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Abstract—In autonomous robot navigation, the trajectories
from path planners are considered to be safe regions, and devi-
ations could endanger vessels. Model Predictive Control (MPC)
stands as a popular choice for trajectory tracking problems as
it naturally addresses operational constraints, such as dynamics
and control constraints. Nevertheless, achieving robustness in
changing environments like oceans and rivers, which are con-
stantly subject to significant external disturbances, remains an
ongoing challenge for MPC. It must consistently keep the system
within a predefined safe region (such as a reference trajectory)
even in the presence of model inaccuracies and perturbations.
To address this challenge, we present a robust model predictive
control strategy utilizing Control Barrier Functions (CBFs),
which increases the disturbance-rejection abilities. We verify
our method on an autonomous surface vessel in simulation and
natural waters, both with external disturbances. Specifically,
compared with the traditional MPC method, our proposed
MPC-CBF strategy reduces tracking errors by 17.82% and
40.26% in simulations and field experiments, respectively. Al-
though the control effort slightly increases by 7.78 % and 4.20%,
respectively, these results clearly demonstrate the enhanced
resilience of MPC-CBF to disturbances.

I. INTRODUCTION

Due to a variety of applications like marine transportation,
bathymetry, search and rescue, disaster management, and
oceanic exploration, Autonomous Surface Vessels (ASVs)
have attracted attention in both industrial and academic
communities [1]-[7]. Trajectory tracking is an essential
component for ASVs to perform time-sensitive tasks such as
dynamic obstacle avoidance, and multi-robot coordination.

The safety of both the vessel and its passengers or goods
plays a crucial role in ensuring the success of autonomous
operations. Maintaining proximity to planned trajectories and
adhering to time constraints is of paramount importance, as
any deviations have the potential to lead to collisions or
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undesirable behavior in dynamic environments. Nevertheless,
factors such as model uncertainty and external disturbances
arising from wind, waves, and currents pose a significant
threat to the control of ASVs. Various approaches have been
proposed to enhance robustness, consequently mitigating
deviations in the face of these disturbances and uncertainties,
e.g., sliding mode-based controllers [8]-[10] and data-driven
algorithms [11], [12].

A popular control system strategy within the robotics
field is model predictive control (MPC). MPC utilizes model
knowledge and multi-objective optimization to minimize
tracking error, control effort, and factor system constraints.
MPC has been successfully used for ASV trajectory tracking
[6], [13], [14], achieving low tracking error and control
effort. However, MPC can be affected by model errors
and external disturbances, and the computational complexity
increases significantly as constraints increase.

To reduce computational complexity, the Control Barrier
Function (CBF) method has been widely adopted as an
extension or alternative to MPC. Barrier functions (BFs) are
Lyapunov-like functions [15], [16], whose use can be traced
back to optimization problems [17]. CBFs, on the other hand,
represent an extension of BFs tailored for control systems.
They translate a constraint defined in terms of system states
into a constraint on the control inputs. CBFs offer a state-
feedback controller that is rigorously proven to be safe while
remaining computationally efficient. Specifically, CBFs are
well-suited for constraints characterized by a relative degree
of one concerning the system dynamics [18], [19]. The
High Order CBF (HOCBF), as proposed in [20] and [21],
is designed to effectively handle constraints with arbitrarily
high relative degrees, making it a versatile extension of the
conventional CBF framework. Robust CBFs to account for
perturbations have also been extensively studied in the CBF
framework [22].

This paper proposes to combine MPC and HOCBFs, in
the context of ASV trajectory tracking subject to external
disturbances. The HOCBFs are introduced to enforce safety
constraints on the system state, steering the vessel towards a
boundary of the predefined trajectory. The main contributions
of this work include:

e An MPC-CBF framework for ASV trajectory tracking;

o CBFs/HOCBEFs for trajectory tracking under perturbations,
instead of their traditional use for obstacle avoidance;

e An extensive study of numerical simulations subject to
increasing model-based environmental disturbances;

e Field experiments with an ASV, verifying the effectiveness
of the MPC-CBF framework;
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e A comparative analysis between MPC-CBF and MPC,
illustrating the increased robustness to disturbances of MPC-
CBE.

II. ASV OVERVIEW AND PRELIMINARIES

In this section, we introduce the ASV prototype, its dy-
namic model, and some preliminary concepts. The dynamic
model introduced here will serve as the foundation for the
MPC-CBF design in subsequent section.

A. Surface Vessel

The vessel has four thrusters around the hull to achieve
holonomic motions as shown in Fig. 1. The primary con-

Fig. 1. The surface vessel. (a) Prototype (side view); (b) thruster
configuration (bottom view). fi, f2, f3 and f4 denote the forces generated
by left, right, anterior and rear thrusters, respectively.

troller for the system is an Intel NUC running the Robot
Operating System (ROS). Additionally, for real-time actu-
ator control, an auxiliary microprocessor (STM32F103) is
incorporated. The surface vessel is equipped with a range
of onboard sensors, including a 3D LiDAR (Velodyne, Puck
VLP-16), and an IMU. The vessel weighs approximately 15
kg and has dimensions of 0.90 m in length, 0.45 m in width,
and 0.15 m in height. Power is supplied by an 11.1 V Li-
Po battery, offering an operational duration of approximately
three hours. For more detailed information on the surface
vessel, refer to [13].

B. ASV Dynamics

We establish two coordinate systems to describe the vessel:
the inertial frame denoted as OXY and the body-fixed frame
represented as opxpyp. The dynamic model for the vessel is
described by the following nonlinear differential equation, as
detailed in [13]:

n=R(n)v (1
MV + C(V)V+D(V)V =T + Teny (2)

where n =[x y w]?7 € R3 denotes the pose, comprising
position and heading, of the vessel in the inertial frame;
v=[u v r]T € R3 represents the vessel’s velocity in
the body-fixed frame; R(n) € R¥*3 stands for the rotation
matrix, which expresses the transformation from the body-
fixed frame to the inertial frame; M € R**3 represents the
symmetric positive-definite added mass and inertia matrix
; C(v) € R?3 represents the skew-symmetric matrix ac-
counting for the Coriolis and centripetal forces; D(v) €

R3*3 represents the positive-semi-definite drag matrix; 7 =
7. 7 7]7 € R represents the total force and torque ap-
plied by the thrusters; Teny € R3 characterizes environmental
disturbances stemming from factors such as currents, waves,
and winds. More specifically, M, C(v) and D(v) can be
further elaborated as follows:

M = diag{m,1,mp,m33}, )
0 0 —mpV
C(v)= 0 0 myu |, “)
mpv —miu 0
D(v) = diag{X,, ¥, N, }. )

T is mathematically defined as follows:

1 1 0 0 il
0 0 1 1 2
—Bu= 6
T a a be ba || 5 ©
2 2 2 2 Ja

where B € R**3 represents the control matrix, defining the
arrangement of the thrusters, u=[f; f» f3 fi]7 € R?*
represents the control vector, where fi, f», f3, and f
correspond to the forces generated by the left, right, anterior,
and rear thrusters, respectively. aq is the distance between the
main thrusters (left and right thrusters) and b4 is the distance
between the tunnel thrusters (anterior and rear thrusters). The
specific configuration of the four thrusters is illustrated in
Fig. 1.

By merging (1) and (2), we can reformulate the dynamic
model as follows:

X = f(x) +g(x)utw (7

where f(x) = 03,5 R(m):05.3 — M~} (C(v) + D)),
g(x) = [03x4:M'B], w = [03x1: M !7.y]. Moreover, the
state vector x(¢) € R" and the control vector u(z) € R™ are
defined as follows:

:[xyl;luvr]r, (8)

X
u = [ £ A AL 9)

The system model (7) defines how the state x evolves with
the control input u.

C. High Order Control Barrier Functions

We briefly introduce the concept of high order CBFs
in this section, and we start with some definitions for
CBFs/HOCBFs. Consider an affine control system:

%= f(x)+g(x)u (10)

where x € X CR”, f:R" - R"” and g: R" — R"*? are Lip-
schitz continuous, and u € U C R? is the control constraint
set.

Definition 1: A set C C R" is forward invariant for system
(10) if its solutions for some controller u € U starting at any
x(0) € C satisfy x(r) € C, Vr > 0.
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Definition 2: (Relative degree [23]) The relative degree of
a (sufficiently many times) differentiable function : R"” — R
with respect to (10) is the number of times it needs to be
differentiated along its dynamics until any component of the
control u explicitly shows in the corresponding derivative.

Since function b is used to define a constraint b(x) > 0,
we will also refer to the relative degree of b as the relative
degree of the constraint. For a constraint b(x) > 0 with
relative degree m, b: R" — R, and yy(x) := b(x), we define
a sequence of functions y; : R" —» R,i € {1,...,m}:

Vi(x) == Wi (x) + (Wi (x)).i € {1,....m},

where ;(-),i € {1,...,m} denotes a (m—i)"
tiable class " function.

We further define a sequence of sets Cj,i € {I,...,m}
associated with (11) in the form:

1(x) > 0}hie{1,....m}.

Definition 3: (High Order Control Barrier Function
(HOCBF) [20]) Let Cy,...,C,, be defined by (12) and
Vi (x),..., ¥n(x) be defined by (11). A function b : R" — R is
a High Order Control Barrier Function (HOCBF) of relative
degree m for system (10) if there exist (m — i)™ order
differentiable class ¢ functions o,i € {l,...,m — 1} and
a class ¥ function o, such that

sup[L'7b(x) + L}’_lb(x)u+0(b(x))JrOcm(I//m,l(x))] >0,

uclU
13)

for all x € CiN,...,NCy. In (13), the left part is actually
Vn(X), Ly, L, denote Lie derivatives along f and along g,
respectively, and ob(x) =y 'L ' (Cn—i © Yin—i—1)(X).

The HOCBF is a general form of the relative degree one
CBF [18], [19], i.e., setting m = 1 reduces the HOCBF to
the common CBF form: L;b(x) 4 Leb(x)u+ oy (b(x)) > 0.

Theorem 1: ( [20]) Given an HOCBF b(x) from Def.
3 with the associated sets Ci,...,C,, defined by (12), if
x(0) € CiN,...,NCy, then any Lipschitz continuous con-
troller u(r) € U that satisfies the constraint in (13), V¢ >0
renders C1N,...,NC,, forward invariant for system (10).

CBFs/HOCBFs are commonly employed to transform con-
strained optimal control problems onto quadratic programs
that are very efficient to solve [18]. They are used to
guarantee system safety. However, in this paper, we use
CBFs/HOCBFs to achieve trajectory tracking for surface
vessels under perturbations.

Y

order differen-

Ci={xeR":y,_ (12)

III. ROBUST MODEL PREDICTIVE CONTROL VIA
CONTROL BARRIER FUNCTIONS

In this section, we establish a mathematical formulation
for the trajectory tracking problem and subsequently design
an MPC-CBF scheme to address the problem, considering
robustness and optimality in the solution.

A. Trajectory Tracking Problem Formulation

Trajectory tracking is concerned with the design of control
laws that force a mobile robot to converge to a time-
parameterized reference. Trajectory tracking usually requires

the robot to track the specified pose and velocity defined at
each given time. The reference trajectory which is parame-
terized at each time step k can be formulated as follows:

X = [ ok v o Al (14)
We then establish the tracking error at each time step k
as e = [x$ »¢ ye uf V¢ r$]T as the disparity between the
reference state and actual state of the vessel. The objective of
the trajectory tracking problem here is to design appropriate
control laws for the four thrusters with the aim of driving e,
to zero at each time step.

B. Nonlinear Model Predictive Control Design

For our trajectory tracking problem, we formulate the op-
timal control problem for MPC in the form of a least square
function to penalize the deviations of predicted state (x;) and
control (uy) trajectories from their specified references, over
the given prediction horizon window N (t; <t <tjin,):

1 j+N.—1 o

ming{ L (ol + i)+ s
v, = x5 I, }

s.t. X=X, (15b)

X1 = f(X6) +g(Xe)ug k= j, -+ j+Ne — 1, (15¢)

Xkmin < Xk < Xk max.k = J, -+ J+ Ne, (154d)

W min < Uk < Wemax, k= J,- o j+Ne— 1, (15¢)

where x; € R" denotes the vessel state, u;, € R™ denotes the
control input, X; € R" denotes the current state estimate, xref
and uff denote the time-varying state and control references
respectively; X ret denotes the terminal state reference; W, €
R"*" W, € R””X"", and Wy, € R"*" are the positive
definite weight matrices that penalize deviations from the
desired values. Furthermore, Ximin and X;max denote the
lower and upper bounds of the states, respectively; uy min
and uy ax denote the lower and upper bounds of the control
input, respectively.

The weighting matrices W,, W, and Wy, for the MPC used
in the experiments are selected as

W, = diag{20,20,10,10,10,10}, (16)
Wy, = diag{100,100,50,50,50,50},  (17)
W, = diag{1,1,1,1}. (18)

A sufficiently large terminal penalty matrix could improve
the stability of the MPC algorithm. The prediction horizon
was chosen as N, =4 s, with a sampling time of 0.1 s, and
the constraints on the control input u used in the experiments
are chosen as follow

U max = [64x1] N3 W min = —[6451] N (19)
Our implementation of the MPC controller is realized using
the open-source ACADO toolkit [24].
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C. Robust Control Barrier Function

In scenarios subject to model inaccuracies or external per-
turbations, MPC may lose constraint satisfaction guarantees,
and tracking accuracy. To address this, we propose to use
CBFs/HOCBFs to equip MPC with guarantees. In the ASV
case, the dynamics (10) have different forms of perturbations.
Thus, the ASV model is extended with an additive term
w € R" as follows:

%= f(x)+gx)u+w, (20)

where the perturbations are assumed to be bounded such that
|w| < w (inequality interpreted componentwise), w € R”.
A robust CBF [22] for system (20) should satisfy the
following CBF constraint:
db(x)
dx

Lyb(x) + Leb(x)u+ o (b(x)) — ‘ w>0. (1)

The satisfaction of the above constraint implies the satisfac-
tion of Lrb(x)+ Leb(x)u+ oy (b(x)) + %w >0, and thus,
we can provably show the satisfaction of 5(x) > 0 using the
classic CBF theory. We can define robust HOCBFs based on
(21) as in (11) and Def. 3.

Now, we focus on how to design HOCBFs for the robust
trajectory tracking control of the surface vessel. Suppose the
reference trajectory is defined by h(x) =0, where h: R" — R
is continuously differentiable. We can define a tube (a safe
tracking state space) using two robust HOCBFs:

bi(x) =h(x)—c,
by(x) = —h(x) —c,
where ¢ > 0 defines the size of the tube.
Any control input should satisfy the following two robust

HOCBF constraints in order to make the system state stay
within the tube:

L7bi(x) —|—LgL}”*1b1 (x)u+0(b;(x))
+0n (Y1m-1(x)) > 0,
L;(rvlbz (x) +LgL’}-1_1b2 (x)u+0(ba(x))
+0n (Y2,m-1(x)) >0,
where Wy ,—1,1 € {1,2} are defined as in (11) for b;(x) and
by(x), respectively.
Finally, at each time step, we take the solution from the

MPC (15), and combine MPC and CBF/HOCBF using the
following optimization:

(22)

(23)

min|[u —wl)?, st (23) (24)
where ug, is the reference control computed by the MPC (15).
Thus, the CBF/HOCBF calculates a new control input u,
which is used to actuate the system. The above optimization
is solved by discretizing the time [18], and only consider u
as the decision variable at each time step while making the
state as a constant within each time interval. Note that these
constraints are linear in control since the state value is fixed
at the beginning of the interval, therefore, each optimization
problem is a quadratic program (QP) as the cost is quadratic.

The optimal control obtained by solving each QP is applied
at the current time step and held constant for the sampling
interval. The state is updated using dynamics (10), and the
procedure is repeated.

IV. EXPERIMENTS AND RESULTS

In this section, we extensively conduct simulations and
experiments using the surface vessel illustrated in Figure 1
to validate the tracking capabilities of the designed MPC-
CBF control strategy.

We conduct a systematic comparison between the perfor-
mance of the proposed MPC-CBF controller and our prior
MPC controller [13] described by equations (15)-(19), with a
focus on tracking error and control effort. We carry out iden-
tical simulation and physical experimental runs for both the
MPC-CBF and benchmark MPC approaches. Also, it’s worth
noting that our trajectory tracking, as depicted in (14), is
full-state tracking involving both pose and velocity tracking.
However, due to space limit, this paper primarily focuses on
the analysis of position tracking error. For position tracking
error, we consider the Mean Absolute Error (MAE), defined
as follows: emae = (Y4 ex|)/N, where N 1is the total

number of samples, and e, = ((xi)2 + (yZ)z>7 represents
the position error of the k-th sample. Regarding control
effort evaluation, we use the Euclidean norm ||Fcg|| =

1

2’:1(FkCE)2) ", where FCE = |fiu] + | faul + [ Foul + | fadd

denotes the total absolute force applied at each sample k.
To identify the unknown hydrodynamic parameters in the
dynamic model, we employ a nonlinear least squares method
based on the Trust Zone Reflection Algorithm [13]. For our
vessel, the identified parameters are as follows: m;; = 12 kg,
myy =24 kg, my3=1.5 kgm2, di; =6kg sl dpn=8 kg s~L
and ds3 = 1.35 kgm? s~!. The simulations are conducted in
Matlab 2022b, utilizing an Intel iI9 CPU with 64GB RAM.
Field tests on the surface vessel are carried out using its
onboard Intel® NUC. The sine curve serves as the consistent
reference trajectory for both simulations and experiments,
while maintaining a constant forward speed of 0.2 m/s.
Moreover, for both simulation and experimental setups with
the surface vessel, a data sampling rate of 10 Hz is employed.

A. Simulations

In numerical simulations, we introduce model-based envi-
ronmental disturbances to assess the MPC-CBF robustness.
These disturbances are represented as Tepny = Twaves + Twind +
(C(v¢) +D(v.))ve. Note that the current-induced forces in-
volve current velocity v., and Coriolis and Drag matrices. Teny
is described in the following models [8], [25]:

Waves: Wave phenomena is modeled by a combination
of two elements: zero-mean oscillatory motion and wave
drift [25]. Using an approximation of the Pierson-Moskowitz
spectrum, state-space models can be written in the shape of:

. XF1 0 1 Xp1 0
Xp = L&Fz] - [_wez _wawj [x”] + |:Kw:| oF (25)
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oS (26)

_|am| _| O 1 N1 0
e L@m] - [—wf —kawj [XNZ] * {KW} oy (27)

Nwave = [O 1] |:XN1:| +dn

Fyave = [O 1} |:XF1:| +dr

i (28)
where Fy,ye is the wave force, Nyave 1S the wave moment, and
dp = wpz,dN = wp». There are random elements to generate
the wave shape, in the form of Gaussian white noise signals
WF1, OF2, ON1, ON2. See [8], [25] for a detailed description
of the wave state-space representation. Then, the wave force
and wave moment are introduced into the disturbance vector
by computing:

Xwave F wave COS(Bwave - W)
Twave = | Ywave | = | Fwave Sin(ﬁwave - V’) (29)
Nwave N, wave

Wind: The wind speed and angle of attack (V,,, %, re-
spectively) induce forces on moments on ASVs, depending
on the aerodynamic characteristics of the system. The wind
disturbance vector is given by:

Xywind , Cx (Vrw)Arw
Twind = | Ywind | = EPaV,W Cy (Yrw)Arw (30)
Nyind Cn(Yrw)AwLoa

with the relative wind speed V,,, = \/u2,+v2,, consider-
ing the wind velocity vector [upy, V]! = [Viycos(Byind —
V), V,sin(Bying — ¥)]7, the wind durection Bying, and the
wind relative angle of attack 7, = —atan2(v,,u,,). For
more information on the aerodynamic coefficient compua-
tion, go to [8], [25].

Currents: Commonly, currents are modeled with a Gauss-
Markov proccess, under the assumption of irrotational cur-
rents [25], described by:

Vc+.ucvc = 31

where V. is the water current speed at direction B, @, is a
Gaussian white noise process, and p. > 0 is a parameter to
change the current shape. Finally, the current velocity vector
is written as v, = [V,.cos(B. — ¥),V.sin(B. — v),0]T.

We present two studies to demonstrate the enhanced
robustness achieved through the MPC-CBF strategy we pro-
pose. In the first study, we examine wave forces reaching
approximately 1 N, a wind speed of 2.05 m/s, and currents
extending to 0.2 m/s. The resulting disturbance is depicted
in Figure 2 and is shown in the body frame throughout the
trajectory. Figure 3 provides a comparison of the trajectory
tracking performance in the presence of the environmental
disturbances shown in Figure 2. It is clear that MPC-CBF
outperforms MPC in terms of tracking error. To be specific,
in this particular run with the disturbances, the tracking error
of MPC-CBF is 0.20 m, whereas for MPC, it is 0.27 m,
resulting in a 25.9% reduction in tracking error. Furthermore,
Figure 4 illustrates a comparison of the corresponding control
forces. The control effort for MPC is 48.81 N, whereas for

Tony' Xp aXIS

4} —Tny VprAXiS |

Teny' MOMeNt

Environmental disturbances [N or N - m]

0 10 20 30 40 50 60 70 80 90 100
Time [s]

Fig. 2. Model-based disturbances from currents, waves, and winds, applied
in the simulation.
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Fig. 3. Tracking performance comparison between MPC and MPC-CBF.
(a) Position tracking; (b) Position tracking errors.

(a)

Control Input [N]
S A DM o v O

Control Input [N]
& &b o v s~ o

20 40 60 80 100
Time [s]

o

Fig. 4. Controls comparison between MPC and MPC-CBF. (a) MPC; (b)
MPC-CBF.

MPC-CBE, it is slightly higher at 54.41 N. This represents
a modest increase of 11.48% compared to MPC, which can
be attributed to the improved robust performance achieved
by MPC-CBF.

A second study was conducted to further distinguish
the performance of MPC-CBF from that of MPC. In this
study, a non-dimensional scale factor was introduced to scale
the environmental disturbance Teny. The disturbance signal
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was built using waves-wind-currents model-based equations,
and the scale factor was applied to modify the maginitude
of the disturbance signal. 50 simulation runs were carried
out, gradually increasing the scale factor from 0.7 to 2.5,
significantly amplifying the disturbance. Figure 5 presents
the tracking error and control effort for each scale factor.
As environmental disturbances increase in magnitude, it

(a)

T T A
T 027 v wmpc w
= = MPC-CBF vvv"
o v
E v"' ML
vv L
0.15 v st
e vv "
= = A L
S v un®
1 v "
S 01 v v unt
s >l annt®
= ...l-
§ I’I’!!l'"'-.
0.05 L . . . . . L . .
0.6 0.8 1 1.2 1.4 1.6 1.8 2 22 24 26
Disturbance scale factor [None]
110 T T T T (b) : - : :
v MPC .
100 | = MPC-CBF L
z ="
= " v
2 90 - v
o
% 80 "
£ 2 ey
r Ll 4
8 .__.-;;",vv
60 - L A
T
50 \ . , . , . , . \
0.6 0.8 1 1.2 1.4 1.6 1.8 2 22 24 26

Disturbance scale factor [None]

Fig. 5. Tracking error and control effort with increasing environmental
disturbances in the simulation. (a) Tracking error, and (b) control effort.

becomes evident that both MPC and MPC-CBF experience
an escalation in tracking errors. However, it’s noteworthy
that MPC-CBF consistently exhibits smaller tracking errors,
accompanied by only a slight increase in control effort, and
its capacity to enhance tracking becomes more pronounced
as environmental disturbances grow in strength.

B. Experimental Results

We implemented the MPC-CBF control strategy on our
surface vessel to follow reference trajectories within the
Charles River in Boston, Massachusetts, USA. Both the
MPC-CBF and MPC controllers were executed locally on
the vessel’s onboard computer, each with an approximate
execution time of 1 ms. Furthermore, the vessel utilizes real-
time SLAM (Simultaneous Localization and Mapping) [26],
[27], making use of its onboard 3D LiDAR and IMU for
estimating pose () and velocity (v).

Three experimental runs were conducted in the Charles
River, employing both MPC-CBF and MPC controllers un-
der varying environmental disturbance conditions. Figure 6
illustrates the comparative tracking performance between
MPC-CBF and MPC. The performance comparison clearly
demonstrates that MPC-CBF exhibits robustness improve-
ments over MPC, particularly noticeable during the curves
around x = 8 m and x = 14 m. To be specific, the average
position error in the experiments for MPC-CBF is 0.14 m,
while for MPC, it is 0.23 m, resulting in a reduction of
40.26%. Figure 7 presents the control effort for different
runs after the time #+ = 15 s when all runs have reached

(a)

o

T T T T T T T T T
[ Reference MPC1 = = MPC2 === MPC3 =———MPCCBF1 = =—MPCCBF2 === MPCCBF3
2,

21 3 4
EZ.S r b
5
= 3F B
]

o
a
> 351 1
4k 4
45 I I I I I I I I I
-2 0 2 4 6 8 10 12 14 16 18
X position [m]
b’
1 T T T (\) T T T T
——MPC1 = =MPC2 === MPC3 =———MPCCBF1 = = MPCCBF2 === MPCCBF3

Position tracking error [m]

Time [s]

Fig. 6. Tracking performance comparison between MPC and MPC-CBF
in Charles River. (a) Position tracking; (b) Position tracking errors.

a steady-state. The control effort for MPC is measured at

:
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Fig. 7. Control efforts of MPC and MPC-CBF in the experiments.

112.38 N, while for MPC-CBE, it is 117.11 N. Consequently,
the disparity between these control efforts is negligible.
These experiments provide additional confirmation that in the
presence of environmental disturbances, the proposed MPC-
CBF approach exhibits greater robustness compared to MPC.

V. CONCLUSION AND FUTURE WORK

In this paper, we introduce a control strategy that com-
bines Model Predictive Control (MPC) with Control Barrier
Functions (CBFs) to enhance trajectory tracking robustness
in water environments subject to significant external distur-
bances. Our MPC-CBF strategy is validated through exten-
sive testing, including simulations and real-world scenarios
with natural water disturbances. Despite a minor increase in
control effort, our approach demonstrates superior resilience
in mitigating disturbances. Our future work involves extend-
ing this framework to account for factors such as model
uncertainty and measurement noise. Furthermore, we plan
to synergize our approach with perception-based techniques,
addressing the intricacies of safe obstacle avoidance and
thereby enhancing the applicability of our methodology in
navigating unstructured water environments.
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