Rir1 + Rory
wherer; = ;[0 1 0] (i =1, 2).

(13)

C. Hand-Guiding control

When the system is in hand-guiding mode, the operator can
freely move the end-effector by physically interacting with it.
This behavior can be easily obtained from the admittance con-
troller used in autonomous mode by setting K, = Ogx¢ and
a? = v? = 0 in Eq. (I2), thus leading to the following form

of the constraint in the HQP formulation:

K i
( M+KD)Jq=—v—h, (14)
Ty —_——
T, "
where: K
y=— TMv(t ~-T,). (15)
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Fig. 3: IMU sensors mounted on the human arm. X is the shoul-
der reference frame, Xy is the upper arm reference frame relative to
IMU,, X5 is the forearm reference frame relative to IMUs, X3 is
the wrist reference frame. {; and > are the lengths of upper-arm and
forearm respectively.
V. EXPERIMENTAL VALIDATION

In this section, we go through some experiments performed
to validate the proposed architecture. The experiments are
conducted in an indoor and controlled environment using fake
bunches and fake leaves to simulate the occlusions. In par-
ticular, in this section, we examine two harvesting opera-
tions, each one with a diverse evolution of the FSM shown
in Figure 2l In the first one, the operator teleoperates the
end-effector of the robot to change the field of view of the
wrist-mounted camera until the perception system succeeds
in accurately estimating the peduncle to cut. In this regard,
the operator, through the approach described in Section [[V-Bl
directly changes the robot end-effector position; the orienta-
tion, instead, is controlled by the robot, which modifies it in
such a way as to keep the grape at the center of the image
view. In the second experiment, instead, the system switches
to hand-guiding mode, and the operator physically moves the
end-effector by leveraging the approach in Section [V-Al The
two experiments are both shown in the video at the following
linkf3

With regards to parameter values, [; and I3 in Section [V-B]
are set to 0.28m and 0.23m, respectively. While, it is in rela-
tion to admittance parameters in Section[V-Al T = 0.01s,

K =diag{[20 20 20 3 3 3|}
Kp =diag{[253 253 253 27 27 27|}

and K p = O. Finally, Q,, and Q,, ;; are set to the identity in
Section[[I=BI

In the first experiment, the robot is in autonomous mode
until the perception software does not provide it with the cut
position estimation of one of the bunches in its surroundings
(Figure [ Top Left). To validate the proposed strategy, we
considered a scenario with a single grape bunch whose pedun-
cle is occluded. In this kind of situation, the perception system
can detect and localize the bunch, but not the exact position of
the peduncle to cut. For this reason, the robot brings its har-
vesting tool close to the estimated bunch position and switches

Zhttps://youtu.be/iKkRoL3vqKA!

Fig. 4: Top left: agricultural robot in a generic configuration. Top
right: harvesting tool in the pre-grasping position with grape partially
occluded by leaves. Bottom left: human assisting the robot in the
harvesting procedure. Bottom right: harvesting tool in the pre-release
position with the harvested grape.
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Fig. 5: First experiment. (Top) Linear velocity of the end effector.
(Bottom) Positional offset generated by the human operator through
the IMU sensors attached along his/her arm. The background color
of the plots encodes the active operational mode. In particular, the
green regions are related to autonomous mode, and the orange ones
to teleoperation mode.

its control mode from autonomous to teleoperation. As stated
in Section [[V] the teleoperation mode allows any human oper-
ator equipped with suitable wearable sensors, such as the IMU
sensors described in Section [V-B] to adjust the end-effector
position. However, in our case study, it also allows the hu-
man operator to prompt new estimations. In detail, by press-
ing a button placed on one of the IMUs, he/she can prompt the
perception software to perform a new attempt using the data
collected by the wrist RGB-D sensor. In this experiment, the
operator moves the end-effector and prompts a new estima-
tion attempt twice times. At this point, the perception system
succeeds in getting an accurate peduncle position estimation.
Hence, the robot switches back to the autonomous mode and
performs the remaining steps of the harvesting procedure on
its own.

As specified in Figure 2] the number of queries that the hu-
man can send to the perception software is limited. In the sec-
ond experiment, the number of queries sent to the software
reaches the maximum threshold, which we have set equal to
four, and the robot switches its operational mode to hand-
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Fig. 6: Second experiment. (Top) Linear velocity of the end effector.
(Middle) Positional offset generated by the human operator through
the IMU sensors attached along his/her arm. (Bottom) Wrench de-
tected by the wrist F/T sensor. The background color of the plots
encodes the active operational mode. In particular, the green regions
are related to autonomous mode, the orange ones to feleoperation
mode, and the red ones to the hand-guiding mode.

guiding. As stated in Section [[V] the hand-guiding mode al-
lows the human operator to manually move the end-effector
and take it to a desired pose, such as a feasible cutting point.
According to Figure 2] the robot remains in the hand-guiding
mode as long as it senses external forces and/or torques with
its wrench sensor. When the robot does not sense any forces
and/or torques attributable to interactions for more than 2 sec-
onds, it switches back to the autonomous mode and resumes
the harvesting procedure starting from the operation of closure
of the gripper.

Figures [3) - [B) show the results obtained from the two ex-
periments. In particular, proceeding from the top to the bot-
tom, we have the time evolutions of the linear velocity of the
end effector, the positional offset generated by the human op-
erator through the IMU sensors attached along his/her arm,
and the force detected by the wrist F/T sensor throughout the
experiments. The background color of the plots encodes the
operational mode. In particular, we highlighted in green the
regions related to the autonomous mode, in orange the regions
associated with the teleoperation mode, and in red the regions
related to the hand-guiding mode.

VI. CONCLUSIONS
In this paper, we proposed a human-robot shared control
strategy aimed at allowing a human operator to assist a robotic
system in accomplishing the targets envisaged by the given
task while preserving the autonomy of the robot as much as
possible. We based the control strategy on three operating
modes, each one capable of ensuring a different degree of au-

tonomy to the robot, and implemented an FSM for managing
the switch from one operating mode to another (see Figure[2).
Finally, we validated the effectiveness of the proposed strat-
egy in an indoor environment through a dual-arm robot. As
future development, we aim both to validate the effectiveness
of the strategy in outdoor environments and to make the hu-
man operator capable of handling both the orientation of the
end effector, in addition to its position, and the swivel angle
of the arm.
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