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Abstract

High-precision spiral trajectory tracking for aquaculture net-cage inspection is hindered by
uncertain hydrodynamics, strong coupling, and time-varying disturbances acting on an
underactuated autonomous underwater vehicle. This paper adapts and validates a model-
data-driven learning-aided adaptive robust control strategy for the specific challenge
of high-precision spiral trajectory tracking for aquaculture net-cage inspection. At the
kinematic level, a serial iterative learning feedforward compensator is combined with a line-
of-sight guidance law to form a feedforward-compensated guidance scheme that exploits
task repeatability and reduces systematic tracking bias. At the dynamic level, an integrated
adaptive robust controller employs projection-based, rate-limited recursive least-squares
identification of hydrodynamic parameters, along with a composite feedback law that
combines linear error feedback, a nonlinear robust term, and fast dynamic compensation
to suppress lumped uncertainties arising from estimation error and external disturbances.
A Lyapunov-based analysis establishes uniform ultimate boundedness of all closed-loop
error signals. Simulations that emulate net-cage inspection show faster convergence, higher
tracking accuracy, and stronger robustness than classical adaptive robust control and other
baselines while maintaining bounded control effort. The results indicate a practical and
effective route to improving the precision and reliability of autonomous net-cage inspection.

Keywords: underactuated AUVs; net-cage inspection; spiral trajectory tracking; learning-
aided adaptive robust control (LARC); disturbance rejection

1. Introduction

Autonomous underwater vehicles (AUVs) have attracted sustained interest across sci-
entific, commercial, and defense domains owing to their ability to execute missions beyond
human reach. Typical applications include subsea cable and pipeline inspection, seabed
mapping, search and rescue, and pollution source localization; they are also increasingly
deployed for inspection tasks in aquaculture net-cages [1-3]. To meet diverse operational
demands, an AUV must track prescribed trajectories in three-dimensional space with high
accuracy. This requirement is challenging because AUVs possess highly nonlinear, strongly
coupled, multi-degree-of-freedom dynamics with uncertain parameters and are exposed to
unknown environmental disturbances such as currents and waves [4,5]. Torpedo-shaped
platforms are often underactuated, i.e., the number of actuators is smaller than the degrees
of freedom, which imposes additional nonholonomic constraints on controller design.
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Offshore aquaculture with large net-cages is expanding as a means to increase marine
food production and improve food security. However, long-term exposure to wind, waves,
and currents leads to issues such as net damage and biofouling, which increase operational
risk and maintenance costs. Manual underwater inspection is inefficient, hazardous, and
difficult to scale for continuous monitoring. These constraints motivate robotic inspection
within the cage interior, where the AUV must follow near-wall spiral trajectories in confined
spaces with pronounced curvature and coupled wave—current disturbances.

To address the trajectory tracking problem for AUVs, a wide spectrum of control strate-
gies have been explored. Classical proportional-integral-derivative (PID) control, while
simple, often lacks the required performance under strong nonlinearities and time-varying
disturbances [6]. To enhance robustness, nonlinear techniques such as sliding-mode control
(SMC) offer strong guarantees against bounded uncertainties but may induce chattering
detrimental to actuators and motion smoothness [7-9]. More advanced approaches, in-
cluding adaptive control [10-14] and robust control techniques, are designed to handle
parametric uncertainties and external disturbances. Many of these robust solutions rely
on state observers or output-feedback designs to ensure stability even with limited sensor
information, a challenge pertinent across various autonomous systems from underwater
vehicles to intelligent connected vehicles [15,16]. Intelligent methods based on neural
networks or reinforcement learning [17,18] can handle parametric uncertainties or learn
complex dynamics. However, these methods primarily focus on general adaptation and
robustness. The spiral inspection task inside a net-cage is fundamentally repetitive, a
structural characteristic that most conventional controllers do not explicitly leverage to
systematically cancel recurring tracking errors. Furthermore, for the specific net-cage
application, specialized controllers like the helix-derived path-following method by Chen
et al. [3] have been developed. While effective for a predefined path, such fixed-parameter
designs may lack adaptability to variations in currents or vehicle dynamics.

The need to simultaneously handle uncertainty and exploit task repeatability motivates
the use of learning-aided adaptive robust control (LARC). This framework synergistically
combines the model-based robustness of adaptive robust control (ARC) [19-21] with the
data-driven error-cancellation capabilities of Iterative Learning Control (ILC) [22-24]. Its
efficacy has been well-established in high-precision mechatronics [25]. The application of
LARC to AUVs is an emerging and promising research direction. A foundational study by
Guo et al. [26] successfully applied a model-data-driven LARC for the spatial trajectory
tracking of underactuated AUVs, demonstrating its potential in general open-water scenar-
ios. Their work provides a valuable benchmark for LARC in marine robotics. However,
their study did not address the specific constraints of confined industrial environments like
net-cages, which involve highly structured spiral trajectories, pronounced near-wall hydro-
dynamic effects, and the need for operational reliability. This leaves a critical gap between
the general LARC framework and its practical application in autonomous aquaculture.

To fill this gap, this paper adapts and validates a learning-adaptive robust control
(LARC) strategy that is specifically tailored for the spiral trajectory inspection of an under-
actuated AUV operating inside a marine net-cage. The proposed approach is designed to
address the challenges of confined underwater environments, such as limited maneuver-
ability, external disturbances, and the need for precise trajectory tracking along the cage
boundary. To better situate our approach among existing solutions, Table 1 provides a
comparative analysis of representative control strategies reported in the literature, high-
lighting their suitability with respect to the key requirements of the net-cage inspection
task, including robustness, adaptability, and implementation feasibility.
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Table 1. Comparison of control strategies for net-cage inspection.
- - Handles -
Application Adaptability to . Data Stability
Method . Repetitive .
Context Uncertainty Requirements Guarantees
Tasks?
Proposed LARC  Net-Cage Spiral High (RLS + . Model-based +
(This Work) Inspection Robust Term) Yes (via ILC) past trial data uuB
LARC (Guo General 3D High (RLS + . Model-based +
et al. [26]) Trajectory Robust Term) Yes (viaILC) past trial data UUB
Helix Controller ~ Net-Cage Helical Low (Fixed Implicitly o
(Chen et al. [3]) Path Parameters) (path-specific) Model-based Not specified
RL-based General 3D High (Learned Possible (with ~ Large interaction Probabilistic/none
Control [16] Trajectory Policy) task framing) dataset
General 3D High (Robust to Model-based .
SMC 791 Trajectory Bounds) No (sliding surface) Asymptotic/UUB

As highlighted in Table 1, the proposed LARC strategy is uniquely positioned to
address all key aspects of the problem. To the best of our knowledge, this is the first study
to apply LARC to this specific scenario. The main contributions of this work are as follows:

First, we adapt the LARC framework to the net-cage inspection task by integrating a
serial iterative learning compensator with a feedforward-compensated line-of-sight (FFC-
LOS) guidance law. This integration is specifically designed to exploit task repeatability
and enhance tracking accuracy for spiral trajectories in a confined environment.

Second, we develop an integrated dynamic controller that combines adaptive-robust
feedback with projection-based, rate-limited recursive least-squares (RLS) identification.
This controller is validated against a composite disturbance profile that emulates the unique
hydrodynamic effects of near-wall operations.

Third, we provide a comprehensive validation of the proposed strategy, establishing
its superiority over relevant baselines. A Lyapunov-based analysis confirms the uniform
ultimate boundedness (UUB) of all closed-loop signals. Furthermore, comparative simula-
tions demonstrate that a single ILC iteration is sufficient to significantly reduce periodic
tracking errors, achieving substantial performance gains over standard ARC, RC, and
PID controllers.

2. Vehicle Model and Control Objective
2.1. Underactuated AUV Model

In this paper, an underactuated AUV with neutral buoyancy is considered. Before
formulating the mathematical model, the spatial coordinate frames are specified. As
illustrated in Figure 1, three frames are adopted: an earth-fixed inertial frame {I}, a body-
fixed frame {B}, and a Serret-Frenet path frame {F}. The subsequent kinematic and
dynamic equations are expressed with respect to these frames.

The vehicle considered is a torpedo-shaped AUV with port-starboard and dorsal-
ventral symmetry and approximately neutral buoyancy. The center of gravity lies below
the center of buoyancy, providing a positive metacentric height and passive roll stability in
the error dynamics mode. Under normal cruising conditions, the roll angle remains small
and self-stabilizing; hence, roll is neglected, and a five-degree-of-freedom model is adopted
for control design.
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Figure 1. Schematic diagram of AUV’s spatial trajectory tracking.

Let the position—orientation vector in the inertial frame {I} be 7 = [x,1,2,6,9]T,
where (x,y,z) are positions and (6, 1) denote pitch and yaw. Let the linear and angular
velocities in the body frame {B} be v = [u,v,w]T and w = [q,7]T, respectively. The
kinematic mapping between body-frame velocities and the time derivatives of inertial posi-
tions and attitudes is given by a Jacobian J(#2) determined by the Euler angle convention
used here (pitch-yaw). Detailed derivations follow standard marine control texts (e.g.,
Fossen) [27] and are omitted for brevity. Standard marine control notation is followed (e.g.,
Fossen [27]), and only the expressions relevant to this study are retained.

i =J(m)v
x cosipcos® —siny sinysind 0 0 | [u
y singpcos® cosyp singsind 0 0 | |v
z| = | —sinf 0 cos 6 0 0 w (1)
0 0 0 0 1 0 ||g
4) 0 0 0 0 cols 0 r

The dynamic model is derived from the Newton-Euler equations and relates
forces/torques acting on the AUV to its accelerations. The model accounts for rigid-
body inertia and added-mass effects (matrix M(-)), Coriolis and centripetal terms (C(v)),
hydrodynamic damping (D(v)), and hydrostatic restoring forces/torques (g(72)). Because
hydrodynamic terms are complex, accurate modelling is difficult and constitutes a major
source of uncertainty for control design. Following the standard formulation, the compact
underactuated AUV dynamics can be written as:

Mv+Cv)v+D(v)v+g(n2) =t+7d ()

where T denotes the control input and 7d lumps unknown time-varying environmental
disturbances (e.g., currents and waves).
Expanding the components yields the per-DOF equations:

mypi = mypovr — mazwq — dytt — dy, ulul + 7 + T4
MV = —myur — dyv — dyjy 0|0| + Tgp
maaw = myyuq — dy — dyyjw|w| — (W — B)sin® + Ty, 3)
711559 = (m33 - mn)uw - dqq - dq‘q|q|q| - (ZGW — ZBB)SiI‘lg +10+ Tiq
meet = —(mag — My )uv — dyr — dypp 7|7 + 73 + Ty
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Here, M (i) denote inertia terms, including added mass; d ) denote hydrodynamic
damping coefficients. The control input vector is T = [771,0, 0,1, T3]T, where 17 is the
propeller thrust and 1, 73 are the stern-plane pitch and yaw control moments. Since no
lateral actuator is installed, the vehicle is underactuated. The term 7; represents unknown

time-varying external disturbances such as currents and waves.

Assumption 1. During three-dimensional tracking, the pitch angle remains within a reasonable
operational range (e.g., |0|< 7t/2). This is appropriate for net-cage inspection tasks, as excessive
pitch compromises sensing (sonar, cameras) and may degrade hydrodynamic performance. External
disturbances and their time derivatives are assumed to be bounded.

Assumption 2. The control inputs are subject to actuator limits; there exist known positive

constants T gy Such that |t |< T ypax . Angular rates and their derivatives are bounded.

2.2. Control Objective

Let 1714(t) = [x4(t),ya(t),z4(t)]T be a given desired spatial trajectory, which is as-
sumed to be continuously differentiable up to a sufficient order. The position tracking error
is defined as e, (t) = [171 () — 714(t), where 71 (t) = [x(t),y(t),z(t)]T is the actual position
of the AUV.

The control objective is to design a control law for the input T such that, in the presence
of parametric uncertainties and external disturbances, all signals in the closed-loop system
are uniformly ultimately bounded (UUB). Specifically, the position tracking error e,(t)
should converge to an arbitrarily small neighborhood of the origin, i.e., for any given
performance bound € > 0, there exists a finite time T such that ||e,(t)|| < e forallt > T.

3. Controller Design

To fulfil the above control objective, a hierarchical (cascaded) control architecture
is employed. The outer kinematic loop computes desired velocity commands from the
position tracking errors, while the inner dynamic loop generates the actual forces and
moments required to track those commands. The overall learning-aided adaptive robust

Sensors
feedback

Tu,Tq,Tr

control framework is illustrated in Figure 2.

Ud, qd, ¥d

Kinematics Dynamics

Gontrol Control

+V;_|E

ILC
Compensation

5 The actual

Nonlinear robust

\
FFCLOS i feedback term i status of the
guidance b H AUV

law g { !
i
output| ! i
1 1 '
L !
i Fast dymatic ;
by [z®| compensation N \
_______________________ 0 term ! External
| ! -
i Adjustable model ! disturbances
} 1
1

compensation
ferm

|

g
=2
=
£
=]
g
&)

Figure 2. Schematic diagram of the LARC strategy for underactuated AUV.
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3.1. Kinematics Controller Design
3.1.1. Iterative Learning Feedforward Compensation

For repetitive missions such as net-cage inspection, iterative learning is effective for
improving path-tracking accuracy. In this work, a serial ILC structure is adopted as a
feedforward compensator placed upstream of the feedback loop. During the (j + 1)-th
execution of the task (j = 1,2, ..., j € [0, T]), the ILC update law is defined as:

nirc,j+1(t) = Qshirc,j(t) + Lsie,j(t) 4)

where 1 c is the feedforward compensation signal at the j-th iteration, expressed in the
Serret-Frenet frame, and 77, is the position tracking error recorded during the j-th iteration
(also expressed in the Serret-Frenet frame {F} and is defined in Equation (5). Q(s) is a
low-pass Q-filter used to ensure robustness to non-repetitive disturbances, and L(s) is the
learning-gain function. The ILC operates off-line to generate the feedforward term that will
be applied in the next run to correct the reference trajectory.

3.1.2. Error Dynamics Model for Trajectory Tracking

To design the controller, an error dynamics model is required. The position error in the
inertial frame is {I}, with e, = 11 — 7714, and with mapping e, to the Serret-Frenet frame
{F} attached to the desired path via the frame transformation matrix Tr, .. This yields
the along-track, cross-track, and normal errors x’e, e, and z’e, i.e., taking into account the
ILC feedforward compensation, the adjusted error is given by:

/
xe

e = || = R] (12a)(m — 1m1a) — 11rc (5)

Ze

Here, RT denotes the rotation matrix from the inertial frame {I} to the Serret-Frenet
frame {F}. To derive the error dynamics model, Equation (5) is differentiated concerning
time. This requires taking the time derivative of R}, substituting the AUV kinematics
in Equation (1), and using the differential geometric relations of the Serret-Frenet frame
(the Frenet-Serret formulas). After a series of coordinate transformations and algebraic
simplifications, the rates of the error variables can be expressed in terms of the errors
themselves and the actual vehicle velocities and attitudes. As the derivation is lengthy, we
present the results directly and refer the reader to [24] for details. Combining the above
differentiation with the kinematic Equation (1) yields the error dynamics model [24]:

/

i, = U cos ,c08 0, — Uy + 1pc0s Oyl — 042,
y, = U sin §,c0s 0, — 1,08 0%, — tpsin 0,2
2, = —U sin 6, + 04x, + ,sin 4" (6)
0o =q+i— 6y
Pe = coso +B— P4
In these expressions, U = v/u2 + 02 + w? is the vehicle speed, Uy is the desired path

speed magnitude, and 6, and ¢ . are the pitch and yaw tracking errors. The symbols « and
 denote the angle of attack and the sideslip angle, respectively.
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3.1.3. Kinematic Control Law Based on FFC-LOS

On the basis of the above error model, a kinematic controller is designed to generate
virtual velocity commands. We propose a feedforward-compensated look-ahead guidance
(FFC-LOS) method:

Uug U0 11,408 B0
Vi= |qal| = _kzzé — ko )
ra —kyyé — klplpg

where ky, k2, kg, ky are control gains. The angles 6,5 and 9,5 are the LOS guidance angles
augmented by the ILC compensation, defined by:

—(ze411Lcz)
Az

- (yH’?ILC,y) ) (®)
Ay

0105 = arctan

P)os = arctan

where Ay and A; are look-ahead distances. Controller (7) ensures convergence through the
feedback terms, while the LOS angles steer the attitude towards the path; the ILC terms
provide the feedforward correction.

3.2. Dynamic Controller Design

The goal is to design the control input 7 so that the actual velocity v tracks the desired
velocity v; generated by the kinematic controller (here, vy = [ug,q4, r4]T). The velocity-
tracking error is defined as ¢, = v — v;. The dynamic model in (3) is rewritten in a
parameter-affine form as:

Mv=®v,1)0+go(h2) + T+ 14 9)

where ®(v, 1) is the regressor constructed from the system states, © is the vector of
unknown hydrodynamic parameters, and go(#2) collects known hydrostatic terms.

3.2.1. Online Parameter Identification via Projection and Rate-Limited RLS

To cope with parametric uncertainty, a recursive least-squares (RLS) algorithm with
a forgetting factor is adopted to estimate © online. To ensure physical plausibility and
robustness, a projection operator and a rate limiter are incorporated. The modified update
laws are given by

6 = Proj, (rche,,,f),r — AT — proTor (10)

Here, © denotes the estimate of ©; Proj (-) projects the tentative update onto known
physical bounds, and the rate limiter constrains the update speed. I is the adaptive gain
matrix, and e, r is the filtered velocity-tracking error based on the prediction error. These
modifications enhance the stability and convergence of the identification process.

3.2.2. Adaptive Robust Control Law

The dynamic control input T = [11, 72, 73] is composed of two parts:

T=T1T + Ts (11)

The model-based adaptive term 7, utilizes the online parameter estimate @ to com-
pensate for the estimated nonlinearities and coupled dynamics of the system. This term
acts as a feedforward component, aiming to counteract the predictable parts of the vehicle’s
dynamics, thereby reducing the burden on the feedback controller:

T, = —D(v, 172)@ —g0(1m2) + My (12)
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The robust feedback term 7; suppresses all residual uncertainties, including parameter
estimation errors and external disturbances. It consists of a linear feedback part and a
nonlinear robust part:

Ts = —Kpey + T2 (13)

where Kp is the feedback gain matrix. The nonlinear term 7y, is chosen such that:
|2l <k, [lT2l] < h (14)

with k > 0 denoting a known upper bound for the lumped uncertainty. This composite
control law integrates model information with robust feedback to achieve strong attenuation
of uncertainties and disturbances.

3.3. Closed-Loop Stability Analysis

Applying the kinematic controller (7) and the dynamic control law (11) to the AUV sys-
tem, the Lyapunov function is defined for the entire closed loop as V' = Vj;, + V., where
Viin is a positive definite function of the kinematic errors, e.g., Viiy = 3kp (x2 +y? + 2%

~T o~ o~
and Vy,,, = %617; Me, + %Zi 0; 1“1._1(9 i, 0i = 0; — 0; denotes the dynamic part with M the

inertia matrix, and 51- the parameter estimation error.
To establish stability, consider the time derivative of the Lyapunov function V =
Viin + Vayn, i-e.,
V - Vkin + den (15)

First, by differentiating Vj,,,., one obtains:
. - ~T
Vi = e, Mé, +Y 6, T7'6; (16)
i

Using e, = v — 14 and the dynamic model in (9) yields:
eTMe, = el (¢T9 FTHT— M{/d) 17)

Substituting the control law (11) with T = 1; 4+ 7; and simplifying gives:
el Me, = el <—¢T9 + T+ Td) (18)

Hence, den can be written as:

. ~ ~T R
Vagn =€y (—cb@ + T+ Td> +O0 176 (19)

By the properties of the adaptation law (10), the projection operator ensures
~T .
0; F;léi - 47i€v,i> < 0, and by the design of the robust term 7; (handling el t; via Young’s
inequality), the dynamic subsystem is input-to-state-stable (ISS). Combining the kinematic
and dynamic subsystems and invoking a backstepping argument, the following bound
holds for suitably chosen controller gains:

V< —1V+o (20)

where c; > 0 and c; > 0 depend on the control gains and known bounds on the uncertain-
ties. This inequality implies that the Lyapunov function is bounded; hence, the tracking



Appl. Sci. 2025, 15, 10477

9of 15

errors (position and velocity) and the parameter estimation error are uniformly ultimately
bounded (UUB). By selecting appropriate gains (while respecting actuator limits), the
steady-state errors can be driven into an arbitrarily small neighbourhood of the origin.
Therefore, the overall LARC control system is stable.

4. Simulation Setup and Results

To assess the effectiveness and advantages of the proposed LARC strategy for spiral
inspection inside marine net-cages, simulations are conducted in a MATLAB/Simulink
(version R2024a, The MathWorks, Inc., Natick, MA, USA) environment on an underactuated
AUV. The reference path follows a typical inspection pattern—bottom exploration first,
then side-wall spiralling. The proposed method is compared with ARC, RC, and PID, and
performance is evaluated in terms of tracking accuracy, robustness, and learning capability.
Specifically, ARC denotes adaptive robust control without the ILC feedforward term, which
is equivalent to LARC at the iteration index k = 0. RC denotes a fixed-parameter nonlinear
robust controller that retains the same dynamic-loop structure as our design but removes
parameter estimation and adaptive tuning; it consists only of linear proportional feedback
together with the designed nonlinear robust term.

The controllers are implemented on the 4 kg AUV platform described in Table 2. The
nominal system parameters are set according to the platform characteristics. To ensure
physical plausibility and reproducibility, all controller gains are carefully tuned. The
main settings are as follows. For the kinematic loop, the position error feedback gain is
Ky = diag(0.6, 0.6, 1.0). For the iterative learning module, the learning gain is L; = 0.35
and the robustness Q — filteris Q(s) = ().zgslﬁ' In the dynamic loop, the core RLS identifier
uses a forgetting factor A = 0.98, with initial covariance P(0) = 100 I (where I is the identity
matrix), and the parameter update rate is limited by Omax = 10. The linear feedback gain
for the velocity error channel is Kp = diag(2.5, 8, 7.5), chosen to match the actuation
capability of the AUV. For the adaptive-robust term that estimates the upper bound of the
disturbance, the gain is set to y, = 0.5, and the boundary layer thickness of the saturation
function is é = 0.05.

Table 2. Basic parameters of AUV simulation platform.

Parameters Value
Main body length 396 mm
Main body width 300 mm
Main body height 122 mm

Total weight 4kg

Total buoyancy 39.2N

The reference path comprises a planar bottom spiral followed by a three-dimensional
side-wall spiral (Figure 3), which emulates a practical inspection route inside a circular
aquaculture net-cage and ensures full coverage of the cage. Stage [—bottom planar spiral
(0 < t < 150 s)—is defined as:

x1(t) = (3&5t)cos(0.047tt)
ya(t) = (35t)sin(0.047tt) (21)
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Figure 3. Two-stage spiral trajectory tracking diagram.
Stage II—side-wall spatial spiral (150s < ¢t < 600s)—is given by:

x4(t) = 9.7 cos[6m + Zm(t —150)]
x4(t) = 9.7 sin[67 + Zm(t — 150)] (22)
z4(t) = 0.15 4 19.55-(£7130)

The initial conditions are x(0) = 0 m, y(0) = 0 m, z(0) = 0.15m, u(0) = 0.01m/s,
and v(0) = w(0) = g(0) = r(0) = 6(0) = ¢(0) = 0. The total simulation horizon is
600 s, and external disturbances are injected from ¢+ = 100 s. The integration step is
0.01 s. The feedforward compensation uses a single learning iteration (k = 1). To emulate
realistic marine conditions, a composite disturbance 7;(¢) comprising time-varying current
and periodic wave components is introduced. The disturbance profiles (amplitudes and
dominant frequencies) are carefully selected to pose a meaningful yet reasonable challenge
to the AUV control system. The overall disturbance model is given in:

T (t) T4 (t) = 1.5sin (0.8t + ) + 0.5cos(1.5¢)
Ty (1) Ty (t) = 2.0sin(0.6¢ + Z) + 0.8cos(1.2t)
T(t) = | Tw(t) |, Tiw(t) = 2.5sin(0.9t) + 1.0cos(2.0t) (23)
Tag(t) | | Taq(t) = 0.5sin(0.7¢ + F) + 0.2cos(1.8t)
T4 (1) ] 1 (t) = 0.4sin(0.5¢ + F) + 0.3cos(1.6t)

Figure 4 presents the spatial tracking performance in the spiral diving scenario with
disturbances, confirming that the proposed controller steers the AUV closely along the
desired path (color code: desired trajectory—grey dashed; LARC—blue; ARC—orange;
RC—indigo; PID—dark yellow). Figures 5 and 6 report, respectively, the three-dimensional
position errors and the attitude tracking errors (pitch and yaw) after the disturbance is
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applied (t > 100 s). The vehicle governed by LARC shows the smallest position deviations
and the lowest amplitudes of pitch/yaw oscillation among all the methods. Figure 7
gives the control inputs under disturbances for LARC and ARC; all inputs remain within
reasonable bounds.

Desired Trajectory
LARC (Proposed)
ARC

—RC

PID

Z (m)

Y (m)

-10 -10 X (m)

Figure 4. Trajectory tracking under disturbances: spiral diving scenario with four control strategies.
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=2 ARAAAARAAARAAAARRAAR S
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Figure 5. AUV position tracking errors in the spiral trajectory scenario under parametric uncertainty
and disturbances, comparing four control strategies.
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Figure 6. AUV attitude errors (pitch and yaw) in the spiral trajectory scenario under parametric
uncertainty and disturbances, comparing four control strategies.
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Figure 7. Control inputs in the spiral trajectory scenario under parametric uncertainty and distur-
bances: (a) LARC; (b) ARC.

To substantiate the effectiveness and stability of the proposed strategy in the spiral
diving scenario, we performed a quantitative analysis using the mean absolute error (MAE)
and mean squared error (MSE) as common evaluation metrics. The detailed indices under
disturbances are summarized in Table 3. The proposed LARC achieves the highest tracking
accuracy in the x, y, and z positions as well as in pitch and yaw, followed by ARC, then RC,
and finally PID. LARC also shows an advantage in control effort. Relative to ARC, the total
MAE and total MSE are reduced by approximately 34.2% and 55.6%, respectively. This
comparison isolates the performance gain brought by the ILC module. Across all metrics,
LARC consistently outperforms ARC; in particular, for the cross-track and normal errors
that dominate periodic motion, LARC exhibits strong attenuation. This benefit stems from
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the feedforward learning that cancels the repeatable components of the spiral trajectory
and of the disturbances.

Table 3. Performance of four controllers in spiral diving under uncertainty and disturbances.

Performance Indices LARC ARC RC PID
Total MAE 1.7408 2.6462 3.6197 4.8502
Total MSE 1.2619 2.8407 5.3929 9.4220

MAE (x,) 0.027663 0.05186 0.072081 0.094767
MSE (x.) 0.001164 0.004808 0.007609 0.010173
MAE (y.) 0.059487 0.144279 0.155064 0.247647
MSE (y.) 0.004993 0.029337 0.028299 0.070097
MAE (z,) 0.119767 0.195581 0.235349 0.296163
MSE (z,) 0.014677 0.03896 0.056167 0.08886
MAE (i) 0.940407 1.458872 1.966173 2.532558
MSE () 0.888218 2.134347 3.881607 6.432326
MAE (6,) 0.593488 0.795628 1.19107 1.67907
MSE (6,) 0.352837 0.633248 1.419246 2.820502

Simulations in MATLAB/Simulink were performed to validate the proposed learning-
aided adaptive robust control under a spiral trajectory representative of net-cage inspection
with strong time-varying disturbances. The controller follows the desired three-dimensional
path most closely and attains a lower mean absolute error and mean squared error than
adaptive robust control, a fixed-parameter robust controller, and a classical proportional—-
integral-derivative controller. All controllers remain stable under bounded disturbances,
with the proposed design achieving the smallest steady-state error.

Analysis across repeated runs confirms the learning effect: a single update of the
iterative learning feedforward compensator yields a marked reduction in tracking error by
cancelling repeatable components. Examination of the controller structure indicates that
recursive least-squares adaptation enhances robustness to modelling uncertainty, while the
learning component further attenuates errors arising from task repetitiveness, leading to
consistent gains in net-cage inspection scenarios.

5. Conclusions

This paper has presented a learning-aided adaptive robust control (LARC) scheme for
spiral trajectory tracking of underactuated AUVs in aquaculture net-cage environments. At
the kinematic level, a feedforward-compensated LOS guidance law augmented with itera-
tive learning was developed to exploit task repeatability. At the dynamic level, an adaptive
robust controller with projection-based, rate-limited RLS identification and nonlinear robust
terms was designed to suppress parametric uncertainty and environmental disturbances.

Theoretical analysis established uniform ultimate boundedness (UUB) of all closed-
loop error signals, while the simulation results validated the effectiveness of the proposed
strategy. In particular, compared with ARC, the proposed LARC reduced the mean absolute
error (MAE) and mean square error (MSE) by approximately 34.2% and 55.6%, respectively.
Against classical PID and RC baselines, LARC also achieved higher tracking accuracy and
faster convergence while maintaining bounded control effort.

Overall, the results demonstrate that adapting LARC to the spiral inspection of net-
cages provides a practical and effective solution for enhancing the precision and robustness
of autonomous aquaculture inspection robots. The successful simulation results strongly
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motivate the transition to physical validation. Future work will focus on implementing
and testing the proposed LARC strategy on our experimental AUV platform, first in tank
tests and subsequently in sea trials. Extensions to multi-robot cooperative inspection will
also be explored.
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Abbreviations

The following abbreviations are used in this manuscript:

AUV Autonomous Underwater Vehicle

LARC Learning-Aided Adaptive Robust Control
ARC Adaptive Robust Control

ILC Iterative Learning Control

RLS Recursive Least-Squares

LOS Line-Of-Sight

FFC-LOS Feedforward-Compensated Look-Ahead Guidance
RC Robust Controller

PID Proportional-Integral-Derivative

UUB Uniform Ultimate Boundedness

ISS Input-to-State Stability

MAE Mean Absolute Error

MSE Mean Squared Error

DOF Degree(s) of Freedom

Q-filter Low-Pass Q-Filter
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