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ARTICLE INFO ABSTRACT

Keywords: This paper presents an integrated path planning and tracking control framework for a marine current turbine
Path planning (MCT), where the MCT is treated as an energy-harvesting autonomous underwater vehicle (AUV). Considering
Path tracking the ocean (space of action) is continuous, the proposed framework employs two modules to address path

Proximal policy optimization (PPO)
Reinforcement learning (RL)
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planning and path tracking enabled by the proximal policy optimization (PPO) algorithm, which is a policy
gradient deep reinforcement learning (RL) method. To enable fully autonomous operation in a stochastic
oceanic environment, the proposed path planning seeks a primary objective of maximizing the harvested
energy; then, the path tracking module is designed to minimize the tracking error and avoid collisions
with static and dynamic obstacles. Using field-collected acoustic Doppler current profiler (ADCP) data, the
performance of the proposed framework is evaluated. Comparative studies with baseline algorithms in three
different scenarios of path planning, path tracking without an obstacle, and path tracking with collision
avoidance verify the effectiveness of our proposed approach.

1. Introduction

Autonomous underwater vehicles (AUVs) have gained ever-
increasing attention recently. To deal with a general framework for
autonomous and unmanned driving, two major tasks, including path
planning and path tracking, should be taken into account. Path plan-
ning and tracking have been widely addressed as two separate duties
in the literature to realize smooth path and autonomous driving op-
erations. However, embracing planning and tracking in an integrated
framework is necessary to reach a completely autonomous AUV. This
paper deals with an energy-harvesting AUV, which requires an inte-
grated framework in a real-time application to realize an autonomous
and intelligent system capable of harnessing maximum power through
path planning and following the optimal path without collision with
static or dynamic obstacles, such as marine animals or underwater
infrastructures. In the light of classical control, an efficient path control
has entailed optimized ultimate goals such as collision-free optimal
path (Ali et al., 2005; Wiig et al., 2019; Yao et al., 2023), minimum
path length (Steinhauser and Swevers, 2018; Bortoff, 2000), minimum
consumed time (Zeng et al., 2014), minimum energy consumption (Di
Franco and Buttazzo, 2015), maximum harnessed energy (Cobb et al.,
2021), etc., followed smoothly with minimized tracking error.

To address an independent task of path planning, research has been
done in the classical control literature, followed by a multitude of
algorithms grouped into Debnath et al. (2019) (i) combinatorial algo-
rithms (i.e., c-space and graph search-based algorithms); (ii) sampling-
based algorithms; and (iii) biologically inspired and evolutionary-based
algorithms (Xu and Mohseni, 2013). Popular methods for path plan-
ning include Dijkstra (Dijkstra et al., 1959), A* (Hart et al., 1968),
probabilistic road map (PRM) (Geraerts and Overmars, 2004), rapidly-
exploring random trees (RRT) (LaValle et al., 1998), artificial potential
field (APF) (Lee and Park, 2003), heuristic-based algorithm such as ge-
netic algorithm (GA) (Tuncer and Yildirim, 2012), and particle swarm
optimization (PSO) (Roberge et al., 2012; Krell et al., 2022). The
classical graph search methods (Dijkstra and A*) have been enabled
to cope with a minimized cost path through a weighted graph, suffer-
ing from a so-called curse of dimensionality due to discrete precision
increase (Ferguson et al., 2005). Suppose that the environment graph
is updated through sensors, several methods (i.e., Focused Dynamic
A* (D*) (Stentz et al., 1995), D* Lite (Koenig and Likhachev, 2002),
Anytime Repairing A* (ARA*) (Likhachev et al., 2003), etc.) have
been proposed instead of replanning from the scratch; still facing with
optimality issues and occasionally high computational complexity than
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planning from scratch (Ferguson et al., 2005). These algorithms face
challenges when dealing with an uncertain and dynamic environment,
such as in the open ocean. Moreover, we need such an intelligent
planning algorithm to seek a feasible path while avoiding collisions. To
meet these requirements of path planning, other new methods, e.g., re-
inforcement learning (RL) (Xi et al., 2022; Hasankhani et al., 2023,
2021a; Hadi et al., 2022), model predictive control (Hasankhani et al.,
2021a; Bin-Karim et al., 2017), and extremum seeking (Bafande and
Vermillion, 2016), have been used. From a path planning perspective,
RL is a powerful and intelligent algorithm due to its capability to extract
robust features from an uncertain and noisy environment. However,
developing planning algorithms is still an active research topic to cope
with a partially observable dynamic environment.

For path tracking, the major task is to follow the path with mini-
mized tracking error through the smooth path with continuous velocity
and acceleration functions. Line-of-sight (LOS) guidance law has been
employed to connect waypoints using straight lines (Fossen et al.,
2003). This approach is limited to following the lines, even though en-
hanced as advanced types of LOS (Wu et al., 2021; Fossen et al., 2014;
Fossen and Lekkas, 2017; Weng et al., 2022), or combined with com-
plicated methods like MPC (Zhang et al., 2020; Yan et al., 2020) and
fuzzy controller (Mu et al., 2018). To follow a curve-based smooth path,
in addition to the classical approach of PID controller (Fossen, 2011),
more intricate methods have been investigated, including MPC (Ji
et al., 2016; Cheng et al., 2020; Li and Yan, 2016), sliding mode con-
trol (Truong et al., 2021), adaptive control (Antonelli et al., 2001; Yu
et al., 2021; Guerrero et al., 2019), fuzzy control (Zhang et al., 2021),
back-stepping control (Cho et al., 2020), recently artificial intelligence-
based approaches like RL (He et al., 2021; Sun et al., 2019; Wang et al.,
2023), or any combination thereof. To endow the path following, a set
of control commands (such as velocity, acceleration, and actuator in-
structions) should be generated due to the autonomous vehicle’s model
and environment model. Meanwhile, the utmost concern is defined in
relation to the underactuated autonomous vehicles (i.e., plants with
fewer actuators than their degree-of-freedom) (Aguiar and Hespanha,
2007) and underactuated AUV (Jin et al., 2015) intensified subject to
application in a dynamic and unpredictable environment.

An integrated framework for path control, contributing to a single
complex task of path planning and tracking, represents a possible
solution to the fully autonomous systems operating in an inherent
stochastic environment. Such a framework deals with high-level path
planning and low-level path tracking in real-time, subject to nonholo-
nomic constraints. As an instance, a multiconstrained model predictive
control (MMPC) has been developed to construct a collision-free path
for autonomous driving and successfully follow the path (Ji et al.,
2016). An integrated path planning and tracking for an AUV has been
proposed in Shen et al. (2017) following a spline path defined due to
AUV’s dynamic. Deep reinforcement learning (DRL), as an approach in
machine learning widely applied for autonomous control applications,
has demonstrated impressive results in the field of path control. For
example, DRL has been applied to address collision avoidance as a
path planning task and path following for the AUV in the presence
of stationary obstacles (Meyer et al., 2020b; Havenstrgm et al., 2021)
and a complex layout of dynamic obstacles (Meyer et al., 2020a).
For a similar application of AUV, path planning and tracking have
been developed in a bi-level framework taking advantage of DRL
in both levels (He et al., 2021), thereby enabling more complicated
planning objectives but increasing the complexity and simulation time.
The DRL algorithm as a model-free algorithm learning policy from its
interactions with the environment seems a better choice compared to
the MPC (Hasankhani et al., 2021a), which is identified as a model-
based algorithm and would be sensitive to the model precision. For
our specific application of AUV and MCT, using the DRL would be very
helpful, where the real-recorded data from the ocean environment can
be directly used to train the integrated path planning and tracking. The
DRL will then capture the uncertainties in the ocean environment and
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learn how to react when facing an obstacle. Hence, the DRL is by its
nature a wise candidate for the integrated path planning and tracking
of the AUV systems in the uncertain oceanic environment.

In this paper, we focus on an oceanic environment, and a marine
current turbine (MCT) interpreted as the AUV (Hasankhani et al., 2021b)
with the primary task of energy generation. Several prerequisites
should be entailed to formulate the challenging path control problem
for the MCT. The path planning task should be defined by a major
objective of power maximization, introducing a different problem from
the AUV’s common path planning. Further, to enable path tracking in
the ocean, waypoints selected by the path planner can be connected
through either a straight-line path (Martinsen and Lekkas, 2018) or
a curved path (Marrtinsen and Lekkas, 2018); however, the main
difficulties arise in the necessity of defining a feasible curved path
for the MCT system. For path tracking, the tracking error should be
minimized, and the collision should be avoided due to the stochastic
oceanic environment. Hence, to address path control, this paper will
advance the integrated framework of path planning and tracking for
a highly nonlinear dynamic MCT while modeling a stochastic oceanic
environment. The underactuated MCT controlled by three actuators is
targeted to achieve two major objectives of power maximization and
collision avoidance, which distinguishes us from previous works in AUV
literature (Meyer et al., 2020b; Havenstrgm et al., 2021; Meyer et al.,
2020a; He et al., 2021), by defining a smooth curved reference path
and following that path while considering MCT dynamics and avoiding
any aggressive motion through an integrated framework to deal with
the real-time autonomous path control.

Building on our previous work in MCT dynamic modeling
(Hasankhani et al., Accepted), this paper will develop a powerful
path planning and tracking framework enabled by proximal policy
optimization (PPO) algorithm, with the following major contributions:

+ We present an integrated path planning and tracking control
framework to enable path control for a fully autonomous under-
actuated energy-harvesting AUV in a real-time application. The
proposed algorithm takes advantage of PPO capable of learn-
ing dynamic and robust features from the field-recorded ocean
current profile from an uncertain environment.

We formulate a novel path planning algorithm to maximize the
harnessed power from the energy-harvesting AUV. To ensure a
feasible path for AUV and avoid any abrupt movement, PPO-
based path planning leverages primary AUV constraints on po-
sition, velocity, and acceleration. Then, by employing a path
smoother, the planned path is smoothed for the path tracking
controller, who is responsible for following the optimal path
without collision. To the best of the authors’ knowledge, it is
the first time to propose such an integrated path planning and
tracking control for the energy-harvesting AUV.

We verify the efficiency of the proposed approach to tame an
underactuated MCT with 7 Degree-of-freedom (DOF) and 3 ac-
tuators to cope with power maximization and collision avoidance
with static and dynamic obstacles when the agent operating in
the stochastic oceanic environment.

The rest of the paper is organized as follows. Section 2 formulates
the framework for integrated path planning and tracking, consisting
of the system model, path model, environment model, and integration
strategy. Section 3 presents a DRL-based integrated control architec-
ture. Section 4 describes a specific application of our integrated model
for the MCT system. Section 5 presents the simulation results, and
Section 6 draws conclusions and future works.

2. Problem statement for underactuated AUV
In this section, the AUV model, underwater environment model, and

proposed integrated path planning and tracking framework for the AUV
are discussed.
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2.1. System modeling

AUV Model: Consider a dynamic model for an underactuated AUV:

X = f(X®0),U@)
Y = g(X (1)

with the state vector X € R”, the control inputs U € R™, and Y € R°®
such that the control inputs are fewer than the DOF of the system.
Should the nonlinear model be linearized around an equilibrium oper-
ating point, and using the linearized model reduces the computational
complexity of the problem, the nonlinear model may be replaced with
a linear model.

The AUV system is generally described with twelve states, including
n=I[xyz¢0w]", with x, y, z representing the surge, sway, and heave,
as well as ¢, 0, and y denoting the roll, pitch, and yaw, respectively.
The six remaining states represent the linear velocity and angular
velocity of the AUV system denoted by V = [u v w p® q r]”. Note that in
a specific AUV system, the other states, such as rotor angular velocity,
can be added to these twelve states.

Uncertain Underwater Environment Model: To perform success-
ful path planning and tracking, an underwater environment should
be carefully observed and modeled with respect to the spatial and
temporal uncertainties arising from turbulence, wave, and lower fre-
quency flow structures. Meanwhile, the learning-based integrated path
planning and tracking framework entails the requirement to rely on
previously recorded underwater data from historical observations. The
underwater environment data, including current speed, northward cur-
rent velocity, and eastward current velocity, can be recorded by an
acoustic Doppler current profiler (ADCP). Note that the ADCP can
measure the water velocity directly above the instrument at depth
increments of about 5 m to 8 m (depth resolution depends on the
configuration); hence, to extend the recorded velocity data spatially,
multiple ADCPs should be deployed at the same time. Also, to justify
the collision avoidance objective, the environment should be observed
to detect the obstacles; hence, a sonar sensor is needed to mount on the
top of AUV (Havenstrgm et al., 2021).

Path Model: Let p = {p;_y., € R3|p;(x;, ¥, z;)} denote a set of
n, 3D waypoints expressed in an inertial frame; a well-defined path
associated with these waypoints should satisfy a smooth and at least
a G? continuous path (Chang and Huh, 2015). The G* continuity
evokes the continuous velocity and acceleration functions and thus a
continuous curvature to satisfy a real-world application. Hence, the
proposed framework includes a path smoother to yield a smooth G*
continuous path.

(€8]

2.2. Proposed integration framework

The proposed framework targets the integrated path planning and
tracking control by generating an energy-optimized reference path,
as well as following this path with a minimized tracking error and
avoiding the collision. The overall proposed framework is represented
in Fig. 1, consisting of five primary modules of (i) underwater envi-
ronment, (ii) PPO-based path planner, (iii) PPO-based path tracking,
(iv) AUV model, and (v) path smoother. Let us suppose that the
sampling time for “path planner” is TP and the sampling time for
“path tracking” is T*P', where T*P' < T*PP,

The underwater environment inputs the ADCP data and sonar sensor
data to the PPO-based path tracking module to enable the observations
from the environment. The PPO-based path planner is responsible for
generating the energy-optimized reference path due to the current
speed data (ADCP data) received from the underwater environment and
the AUV’s current position, which output the reference path with the
position [x* y* z*]T for a 3D path planning; this module is discussed
in detail in Section 3.1. The path smoother takes care of generating a
smooth path from the reference points received from the path planner
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subject to the AUV constraints, continuous velocity and acceleration,
and the sampling time of path tracking module T*P', so resulting in a
reference vector of position and velocity [x* y* z* u* v* w*]". The main
goal for the path smoother is to generate several points between every
two points coming from the path planner and switch from the coarse
path planning sampling time 7°PP (e.g., 1 h) to the higher resolution
path tracking sampling time 75" (e.g., 2 s). The generated path from
the path smoother will ensure a smooth and feasible path for the path
tracking controller. The AUV model interprets the movement of the
AUV system and outputs the states and dominant operation constraints
to the PPO-based path planner and path tracker, respectively, which
also receives the actuators (control inputs) from the PPO-based path
tracking module as inputs. Eventually, the PPO-based path tracking
takes care of the safe collision-free path, as well as complying with
a minimized error tracking of the reference path; this module is also
discussed in detail in Section 3.2.

Note that generally the path tracking is executed in a higher fre-
quency than the path planning (Falcone et al., 2008) (i.e., T*P' < TSPP).
Both path planning and tracking are fed with the system model and
environmental model; however, these modules are constructed based
on different levels of model fidelity constrained by computational com-
plexity and accuracy. Developing a path planner subject to the detailed
dynamic model of the system reduces the computation burden for the
path tracker still increases the complexity of the planning module.
In the proposed framework, the initial path planner will leverage the
primary AUV constraints (i.e., the constraints on the position, velocity,
and acceleration in a 3D movement).

3. PPO-based integrated control design

The PPO, a policy gradient deep reinforcement learning method
(Schulman et al., 2017) is nominated to address the integrated path
planning and path tracking problem. The PPO algorithm is a favorable
candidate to solve the problem at hand over a continuous space of
action. Here, the preliminaries on the PPO algorithm are discussed;
then, the details on the PPO algorithm application for path planning
and path tracking are explained.

The AUV as an agent observes states s, accomplishes an action a,
and receives a reward R accordingly. Let define the advantage function
A(s,a) = Q(s,a) — V(s), where V(s) denotes the state-value function
and QO(s, a) denotes the action-value function. An estimator from the
advantage function over T timesteps is built as a generalized advantage
estimate (GAE), namely:

A =6, + (N + -+ Ao, 2
where
8, =R +7V(s;1) = V(s) (3)

with y denoting the discount factor and A denoting a parameter for scal-
ing the state-value function. A surrogate objective function is defined
as follows:

my(als) ~

g (als) "

wy(als)

7y, (als)’

LY () = &, [min( clip( 1—e,1+6)A,)] 4

where 7zy(a|s) denotes the policy with 6 being a learnable parameter in
the PPO network, and e denotes the clipping parameter.

3.1. PPO-based path planning

To endow the PPO algorithm for the AUV path planning, the first
step is to define sPP, aP?, and RPP. The state space as an input to the
PPO network is built upon the underwater environment velocity (ADCP
data) v, with (.), denoting the environment and the position of the
AUV system, i.e., s’ £ [v, x y z]. For path planning, the action,
which is represented as an output of the PPO network, interprets the
optimal position of the AUV, so the action space should contain the
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Fig. 1. Proposed integrated path planning and tracking control for an AUV, consisting of five major modules.

Algorithm 1 PPO for path planning (training phase)

1: Input: underwater environment velocity, AUV position, feasible
underwater environment positions for AUV, and PPO parameters;
2: for each iteration do

3: Initialize state sPP « [v, x y z];

4: Proceed policy negp(applspp) over NPP timesteps and accomplish
action aPP;

5: Compute the path planning reward function RPP:

R = 9, RYY + 9, RY’
6: Compute the generalized advantage function estimate:
PP,
AP =6, + (PP APPYS g + o+ (PPPAPPYNT L
7: Optimize the surrogate function:

7gpp (aPP|sPP) A~
Tgop (aPP|sPP) "
o

Zgpp (aPP|sPP)

LCLIP(gPPy = & [min _—
(O7) = E, [min( o0 (aPP | sPP)

clip( 1—¢,1+€)A))]

8 Update 65" « 6PP every bP iterations;
9: end for
10: Output: optimal PPO for path planning;

feasible positions from the underwater environment to be occupied by
the AUV, i.e., a® £ [x, y, z.]. Finally, the reward function should be
characterized based on the ultimate objective of power maximization,
where the second objective of collision avoidance is included in path
tracking. The reward function for path planning is formulated by two
terms to reward the AUV in case of following the maximum velocity
and maximum power, namely:

RPP =9, R’ + 9 R (5)
where
. p— P4
pp _ _
Ry = clip( i 1,+1) 6)
d
Vo — U,
R = clip(———=,~1,+1) @
U

€
with 9p and 9, represent the coefficients for two terms of the reward
function; the maximum values for velocity and power are denoted by
desired values of P¢ and vd. The algorithm for the PPO-based path
planning is presented in Algorithm 1 with 6PP showing the PPO-based
path planning network coefficient.

3.2. PPO-based path tracking

For path tracking, the main objective is to follow an optimal path
determined by the path planner while avoiding collision with an obsta-
cle. To perform this task, the state space is defined by sonar sensor data

D,,, underwater environment velocity (ADCP recorded data), linear
position error An“ = [Ax Ay Az] and linear velocity error from the
optimal values AVY = [Au Av Aw], so the PPO path tracking states are
sP 2 [p, D, Ag“ V']. The action space af* that is characterized as
the output in the PPO-based path tracking is represented by the AUV
actuators.

The reward function is defined by four terms: (i) reward (or penalty)
for actuators to limit the changes in actuators; (ii) reward for the
position following to penalize any error between the actual position and
reference position; (iii) reward for velocity following to penalize any
error between actual velocity and reference velocity; and (iv) reward
for collision avoidance to penalize the collision. The reward function
for path tracking is formulated as follows:

R = —¢,(@)? = (R = Gy (R, ) = (1= Gu)(RE)? ®
where
L L
pt o _ . n-onT*
Ry = cliplep g, =1 +1) ©)
. yL—pL «
R, = clip(eyt S =1, +1) 10)

with ¢,, ¢,., and ¢y represent the coefficients for different terms of
the reward function; «,. and xy. show the coefficients to enlarge the
impact of the position and velocity error; s and V'* denote the
constant reference values for position and velocity to normalize the
errors. The collision avoidance term of the reward function is defined

as follows:

RY, = (6(max(l — ¢, €,))%) ! an

where ¢ = clip(l — dL,O, 1) is the obstacle closeness with d showing
the distance measurement and dy. denoting the maximum sensor
range; 6., represents the coefficient for the collision avoidance term;
and €., denotes the constant value. The algorithm for the PPO-based
path tracking is presented in Algorithm 2 with P representing the
PPO-based path tracking network coefficient.

3.3. Integrated path planning and tracking for real-time application

After constructing the optimal PPO networks for path planning and
path tracking, these two trained networks are combined as an inte-
grated framework and then applied in a real-time manner to seek the
optimal path through PPO-based path planning. Afterward, the optimal
path is smoothed to find the reference path and velocity according to
the path tracking timestep 7°P. Finally, the reference path is given to
the PPO-based path tracking module to determine the optimal actuators
for an AUV. The algorithm for real-time application of the integrated
path planning and tracking is presented in Algorithm 3.
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Algorithm 2 PPO for path tracking (training phase)

1: Input: underwater environment velocity, sonar sensor data,
position error, velocity error, and PPO parameters;

2: for each iteration do

Initialize state sP' « [v, D,, 4n" V';

4 Proceed policy = (a”|s?') over NP' timesteps and accomplish

w

o'

()
action a;

5: Compute the path planning reward function RP':

R = —,(@")? = g (RY)? = ay (Y, )? = (1= Gu)(RE,)?
6: Compute the generalized advantage function estimate:
t_
A= 6,4+ (PP + e+ POV S
7: Optimize the surrogate function:

Trgpt (a™ |Spt)

Ty (@' [5P)’
o

oot (aP|sPY)

T @[5 "
o

LCUP Pty = &, [min( clip( 1—e,1+6)A)]

8: Update 6°' «— 6P every bP' iterations;
9: end for
10: Output: optimal PPO for path tracking;

Algorithm 3 PPO for integrated path planning and tracking (real-time
application phase)
1: Input: real-time measured current velocity, real-time sonar sensor
data, optimal PPO for path planning, optimal PPO for path tracking;
2: for each timestep 7T°PP do
Initialize state sPP « [v, x y z];
4: Select action aPP (optimal path) according to the optimal PPO
for path planning;
5: Output: optimal path;

w

6: Smooth the optimal path and generate the optimal reference
vector of position and velocity [x* y* z* u* v* w*]T;

7: for each timestep T do

8: Initialize state sP* « [v, D,, 4n" V';

9: Select action aP* (optimal actuators) according to the optimal
PPO for path tracking;

10: Output: optimal actuators;

11: end for

12: end for

4. Case study on an energy harvesting AUV: Marine current tur-
bine

4.1. Marine current turbine model

The MCT considered in this study consists of a turbine tethered to
an anchor through a mooring cable as shown in Fig. 2. This system
is designed to operate in the Gulf Stream off Florida’s East Coast to
deliver a rated power of 700 kW under nominal operation following the
prototype MCTs from IHI Corp. Ueno et al. (2018) and the University of
Naples (Coiro et al., 2017). The represented MCT consists of four major
elements: body, variable pitch rotor, variable buoyancy tank including
two variable buoyancy sections, and mooring cable. The MCT system
is primarily controlled to move in a vertical direction.

The investigated MCT system is modeled with 14 states X, consist-
ing of the position # = [x y z ¢ 6 w]T and the velocity of the MCT
system V = [u v w p® g r]T; two remaining states of the MCT system
are the angular velocity of the rotor p*, and rotation angle of the rotor
blade ¢", thereby symbolizing the state vector by X = [ V p* ¢"1".

Kinematics and Coordinate Frame: To derive the equations of
motion for the MCT system, five coordinate frames are used, including
(i) an inertial coordinate frame (¢9), (ii) a body-fixed coordinate frame
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(Op), (iii) a momentum mesh coordinate frame (©y), (iv) a shaft
coordinate frame (Og), and (v) a rotor blade coordinate frame (Oy) (see
Fig. 2) (VanZwieten et al., 2012). The transformation matrix from the
inertial coordinate frame (&;) to the body-fixed coordinate frame (Op),
Lgf, is defined as follows (Fossen, 1999):

o CyCy 54,Co —5g
B — —
LD[ =|cyseSp —SyCyp  CyCptSySeSy  CoSy 12)

CySeCy — SySp  —CySp T 5, S9Cy  CoCy

m 0 0 0 mbzl 0
0 m 0 —mbzg 0 mxg
V= 0 0 m 0 —mxg 0
0 -mPzl 0 ° 0 -1
mbzg 0 —mxg 0 I, 0
0 mxg 0 —l)'?z 0 I,
F, + m(vr — wq) + mxg (q* + r?) — mbzgpbr 1
F, —mur + w (mbpb + mrp“) - mbz[(’,’qr
—m°xP.qp® — m"xCqpt
F, + mug —v (mbpb + mrpr) + mbz'é,I (ph2 + qz)
—mbx'érpb - mr)c"Gr‘pr
MX+M§—qr<I;’—I;’)+Ifzpbq 13)
—mbzg (wpb —ur)
My =g (13 = 12) <0 (1% = 1F) = 1% (2 = )
+mbzlé(vr — wq) — mxguq + mt’xg vpb + mrxa vp*
M, - qp° (15 - 1};) g (1; - 1;) —1'rq
i —mxg ur+ mbxgwpb + m”x‘(‘}wpr ]
M, —MS —qr(l, — 1
P y—ardy, —1,) 19

I

Xr
where s, = sin(.) and c() = cos(.).

Equations of Motion: Given that the motion of the MCT system is
defined in Oy, instead of the rotation about the x-axis, the location of
the center of gravity and center of buoyancy of the MCT system are
represented by rg = [xg g zg]T and rg = [xg yg zp]T, respectively. A
set of twelve equations of motion are reduced to the seven equations
representing an MCT system with 7-DOF (VanZwieten et al., 2012),
with 6-DOF describing the main body’s rotation, and the last DOF
representing the rotor’s rotation about the x-axis. These equations of
motion are summarized in a matrix form as presented in .

In this matrix representation 13, F, denotes the force; M, is the
moment; (.),, (), and (), are the portion (.) about x—, y—, and z—
axes; ()" and (.)® denote the rotor and body portions; M 2 denotes the
electromechanical torque. The mass m(, the moment of inertia 1), and
the center of gravity (.)g are defined with respect to both the actual
inertial properties and added inertial properties of the MCT (denoted
as virtual in VanZwieten et al. (2012)).

The total external forces acting on the MCT, F, consists of forces due
to gravitational and buoyancy forces, rotor force, body force, variable
buoyancy force, and tether force, namely:

F=FCB 4 F 4 F° 4+ F° 4 Ft 15)

Similarly, the total moment acting about the center of mass of
the MCT is equal to the sum of moments due to buoyancy moment,
rotor moment, body moment, variable buoyancy moment, and tether
moment, as follows:

M=M®+M +M°+M"P°+ M (16)

The forces and moments acting on the MCT system defined through
the hydrostatics, hydrodynamic, and tether forces are detailed in
VanZwieten et al. (2012).

Linear Model: The linear model of the MCT system is constructed
by averaging the equations of motion around the equilibrium point and
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Variable
Pitch Rotor

Fig. 2. Schematic of the marine current turbine system representing the inertial frame
(O)) and the body-fixed frame (Op).

Table 1

Dimensions of a simulated buoyancy controlled marine current turbine.
Symbol Description Unit Value
1, Moment of Inertia about x kg m* 1.35%x 107
I, Moment of Inertia about y kg m’® 4.74% 107
I, Moment of Inertia about z kg m’ 3.45% 107
I; Moment of Inertia of rotor about x-axis kg m® 4.78 x 10°
m Total Mass not including buoyancy water kg 4.98 x 10°
B Buoyancy kN 32x10*
d" Rotor Diameter m 20
db Body Average Diameter m 3
I Body Length m 10.653
I Cable Length m 607
d¢ Cable Diameter m 0.16
yeb Volume of each buoyancy tank m? 31.215
Zmin Minimum bound of vertical position m 50
Zmax Maximum bound of vertical position m 150
w Maximum linear velocity about z m/s 0.21
w Maximum linear acceleration about z m/s? 0.0015

the homogeneous current speed of 1.6 m/s. For the MCT linear model,
the rotation angle of the rotor blade ¢" is removed, and the number of
states is decreased from 14 states in the nonlinear model to 13 states
by averaging the MCT response over one rotor blade rotation. Also,
the control input vector is established by the MCT actuators, including
forward and aft buoyancy tank fill fractions b, and b,, as well as the
electromechanical torque M, i.e., U = [b by M. ;]T.

4.2. Gulf stream environment model

To model the current flow speed of the Gulf Stream off Florida’s
East Coast, the historical observations are collected by a 75 kHz ADCP,
recorded at a latitude of 26.09° N and longitude of —79.80° E with a
resolution of 6 m within 400 m depth (see Fig. 3). Given that the bad
data (primarily happen above a depth of 50 m) is removed through
filtering the measured data (Maria Carolina et al., 2016).

4.3. MCT-specific integrated control

The MCT is primarily controlled in the vertical direction, so the
movement is limited to the 1D direction. Hence, the PPO-based path
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Table 2

Parameters of PPO-based path planning and PPO-based path tracking.
Symbol Description Unit Value
Path planning
yPP Discount factor - 0.5
APP Scaling parameter - 0.9
9p Coefficient of power term in (5) - 0.8
9, Coefficient of velocity term in (5) - 0.2
P Desired power in (6) kW 700
ud Desired velocity in (7) m/s 2
Path tracking
yPt Discount factor - 0.6
APt Scaling parameter - 0.95
[ Coefficient of action term in (8) - 0.1
[o88 Coefficient of linear position term in (8) - 0.5
Gy Coefficient of linear velocity term in (8) - 0.5
- Constant position in (9) m 20
KL Coefficient of position error in (9) - 200
phr Constant velocity in (10) m/s 0.0056
Kyl Coefficient of velocity error in (10) - 50
Sea Coefficient of collision avoidance in (11) - 2
€ Constant value in (11) - 0.05
diax Sonar sensor range in (11) m 20

planner input is characterized by [z] and the PPO-based path tracker
input is defined by [z* w*]T, where the remaining inputs are similar
to the general framework introduced in Section 2.2. The actuators are
then updated subject to the MCT actuators, i.e., [b by M3 1T,

5. Simulation results
5.1. Simulation setup

The simulations are implemented in Python 3.7 and Tensorflow 1.14
on a PC with a 2.6 GHz CPU and 16 GB of RAM. The parameters of
the MCT system and PPO networks are presented below.

MCT system: The primary dimensions of the simulated MCT system
are presented in Table 1. The MCT constraints, i.e., maximum linear
velocity and linear acceleration about z, as well as the minimum and
maximum movement bound of the MCT, are shown in this table.
The MCT system operates in the Gulf Stream off Florida’s East Coast,
where the real ocean current speed data are recorded by an ADCP (as
discussed in Section 4.2).

PPO-based benchmarks: Two PPO networks are applied for path
planning and path tracking. The sampling time for path tracking is
T = 2 s, and the parameters of the PPO-based path tracking are
presented in Table 2. Furthermore, the sampling time for path planning
is TP? = 60 min, where the path planning parameters are listed in
Table 2. Note that the path smoother module takes care of smoothing
the path to shift from the path planning time step to the path tracking
time step.

5.2. Quantitative results

PPO-based Path Planning: To evaluate the performance of the
path planning for the MCT system, we compare with multiple methods,
including A* algorithm, model predictive control (MPC) algorithm,
and two other candidate RL algorithms, i.e., Q-learning, and deep Q-
network (DQN). Those methods have been previously applied to MCT
either path planning or path tracking, detailed in Hasankhani et al.
(2023, 2021a). These baseline methods are briefly introduced here:

+ A* Algorithm: This algorithm finds the optimal path in the ocean
environment modeled with a discrete grid of depth, which utilizes
a greedy strategy to find the maximum power and, accordingly
the optimal path.
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Fig. 3. Histories of the flow recorded by a 75 kHz ADCP at a latitude of 26.09° N and longitude of —79.80° E (Maria Carolina et al., 2016).

+ MPC Algorithm: In the MPC algorithm, power maximization is
defined as an objective function to seek the optimal path over a
prediction horizon subject to the operational constraints of the
MCT system.

» Q-learning Algorithm: This algorithm solves the path planning
optimization problem through a constructed Q-value table, where
the Q-value is calculated for each cell of the Q-value table repre-
senting a discrete depth at a specific time.

» DQN Algorithm: In the DQN algorithm, the Q-value is approxi-
mated through the neural networks to avoid computational com-
plexity arising from the Q-value table in a large environment.
Note that both DQN and Q-learning algorithms are defined for
the discrete environment.

We first show the cumulative reward obtained in the offline training
of the PPO-based path planning and DQN-based path planning in
Fig. 4. As shown in this figure, the PPO needs almost three times
more episodes to be fully trained than the DQN algorithm, which is
predictable due to the continuous states and actions defined for the
PPO algorithm compared to the finite number of actions (depths) and
states (current depth and ocean current velocity in the discrete depths)
in the DQN algorithm. From the figure, we can observe the convergence
of both rewards, confirming successful training.

Moreover, the reward values are different for the PPO algorithm
(left axis in Fig. 4) from the DQN reward values (right axis in Fig. 4)
since the reward function defined for the DQN algorithm is different
from the PPO reward function (5) to improve the performance of
the DQN algorithm according to its discrete nature (see Hasankhani
et al. (2023) for more details). To verify the efficiency of two reward
functions for DQN and PPO algorithms, similar trends in increasing the
cumulative energy of MCT during training are illustrated. The DQN
reward function includes two terms of power and velocity, which are
defined as follows:

RPN = RPN 4 0.5 RPN a7
, AP, >4
REQN _Ja et > 01 (18)
0, otherwise
, Adv, > 6
ROQN = | AV > 19)
0, otherwise

with ¢, =¢ =1, 6, =1 kW, 6, =0.001 m/s, and AP, and 4v, showing
changes in the net power and ocean current velocity due to changes in
the depth.

The comparative results on the optimal depths, optimal ocean cur-
rent velocity, and optimal power for different algorithms are repre-
sented in Fig. 5. The optimal path chosen by each algorithm verifies
different policies of multiple approaches, where the A* algorithm tends
to pick sharp changes in the vertical position for the MCT. However,
the MPC algorithm limits the MCT movement, still experiencing high
values of harnessed power than the A* algorithm. The Q-learning
and DQN algorithms show almost the same performance with minor
differences, justifying that the DQN algorithm successfully estimates the
Q-value table, but the precision of these algorithms are limited to the
discrete depths. Finally, the PPO algorithm outperforms other methods,
finding the optimal path with the maximum power. The cumulative
harnessed energy after 100-hour operation is 29.799 MWh (A*), 31.089
MWh (MPC), 32.250 (QL), 32.168 (DQN), and 34.930 (PPO).

It should be noted that we consider two modes of application for
the PPO-based path planning: (i) offline path planning: the optimal
path is planned offline, and (ii) online path planning: in case the offline
planned path is not tracked, the optimal path will be re-planned online
(The importance of the second case will be highlighted in the collision
avoidance scenario).

PPO-based Path Tracking: We evaluate the PPO-based path track-
ing to follow the optimal path commanded by the PPO-based path
planning. It should be noted that we first evaluate the capability of the
path tracking algorithm to follow a reference path successfully; then,
the collision avoidance is simulated in the next section. A PI controller
is introduced as a baseline algorithm to assess the performance of our
proposed algorithm. The main objective of the path tracking module is
to minimize the tracking error while the fill fractions (MCT’s actuators)
remain within the allowable limit. It is noteworthy to mention that the
electromechanical torque is set to stay constant since the fill fractions
are the main actuators affecting the MCT.

The path tracking results for a sample reference path over 24 h
through the PPO-based path tracking and PI algorithm are shown in
Fig. 6 (Basic Scenario). The simulated results confirm a successful path
tracking for both the PI controller and PPO-based path tracking module,
where the main error for the PI controller happens at the beginning of
the tracking procedure. Also, the actuators in the PI controller change
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in a larger interval than the PPO algorithm, still keeping within the
allowable range. Meanwhile, for the PPO-based path tracking method,
the tracking error is mostly visible within # =5 to t = 10 while making
an effort to minimize the changes in the fill fractions. The main reason
for this small error is that we use a single trained PPO network for
path tracking to meet both minimizing tracking error and collision
avoidance; the PPO network is trained under different scenarios of path
tracking and obstacles, and the trained PPO network is the best one

to operate for both successful path tracking and collision avoidance.
Hence, some small errors in path tracking are anticipated.

PPO-based Path Tracking with Collision Avoidance: The second
primary task for the PPO-base path tracking module is to avoid collision
with an obstacle, which is the main motivation to apply a learning-
based and intelligent path tracking algorithm. An intelligent RL-based
path tracking is capable of identifying and avoiding an obstacle, unlike
the conventional PI controller. In this case, we simulate two scenarios
of a stationary obstacle at a constant depth and a dynamic obstacle
changing its depth, where the MCT operating depth is demonstrated
regarding the reference path and the obstacle. It should be noted that
in this scenario, the path tracking module completed an offline training
phase considering both stationary and dynamic obstacles, where the
reward term for collision avoidance in (8) is enabled.

The path tracking results and MCT actuators for the static obstacle
are summarized in Fig. 6 (Static Obstacle Scenario), where the obstacle
remains at a depth of 66 m. Two application modes of PPO path planner
are active in this scenario. For an offline path planner, the reference
path hits the obstacle at four points, where the path tracking module
updates the MCT’s actual path to avoid collision. Hence, the MCT
system keeps its operating depth near the obstacle at an acceptable
distance to ensure safe movement. Also, the MCT continues following
the optimal path when its sensor does not detect the obstacle at ¢ = 10,
justifying the intelligence of the PPO-based path tracking to distinguish
the collision avoidance and path tracking scenarios. For the online path
planner, the reference path is re-planned after detecting the obstacle to
avoid the collision. Both modes of application are successful in collision
avoidance, while the online path planner is able to re-planning the path
for harnessing the maximum power.

The final scenario interprets a dynamic moving obstacle (like a
large fish) in a vertical direction, where the simulation results are
presented in Fig. 6 (Dynamic Obstacle Scenario). The dynamic obstacle
moves between four different depths, so the task of the path tracking
module is complicated to see the obstacle, identify the case of collision
occurrence, and avoid this case, as well as follow the optimal path
during a safe movement. As the results show in the offline planner,
the path tracking module successfully detects the collision scenarios in
four cases, such as an interval between t = 4 to t = 10, and defines
a new reference path for the MCT to stay near the obstacle. Also, the
path tracking module follows the optimal path after + = 10 when the
PPO ensures a safe path without collision, thereby fulfilling its primary
task of path tracking with minimized error. In the online planner, the
planned path is actively updated according to the obstacle. During the
path tracking scenario with collision avoidance, the fill fractions are
also kept within the allowable limits.

5.3. Discussion

The PPO-based path planning and tracking framework, as a can-
didate among RL algorithms, entails offline training with a dataset
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Fig. 6. Simulation results for integrated path planning and path tracking control: (i) Base Scenario: The left plot shows the path followed by the PPO-based path tracking and PI
controller along with the reference optimal path obtained by the PPO-based path planning. The right plot shows the actuators (fill fractions) for the PPO-based path tracking and
PI controller. (ii) Static Obstacle Scenario: The left plot shows the path followed by the PPO-based path tracking along with the reference optimal path obtained by the offline
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Again, the collision that occurred in the case of the PI controller is illustrated.

of the recorded ocean current velocity, which is then applied in an
online operation of the MCT system. The main feature and superiority
of the RL algorithm to other approaches in both path planning and path
tracking tasks are its capability of learning from experiencing different
scenarios and then making the best decision (choosing the best action)
in any similar scenario. In the path planning task, the PPO-based
path planning module shows better performance than the MPC and A*
algorithms by learning from the real recorded ocean current velocity
data. Also, the PPO-based path planning considers a continuous set of
actions (depths), which improves its ability to solve the path planning
problem and find the optimal power than the discrete algorithms with
limited choices in the depth changes, such as Q-learning and DQN
algorithms.

The path tracking module enabled with the PPO algorithm out-
performs a classical PI controller considering the complicated task
of collision avoidance. In this case, the path tracking module should
be qualified with intelligence to detect the obstacle and distinguish
the collision avoidance and path tracking scenarios. More specifically,
the path tracking module should follow the commanded path with a
minimized error; still, it would avoid the collision facing an obstacle.
The PPO-based path tracking for the MCT can detect both stationary
and dynamic obstacles and avoid collision while keep following the
optimal path in the absence of the obstacle.

Although the proposed approach is a successful attempt to address
path planning and tracking control for the MCT system, we need further
details to meet all the complexities in the real-world application. The
first limitation is that the current approach uses the MCT’s linear model,
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which is precise enough, still requires further analysis and a compar-
ison with the model enabled with the dynamic model. The proposed
approach relies on the assumption that the ocean environment is fully
observable, whereas the real ocean environment deals with partial
observability, which should be considered in future studies. Also, the
proposed approach should be tested for other collision scenarios, which
can verify the performance or detect the probable limitations. This test-
ing procedure would be necessary to justify the generalization of our
proposed approach and ensure a safe operation for various conditions.

6. Conclusions

In this paper, we presented an integrated path planning and track-
ing control framework for turbines operating in a dynamic marine
environment, where the system was treated as an energy-harvesting
autonomous underwater vehicle. The whole framework was designed
based on the proximal policy optimization, where the main objective
of the path planning module was to find the optimal path with the
maximum energy harvesting, and the path tracking module was trained
to follow the optimal path with minimum error and avoid a collision.
The simulation results verified the successful operation of the proposed
framework in comparison with several baseline approaches in different
scenarios of path planning, simple path tracking, and path tracking
with collision avoidance. Future work is anticipated to extend the
integrated path planning and tracking framework to apply to other
energy-harvesting AUVs. Also, in the proposed framework, we currently
use the linear model of the MCT, which can be replaced with a dynamic
and nonlinear model of the MCT. The presented framework can become
more mature by proposing a solution for partial observability in an
underwater environment.
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