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Abstract: Track slippage and body sinking of the tracked mining vehicle in the traditional deep-sea mining system
are the critical issues for operating stability. To solve this bottleneck problem, a novel ROV-based deep-sea mining
system is proposed in this study, in which a remotely-operated vehicle (ROV) towering a sledge-shaped mining robot
(MRT) named ROV-based Deep-sea Mining Vehicle (ROVDMV) is instead of the traditional tracked Deep-sea mining
vehicle. The design of the ROVDMYV can fundamentally overcome the bottleneck problem. However, the complex
marine environment and multi-rigid-body design of the ROVDMYV pose new challenges for its path-tracking control.
Firstly, the dynamic model of the ROVDMYV considering the ROV at a fixed depth is established based on the bicycle
model, which is mainly used as the control object in the numerical simulation. Secondly, a learning-based path-tracking
control strategy is proposed for the path-tracking control of the ROVDMYV. In the control strategy, a novel
nonparametric learning (NPL) method is introduced to learn the uncertain nonlinear dynamics considering the external
disturbances and parametric uncertainty. The NPL method is proven to provide bounded estimated error. Besides, the
enhanced NPL method can save approximately 33% of the computation time, and the average computation time for its
optimization control problem is only 12.47ms. Finally, the numerical results show that the NPL method can learn

nonlinear dynamics accurately, and the proposed strategy has proven to be effective.
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Nomenclature

bl L the MRT’s width and length, the horizontal projection length of the steel frame
UMRT UROV VMRT VRov, surge speed and sway speed

Y wyrt Wrov, MRT’s yaw angle and yaw rate

8, the horizontal rotation angle of the ROV around the steel frame

Lg q Kmrr Krov E, Lagrangian function and its state kinetic energy, potential energy
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Frov, Furr hydrodynamic force of the ROV, interaction force of the MRT

My, the add mass matrix of the ROV

C D, Centripetal and coriolis force matrix hydrodynamic damping matrix

muyrr Mrov ImrT IR0V, mass and rotational inertia

XYy Ni Xy Xuu Yo Yo Ny Nowr, hydrodynamic coefficient

Xu Xuu Yv Yuu Ny Ny, hydrodynamic damping coefficient

Fx Fy Ty, control input

Fpr Fp¢ Frp, longitudinal resistance, compaction resistance bulldozing resistance
M,,, the ROV’s turning resistance moment

f uy, lateral friction force and lateral friction coefficient

W €, underwater weight of the MRT terrain cone index

E1 E; E3, empirical coefficients

Fp Fgc Frp, longitudinal resistance, compaction resistance and bulldozing resistance
Az ¢, sinkage and apparent cohesion

Ts, ¢, the density of the sediment and angle of internal shearing resistance

kpr kpe, coefficients of passive earth pressure

N; N, Terzaghi bearing capacity coefficient

1. Introduction

The deep sea is rich in mineral resources, including polymetallic nodules, cobalt-rich crusts, and polymetallic sulfides.
The efficient exploitation of these mineral resources can help alleviate the shortage of terrestrial mineral (Sha et al.,
2023). To extract these resources, deep-sea mining systems serve as the essential equipment for harvesting minerals
from the ocean floor, which lies thousands of meters beneath the surface. Currently, deep-sea mining remains in the
research and exploration phase, primarily because deep-sea mining systems have not yet achieved the level of
commercial viability. Since the concept of deep-sea mining was introduced, several collection methods have been
proposed, ranging from ship-towed mining vehicles to Archimedes spiral self-propelled mining vehicles. At present,
the hydraulic lift deep-sea mining system is regarded as a commercially viable option, as illustrated in Fig. 1(a). In this
system, a deep-sea tracked mining vehicle must follow a designated mining path to collect mineral resources. The
mineral ore, mixed with water, is then transported to the mining vessel through a buffer and lifting pipe by a lifting
pump (H. Wu et al., 2023). The deep-sea tracked mining vehicle is one of the most central subsystems of the deep-sea

mining system and must adhere to a predetermined mining path to gather the mineral resources. However, the traditional
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heavy tracked mining vehicles face the challenge of significant grip and substantial subsidence when traversing on the
seafloor sediments (Wang, Chen, Wang, Li, & Yang, 2023), and track slippage poses a key issue for accurate path

tracking (Qin et al., 2021). Therefore, it is essential to develop an efficient and robust path tracking controller.

Path tracking controllers based on geometric methods, such as Fuzzy PID (Dai, Su, & Zhang, 2020), line of sight
(Yeu et al., 2012) and pure pursuit 2013), are efficient and straightforward to design, as they directly calculate the path
tracking control law. However, since no anti-slip strategy is considered, the performance of path tracking control may
degrade due to track slippage. To address this issue, model predictive control (MPC) (W. Li et al., 2023; Li, He, Ma,
Liu, & Liu, 2023; P. C. Wu, Wen, Chen, & Jin, 2017) and learning-based methods (An, Zhou, & Wang, 2024; Q. Chen
etal., 2023) have been employed to account for track slippage in the design of path tracking controllers. By incorporating
anti-slip constraints, an MPC-based optimal control problem is formulated to derive the path tracking control law (Y.
Li et al., 2023). Chen et al. propose a learning-based path tracking controller based on deep reinforcement learning
(Chen et al., 2023), where an improved deep deterministic policy gradient is explored. By fully considering the slip rate
of the tracks in the reward function, this path tracking controller effectively mitigates track slip and ensures robust path
tracking performance. It is evident that the anti-slip control strategy can enhance the path tracking performance to some
extent. However, the track slippage, which is a critical issue for operational stability, cannot be completely eliminated.

This limitation represents an inherent disadvantage of traditional deep-sea mining systems.

® ' = gt —mining vessel ®) A

\ — B3 ,i- ining vessel
#+— lifting pipe
A lifting pump Tﬁ lifting pump
e;ﬁ buffer r lifting pipe
tracked mining vehicle articulated rigid frame
MRT

Fig.1 Comparison of two deep-sea mining systems (a, traditional deep-sea mining system; b, ROV-based deep-sea

mining system)

To address the inherent disadvantages of traditional deep-sea mining systems, a remotely operated vehicle (ROV)-
based deep-sea mining system is proposed, as illustrated in Fig. 1(b). In this collection method, the ROV-based deep-
sea mining vehicle (ROVDMYV), which consists of an ROV and a mining robot (MRT), replaces the tracked mining
vehicle. The ROV tows the MRT, allowing it to glide smoothly along the seabed via an articulated steel frame, while
the ROV maintains a specific height above the seabed. Compared to the tracked mining vehicle, this approach increases
the contact area with the substrate and reduces ground pressure. In conclusion, the novel collection method effectively
mitigates issues related to slippage and body subsidence. The ROVDMYV must track a predetermined mining path to
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collect the mineral resources in the ROV-based deep-sea mining system, and the path tracking strategy for the
ROVDMYV requires thorough investigation. Firstly, the dynamic model of the ROVDMYV needs to be established as the
controlled object in the numerical simulation of path tracking, which is more complex compared to traditional mining
vehicles. In the force analysis, the hydrodynamic forces acting on the ROV and the interaction forces between the MRT
and the seabed sediment must be taken into account. Secondly, the uncertain nonlinear dynamics present a challenge
for the path tracking strategy, primarily due to model mismatch between the established dynamic model and the actual
system. Accurately obtaining the hydrodynamic parameters of the ROV and the soil mechanical parameters of the
seabed is difficult. Additionally, external current disturbances and process noise resulting from irregular seafloor

topography can also contribute to model mismatch.

An efficient method for addressing model mismatch is based on a nonparametric learning (NPL) approach, wherein
a mapping function is developed to estimate uncertain nonlinear dynamics (Calliess, Roberts, Rasmussen, &
Maciejowski, 2020). The Kinky Inference (KI) prediction function, which utilizes the Lipschitz constant, is employed
to accurately estimate the nonlinear unmodeled dynamics under random process noise. The Lazily Adapted Constant
Kinky Inference (LACKI) rule is used to estimate the Lipschitz constant. However, the accuracy of this estimation is
contingent upon a dense set of samples, resulting in high computational complexity. To address this issue, Kaikai Zheng
proposes an event-triggering mechanism to enhance the method (Zheng, Shi, Shi, & Wang, 2023). For a known training
set that encompasses all possible sampling points, the size of the training set can be reduced to ensure good real-time
performance, with estimation accuracy remaining nearly uncompromised. It is important to note that the dynamics of
the ROVDMYV are coupled with its time-varying state, making it challenging to obtain a known training set in advance.
Consequently, this method becomes less applicable. To tackle these challenges, the research focuses on studying the
dynamics model of the ROVDMYV and its learning-based path tracking control strategy. The main contributions of this

paper are as follows.

1. A new method and equipment for deep-sea mining have been proposed, and the path tracking control of the
ROVDMY is examined in the horizontal plane. Drawing inspiration from the bicycle model (Sun, Li, Li, & Li, 2022),

a dynamic model of the ROVDMYV has been developed as the controlled object in the numerical simulation.

2. A novel nonparametric learning method has been developed to address uncertain nonlinear dynamics, which
encompass unknown external current disturbances and certain aspects of nonlinear dynamics affected by parametric
uncertainty in the presence of random process noise. Based on the LACKI rule (Calliess et al., 2020), a new learning
rule is introduced to enhance the learning performance. The training set, which consists of a limited number of sampling
points, is dynamically updated by this learning rule to reduce online computational complexity. This approach
effectively resolves the issue that the nonlinear programming (NLP) requires a previously known training set (Zheng et
al., 2023). Furthermore, under the proposed learning rule, the estimated error of the nonlinear unmodeled dynamics is

proven to be bounded.

3. A learning-based path tracking control strategy is proposed to achieve optimal path tracking performance. A virtual
speed model predictive control (VSMPC) system is designed to compute the virtual speed control law, which aims to
minimize the real-time path tracking deviation. Additionally, a learning-based model predictive control (LBMPC)
framework is developed to determine the control input necessary for tracking the virtual speed control. In this framework,
the learned uncertain nonlinear dynamics serve as the predictive model for the optimal control problem. With the

estimated error proven to be bounded, the closed-loop stability can also be ensured (Zheng et al., 2023).
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Fig.2 Research framework

The remainder of this paper is organized as follows: Section 2 introduces the dynamic model of the ROVDMYV.
Section 3 introduces a novel nonparametric learning method. Section 4 proposes a learning-based path tracking control

strategy. Section 5 provides the results and discussion. The research framework of this paper is illustrated in Fig. 2.

Notations: denote m X n real matrices by R™*". Denote n-dimensional unit matrix and m X n zero matrix by I,
and 0,,x,. Given a positive definite matrix P € R"™*™ define matrix norm ||x||123 = xTPx,x € R™*1 Define set Ky, :n,
={N{,N{+ 1,--N; — 1,N,}. For a column vector b € RM*1 bj represents the element in j-th row. Denote the
probability of an event A by P(4).

2. Dynamic Model of the ROVDMV

In this section, we derive the dynamic model of the ROVDMYV for simulating its path tracking control. Compared to
the towing force, the connecting force exerted by the flexible pipe on the ROV is relatively weak due to the saddle shape
of the compensation soft pipe. Additionally, the mass of the steel frame is small in comparison to the mass of the ROV
and MRT.

Fig.3 Coordinate frame of the ROVDMV



To simplify the model, the forces exerted by the flexible pipe and the mass of the steel frame are disregarded during
the modeling process. Additional simplifications are also made in the preliminary research of the ROVDMYV mining
vehicle. It is assumed that the MRT and the steel frame are rigid, while the ROV and the steel frame are articulated.
Drawing inspiration from the bicycle model in an Ackermann steering vehicle (Sun et al., 2022), the ROV and MRT
are analogized to the front and rear wheels of a bicycle, respectively, with the ROV functioning as the steering
mechanism. To ensure stable steering, both the steering angle of the ROV and its angular velocity around the steel frame
are designed to be minimal. Consequently, the small angle assumption for the steering angle is introduced in the

subsequent dynamic modeling.

Moreover, suppose the remotely operated vehicle (ROV) tows the mobile robotic transporter (MRT) at a constant
depth, with the MRT sliding along the seafloor surface. The dynamic model can be considered in the horizontal plane;
however, both the ROV and MRT possess three degrees of freedom (DOFs) each. To simplify the dynamic modeling,
the kinematic relationship between the DOFs of the ROV and MRT is analyzed first. Consequently, it is only necessary
to examine the dynamics of three DOFs of the ROV.

2.1 Kinematic Model

Firstly, the global coordinate and the local coordinate frame of the ROV and MRT are defined, as shown in Fig.3.
0 — xy denotes the global coordinate system. O1 — X1Y1 denotes MRT’s local coordinate system, and Oz — XY
denotes ROV’s local coordinate system. Then, surge speed u and sway speed v of the ROV and the MRT can be

expressed as:
UMRT = URoV COS 6 — vROVsin 1) "'UMRT = VRovy COS 6+ URov sin 6(1)
where 6 is the horizontal rotation angle of the ROV around the steel frame.

According to the bicycle model (Sun, Li, Li, & Li, 2022), MRT’s yaw rate wpmrr is related to the surge speed of the
MRT upmpgr and the horizontal rotation angle of the ROV around the steel frame J:

. uMRTé
Y =wmpr = I (2)

where ¥ is MRT’s yaw angle. L is the horizontal projection length of the steel frame.

It can be seen both the ROV and the MRT have 3 degrees of freedom (DOFs), and the kinematic model of ROVDMV

is given as follows:

X = UMRT COSl/J — 'UMRTSil’lI,D
Y =upmgrsiny + vygrcosy
i UMRT

= w =

MRT L . (3)

UMRT = URoy COS 6 — 17R0]/S11’15
VUMRT = VROV COS 6+ URoy Sin 1)
8 = wrov

where x and y are MRT’s global coordinates. Wroy is ROV’s yaw rate.



2.2 Kinetic Model

The kinetic model of the ROVDMYV consists of a kinetic equation of the ROV with 3 DOFs, which will be deduced
using the Lagrangian method. Firstly, the kinetic energy of the ROV Kygrand that of the MRT Kgoy are given as:

1 1 1 uMRT6 2
Kurr = 5mupr(ulrr + vigr) + S IMRr@Roy = zmMRT(u%?OV + Vkov) + EIMRT( L ) (4)

[ NS

2 2 1 2
Krov = EmROV(uROV + VROV) +51RovWRoy

where Iroy and Iyt denote the rotational inertia of the ROV and the MRT. myrr and mgoy are the mass of the ROV
and the MRT, respectively.

Note that the dynamics of the ROVDMYV is considered in the horizontal plane, and the potential energy of the
ROVDMYV E can be treated as a constant. Then, the Lagrange function of the ROVDMYV L(gq,q) is given as:

i 1 2 2 1 upor&\> 1 )
Lg¢(q,9) = Kmrr + Kpov — E = E(mMRT +mpov) Whoy + vhoy) + EIMRT — ) t EIROV(DROV —E(5)

where the state g and its first order derivative ¢ are denoted by q = (Xrov,Yrov,8)T and ¢ = (Urov,Vrov, @ rov) .
Finally, the Lagrangian equation is given by:

aby by,
dtaf]_aq =Frov + Fyrr + 7+ 170 + 7,,(6.)

where Frovy is the generalized hydrodynamic force of the ROV in the local coordinate system Oz — XY, Denote the
generalized interaction force between the MRT and seafloor sediments in the local coordinate system Oz — XY, by
Fumrr. The control input is denoted by T = (F, Fy, TN)T, which represents the forces and torques corresponding to the
3 DOFs in the ROV’s local coordinate system. T, € R3*! represents the unmodeled bounded external ocean current
disturbance and model mismatch from parametric uncertainty. Denote the random bounded process noise force of

seafloor sediments and the MRT from the rugged seafloor by 7., € R3*! (Dai, Xue, Su, & Huang, 2021).

Substitute Eq. 5 into Eq. 6, and the left side of Eq. 6 becomes:

d Ly Ly . Inyrré? .
= (murr + Mrov)tiroy + — 53— Urov = (Murr + Mrov + Ms)rov(7.)

dt dugoy  Oxrov

d Ly Ly

dt dvroy  dyrov

= (mumrT + MROV)VROV(8.)

d Ly Lg

2
a _ ImrTUROY
dt aa)ROV 66R0V

L2

= IrovWRrov — 6(9.)

where mg = Iyrrd? / L2 denotes the added mass of the MRT in the horizontal rotation angle DOF.

Based on previous research (Long, Hu, Qin, & Bian, 2022), an empirical formula can be utilized to express the
generalized hydrodynamic force of the ROV Froy, which consists of the added mass force, centripetal and Coriolis
force and hydrodynamic damping force:
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Frov =Muq + (C + D)q(10.)

where the add mass matrix is denoted by M4 = diag(X iL,Y-I‘;,NT'«), where X;,Y;; and N;- represent the hydrodynamic

coefficients. Denote the hydrodynamic damping matrix by D = diag
Xy + Xuulurov],Yv + Yool vrov Ny + Nyr|wroy|) where the symbols Xy, Xy, Yv, Yuu, Ny and Ny are

hydrodynamic damping coefficients. Centripetal and Coriolis force matrix C can be expressed as:

0 0 Xvr + mpov)Vrov + Xprrwrov
C=(0 Yuurov (Yur — mpov)urov (11.)
0  NyyUgov Nyrugrov

where Xy, Xrr, Yup, Yur, Ny and Ny, are hydrodynamic coefficients.

To further establish the Lagrangian equation (6), the interaction force Fppr needs to be deduced. Since the soft
seafloor sediment can be considered plastic soil (Chen et al., 2023), the MRT is subjected to longitudinal resistance Fr
and lateral friction force f from a triangular load. Then, the mechanical sketch of the ROVDMYV is established, as shown
in Fig.4. Considering plastic soil, a lateral friction coefficient concerning the turning radius is used to express the lateral
friction force (Al-Milli, Seneviratne, & Althoefer, 2010):

w
f= ﬂy?(lz-)
where W represents the underwater weight of the MRT, and uy is the lateral friction coefficient:
C]blEz C[blE3T
Uy = E1(1 — emMRT><1 — e MMRT )(13.)

in which [ and b are the length and width of the MRT. C; represents the terrain cone index. Denote the turning radius of

the MRT by 7. E1, E; and E3 are empirical coefficients.

As shown in Fig.4, the lateral friction force f can be equivalent to the ROV’s turning resistance moment M, with

respect to Oz:

M,, = (%lﬂ)f— Gl+L>f= %lf= “y:Vl(m.)

Then, the generalized interaction force Fppr can be obtained:
Fugr = (— Freos 8goy Frsin Sroy , — sg(@mrr)Mo,) (15.)

where sg( - ) is a function denoted as sg(x) = 1,x > 0;sg(x) = —1,x < 0;sg(x) = 0,x = 0.



Fig.4 Mechanical sketch of the ROVDMV

Due to the sinkage on the soft seafloor sediment (Ruslan et al., 2023; Xu et al., 2022), the longitudinal resistance Fr

consists of a compaction resistance F . and a bulldozing resistance Fpp:
Fr=Fpc+ Frp(16.)

where the underwater weight of the MRT and the soil properties will influence the sinkage characteristics (Yamada,
Yamauchi, & Hashimoto, 2021).

Based on Bekker's pressure—sinkage relationship(Kar, 1987), the compaction resistance Fg. can be expressed as

follows:

F —bA2 beA 17
RC_ZfZ_f Z( )

where Az =e + fp is the sinkage. p = W /bl is the normal pressure from the MRT acting on the soil. e and f satisfy
the empirical formula(Liu & Wong, 1996):

F=1.99 — (18)

e=6.725 — 2.5687 + 0.245712,7 > 5kPa 19
e = 0,7 < 5kPa (19.)

in which 7 is the shear strength of soft seafloor sediment:
T=c+ptan¢$(20.)
where ¢ is the apparent cohesion, and ¢ is the angle of internal shearing resistance.

Meanwhile, the bulldozing force can be expressed as a function between the mechanical properties of the soft seafloor
sediment and the sinkage(Kar, 1987; Zeng et al., 2021):

1
Frp= <§rSAzzkpr + cAkaC)b(Zl.)

where 75 is the density of the sediment. Coefficients of passive earth pressure are denoted by kpr and kp:

2N,
kpr = (tan s + 1) cos? ¢ kye = (N — tan ¢) cos? ¢(22.)



where N,- and N represent the Terzaghi bearing capacity coefficients.
3. Novel Nonparametric Learning Method

The kinetic model of the ROVDMYV (6) employed in a path tracking strategy relies on prior knowledge, including
model parameters and external ocean current disturbances. However, accurately obtaining model parameters,
particularly the mechanical properties of the seabed soil, poses significant challenges. Additionally, the random process
noise generated by seafloor sediments, along with unknown external ocean current disturbances, can further contribute

to model mismatches.

To mitigate the effects of model mismatch, a novel nonparametric learning method has been developed based on the
LACKI framework (Calliess et al., 2020; Zheng et al., 2023). This section introduces a learning rule designed to enhance
the performance of the LACKI framework, ensuring both prediction accuracy and robust real-time performance. The
innovative nonparametric learning (NPL) method effectively learns the values of uncertain nonlinear dynamics while

accounting for unknown bounded external ocean current disturbances and uncharacterized process noise.
3.1 Methodology

The control model used in a path tracking strategy is considered as a discrete nonlinear model of the form:
x(k+1)=Ax(k) + BuUk) + f(x(k)) + w(k)(23.)

where x € X € R™*1 s the state vector, and U € U € R™*! represents the control input vector. State matrix 4 and
control matrix B are time-invariant. Nonlinear function f(y(k)) € Y € R™>! represents the uncertain nonlinear
dynamics with unknown bounded external disturbance, where Y is the output space. w € W c R™*1 s the bounded
unknown process noise: |||l < €, where the positive constant € is the upper bound, and W is the process noise space.

Sets X, U and W are assumed to be compact sets.

The estimated value of the uncertain nonlinear dynamic function f is denoted as f . Define the sampled data set used

for calculating the estimated value f by
D = {(s(r).F(sN)Ir € Kuuw, }(24)

where s(k): = (x(k),U(k)) € S € RO=FTMIX1 ig the measured input value, and S is the input space. Ny, is the number
of recorded samples. For convenience, define the sampled input data set §n=={s (M)|rekK;. Nn}' The measured output
value of the uncertain nonlinear dynamic function f is denoted as f(s(r)): = x(r) —Ax(r — 1) —BU(r — 1). The
bounded unknown process noise holds that IIf — fllo <e.

Assumption 1: Nonlinear function f is always Lipschitz continuous as:
Vxy € Kin, [If (s()) = F(SOD oo < L7[Is(X) = 5P loo
where L* is the bounded Lipschitz constant, satisfying L* < L*, where L* is the upper bound.

Remark 1: Note that Lipschitz constant L* is bounded, and sets X, U and W are assumed to be compact sets. Function
f is also bounded.

Definition 1 (Kinky Inference (KI) prediction function): With a sampled data set D, obtained, f (s(k),Lp,Dy): S
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—Y is calculated by a KI prediction function:
R 1, 4. . _
71500 = 5 (17 (505G LnN) + €)(Fi (50,50 L) ) € K, (25.)

wW(Fi (s sRLaN, )i = min Fi(s(r) + Lulls(k) — sl +2(26.)

TN SN, ) = max F(s09) — Lalls(®) = s —2(27)

where Ly, is the estimated Lipschitz constant, and the time complexity for the KI prediction function is O(2N,M). M

is the time complexity for calculating the norm || * ||oo.
Definition 2 (LACKI rule): Estimated Lipschitz constant L, is updated based on the LACKI rule:

I (s()) = F(sODleo — 4

Vx,y €Kiy, x#y ”S(X) _S(y)”w

L, = max {Ln_l, }(28.)

where A > 0 is a hyperparameter, and Lo can be set as a small positive constant.

Remark 2: The positive hyperparameter 4 is mainly used to deal with the unknown bounded process noise w (k):

If (G = FEODe=(A=28) _ . ze—1

5 — sl U Em oLt 2%

L, <

if Ly > L*, there will be an overfitting to the unknown process noise. That’s why the minimum value of A is 2€, and

the estimated Lipschitz constant Ly, is bounded:

L,< I (s(x)) = F(SONNleo — (A — 28)

vy EeKin,x*y lIs(x) = sleo

<L*(29.)
Definition 3 (minimal input space): Let the space £ C S be the minimum input space, containing all possible sample
points, and denote the minimum number of sample points by N .

Remark 3: Note that the real-time performance of the KI prediction function or the LACKI rule is related to the
number of recorded samples Ny. If the number of recorded samples N, is reduced, the computational burden of Eq.
(25) and Eq. (28) can be reduced. To achieve good real-time performance, the nominal minimum number of sample
points N7 is used, which is assumed to be obtained from offline data. Denote the space £ C S by the nominal minimal

input space.
Here are two lemmas for the subsequent analysis.

Lemma 1 (Lipschitz Continuity, (Calliess et al., 2020)): The KI prediction function f (s(k),Ly,D,,) is also Lipschitz

continuous with Lipschitz constant Ly:

v,y € Kion, || F (50, LnDn) = F(sO) LDl o, < Lalls() — sl (30.)
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Lemma 2 (Sample-consistency, (Calliess et al., 2020)): If the minimum input space £ is obtained, the LACKI rule

. . s . 2 .
is sample-consistent (up to 3), and the NPL estimated error ” f—f ”oo is bounded:

Vr € Ky, f (5(r).LnDn) € B%(f(s(r)))m)

o A
sy = Fs@Labl, < 5 +232)

where Ba(F(s(r))) = {y EY|ly — F(SO) o < '%} denotes the %—ball around the measured output.
2

Learning rule: The nominal minimum number Nz and the estimated Lipschitz constant Ly are two hyperparameters

obtained offline, introduced in section 4.3. Different from the fixed sampled data set in (Zheng et al., 2023), the sampled
data set Dy, is updated over time:

Dy, = {(5C)F(SEN)Ir € Kiz414)(33)
Remark 4: The sampled data set Dy, consists of sampled data from a continuous system arranged in time with the

same sampling period. Under the learning rule, the distance between every two samples is bounded. At each sampling

moment k, the oldest sample point S(k —N Z) is discarded and the latest sample point S(k) is retained. This construction

method maintains the number of recorded samples N7 by updating the sampled dataset. Under the Learning rule, the

time complexity for the KI prediction function is O (ZN M )

Definition 6 (KI estimated error (Zheng et al., 2023)): If the minimum input space is obtained, KI estimated error

”b(s(k),Ln,DNL) ||00 is bounded:

- 1 - -
(iGN LnDi,) = 5 (1(F1 50N 5 CLaN ) = €(Fi (5,50 L) )] € Ko,
sup |[o(sC).LnDn,)|| . =2(34)

3.2 Theoretical Analysis

Lemma 2 and Definition 6 have shown that if the minimum input space £ is obtained, both the NPL estimated error
and the KI estimated error are all bounded. It is important to note that the Learning rule is designed based on the
nominal minimal input space. The conservative bounds of the NPL estimated error, as determined by the Learning

rule, will be analyzed in the following sections. Here, we present two definitions and a lemma for further analysis:

Definition 4 (¢-convergent, (Zheng et al., 2023)): For a positive constant &, denote a point set Sy = {s(r)|r € K.y}

&
is e-convergent to a point S(r*) € S by sy=s(r™): iff IAm € Kyi.n,Vr > my||s(r) —s(™) || < €.
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Definition 5 (£-denseness, (Zheng et al., 2023)): For a positive constant €, denote a set sequence Sy = {,|r € Kq.y}

is £-dense to a point s(r*) € 8y by cSN—g)S(T*): if dn € Kq.yn, 5ni>s(r*) A 8, € Sy. Denote a set sequence Sy is &-dense
to a point set 8y by SN—SMSN: Vs(r*) € 5N:5Ni>s(r*),

Lemma 3 (Proof given in Appendix.A): Using the learning rule, for any sample point s(k),r,k € Kx—n;+1:x and
positive constants p, there always exists a £"-ball around s(k), which is not all contained in the sampled data set Dy,
with €*=p/L":

~ . Ly _ _
bj(fj(r),s(k),Ln,Nz) <Lpe+e= P +e<p+ereKin+1:4(35)
which denotes the conservative bound of the KI estimated error by € =p + €.

Theorem 1: Using the learning rule, the nominal minimal input space L is €z-dense to the minimal input space L:
_ez
p(52) = (36)

where e =p/L, > &".

Proof: From Lemma 3, the £"-ball around a sample point s(k) € S,k € Kx_n;+1:x is equivalent to a neighborhood.
Note that the unknown Lipschitz constant L™ is estimated by Ly, using the hyperparameter A in Definition 2. Then, for

the nominal minimal input space, a larger neighborhood £-ball can be obtained:

Bg(s(k)) € Be(s(k)) = {5(7‘) € S[lIs(k) = s(Mleo < €z},k € Kk—nz+1:007 € Ki—n 4+1:4(37.)

In Definition 5, 3L also satisfies:
Vs € L,AM € Ky_y 41:6, V7 > m:dist(z,r) <¢&7(38)

where the function dist(,_c,s) satisfies: diSt(Z,r) = min||s* —s()|| v € Kx—_n,+1:k, and inequality (38) will be proved
s*eL

[o0)

by contradiction. Give an assumption:
3s" € LYM € Ky—_n, 41:1, AT > m:dist(z,r) > £7(39.)

which means there is no sample point recorded in the £z-ball around s*. That is B¢ (s(k)) N £ = ¢ . Define a probability
by:

pr(s) = P(s(r) € By (s(K)) )ir € Kimpps1.4(40)

Then, inequality (39) is equivalent to
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k
P(BystnZ=0)= || @-pisD@L)
r=k—Nz+1

Note that the probability p,(s™) is always nonnegative, and for p,-(s*) > 0, it satisfies:

lim P(B,(s(k)) NL = ¢) = (42))

L—0o0
which means the assumption fails. Then, the proof is completed. o
Here gives a lemma for further analysis of the conservative bound of the NPL estimated error:

Lemma 4: (Proof given in Appendix.B) For any sample point €L , denote &= argmin ||s(&) — s(7)||co,” €
el

Ky—n,+1:k by the nearest sample point in the nominal minimal input space L. With A= 2e, it holds that:

(Fi s LN L) < Fi(s(9) + Lalls(€) — s(Mlloo + &7 € Ky +1.4(43)

and for 4 > 2€, Lemma 4 still holds.
Theorem 2: For the minimal input space £, the NPL estimated error satisfies:

. L,+L" N
lF sy = Fs LDl < =7—p + 287 € Kion41:(44)
n

and using the Learning Rule, the NPL estimated that the error in inequality (44) still holds.

Proof: for the nearest sample point s(¢) € £, it holds:

(7,500, LN L) < Fi(5(©) + Lalls©) — s0)llen + 87 € Ko +1.4(45.)

From Lemma 4, it holds:

A 1 - -
7,500 = 5 (1, (Fi 500 L) + £,(F, 0500, LuN )
< Fi (@) + Lalls(©®) = 5 lloo + &7 € Ky 41:4(46.)

which can be rewritten as:
7, (s0.LD2) = Fi(s@)| . < Lals® = 5(llo + 27 € K147
Combining the bounded process noise If = fllo <& and Assumption 1, it holds that:

17,(s©) = FstoD|, < L715@®) = 5@ lleo + &7 € Ky 4148
14



Based on triangle inequality, sum inequalities (47) and (48):

£ (s —f(s(k).Lz,D.r,)llw <L+ L)lIs() — sl + 22
+ *

<= P + 287 € Kiow,1(49)
n

where the second inequality holds in Theorem 1.

_&
The validity of inequality (44) can be obtained by providing L using the Learning Rule. According to Theorem

1, the nominal minimal input space £ is ez-dense to the input space £. Then, the proof is completed. ]
4. Learning-based Path Tracking Control Strategy

The control objective is that the ROV tows the MRT accurately to track the reference path point. A hierarchical
control strategy consisting of a VSMPC controller and an LBMPC controller is developed, whose scheme is shown in
Fig.5.

Given a vector 1y = (XY, 1/)T,uT)T that stands for the reference path point, where X, and y, are reference position
coordinates. Y, is the reference yaw angle. u, is the reference surge speed of the MRT. Given a vector n =
(xxyYumrr)T, the path tracking deviation is denoted by e;: = (n —1n,) = (ex,ey,elp,eu)T. The VSMPC controller is
developed based on kinematic Model (3) to obtain the ROV’s virtual speed control law Vgoy to converge path tracking
deviation.

With the uncertain nonlinear dynamics in Kinetic Model (6) learned through the proposed NPL method, the LBMPC
controller is developed to compute the control input T by formulating an optimal control problem aimed at tracking the

ROV’s virtual speed control law Vroy.

Offline
Training
NPL Mehod
N ~ Dataset Udpate
#D Wi
XRov Uncertain Nonlinear
> Dynamics Learning
Vrov
T
47

Fig.5 Scheme of the learning-based path tracking control strategy
4.1 VSMPC Controller

Based on the kinematic model of ROVDMYV in Eq. (3), the discretized state space model of the MRT can be obtained:
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xmrr(k + 1) = Ay xmrr(k) + ByUpmrr(k)(50.)

where increment of the MRT’s speed ‘UMRT==(AuMRT,AvMRT,Aa)MRT)T is the control input. Denote the state of the
MRT by Xurr: = (n;umpgT). State matrix Ay and control matrix By satisty:

an=log2, HBu="e)

where T is the sampling time of the VSMPC controller. J represents a transformation matrix:

cosy —siny O
J= [sim/) cosy 0](52_)
0 0 1

To minimize the path tracking deviation with smooth speed change, a cost function J; is designed as follows:

N—1
Ji= Z llea IO, + 1Umrr GCUONIE, + lley (N [)IIE,(53.)
i=0

where Nj is predictive horizon in the VSMPC controller. Q; and R; are weight matrices. Denote terminal weight matrix
in the VSMPC controller by P;.

Note that the MRT’s speed and the increment of the MRT’s speed are bounded, and constraints can be given as:

UmRT € Vl‘={UMRT|UMRTmm <umrr < UMRTmaX}:uMRT € Ul:={uMRT|uMRTmm < Umgr < uMRTmax}(54-)

where UmgrT,,, and Uyrr,,, are known maximum and minimum MRT’s speed. Upmrr,,,, and Upmrr,,, represent known

maximum and minimum increments of the MRT’s speed.

max

Then, an optimal control problem is formulated to calculate the MRT’s virtual speed control law Vmgr,:

min i
Umrr(ilk),i € Ko.n,—1
XmrT(01K) = xmr7(k),Upmpr(0]k) = Upprr(k)
o t AMRT(L+ 1K) = Apxmrr (i) + ByUnrr (il )(55)
“vmrr(ilk),vmrT(Ni|k) €V, '
Umrr(ilk) €U,

where denote the solution to the optimal control problem by Uprr(ilk),i € Ko.n,—1, and the MRT’s virtual speed

control law Vyrr, can be obtained:
vmrr, = Uyrr(01K) + vmrr(K)(56.)
According to the kinematic model of ROVDMYV (3), the ROV’s virtual speed control law V4 can be calculated:

_ _ = WMRT
Vg = (uROV'UROV:5) (UMRT,UMRT, p ) (57.)

Remark 5: At any time k, with the state matrix Ay and the control matrix By in optimal control problem (55)
assumed to be constant, the optimal control problem (55) is equivalent to a quadratic programming (QP) problem. It is

important to note that solving a QP problem involves minimal computational burden. Consequently, calculating the
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virtual speed control of the ROV will not adversely affect the real-time performance of the learning-based path tracking

control strategy.
4.2 LBMPC Controller

Based on thedeductions from the kinetic model of the ROVDMYV in Section 2.2, a discretized Lipschitz nonlinear
model (Yu, Maier, Chen, & Allgéwer, 2013) can be obtained:

Xrov(k + 1) = Apxrov (k) + BRUgrov (k) + f(xrov(k)) + wyrr(k)(58.)

where w gt € R4¥*1 is the unknown bounded process noise from the rugged seafloor. Denote the ROV state by xrov:=

(Urov,YROV-WROV,0)T. The state matrix Ag and the control matrix Bg satisfy:

1+ TrXy, 0 0 0 TR 0 0
0 14+ TgrY 0 0 0 T 0
— =1 R _ R
AR =M 0 00 " 1+TpN, o[BR=M|o 0 T4l
0 0 Tr 1 0 0 0
myrr + Moy + ms — Xy, 0 0 0
_ 0 mygrr + Mrov — Yy 0 0
M = 0 Inoy — Nz 0 (59.)
0 0 0 1

where Tg is the sampling time of the LBMPC controller. M is the mass matrix. Note that the added mass ms is related
to the horizontal rotation angle 6, and the state matrix Ag and the control matrix Bg are time varying. To match the

Lipschitz nonlinear model (Yu et al., 2013), the added mass ms is simplified as a constant.

The function f(ygroy), consisting of the nonlinear dynamics, g(¥groy), the model mismatch from parametric
uncertainty and the simplification of the added mass ms, § and unknown external ocean current disturbance, he, is

given:

ftrov) = M~1(g(xrov) + 3) + he(60.)

where

2
— Frcos 6rov (Xvr + mrov)VrovWRrov + Xrrwroy + XuulUrov|urov
9Cro) = Frsindroy | Yuwurovvrov + (Yur — mROV)uROV%)ROV + Yuulvrov|vrov
Rov _Sg(a)l\élRT)Moz NyyurovVrov + NurUrovWrov "‘OIMRTUROV5/L2 + Nyrlwrovlwrov| ¢
T
= m—1[§]

With the function f(ygroy) learned by the novel NPL method, the state transition model used in the LBMPC

controller is given as:

Xrov(k +1) = Apxrov(k) + BRUgov (k) + f(SROV(k)'Ln'DNZ)(61-)

in which an extended state is given: Srov (k) = (xrov(k),Uroy (k)).
Denote the change of the control input by AUgoy (k) = Urov(k + 1) — Urov (k). To minimize the virtual speed
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deviation with smooth control input, the cost function [, is designed as follows:

Np—1 Np—2
fn=zi_0 ||ev(i|k)||én+zi_0 1AURov (iK1, + llev(Ny [K)1I3, (62.)

where Ny, is the predictive horizon in the VSMPC controller. @ and R, are weight matrices. Denote terminal weight

matrix in the LBMPC controller by P,. Consider constraints on the control input and the ROV’s speed:

Ugrov € Vn=={UR0V|UR0me < Vpov < UROVmax},
(Upov,AUgoy) € ]Ul:={(uR0V’AuR0V)|uROVmin < Ugov < Upov,,, ,AUrov,,, < AUgov < AuROVmax}(63-)

Then, an optimal control problem is formulated to calculate the control input:

min In
Urov(ilk)i € Koy, —1

Xrov(0lk) = xrov(k),Urov(0lk) = Urov (k)
¢ Xrov(l + 1k) = Arxrov(i|k) + BrUrov (i|k) + f(SROV(l|k) Ln'DNL)(64)

st “vrov(ilk),vrov(Nik) € Vy,
{Urov(ilk),AUgov(ilk)} € U,

where the solution to the optimal control problem is denoted by 'Ufgoy(ﬂk).i € Ko.n,—1. Then, the control input can be
obtained: T(k) = Upoy(0]k).

Remark 6: There is no terminal constraint introduced in optimal control problems (55) and (64), and the stability

analysis of the corresponding closed-loop system can be found in (Zheng et al., 2023).
4.3 Offline Training

In this section, the offline training in Fig.4 is introduced as two processes: coarse tuning and fine tuning. A nominal
MPC controller is designed to conduct one path tracking numerical simulation in the coarse tuning process. Based on
the numerical simulation results, the LACKI rule is utilized to preliminarily obtain an estimated Lipschitz constant Ly,
and an offline training algorithm is developed to preliminarily select a nominal minimum number of sample points Nz.
In the ¢ process, the estimated Lipschitz constant L, and the nominal minimum number N7 are utilized in the KI
prediction function to formulate LBMPC controller in section 4.2. Then, similar to the coarse tuning process, another

algorithm to optimize the two hyper-parameters is developed.

The nominal MPC controller is used to calculate the ROV’s control input, and optimal control problem (64) becomes:

min In
Uprov(ilk),i € Ko.n,—1
xrov(01k) = xrov(K), Urov (0]k) = Uroy (k)
St Xrov(i+ 1|k) = R)(Rov(l|k) + BRUROV(l|k) + g(XROV(l|k))(65)
Vrov (i|k),urov(Ni|k) EV
{Urov (ilk),AURov (ilk)} € Uy

when one path tracking numerical simulation is done, a sampled data set Dy can be obtained. Then, define the mean

square error of the KI estimated error by:

MsE=2>" [o(s.tun)]6)
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, and then the two offline training algorithms are given:

Algorithm 1 offline training algorithm for coarse tuning

1. Based on the sampled data set D7, using LACKI rule to calculate the estimatec
Lipschitz constant Ly

2. set MSEj45¢ to a large positive constant, and give a small positive constant o

3.fori=2:n

4. calculate mean square error of the KI estimated error

5. if [MSE — MSE},s| < 0&MSE < MSE| 55
6. break
7. end

8. MSE| 5= MSE
9. end

10.set Nz=i—1

Remark 7: From Lemma 3, the estimated error of the KI is bounded based on a nominal minimal input space.
Theoretically, if the nominal minimal input space is appropriate, a small mean square error for the KI's estimated error
can be achieved. Steps 4-9 in Algorithm 1 are employed to determine the suitable nominal minimum number of sample

points, which subsequently allows for the identification of the appropriate nominal minimal input space.

Note that the state transition model in the nominal MPC controller does not account for external ocean current
disturbances and parametric uncertainties, which limits the path tracking performance. In this case, sampled data set
used in the LACKI rule may not be suitable enough, and the nominal minimum number Nz can be optimized. Then,

the Algorithm 2 is introduced to search the optimal hyperparameters:

Algorithm 2 hyperparameter optimization algorithm for coarse tuning

1. set Nz and the estimated Lipschitz constant L, obtained from previous training.

2. perform one path tracking numerical simulation to obtain the data set D5

3. based on the sampled data set Dg,using the LACKI rule to update estimatec
Lipschitz constant Ly,

19



4. set MSEj4s¢ to a large positive constant

5.fori=Npn

6. calculate mean square error of the KI estimated error
7. if [MSE — MSEjuqt| < 0&MSE < MSEj,g

8. break

9. end

10. MSEj,q= MSE

11. end

12.set Nz=i—1

Remark 8: Similar to Algorithm 1, steps 4-10 in Algorithm 1 are also used to obtain the suitable nominal minimal

input space. Algorithm 2 need be iterated to obtain the optimal parameters Nz and Ly,.
5. Results and discussion

Numerical simulations are conducted to evaluate the learning performance of the novel NPL method and to verify
the path tracking control performance of the learning-based path tracking control strategy. The dynamic model of the
ROVDMYV, as deduced in section 2, is employed as the controlled object. This paper focuses on the learning-based path
tracking control strategy, utilizing scale models for the ROVDMYV, with parameter values provided in Section 5.1. The
learning-based path tracking control strategy is applied to the ROVDMV’s path tracking control, where the uncertain
nonlinear dynamics learned by the NPL method are treated as unknown. Numerical simulations are performed using
MATLAB, with an AMD Ryzen Threadripper PRO 3995WX 64-Core 2.70 GHz CPU and 256 GB of RAM running
Windows 10. Optimal control problems (64) and (65) are solved using the MATLAB function “fmincon(-),” while
optimal control problem (55) is addressed using the MATLAB function “quadprog(-).”

To verify the superiority of the proposed learning-based path tracking control strategy, a comparative numerical
simulation was conducted. The only difference with the proposed learning-based path tracking control strategy is that
optimal the in the comparative numerical simulation is the absence of the optimal strategy. Specifically, there is no
approach to address model mismatch arising from parametric uncertainties and external disturbances under process
noise. “MPC” denotes simulation results from the comparative numerical simulation, while “LBMPC” denotes
simulation results from the proposed learning-based path tracking control strategy. The reference path of the MRT is

generated by a sine curve:

X, =t
vy =5sin0.05¢ 67
Y, = arctan (0.25 cos (0.05t) )( )
u-=1
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5.1 Preliminary validation based on a degenerated individual ROV model

Indeed, validating the ROVDMYV model and the learning-based path tracking control strategy is essential for the
research's feasibility. However, the deep-sea mining system discussed in this paper is a complex, kilometer-scale giant
system, making it challenging to establish an experimental model for the underwater mining system. Due to constraints
in experimental conditions and funding, we utilize results from a degraded ROV model found in the existing literature
(Tijjani, Chemori, & Creuze, 2021) to validate the proposed LBMPC controller. The yaw angle control with the

proposed LMPC controller is performed in the presence of complex, unknown external ocean current disturbances.

Table.1 Yaw angle control performance

Average yaw angle Max yaw angle
Method

deviation (°) Deviation (°)
Proposed control strategy 0.05 0.01
Comparative control strategy 0.07 0.08

As the deviation results shown in Table 1, the achieved reductions yaw angle deviations demonstrate feasibility and
advantages of the proposed LMPC controller. In the proposed learning-based path tracking control strategy, the VSMPC
controller converts the MRT's control objective into the individual motion control for the ROV. Given that the LBMPC
controller has been shown to be effective for the individual control of the ROV, it is theoretically applicable to the
ROVDMYV as well.

5.2 Parameters Set

The parameters of the ROVDMYV scaled model are presented in Table 2. The hydrodynamic parameters of the
ROV are referenced from Chen and Bian (2023), while the parameters for the soft seafloor sediment are derived from
Al-Milli et al. (2010), Dai et al. (2021), and Zeng et al. (2021).

Table 2. Parameters of the dynamic model of ROVDMV

Parameter Value Parameter Value Parameter Value
L 0.5m l 2m b 1.4m
MMRT 40.5 kg Mgov 48.85 kg Irov 11.6 kgm?
IMRT 45.85 kgm? mg 4.12 kg Xy -3.9kg
Yy -149.9 kg N; -53.87 kgm? Xy -4.1 kg/m
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N, -547 kgm?/s/rad Yoo -553.4 kg/m Xouu -8.2 kg

N, -1037 kgm?/s/rad Y, -285.7 kg/m Xor -149.9 kg
Your -120.8 kg Xor -13.18kgm/rad Yuv -120.8 kg
Ny 13.6kg Nuw 1639 kg E; 0.95

E, 0.1 E; 0.1 Cl 420

w 244 5N 0] 6.2° N, 0.1

N, 6.36 Ts 12.2 kKN/m?3 c 5.4 kPa

Based on discretized state space models (50) and (58), a dynamical model of the ROVDMYV is deduced as the
controlled object in the numerical simulation. To verify the robustness against parametric uncertainty, external

disturbance and process, the parametric uncertainty, which leads to a perturbation of the nonlinear dynamics g, is
modeled as g = 0.1g.

Moreover, a complex unknown external ocean current disturbance, which combines the constant disturbance and the

time varying disturbance, is introduced:

0.1 * +0.2 = sin(0.5t)
_ ) 0.1+ 0.15 = sin(0.5¢)
he =10.05 + 0.1 = sin(0.5¢) (68)
0

. . . . . T
The unknown uniformly distributed bounded process noise is defined as: wpyprr = (W}WRT,W?WRT,W;QRT,O) ,

whrr € [—0.005,0.005], wigr € [ —0.005,0.005], wigr € [ —0.005,0.005]

Parameters in the VSMPC controller and the LBMPC controller greatly influence on the path tracking performance. In
the optimal control problem (55), the weight matrices Q; and P; are used to minimize the path tracking deviation, while
the weight matrix R; is used to ensure smooth changes in the virtual ROV speed control law. Similarly, in optimal
control problems (64) and (65), the weight matrices @, and P, are used to minimize virtual speed deviation, and the
weight matrix Ry, is used to achieve smooth control input. To intuitively demonstrate the superiority of the proposed
learning-based path tracking control strategy, the weight matrices and constraints in optimal control problems (64) and

(65) are all set to be identical. Table 3 presents the parameters used in the three optimal control problems (55), (64) and
(65).

Table.3 Parameters used in the optimal control problems
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Parameter Value Parameter Value Parameter Value
Q (44,52,1595,305)T P, 18585%7525')1‘ R, 18((385%7525')T
Qn (44,10,133)T Py (54,15,143)T R, (30,10,75)T
T; 0.05 Th 0.05 UMRT min —(0,0.3,0.02
UMRT x (1.5,0.3,0.02)T UMRT,;, (0.05,0.01,0.002) UMRT,,a — Umerr,,;,
VROV uin —(0,0.3,0.0D)T VROV gy (1.5,0.3,0.01)T UroViin  — UROV oy
UROV o (80,80,95)T AUROV 1y (10,1,10)T AURoV,y, = AUROV g

5.3 Learning Performance Evaluation

Note that the proposed NPL method is mainly developed from (Zheng et al., 2023). To intuitively demonstrate its

Method can be reduced by approximately 33%.

Table.4 Performance of the two NPL Methods

superiority, numerical simulations are conducted on the stabilization control of the system from the literature (Zheng et
al., 2023). As the results recorded in Table.4, the mean square error of the proposed NPL method is smaller than that of
the comparative NPL method. After offline training, the number of the sample points in the proposed NPL method is
nearly half of the comparative NPL method. Since the time complexity of the KI prediction equation is positively

correlated with the number of samples, the simulation time for the whole stabilization control of the proposed NPL

Proposed NPL Method Comparative NPL Method

Number of the sample points

Mean Square error

Simulation time (s)

6

0.0856

82.27

13

0.1251

123.18
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Fig.6 Results of the learned uncertain nonlinear dynamics (comparing the reference values, estimated values, actual

values with noise (left) and results of histogram (right) of the NPL estimated error)

It can be seen the proposed NPL learning method exhibits better learning performance. Therefore, the following
analysis focuses on the learning performance of the proposed NPL learning for the ROVDMYV’ uncertain nonlinear

function.

According to Remark 8, with hyperparameter 4 set to 0.0111, offline training is conducted, and the results are
recorded in Table 4. The iteration step equals to 0 means the data set used in offline training is from simulation results
of the comparative numerical simulation. The MSE converges to a constant value when the iteration step exceeds 3.
Besides, the estimated Lipschitz constant Ly and the nominal minimum number of sample points Nz also tend to be
invariable. Then, Nz is then set as 5, and Ln as 0.5578.

To visually evaluate the learning performance of the NPL method, with Nz and Ly, set according to the offline training
results, a numerical simulation for path tracking is conducted using the proposed learning-based path tracking control
strategy, with parameters set according to the offline training results. The numerical simulation results are presented in
Figures 6 and 7, where the distribution of the NPL estimated error is illustrated in histograms (Figure 6, right). Since
the values of the nonlinear function vary periodically, the results for the first 32 seconds are displayed in Figure 6 (left).
The solid black line represents the actual values, while the solid gray line indicates the measured output values of the
nonlinear function, which include process noise. To determine whether the NPL estimated error is bounded, the black
dotted line—derived by adding and subtracting the upper bound of the process noise from the actual values—is utilized.
The KI estimated error is depicted in Figure 7, where the scatterplot is shown on the left and the histogram is presented

on the right.

Table 5 Offline training results
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Iteration step MSE Ly Nz

0 0.0043 0.2712 4
1 0.0032 0.5344 5
2 0.0031 0.5546 5
3 0.0029 0.5578 5
4 0.0029 0.5578 5
5 0.0029 0.5578 5
8 (x10'3 ' , i . 250
56l 200 |
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S 4 ‘
£ 100 |
22 sol
0 ‘ : ‘ ‘ 0 : ‘ ‘
0 20 40 60 80 100 0 2 4 6 8
Time(s) KI estimated error %1073

Fig.7 Results of scatterplot (left) and histogram (right) of the KI estimated error.

As shown in Fig.7, the estimated error for the KI is less than 0.8%, which satisfies the conservative upper bound
analyzed in Lemma 3,set at 0.003. Additionally, as illustrated in Fig. 6, the estimated values align closely with the
actual values, and the NPL estimated error remains bounded. The absolute value of the NPL estimated error is less than
the conservative upper bound established in Theorem 2. When comparing the estimated values with the measured
output values, their trends are consistent, indicating that the estimated values are closer to the actual values. This
suggests that process noise is filtered to some extent by the NPL method. The histograms in Fig. 6 reveal a trend toward
normal distribution in the estimated values, with the estimated errors primarily concentrated around zero. However,
there is a time delay of one sampling period in the estimated values. According to the learning rule, the nominal minimal
input space contains only sample points from previous moments, rather than encompassing all possible sample points.

This explains the observed delay. Overall, the NPL method demonstrates good learning performance.
5.4 Path Tracking Performance Verification

To visually demonstrate the superiority of the proposed learning-based path tracking control strategy, Figure 8

illustrates the reference trajectory alongside the MRT's trajectory under both the and the path tracking deviation, where

position deviation is denoted by e, = ’e,zc + eJZ,. Table 6 shows the average and maximum values of the path tracking
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deviations, and the computing time. Compared with the MRT’s trajectory under “LBMPC”, the MRT’s trajectory under
“LBMPC?” fits the reference trajectory better, especially at the amplitude of the sine curve. As shown in Fig.9 and Table
4, yaw angle deviations of the “MPC” and “LBMPC” are small, less than 1°. However, path tracking deviations of
“LBMPC” are smaller than that of “MPC”. Average position deviation of “LBMPC” is reduced from 0.32m to 0.01m,
a reduction of about 97%. Maximum position deviation of “LBMPC” is reduced from 0.81m to 0.01m, a reduction of
about 98%. It can be seen that the proposed learning-based path-tracking control strategy achieves ideal control
performance and shows better robustness against strong disturbances and random noise. Moreover, the computing time
of the “MPC” and “LBMPC” are almost the same. The difference is that the optimization control problem of LBMPC
incorporates the KI prediction function in the state transition model. That means the NPL method will not bring much

extra computational burden when solving the optimal control problem, and good real-time performance can be ensured.

Trajectory MPC LBMPC

E
=
2 L
=
0
-6 s , s 2r - - - - ]
0 50 100 150 200 0 20 40 60 80 100
x(m) Time(s)
Fig. 8 MRT trajectory Fig. 9 Path tracking deviation
Table.6 Path tracking performance
Average position deviation (m) Max position deviation(m) Average computing time(ms)
MPC 0.32 0.81 12.31
LBMPC 0.01 0.01 12.47

For a more detailed analysis, range of the ROV’s speed and the control input are shown in Fig.10 and Fig.11. The
mean squared error (MSE) values are used to evaluate the smoothness of the control input is recorded in Table.7. It can
be seen that the Fy’s MSE of LBMPC is reduced about 60% compared with that of MPC. The Ty’s MSE of LBMPC
is reduced about 74% compared with that of MPC. As shown in Fig.11, the peak values of both Fy and Ty have also
Significantly decreased. Correspondingly, the sway velocity and the yaw rate of the LBMPC ranges more smoothly.

Therefore, the proposed learning-based path tracking control strategy can enhance the smoothness of the control input.
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However, the Fx’s MSE is decreased significantly. Nevertheless, the ROV’s surge speed of the LBMPC is also closer
to the expected value that of the MPC. Note that the ROV need maintain a constant surge speed to drag the MRT to
track the path. As the surge speed of the ROV is close to the desired surge speed, the control input F mainly addresses
the external disturbance under the random unknown process noise to track the constant surge speed. This explains why
the Fx’s MSE has not decreased significantly. To illustrate more intuitively, another three types of control input
trajectory are given: one without external disturbances and noise (NoOcdRan), one with only external disturbances

(Ocd), and one with both external disturbances and noise present (OcdRan).

From Fig.12, it can be observed that the control input in the “NoOcdRan” scenario is relatively smooth. In contrast
to the control input in the “NoOcdRan” case, the input under the “Ocd” scenario exhibits a sinusoidal trend. This is
noteworthy because the ocean current disturbance mainly consists of a sinusoidal signal, and the control input reacts
accordingly with a similar pattern. Comparing the control inputs from the “OcdRan” and “Ocd” cases, a random
chattering trend is evident. This behavior indicates that the control input is also addressing external disturbances and

process noise.

Table.7 MSE of the control input

MPC LBMPC
Fy 13.78 13.33
Fy 25.49 62.82
Ty 8.21 31.72
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6. Conclusion

In this paper, we propose a novel method and equipment for deep-sea mining, focusing on the path tracking control

of the ROVDMYV in the horizontal plane. Inspired by a bicycle model, we establish a dynamic model of the ROVDMV
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for further simulation analysis. Utilizing the KI prediction function and the LACKI rule, we employ a new
nonparametric learning method to capture the nonlinear dynamics affected by external current disturbances. This
nonparametric learning (NPL) method can filter out the process noise to some extent, yielding accurate estimated values.
However, since the sample points are derived from past moments, the estimated values exhibit a time delay of one
sampling period. Despite this delay, the NPL estimated error remains small and bounded. A learning-based path tracking
control strategy is proposed for the ROVDMYV, which consists of a Variable Speed Model Predictive Control (VSMPC)
controller and a Learning-Based Model Predictive Control (LBMPC) controller. The VSMPC controller is responsible
for calculating the virtual speed control law, while the LBMPC controller tracks this virtual speed control law, utilizing
learned nonlinear dynamics as the state transition model in its optimal control problem. Numerical simulations
demonstrate that the strategy achieves minimal path tracking deviation and smooth control inputs. Furthermore, the
inherent robustness of Model Predictive Control (MPC) effectively addresses the estimated errors in Nonlinear

Programming (NPL), confirming the efficacy of the proposed learning-based path tracking control strategy.

However, as demonstrated in Section 5.2, the estimated error of the NPL is significantly lower than the upper bound
established in Theorem 2. This indicates that the upper bound is overly conservative. Consequently, the theoretical
analysis of the upper bound of the NPL estimated error can be refined, and we intend to pursue this research in the
future.
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Appendix
A Proof of Lemma 3
Proof: Write the ball around s(k) as: Be*(s(k)) = {s(r) € S|||s(k) — s(M) |0 < €"}K7 € Ki—nz+1:k-

For any sampled data § € B¢+(s(k)), it satisfies:

w(Fi) LN = min  Fi3) + Lalls — s(Mlloo + €
S € B (s(k))

< fi(® + Lnll3 = s()lloo + &7 € Ki—n7+1:4(69.)

6(F 8 LuNL) = max  Fi(3) — Lalls — sl — @
S € Be(s(k))

> f1(3) = Lalls — s lloo — &7 € Kie—n,+1:£(70.)

Then, the KI estimated error satisfies:
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- 1 - -
b(7/ 500 L Diy) = 5 (wlF (50,500 L) — £(F (50,500 LNz
SLyIS—s(M|lw+E<Lpe* +e= i—’:p +e<p+e(71)

Then, the proof is completed. o
B Proof of Lemma 4

Proof: firstly, it can be easily found that:

uj(fj(r):s(k)'Ln:NZ) < Fi(s) + Lalls(®) = s(lleo + &7 € Ki—n+1:4(72.)

if an inequation ¥; (fj(r),s(k),Ln,N 1;) Suy (fj (r),s(k),L,,N L) can be proved, the proof'is completed. The inequation

will be proved by contradiction. Give an assumption:

&(F(r)s0,LaN ) > 4, (F (s, LN £) (73)
For convenience, two sample points are given:

ro= argmin fj(s(r)) + Lyl|s(k) —s() || + €(74.)

7€ Ky—ny+1:k

ri= argmax f;(s(r) — Lulls(k) — s(r)lleo — €(75.)

7€ Ky—ny+1:k

Then, inequality (73) is equivalent to:
Fi(s(r)) = Lalls(r1) = s(Mlleo — & > f(s(r0)) + Lalls(k) — s(ro)lleo + &(76.)
which can be rewritten as:
Fi(s(r)) = Fi(s(ro)) — 28> La(lls(r1) — s(Mlleo + lIs(k) — 5(ro)lleo) > Lalls(r1) — 5(r0)lleo(77.)
It can be obtained that:

fi(s(r) — fi(s(ro)) — 22
Is(r1) — s(ro)lleo

> L,(78.)

Based on Remark 2, it holds:

Fi(s(r) — f(s(ro)) — 2e
Is(r1) — s(ro)lle

< Ln(79.)

, and it can be seen that inequality (78) and (79) are contradictory, which means the assumption fails. Then, the proof

is completed.

30



For A > 2€, inequality (78) becomes:

Fi(s(r1) — Fi(s(ro)) — 2 L A—2e 80)
Is(r1) — s(o)lleo " lsGr) —sTolleo
and inequality (79) becomes:
Fi(s(r) — fi(s(ro)) — 2 B A—2e .
150D —sGolle =" 56D —sGollat
Thus, for A > 2¢, Lemma 4 still holds. o
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