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Abstract

Underwater-transportation systems have significant potential for both military and com-
mercial applications. Neural Network (NN)-based control offers enhanced robustness
for actuators to manage the states of autonomous underwater-transportation systems
which include Rigid-Connection Transportation Systems (RCTSs), Flexible-Connection
Transportation Systems (FCTSs) and Leader–Follower-Formation Control Transportation
Systems (LFFCTSs). In this study, NN-Augmented Control (NNAC) is applied to the afore-
mentioned three transportation systems to enable accurate path tracking by the actuators
installed onboard these systems under both ideal operating conditions and in the presence
of sensor and process noise. The Extended Kalman Filter (EKF) is employed to estimate
the system states under noisy conditions. The results demonstrate that NNAC provides
robust and adaptive control of actuators, achieving efficient trajectory tracking via the trans-
portation systems despite the influence of sensor and process noise disturbances. NNAC
predominance was also observed in comparison with the conventional PID controller.
Among the transportation configurations under the NNAC strategy, the RCTS exhibited
the highest tracking accuracy with the lowest power consumption by the actuators. The
power consumption of actuators installed on the LFFCTS was marginally higher than that
of the RCTS. However, the translational motion accuracy of the follower vehicle in the
LFFCTS was the lowest due to indirect actuation control through the formation controller.
In contrast, actuators in the FCTS showed the highest power consumption while motion
accuracy was comparatively lowest, attributed to the increased complexity of its dynamic
positioning requirements.

Keywords: Hovering Autonomous Underwater Vehicle (HAUV); Neural Network (NN);
actuation control; actuators; autonomous underwater-transportation systems; Rigid-
Connection Transportation System (RCTS); Flexible-Connection Transportation System
(FCTS); Leader–Follower-Formation Control Transportation System (LFFCTS); Extended
Kalman Filter (EKF)

1. Introduction
Efficient transportation of specialized payloads is a critical requirement in both the

military and commercial sectors. Traditional transportation methods mainly rely on land
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vehicles, aerial platforms or surface vessels, whereas underwater transport remains rela-
tively less prioritized. This is mainly due to the higher density and viscosity of water, which
increases hull resistance. However, the wave-making resistance at the sea surface may ex-
ceed the viscous resistance experienced underwater. Therefore, underwater-transportation
may be smoother and may provide reduced resistance.

Underwater transportation can be valuable in military operations where the movement
of payloads is required to remain concealed from enemy ships and aircraft. Another
significant benefit of underwater transportation is operational precision, as there are no
wave effects underwater. This capability would help the oil and gas sector, where subsea
infrastructure such as seabed-mounted extraction rigs could be transported and positioned
underwater with high accuracy and operational control [1].

Several strategies can be used to transport a payload underwater. One approach is
Rigid-Connection Transportation, where the vehicles and the payload are linked through
rigid structures [2–5]. In such transportation systems, a dynamic model is developed
by assuming that the vehicles, payload and connecting links behave as a single rigid
body [6]. Moreover, these configurations rely on centralized actuation control to track
the planned trajectory [7]. Another approach is Flexible-Connection Transportation, in
which the vehicles are connected to the payload through articulated joint links [8–12].
These joints introduce complex nonlinear dynamics due to the relative motions between
the vehicles and the payload. Therefore, actuator control must not only ensure accurate
trajectory tracking but also maintain the articulated links’ angles to ensure payload stability.
In centralized actuation control, an additional controller is dedicated to maintaining the
desired link angles. The third strategy is formation control-based transportation, in which
vehicles maintain a structured formation to ensure transportation of a payload. The Leader–
Follower (LF) framework is one of the most widely adopted formation control strategies.
For example, in Yufka’s work on autonomous multivehicle land transportation [13], the
vehicles acted as followers and the payload as the leader, with sensors and an actuation
control system installed on the payload. However, such an approach is not always suitable
for underwater applications because payload properties can vary significantly depending
on the mission. Therefore, this research adopts a configuration in which one vehicle is
dedicated as the leader and other vehicles as followers. They work together to maintain
formation to ensure the stability and controlled transport of the payload.

In this study, conventional torpedo-shaped AUVs are not used as they are not well
suited for transportation tasks as they lack the capability to produce precise motion in all
translational directions and need to rotate to achieve lateral and vertical movements. This
will disturb the upright orientation and stability of the payload. Moreover, these vehicles
cannot hover at the positions where payload is required to be picked up or dropped
with accuracy.

On the other hand, Remotely Operated Vehicles (ROVs) typically have a box-shaped
configuration and are equipped with multiple thrusters that enable actuation in all trans-
lational directions. Although this geometry leads to greater hydrodynamic resistance
compared with streamlined AUVs, the availability actuators in all translational directions
allow these vehicles to move in any direction with precision and maintain a stationary hov-
ering position. These capabilities are particularly beneficial for precise lifting, maneuvering
and placement of payloads in the underwater environment. Therefore, ROV-shaped vehi-
cles are inherently more feasible for underwater-transportation tasks. However, to employ
such vehicles in autonomous operations, either existing ROV designs must be modified
for autonomous control or new hovering-capable autonomous underwater vehicles must
be developed that can provide full translational mobility and stable station-keeping. In
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this work, a well-known ROV is considered to be operated autonomously and is named a
Hovering Autonomous Underwater Vehicle (HAUV).

In the study in this paper, a Neural Network-Augmented Control (NNAC) strategy
is implemented as the actuation control framework for underwater-transportation config-
urations composed of two Hovering Autonomous Underwater Vehicles (HAUVs). The
investigated systems include the Rigid-Connection Transportation System (RCTS), the
Flexible-Connection Transportation System (FCTS) and the Leader–Follower Formation
Control Transportation System (LFFCTS). This study advances the development of these
transportation architectures by integrating intelligent actuation control with an Extended
Kalman Filter (EKF) state estimator under realistic operational conditions under process
and sensor noises. The simulation results demonstrate the robustness of the NNAC ap-
proach in comparison with ideal-condition simulations. Furthermore, the Neural Network
parameters selected for ideal condition remain effective when applied to the scenarios
incorporating the aforementioned uncertainties and constraints.

This paper is divided as follows. Section 2 describes the HAUV and transportation
systems. In Section 3, the details of the development of dynamic models for transportation
systems are given. Estimator design is detailed in Section 4. In Section 5, the actuation
control architecture is discussed, while Section 6 details the addition of a Neural Network
into the control system. In Section 7, implementation of the controller for actuation control
is detailed. The trajectory generation strategy is explained in Section 8. Section 9 discusses
the selection of sensor and process noise levels. In Section 10, the results of the three
transportation systems are compared and discussed in detail. Finally, concluding remarks
are given in Section 11.

2. Systems’ Description
2.1. Hovering Autonomous Underwater Vehicle (HAUV)

The Minerva ROV, originally designed as a Remotely Operated Vehicle, was utilized
in this study in an autonomous mode and is therefore referred to as a HAUV. As discussed
earlier, this vehicle was selected due to its inherent stability and capability to generate
thrust in all translational directions. This enables precise and stable motion control in surge,
sway and heave. For payload transportation, it is essential that the system maintains high
stability, allows for accurate maneuvering in all translational directions without the need for
reorientation and possesses the ability to hover at a fixed position during payload pick-up
and drop operations. Owing to these characteristics, the ROV platform was selected and
adapted for the development of autonomous underwater-transportation systems.

The model coefficients and parameters of Minerva ROV are readily available in the
literature [14–16]. This vehicle is equipped with five thrust actuators. Among these, one
actuator provides thrust in the transverse direction, two actuators generate vertical thrust
and two are placed at a transverse angle of 10 degrees along the axial direction, providing
both axial and transverse thrusts.

2.2. Autonomous Underwater-Transportation Systems

Three underwater-transportation configurations were developed, each involving a
cubic payload transported by two Minerva HAUVs, as illustrated in Figures 1–3. A two-
vehicle arrangement was selected to enable detailed observation and analysis of the thrust
actuation responses of each vehicle and its associated connection mechanism, whether
through physical links or communication-based coordination, under different operational
conditions. For the RCTS, rigid aluminum rods with dimensions of 1 m × 0.25 m × 0.01 m
were used as connecting links between the vehicles and the payload. In the FCTS trans-
portation configuration, the articulated links of 3 m in length were initially set to zero
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displacement angles. For the LFFCTS configuration, both the leader and follower HAUVs
were initially positioned at zero pose. The follower vehicle was subsequently moved to the
desired relative pose with respect to the leader through a formation controller.

Figure 1. Rigid-Connection Transportation System.

Figure 2. Flexible-Connection Transportation System.

Figure 3. Leader–Follower-Formation Control Transportation System.

A cubic container with a volume of 1 m3 is used to represent the payload, resulting in
a buoyant force of approximately 10,055 N. In emergency situations, maintaining slightly
positive buoyancy is desirable so that the payload can naturally ascend to the surface. For
analytical simplicity, the payload in the RCTS configuration is assumed to be neutrally
buoyant, corresponding to a mass of 1.025 kg. In contrast, for the FCTS configuration,
maintaining neutral or slightly positive buoyancy is not practical. When the HAUVs
attempt to move downward from an initial stationary state, the payload may remain
stationary until sufficient tension develops in the articulated links, potentially causing
collisions between the vehicles and leading to instability in the system [17]. To mitigate this
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issue, the payload weight is set slightly higher than its buoyancy, at 10,100 N (approximately
1030 kg).

For the LFFCTS configuration, the payload is also considered as negatively buoyant
to ensure formation stability during transportation. Accordingly, the payload weight is
maintained the same as that used in the FCTS transportation configuration.

3. Dynamic Model Development—Transportation Systems
For the development of a dynamic model for Autonomous Transportation Systems,

the dynamic modeling of a single underwater vehicle has been studied in detail, as the
fundamental principles governing underwater dynamics remain the same. The detailed
derivation for single underwater vehicle is given in [1].

For the autonomous underwater transportation systems, a dynamic model for the
RCTS is developed considering rigid connection between HAUVs and payload, whereas
dynamic models for the FCTS and LFFCTS are developed considering flexible connections.

Studies conducted in a less complex single plane (vertical plane) enable effective
verification of the responses under disturbances. They also enable effective investigation of
controller and estimator countermeasures taken against the disturbances and noises. The
following assumptions are made:

• The Coriolis and centripetal terms are discounted as the payload will be transported
close to the area of operation using the support vessel;

• All the system components, i.e., the vehicles, payload, and links, are considered rigid
bodies of constant masses with no force variation. The mass distribution throughout
the transportation will remain the same;

• RCTS vehicles will have zero relative motion w.r.t. the payload;
• The transportation systems will be investigated below the base wave depth [18] to

completely ignore surface wave effects;
• Interference with other underwater bodies is assumed to be negligible;
• The articulated joint links of the FCTS transportation configuration have negligible

elasticity in this study;
• The FCTS links are also assumed to have zero mass as the values are less significant;
• The LFFCTS is also considered to have zero communication limitations, enabling a

focus on the formation link between the leader and follower.

3.1. RCTS Development

Newton Euler formulation [19] is used for the development of a dynamic model
for transportation configuration of the RCTS, similar to the method used for a single
underwater vehicle. In this representation, the position as well as orientation of the
transportation system is defined in an Earth-Fixed Frame (EFF), while velocities, forces and
moments are defined in a Body-Fixed Frame (BFF). All moment calculations are referenced
with respect to the center of the payload.

The equations of motion for the RCTS in matrix and vector form is shown in Equation
(1), where Mt is the mass matrix, as shown in Equation (2), Ct(v) is the Coriolis and
Centripetal matrix, Dt(v) is the damping matrix, gt(η) is the matrix of complete hydrostatic
terms, and τt is the thrust vector which includes the effects of all actuators in the RCTS.

Mt
.
v + Ct(v)v + Dt(v)v + gt(η) = τt, (1)

Mt =
k

∑
n=1

(M hn + Mln) + Mp (2)
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The mass matrix for the nth HAUV among a cluster of k vehicles in the RCTS setup is
denoted by Mhn. Analogously, Mln signifies the mass matrix for the nth link within the k
link assembly, with Mp identifying the mass of the transported payload.

The thrust-allocation matrix (Tat) comprises the thrust effects of k HAUVs in the
combined RCTS and is written as Equation (3), and the combined thrust force vector (ft)

for j thrusters on k HAUVs is expressed as shown in Equation (4). Finally, the combined
thrust vector (τt) is shown in Equation (5).

Tat = [Ta1Ta2 . . . .Tak], (3)

ft = [ f 1 f2 f3 . . . . . . f j
]T, (4)

τt = Tatft (5)

State terms will be reduced for the RCTS to only the vertical plane as we are analyzing
the transportation systems only in the vertical plane. The kinematic part of the dynamic
model becomes,

.
η = Jv, (6)

where the velocity vector of the underwater vehicle in the vertical plane in BFF (v), pose
vector in EFF (η) and transformation matrix (J) are shown in Equations (7), (8) and (9)
respectively.

v =

u
w
q

, (7)

η =

x
z
θ

, (8)

J =

cosθ 0 −sinθ

0 1 0
sinθ 0 cosθ

, (9)

The complete state dynamics for the RCTS and a single vehicle of the LFFCTS in the vertical
plane are written as,

.
x =

[ .
η
.
v

]
, (10)

where
.
η =


.
x
.
z
.
θ

 and
.
v =


.
u
.

w
.
q

.

3.2. FCTS Development

On the other hand, the Lagrangian approach [20] is used to derive the system dynamics
of the FCTS transportation configuration. In this formulation, the payload center is selected
as the reference point for deriving the governing equations. The relative motions of the
vehicles with respect to the payload are taken in the EFF, and the moment components are
evaluated about the payload center.

The Euler–Lagrange equation for the development of a dynamic model for the FCTS
is given as [1]:

d
dt

(
∂L
∂

.
qc

)
− ∂L

∂qc
= Qc, (11)
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where
L = T − U, (12)

T and U are the sum of the kinetic and potential energies of all parts of the FCTS.
qc represents the coupled and interdependent coordinates, whereas Qc represents

external forces and moments that are thrust forces and respective moments, in our case
represented as τc.

The motion dynamics in the vertical plane for the FCTS of multiple vehicles are
written in matrix and vector form as given in Equation (13), where the Mass matrix (M(η)),
Damping matrix (D

(
η,

.
η
))

and hydrostatic vector (g(η)) are given in Equations (14), (15)
and (20) respectively.

M(η)
..
η+ D

(
η,

.
η
) .
η+ g(η) = τ, (13)

M(η) =



Mt+Xt
..
x 0 0 · · · 0 0 −M1l1cα1 · · · −Mklkcαk

0 Mt+Zt
..
z 0 · · · 0 0 M1l1sα1 · · · Mklksαk

0 0 Iy1+M..
θ1

· · · 0 0 0 · · · 0
...

...
...

. . .
...

...
...

...
...

0 0 0 · · · Iyk+M..
θk

0 0 · · · 0
0 0 0 · · · 0 Iyp+M..

θ p
0 · · · 0

−M1l1cα1 M1l1sα1 0 · · · 0 0 M1l12 · · · 0
...

...
... · · ·

...
...

...
. . .

...
−Mklkcαk Mklksαk 0 · · · 0 0 0 · · · Mklk

2



, (14)

D
(
η,

.
η
)
=



Dtx 0 0 · · · 0 0
M1l1sα1

.
α1

−X .
x1l1cα1

· · · Mklksαk
.
αk

−X .
xklkcαk

0 Dtz 0 · · · 0 0
M1l1cα1

.
α1

+Z .
z1l1sα1

· · · M2lkcαk
.
αk

+Z .
zklksαk

0 0 M .
θ1

· · · 0 0 0 · · · 0
...

...
...

. . .
...

...
...

...
...

0 0 0 · · · M .
θk

0 0 · · · 0
0 0 0 · · · 0 M .

θ p
0 · · · 0

−X .
x1l1cα1 Z .

z1l1sα1 0 · · · 0 0 Dt1 l12 · · · 0
...

...
... · · ·

...
...

...
. . .

...
−X .

xklkcαk Z .
zklksαk 0 · · · 0 0 0 · · · Dtk lk

2



, (15)

Xt
..
x and Zt

..
z are the terms of added masses in surge and heave, respectively. Moreover,

damping terms are shown in Equations (16)–(19).

Dtx= X .
x1 + . . . X .

xk + X .
x p, (16)

Dtz= Z .
z1 + . . . Z .

zk + Z .
z p, (17)

Dt1 = X .
x1 + Z .

z1, (18)

Dtk = X .
xk + Z .

zk, (19)

https://doi.org/10.3390/act15050246

https://doi.org/10.3390/act15050246


Actuators 2026, 15, 246 8 of 34

g(η) =



0
gMt − Bt(

zg1W1 − zb1 B1
)
s θ1

...(
zgk Wk − zbk

Bk
)
s θk

−zbp Bpsθp

(W1−B1)l1sα1
...

(Wk−Bk)lksαk



, (20)

The vector of the combined thrust forces and moments (τ) is given in Equation (21) and the
vector of position, orientation and articulated links’ angles ( η) is shown in Equation (22).

τ =



τxp

τzp

τθ1
...

τθk

τθp

τα1
...

ταk



, (21)

η =



xp

zp

θ1
...

θk

θp

α1
...

αk


, (22)

The position of each HAUV in the configuration of the FCTS in the vertical plane is written
as Equation (23), where k is the last HAUV of the system. The dynamics of the FCTS to
obtain the states over time are shown in Equation (24).[

xn

zn

]
=

[
xp − lnsinαn

zp − lncosαn

]
n = 1, 2, . . . ..k, (23)

.
x =

[ .
η
..
η

]
=

[
v

M(η)−1(τ − D
(
η,

.
η
) .
η− g(η)

)] (24)

The actuator model is formulated based on the principle of virtual work, ensuring
that the actuator’s positioning relative to the system’s center is accurately represented. The
governing equation is expressed as:

τn = ∑j
ϵ=1 ∑k

n=1 n
∂(fϵ.ξϵ)

∂qc
, (25)
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where ϵ is the number of thrust actuators and j is the last actuator in the system. n is the
number of HAUV k is the last vehicle in the system. fϵ is the actuation vector of each thrust
actuator in the FCTS. ξϵ is the position of each actuator and is written as:

ξϵ = ξQ + LQϵeϵ, (26)

LQϵ represents the distance of the actuator from the HAUV. eϵ the directional vector for
LQϵ. ξQ shows the position of the HAUV w.r.t the payload, written as

ξQ = ξp + lρ (27)

ξp shows the position of the payload, l is the length of an articulated link and ρ is the unit
vector in the direction of l.

In the FCTS, the vehicles must maintain the prescribed inter-vehicle spacing, while
tracking the desired trajectory, and simultaneously maintain the required articulation
angles of the connecting links.

3.3. LFFCTS Development

The dynamic model for each vehicle of the LLFCTS remains the same as given in [1].
Figure 4 illustrates the absolute and relative poses of the leader and follower HAUVs.
The separation between the vehicles is defined by the components xL − xF and zL − zF,
where the subscripts L and F denote the leader and follower, respectively. To calculate the
follower’s relative displacement from the leader, these coordinates are mapped into the
leader’s BFF as follows: [

βx

βz

]
=

[
−cosθL −sinθL

sinθL −cosθL

][
xL − xF

zL − zF

]
, (28)

Or
βx = −(xL − xF)cosθL − (zL − zF)sinθL, (29)

βz = (xL − xF)sinθL − (zL − zF)cosθL, (30)

Figure 4. Pose of leader and follower of LFFCTS.

By differentiating Equations (29) and (30) in conjunction with kinematic models for
both vehicles, the time derivatives for the leader and follower separation are obtained.
The overall formation dynamics are then established by integrating these varying distance
components with the relative angular orientation, as formulated in Equations (31)–(33).

.
βx = −uL+uFcosθLF+wFsinθLF + βzrL, (31)
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.
βz = −wL−uFsinθLF + wFcosθLF − βxrL, (32)

.
θLF = rL − rF, (33)

where (uL, wL) and (uF, wF) are the velocity terms in the translational direction for the
leader and follower vehicles respectively, and rL and rF are the angular velocities of these
vehicles respectively. θLF is the difference between the pitch angles of the leader and
follower, as given in Equation (34):

θLF = θL − θF, (34)

Putting Equations (31)–(33) into matrix form produces:

.
χ = F(χ) + G(χ)vF, (35)

where
χ =

[
βx βz θLF]

T , (36)

vF =
[
uF wF rF]

T , (37)

F(χ) =

 βzrL − uL

−βxrL−wL

rL

, (38)

G(χ) =

 cosθLF sinθLF 0
−sinθLF cosθLF 0

0 0 −1

, (39)

By applying the technique of dynamic inversion, the actuation control input may be
formulated as:

vF = G−1(χ)
(
−F(χ) +

.
χ
)
, (40)

When a linear-feedback control law is employed as the formation controller, the resulting
expression is as follows:

.
χ = −kf(χ − χd) (41)

Consequently, the formation controller gain matrix
(
kf
)

ensures that the distance errors
between the leader and follower

(
eβx, eβz

)
, along with the relative pitch angle error (eθ),

asymptotically converge to zero.

3.4. Parameters of Transportation Systems

As discussed before, system parameters for the transportation systems are adopted
from the Minerva HAUV model [16], while link and payload parameters are derived
from DNV-GL data. Actuation input to obtain the desired states varies depending on the
transportation configuration: for the RCTS, only translational motion states are considered;
for the FCTS, the link displacement angles are included alongside translational states; and
for the LFFCTS, the translational motion states of each vehicle are treated independently.

4. Estimator Design
Underwater vehicles can be subjected to sea currents [21–23], sea waves [24,25], and

interactions with the sea bed [26], other underwater vehicles, sea animals or underwater
structures [27–29]. The effect of sea waves is ignored in this research due to the assumption
of deep-water operation. On the other hand, sea currents and interaction effects, as men-
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tioned above, could be applied under constant or random variation states [30–32]. In this
research, the effects due to random variation in these factors are taken as process noise.

Navigation sensors are required to locate an underwater vehicle. Noise can be added
due to the limitations of the equipment, for example, during amplification by amplifiers
and Analog-to-Digital Conversion by ADCs. There are environmental factors that could
add noise to the sensors. The sensor signals are affected by noise, resulting in inaccura-
cies/fluctuations that require rectification.

The Kalman Filter (KF) is employed to estimate the complete state of the vehicle in
the presence of stochastic disturbances and measurement noise. It is an optimal recursive
estimator that combines system model predictions with sensor observations to minimize the
effects of process and measurement uncertainties, thereby providing an accurate estimate
of the system state for actuators to use [33–36].

The Nonlinear Extended Kalman Filter [37] is used for the nonlinear system in this
research due to its accurate estimation and is widely used for unmanned underwater
vehicles [38,39].

The EKF is written as shown in Equation (42) assuming that both process noise (wd)

and sensor noise (wn) are zero-mean white Gaussian processes.

E
(

wd(t)wd(ζ)
T
)
= Vd∆(t, ζ), (42)

E
(

wd(t)wn(ζ)
T
)
= 0, (43)

E
(

wn(t)wn(ζ)
T
)
= Vn∆(t, ζ), (44)

where

∆(t, ζ) =

{
1 i f t = ζ

0 i f t ̸= ζ

}
(45)

E denotes the expected value (probabilistic mean) of a random variable, as detailed by
Michel Dekking [40]. Vd and Vn are positive semi-definite variance matrices, representing
sensor and process noise, respectively.

The EKF estimates system states in two stages: prediction and update, yielding optimal
state estimates for the underwater vehicle [41].

The nonlinear dynamics of an HAUV are expressed as:

.
x = f(x, τ) + wd, (46)

x is the state vector and τ is the actuator control input.
The measurement vector z can be written as:

z = h(x) + wn, (47)

h(x) represents the measured state values influenced only by process noise, whereas z
reflects the combined effect of both sensor and process noises. The estimated state vector
at the next time-step

(
x−k
)

is achieved by integrating the vehicle dynamics based on the
previous time-step state vector (x̂ k−1

)
. The corresponding predicted error covariance

matrix
(

Pk
−) is written as Equation (48).

Pk
− = FkP̂k−1Fk

T + Vd, (48)
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Fk represents the Jacobian matrix of states, as given in Equation (49), and the Kalman Filter
gain matrix (Kk) is determined as shown in Equation (50).

Fk =
∂ f (xk, τk)

∂xk

∣∣∣∣
xk=x̂k−1

, (49)

Kk = Pk
−Hk

T
[
HkPk

−Hk
T + Vn]

−1, (50)

Hk is the Jacobian matrix of measurements, written as Equation (51), and the state vector in
the next step (x̂k) can be determined as shown in Equation (52).

Hk =
∂h(x)

∂x

∣∣∣∣
x=xk

−
, (51)

x̂k = xk
− + Kk

[
zk − h

(
x−k
)]

, (52)

P̂k = [I − KkHk]Pk
−[I − KkHk]

T + KkVnKk
T (53)

5. Actuation Control Architecture
The control system is applied on the thrust actuators of the transportation systems to

track the desired trajectory. For obtaining the desired trajectory, a minimum snap trajectory
tool is used [7,42].

A centralized actuation control architecture is implemented for both the RCTS and
FCTS, as illustrated in Figure 5. In this framework, the controller operates on the error
(e), defined as the difference between the desired (xd) and measured (x) state vectors. For
the RCTS configuration, the control state vector includes the vehicle position, yaw angle,
and the corresponding velocity components. Roll and pitch dynamics are excluded from
the actuation control design because hydrostatic restoring moments naturally return the
system to an upright orientation. In contrast, the FCTS configuration incorporates the
articulated links’ angles in addition to the payload position and yaw angle in actuation
control. Consequently, the dimension of the state vector depends on the number of artic-
ulated links, which in turn is determined by the number of HAUVs participating in the
cooperative system.

Figure 5. Actuation control of RCTS and FCTS.

The controller output is generated as a thrust actuation vector in the EFF (τe). In the
case of the FCTS, this vector directly represents the desired thrust. For the RCTS, however,
it is transformed into the BFF by multiplying it with the inverse of the transformation
matrix

(
J−1), producing the desired thrust actuation vector (τd). The desired thrust is

subsequently mapped to the individual actuation units by applying the inverse of the
thrust-allocation matrix

(
Ta

−1
)

, yielding the desired thrust force vector for actuation fd.
A saturation function is applied to obtain the realizable thrust force vector ( f ), which is
then processed by the thrust actuation model to generate the actual thrust actuation vector
( τ). This thrust is applied as the control input to the system’s dynamic model to obtain the
updated state vector (x). The resulting state is continuously compared with the desired
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state (xd) to compute the error, and the process iterates until the required system response
is achieved.

A distributed actuation control architecture is implemented for the LFFCTS config-
uration, as illustrated in Figure 6. In this approach, a control system is first applied to
the leader vehicle to generate its desired state vector (xLd). The measured states of the
leader HAUV (xL) are then transmitted to the formation control module while also serving
as feedback for the leader’s control loop. The formation controller operates on the error
(eχ), defined as the difference between the desired (χd) and the current parameters (χ) of
the formation.

Figure 6. Actuation control of LFFCTS.

Based on this error and the leader’s actual states, the formation controller provides an
input command to the actuators to obtained the desired velocity vector for the follower
(uFd). This desired velocity vector is compared with the measured follower velocity vector
(uF) to determine the error (eF). The follower control system then acts on this error signal
to regulate the follower’s motion through actuators, enabling it to achieve the desired
response relative to the leader while maintaining the specified formation.

6. Neural Network-Augmented Controller (NNAC)
Artificial Neural Networks (ANNs) are a recent development towards making complex

calculations and fitting nonlinear functions as simply as possible. ANNs are very efficient
if they are trained with sufficient input–output data, they can even forecast output values
for input values not in the training input range. ANNs’ capabilities of prediction and
estimation are mainly due to the alteration of their intrinsic parameters in order to emulate
the input–output relationships for which the ANNs are trained. Neural Networks have
been employed in marine applications along with many other fields of research [43–46].
In [47], ANNs are applied to predict the results of towing tank tests and interpolated data
used in these tests.

PID controllers are the most used controllers in industries due to their simpler structure
and pragmatic design. However, PID-based controllers have a few limitations and lack
adaptiveness. Controlled plants have varying parameters, and these simple controllers
could hardly adapt to the change in plants due to both internal and external disturbances.
Many advanced control techniques have been employed by researchers in the past to
tackle problems concerning the adaptivity of the controllers. In [48], the Model Reference
Adaptive Controller is used with an appropriate reference model and PD controller to
ensure the dynamic positioning of sea-going vessels. This method has a clear disadvantage
in terms of employing a suitable reference model and appropriate scheduling of gains.
Similarly, in [49], an adaptive controller in terms of a fuzzy rule-based PID controller is
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employed for the control of semi-submersible marine platforms. This type of controller
has better adaptability to changes in environment but also requires large amplitudes for
the control force, which in turn requires an enhanced requirement for mechanical systems
with respect to thrusters. In [50], Adaptive Neuro-Fuzzy Inference Systems (ANFISs) are
applied for the control of robotic arms integrated into the battery-switching mechanism for
a collaborative network of mobile robots.

Neural Network-based control allocation approaches were employed for dynamic
positioning (DP) of ships in recent studies. In [51], an Extreme Learning Machine (ELM)-
based Neural Network thruster allocation scheme was employed that used thruster force
and command measurements for the training of the network and provision of control
allocation for the test data. A typical PID motion controller was used in this research along
with a Neural Network-based allocation method. A suitable architecture and number
of neurons in the hidden layer for shallow Neural Networks were selected based on the
optimized performance. The proximal Policy Optimization algorithm was used in [52] to
implement a Deep Reinforcement Learning (DRL) control scheme for DP problems. The
results obtained in both the simulations and sea trials were excellent. A pre-trained neural
DRL-based controller was less time-consuming in online operations; however, a certain
amount of time was required to train and test the DRL before it could be employed in the real
scenario. To address the complexities of environmental disturbances during this process,
an ESO-enhanced actor–critic reinforcement learning approach was adapted in [53], where
an observer compensates for lumped uncertainties to streamline the learning of tracking
controls for marine vessels. Furthermore, for systems involving multiple vehicles where
communication overhead is a concern, a fixed-time event-triggered consensus protocol
was developed in [54] to maintain high-precision coordination while significantly reducing
unnecessary actuation and data transmission.

To enhance self-adaptability, Neural Networks can be applied to realize the real-
time adjustment of controller parameters. A combination of the learning characteristics
of Artificial Neural Networks (ANNs) with PID control presents a robust solution. The
structure of the PID controller based on a Back Propagation (BP) Neural Network is shown
in Figure 7. The architecture comprises a PID controller for closed-loop stability and a Back
Propagation (BP) Neural Network that dynamically modifies weight coefficients to tune the
PID parameters (Kp, Ki, Kd). By tuning the PID parameters through the Neural Network,
a certain performance objective can be optimized.

Figure 7. NN-based PID controller—block diagram.

The BP Neural network uses both forward and reverse transmission to minimize the
output error signal. Reverse transmission alters the weights of neurons based on the output
error. Rather than relying on static gains, the ANN continuously monitors the state of the
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system by taking the tracking error (e) and its derivative (
.
e) as primary inputs. This allows

the network to capture the complex, nonlinear dynamics and environmental disturbances
inherent in underwater operations. Based on these real-time inputs, the ANN dynamically
computes and updates the proportional (Kp), integral (Ki) and derivative (Kd) gains. These
updated gains are then supplied to the PID controller, where the proportional, integral, and
derivative actions are internally realized in a standard manner. The auto-tuning capability
of NNAC ensures the PID controller remains optimized for varying conditions, directly
contributing to the significant RMSE reductions observed in this study and providing a
level of precision that conventional fixed-gain controllers cannot achieve.

7. Controller Implementation
The states of the RCTS and FCTS are centrally controlled using PID control. On the

other hand, individual vehicles of the LFFCTS are separately controlled using PID control,
and the formation controller of the LFFCTS is used as a linear feedback state controller
with a gain value of 1.5.

7.1. Neural Network-Augmented Control (NNAC)

In this paper, a Neural Network (NN) is applied to tune the parameters of PID
controllers to achieve the desired motion response of the transportation systems. The actual
states, desired states, and errors between the actual and desired states, as well as error
derivatives, are used as nodes in the input layer. A hidden layer is employed to provide
the most optimized outcomes after trials. The weights of the connection between input
and hidden layers are represented as wij. The output layer contains the parameters of PID
controllers for the states which are required to be controlled by minimizing the performance
index function as

E(k) =
1
2
(r(k)− y(k))2, (54)

At each sampling instant, the NN receives the current system error signals, computes
updated PID gains, and supplies them to the controller. The resulting control action affects
the plant output, which in turn updates the error signal. This closed-loop interaction
enables the NN to continuously learn the relationship between system dynamics and
optimal controller parameters.

These parameters are optimized for the changes in the state readings of the trans-
portation systems. The weights of the connection between hidden and output layers are
represented by wjo. The weights between input/ hidden layers and hidden/output layers
get updated by employing the gradient descent method to obtain the optimized control
parameters for the states of the transportation systems. It works by following the negative
gradient direction of E(k) for weights to optimize and attaching an inertia item for faster
convergence to the global minimum.

∆ω
(3)
il (k) = −η

∂E(k)

∂ω
(3)
il

+α∆ω
(3)
il (k − 1), (55)

η is the learning rate and α is the momentum factor.

∂E(K)

∂ω
(3)
il (k)

=
∂E(k)
∂y(k)

·∂y(k)
∂u(k)

·∂u(k)

∂o(3)
i

·
∂o(3)

i

∂net(3)i

·
∂net(3)i (k)

∂ω
(3)
il (k)

, (56)

u(k) is the output of the controller at instant k and o(3)
i is the output of all nodes in the

output layer, given as o(3)
1 = kp,o

(3)
2 = ki, o(3)

3 = kd, whereas net(3)i is the input of all nodes
in the output layer.
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The Neural Network for the RCTS has an 8-14-6 structure, as shown in Figure 8. For
each vehicle of the LFFCTS, the NN has an 8-10-6 structure, as shown in Figure 9. Although
both the RCTS and a single vehicle of the LFFCTS are modeled using rigid-body dynamics,
the Neural Network architecture for the RCTS employs 14 hidden neurons, whereas the
single LFFCTS vehicle uses only 10 hidden neurons. This difference arises because the
rigidly connected RCTS configuration comprises two HAUVs, two manipulators and a
payload, forming a comparatively larger and more complex rigid structure than a single
HAUV. Consequently, achieving and maintaining the pitch angle response of the RCTS
within ±2 degrees demands greater control efforts. Moreover, the Neural Network for
the FCTS, as illustrated in Figure 10, adopts a 16–10–12 architecture, as the vehicles must
independently maintain their positions and orientations with respect to the payload. The
output layer uses the non-negative sigmoid function as the activation function while the
hidden layer uses the negative and positive symmetric sigmoid functions. The output layer
employs a non-negative sigmoid function, as the output cannot be negative.

Figure 8. NN architecture—RCTS.

x and z are the actual states in surge and heave. xr and zr are the desired states in
surge and heave. ex and ez are the differences between the actual and desired states in surge
and heave, respectively. dex and dez are the error differentials in the direction of surge and
heave, respectively. λ1 and λ2 are the actual articulated link angles of the FCTS. λ1r and λ2r

are the desired articulated link angles of the FCTS. eλ1 and eλ2 are the differences between
the actual and desired articulated link angles. deλ1 and deλ2 are the differential of the errors
in the displacement angles.

After several simulation tests with various NN parameters, the selected parameters
for the transportation systems are shown in Table 1.
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Figure 9. NN architecture—each vehicle of LFFCTS.

Figure 10. NN architecture—FCTS.

Table 1. BPNN parameters.

S. No. Parameters RCTS FCTS LFFCTS

1. Learning rate (η) 0.5 0.5 0.5

2. Momentum factor 0.1 0.1 0.1

3. Gain adjustment 20 (surge)
18 (heave)

20 (surge)
30 (heave)

500 (displacement angle link 01)
500 (displacement angle link 02)

18 (leader’s surge)
15 (leader’s heave)
4 (follower’s surge)
4 (follower’s heave)
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7.2. Conventional PID Control

For comparison purposes, a conventional PID controller with manual tuning of PID
gains is also implemented on the autonomous transportation systems under sensor and pro-
cess noise. In this regard, several simulation tests were performed using different PID gains.
After confirming the reasonable trajectory tracking at several simulation runs, the PID gains
are selected as mentioned in Tables 2–4 for the RCTS, FCTS and LFFCTS respectively.

Table 2. PID gains for RCTS.

KP KI KD

Surge 100 0.5 5
Heave 100 0.5 5
Pitch 10 1 2

Table 3. PID gains for FCTS.

KP KI KD

Surge 100 0.1 5
Heave 100 0.5 5
Pitch 10 1 2

Swing angle 01 1000 10 50
Swing angle 02 800 10 40

Table 4. PID gains for LFFCTS.

KP KI KD

Leader
Surge 70 0.2 3
Heave 100 0.5 3
Pitch 10 2 1

Follower
Surge 15 3 1
Heave 15 6 1
Pitch 10 2 1

8. Planned Trajectory
Due to their centralized actuation control architecture, both the RCTS and FCTS

were assigned the task of following a predefined trajectory as an integrated system. In
contrast, within the LFFCTS configuration, the leader HAUV was responsible for tracking
the planned path, while the follower HAUV maintained a specified spatial separation from
the leader in accordance with the distributed control strategy. The waypoint coordinates
used for trajectory tracking by the RCTS and FCTS are presented in Table 5, whereas the
waypoints for the leader HAUV in the LFFCTS are provided in Table 6.

Table 5. Waypoints of planned path for RCTS and FCTS.

Waypoints Position
x(m), z(m), θ(o)

1 (0.00), (0.00), (0.00)
2 (5.00), (10.00), (0.00)
3 (10.00), (15.00), (0.00)
4 (20.00), (20.00), (0.00)
5 (20.00), (20.00), (0.00)
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Table 6. Waypoints of planned path for LFFCTS’s leader vehicle.

Waypoints Position
x(m), z(m), θ(o)

1 (0.00), (0.00), (0.00)
2 (7.12), (10.00), (0.00)
3 (12.12), (15.00), (0.00)
4 (22.12), (20.00), (0.00)
5 (22.12), (20.00), (0.00)

The difference in waypoint values between the connection-based transportation con-
figurations and the LFFCTS arises from the requirement that the leader in the LFFCTS must
follow a trajectory that allows the payload to remain at a fixed offset distance of 4.24 m.
This ensures that the payload position remains consistent across all three transportation
configurations. The planned trajectory is divided into four segments. During the first three
segments, the RCTS, FCTS, and the LFFCTS’s leader HAUV move sequentially between
the defined waypoints. In the final segment, the systems remain at the target location for
an equal time to segment the transit period in order to compensate for potential timing
delays or positional offsets that may occur during motion. This phase also evaluates the
capability of each transportation configuration to maintain at a near-stationary position
over an extended period. A segment duration of 40 s was selected for each path section
based on the operational timing requirements of the maneuver.

9. Levels of Sensor and Process Noises
In this report, sensor and process noise is separately implemented in the transportation sys-

tems. Sensor noise represents uncertainties in sensor readings, whereas process noise represents
unmodelled system dynamics and environmental disturbances acting directly on the transporta-
tion systems; this includes ocean currents and underwater hydrodynamic uncertainties.

9.1. Sensor Noise

In this section, the levels of processes and sensor noises are defined in a random
variation state. The EKF estimator is applied to estimate the correct vehicle’s states under
the defined noise levels.

For the localization of transportation system, an Inertial Measurement Unit (IMU) is
installed at the center of the transportation systems for the measurement of pose.

IMU contains a triaxial accelerometer and a triaxial rate gyro [55]. They would
experience sensor noise which needs to be included in the EKF design. The variances of
the IMU and USBL fusion system used in [56] are shown in Table 7, whereas the IMU used
in [57] for the SLAM system has the variances shown in Table 8.

Table 7. IMU and USBL readings.

Standard Deviation (σ) Variance
(σ2)

IMU Accelerometer 5.886 × 10−3 m/s2 3.46 × 10−5 m2/s4

IMU Gyro 0.05 deg/s 2.5 × 10−3 deg2/s2

The sensor noise variance values for the IMU accelerometer and gyro have values
less than 3 × 10−3 m2/s4 and 3 × 10−3 deg2/s2 [56,57]. To get the values of velocity,
position, and orientation from the IMU, integration is required, which will increase the
standard deviations and hence the variances. The acceleration is single-integrated to get the
translational velocities and double-integrated to obtain the position. The integration process
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increases the noise and hence increases the variance. Therefore, the variance of translational
velocities considering the maximum values is of the order 10−2 m2/s2 and the variance of
position is of the order 10−1 m2. On the other hand, the angular velocity is single-integrated
to get the orientation. Therefore, the variance of angular velocity considering the maximum
values is of the order 10−3 deg2/s2 and the variance of orientation is of the order 10−2 deg2.

Table 8. SLAM readings.

Standard Deviation
(σ)

Variance
(σ2)

IMU Accelerometer 0.0524 m/s2 2.75 × 10−3 m2/s4

IMU Gyro 0.01d eg/s 1 × 10−4 deg2/s2

From the above discussion, the sensor noise variances of the measured values of the
pose for the underwater-transportation systems are given in Table 9.

Table 9. Selected sensor noise variances for the underwater-transportation systems.

Variance
Vn

Position 0.4 m2

Orientation 0.08 deg2

Translational velocity 0.05 m2/s2

Angular velocity 0.005 deg2/s2

9.2. Process Noise

Process noise is due to unknown and uncertain dynamics as well as randomly applied
external disturbances. All these effects are considered as zero-mean Gaussian noise of
known variances. No prior studies were identified that describe how underwater envi-
ronmental effects can be translated into process noise variances for underwater vehicles.
However, some reference values are available for surface vehicles. For example, in [58],
the velocity process noise variance is assumed to be 10−2 m2/s2 along each of the three
axes, while the attitude process noise variance is taken as 10−2 deg2 for each rotational
axis. Although these values correspond to a surface vehicle, they provide a useful basis for
approximating suitable variances for underwater applications.

As aforesaid, an approximation is made to include the variances of process noise
for the underwater vehicle. The average sea current velocity for the Strait of Gibraltar is
0.2 m/s [59]. If this is considered as the standard deviation, the variance of sea current
velocity becomes 0.04 m2/s2. The velocity variances due to other factors are also considered
to be 10−2 m2/s2. This matches the assumption of variance for the velocity terms for a
surface vehicle in the above paragraph. For the position of the vehicle, integration of
velocity is required, which will induce further noise. Therefore, the variance of position is
considered to be 10−1 m2. The angular velocity variance is considered to be 10−2 deg2/s2

and the orientation variance is considered to be 10−1 deg2. This is considered higher than
the variance for the orientation/attitude for a surface vehicle in the above paragraph. The
selected process noise variances for the underwater-transportation systems are illustrated
in Table 10. The EKF estimator takes into consideration randomly varying sensor and
process noise to locate the vehicle.
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Table 10. Selected process noise variances for underwater-transportation systems.

Variance
Vd

Position 0.6 m2

Orientation 0.8 deg2

Translational velocity 0.05 m2/s2

Angular velocity 0.06 deg2/s2

10. Results and Discussion
The results were obtained under both ideal conditions and under random variations

in process and sensor noises. Graphs obtained under ideal condition simulations are
given in Appendix A, i.e., Appendix A.1 for the RCTS, Appendix A.2 for the FCTS and
Appendix A.3 for the LFFCTS. On the other hand, results obtained under sensor and
process noises are detailed in this section. Comparisons of the results for motion accuracy
and power consumption are shown in Tables 11 and 12 respectively.

Table 11. Motion accuracy of transportation systems under NNAC.

RCTS FCTS LFFCTS

Under Ideal
Conditions

Under Sensor
and Process

Noises

Under Ideal
Conditions

Under Sensor
and Process

Noises

Under Ideal Conditions Under Sensor and
Process Noises

Leader Follower Leader Follower

RMSEx (m) 0.57 1.08 1.03 1.14 0.62 1.95 1.03 2.08
RMSEz (m) 0.83 1.22 0.86 1.01 0.76 1.44 0.98 1.92
RMSEθ (o) 0.0 0.67 - - 0.0 0.0 0.33 0.33
RMSEλ1 (o) - - 4.06 4.32 - - - -
RMSEλ2 (o) - - 4.90 5.13 - - - -

Table 12. Power consumption by the transportation systems under NNAC.

RCTS FCTS LFFCTS

Under Ideal
Conditions

Under Sensor
and Process

Noises

Under Ideal
Conditions

Under sensor
and Process

Noises

Under Ideal Conditions Under Sensor and
Process Noises

Leader Follower Leader Follower

RMSX (Watt) 54.2 124.3 90.9 86.6 31.5 30.0 63.2 54.0
RMSZ (Watt) 68.9 78.9 89.4 128.3 45.9 21.8 44.1 45.2
RMSM (Watt) 0.0 0.0 - - 0.0 0.0 0.0 0.0
RMSQ1 (Watt) - - 39.9 43.8 - - - -
RMSQ2 (Watt) - 39.9 40.3 - - - -

Total (Watt) 123.1 203.2 260.1 299.0 129.2 206.5

10.1. RCTS Response Under Sensor and Process Noises

From Figure 11a, the RCTS is accurately tracking the planned trajectory in surge and
heave. Moreover, the restoring hydrostatic moment keeps the pitch angle within ±3◦ under
the effect of sensor and process noises.

Figure 11b shows varying thrust forces while following the planned path under the
NN controller. The maximum axial thrust force is applied between waypoints 3 and 4 of
the planned path for RCTS as defined in Table 5, due to the longer distance that is required
to be traveled in the same allocated segment time.
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Figure 11. RCTS while trajectory tracking under constraints: (a) translational and angular motion
response; (b) thrust forces.

10.2. FCTS Response Under Sensor and Process Noise

For the FCTS configuration, the system is tasked not only with trajectory tracking
but also with maintaining displacement angles of +40◦ and −40◦ for flexible joint links
01 and 02, respectively, under the influence of sensor and process noise. As illustrated in
Figure 12a, the planned path is followed accurately in both surge and heave directions.
The required articulated link angles are achieved and sustained effectively, as shown in
Figure 12b.

Figure 12c depicts the variations in thrust force as the system navigates each segment
of the planned trajectory while preserving the specified link angles. Initially, displacement
moments of ±1800 N are applied to set the desired angles of the links, as presented in
Figure 12d. Subsequently, the thrust moments fluctuate dynamically to maintain the link
displacements despite process and sensor disturbances.

Figure 12. Cont.
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Figure 12. FCTS response during tracking of the desired trajectory under constraints: (a) surge and
heave response; (b) articulated link angle; (c) force response by thrust actuators; (d) moment response
by thrust actuators.

10.3. LFFCTS Response Under Sensor and Process Noises

For the LFFCTS, sensor and process noises are separately applied to leader and
follower HAUVs of the transportation system.

From Figure 13, the leader HAUV is accurately tracking the planned trajectory and the
follower HAUV keeps its distance from the leader throughout the motion. The restoring
hydrostatic moments efficiently keep the pitch angle of each vehicle of the LFFCTS near
zero degrees under sensor and process noises.

Figure 13. Response of LFFCTS transportation configuration during trajectory tracking under
constraints (motion response in surge, heave and pitch).

Figure 14a,b show the force response by the thrust actuators of the leader and follower
HAUVs of the LFFCTS transportation configuration. The thrust force variation for the
leader HAUV is higher than for the follower HAUV.
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Figure 14. Response of LFFCTS transportation configuration during trajectory tracking under
constraints: (a) thrust force response by the actuators of the leader HAUV; (b) thrust force response
by the actuators of the follower HAUV.

Table 11 shows the RMSE values of the states for the three transportation systems
under ideal conditions and under sensor and process noises. The RMSE values of surge
and heave for the RCTS, FCTS, and leader HAUV of the LFFCTS have a maximum value of
1.03 m under ideal conditions and a maximum value of 1.22 m under process and sensor
noises. Meanwhile, the RMSE values of surge and heave for the follower HAUV of the
LFFCTS are comparatively higher at more than 2 m. This is due to the reason that the
follower HAUV gets commands from the leader through the formation controller, which
causes delays and inaccuracies. The RMSEs of the articulated link angles have a maximum
value of 4.90◦ under ideal conditions and 5.13◦ under sensor and process noises, which is
quite impressive with regard to controlling articulated link angles.

Table 12 shows the mean consumption of power by the transportation systems under
ideal conditions and under the influence of sensor and process noises. The RCTS consumes
the lowest power, whereas the power consumption of the LFFCTS is only 5% higher that
the RCTS under ideal conditions and only 4% higher under sensor and process noises. The
FCTS consumes the highest power due to its dynamic positioning problem.

The performance of autonomous underwater-transportation systems under NNAC
is compared with the conventional PID controller, as summarized in Tables 13–16.
Tables 13 and 14 indicate that NNAC achieves higher motion accuracy than conventional
PID, as RMSEs across all configurations have reduced, with improvements ranging from
26% to 72%. This demonstrates clear superiority of NNAC over conventional PID in motion
accuracy. The highest gains are observed in orientation control (up to 72% reduction), indi-
cating NNAC’s strong capability in handling nonlinear heading dynamics and coupling
effects. This confirms the robustness of NNAC for complex multi-vehicular systems and
environmental constraints.

On the other hand, Tables 15 and 16 show that the improvement in motion accuracy
comes at the cost of an increase in power consumption. The increase in total power
consumption is 25% to 41%. This additional energy directly contributes to much better
motion accuracy, with RMSE reductions ranging from 26% to 72%. Since all thrust levels
remain within the allowable actuator limits, the increased power demand remains safe and
can be considered a reasonable trade-off for achieving more reliable and precise trajectory
tracking in multi-vehicular underwater transportation.
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Table 13. Comparison of motion accuracy of RCTS and FCTS using conventional PID and NNAC.

RCTS FCTS

Conventional
PID NNAC Improvement

(%)
Conventional

PID NNAC Improvement
(%)

RMSEx (m) 2.09 1.08 48.3 2.12 1.14 46.2
RMSEz (m) 3.05 1.22 60 3.11 1.01 67.5
RMSEθ (o) 1.94 0.67 65.5 - - -
RMSEλ1 (o) - - - 9.6 4.32 55.0
RMSEλ2 (o) - - - 10.5 5.13 51.1

Table 14. Comparison of motion accuracy of LFFCTS using conventional PID and NNAC.

LFFCTS

Conventional PID NNAC % Improvement

Leader Follower Leader Follower Leader Follower

RMSEx (m) 1.67 3.45 1.03 2.08 38.3 39.7
RMSEz (m) 2.09 2.61 0.98 1.92 53.1 26.4
RMSEθ (o) 1.2 1.2 0.33 0.33 72.5 72.5
RMSEλ1 (o) - - - - - -
RMSEλ2 (o) - - - - - -

Table 15. Comparison of power consumption of RCTS and FCTS using conventional PID and NNAC.

RCTS FCTS

Conventional
PID NNAC % Increase Conventional

PID NNAC % Increase

RMSX (Watt) 86.21 124.3 39.7 57.64 86.6 33.4
RMSZ (Watt) 61.41 78.9 26.4 131.6 128.3 −2.6
RMSM (Watt) 0.0 0.0 0.0 0.0 0.0 0.0
RMSQ1 (Watt) - - - 14.92 43.8 65.9
RMSQ2 (Watt) - - - 20.93 40.3 48.1

Total (Watt) 147.6 203.2 27.4% 225.1 299.0 24.7%

Table 16. Comparison of power consumption of LFFCTS using conventional PID and NNAC.

LFFCTS

Conventional PID NNAC % Increase

Leader Follower Leader Follower Leader Follower

RMSX (Watt) 41.12 32.14 63.2 54.0 34.9 40.5
RMSZ (Watt) 40.42 29.87 44.1 45.2 8.3 33.9
RMSM (Watt) 0.0 0.0 0.0 0.0 0 0
RMSQ1 (Watt) - - - - - -
RMSQ2 (Watt) - - - - - -

Total (Watt) 122.62 206.5 40.6%

Overall, the RCTS demonstrated the highest tracking accuracy while consuming the
least power, which can be attributed to its treatment as a single rigid body with zero motion
between system parts. In contrast, the FCTS required substantially higher control gains
to regulate articulated link angles. These links, being hinged to the payload and vehicles,
exhibit sensitive relative dynamics akin to a complex dynamic positioning system, resulting
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in persistent oscillations even under elevated gain settings. The follower HAUV in the
LFFCTS exhibited the lowest motion accuracy, as it relies on the leader HAUV’s states
through the formation controller. The indirect and continuously varying input from the
leader introduces delays and inaccuracies in follower control. Additionally, the FCTS
incurred the highest power consumption due to the demands of its intricate dynamic
positioning requirements.

11. Conclusions
This study addresses a gap in the literature by applying Neural Network-Augmented

Control (NNAC) to multi-vehicle autonomous underwater-transportation systems, integrated
with an Extended Kalman Filter (EKF) state estimator under sensor and process noise condi-
tions. The NN utilized both forward and backward propagation, demonstrating robustness in
achieving precise motion responses even in the presence of disturbances. Comparison between
NNAC and conventional PID indicates that the transportation system under NNAC achieves
higher trajectory tracking accuracy, albeit with increased actuator effort. This trade-off is
acceptable provided the thrusters operate within their permissible limits.

Overall, the RCTS exhibited superior performance and robustness compared to the
LFFCTS and FCTS, particularly in terms of motion accuracy and minimal thruster actuation
requirements.

Nevertheless, the flexibility offered by the LFFCTS and FCTS is critical for navigating
narrow channels or re-configuring HAUVs to avoid scattered obstacles, which might
not be possible with the rigid structure of the RCTS configuration. Between these two
configurations, the LFFCTS achieved better motion precision with lower thrust efforts and
power consumption, whereas the FCTS required the highest control efforts and power due
to the highly sensitive dynamics of its articulated links.

It can be concluded that the RCTS is the most suitable option while operating in
deep waters with no narrow channels and scattered obstacles. Whereas, for constrained
environments with narrow channels and scattered obstacles, where positional adjustment
of the vehicles is required, the LFFCTS is better suited. The FCTS is comparatively a less
viable option due to its higher power consumption and lower motion and control accuracy.

Future work may explore more advanced intelligent controllers for these transporta-
tion systems, evaluating thrust efficiency and actuator performance across configurations.
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Abbreviations
The following abbreviations are used in this manuscript:

NN Neural Network (NN)
EKF Extended Kalman Filter
RCTS Rigid-Connection Transportation System
LFFCTS Leader–Follower-Formation Control Transportation System
FCTS Flexible-Connection Transportation System
HAUV Hovering Autonomous Under Water Vehicle
ROVs Remotely Operated Vehicles
NNAC Neural Network-Augmented Control
EFF Earth-Fixed Frame
BFF Body-Fixed Frame
IMU Inertial Measurement Unit
RMSE Root Mean Square Error
RMS Root Mean Square
DRL Deep Reinforcement Learning
SLAM Simultaneous Localization and Mapping
USBL Ultra-Short Baseline
PID Proportional Integral Differential
DP Dynamic Positioning
ELM Extreme Learning Machine
ANN Artificial Neural Network
BPNN Back-Propagation Neural Network
Pose Position and orientation

Appendix A
Graphs showing response of transportation systems under ideal conditions:

Appendix A.1. RCTS Under Ideal Conditions

Figure A1. Cont.
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Figure A1. RCTS response while tracking the desired trajectory under ideal conditions; (a) transla-
tional and angular motion response; (b) thrust forces.

Appendix A.2. FCTS Under Ideal Conditions

Figure A2. Cont.
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Figure A2. Cont.
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Figure A2. FCTS response while tracking the desired trajectory under ideal conditions; (a) trans-
lational motion response; (b) displacement angle response; (c) thrust force response; (d) thrust
moment response.

Appendix A.3. LFFCTS Under Ideal Conditions

Figure A3. Cont.
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Figure A3. LFFCTS response while tracking the desired trajectory under ideal conditions; (a) trans-
lational motion response; (b) thrust response of the leader HAUV; (c) thrust response of the fol-
lower HAUV.
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