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Abstract—Precision agriculture offers the opportunity to auto-
mate routine or difficult tasks in orchards and vineyards, such as
spraying or inspection, with Uncrewed Ground Vehicles (UGV).
In this context, human operators should be kept in the closed-
loop control of the robot for safety and reliability. This work
is motivated by the challenges of effectively deploying human-
robot shared control in the field. First, an asymptotically stable
controller keeps the robot on the desired trajectory between
rows of trees, whose distance is on the order of the robot’s
width. Second, the robot must efficiently avoid static and moving
obstacles on its path. Third, the control inputs must not exceed
the actuator limits, which can degrade trajectory tracking per-
formance, cause instability, or damage critical hardware. Finally,
in real-life scenarios, user intervention is sometimes required to
manage unpredictable situations. To overcome these challenges,
we propose and deploy a shared controller that continuously
and smoothly varies the ratio of human and automatic control
inputs depending on the human’s intent, geometrically rescales
trajectory inputs to maintain bounded control, and incorporates
obstacle avoidance capabilities — all while preserving asymptotic
stability of the closed-loop system. Additionally, we introduce
a time re-scaling strategy that modifies trajectory evolution,
ensuring target positions remain within a defined vicinity of the
robot. The system performance was assessed in simulation and
in 26 field trials inside an apple orchard using different obstacle
configurations, weather, and terrain conditions, with a success
rate of 100% and an average tracking error of 0.1 m.

Note to Practitioners—The proposed shared control approach
is developed for use with a differentially steered Uncrewed
Ground Vehicle (UGV) with first order kinematic constraints and
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can be adapted to different indoor and outdoor scenarios. The
environment in which the UGV is deployed should be mapped
in advance to create a reference trajectory for the UGV to
follow. If the location of obstacles is not known in advance,
an obstacle detection and tracking system, as well as an online
mapping system, must be developed. A simulated model of the
UGV and the environment are useful for determining initial
values of the shared control gains that can be further tuned
when the physical platform is first deployed. In GPS-denied
scenarios, a Simultaneous Localization and Mapping (SLAM)
system must be implemented; a lidar-inertial based SLAM system
is recommended. A force-reflexive joystick is ideal for sensitive
human input. In addition, the communication between the UGV
and the base station (where the human operator supervises the
UGV and provides commands to it) should have minimal time
delays, not exceeding typical human reaction time (ca. 0.25 s).

Index Terms—Human-robot shared control, collision avoid-
ance, trajectory tracking, field robotics, agricultural automation.

I. INTRODUCTION

UMAN-ROBOT shared control is becoming increas-

ingly popular in many fields, such as the automotive
industry [1], [2], [3], healthcare [4], [5], agriculture [6], [7],
surveying [8], and environmental monitoring [9], [10]. Shared
control lies in between teleoperation, where the control input
is generated solely by a human, and supervisory control, where
the control input is fully automatic, but a human can change
the control objective. These types of semiautomatic control
permit humans and robots to mutually benefit: humans can
operate with a decreased demand on attention, while robotic
systems are safer, thanks to human intervention. Additional
benefits are cost reduction (fewer sensors needed, as the
system is augmented by human perception) and improved
robustness (anomalies can be efficiently detected and handled
by the human).

In this work, we focus on the design of a shared-control
strategy for a differentially steered UGV (Fig. 1), designed
with an eye towards the development of precision agricul-
ture. UGVs are often deployed at agricultural sites [11] to
autonomously perform tasks, such as: spraying [12], [13],
inspection [14], and harvesting [15], [16], [17]. Several mobile
robot platforms have been designed for the above tasks,
significantly improving production [18].

Many of these platforms are still in the pilot research
stage because of the challenges faced in agricultural envi-
ronments. In particular, orchards are densely populated
with irregularly distributed obstacles and narrow pathways,
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Fig. 1. The experimental area, consisting of an apple orchard with 2.7 m wide
and 25 m long rows. The robot has been tested under various weather and
terrain conditions, such as dry sunny days and tall grass, as well as muddy
terrain conditions in rainy and cloudy weather (as shown in picture).

in which tolerance to errors in trajectory planning and
trajectory following are much lower than they would be in
open agricultural fields. To overcome these challenges, vision-
based algorithms were developed for autonomous mobile robot
navigation [19] and path planning, such as bi-directional
RRT [20]. However, disturbances such as bushes, leaves,
and lighting conditions significantly affect the performance
of vision-based algorithms, especially for collision avoid-
ance. In [21], the authors proposed a modular and scalable
sensing system with a distributed architecture for assisting
GPS-based autonomous navigation, where three Time-of-
Flight (ToF) laser range finders and seven multichannel
infrared (IR) sensor arrays mounted on the front, left, and
right sides of the robot provided it with collision avoidance
capabilities.

Despite these advances towards full autonomy, for the
aforementioned tasks the introduction of a human operator into
the closed-loop system is still desirable to improve safety and
reliability [22], [23]. The navigation algorithm for the mobile
robot can be implemented with the minimum sensing system,
where human awareness and decision-making can be replaced
by relying on the sensing system in emergency cases.

In this paper, we consider a Human-robot shared control
system consisting of one human operator and a UGV, in which
we ensure that the UGV can autonomously maneuver in an
agriculture environment with static and moving obstacles. We
designed the automatic controller to allow any differential
drive robot to maneuver in an environment with static and
moving obstacles, in which the localization of the UGV can
be provided using a vision-based or GPS-based system. Thus,
our proposed shared control is more cost-effective since it
can be deployed on a different mobile platform and with
different navigation systems. However, several challenges must
be addressed to effectively deploy human-shared control in the
field, including keeping the robot on the desired trajectory
between rows of trees, avoiding static and moving obsta-
cles, ensuring the actuator limits are never exceeded, and
smoothly fusing the human control input and the automatic
control input, in proportions that correctly reflect the human’s
intent.

A. Contributions

The main contributions of our work are:

1) We present a human-robot shared control trajectory
tracking architecture that supports: (a) a continuously
varying ratio of human input to automatic control input
depending on the human’s intent; (b) a continuous
geometrical re-scaling of the trajectory tracking control
input to ensure it is bounded; and (c) an automatic obsta-
cle avoidance controller that ensures safe maneuvering
in a complex environment. Our approach is unique
in achieving these criteria with with the mathematical
guarantee of the ultimate boundedness of the closed loop
human-robot shared control system.

2) We also propose a time re-scaling strategy to modify
the evolution of the reference trajectory, ensuring that
the actual target position remains within a user-defined
vicinity of the robot at all times. This approach situates
the method as an intermediary between traditional tra-
jectory tracking, with its precise temporal evolution, and
path following, which primarily focuses on spatial posi-
tioning, thus balancing temporal and spatial adaptability.

3) We extensively test the above on a differential drive
mobile robot operating in a real apple orchard at
different times of the year, including in unfavorable
conditions, such as muddy terrain and tall grass. We
also compare our proposed control architecture against
a state-of-the-art nonlinear Model Predictive Control
(MPC) in simulation, demonstrating that our system has
comparable performance, at a fraction of the computa-
tional power.

The remainder of this paper is structured as follows. Sec-
tion II covers the relevant literature in human-robot shared
control. The control problem addressed by the paper is stated
in Section III. In Section IV, we present the design of the
shared control approach that allows the differential drive robot
to maneuver in an unstructured and partially unknown envi-
ronment. The experimental setup is illustrated in Section V.
Section VI shows experimental validation of the approach
both in simulation and real experiments, together with a
comparison with a state-of-the-art approach based on MPC.
Finally, Section VII presents our main conclusions and Future
work.

II. RELATED WORKS

The focus of human-robot shared control research can be
divided into two main categories: a) how to model human
behavior in order to anticipate human intention; and b) how
to define switching policies to mix the human command input
with the automatic controller input. For completeness, we
briefly cover the first category, but concentrate on the second
one in this paper.

Additionally, the interface used by the human operator
to generated the human control input affects the design of
the shared control system. For example, we can have direct
contact between the human and the robot, as in automotive
applications [24] where a human uses a steering wheel to
provide commands to the vehicle, or we can have remote
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human input, as in telerobotic systems where a human uses
a leader robot to command a follower robot located far
away [25].

A. Modelling Human Behavior

Many applications of shared control focus on the modeling
of human behaviors, especially for teleoperation [26], [27],
[28], where the human intended trajectory is predicted and
fed back to the robot as a reference trajectory. A second
application is assistive robotics. For example in [29] and [30]
a shared control approach allows a person with a disability to
control an actuated wheelchair. In these works, the automatic
controller predicts the path the person intends to take and
follows it. An example in the automotive field is [31], where
an MPC is used as the automatic controller to guide a four-
wheel vehicle, while a gated recurrent neural network is used
to model the driver’s behavior to better predict their steering
intention.

B. Switching Policy

Switching between the human commands and the automatic
controller while ensuring asymptotic stability is challenging
from a control point of view. A few studies investigate this
problem, such as [32], where an Advanced Driver Assistance
System (ADAS) shares the control of the steering wheel with
the driver and a cybernetic driver model (based on the driver
visualization information) is combined with the vehicle model
for lane keeping. A linear driver-vehicle model is used in
the H2-Preview Control Approach, where the control inputs
are designed to ensure the stability of the closed-loop system
considering the uncertainties in the human model. Because
the model parameters are obtained from human trials, its
generalization depends on how the data are collected.

In contrast, [33] proposes a driver-vehicle shared control
for lane-keeping and obstacle avoidance, in which the steady-
state yaw rate and the rear slip angle at peak tire force are
used to create a stable control that does not violate the vehicle
handling limits. A graph search algorithm forms collision-free
tubes through the environment in which the vehicle trajectory
must be contained. A model predictive controller uses the cost
between the driver commands and the smooth trajectory, the
constraints on yaw rate and rear slip angle, and collision-
free tube constraints. This work was developed to assist a
driver by adjusting the driver steering command to respect
the given constraint. Thus, the driver’s level of authority is
always limited, which means the interaction is not a mixed-
initiative interaction, in which the driver can have control when
necessary and suspend his/her input, when desired [34].

The work in [35] introduces a novel exponential mixed-
initiative interaction policy characterized by a smooth transi-
tion between human input and an automatic control input. The
shared controller was designed for a second-order system with
single input and single output, where the asymptotic stability
of the human-robot closed-loop system was proven, but not
demonstrated on a physical system.

In a follow up work, the same authors [36] develop a
shared control system for a human user and a four-wheeled,

front-steered vehicle with second-degree non-holonomic accel-
eration constraints. A second order sliding mode automatic
control input is mixed with the human control input using the
exponential policy. An exponential policy is used also in [37]
to mix the human commands with a sliding mode controller for
an underwater vehicle. While addressing the mixed-initiative
shared control and stability, neither work addresses the safe
avoidance of obstacles in the environment.

In [38] we develop a shared trajectory tracking with colli-
sion avoidance controller for a differentially steered robot, in
which the trajectory tracking controller is a Lyapunov-based
controller combined with a collision-avoidance controller to
form the automatic control input. This approach is validated
in an indoor scenario with a differential drive service robot.
However, this work does not consider actuator magnitude
limits, which is critical in field operations where terrain
properties change over time.

Here, we introduce the geometric scaling [39] of the
Lyapunov-based trajectory tracking controller developed in
[38], to continuously rescale the control inputs so that the
actuator magnitude constraints of the robot are respected at
all times. We also introduce a new control barrier function
design that includes turning in a preferred direction to avoid
deadlocks that can occur with symmetrical control barrier
functions when an obstacle is located directly in front of the
robot.

C. Human-Robot Interface

Our proposed shared control is developed for use with
a remotely controlled UGV. Joystick devices can be used
to remotely command a robot, as in telerobotics, where the
joystick is the leader and the robot is the follower [40]. In [41]
the robot is a mobile manipulator, and the joystick is a haptic
device with the same number of degrees of freedom as the
manipulator. Here, we consider a mobile robot commanded
with two control inputs provided using the two degrees of
freedom of a force-reflexive joystick. The joystick tracks the
automatic control input signal and resists the human user
when he/she tries to drive the UGV away from its preplanned
trajectory, thus providing intuitive haptic feedback to the
human user about how far away, and in which direction, the
robot is from its desired trajectory.

Our proposed approach is validated with outdoor field
experiments in an apple orchard. Furthermore, to provide a
benchmark for its effectiveness, we compare our approach in
simulation against a shared human-robot controller where the
trajectory tracking and obstacle avoidance are implemented
using a nonlinear MPC strategy.

III. PROBLEM STATEMENT

Consider a differential drive robot, such as shown in Fig. 2.
Suppose the robot’s wheels roll without slipping (i.e. the sway
speed is identically zero). In a three-dimensional configuration
space, the kinematic equations of motion are given by

X =g, )
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Fig. 2. Reference frames and conventions definitions. The World frame W is
fixed to Earth, with the z-axis pointing upwards. The origin of W is arbitrary
and defined as the starting point of the experiments. The position of the robot’s
base frame B is identified by P, whose two coordinates x,y are defined in W,
while the robot’s yaw is denoted by .

with the mapping g : S — R3*2,

cos Y 0
g=|siny 0], @)
0 1
where
x u
x:=|y|eR*xS, and u::|: :|€R2. 3)
" r

The variables appearing in (3) include x-y Cartesian position
of the robot, the heading angle ¥ (about the axis z pointing
up), the surge speed (i.e. longitudinal speed in body-fixed
coordinates) u and the yaw rate r. The set of Euler angles
defined on the interval [-7 ] is indicated with S. Since
we assume no lateral slippage, the motion of the robot
is nonholonomic first-order kinematic constraints, as given
by (1).

The speeds of the two motors can be independently con-
trolled to provide a desired surge speed u and yaw rate r,
which we take to be the two control inputs. Let

xq(t)
ya(t)
Ya(t)

be the trajectory to be tracked. The trajectory x,(f) and its
first and second derivatives, x;(f) and X,(z), are assumed to
be smooth and bounded. The trajectory could be designed
using a simple point-to-point planning method (e.g. [42]), or
more advanced motion planning techniques that take energetic
requirements or risk into account [43], [44], [45], [46], [47],
[48]. The output of the system is the pose of the robot in the
inertial frame, i.e. y(t) = x(¢).

We consider n obstacles represented by the position vector
X,(0) = [x01(D), ..., xou®]" € R¥ in the inertial reference
frame, where

xq() = eR>x S )

Xoi

xm-(t)=|: }ERZ, for ief{l,...,n}. (5)

ol
The problem we address in this work can be summarized
as designing a shared controller with the following properties:
1) The differential drive UGV can operate autonomously
in unstructured and partially unknown environments

Human

Desired
trajectory

Obstacles

Fig. 3. Block diagram of the shared control system with collision avoidance,
the blue part of the figure represents the block diagram of the shared control
system without collision avoidance, where Lya-Ctr is the trajectory tracking
controller u., CBF the collision avoidance controller u,, x is the robot pose
in the NED-frame, the robot desired surge speed u4, the desired pose x4, and
the obstacle position x,,.

while following the desired trajectory (4) with static and
moving obstacles represented by (5).

2) At any time, the human operator should be able to
manually take and release control of the UGV whenever
needed, without loss of vehicle autonomous control.

3) The trajectory tracking control input is globally uni-
formly ultimately bounded.

4) The subsequent closed-loop human-robot shared con-
troller is globally uniformly ultimately bounded.

IV. CONTROL DESIGN

In this section we introduce our proposed shared trajec-
tory tracking with a collision avoidance controller for a
human-robot system composed of one human operator and
a differential drive UGV. The trajectory tracking controller
design is based on the Lyapunov stabilization approach. The
design of the associated collision avoidance controller is based
on the use of a control barrier function, and the rule for blend-
ing the human control input with the automatic control input is
designed using a Lyapunov-function-like storage function (to
obtain a measure of human intent) as the argument of convex
combination of exponential functions.

Since it is impossible to guarantee that a human will always
have sufficient situational awareness and response time to
avoid obstacles, an automatic collision avoidance method is
used to help ensure the safe operation of the UGV. A typical
situation where this feature is needed is when the original
(i.e., global) plan (e.g., made using a satellite map) needs to be
updated/modified based on local visual information (e.g. when
the presence of a previously unperceived obstacle is detected).

We have included a block diagram of the shared trajectory
tracking with a collision avoidance controller Fig. 3.

A. Kinematic Trajectory Tracking Controller
Consider the trajectory tracking controller inputs

ug cos(fp) + keXp i|

u| )
e = |:rc:| - |:rd + k,J, siny, + Fpug ©)
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where u, is the desired surge speed, r; is the desired yaw
rate, and k, > 0, k;, > O are control design parameters. The
error between the desired and actual state expressed in the
body-fixed frame is &, = [)Eb,jfb,&b]T, where

Xp = Xcosy + ysiny,

Vp = —Xsiny + ycosy,

Gy =, (7
X=xg—X =ys—y, and § = ¢y — .

The kinematic error model in the body-frame for the system
(1) is

Xp = ug cosyy — ue + 1V,
Yo = g singy, — reXp,
Uy =rqg—re. (¥

In the absence of exogenous disturbances and unmodeled
dynamics, the trajectory tracking controller in (6) is asymp-
totically stable according to [Section 5.4] [49]. However,
these effects will be present in real-world implementations.
Here, we build upon the work of [49] by examining the
stability of the closed loop tracking system when exogenous
disturbances and unmodeled dynamics affect the kinematic
model (1) through the same channels as the control inputs
(matched disturbances). The resulting kinematic model with
disturbances is

X =gx)(u+d), )

where d := [d, d,p]T is the disturbance vector.
Assumption 1: The disturbances d(t) R — R? are
unknown, but continuous and bounded, such that

IdI* < Ca, (10)

where C; > 0 is constant.
Using the kinematic error model in the body-frame for the
system (9) in (8) gives

Xp = ugcosyp — ue + .y, — dy,

b = ug siny, — rcXp,

Wy =1q— 1. —dy, (11)

Theorem 1: The closed loop system (9), with the trajectory
tracking control input (6) is globally uniformly ultimately
bounded.

Proof: Consider the Lyapunov function defined in [Section
5.4] [49] . :

V= Eiﬁ + Ejﬁ + 1 —cosp.
Taking the derivative of this gives

(12)

V = XX + 9pY6 + U sin i,
Xp
sing, | | ¥
Ui

Using the kinematic error model (11) we get

=[%

Ug CoSYp — e + redp
Ug Sinyp, — 1.Xp
rq—T¢

V = [)?b )717 sin l;b]

- =1 dy
—[%  singy] |:d¢:| )
Inserting (6) into the latter equation gives

. - .9 - . =1 dy
V= -k —kysin® g, — [%  singy] [dJ. (13)

Applying Young’s Inequality to this latter expression and
taking ||d||*> = d?> + d2, under Assumption 1, we have

. Lo~ 1. 1 ., 1
V <~k = kysin® g, + S5, + 5 sin g, + S|P,

Iy . Iy ., 1
<- (kx - 5) % - (kw - 5) sin® g, + > lldIP?,

< - (kx - %) i (kw - %) sin? gy, + %cd.
For a given initial value of V, it can be seen from (14), that
a suitable selection of k, > 1/2 and ky > 1/2 will ensure that
V < 0 for a given value of C;. Under Assumption 1, it can
be seen from (13), that V is bounded (so that V is uniformly
continuous). Since V < 0 at such an initial time, according
to Barbalat’s Lemma [50], the function V. — 0 as r — oo
so that the solution trajectories of the closed loop system are
ultimately bounded.

Therefore, we can conclude that both %, and i, are
bounded. From (7), we see that this implies %, ¥, and v
are also bounded. As all the solution trajectories of the
tracking errors of all the terms in the closed loop system
are ultimately bounded, the closed loop system is uniformly
ultimately bounded. m}

To implement (6) on a physical system, we need to ensure
that the actuator magnitude limits are respected, in which the
controller (6) magnitude increases when the error between the
robot and the desired trajectory increases.

(14)

Let
L, 1, 1 ~
Va= g%t ot 1(1 — cos ), (15)
be a scaled Lyapunov function, where 4 : R* — R is

a continuously differentiable function, if we consider the
following equation:

Vi=c, (16)

where c is a positive constant, the positive solution of (16) is

21 —cos ) + VA

A
4c

a7

where A = 4(1 — cos ;) + 8c(X2 + 77).
Given the scaled Lyapunov function (15), the trajectory
tracking control input (6), can be rewritten as

Uy
u 1= =
ra
The objective is to ensure the control inputs are bounded

while smoothly minimizing the error between the robot and
the desired trajectory.

- 1
ug cos(Yp) + ikxib
1 ) (18)
ra+ ﬁkw siny;, + Zj’h“d
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Theorem 2: The closed loop system (9), with the scaled
trajectory tracking control input (18) is globally uniformly
ultimately bounded if the function A is chosen as

1, V<e
A=192(1-cosi,) + VA (19
, V>c¢,
4c
where c is a positive constant, and
1 1 -
V= §x§+ §y§+ 1 — cos . (20)

Proof: The first case when A = 1, means the Lyapunov
function V = (¥ + §7)/2 + 1 — cos ¢, < c, that is the error
states X, and y, are bounded, then the control inputs (18) is
bounded.

In the second case A is as defined in (19) and V, = c.
We must prove that the scaled trajectory control input (18)
asymptotically stabilizes (9).

The derivative of V; = ¢ is

. 1 . . P
Vo= ﬁ(f%f% + Yo¥p + /llﬁh sin )
(xb + yb + A(1 — cos wb)) =0. (21)

Inserting the kinemat1c error model for the system with
disturbances (11) in the first term we have

1 _ udCOSle: uy + rayp
[)~Ch 51;, /lSinlﬂb] Uqg Sinlﬂb - r/lfcb

Fg—T)
1 1 Td
-z ([fcb Asin tﬁb] [ddw])

A -
- E(féb ‘i’yb + /1(1 - COSlﬁb)) =0

Using the control input (18), we have

Lo ssff)

(xh + 3, + A1 = cos )

= —% (kxfc,z, + ky sin” W) —

(22)
Applying Young’s inequality to the vectors
1 1 | d,
ﬁxb =z sin i, dy |’
we have
11 ][d
A [Fxb = sin lﬂb} [dw}
! % + L in2g + 4 1d2+1d2 (23)
— i — -
S ot g S 24T %
inserting (23) into (22) we have
(xl7 + yb + A(1 = cos )
1 1y, 1 1
=TT (k* 213) e (k‘” Z/l)sm ¥
&+ L 24
(2 x5 ) (24)

Given Assumption 1, the disturbance magnitude is bounded
by C4. Thus, by carefully selecting the value ¢ in (17), we
have

1
(3 +dy) < Ca < 55 %,

Then, we have
1 1
k sin’ 1,
20 <0, (25

1
(+-3-
. 2
A=—
xb+yb + A(1 —COS(ﬂb)

which implies that for k, > 1/2 + 1/(22%) and k, > 1/(24)
the function A is decreasing, and from its definition (19), we
conclude that the pose errors in the body frame are decreasing.
By selecting the constant c, we can ensure that the control
input (18), is globally uniformly ultimately bounded. m}

B. Safety-Critical Control

The collision avoidance controller from [38] ensures that
the safe set is forward invariant; however, the cosine in the
definition of the control barrier function causes the control
input to drop to zero when || = 7r/2 and the robot is avoiding
an obstacle. To prevent this problem, we instead use the
tanh(-) function in the control input, which requires the relaxed
term in the control barrier function C to be greater than the
parameter kcpg.

During the experiments presented in [38] it was noted that
the condition C > kcgr makes the tuning of the controller more
difficult. Thus, we design a collision avoidance controller that

Proposition 1: The following function

does not require C > kcgg.
B(x,1) = i: ! (26)
' (x— Xoi)* + - YOI) gafel ’

is a relaxed time-varying control barrier function, where x is
the robot pose.

Proof: The function (26) is a relaxed time-varying con-
trol barrier function if it satisfies the three conditions in
Definition 1 of [38]. The function (26) already satisfies the
first and second conditions in Definition 1 of [38].

To prove that (26) also satisfies the third condition, we need
to show that B(x,u.,uy,t) < KB+ C.

The derivative of the function B(x,?) is

n

. OB 9B 0B, OB
B(x,uc,uh,t):Z( X+ —y +—w+ )
—\ox Iy Xoi

0B
= LgB(uc +u,) + E ox _xoi’ (27)
=1

with
L.By " ([6B 0B 0B 5
LB=| %"= R?, (2
o= 2 (5 & Wlaw)em e

and

n

0B . 2_2((x xm)xm'i‘()’ yoz)ym)

2 o5 T LGy + Gy -
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where %,; and y,; are the speed of the i obstacle in the x
direction and y direction respectively.

From (2), and since B/0y = 0, LyB; = 0. Let I € R and
J € R be defined as

"B
I :=L,Bu, — X, 30
sBtte ;ax 0i (30)
and
J:=KB+C. 31
If I < J and if u, = 0, then
B(x,ue up,t) =1 < KB+ C
If I > J with
0
1 T
o= —T—=LB — H )
Yo = TILBE kCBF7max tanh ( )
rmax
where rnax 1S the maximum value of the yaw rate, and
_a-n
ILeBI?> ¢
then
B(x,‘r,u,t) =0<KB+C,
and the third condition is satisfied. m]

Based on the proof of Proposition 1 and on the Proposition
2 in [38], the collision avoidance control

T
[0@, I<J
u, = . 0
———=L.B - H A>T
||LgB||2 # kCBFrmax tanh (r )
(32)

ensures the graph set defined in [38] is invariant. Thus, if the
robot starts inside the safe set, it remains inside the safe set.

The collision avoidance controller (32) is added to the
trajectory tracking controller (18) to form the automatic con-
troller, which is given by

u,=u, +u,. (33)

C. Shared Control

The human operator uses a joystick to provide commands to
the UGV while getting a feedback force. The automatic control
input u, is mapped to the normalized surge speed and yaw
rate u,,, r, € [—1, 1], respectively. The normalization constants
kjx, kj, represent the maximum surge speed and yaw rate from
the automatic controller, respectively.

(34)
(35)

Up = ua/ij
T = Talkjy.

The actual joystick positions pitch and roll ujey, Fioy € [—1, 1]
are also normalized, with O corresponding to the rest position.
The joystick is programmed to follow the normalized surge
speed u,, and yaw rate r,,, respectively. The errors between
the mapped automatic control inputs and the actual joystick

positions are also defined as X, = u,, — ujoy and Uy =t — Tioys
respectively.
The human control input is:

up, knxXp
u h = = -
T Kny W

where kj, kp, > 0 are positive constants.
The human intent is derived using the storage functions

(36)

1
Vix = Eksj]% >0, 37

1 .
Viy = ks 2 0, (38)

where k; > 0 is a spring constant. When the joystick handle
is displaced from the tracked position in the front-to-back
direction %, # 0, V;, > 0, and when it is displaced in the
side-to-side direction iJ;, # 0, Vi > 0. Thus, the values of the
two storage functions are convenient measures of the human’s
intent to control the system.

The human control input (36) is mixed with the automatic
control input (33) using a linear blending law such that

u(t) = Kpup(t) + Ko (2), (39
where
_la- e Vi) 0
m‘[ 0 u-aWJ 40
e Vs 0

The variations of %, i/, are due only to human intervention
and cause a change in the potentials Vj,, and Vj,, which are
proxies for human intent. The blending parameters K;, K, in
(40), (41) are designed so that when there is a human inter-
vention, Vj,, and Vj, will increase making the human input
u;(t) dominate the automatic control input u,(t). Therefore,
the human input always has priority.

Note that the exponential function in (40) and (41) ensures
a smooth transition between the human commands and the
automatic control, while the speed of transition depends on
the value of k.

D. Reference Time Scaling

User intervention can deviate the actual position of the robot
from its desired position. If this deviation increases too much,
the robot might follow an undesirable path. For example, the
human could force the robot to stop for a certain amount of
time to examine an object of interest. If, during that time, the
desired trajectory moves to the next row of trees, the robot
may try to pass through the line of trees when the human
relinquishes control to the automatic controller.

To address this, we implemented a time scaling strategy
that gradually reduces (or increases) the rate of change of
the desired trajectory if the error goes beyond a predefined
threshold. To this end, we use a time parametrization h(f) for
the desired trajectory that differs from the controller time z. We
assume the desired trajectory is generated with an interpolant
(e.g. a polynomial) parametrized with A(¢) instead of z. While
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Fig. 4. Plot of the time scaling function, for activation @ = 2 m and maximum
error ||peyyllmax = 4m.

the time ¢ evolves at a constant rate F. (where F, is the
frequency of the control loop) h(f) can vary its evolution
depending on the tracking error. This will change the evolution
of the desired trajectory.

First, we consider the case where the desired position lies
in the half-space ahead of the robot. In this case, the time
scaling parameter € will adjust the time update in order to
“slow down” the trajectory. This is equivalent to having %, > 0
and uy > 0. Without loss of generality, similar reasoning can
be done to speed up the desired position if %, < O (i.e., the
robot is ahead of the desired position). The parametrization
h(t) is defined (in continuous time) as

1
h(t) = / e(llvex (DID 7~ (42)

where [j,eq |l = /%5 + 77 is the norm of the tracking error
at time ¢ along the X, Y coordinates (i.e. Cartesian error)
expressed in the base frame, € € [0, 1] scales the nominal time
update which is set equal to the control interval 1/F,. Now, let
us consider [|peyllmax the norm of the maximum error beyond
which we want the reference to stop. Then, we can define €
as a function of the norm of the Cartesian error ||,e.ll,
1 1

() = 5t5 tanh s (0 = lew )] . (43)
where p = a+ (IlbexyHmaX—a) /2 sets the position of the middle
of the slope, a is the activation value and s is a sensitivity
parameter that we set to s = 3/(o—a) such that the slope starts
to decrease at exactly a. The plot of € is shown in Fig. 4.

E. Model Predictive Controller

To compare our control strategy with a state-of-the-art
approach, we opted for a model predictive controller based
on numerical optimization as baseline [51]. In particular, we
implemented a Nonlinear Model Predictive Control (NMPC)
formulation because it can handle both the nonlinear sys-
tem dynamics and the constraints. We use a single shooting
approach to transcribe the optimal control problem where we
discretize the vector of inputs U along a prediction horizon
T, which is divided into N discrete time control intervals of
length T, = T/N.

The states x(k) € [0, N] are treated as dependent variables.
Therefore, the decision variables are the vector of control
inputs U = [uo,....un_1] to be given to (1), with u; =
[y r]", while the states are x; = [x; Vi z//k]T € R3 and

are computed from the inputs along the horizon. The resulting
optimization problem is

N-1
min » € (o up) + br () (44a)
k=0
s.t. Xxo = Xo, (44b)
Xep = f (o), kel)™, (440)
hxeuw) <0, kel)™, (44d)

where £ : R™ x R™ — R is the stage cost function, and ¢t :
R™ — R is the terminal cost function. The initial condition
(44b) is expressed by setting x( equal to the state estimate X
received from an estimator (see Sec. IV-F).

Finally, the inequality constraints are included with (44d).
They provide bounds on the decision variables and path
constraints to implement obstacle avoidance. The nonlinear
rover dynamics (1) is integrated to obtain the states in a single-
shooting fashion via a fourth-order method (i.e. Runge Kutta
4) starting from the initial state at sample 0: xo = Xo.

To reduce the impact of integration errors, we integrate on
a finer grid, performing a number of integration Ny, sub-
steps within two adjacent knots. This has the advantage of
improving the integration accuracy, without increasing the
problem size. In our NMPC formulation we do not set any
terminal cost but only a stage cost of the form:

C(xp,u) = O, + 6y + &, (45a)
G =l xi = xax llg, (45b)
b=l ug —uax g, (45¢)
b =l ~ iy llg, (45d)

where:

e the first term (45b) is a tracking cost to encourage the
states x; to track their references x4, at each sample k

o the second term (45c) is a tracking cost to track desired
inputs ugy = [ug(ty) ra(t)]’, and

e the third term (45d) is a cost to smooth the inputs (i.e.
minimize their first derivatives).

The positive definite weight matrices 0, € R33, @, € R?*2,
and Q, € R**? contain the weights of the different cost terms.
For the inequalities (44d) we encode: 1) the bounds on the
input variables (|u| < umax and |r] < rmax) and 2) implement
obstacles avoidance as

)1
y y(l
where [xo yo]T is the position of the closest obstacle and rg,fe
is the minimum distance we want the rover to keep from
the obstacle. NMPC is based on solving the Optimal Control
Problem (OCP) (44) given the current state estimate X of the
system. Only the first element of the optimized input trajectory
is applied to the system, then the state is measured and the

OCP is solved again (shifting the horizon forward) based on
the new state measurement, to close the loop.

2
2 (46)

2 Tsafe>
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Fig. 5. Overview of the experimental setup. An Operator PC (OPC) is
connected to the joystick via an Ethernet-to-CAN gateway, an Access Point
(AP) provides internet access to the OPC and the robot via Wi-Fi at 5 GHz.
The robot communicates to the GNSS over L1 and L2 bands and computes
its RTK position using NTRIP corrections from the internet.

F. State Estimation

The controllers detailed in the previous section do not have
direct access to the robot’s state x. To make an estimated
state X available to the controllers, we fuse Inertial Mea-
surement Unit (IMU) and Global Navigation Satellite System
(GNSS) data. A 9-axis IMU provides the robot’s heading at
200 Hz via an internal filter running in hardware. The robot’s
position is provided by a GNSS receiver at 10 Hz with Real
Time Kinematics (RTK) corrections via Networked Transport
of RTCM via Internet Protocol (NTRIP), which guarantees
20 mm accuracy.

A simple custom ROS node directly combines the two
datastreams at 10 Hz after converting the absolute coordinates
provided by the GNSS to Cartesian coordinates via a fixed
transform. In our experience, there was no need to perform
any data fusion (e.g. via filtering).

This approach reduces the complexity, computational load,
and uncertainty associated to the processing of high bandwidth
data (e.g., cameras, lidars) in agricultural settings. At the same
time, it leverages the prior information (e.g., maps of the
orchard) and GNSS coverage that are available in most agri-
culture applications. However, in GNSS-denied environments,
adding a SLAM system is necessary; this is left for future
work.

V. EXPERIMENTAL SETUP

The human-robot shared control setup consists of a mobile
platform, a teleoperation base station, and a communication
infrastructure. An overview of the setup is shown in Fig. 5. The
operator’s PC at the base station communicates with a Joystick
via an Ethernet-to-CAN gateway. The Wi-Fi range between the
PC and the robot is extended by placing an Access Point (AP)
at the center of the field, which also provides internet access
to the robot and the Operator’s PC (OPC).

A. Mobile Platform

The mobile platform used for our experiments is the
Clearpath Husky A200, a 1 m long, four-wheel differential
drive robot with a 75 kg payload capacity and a weight of
50 kg. The robot is shown in Fig. 6. It was equipped with an

RTK
receiver

Fig. 6. The Husky A200 used for the experiments. The system was equipped
with two Wi-Fi antennas, an RTK GNSS, an industrial-grade IMU, and two
emergency stops. To limit interference, only the 5 GHz antenna was used.

ArduSimple simpleRTK2B real-time kinematic (RTK) GNSS
receiver, and a 9-axis Xsens Mti-630 IMU. A 5 Ghz Wi-Fi
antenna is placed at the top for communication with the local
RTK corrections network, telemetry, and teleoperation from
the base station.

B. Teleoperation Station and Communication Infrastructure

The teleoperation station consists of the OPC connected
to a CLS-P Side Stick Active Force Joystick by Brunner
Elektronik. The Joystick communicates with the PC via a
E2CAN Gateway and is configured to output pitch and roll
signals. The pitch and roll are converted into ROS messages
and mapped to command the surge speed u and yaw rate r of
the robot, respectively.

When the trajectory tracking controller is active, the velocity
corresponding to the desired trajectory is sent to the joystick,
which is driven in autopilot mode. The joystick uses the in-
built force feedback to indicate the user deviations from the
velocity associated with the reference trajectory.

To maintain a stable 5 GHz Wi-Fi connection between
the operator’s PC and a robot, a WAVLINK-N300 dual-band
Access Point (AP) was mounted on a support column in the
middle of the experimental site. The AP also provided the
robot with NTRIP RTK access, connected to the internet via
a CATG6 Ethernet cable.

C. Experimental Site

The experiments were conducted at the Laimburg Integrated
Digital Orchard (LIDO), an experimental apple orchard at the
Laimburg Research Center in Ora (BZ), Italy. The test site
consists of five 25 m-long rows of trees, separated by 2.7
m-wide aisles. A satellite view of the site, with the desired
trajectory performed in the experiments and the obstacles
(tagged in situ with RTK GNSS), is shown in Fig. 7.
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Fig. 7. Aerial view of the of the experimental site. The reference trajectory
is indicated in red, the GNSS waypoints in white, the static obstacles in blue,
and the moving obstacle (from left to right) in green. The robot starts at the
origin of the inertial reference frame (the X-Y axes) and moves towards the
moving obstacle first and the static ones in sequential order.

TABLE 1
SUMMARY OF THE EXPERIMENTAL VALIDATION

Type Appr. Exp.N Trials Sh.C Obs.A A-S tS
Lyap. Exp 1 5 v v
Sim. Exp 1A 5 v v
Exp 1B 5 v v v
Exp 2 5 v v v
Exp 2A 5 v v v v
MPC Exp 3 5 NA
Exp 4 5 v NA
Exp 5 10 v
Real  Lyap. Exp6 10 v v
Exp 7 5 v v v
Exp 8 1 v v v v

VI. EXPERIMENTAL EVALUATION

To evaluate our proposed controllers, we performed a series
of eleven experiments, each one consisting of one or more
trials, in a simulated and a real orchard environment (see
Table I). For all tests, we consider the scenario in which the
robot autonomously navigates the orchard, e.g., for a routine
spraying or monitoring operation in the potential presence of
moving and stationary obstacles, as shown in Fig. 7.

The operator follows the robot’s progress from the OPC
at a distance, with the ability to manually stop it or move it
away from the reference trajectory by using the joystick (e.g.
to inspect a tree of interest). For the field experiments, the
reference trajectory was created from a set of GNSS waypoints
(white dots in Fig. 7). The same trajectory was replicated in
the simulated environment.

Unless otherwise stated, we placed three static obstacles
(blue dots in Fig. 7) on the reference trajectory, and one
virtual obstacle moving along the X-axis with speed 0.35 m/s
(darkening green dots in Fig. 7). All obstacles are modeled as
infinitely tall circular cylinders with radius 7ge = 0.6 m.

We mentioned that the collision avoidance proposed in this
work is a reactive controller; thus, prior knowledge of the
number of obstacles in the experimental environment is not
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Fig. 8. Experiment 1 results. From top to bottom: a) reference and actual
trajectories (Unscaled: is the trajectory with no scaling, Scaled: is trajectory
with scaling) b) scaling function A c¢) unscaled command surge speed u and
scaled surge speed u, d) unscaled yaw rate r and scaled yaw rate r,.

required. However, when the UGV gets close to an obstacle,
a safe area around it is required.

A. Simulation Results

1) Experiment 1 — Lyapunov-Based Approach, A-Scaling:
In this experiment, we validate the trajectory tracking con-
troller with the scaling function A (18). We placed the starting
point of the reference trajectory at (0, 10) and the robot at
(0, 0) to have a position error at the start of the simulations.
First, the robot tracks the reference trajectory represented by
the red line (see Fig. 8) without the scaling A, in which
the blue line represents the robot trajectory, second the robot
tracks the reference trajectory (see Fig. 8) with the A-Scaling
active, where the green line represents the robot trajectory.
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Fig. 9. Experiment 1A results. From top to bottom: a) reference and actual
trajectories b) Negative exponential of the activation function Vj and X,
Uy, errors between the mapped automatic control and the mapped joystick
position ¢) the mapped surge speed u,, and the mapped joystick pitch u oy
d) the mapped yaw-rate r,, and the mapped joystick roll rj,y. The operator
commands the UGV when the negative exponential of the activation function
V}, is less than 1.

The actual and the reference trajectories are presented in
Fig. 8, with the surge speed and the yaw-rate, which shows
how the A-Scaling reduces the magnitude of the control input
when the function (17) is greater than 1 (from time O s to
time 24 s), in which the robot without geometric scaling
reached the reference trajectory faster than when the scaling
function is active, but the maximum surge speed is 5.8 m/s
while the maximum scaled surge 1m/s, similarly the maximum
yaw rate 6.5 rad/s while the maximum scaled yaw rate is
1 rad/s.

2) Experiment 1A — Shared Control Lyapunov-Based
Approach, Without t-Scaling: In this experiment (see Fig. 9),
we want to show a scenario of the shared controller with
no time scaling in the reference trajectory. In this scenario
the human operator first commands the UGV to stop for 15s
between ¢t = 25s and t = 40s, then again for 10s between
t = 70s and t+ = 80s, and finally for 20s from ¢ = 140s
and t = 160s. When the human operator commands the UGV
as indicated when e™"* ~ 0 (Fig. 9, top time-series plot),
the reference trajectory keeps evolving. When the UGV is
released, the automatic controller takes a shortcut to reduce the
error between the UGV position and the reference trajectory.
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Fig. 10. Experiment 1B results. From top to bottom: a) reference and actual
trajectories b) Negative exponential of the activation function Vj and X,
Uy, errors between the mapped automatic control and the mapped joystick
position ¢) the mapped surge speed u,, and the mapped joystick pitch ujy
d) the mapped yaw-rate r,, and the mapped joystick roll rj,y. The operator
commands the UGV when the negative exponential of the activation function
V), is less than 1.

We illustrate the experiment results in Fig. 9, in which you
can see the shortcuts the UGV is taking.

3) Experiment IB — Lyapunov-Based Approach, With t-
Scaling: In this experiment, we repeat Experiment 1A with
the time scaling, showing the benefits of its use. As in the
previous experiment we stopped the UGV, but first for 25s
between r = 25s and t = 50s, then again for 15s between
t = 85s and ¢ = 100s, and finally for 45s between t = 170s
and t = 215s. The experiment results illustrated in Fig. 10
demonstrate the practical advantage of time scaling: allowing
a human operator to stop the UGV for an extended period,
while allowing the UGV to return to the desired trajectory
without undesirable shortcuts-which would, in practice, cross
rows of trees.

4) Experiment 2 — Lyapunov-Based Approach, Shared Con-
trol: In this experiment, we tested the shared trajectory
tracking controller (39) in presence of obstacles. The automatic
part is the trajectory tracking controller (18). The static and
moving obstacles on the reference trajectory were manually
avoided by the user with the joystick. This is reflected in
the activation function, which indicates the human intention
(when e7"" ~ 0, see Fig. 11). Without user input, the joystick
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Fig. 11. Experiment 2 results. From top to bottom: a) reference and actual
trajectories with obstacles. b) Negative exponential of the activation function
Vi and dijoy, Fjoy errors between the human inputs and the outputs of the
controller, respectively ¢) surge speed u and joystick position ujoy d) yaw rate
r and joystick position rjoy. The intention of the operator trying to avoid the
obstacles is visible when the roll becomes negative while r remains positive.

follows the trajectory-tracking controller commands. Thanks
to the force feedback, the user feels a resistance proportional
to the tracking errors Xy, when the robot is commanded
through the joystick.

5) Experiment 2A — Lyapunov-Based Approach, Shared
Control With Collision Avoidance: This demonstration shows
how the shared trajectory tracking with collision avoidance
control performs in a more complex scenario with two moving
obstacles. The first one moves at a speed of 0.35m/s in the
same direction as the UGV, and the second is moves a speed
of 1.0m/s towards the UGV. The static obstacles Obs2 and
Obs3 are unchanged from the other experiment (e.g. Fig. 11),
while Obs1 is moved to the end of the first row at (27, 1.8).
The first moving obstacle follows a straight line on the X-axis
direction starting from (0, 5), the same for the second moving
obstacle, but it starts from (—10, 2.6).

The simulation scenario is as follows: the UGV first encoun-
ters the moving obstacle with a speed of 0.35 m/s, then the
static obstacle Obsl, and then the second moving obstacle,
where the UGV autonomously avoids collision. After that, the
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Fig. 12. Experiment 2A results. From top to bottom: a) reference and actual
trajectories with obstacles. b) Negative exponential of the activation function
V), and X, iy, errors between joystick positions and mapped control inputs,
respectively ¢) mapped surge speed u,, and joystick pitch ujoy d) mapped yaw
rate r,, and joystick roll rjoy. The operator’s intention to avoid obstacles is
evident when the rjoy becomes negative while r;, remains positive.

TABLE II
MODEL PREDICTIVE CONTROL PARAMETERS

Parameter Value Description

Wy 10 Weight for the x tracking cost

Wy 5 Weight for the y tracking cost

Wy, 10 Weight for the v tracking cost

Wy 1 Weight for tracking desired lin. vel.
Wi 1 Weight for tracking desired ang. vel.
Ws 0.01 Weight for the smoothing cost
Ngup 5 Number of integration sub-steps
Umax. 1 Bound on surge speed

Tmax 0.5 Bound on yaw rate

Tsafe 0.6 Safe obstacle radius [m]

UGYV encounters Obs2 and Obs3; in both cases, we manually
force the UGV to avoid collision to the right of the obstacle.
(By design, the controller avoids collisions to the left). The
result of the demonstration is illustrated in Fig. 12, where we
can see the trajectory of the UGV avoiding collision with the
obstacle
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6) Experiments 3 and 4 — Model Predictive Controller:
For comparison, we repeated the conditions of Experiments 1
and 2, but this time with the NMPC presented in Section IV-E
as the trajectory tracking controller. In both cases we used an
horizon of N = 15 and a time step of 7, = 0.1 s. The cost
weights have been tuned to achieve the desired performance
and are reported in Table II.

The optimization is implemented in Matlab using the
Sequential Quadratic Programming (SQP) solver and a 4"
order Runge-Kutta integration method. To improve perfor-
mance, we used a C++ implementation of the OCP. The
NMPC optimization takes on average 0.1 s to be computed,
therefore we limit the control loop rate to 10 Hz. The results
of Experiment 3 are presented in Fig. 13, where the UGV is
following the reference trajectory using the NMPC.

In Experiment 4, we test the shared control (39) and the
NMPC as trajectory tracking controller. As in Experiment
2, we placed static and moving obstacles on the reference
trajectory and used the joystick to avoid collision with these
obstacles. Figure 14 presents the actual and reference trajecto-
ries. We consider this a validation of the proposed Lyapunov
approach, which achieves a comparable level of performance
with a significantly lower computational time: the simulation
update time is 0.001s for the Lyapunov controller, whereas it
is 0.1s for the NMPC.

The hard constraints on the actuation variables achieve an
effect equivalent to the A-scaling in the Lyapunov controller.
Figure 14 shows that the r variable quickly reaches its maxi-
mum upper bound ry,,x = 0.5 rad/s but the actuator constraint
is still respected.

7) Discussion: The NMPC allows the UGV to both follow
the reference trajectory, and upon human intervention, to
avoid obstacles and quickly return to the reference trajectory
after the human releases it. However, the computational cost
required to implement the NMPC limits the real-time update
(i.e. to 2.5 Hz or 10 Hz, with or without obstacle avoid-
ance, respectively). This makes practical implementation more
difficult, especially if wireless communication is delayed or
disrupted. In contrast, the implementation of the Lyapunov-
based shared controller achieves comparable tracking perfor-
mance with a computation time on the order of millisec-
onds, making it more suitable for practical implementation.
Figure 13 shows that the NMPC takes longer to converge
back on the trajectory after the turn at the end of the row,
relative to the results in Fig. 8. This is related to the fact that,

1.5
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Fig. 14. Experiment 4 results. From top to bottom: a) reference and actual
trajectories and obstacles b) Negative exponential of the activation function
Vi and %, ¥y, errors between the mapped automatic control and the mapped
joystick position c¢) the mapped surge speed u,, and the mapped joystick
pitch uj,y d) the mapped yaw-rate r,, and the mapped joystick roll rj,,. As
for Experiment 2, the operator’s attempts to avoid the obstacles are visible
when r,, and rjoy have opposite signs.

in the cost function (45), the position tracking is in trade-
off with velocity tracking. Therefore, the tracking behavior
depends on the tuning of the weights of the various terms in the
cost function (Table II). The velocity term is mostly relevant
in the obstacle avoidance test, to avoid “getting stuck” when
the robot is moving directly toward the obstacle. For sake of
simplicity, we kept the same weight settings for the tests with
vs. without obstacles, resulting in a slower response at the
position level.

B. Field Experiment Results

In this section, we test the proposed Lyapunov-based con-
troller on experiments with a real platform, in the field. The
controller gains obtained from the simulations were manually
refined while conducting the experiments, starting from the
values obtained in the simulation. The final controller gains are
presented in Table III and the joystick parameters in Table I'V.

Experiments were conducted from September to the end of
November (Laimburg, Bolzano, Italy) under different weather
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TABLE III
CONTROL PARAMETERS

Parameter  Value Description Dimension
ke 0.6 Surge speed gain [1/s]
Ky 1.7 Yaw rate gain [rad/s]
K 0.08 CBF boundary constant
C 0.01 CBEF relaxed constant
kha 1 Human surge speed control gain [m/s]
K 0.5 Human yaw rate control gain [rad/s]
ks 5 joystick spring constant
c 0.8 Scaling factor constant
Uq 0.7 Desired surge speed [m/s]
Tsafe,i 0.6 Min. safe distance to i*® obstacle [m]
TABLE IV

JOYSTICK PARAMETERS
Parameter Value Description Dimension
kjz 1.5 surge speed to joystick mapping [m/s]
kjop 2 yaw rate to joystick mapping [rad/s]
ki 1000  Pitch Stiffness
kg 1000  Roll Stiffness

conditions, such as long grass and muddy terrain. Some
experiments continued through rainy conditions where we had
to stop occasionally.

1) Experiments 6 and 7 — Trajectory Tracking Controller:
For the first tests of the Lyapunov-based trajectory tracking
(6) (Experiment 5) and the scaled trajectory tracking (18)
(Experiment 6), ten complete trials were conducted for each
controller. We define the position error between the robot’s
actual position and the reference trajectory in the world frame
as

lewll = v(x = x2)% + (v = ya)?,

where (x— x;) and (y —y,) are the position errors along X and
Y direction, respectively. A representative error profile from
Experiment 6 is presented at the bottom of Fig. 15, where the
error |ley|| = 0.2 except when the robot turns and recovers
quickly.

The parameter c in the scaling function (17) in the simula-
tion Exp 1 was set to 0.7. However, in the field, such limitation
on the control input magnitude caused the vehicle to turn with
a very large radius, resulting in frequent collisions with the
next row of trees. To correct this, we increased ¢ to 0.8. As
the Lyapunov function V| never exceeded this threshold of
¢ = 0.8, the scaling function (17) was not active during the
entire duration of the trial.

2) Experiment 7 — Collision Avoidance Controller: Here,
we tested the collision avoidance controller (32). Three traffic
safety cones were used to represent static obstacles, where
Obsl is located at (10, 2.8), Obs2 is located at (—1.2, 3.8),
and Obs3 is located at (10, 7.7). The test included one
spoofed virtual moving obstacle, which moves at a speed of
0.35 m/s. The safe area around each obstacle is a circle of
radius rgp = 0.6 m.

The collision avoidance controller (32) is activated when the
robot is near the safety area around an obstacle. The distance
from the obstacle at which (32) is activated depends depends

(47)
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Fig. 15. Experiment 6 results. Lyapunov-based approach: the scaled trajectory
tracking (18). Bottom: Norm of the position error. The tracking error increases
rapidly during the fast turning actions and decreases again within 10 s when
the robot continues the straight portions of the path.
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Fig. 16. Experiment 7 results. From top reference and actual trajectory, with
obstacle locations. The second plot from the top shows the distance between
the robot and the closest obstacle less the radius of the unsafe area; the bottom
plot shows (30)—(31).

on the gains K and C in Table III because they affect when
when (30) is greater than (31). Thus, we define

1<J

0’
dis2obs = 2 22
(X = X))+ O —Yoi)” — Tsafe> I>J

(48)
where (x,y) is the robot position, (x,;,y,;) is the position of
the closes obstacle. Equation (48) provides a measure of safety
wherein dis2obs is less than zero when the robot enters the
safety area around an obstacle.
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The uppermost plot in Fig. 16 is the collision avoidance
trajectory. The robot violates the safety area around Obs-2.
This violation is caused by the muddy terrain, in which the
robot slips sideways while trying to follow the sharp turn
of the reference trajectory. The second plot from the top is
the dis2obs metric related to the distance of the robot from
the closest obstacle, and the third plot presents functions
(30)—(31).

3) Experiment 8 — Shared Control With Collision Avoid-
ance: In this experiment, we test shared trajectory tracking
with collision avoidance control (39) using the real robot.
The experiment shows that (39) allows the mobile robot to
follow a predefined trajectory and avoid collision with static
and moving obstacles. In addition, the human operator can
manually drive the robot off the reference trajectory. The robot
quickly returns to the reference trajectory when the human
operator releases it. The force-feedback joystick follows the
trajectory tracking controller output (33), where the joystick
pitch ujoy follows the mapped surge speed (34), and the rjoy
follows the mapped yaw (35). Thus, the joystick will resist
when the human operator tries to move the robot away from
the reference trajectory.

We consider the scenario in which we first removed the
cones placed at the position of Obsl and Obs2 and forced
the robot to go through the safe area. We put back the cone
placed at Obs2 and drove the robot to avoid it by moving it
to the right (the automatic collision avoidance controller, by
default, avoids the obstacle by turning to the left). In contrast,
the collision avoidance for Obs-3 and the moving obstacle is
performed by the collision avoidance controller (32), as the
human provided no input.

The robot trajectory is shown in the uppermost plot of
Fig. 17. In the second plot from the top of Fig. 17, we present
the human intent, related to the exponential of the activation
function e™" and the respective fljoy and Fqy errors. The third
plot from the top represents the surge control and the joystick,
where we can see how the surge control increases to u >1 m/s
when the human operator stops the robot at the time ¢ =100 s
by manually forcing the u;o, to zero. The fourth plot from the
top represents the yaw rate and the rj,y. The human operator
forces the rjoy to deviate from following the yaw rate such that
the robot goes through the safe area around Obsl and Obs2,
and avoids collision with Obs2 to the right rather than to the
left, before coming to a stop.

The effect of the scaling function (17) can be seen in Fig.18
when the user stops the robot at time 100 s. In this case, the
tracking error V) increases above the threshold ¢ = 0.8, and
the scaling is activated (gray area) to reduce the control input
magnitude.

Finally, the effect of the reference time re-scaling can be
seen by inspecting the evolution of the reference signal along
the X (forward) direction shown in Fig. 19.

At t = 100 s, when the user asks the robot to slow down, the
norm e,, of the tracking error increases, exceeding the chosen
threshold of 2 m while the reference changes at a lower rate to
limit the increase of the tracking error. We report only the plot
in the X direction, where the effect is more apparent because
it has a higher variation over time.

— Reference — Actual
sl & 140
6r Ol 120 J
AT P 60
2 \ 30 )40
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[rad/s]
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time [s]

Fig. 17. Experiment 8 results. From top to bottom: a) reference and actual
trajectories, with obstacle locations b) Negative exponential of the activation
function Vj, and X, ¥, errors between the mapped automatic control and
the mapped joystick position c) the mapped surge speed u,, and the mapped
joystick pitch u j,y. Note that ujoy is forced to zero at time t = 100 s when the
user forces the robot to stop fully, d) yaw rate r and joystick position rjoy.
As in the other experiments, the rjoy has the opposite sign of » when the user
manually controls the robot.

4) Discussion: The field experiments were conducted from
early September to the end of November 2023, under different
weather conditions, including sunny and rainy days. The robot
traversed the same terrain in different conditions, with long
grass in September and short grass with muddy terrain in
October and November.!

The position error was around 0.2 m except when the robot
turned, and it recovered quickly. Given that the RTK-GPS
provides the robot localization with 0.1 m accuracy, the actual
position error is 0.1 m.

We conducted twenty trajectory-tracking experiments,
which each experiment took around 5 minutes, during all these
experiments, when the robot was moving on straight lines
(the line between the orchard tree lines) around 25 m, the
position error was around 0.1 m; thus, we can conclude that
the exogenous and model disturbances (1) bound is C4; ~ 0.1.

lvideo of the experiment can be found at https://youtu.be/
0fC-wzxXLpg and in the supplementary material.
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Fig. 18. Experiment 8 analysis on the effects of the A scaling. From top to
bottom: a) Lyapunov function V; and A the scaling function. The gray area
indicates when scaling is activated. b) unscaled surge speed u and scaled surge
speed u,. Note the magnitude reduction of u when A was active. c¢) unscaled
yaw rate r and scaled yaw rate r, which are the same since the robot is trying
only to move forward.
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Fig. 19. Experiment 8 analysis on the time scaling. The solid line is the
reference trajectory, and the shaded area shows the time interval when the
time rescaling is active.

The placement of the obstacles provides physical proof of
the good performance of the shared trajectory tracking with the
collision avoidance controller. Given that the obstacle diameter
is 0.2 m, the distance between the tree lines is 2.7 m, and the
UGV width is 1 m, the distance between the obstacle edge
and the tree line is 1.25 m. The UGV could autonomously or
with shared control avoid collision with the obstacles without
colliding with tree lines. Also, the time-rescaling allows the
UGV to follow the trajectory without colliding with the tree
lines after the user commands it to stop for a few seconds.

However, when the terrain was muddy, the UGV experi-
enced slipping during turns. To assess the performance of
the collision avoidance controller under these conditions, we
placed Obs2 at the final turn. The results showed that the
UGV crossed on the safety area around Obs2 by approximately
0.1 m.

VII. CONCLUSION AND FUTURE WORK

The shared trajectory tracking and collision avoidance con-
troller presented in this paper allows a UGV to maneuver
through a semi-structured environment around static and mov-
ing obstacles, with smooth variations between the percentage
of human operator and automatic control inputs. In our simula-
tions, we demonstrate that our shared control approach allows
the UGV to: a) recover from extreme user deviations from
the desired trajectory without exceeding the actuator limits,
b) avoid static and moving obstacles, and c) transition
smoothly between human commands and the automatic con-
trol inputs. Additionally, we demonstrate our shared control
approach can operate with both optimization- and analytical-
based control (i.e. NMPC and Lyapunov, respectively).

We deployed shared control in the field with the “analytical”
controllers on a differential-drive UGV using minimal percep-
tual inputs.

For future research, the challenge of muddy terrain in
our experiments prioritizes slippage-aware trajectories, e.g.
by considering the sway speed. Thanks to the versatility of
our blending solution, future research could also investigate
the adoption and stability analysis of optimization-based con-
trollers, such as Linear Quadratic Controler (LQR) [52] and
real-time NMPC implementations.
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