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Abstract—Autonomous marine vehicles (AMVs) have received
considerable attention in the past few decades, mainly because
they play essential roles in broad marine applications such as
environmental monitoring and resource exploration. Recent
advances in the field of communication technologies, perception
capability, computational power and advanced optimization algo-
rithms have stimulated new interest in the development of AMVs.
In order to deploy the constrained AMVs in the complex dynamic
maritime environment, it is crucial to enhance the guidance and
control capabilities through effective and practical planning, and
control algorithms. Model predictive control (MPC) has been
exceptionally successful in different fields due to its ability to sys-
tematically handle constraints while optimizing control perfor-
mance. This paper aims to provide a review of recent progress in
the context of motion planning and control for AMVs from the
perceptive of MPC. Finally, future research trends and directions
in this substantial research area of AMVs are highlighted.

Index Terms—Autonomous marine vehicles (AMVs), model pre-
dictive control (MPC), motion control, motion planning.

1. INTRODUCTION

N recent years, there has been an increasing demand to use
I cutting-edge technology and advanced equipment to
explore and exploit the ocean for broad applications, includ-
ing deep sea observations, marine gas detection, search and
rescue (both onshore and offshore), and inspection and main-
tenance [1]. Consequently, these maritime applications have
stimulated research interests in developing advanced marine
mechatronic systems that integrate mechanics, electronics, and
control algorithms [2]. In the past two decades, autonomous
marine vehicles (AMVs) as a typical representative of marine
mechatronic systems, including remotely operated vehicles
(ROVs), autonomous underwater vehicles (AUVs), autono-
mous surface vehicles (ASVs), and underwater robotic vehi-
cles (URVs) have demonstrated exceptional success in a wide
range of marine activities, as shown in Fig. 1. The success of
AMVs is mainly due to their superior abilities to execute
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increasingly challenging and complex missions at sea. Despite
the advances in this field, smarter motion planning and con-
trol approaches are still needed to enhance AMVs’ autonomy,
effectiveness, safety, and reliability under challenging operat-
ing conditions, such as communication failure, confined
waterways, and unfavorable weather conditions. It should be
noted that these AMV systems generally have the following
features or objectives:

1) Complex nonlinear systems are subject to physical con-
straints, e.g., control input and system state constraints;

2) It is desired to explicitly improve the control perfor-
mance of AMVs under uncertainties and complex environ-
ments;

3) It is desired to enhance the reliability, safety and flexibil-
ity, extend the operational range, enhance autonomy, as well
as reduce operating costs.

Fig. 1.  Four representative types of AMVs: (a) ASV, the Otter ASV [3];
(b) AUV, the Hugin AUV [4]; (c) ROV, the BlueROV2 [5]; (d) URV, the

Eelume underwater robot [6].

Noticeable motion planning and control methods have been
developed for AMVs [2], [7], [8]. Among these algorithms,
model predictive control (MPC, also known as receding hori-
zon control) is a well-established control scheme for broad
applications such as robotic systems, and it has distinct capa-
bilities to deal with physical constraints, with multiple inputs
and multiple outputs while optimizing the control perfor-
mance [9], [10]. At each time step, an online constrained opti-
mization problem is solved based on the current measurement,
and the first element u; of a finite optimal control input
sequence {ug,uj,...,uy_,} is applied to the actual system. In
practice, however, the high computational demands of solv-
ing the online optimal control problem have limited its appli-
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Science (WOS) since 2001. Source: WOS.

cations to the cases where onboard computational resources
are inadequate, and dynamics are slow such as process con-
trol. The recent developments of the increasing computational
power and optimization techniques provide the opportunity
for MPC to be deployed in the maritime applications with lim-
ited onboard computational resources or fast dynamics such as
unmanned aerial vehicles (UAVs) [11] and automated vehi-
cles [12]. In particular, MPC-based motion planning and con-
trol approaches present huge potential for enabling smarter
and safer operations of constrained AMVs in complex envi-
ronments.

Planning and control of AMVs has received increasing
attention during the last two decades, as shown in Fig. 2. The
published papers in this area are selected from Web of Sci-
ence (WOS) with the following keywords in the title:
“autonomous marine vehicle/AMV”, ¢ autonomous surface
vehicle/ASV”, “ remotely operated vehicle/ROV”, “autono-
mous underwater vehicle/AUV”, “planning and control”, and
“model predictive control/MPC”. It is worth mentioning that
the information provided by the WOS illustrates a rising
research trend in the topics of motion planning and control of
AMVs from 2001 to 2021.

Regarding AMV applications, several papers have been
published for reviewing a specific research topic, such as [15]
for dynamic control, [16], [20], [26] for planning, [22] for col-
lision avoidance, and [8], [21] for ASV; see Table I for more
details. The last two decades have witnessed emerging activi-
ties in MPC for the autonomous intelligent mechatronic sys-
tems [10]; these systems generally have fast dynamics and
limited computational resources. The field of advanced con-
trol/planning and AMVs is vast, and we would like to provide
a comprehensive overview of recent research efforts in the
motion planning and control for AMVs from the perspective
of MPC in this survey.

The remainder of this paper is structured as follows. In Sec-
tion II, we describe the mathematical model of the AMV sys-
tem. Section III-A reviews the MPC-based motion planning

Planning and control of AMVs

Number and trend of published articles on “MPC-based planning and control of AMVs” and “Planning and control of AMVs” indexed in the Web of

algorithms for AMVs, whereas Section IV surveys the state of
the art for MPC algorithms for motion control of AMVs,
including dynamic positioning control, trajectory tracking
control, path following control and cooperative control. Sec-
tion V presents some future directions for the AMVs’ motion
planning and control area. Some concluding remarks are
found in Section VI. The organization of this survey is illus-
trated in Fig. 3.

Notations: The symbol Ry represents the set of nonnega-
tive real numbers. Let R” represent the n-dimensional
Euclidean space, and R™*" represent the set of all m xn real
matrices. For x€R”, ||-|| denotes the Euclidean norm,
llxllp = VxT Px represents the weighted Euclidean norm, in
which P is positive definite. The superscript “7” represents the
transposition. The states x(s|f) and x(f) denote the predicted
system state at future time 7+ s determined at time ¢ and the
actual system state x at time ¢, respectively. Some notations of
AMVs are provided in Table II.

IL.

The mathematical model of AMVs introduced in this sec-
tion is employed as the foundation for model-based motion
planning/control design and analysis [7]. For the motion
description of AMVs, the body-fixed frame {b} and the global
coordinate frame {n} are defined. As shown in Fig. 4, six inde-
pendent coordinates are used to show the position and orienta-
tion of the AMVs moving in six degrees of freedom (DOF).
The six motion components of AMVs in 6-DOF are typically
defined as surge, sway, heave, roll, pitch and yaw.

MODELING

A. 6-DOF Model for AMVs

Linear Velocity Transformation: The zyx-convention from
{n} to {b} customarily describes the Euler angle rotation

matrix Rj(®) with the argument ©
RZ(®) = Rz,z//Ry,QRx,¢ (1)

with respect to
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TABLE I
SOME EXISTING SURVEYS/REVIEWS ON MOTION PLANNING AND CONTROL OF AMVS
Ref Author, Year Focus Brief description
Unmanned marine This paper discusses early developments in ship control and unmanned underwater vehicle
(13] Roberts, G., 2008 vehicles, control operation mainly from a control viewpoint.
[14] Manley, J. E., 2008 USVs The review of enabling technologies for USVs.
Marine systems, The survey provides a comprehensive overview of dynamic positioning (DP) control
[15] Serensen, A. J., 2011 f L . f
P dynamic positioning  algorithms for marine systems.
USVs. GNC* This review discusses the research of USV collision avoidance in terms of the planning and
[16] Campbell, S., et al., 2012 collision avoidance control with respect to the international regulations for avoiding collisions at Sea
(COLREGS).
. This paper provides an overview of recent advances in USVs, focusing primarily on
(81  Liv,Z,etal, 2016 USVs, GNC different GNC methods.
. Marine systems, This paper surveys the progress in the controllers of the marine mechatronic systems, such
2] Shi, Y., et al., 2017 Y pap s the prog ; ¢ A Y
> N control as AMVs, wave energy converters, offshore wind turbines, and profiling floats.
[17] Melo. J.. et al.. 2017 AUVs. navieation This survey offers an overview of different navigation techniques for AUVs, such as
> ” ? g terrain-based navigation methods.
[ Zereik. E.. ef al.. 2018 Marine robotic This paper presents several representative projects, some emerging challenges and potential
> ” applications research trends in the field of marine robotics.
[18] Sahoo. A.. et al.. 2019 AUVs. GNC The review summarizes the developments of AUVs with different research aspects such as
> N i mechanical design, control, navigation, localization, planning and communication.
Ships, collision This paper introduces an overview of collision avoidance techniques used for human-
[19] Huang, Y., et al., 2020
g Yo N avoidance operated and autonomous ships.
This paper presents the progress of path planning methods for ASVs. Based on multi-
[20] Zhou, C., et al., 2020 ASVs, planning modality constraints, these methods are classified into three types: route, trajectory and
motion planning.
Vessels, cooperative  This paper provides an overview of distributed control algorithms for waterborne transport
[21] Chen, L, et al., 2020 . . ! - h
> 2 control systems. Ultimately, a hierarchical control scheme is presented for the cooperative vessels.
ASYV, collision This paper surveys some advances in collision avoidance technologies for ASVs from
(22] Zhang, X., et al., 2021 avoidance navigation  scientific research to transportation.
. This paper provides an overview of the development in line-of-sight (LOS) guidance for the
(23] Gu, N., et al., 2022 AMVs, LOS guidance path following of a single AMV and multiple AMVs.
This paper summarizes the existing disturbance estimation approaches, including the
(24] Gu, N., et al., 2022 AMVs, observer extended state observers and the disturbance observers for AMVs.
. This paper reviews cooperative control methods for multiple underwater robots. The
URVs, cooperative : - . . p
[25] Zhou, Z., et al., 2022 > cooperation among robots is categorized depending on the measurement, the motion, and

and formation control

the task space.

* Guidance, navigation and control.

|AMV model (Section 1) |

: Motion control (Section IV)!
I

TABLE II
THE NOTATION OF AMVS

[
. o \
| Dynamic positioning |‘
[

Symbol Definition
\
——————————— ' Path followi " T . )
I ath following \ =[xy,
: Motion planning (Section IIT) | ‘ P =1lxy.zl The distance from NED to BODY in {n}
| : . - T The Eul les, roll ¢, pitch @ and
: by | Trajectory tracking | : 0 =[¢,6,y] ¢ Euler angles, roll 4, pitch 6 and yaw
I | o ” | I : | c ‘ 1 | | n=1[p", 01" The position and orientation vector
1s10n 1dan . .
| ollision avoidance ,I ‘ ooperative contro : FR— The body-fixed linear velocity

| Future directions (Section V) |

Fig. 3. Organization of this paper.
1 0 O cd 0 so
Rey=10 cp =-sp|,Rp=|0 1 0
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[cwy —sy O

Roy=|[sy cy O
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with s- = sin(:), c: = cos(-). Expanding (1) yields

W’ =p, q, I The body-fixed angular velocity

v=[b b The linear and angular velocity in {b}

ff=x.r.zI" The body-fixed forces in {b}

mP =[K,M,N]T  The body-fixed moments in {b}

T=[f2,m"" The forces and moments acting on AMVs

X, Yy, N: The added mass

X,, Yy, N, The linear damping coefficients

Xl Yol Nopr The second-order damping coefficients

CcW) The Coriolis and centripetal matrix

D) The damping matrix

g The gravitational/buoyancy forces and moments
cycl  cyslsp —sycp  cychsd + syse

R, (©) = |sych sysbch+cycd  sysbep —cys|.
—sf cls¢p clceo
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Fig. 4. Global coordinate frame {n}= (x,, y,, z,) and body-fixed frame
{b} = (xb, yb, ) [7].

Let v" denote the linear velocity in the frame {n}. Then the
body-fixed velocity v* is expressed in {n} as

V' = Ri(@On” @
with v*' = p™.
1) Angular Velocity Transformation: The body-fixed angu-

lar velocity w” and the Euler angle rate © = [¢,0,y]" are
related by the transformation matrix 7'(®)

0 =TO) (3)
in which
) 0 0
W’ =|0[+RL,|0|+RI,R,(0]. )
0 0 W
Expanding (4) we get
1 s¢td  cotd
T@®)=|0 «c¢ —s¢ ]
0 s¢/cO c¢/co

with t- = tan(-). Combining (2) and (3), we have the 6-DOF
kinematic equations of AMVs

- _| P [Re(©) 03><3Hvb]zj s
! [@} [ogxs rellp) 7" @

2) Simplified Rigid-Body Dynamics: The center of gravity is
assumed to coincide with the origin of the body-fixed frame
{b}. The rigid-body dynamics of AMVs can be derived [27]

Mpgpv+ CRB(V)V =T (6)

where 7=[X,Y,Z,K,M,N]" denotes the propulsion forces.
The rigid-body inertia matrix Mgp is simplified as

[mlzxs  03x3
Mgp = 0pe 1, } (7
where m is the mass of the AMV, I is the inertia matrix
i, 0 O
I, =10 I, O )
10 0 I,

with I, I, and I, being the moments of the inertia about the
Xp, ypand gz, axes. The rigid-body Coriolis and centripetal
matrix Cgp is

0353 -mS (V")
-mS (V) -ST")

where S (-) denotes the cross product operator.

Crp(v) = 9

B. 3-DOF Model for AMVs

The 3-DOF horizontal motion of AMVs is considered, in
which the pitch angle 8 and the roll angle ¢ are assumed to be
small [27]. Neglecting the heavy, roll and pitch elements
yields the simplified kinematic equations of AMVs

" =Ry (10)
where 17 = [x,y,]", v/ =[u,v,r]7, and the rotation matrix
R(y) =Ry

The 3-DOF nonlinear dynamic motion equation of AMVs is
expressed as

MY +C(VW+DWWw+g) =1 (11)
where 7’ =[1,,7,,7,]7, M =diag(m,my,m3) is the inertia
matrix including the added mass and D(v') = diag(d,d>,d3)
denotes the damping matrix, with m; =m—-X;, my =m-Y;,
m3 =1, =N,, di ==X, —Xyulul, d»=-Y,-Y,ylvl, and d3 =
—N, — Nylrl. The Coriolis-centripetal matrix is denoted as

0 0 —mpVv
cov)=|0 0 mu |.
myy —mju 0

Combining (10) and (11), we establish the system dynam-
ics of AMV

R(y)v’
-1 ’ /N, ’ (12)
M= (r-C(V)v=D(') —g(n)
in which f: R*xR" - R" withn=m=3; x' = [i/,v']" and 7’
denote the system state and the control input, respectively. For
the underactuated AMVs, the number of control inputs is less
than the generalized coordinates (i.e., m < n). For example, the
motion of the ASV possesses 3-DOF (i.e., surge, sway and
yaw) while there are only two available control inputs (yaw
moment and surge force). The resulting nonintegrable non-
holonomic constraint makes the motion control of the under-
actuated AMVs challenging [28], which is an inspiring
research topic within the MPC scheme.

V=

=f(x',7)

III. MPC FOR THE MOTION PLANNING OF AMVS

A. Introduction

Fig.5 shows a perception-planning-control hierarchical
architecture for AMVs focused on safe and optimal opera-
tions. Motion planning of AMVs aims to provide a safe,
energy-efficient and timely reference trajectory for the con-
trol system of AMVs by determining their distance traveled,
position, course, and attitude. The motion planning system
directs AMVs to travel in a complex marine environment and
arrive at the destination, relying on the information from the
human interface, perception layer, vehicle capability, maps,
historical data, and environmental conditions.

Many planning algorithms have been developed for AMVs,
including optimization-based algorithms (evolutionary algo-
rithm, genetic algorithm), heuristic search algorithms (A*
search algorithm, Dijkstra’s algorithm), LOS method, poten-
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Fig. 5.
Solid blocks (motion planning layer and motion control layer) are the scope of

Architecture for autonomous marine vehicle (AMV) deployment.

this survey. Dash block (perception layer) is not discussed in this survey.

tial field approach, and the rapidly-exploring random trees
based method; for a comprehensive overview of works in this
topic and further references see the survey papers [8], [20],
[29]. These planning algorithms can be employed to address
different planning tasks, such as mission planning, route plan-
ning, trajectory planning/generation, and path planning [20].
In this survey, we omit the detailed classification of these
planning tasks since their boundaries are sometimes blurred.
For this reason, we use motion planning to represent these
planning tasks. To limit the scope of this paper, we focus on
the motion planning of AMVs from the perspective of MPC.
It is common in MPC-based motion planning to determine the
feasible reference trajectory for the control system by mini-
mizing the designed objective function J, subject to the physi-
cal constraints. Generally, an model predictive motion plan-
ning problem is formulated as

e/

s.t. X(slr) = f(x(slr), 7(s10)), x(0lr) = x(2) (13a)
gi(x)<0,i=1,2,...,n, (13b)
hi(x)=0,j=1,2,....n (13¢)
x(slt) € X, 7(sl) e U (13d)

in which f:R"XR"™ — R" denotes the AMV’s system dyna-
mics, x = {x(s|r)}, s€[0,T) is the predicted state sequence,
x(s|t) denotes the predicted system state at future time 7+s
determined at time 7, T is the prediction horizon, U and X
denote constraint sets of the control input and the state,
respectively; gi(x) and h;(x) represent the inequality and
equality constraints, respectively. 7%(-) is the optimal control
input, and x*(-) is the corresponding optimal system state.
Sophisticated features, including collision avoidance, ener-
gy management optimization, and minimum time consump-

tion, can be incorporated into the design of the motion plan-
ning system, some of which will be discussed in Sections III-
B and III-C.

B. MPC-Based Planning Algorithms for AMVs

The early paper [30] proposes a sampling-based MPC
method to simultaneously generate system states and control
inputs for nonlinear AUVs in a clustered marine environment,
which combines the benefits of sampling-based motion plan-
ning with MPC. The kinematic model and motion constraints
considered in the motion planning problem ensure the genera-
tion of feasible trajectories. Reference [31] describes a novel
predictive planning method for AUVs in the presence of fore-
casting uncertainties and time-varying current disturbances. It
is shown that the combined nonlinear MPC and A* method
can generate an energy-cfficient path for AUVs under uncer-
tainties. A model predictive motion planner is designed for the
underwater vehicle manipulator system; the planner plans the
optimal reference trajectory while taking explicitly into
account the mechanical limits and control saturation [32].

A unified MPC scheme to handle the tracking control and
path planning problem of the AUV is developed in [33]; the
authors formulate a new receding horizon optimization prob-
lem based on the spline-based planning technique to account
for practical AUVs with limited perception capability. In addi-
tion, a Lyapunov-based stability constraint is designed and
incorporated into the MPC optimization problem to guarantee
closed-loop stability. Reference [34] studies the motion plan-
ning of underactuated ASVs subject to input constraints, rate
and magnitude constraints, and convex/non-convex obstacle
constraints. An energy optimal reference trajectory is gener-
ated by solving a nonlinear programming (NLP) planning
problem for the ASV. A mathematical model-differential flat-
ness is employed to derive a computation-efficient solution to
the NLP problem, which achieves a longer prediction horizon
while preserving calculation accuracy. The key advantages of
MPC-based motion planning algorithms include the capabil-
ity to explicitly deal with the physical constraints as well as to
generate the optimal reference trajectory/waypoint. However,
a drawback of these algorithms is that computational cost is
high, which has motivated further research on reducing com-
putational burden. Some potentially useful methods such as
the embedded MPC [35], triggered MPC [36] and advanced
optimization techniques [37] provide some opportunities to
deploy the MPC-based planning algorithms on the real-world
AMV systems.

C. MPC-Based Collision Avoidance Algorithms for AMVs

This subsection reviews collision avoidance with respect to
the design of MPC-based motion planning.

The collision avoidance module plays an essential role in
guaranteeing the safety and enhancing autonomy of AMVs;
several approaches for AMVs have been reported in the sur-
vey papers [16], [19], [22], [26], [38]. When ASVs operate in
inland waterways and urban canals, they must obey policy
regulations. Thus, the policy-aware MPC-based motion plan-
ning becomes significant for the safety-critical AMVs. The
COLREGsS rules describe several collision scenarios such as
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head-on, overtaking, crossing from right and crossing from
left as shown in Fig. 6. In [39], the mathematical interpreta-
tions of COLREGs rules are considered in the objective func-
tion design of the MPC-based motion planning problem.
Recursively solving the MPC problem yields the protocol-
aware collision-free system trajectory for ships subject to
wind and ocean current. Further experimental results of MPC-
based collision avoidance algorithm implementation on
AMVs are presented in [40], [41]. A recent paper [42] pro-
poses a regulation-aware motion planning method for the
ASVs in unstructured urban canals; the method builds on local
model predictive contouring control to generate a collision-
free and regulation-aware reference trajectory for ASVs in the
presence of static and dynamic obstacles. In order to enable
the ASVs to be aware of the interaction regulations, a cost
function encouraging compliance with COLREGs rules is
designed for the MPC problem. It is worth mentioning that the
above method cannot guarantee collision avoidance. One may
introduce the regulation policy-based constraint into the MPC
optimization problem to ensure collision avoidance for AMVs
under different working conditions.

Voo :

<-“.

Iy 4

4

@ ) © @

Fig. 6.

illustrated from the gray vessel’s viewpoint: (a) Overtaking; (b) Head-on; (c)

COLREGs maneuvers for different situations. The scenarios are

Crossing from port; (d) Crossing from starboard.

A different approach in [43] that combines the Hamilton-
Jacobi differential game method with MPC is introduced to
enable safety-guaranteed trajectory planning for AUVs under
the progressive waves. A position-dependent and time-vary-
ing function simulates wave disturbances; a Hamilton-Jacobi
method computes the value function and level set. The set is
then substituted into the MPC problem to plan a safe refer-
ence trajectory for AUVs. A robust MPC-based motion plan-
ning method is proposed for the URV operating in the con-
strained workspace [44]. Different constraints such as control
inputs, constrained workspace, and obstacles are considered
within the MPC framework. Experiments validation carried
out on a small URV demonstrates the effectiveness of the
robust model predictive motion planning scheme. A key chal-
lenge in these strategies appears to be their application to
AMVs in complex, dynamic and confined environments. In
[45], a finite control set based MPC is designed for motion
planning of ASVs under uncertainties. The cost function for
the MPC problem includes four sub-functions, which corre-
spond to stability, reachability, rapidity, and safety. The con-
trol set and the delay compensation are used to balance the
trade-off between planning and calculation accuracy.

In [46], a distributed MPC (DMPC) approach is proposed
for trajectory planning and coordination of multiple AMVs.
Each AMYV solves a local DMPC optimization problem and

communicates with the neighbors to reach a consensus on col-
lision-free trajectories. The DMPC problems are calculated in
parallel using a modified alternating direction method of mul-
tiplier (ADMM) scheme. The collision avoidance approach in
[47] that combines MPC with the Q-learning beetle swarm
antenna search algorithm is investigated to solve the problem
of multi-ship encountering. Reference [48] develops a distur-
bance observer-based DMPC algorithm for motion planning
with the guarantee of the connectivity maintenance and colli-
sion avoidance of multiple ASVs subject to varying environ-
mental disturbances. Feedback control can mitigate the effect
of external disturbances by using the estimates of the distur-
bance observer. The idea in [43] is extended in [49], where
collision-free trajectory planning of multiple AUVs is consid-
ered.

Finally, an emergency scenario is worth mentioning where
the AMVs cannot operate normally. In [50], an MPC method
is designed for trajectory generation and emergency manage-
ment of ASVs; the planning and risk costs in the objective
function correspond to different aspects of normal planning
and different emergency cases. The resultant risk-based
motion planning method may serve as a foundation for human
operators and a safe motion planner for ASVs.

IV. MPC FOR THE MOTION CONTROL OF AMVS

At large, motion control of AMVs is the control input of
determining the needed forces and moments for the AMVs
with the aim of achieving a specific control objective. Differ-
ent motion control problems of AMVs have been widely dis-
cussed in the literature, such as dynamic positioning control,
trajectory tracking control, path following control, and coop-
erative control [2], [7], [8]. This section focuses on MPC for
the motion control of AMVs. The reference for the MPC
block varies with different control objectives, as shown in Fig. 7.
Note that different observers, such as the disturbance observer
and extended state observer (ESO) can be developed to esti-
mate the system states of AMVs affected by wind, wave and
ocean current forces. To limit the scope of this review, we
focus on the motion control of AMVs in this section.

Disturbances
—_—
Reference MPC for Input =)

—_— . 2
motion control S
g
L
-
=
. 7
Estimates S
=

of states
Observer

Fig. 7. Illustration of MPC for the motion control of AMVs.

A. MPC for Dynamic Positioning of AMVs

Dynamic position (DP), also known as station keeping, is
one of the representative control tasks for AMVs under com-
plex marine environments, which requires the AMV to main-
tain a pre-specified position and orientation 1y = [xg4, yd,l//d]T
exclusively by means of thruster force, see [15] and the refer-
ences therein. MPC-based DP controller can achieve good
control performance and reduce energy consumption in situa-
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tions with limited thrust. The optimal DP control inputs
T(t) = {"*(s|)}, s € [0,T) are determined by solving a finite
horizon MPC optimization problem at time ¢ as follows:

L

s.t. X' (slf) = f(X' (s, 7 (sl1)) (14a)
X (0r) = X' (1) (14b)
(sl e U (14c)
X' (sl e X (14d)

in which s€[0,7), T is the prediction horizon, X and U
denote constraint sets of the system state and the control input,
respectively; J = fOT(Iln'(SIt) = nallgy + 17 (sIDIR)ds + oy (T16)—
’7d||%>, with the positive definite matrices O, R and P. The opti-
mal control input 77*(s|f), s € [0,0] is applied to the AMV sys-
tem iteratively, with J being the sampling period.

The early papers [51] and [52] dealing with the DP control
problem of constrained AMVs via the MPC approach has a
substantial impact. However, only the 1-DOF heading prob-
lem is addressed for the marine surface vessels without con-
sidering state constraints. A novel disturbance compensation-
based MPC algorithm is developed to address the heading
control problem of a linear constrained vessel subject to time-
varying environmental disturbances; disturbance compensa-
tion control Au is calculated not only to ensure recursive fea-
sibility but also to retain the control performance achieved by
the ship without disturbances [53]. The MPC-based DP algo-
rithm in [54] replaces originally separate solutions of position
control and thrust allocation (TA) by solving a single MPC
problem that combines DP and TA, resulting in improved con-
trol performance and reduction of energy consumption. Refer-
ence [55] proposes an MPC approach, which uses a linear
wave solver to estimate the ocean forces acting on underwater
robots to mitigate disturbances from an ocean wave field.

Furthermore, [56] presents the experimental validation of
the MPC architecture for the station keeping problem, which
incorporates the estimation model of hydrodynamic forces
induced by regular and irregular waves into the architecture.
Understandably, it is essential to ensure closed-loop stability
in practical applications; establishing the stability of general
linear or nonlinear systems with constraints by adding the ter-
minal constraint and cost has been well-addressed [9]. To
guarantee closed-loop stability and circumvent the complex
terminal set design for the nonlinear AMVs, the authors in
[57] propose a Lyapunov-based stability constraint for the
MPC-based DP optimization problem.

However, most MPC algorithms mentioned above cannot be
applied directly to the DP problem of the underactuated
AMYVs with nonholonomic constraints. In [58], a novel MPC
algorithm is proposed for the constrained underactuated
AUVs based on homogeneous system dynamics and a time-
varying feedback control law [59]. More recently, robust
dynamic positioning problems using tube-based MPC have
been studied for the ASV in the presence of environmental
disturbances [60], [61]. The same problem is addressed in a
different way [62]. A disturbance observer is developed to

approximate environmental uncertainties; the control input
generated by solving the NMPC optimization problem can
reject disturbances by incorporating disturbance estimation
into the prediction model under the NMPC scheme.

B. MPC for Path Following of AMVs

Path following control refers to the case where the AMV
follows a feasible time-invariant path with desired speed and
orientation. Note that no temporal restrictions are imposed on
the predefined path. Much attention has been paid to the path
following problem of nonlinear continuous-time AMVs repre-
sented by:

x=f(x,7)
where the system states and control inputs of AMVs are
required to satisfy x € X and 7 € U. Note that the desired path
x(y) is usually parameterized by a variable y, y € R. The path
following problem is addressed by transforming the original
control problem into the regulation problem based on error
dynamics. The error dynamics take the following form:

Xe = f(Xe,T)
where the error state x, includes the heading error and cross-
track error. The Serret-Frenet frame [27] is usually used to
derive the error dynamics in path following problem. The con-
trol input is generated by solving the following MPC opti-
mization problem at time #:

min J

(1)

s.t. Xe(s]1) = f(xe(s10), 7(sl0)) (15a)
X (0]1) = xe (1) (15b)
(sl eU (15¢)
x(slt) e X (15d)

in which s €[0,T), T is the prediction horizon, x.(s|f) repre-
sents the predicted error state at future time ¢+ s determined at
time#; J= J‘OT(||xe(s|z)||2Q+||T(s|t)||§)ds+||xe(T|t)||2, with the
positive definite matrices O, R and P.

A pioneering work appears in [63]; an MPC approach
employing the error dynamics is proposed to solve the path
following problem of ASVs subject to roll constraints and
wave disturbances. Reference [64] provides an experimental
implementation of the MPC-based path following algorithm
on the constrained ASVs. A novel solution to this problem is
described in [65] which considers the path following of under-
actuated ASVs with input constraints. Here, the error dynam-
ics are obtained with respect to the LOS guidance reference.
Then, an MPC method generates the feasible path for the ASV
to follow based on good helmsman behavior. Moreover,
embedding the LOS parameter as an additional decision vari-
able of the MPC optimization problem provides an extra DOF
in improving control performance. In [66] and [67], the
authors provide an output nonlinear MPC algorithm for solv-
ing the path following control problem. As a special case of
the path following task, the straight line following problem of
the constrained underactuated AMV with disturbances is
addressed by deploying a real-time MPC algorithm in [68].

Authorized licensed use limited to: Shanghai Jiaotong University. Downloaded on March 14,2024 at 11:32:02 UTC from IEEE Xplore. Restrictions apply.



WEI AND SHI: MPC-BASED MOTION PLANNING AND CONTROL ENABLES SMARTER AND SAFER AMVS 15

The simulation results and on-sea experiments illustrate good
performance under the proposed algorithm.

The speed assignment is considered in the path following
problem in [69], where an explicit parameterization of the
zero-path-error manifold is constructed for the MPC design. A
novel multi-objective MPC method is designed for the AUVs
to balance the vehicle’s speed assignment and the path con-
vergence rate. The lexicographic ordering and weighted sum
methods are studied to solve the multi-objective MPC opti-
mal problem. The work reported in [70] proposes a robust
control method by combining the disturbance observer, adap-
tive Kalman filter, and robust MPC to solve the path follow-
ing and rudder stabilization problems of the underactuated
ASV subject to roll constraints and environmental uncertain-
ties. To reduce computational requirements, the authors in
[71] leverage the neurodynamic optimization technique to
accelerate the computation speed of the multi-objective MPC
problem.

A recent paper [62] investigates the energy-optimal path fol-
lowing control problem of the AUVs with limited onboard
energy resources and ocean currents. An energy-optimal LOS-
MPC method is developed by considering the surge speed
optimization in the LOS guidance path following problem.
The authors further extend the MPC algorithm for the three-
dimensional energy-optimal path following problem of AUVs
subject to ocean currents.

In addition, collision avoidance is discussed in the path fol-
lowing task of the ASV in confined environments. This prob-
lem is addressed by adding the dual collision avoidance con-
straint into the MPC-based path following optimization prob-
lem [72], [73]. The path following control problem becomes
challenging if AMVs’ dynamics vary during operation due to
speed changes, load changing, parametric uncertainties, and
external disturbances. This is the case investigated in [74].
The authors propose an adaptive MPC method that uses the
least squares support vector machine to address the path fol-
lowing problem of the underactuated ASVs with varying sys-
tem parameters. The proposed controller consists of the MPC
design and the online identification of varying parameters. On
the other hand, MPC algorithms have been exploited for path
following control of the fully-actuated AMVs [63], [69] and
underactuated AMVs [65], [68], [70], [75].

C. MPC for Trajectory Tracking of AMVs

The trajectory tracking task is concerned with the control
design such that the AMYV is driven to track a temporal and
spatial trajectory. The reference trajectory is usually assumed
to be generated by a virtual AMYV, i.e., the time-varying refer-
ence trajectory x, satisfies the system dynamics in (12)

Xr = f(xr,7r)
where 7, is the reference control input concerning the refer-
ence trajectory. Define the tracking error state x, = x—x;,
after which one obtains the tracking error dynamics

Xe = f(Xe, T).
Based on the error dynamics the tracking problem for the
original AMV system in (12) is converted into a stabilization
problem. The tracking MPC problem is similar to the path fol-

lowing problem as in (15). Iteratively solving the constrained
optimization problem vyields the optimal control input
sequence, and the first element of the calculated sequence is
applied to the AMV. The constraints on states and inputs,
highly nonlinear dynamics and unpredictable sea environ-
ment lead to technical difficulties in developing the trajectory
tracking controller for AMVs. In [76], a neurodynamic-based
MPC approach is developed for the trajectory tracking con-
trol of underactuated ships with external disturbances, where a
two-layer recurrent neural network is adopted to calculate the
minimax optimization problem iteratively. This approach is
extended to address a wide range of underactuated systems
with guaranteed closed-stability in terms of kinematics and
kinetics [77]. The MPC-based three-dimensional trajectory
tracking strategies for constrained AUVs are reported in
[78]1-[80].

Intuitively, the excessive computational requirements of
nonlinear MPC methods impede their implementation for real-
world AMV applications. To alleviate computational com-
plexity, several solutions have been developed, which can be
broadly categorized into: i) simplifying the optimization prob-
lem [81], ii) the fast optimization algorithm [82], and iii) dis-
tributed and parallel computation [83]. A real-time nonlinear
MPC method for the tracking problem of ASVs subject to the
influence of unknown ocean currents is presented in [81]; an
augmented model is constructed by incorporating the actuator
physical limitations into the prediction model itself based on
smooth saturation functions. The method simplifies the MPC
design process because it is unnecessary to consider the input
constraints in the optimization problem. In [82], a modified
Ohtsuka’s continuation/generalized minimal residual algo-
rithm has been developed to shorten the computation time of
the nonlinear MPC optimization problem for AUVs. The Pon-
tryagin’s minimum principle is exploited to solve the Karush-
Kuhn-Tucker conditions. The authors in [83] develop a dis-
tributed computation framework for the nonlinear MPC-based
trajectory tracking control problem. The method appropri-
ately decomposes the original tracking MPC problem into
three smaller subproblems and then solves them in a dis-
tributed fashion, significantly reducing computational com-
plexity. Moreover, the AUV’s closed-loop stability is guaran-
teed by adding a stability contraction constraint [84] into the
MPC tracking optimization problem. There remain interesting
and challenging problems in the real-time implementation of
nonlinear MPC algorithms.

Results from the robust MPC [85] are usually employed to
enhance the robustness of AMVs against parametric uncer-
tainties and environmental disturbances. The robust MPC
method is designed for the tracking problem of the AMV in
the presence of external disturbances [44], [86]. The Kalman
filter or other types of observers are employed for AMVs to
compensate for external disturbances, measurement noises,
and modeling uncertainties; see [87]—[92]. The same problem
is solved differently in [93]. In order to handle external distur-
bances and model mismatch, the method uses reinforcement
learning and system identification techniques to update the
prediction model for the nonlinear MPC online, resulting in
improved closed-loop control performance. Payload variation
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Fig. 8. Illustration of the DMPC for cooperative ASVs [106].

may lead to significant changes in the AMV’s dynamics,
thereby degrading control performance. A nonlinear adaptive
MPC method is applied for the tracking control of ASVs with
largely varying payload [94]. The thruster fault of AMVs is
considered in [95]. The tracking method combining the quan-
tum-behaved particle swarm optimization with MPC reallo-
cates thruster forces for AMVs with thruster failure.

Regarding practical applications, the challenges such as
accurate system dynamics, algorithm deployment, and code
debugging make theoretical results hard to verify on the test-
bed AMV. The researchers generally verify the theoretical
results with simulation studies, and few studies have the AMV
experimental validation of the MPC algorithm. Recently,
some experimental tests are conducted to illustrate the track-
ing performance of the AMVs under the MPC algorithms
[93], [96]-[100].

D. MPC for the Cooperative AMVs

Compared with the single AMV, cooperative AMVs can
perform more complicated marine tasks. One fundamental
control task of the cooperative AMVs is formation tracking
control, which requires multiple AMVs to maintain a pre-
specified formation and track the reference trajectory simulta-
neously. Some appealing control methods have been devel-
oped to tackle this problem, e.g., the virtual structure control
method [101], the leader-follower method [102] and dynamic
output feedback control method [103]. In particular, some
practical network-induced issues such as packet dropout,
delays and disordering information transmission among the
cooperative AMVs are considered in [103] and [104]. Unfor-
tunately, these methods cannot optimize control performance
or handle the cooperative AUVs with constraints [105]. Alter-
natively, the DMPC method is an ingenious solution to this
problem. Loosely speaking, a classification of existing DMPC
algorithms can be made according to the coupling source,
namely DMPC with coupled cost and coupled constraints. The
cooperation component is introduced in an optimization prob-
lem via the coupled cost function V;(x;, x;,u;), which is opti-
mized by each AMV §

Vilxi, xj,ui) = Z Ci(xi, X, ui) + Vl-f(xi)
JEN;

(16)

where x; denotes the neighboring state information of AMV j,
j € N;, N; is the neighbor set of AMV i, u; denotes the con-

Ancillary
controller i — 1

REDUCED CREW

trol input, £;(x;, x;,u;) and Vl.f (x;) are the coupled stage cost
function and the local terminal cost function, respectively.
Regarding the system constraints, most of the aforemen-
tioned DMPC algorithms may not be feasible for the AMVs
with global coupled constraints as in (17c). However, this type
of constraint plays an essential role in many practical applica-
tions, for instance, controlling a group of M AMVs while
avoiding collisions and preserving connectivity. It is noted
that the main challenge lies in guaranteeing the satisfaction of
coupled constraints in a distributed manner as follows:

)CiEXi,izl,Z,...,M (173)
el i=12,....M (17b)
M

Z(‘{‘fxi +Pr) <1 (17¢)

i=1

where x; and 7; denote the system state and the control input,
respectively. X; c R% and U; cR™ are the local constraint
sets of state and control input of AMV i, i=1,2,....M,
respectively. ¥} € RP" and P¥ € RP*™ are matrices used to
define the globally coupled constraints, with 1 being the all-
one vector of proper dimensions. In distributed coordination,
each AMV calculates its control inputs u; " by solving the
local DMPC problem based on the local measurement and the
neighbors’ information, as indicated in Fig. 8. Note that the
control input ;™ for ASV i consists of two control terms: 1)
the nominal control input #; generated by solving the con-
strained DMPC optimization problem, which drives the nomi-
nal error state to zero, and 2) the auxiliary control law 7; that
keeps the actual error state staying in a specified neighbor-
hood of the nominal error state.

In [107], a distributed path following controller is proposed
for the cooperative vessels, in which the ADMM is adopted to
accelerate the convergence rate of solving the DMPC prob-
lem. In addition, a coupled collision avoidance constraint as in
(17) is considered in the DMPC problem. This method is fur-
ther extended in [108] to deal with environmental uncertain-
ties. Especially, the authors apply DMPC algorithms for mul-
tiple ASVs to enhance the efficiency of urban waterway trans-
port in [106], [109]—[111]. Reference [112] presents a new
DMPC approach to address the formation tracking problem of
cooperative underactuated AUVs; the terminal set and the ter-
minal control law are designed for the DMPC problem. The
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Illustration of the Lyapunov-based DMPC (DLMPC) for cooperative AUVs [114]: (a) The DLMPC control scheme; (b) The DLMPC optimization

problem; (c) The contraction property. An additional state constraint (i.e., the stability constraint) constructed via an auxiliary controller is incorporated into the

DMPC problem, which renders the closed-loop cooperative AUV systems stable. A similar idea of imposing a contractive property on the closed-loop system to

a nonlinear MPC framework is reported in [115]. Note that 7;, vi, 7;, 7{ and w; denote the position, the velocity, the control input, the auxiliary control law and

the ocean current disturbance, respectively. V,-ITI denotes the derivative of Lyapunov function under the control law ;.

conditions that ensure the closed-loop stability and the recur-
sive feasibility of the DMPC-based formation tracking algo-
rithm are provided. A similar formation control problem of
multiple cooperative ASVs in the presence of obstacles is also
studied in [113].

However, the stability analysis by local linearization is prac-
tically hard for AUVs since they have complex nonlinear sys-
tem dynamics. This poses great challenges in the design of the
terminal set. To overcome this difficulty, the authors in [84],
[116] proposed the Lyapunov-based MPC method, which
avoids the local linearization and adds a stability constraint
generated by a Lyapunov-based controller to the original MPC
scheme, thereby guaranteeing closed-loop stability and
improving the control performance. A DLMPC-based forma-
tion tracking method is designed for cooperative AUVs sub-
ject to environmental disturbances; collision avoidance is also
guaranteed during the operational period relying on the pro-
posed collision avoidance cost function [114]. The DLMPC
method inherits the robustness and stability properties of the
ESO-based auxiliary controller and invokes online optimiza-
tion to further enhance the control performance of coopera-
tive AUVs. The cooperative AUVs’ closed-loop stability is
guaranteed by the stability constraint as illustrated in Fig. 9. It
can also be shown [117] that the formation tracking and colli-
sion avoidance of underactuated ASVs with dynamical uncer-
tainties are achieved under the ESO-based DMPC method.

Regarding the limited communication resources of the
AUVs, an event-triggered DMPC method is designed to alle-
viate the communication burden [118]. Furthermore, the
authors in [119] propose a novel real-time DMPC approach
for cooperative AUVs with limited communication data rates.
The optimal quantization design guarantees that the sub-opti-
mality is achieved, in which a warm-starting strategy is
employed to solve the DMPC optimization problem.

In addition to the literature on safe DMPC for cooperative
AMVs under uncertainties, there are limited results on this
topic. The collision avoidance safety of cooperative AUVs in
[114] is established by adding a coupled collision avoidance
cost term into the overall objective function. On the other

hand, the inter-vehicle safety of the AMVs is guaranteed by
imposing a coupled collision avoidance constraint in the
DMPC optimization problem [46], [106], [109], [117].
Recently, an alternative method is developed in [120]; the bar-
rier-certified DMPC method enables the underactuated ASVs
to avoid static and dynamic obstacles. Experimental evalua-
tion of DMPC for cooperative ASVs is provided in [121].
Field experiments of cooperative AMVs under the DMPC
algorithm still deserve further study.

E. Other Topics

Some other research topics in MPC for the control of AMVs
have received less attention but have considerable potential.
We briefly introduce these topics in this subsection.

Visual Servoing: Visual servoing usually employs image
data as feedback to steer the autonomous intelligent system to
a predefined visual target position [122], [123]. A visual servo
MPC scheme is developed for the URV in [124], in which the
field of view constraint used as the visual constraint is added
to the MPC problem. The image processing and the optimiza-
tion algorithm are running at triggering instants. References
[125] and [126] propose a hierarchical control approach for
the AUVs and underwater vehicle manipulator systems, which
combines the MPC with the visual servoing control. The cost
function is designed depending on the visual state errors, and
the constraints on the features’ visibility in the image plane
are incorporated into the MPC optimization problem.

Energy Optimization: Another important consideration in
the motion control of AMVs is optimizing energy consump-
tion under different operational conditions. This is because
energy-efficient management can significantly improve the
endurance of AMVs with limited onboard energy resources,
thereby reducing the operational costs and improving applica-
tion range [62], [127], [128]. An economic MPC approach is
proposed in [128] for the waypoint tracking of AUVs while
reducing energy consumption. The proposed approach opti-
mizes the stage cost by including the energy consumption in
the prediction horizon and the terminal cost by estimating the
energy required to reach the desired waypoint. In [62], an
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energy-optimal LOS-MPC method is developed to solve the
path following control problem of AUVs under uncertainties.
The proposed method optimizes energy consumption in the
LOS guidance-based path following scheme. A DMPC-based
bi-level distributed dynamic method is proposed to optimize
the energy consumption of ship fleets [129]. Another area is
concerned with the deployment of MPC methods for the
energy production optimization of the ocean wave energy con-
verter [130].

Autonomous Docking Control: Generally, the autonomous
docking mission can be split into two phases: the long-range,
in which the AMVs are steered to an area near the docking
target; and the short-range, during which the AMVs are pre-
cisely controlled to the docking target with satisfaction of the
safety constraint, localization requirement, and other types of
constraints [131]. On the other hand, the autonomous docking
mission involves the motion planning and motion control
operations; solving the former problem yields the reference
trajectory for the latter problem. The application of MPC for
autonomous docking of AMVs has received some attention,
e.g., [132]-[134]. MPC in such AMVs’ docking studies
remains to be further studied.

V. FUTURE DIRECTIONS
As shown in Fig. 10, the word cloud generated by the
VOSviewer [135] shows the research of MPC-based motion
planning and control for AMVs, in which the color of the
clusters indicates the research trends in this field. Fig. 10 illus-

2016 2017 2018 2019 2020 2021

Research trends on motion planning and control of AMVs, which is generated by VOSviewer from 488 papers. Source: WOS.

trates the hot research topics, such as cooperative ASVs, colli-
sion avoidance, formation, uncertainties, and energy effi-
ciency. Note that the word cloud is based on the search results
in WOS with the title keywords such as “model predictive
control”, “ motion planning”, “ motion control”, “collision
avoidance”, “receding horizon control”, “predictive planning”,
“autonomous surface vehicle”, “autonomous underwater vehi-
cle”, “marine robot” and “autonomous marine vehicles”.

MPC algorithms have been successfully applied to AMVs
for generating a safe reference trajectory and optimal control
inputs. They have the advantages of explicitly dealing with
constraints and optimizing planning and control performance
online. Although massive research efforts have been devoted
to this field, it is still desirable for practical AMV applica-
tions to develop planning and control algorithms that are
effective, reliable, intelligent, robust and energy-efficient.
Here we highlight some potential directions and opportunities

for future research.

A. Data-Driven Predictive Planning and Control for AMVs

The prediction model, such as the state-space model or
input-output model for the AMVs, is an essential ingredient of
conventional MPC design, based on which AMV’s behavior is
predicted and optimized over a finite-time horizon. That is,
the system model’s accuracy greatly influences planning and
control performance. In practice, the AMV system model is
rarely known a priori and has to be identified from the offline
collected input and output data [136]. MPC then leads to a
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two-stage procedure consisting of system model identifica-
tion and controller design. However, an accurate system
model for AMVs is hard to obtain due to complex hydrody-
namic forces, uncertainties and nonlinear dynamics. In this
case, data-driven approaches are investigated with the aim of
constructing the controlled system directly from data without
the intermediate system identification step [137], [138].
Recently, several data-driven predictive control approaches
that combine the data-driven idea with MPC are proposed in
[139]-[141]. These approaches leverage the previously mea-
sured input/output data to predict the unknown system’s
behavior and calculate the optimal control inputs to steer the
system along the desired trajectory. It should be noted that
applying these data-driven predictive control approaches for
the motion planning and control problems of the constrained
AMV systems deserves further investigation.

B. Real-Time MPC for Planning and Control of AMVs

Although MPC algorithms have been widely investigated to
address motion planning and control problems of constrained
AMVs, the intractable computational complexity inhibits their
application for real-time AMVs with limited onboard compu-
tational resources. There have been various solutions to this
challenging problem, ranging from explicit MPC [142], [143]
to DMPC [12], [144], [145]. Other noteworthy approaches
include distributed optimization [37], accelerated optimiza-
tion algorithm (e.g., Ohtsuka’s continuation/generalized mini-
mal residual algorithm [82]) and warm-starting techniques
[146], [147]. The real-time implementation of the motion
planning and control algorithms for nonlinear AMVs is still
challenging, and further research along this line is needed.

C. MPC for Cooperative AMVs

In order to perform more complex missions, improve appli-
cation range, and reduce operational costs, cooperative AMV
systems become necessary. However, most existing AMV
research results focus on cooperative motion planning and
control with applications to: 1) cooperation among AUVs,
such as formation tracking of AUVs [114], formation stabi-
lization [58]; 2) cooperation among ASVs, including platoon-
ing control [106], waterborne transport [107], [148]. We call
these applications homogeneous AMVs (or horizontal AMV
systems). In contrast, the heterogenecous AMVs (vertical
AMYV systems), including the combined ASV-AUV systems
[149], cooperative ASV-unmanned aerial vehicle (UAV) sys-
tems, and cooperative AUV-ASV-UAV systems, do not
appear to have received much attention. These vertical appli-
cations open up great possibilities for future offshore explo-
ration and detection, which, however, require more advanced
and intelligent planning and control algorithms. DMPC-based
motion planning and control algorithms provide opportunities
to enable these cooperative AMV systems to be smarter, safer
and more efficient.

D. MPC as a Service for AMVs

The emerging cloud-edge computing and communication
technologies are reshaping the development of autonomous
intelligent systems, including automated vehicles, AMVs,
UAVs, and industrial robots. The concept of control as a ser-

vice (CaaS) is first present in [150], which studies a cloud-
based control scheme and deploys all control functions on the
cloud for the automated vehicle. Subsequently, an MPC as a
service (MPCaaS) framework is developed for cyber-physical
systems [151]. The MPCaaS framework combines cloud com-
puting technology and elliptic cryptography-based encryption
communication. The existing planning and control algorithms
for AMVs are usually embedded inside the controlled sys-
tems, which may have a high requirement on the computa-
tional resources. The MPCaaS scheme can perform computa-
tions remotely, thereby greatly alleviating the onboard compu-
tational burden. For the deployment of real-world AMVs, the
computationally demanding motion planning mission can be
deployed on the cloud; the motion controller can be imple-
mented on the vehicle. We anticipate further study of MPCaaS
for motion planning and control of AMVs.

E. AMVs With Guaranteed Resilience and Security

Typically, the information is exchanged in a distributed
fashion for cooperative AMVs without a central collection and
process. Potential malicious intrusions and adversarial attacks
may exist in the communication networks, leading to network
vulnerability or damage. Resilient and secure control approach
becomes critical when some AMVs under malicious attacks
do not obey the predefined communication rule and try to mis-
lead the other AMVs. The objective is to achieve cooperation
of normal AMVs, depending on reliable information of their
neighbors. There has been a growing interest in studying sys-
tems’ resilience and security under cyber-attacks in the con-
trol community. Several resilient and secure control methods
have been developed in [152]-[156], but the problem of MPC
for AMVs with guaranteed resilience and security still exists.
Conventional cooperative protocols are not applicable for the
security-critical AMVs with constraints. Some effective attack
detection algorithms need to be developed within the MPC
scheme to address AMVs’ motion planning and control prob-
lems with guaranteed resilience and security.

F. Long-Term Autonomy of AMVs

When we think about long-term autonomy here, the ques-
tions are 1) whether the AMVs can perform entire tasks with
guaranteed optimality and safety under complex marine envi-
ronments without human intervention; 2) whether AMVs can
optimize energy consumption to improve application range
and endurance. In terms of the long-term autonomy, multiple
subtasks may be required to be accomplished during the AMV
operations under complex marine environment [157]-[159].
Switched and adaptive learning MPC may be a promising
solution to this problem [160], [161]. In addition to multiple
missions, environmental disturbances and uncertainties may
cause adverse effects on the implementation of long-term
autonomy for AMVs. Moreover, some energy-optimal plan-
ning and control strategies have been proposed for AMVs in
[128], [62]. This problem is still open, and further research in
this area is anticipated.

G. Experimental Validation of AMVs
As highlighted in [8], thus far most of the research works on
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the planning and control of the AMVs are still verified via
simulation studies. Even though some interesting experiment
results have been reported in [40], [41], [93], [96]—[100],
[121], more advanced and effective MPC-based motion plan-
ning and control strategies are desired for the real-world
AMVs. In particular, less attention has been paid to the exper-
imental validation for the cooperative AMVs. Emerging tech-
nologies such as cooperative DMPC [162]-[164], distributed
optimization [165] and advanced communication algorithms
offer opportunities to deploy motion planning and control
algorithms on real cooperative AMV experimental platforms.

VI. CONCLUSION

This paper presented a comprehensive overview of recent
advances in the motion planning and control studies of AMVs
from the perspective of MPC. System modeling of conven-
tional AMVs was firstly provided. Furthermore, state of the
art MPC-based motion planning algorithms were developed
for AMVs (including the AUVs, ASVs, ROVs, and URVs),
and were summarized and discussed. Some of the challenges
in motion planning arose from an uncertain marine environ-
ment, the expensive computational costs, and required cooper-
ation between multiple AMVs, which have motivated further
research on effective and reliable motion planning algorithms
for AMVs. In what follows, the MPC-based motion control
algorithms for AMVs were systematically summarized by
four aspects of dynamic positioning control, path following
control, trajectory tracking control and cooperative control.
Although a lot of research results were available in the litera-
ture, the smarter and safer MPC-enabled motion planning and
control algorithms for the AMV applications remained open
and challenging. Finally, some promising future directions in
this research area have been elaborated, such as data-driven
MPC planning and control for AMVs, MPC for cooperative
AMVs, MPCaaS for AMVs, safe MPC for AMVs and experi-
mental validation.

REFERENCES

[1] E. Zereik, M. Bibuli, N. Miskovi¢, P. Ridao, and A. Pascoal,
“Challenges and future trends in marine robotics,” Annual Reviews in
Control, vol. 46, pp.350-368, 2018.

[2] Y. Shi, C. Shen, H. Fang, and H. Li, “ Advanced control in marine
mechatronic systems: A survey,” [EEE/ASME Trans. Mechatronics,
vol.22, no.3, pp. 1121-1131, 2017.

[3] M. Robotics, “ The Otter unmanned surface vehicle,” https://www.
maritimerobotics.com/otter, 2022, accessed: 2022-05-06.

[4] K.Maritime, “The Hugin AUV,” https://www .kongsberg.com/maritime/
products/marine-robotics/autonomous-underwater-vehicles/AUV-
hugin/, 2022, accessed: 2022-05-06.

[5] B. Robotics, “ The BlueROV2,” https://bluerobotics.com/store/rov/
bluerov2/, 2022, accessed: 2022-05-06.

[6] L-L. G. Borlaug, K. Y. Pettersen, and J. T. Gravdahl, “Tracking
control of an articulated intervention autonomous underwater vehicle
in 6DOF using generalized super-twisting: Theory and experiments,”
IEEE Trans. Control Systems Technology, vol.29, no.1, pp.353-369,
2020.

[7] T. 1. Fossen, Handbook of Marine Craft Hydrodynamics and Motion
Control. John Wiley & Sons, 2011.

[8] Z. Liu, Y. Zhang, X. Yu, and C. Yuan, “Unmanned surface vehicles:
An overview of developments and challenges,” Annual Reviews in
Control, vol.41, pp.71-93, 2016.

[9] J.B. Rawlings, D. Q. Mayne, and M. Diehl, Model Predictive Control:
Theory, Computation, and Design. Madison: Nob Hill Publishing,
2017.

[10] Y. Shi and K. Zhang, “Advanced model predictive control framework
for autonomous intelligent mechatronic systems: A tutorial overview
and perspectives,” Annual Reviews in Control , vol.52, pp.170-196,
2021.

[11] P. Bouffard, A. Aswani, and C. Tomlin, “ Learning-based model
predictive control on a quadrotor: Onboard implementation and
experimental results,” in  Proc. IEEE Int. Conf- Robotics and
Automation, 2012, pp. 279-284.

[12] W. B. Dunbar and D. S. Caveney, “ Distributed receding horizon
control of vehicle platoons: Stability and string stability,” JEEE Trans.
Automatic Control, vol.57, no.3, pp.620-633, 2011.

[13] G. Roberts, “ Trends in marine control systems,” Annual Reviews in
Control, vol.32, no.2, pp.263-269, 2008.

[14] J. E. Manley, “Unmanned surface vehicles, 15 years of development,’
in Proc. IEEE OCEANS, 2008, pp. 1-4.

[15] A. J. Serensen, “ A survey of dynamic positioning control systems,”
Annual Reviews in Control, vol.35, no. 1, pp. 123-136, 2011.

[16] S. Campbell, W. Naeem, and G. W. Irwin, “A review on improving the
autonomy of unmanned surface vehicles through intelligent collision
avoidance manoeuvres,” Annual Reviews in Control , vol.36, no.2,
pp.267-283, 2012.

[17] J. Melo and A. Matos, “ Survey on advances on terrain based
navigation for autonomous underwater vehicles,” Ocean Engineering,
vol. 139, pp.250-264, 2017.

[18] A. Sahoo, S. K. Dwivedy, and P. Robi, “Advancements in the field of
autonomous underwater vehicle,” Ocean Engineering , vol.181,
pp- 145-160, 2019.

[19] Y. Huang, L. Chen, P. Chen, R. R. Negenborn, and P. Van Gelder,
“Ship collision avoidance methods: State-of-the-art,” Safety Science,
vol. 121, pp.451-473, 2020.

[20] C. Zhou, S. Gu, Y. Wen, Z. Du, C. Xiao, L. Huang, and M. Zhu, “The
review unmanned surface vehicle path planning: Based on multi-
modality constraint,” Ocean Engineering, vol. 200, p. 107043, 2020.

)

[21] L. Chen, R. Negenborn, Y. Huang, and H. Hopman, “ A survey on
cooperative control for waterborne transport,” I[EEE Intelligent
Transportation Systems Magazine, vol. 13, no.2, pp.71-90, 2020.

[22] X. Zhang, C. Wang, L. Jiang, L. An, and R. Yang, “Collision-
avoidance navigation systems for maritime autonomous surface ships:
A state of the art survey,” Ocean Engineering , vol.235, p. 109380,
2021.

[23] N. Gu, D. Wang, Z. Peng, J. Wang, and Q.-L. Han, “Advances in line-
of-sight guidance for path following of autonomous marine vehicles:

An overview,” I[EEE Trans. Systems, Man, and Cybernetics: Systems,
2022. DOIL: 10.1109/TSMC.2022.3162862

[24] N. Gu, D. Wang, Z. Peng, J. Wang, and Q.-L. Han, “Disturbance
observers and extended state observers for marine vehicles: A survey,’
Control Engineering Practice, vol. 123, p. 105158, 2022.

[25] Z. Zhou, J. Liu, and J. Yu, “ A survey of underwater multi-robot
systems,” JEEE/CAA J. Autom. Sinica, vol.9, no. 1, pp. 1-18, 2022.

[26] U. Oztiirk, M. Akdag, and T. Ayabakan, “A review of path planning
algorithms in maritime autonomous surface ships: Navigation safety
perspective,” Ocean Engineering, vol.251, p. 111010, 2022.

]

[27] T. L. Fossen, Marine Control Systems: Guidance, Navigation and
Control of Ships, Rigs and Underwater Vehicles. Marine Cybernetics,
2002.

[28] K. D. Do, Z.-P. Jiang, and J. Pan, “Underactuated ship global tracking
under relaxed conditions,” IEEE Trans. Automatic Control , vol.47,
no.9, pp. 1529-1536, 2002.

[29] Z. Zeng, K. Sammut, L. Lian, F. He, A. Lammas, and Y. Tang, “A
comparison of optimization techniques for AUV path planning in

environments with ocean currents,” Robotics and Autonomous
Systems, vol. 82, pp.61-72, 2016.

[30] C. V. Caldwell, D. D. Dunlap, and E. G. Collins, “Motion planning for
an autonomous underwater vehicle via sampling based model
predictive control,” in Proc. OCEANS MTS/IEEE SEATTLE, 2010, pp.
1-6.

[31] V. T. Huynh, M. Dunbabin, and R. N. Smith, “ Predictive motion

Authorized licensed use limited to: Shanghai Jiaotong University. Downloaded on March 14,2024 at 11:32:02 UTC from IEEE Xplore. Restrictions apply.



WEI AND SHI: MPC-BASED MOTION PLANNING AND CONTROL ENABLES SMARTER AND SAFER AMVS 21

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

(48]

[49]

[50]

planning for AUVs subject to strong time-varying currents and
forecasting uncertainties,” in Proc. IEEE Int. Conf. Robotics and
Automation, 2015, pp. 1144-1151.

X. Zhao, J. Gao, and W. Yan, “A receding horizon motion planner for
underwater vehicle manipulator systems,”in  Proc. OCEANS
MTS/IEEE Charleston, 2018, pp. 1-7.

C. Shen, Y. Shi, and B. Buckham, “ Integrated path planning and
tracking control of an AUV: A unified receding horizon optimization
approach,” IEEE/ASME Trans. Mechatronics, vol.22, no.3, pp.1163—
1173, 2017.

M. Lutz and T. Meurer, “ Optimal trajectory planning and model
predictive control of underactuated marine surface vessels using a
flatness-based approach,” in Proc. IEEE American Control Conf.,
2021, pp. 4667-4673.

A. Bemporad, A. Oliveri, T. Poggi, and M. Storace, “Ultra-fast
stabilizing model predictive control via canonical piecewise affine
approximations,” IEEE Trans. Automatic Control , vol.56, no.12,
pp-2883-2897, 2011.

H. Li and Y. Shi, “Event-triggered robust model predictive control of
continuous-time nonlinear systems,” Automatica , vol.50, no.5,
pp- 1507-1513, 2014.

C. Liu, H. Li, and Y. Shi, “A unitary distributed subgradient method
for multi-agent optimization with different coupling sources,”
Automatica, vol. 114, p. 108834, 2020.

M. Akdag, P. Solner, and T. A. Johansen, “ Collaborative collision
avoidance for maritime autonomous surface ships: A review,” Ocean
Engineering, vol.250, p. 110920, 2022.

T. A. Johansen, T. Perez, and A. Cristofaro, “Ship collision avoidance
and COLREGS compliance using simulation-based control behavior
selection with predictive hazard assessment,” IEEE Trans. Intelligent
Transportation Systems, vol. 17, no. 12, pp.3407-3422, 2016.

B.-O. H. Eriksen, M. Breivik, E. F. Wilthil, A. L. Flaten, and E. F.
Brekke, “The branching-course model predictive control algorithm for
maritime collision avoidance,” Journal of Field Robotics , vol.36,
no.7, pp. 1222-1249, 2019.

D. K. M. Kufoalor, T. A. Johansen, E. F. Brekke, A. Hepso, and K.
Trnka, “ Autonomous maritime collision avoidance: Field verification
of autonomous surface vehicle behavior in challenging scenarios,”
Journal of Field Robotics, vol.37, no. 3, pp.387-403, 2020.

J. de Vries, E. Trevisan, J. van der Toorn, T. Das, B. Brito, and J.
Alonso-Mora, “ Regulations aware motion planning for autonomous
surface vessels in urban canals,” in Proc. Int. Conf. Robotics and
Automation, 2022, pp. 3291-3297.

S. Siriya, M. Bui, A. Shriraman, M. Chen, and Y. Pu, “Safety-
guaranteed real-time trajectory planning for underwater vehicles in
plane-progressive waves,” in Proc. 59th IEEE Conf. Decision and
Control, 2020, pp. 5249-5254.

S. Heshmati-Alamdari, A. Nikou, and D. Dimarogonas, “Robust
trajectory tracking control for underactuated autonomous underwater
vehicles in uncertain environments,” IEEE Trans. Automation Science
and Engineering, vol. 18, no. 3, pp. 1288-1301, 2021.

X. Sun, G. Wang, and Y. Fan, “ Collision avoidance guidance and
control scheme for vector propulsion unmanned surface vehicle with
disturbance,” Applied Ocean Research, vol. 115, p. 102799, 2021.

L. Ferranti, R. R. Negenborn, T. Keviczky, and J. Alonso-Mora,
“Coordination of multiple vessels via distributed nonlinear model
predictive control,” in Proc. IEEE European Control Conf., 2018, pp.
2523-2528.

S. Xie, V. Garofano, X. Chu, and R. R. Negenborn, “Model predictive
ship collision avoidance based on Q-learning beetle swarm antenna
search and neural networks,” Ocean Engineering, vol. 193, p. 106609,
2019.

I. Prodan, E. I. Gretli, L. Lefévre, et al., “Safe navigation in a coastal
environment of multiple surface vehicles under uncertainties: A
combined use of potential field constructions and NMPC,” Ocean
Engineering, vol.216, p. 107706, 2020.

S. Zhang, Y. Yang, S. Siriya, and Y. Pu, “ Trajectory planning for
multiple autonomous underwater vehicles with safety guarantees,”
arXiv preprint arXiv: 2011.13505, 2020.

S. Blindheim, S. Gros, and T. A. Johansen, “ Risk-based model
predictive control for autonomous ship emergency management,”

[51]

[52]

[53]

[54]

[55]

[56]

[57]

[58]

[59]

[60]

(61]

[62]

[63]

[64]

[65]

[66]

[67]

[68]

[69]

[70]

(71

IFAC-PapersOnLine, vol.53, no.2, pp. 14524-14531, 2020.

A. Wahl and E.-D. Gilles, “Track-keeping on waterways using model
predictive  control,” IFAC Proceedings Volumes , vol.31, no.30,
pp- 149-154, 1998.

T. Perez, C.-Y. Tzeng, and G. C. Goodwin, “Model predictive rudder
roll stabilization control for ships,” IFAC Proceedings Volumes,
vol.33, no.21, pp.45-50, 2000.

Z. Li and J. Sun, “Disturbance compensating model predictive control
with application to ship heading control,” /EEE Trans. Control
Systems Technology, vol.20, no. 1, pp.257-265, 2011.

A. Veksler, T. A. Johansen, F. Borrelli, and B. Realfsen, “Dynamic
positioning with model predictive control,” IEEE Trans. Control
Systems Technology, vol.24, no.4, pp. 1340-1353, 2016.

D. C. Fernandez and G. A. Hollinger, “Model predictive control for
underwater robots in ocean waves,” IEEE Robotics and Automation
Letters, vol.2, no. 1, pp.88-95, 2016.

K. L. Walker, R. Gabl, S. Aracri, Y. Cao, A. A. Stokes, A. Kiprakis,
and F. Giorgio-Serchi, “ Experimental validation of wave induced
disturbances for predictive station keeping of a remotely operated
vehicle,” IEEE Robotics and Automation Letters, vol. 6,no. 3, pp. 5421—
5428,2021.

C. Shen, Y. Shi, and B. Buckham, “Lyapunov-based model predictive
control for dynamic positioning of autonomous underwater vehicles,”
in Proc. IEEE Int. Conf. Unmanned Systems, 2017, pp. 588-593.

H. Li and W. Yan, “ Model predictive stabilization of constrained
underactuated autonomous underwater vehicles with guaranteed
feasibility and stability,” IEEE/ASME Trans. Mechatronics , vol.22,
no.3, pp. 1185-1194, 2017.

K. Y. Pettersen and O. Egeland, “ Time-varying exponential
stabilization of the position and attitude of an underactuated autono-
mous underwater vehicle,” IEEE Trans. Automatic Control , vol.44,
no. 1, pp. 112-115, 1999.

A. A. do Nascimento, H. R. Feyzmahdavian, M. Johansson, W.
Garcia-Gabin, and K. Tervo, “Tube-based model predictive control for
dynamic positioning of marine vessels,” IFAC-PapersOnLine, vol.52,
no.21, pp.33-38, 2019.

H. Zheng, J. Wu, W. Wu, and Y. Zhang, “Robust dynamic positioning
of autonomous surface vessels with tube-based model predictive
control,” Ocean Engineering, vol. 199, p. 106820, 2020.

H. Yang, F. Deng, Y. He, D. Jiao, and Z. Han, “ Robust nonlinear
model predictive control for reference tracking of dynamic positioning
ships based on nonlinear disturbance observer,” Ocean Engineering,
vol. 215, p. 107885, 2020.

Z. Li, J. Sun, and S. Oh, “Path following for marine surface vessels
with rudder and roll constraints: An MPC approach,” in Proc. IEEE
American Control Conf., 2009, pp. 3611-3616.

R. Ghaemi, S. Oh, and J. Sun, “Path following of a model ship using
model predictive control with experimental verification,” in Proc.
IEEE American Control Conf., 2010, pp. 5236-5241.

S.-R. Oh and J. Sun, “Path following of underactuated marine surface
vessels using line-of-sight based model predictive control,” Ocean
Engineering, vol.37, no.2-3, pp.289-295, 2010.

T. Faulwasser and R. Findeisen, “ Constrained output path-following
for nonlinear systems using predictive control,” IFAC Proceedings
Volumes, vol.43, no. 14, pp. 753-758, 2010.

T. Faulwasser and R. Findeisen, “Nonlinear model predictive control
for constrained output path following,” I[EEE Trans. Automatic
Control, vol.61, no.4, pp. 1026-1039, 2016.

N. Kapetanovi¢, M. Bibuli, N. Miskovi¢, and M. Caccia, “Real-time

model predictive line following control for underactuated marine
vehicles,” IFAC-PapersOnLine, vol. 50, no. 1, pp. 1237412379, 2017.

C. Shen, Y. Shi, and B. Buckham, “Path-following control of an AUV:
A multiobjective model predictive control approach,” /EEE Trans.
Control Systems Technology, vol.27, no. 3, pp. 1334—1342, 2018.

J. Zhang, T. Sun, and Z. Liu, “Robust model predictive control for
path-following of underactuated surface vessels with roll constraints,”
Ocean Engineering, vol. 143, pp. 125-132, 2017.

C. Liu, D. Wang, Y. Zhang, and X. Meng, “Model predictive control
for path following and roll stabilization of marine vessels based on
neurodynamic optimization,” Ocean Engineering, vol. 217, p. 107524,

Authorized licensed use limited to: Shanghai Jiaotong University. Downloaded on March 14,2024 at 11:32:02 UTC from IEEE Xplore. Restrictions apply.



22

[72]

[73]

[74]

[75]

[76]

[77]

(78]

[79]

(80]

(81]

(82]

(83]

(84]

(85]

[86]

(87]

(88]

(89]

[90]

[91]

IEEE/CAA JOURNAL OF AUTOMATICA SINICA, VOL. 10, NO. 1, JANUARY 2023

2020.

S. Helling and T. Meurer, “A culling procedure for collision avoidance
model predictive control with application to ship autopilot models,”
IFAC-PapersOnLine, vol. 54, no. 16, pp.43-50, 2021.

S. Helling, C. Roduner, and T. Meurer, “On the dual implementation
of collision-avoidance constraints in path-following MPC for
underactuated surface vessels,”in Proc. IEEE American Control
Conf., 2021, pp. 3366-3371.

C. Liu, H. Zheng, R. Negenborn, X. Chu, and S. Xie, “Adaptive
predictive path following control based on least squares support vector
machines for underactuated autonomous vessels,” Asian Journal of
Control, vol.23, no. 1, pp.432-448, 2021.

A. Pavlov, H. Nordahl, and M. Breivik, “ MPC-based optimal path
following for underactuated vessels,” IFAC Proceedings Volumes,
vol.42, no. 18, pp.340-345, 2009.

Z. Yan and J. Wang, “ Model predictive control for tracking of
underactuated vessels based on recurrent neural networks,” IEEE
Journal of Oceanic Engineering, vol.37, no.4, pp.717-726, 2012.

J. Wang, J. Wang, and Q.-L. Han, “ Neurodynamics-based model
predictive control of continuous-time under-actuated mechatronic
systems,” IEEE/ASME Trans. Mechatronics, vol.26, no.1, pp.311-
322,2021.

Y. Zhang, X. Liu, M. Luo, and C. Yang, “MPC-based 3-D trajectory
tracking for an autonomous underwater vehicle with constraints in
complex ocean environments,” Ocean Engineering , vol.189, p.
106309, 2019.

W. Gan, D. Zhu, Z. Hu, X. Shi, L. Yang, and Y. Chen, “Model
predictive adaptive constraint tracking control for underwater
vehicles,” IEEE Trans. Industrial Electronics, vol.67, no.9, pp.7829—
7840, 2020.

Z. Yan, P. Gong, W. Zhang, and W. Wu, “Model predictive control of
autonomous underwater vehicles for trajectory tracking with external
disturbances,” Ocean Engineering, vol.217, p. 107884, 2020.

B. J. Guerreiro, C. Silvestre, R. Cunha, and A. Pascoal, “Trajectory
tracking nonlinear model predictive control for autonomous surface
craft,” IEEE Trans. Control Systems Technology , vol.22, no.6,
pp-2160-2175,2014.

C. Shen, B. Buckham, and Y. Shi, “Modified C/GMRES algorithm for
fast nonlinear model predictive tracking control of AUVs,” IEEE
Trans. Control Systems Technology, vol.25, mno.5, pp.1896-1904,
2017.

C. Shen and Y. Shi, “Distributed implementation of nonlinear model
predictive control for AUV trajectory tracking,” Automatica, vol. 115,
p. 108863, 2020.

D. M. de la Pefia and P. D. Christofides, “ Lyapunov-based model
predictive control of nonlinear systems subject to data losses,” I[EEE
Trans. Automatic Control, vol.53, no.9, pp.2076-2089, 2008.

D. Q. Mayne, “Model predictive control: Recent developments and
future promise,” Automatica, vol. 50, no. 12, pp.2967-2986, 2014.

S. Heshmati-Alamdari, G. C. Karras, P. Marantos, and K. J.
Kyriakopoulos, “A robust predictive control approach for underwater
robotic vehicles,” I[EEE Trans. Control Systems Technology , vol.28,
no. 6, pp.2352-2363, 2020.

M. Abdelaal, M. Frinzle, and A. Hahn, “Nonlinear model predictive
control for trajectory tracking and collision avoidance of underactuated
vessels with disturbances,” Ocean Engineering, vol. 160, pp. 168—180,
2018.

Y. Dai, S. Yu, Y. Yan, and X. Yu, “ An EKF-based fast tube mpc
scheme for moving target tracking of a redundant underwater vehicle-
manipulator system,” JEEE/ASME Trans. Mechatronics, vol.24, no.6,
pp.2803-2814, 2019.

Y. Dai, S. Yu, and Y. Yan, “An adaptive EKF-FMPC for the trajectory
tracking of UVMSs,” [EEE Journal of Oceanic Engineering , vol.45,
no. 3, pp.699-713, 2020.

S. Kong, J. Sun, C. Qiu, Z. Wu, and J. Yu, “Extended state observer-
based controller with model predictive governor for 3-D trajectory
tracking of underactuated underwater vehicles,” IEEE Trans.
Industrial Informatics, vol. 17,1n0.9, pp.6114-6124, 2021.

C. Long, X. Qin, Y. Bian, and M. Hu, “Trajectory tracking control of
ROVs considering external disturbances and measurement noises

[92]

[93]

[94]

[95]

[96]

[97]

(98]

[99]

[100]

[101]

[102]

[103]

[104]

[105]

[106]

[107]

[108]

[109]

[110]

using ESKF-based MPC,” Ocean Engineering, vol. 241, p. 109991,
2021.

Y. Cui, L. Peng, and H. Li, “Filtered probabilistic model predictive
control-based reinforcement learning for unmanned surface vehicles,”
IEEFE Trans. Industrial Informatics, vol.18, no.10, pp.6950-6961,
2022.

A. B. Martinsen, A. M. Lekkas, and S. Gros, “Reinforcement learning-
based NMPC for tracking control of ASVs: Theory and experiments,”
Control Engineering Practice, vol. 120, p. 105024, 2022.

W. Wang, N. Hagemann, C. Ratti, and D. Rus, “ Adaptive nonlinear
model predictive control for autonomous surface vessels with largely
varying payload,” in Proc. IEEE Int. Conf. Robotics and Automation,
2021, pp. 7337-7343.

H. Zhang, D. Zhu, C. Liu, and Z. Hu, “Tracking fault-tolerant control
based on model predictive control for human occupied vehicle in
three-dimensional ~ underwater  workspace,” Ocean Engineering,
vol.249, p. 110845, 2022.

H. Liang, H. Li, and D. Xu, “Nonlinear model predictive trajectory
tracking control of underactuated marine vehicles: Theory and
experiment,” IEEE Trans. Industrial Electronics , vol.68, no.5,
pp-4238-4248, 2021.

W. Wang, L. A. Mateos, S. Park, P. Leoni, B. Gheneti, F. Duarte, C.
Ratti, and D. Rus, “Design, modeling, and nonlinear model predictive
tracking control of a novel autonomous surface vehicle,” in Proc.
IEEE Int. Conf. Robotics and Automation, 2018, pp. 6189-6196.

W. Wang, T. Shan, P. Leoni, D. Fernandez-Gutiérrez, D. Meyers, C.
Ratti, and D. Rus, “Roboat II: A novel autonomous surface vessel for
urban environments,” in Proc. IEEE/RSJ Int. Conf. Intelligent Robots
and Systems, 2020, pp. 1740-1747.

R. M. Saback, A. G. S. Conceicao, T. L. M. Santos, J. Albiez, and M.
Reis, “Nonlinear model predictive control applied to an autonomous
underwater vehicle,” IEEE Journal of Oceanic Engineering, vol.45,
no. 3, pp.799-812, 2019.

J. Wang, Z. Wu, M. Tan, and J. Yu, “Model predictive control-based
depth control in gliding motion of a gliding robotic dolphin,” IEEE
Trans. Systems, Man, and Cybernetics: Systems, vol.51, no.9,
pp. 5466-5477,2021.

E. Yang and D. Gu, “ Nonlinear formation-keeping and mooring
control of multiple autonomous underwater vehicles,” IEEE/ASME
Trans. Mechatronics, vol. 12, no.2, pp. 164-178, 2007.

R. Cui, S. S. Ge, B. V. E. How, and Y. S. Choo, “Leader-follower
formation control of underactuated autonomous underwater vehicles,”
Ocean Engineering, vol.37, no.17-18, pp. 1491-1502, 2010.

Y.-L. Wang and Q.-L. Han, “Network-based modelling and dynamic
output feedback control for unmanned marine vehicles in network
environments,” Automatica, vol.91, pp.43-53, 2018.

Y.-L. Wang, Q.-L. Han, M.-R. Fei, and C. Peng, “Network-based T-S
fuzzy dynamic positioning controller design for unmanned marine
vehicles,” IEEE Trans. Cybernetics , vol.48, 1no.9, pp.2750-2763,
2018.

H. Liand Y. Shi, Robust Receding Horizon Control for Networked and
Distributed Nonlinear Systems. Springer, 2017.

H. Wei, Q. Sun, J. Chen, and Y. Shi, “ Robust distributed model
predictive platooning control for heterogeneous autonomous surface
vehicles,” Control Engineering Practice, vol. 107, p. 104655, 2021.

H. Zheng, R. R. Negenborn, and G. Lodewijks, “ Fast ADMM for
distributed model predictive control of cooperative waterborne
AGVs,” IEEE Trans. Control Systems Technology, vol.25, no.4,
pp- 1406-1413, 2016.

H. Zheng, R. R. Negenborn, and G. Lodewijks, “Robust distributed
predictive control of waterborne AGVs-A cooperative and cost-
effective approach,” IEEE Trans. Cybernetics, vol.48, no.8,
pp-2449-2461, 2017.

L. Chen, H. Hopman, and R. R. Negenborn, “ Distributed model
predictive control for vessel train formations of cooperative multi-
vessel systems,” Transportation Research Part C: Emerging Techno-
logies, vol.92, pp. 101-118, 2018.

L. Chen, H. Hopman, and R. R. Negenborn, “ Distributed model
predictive control for cooperative floating object transport with multi-
vessel systems,” Ocean Engineering, vol. 191, p. 106515, 2019.

Authorized licensed use limited to: Shanghai Jiaotong University. Downloaded on March 14,2024 at 11:32:02 UTC from IEEE Xplore. Restrictions apply.



WEI AND SHI: MPC-BASED MOTION PLANNING AND CONTROL ENABLES SMARTER AND SAFER AMVS 23

[111]

[112]

[113]

[114]

[115]

[116]

[117]

[118]

[119]

[120]

[121]

[122]

[123]

[124]

[125]

[126]

[127]

[128]

[129]

L. Chen, Y. Huang, H. Zheng, H. Hopman, and R. Negenborn,
“Cooperative multi-vessel systems in urban waterway networks,”
IEEE Trans. Intelligent Transportation Systems,vol.21,no0.8,pp.3294—
3307, 2020.

H. Li, P. Xie, and W. Yan, “ Receding horizon formation tracking
control of constrained underactuated autonomous underwater
vehicles,” IEEE Trans. Industrial Electronics, vol. 64, no.6, pp.5004—
5013, 2017.

F. Fahimi, “Non-linear model predictive formation control for groups
of autonomous surface vessels,” Int. Journal of Control, vol.80, no.8,
pp. 1248-1259, 2007.

H. Wei, C. Shen, and Y. Shi, “ Distributed Lyapunov-based model
predictive formation tracking control for autonomous underwater
vehicles subject to disturbances,” IEEE Trans. Systems, Man, and
Cybernetics: Systems, vol.51, no.8, pp.5198-5208, 2021.

S. L. de Oliveira Kothare and M. Morari, “ Contractive model
predictive control for constrained nonlinear systems,” /[EEE Trans.
Automatic Control, vol.45, no. 6, pp.1053-1071, 2000.

C. Shen, Y. Shi, and B. Buckham, “Trajectory tracking control of an
autonomous underwater vehicle using Lyapunov-based model
predictive control,” IEEE Trans. Industrial Electronics , vol.65, no.7,
pp.5796-5805, 2018.

G. Lv, Z. Peng, H. Wang, L. Liu, D. Wang, and T. Li, “Extended-
state-observer-based distributed model predictive formation control of
under-actuated unmanned surface vehicles with collision avoidance,”
Ocean Engineering, vol. 238, p. 109587, 2021.

N. T. Hung, A. M. Pascoal, and T. A. Johansen, “Cooperative path
following of constrained autonomous vehicles with model predictive
control and event-triggered communications,” Int. Journal of Robust
and Nonlinear Control, vol.30, no.7, pp.2644-2670, 2020.

Y. Yang, Y. Wang, C. Manzie, and Y. Pu, “Real-time distributed MPC
for multiple underwater vehicles with limited communication data-
rates,” in Proc. IEEE American Control Conf., 2021, pp. 3314-3319.

G. Lv, Z. Peng, L. Liu, and J. Wang, “ Barrier-certified distributed
model predictive control of under-actuated autonomous surface
vehicles via neurodynamic optimization,” [EEE Trans. Systems, Man,
and Cybernetics: Systems, pp. 1-13, 2022.

M. van Pampus, A. Haseltalab, V. Garofano, V. Reppa, Y. Deinema,
and R. Negenborn, “Distributed leader-follower formation control for
autonomous vessels based on model predictive control,” in Proc. IEEE
European Control Conf., 2021, pp. 2380-2387.

S. Krupinski, G. Allibert, M.-D. Hua, and T. Hamel, “An inertial-aided
homography-based visual servo control approach for (almost) fully
actuated autonomous underwater vehicles,” IEEE Trans. Robotics,
vol.33, no.5, pp. 1041-1060, 2017.

K. Zhang, Y. Shi, and H. Sheng, “Robust nonlinear model predictive
control based visual servoing of quadrotor UAVs,” IEEE/ASME Trans.
Mechatronics, vol.26, no.2, pp. 700-708, 2021.

S. Heshmati-Alamdari, A. Eqtami, G. C. Karras, D. V. Dimarogonas,
and K. J. Kyriakopoulos, “ A self-triggered visual servoing model
predictive control scheme for under-actuated underwater robotic
vehicles,” in Proc. IEEE Int. Conf. Robotics and Automation, 2014,
pp. 3826-3831.

J. Gao, A. A. Proctor, Y. Shi, and C. Bradley, “ Hierarchical model
predictive image-based visual servoing of underwater vehicles with
adaptive neural network dynamic control,” IEEE Trans. Cybernetics,
vol.46, no. 10, pp.2323-2334, 2016.

J. Gao, X. Liang, Y. Chen, L. Zhang, and S. Jia, “Hierarchical image-
based visual servoing of underwater vehicle manipulator systems
based on model predictive control and active disturbance rejection
control,” Ocean Engineering, vol.229, p. 108814, 2021.

A. Haseltalab and R. R. Negenborn, “Model predictive maneuvering
control and energy management for all-electric autonomous ships,”
Applied Energy, vol.251, p. 113308, 2019.

N. Yang, D. Chang, M. Johnson-Roberson, and J. Sun, “Energy-
optimal control for autonomous underwater vehicles using economic
model predictive control,” IEEE Trans. Control Systems Technology,
2022. DOI: 10.1109/TCST.2022.3143366

K. Wang, J. Li, X. Yan, L. Huang, X. Jiang, Y. Yuan, R. Ma, and R.
R. Negenborn, “ A novel bi-level distributed dynamic optimization
method of ship fleets energy consumption,” Ocean Engineering,

[130]

[131]

[132]

[133]

[134]

[135]

[136]

[137]

[138]

[139]

[140]

[141]

[142]

[143]

[144]

[145]

[146]

[147]

[148]

[149]

[150]

[151]

vol. 197, p. 106802, 2020.

G. Bracco, M. Canale, and V. Cerone, “Optimizing energy production
of an inertial sea wave energy converter via model predictive control,”
Control Engineering Practice, vol. 96, p. 104299, 2020.

A. Bourgois, “Safe & collaborative autonomous underwater docking,’
Ph.D. dissertation, ENSTA Bretagne-Ecole nationale supérieure de
techniques avancées Bretagne, 2021.

G. Bitar, A. B. Martinsen, A. M. Lekkas, and M. Breivik, “Trajectory
planning and control for automatic docking of ASVs with full-scale
experiments,” IFAC-PapersOnLine , vol.53, no.2, pp.14488-14494,
2020.

M. C. Nielsen, T. A. Johansen, and M. Blanke, “Cooperative
rendezvous and docking for underwater robots using model predictive
control and dual decomposition,” in Proc. IEEE European Control
Conf., 2018, pp. 14-19.

D. M. Rachman, A. Maki, Y. Miyauchi, and N. Umeda, “Warm-started
semionline trajectory planner for ship’s automatic docking (berthing),’
Ocean Engineering, vol. 252, p. 111127, 2022.

N. Van Eck and L. Waltman, “ Software survey: VOSviewer, a
computer program for bibliometric mapping,” Scientometrics, vol. 84,
no. 2, pp.523-538, 2010.

L. Ljung, “Perspectives on system identification,” Annual Reviews in
Control, vol.34, no. 1, pp. 1-12, 2010.

C. De Persis and P. Tesi, “ Formulas for data-driven control:
Stabilization, optimality, and robustness,” [EEE Trans. Automatic
Control, vol. 65, no. 3, pp. 909-924, 2020.

H. J. Van Waarde, J. Eising, H. L. Trentelman, and M. K. Camlibel,
“Data informativity: A new perspective on data-driven analysis and
control,” [EEE Trans. Automatic Control , vol.65, no.11, pp.4753—
4768, 2020.

J. Berberich, J. Kohler, M. A. Miiller, and F. Allgower, “Data-driven
model predictive control with stability and robustness guarantees,”
IEEFE Trans. Automatic Control, vol. 66, no.4, pp.1702—1717, 2021.

J. Coulson, J. Lygeros, and F. Dorfler, “Distributionally robust chance
constrained data-enabled predictive control,” IEEE Trans. Automatic
Control, 2021.

E. Elokda, J. Coulson, P. N. Beuchat, J. Lygeros, and F. Dorfler,
“Data-enabled predictive control for quadcopters,” Int. Journal of
Robust and Nonlinear Control, vol.31, no. 18, pp.8916-8936, 2021.

P. Tondel, T. A. Johansen, and A. Bemporad, “An algorithm for multi-
parametric quadratic programming and explicit MPC solutions,”
Automatica, vol.39, no. 3, pp.489-497, 2003.

A. Alessio and A. Bemporad, “A survey on explicit model predictive
control,” ser. Lecture Notes in Control and Information Sciences.
Berlin, Heidelberg: Springer, 2009, vol. 384, pp. 345-369.

H. Wei, K. Zhang, and Y. Shi, “ Distributed min-max MPC for
dynamically coupled nonlinear systems: A self-triggered approach,”
IFAC-PapersOnLine, vol.53, no.2, pp.6037-6042, 2020.

H. Wei, K. Zhang, and Y. Shi, “ Self-triggered min-max DMPC for
asynchronous multiagent systems with communication delays,” IEEE
Trans. Industrial Informatics, vol. 18, no. 10, pp.6809-6817, 2022.

S. Richter, C. N. Jones, and M. Morari, “ Computational complexity
certification for real-time MPC with input constraints based on the fast
gradient method,” IEEE Trans. Automatic Control, vol.57, no.6,
pp- 1391-1403, 2011.

M. N. Zeilinger, D. M. Raimondo, A. Domahidi, M. Morari, and C. N.
Jones, “ On real-time robust model predictive control,” Automatica,
vol. 50, no. 3, pp. 683-694, 2014.

Z. Du, R. R. Negenborn, and V. Reppa, “Colregs-compliant collision
avoidance for physically coupled multi-vessel systems with distributed
MPC,” Ocean Engineering, vol. 260, p. 111917, 2022.

Z. Jia, H. Lu, S. Li, and W. Zhang, “Distributed dynamic rendezvous
control of the AUV-USV joint system with practical disturbance
compensations using model predictive control,” Ocean Engineering,
vol. 258, p. 111268, 2022.

H. Esen, M. Adachi, D. Bernardini, A. Bemporad, D. Rost, and J.
Knodel, “ Control as a service (CaaS) cloud-based software
architecture for automotive control applications,” in Proc. 2nd Int.
Workshop Swarm at the Edge of the Cloud, 2015, pp. 13—18.

Q. Sun and Y. Shi, “Model predictive control as a secure service for

s

)

Authorized licensed use limited to: Shanghai Jiaotong University. Downloaded on March 14,2024 at 11:32:02 UTC from IEEE Xplore. Restrictions apply.



24

[152]

[153]

[154]

[155]

[156]

[157]

[158]

[159]

[160]

[161]

[162]

[163]

[164]

IEEE/CAA JOURNAL OF AUTOMATICA SINICA, VOL. 10, NO. 1, JANUARY 2023

cyber-physical systems: A cloud-edge framework,” IEEE Internet of
Things Journal, 2021. DOI: 10.1109/J10T.2021.3091981

H. Ishii, Y. Wang, and S. Feng, “ An overview on multi-agent
consensus under adversarial attacks,” Annual Reviews in Control,
vol. 53, pp.252-272,2022.

D. Zhang, G. Feng, Y. Shi, and D. Srinivasan, “Physical safety and
cyber security analysis of multi-agent systems: A survey of recent
advances,” IEEE/CAA J. Autom. Sinica , vol.8, no.2, pp.319-333,
2021.

J. Chen and Y. Shi, “Stochastic model predictive control framework
for resilient cyber-physical systems: Review and perspectives,”
Philosophical Transactions of the Royal Society A, vol.379, no.2207,
p. 20200371, 2021.

Q. Sun, K. Zhang, and Y. Shi, “Resilient model predictive control of
cyber-physical systems under DoS attacks,” IEEE Trans. Industrial
Informatics, vol. 16, no.7, pp.4920-4927, 2020.

Q. Sun, J. Chen, and Y. Shi, “Event-triggered robust mpc of nonlinear
cyber-physical systems against DoS attacks,” Science China
Information Sciences, vol.65, no. 1, pp. 1-17, 2022.

I. R. Bertaska and K. D. von Ellenrieder, “Experimental evaluation of
supervisory switching control for unmanned surface vehicles,” IEEE
Journal of Oceanic Engineering, vol.44, no. 1, pp. 7-28, 2018.

A. A. R. Newaz, T. Alam, G. M. Reis, L. Bobadilla, and R. N. Smith,
“Long-term autonomy for AUVs operating under uncertainties in
dynamic marine environments,” [EEE Robotics and Automation
Letters, vol. 6, no.4, pp.6313-6320, 2021.

A. Babi¢, G. Vasiljevi¢, and N. Miskovi¢, “Vehicle-in-the-loop
framework for testing long-term autonomy in a heterogeneous marine
robot swarm,” IEEE Robotics and Automation Letters , vol.5, no.3,
pp.4439-4446, 2020.

L. Zhang, S. Zhuang, and R. D. Braatz, “Switched model predictive
control of switched linear systems: Feasibility, stability and
robustness,” Automatica, vol.67, pp.8-21, 2016.

K. Zhang and Y. Shi, “Adaptive model predictive control for a class of
constrained linear systems with parametric uncertainties,” Automatica,
vol. 117, p. 108974, 2020.

R. Scattolini, “ Architectures for distributed and hierarchical model
predictive control-A review,” Journal of Process Control , vol.19,
no.5, pp.723-731, 2009.

P. D. Christofides, R. Scattolini, D. M. de la Pena, and J. Liu,
“Distributed model predictive control: A tutorial review and future
research directions,” Computers & Chemical Engineering, vol.51,
pp-21-41, 2013.

R. R. Negenborn and J. M. Maestre, “ Distributed model predictive

»

control: An overview and roadmap of future research opportunities,
IEEE Control Systems Magazine, vol.34, no.4, pp.87-97, 2014.

[165] T. Yang, X. Yi,J. Wu, Y. Yuan, D. Wu, Z. Meng, Y. Hong, H. Wang,
Z. Lin, and K. H. Johansson, “A survey of distributed optimization,”
Annual Reviews in Control, vol.47, pp.278-305, 2019.

Henglai Wei (Member, IEEE) received the B.S. and
M.Sc. degrees in control theory from Northwestern
Polytechnical University, in 2014 and 2017, and the
Ph.D. degree in mechanical engineering from the
University of Victoria, Canada, in 2022. He is cur-
rently a Postdoctoral Researcher with the Faculty of
Engineering and Computer Science, University of
Victoria. His current research interests include model
predictive control and distributed control and opti-
mization of intelligent systems.

Yang Shi (Fellow, IEEE) received the Ph.D. degree
in electrical and computer engineering from the Uni-
versity of Alberta, Canada, in 2005. From 2005 to
2009, he was an Assistant Professor and an Asso-
ciate Professor in the Department of Mechanical
Engineering, University of Saskatchewan, Canada. In
2009, he joined the University of Victoria, Canada,
where he is currently a Professor in the Department
of Mechanical Engineering. He was a Visiting Pro-
fessor with the University of Tokyo, Japan, in 2013.
His current research interests include networked and distributed systems,
model predictive control (MPC), cyber-physical systems (CPS), robotics and
mechatronics, navigation and control of autonomous systems (AUV and
UAV), and energy system applications.

Prof. Shi was a recipient of the University of Saskatchewan Student Union
Teaching Excellence Award in 2007; the Faculty of Engineering Teaching
Excellence Award in 2012 and the Craigdarroch Silver Medal for Excellence
in Research in 2015 from the University of Victoria; the 2017 IEEE Transac-
tions on Fuzzy Systems Outstanding Paper Award for his coauthored paper;
the JSPS Invitation Fellowship (short-term); and the Humboldt Research Fel-
lowship for Experienced Researchers in 2018. He has been a Member of the
IEEE IES Administrative Committee since 2017 and is currently the Chair of
IEEE IES Technical Committee on Industrial Cyber-Physical Systems. He is
the Co-Editor-in-Chief of IEEE Transactions on Industrial Electronics, and
also serves as an Associate Editor for Automatica, IEEE Transactions on
Automatic Control, and IEEE Transactions on Cybernetics. He is a Fellow of
IEEE, ASME, Engineering Institute of Canada (EIC), and Canadian Society
for Mechanical Engineering (CSME), and a registered Professional Engineer
in British Columbia, Canada.

Authorized licensed use limited to: Shanghai Jiaotong University. Downloaded on March 14,2024 at 11:32:02 UTC from IEEE Xplore. Restrictions apply.



