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Abstract

Hovering control of remotely operated vehicles (ROVs) is a key fundamental capability for
underwater operation tasks, and vision-based ROV hovering control has become a current
research focus because of its significant advantages. To address the limited constraint-
handling capability and high online optimization frequency in vision-based hovering
control, this paper proposes an event-triggered image-moment nonlinear model predictive
control method. The proposed method uses image moments as visual feedback features,
constructs a prediction model in a reduced control-relevant subspace, and updates the
optimal control sequence only when the event-triggering condition is satisfied. Joint
simulation experiments were conducted under Ideal, Disturbed, Dynamic-target, and
Complex scenarios. The results show that the proposed ETIM-NMPC method achieved
effective hovering performance in the joint simulation environment, with translational
RMSEs remaining below the simulation-level hovering accuracy reference of 0.15 m in all
evaluated directions. Compared with IM-NMPC, ETIM-NMPC maintained comparable
control performance while reducing the number of online optimization updates and the
cumulative computation time. The trigger rates of ETIM-NMPC ranged from 45.42% to
78.33% across the four scenarios, indicating its on-demand update characteristic under
different task conditions.

Keywords: remotely operated vehicles; vision-based hovering control; perspective image
moments; nonlinear model predictive control; event-triggered mechanism

1. Introduction

As human attention to marine science and the marine economy continues to increase,
remotely operated vehicles (ROVs) have been widely used in various underwater tasks
such as marine surveys and marine resource development [1]. For underwater operations,
reliable hovering capability is a fundamental requirement that enables ROVs to function
as stable working platforms, especially for close-range tasks such as target observation,
structural inspection, and intervention. Accordingly, hovering control has received sus-
tained attention since the 1990s [2]. In this paper, hovering refers to the ability of an ROV to
maintain a desired position and attitude relative to an artificial marker or a natural target
while suppressing drift and oscillation during operation.

Hovering tasks usually rely on sensor assistance, and common sensors include acoustic
devices and vision devices. Doppler velocity logs (DVLs) and inertial navigation systems
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(INSs) are not often the first choice for hovering tasks because of their relatively large
errors, limited local positioning accuracy, and high cost. In contrast, vision devices have
the advantages of lower cost, easy integration, high resolution, and fast update rate, thus
providing a feasible way to improve the performance of ROV hovering systems.

Visual servoing, also called vision-based control, refers to the use of image informa-
tion acquired by vision sensors as feedback to achieve accurate control [3]. In terms of
the type of visual information used, visual servo systems fall into three main branches:
(1) position-based visual servoing (PBVS); (2) image-based visual servoing (IBVS); and
(3) hybrid visual servoing (HVS), also called 2.5D visual servoing. In the PBVS and HVS
methods, reconstructing the 3D pose from 2D image data usually depends heavily on
prior target models and accurate camera calibration parameters. However, in underwater
environments, these conditions are often difficult to satisfy adequately because of visual
degradation and model uncertainty [4]. In contrast, IBVS directly constructs the control law
from feature coordinates in the image space, yielding a simpler control structure as well as
good robustness, computational friendliness, and adaptability to unknown environments.
Therefore, this paper focuses on the IBVS hovering problem of ROVs.

For IBVS controller design, the accurate extraction of target features in the image is an
important prerequisite for stable motion. Gao et al. [5] designed a visual hovering controller
for an ROV using 2D image points as visual features, but assumed that depth information
was provided by laser or sonar ranging sensors. Nourmohammadi et al. [6] designed
a point-feature-based hovering controller for an ROV and designed a depth estimation
method to address the lack of depth information. Therefore, existing visual features such as
points, lines, and ellipses still have certain limitations in addressing the interaction-matrix
singularity and missing depth information.

To overcome these problems, Jabbari et al. [7] proposed perspective image moments
for visual servo control. By selecting properly defined image moments on a rotated image
plane, namely the virtual image plane, the coupling in image dynamics can be effectively
weakened and the controller design process can be simplified. In the field of UAV hovering
and tracking control, Cao et al. [8] proposed an IBVS algorithm that combines perspective
image moments with backstepping control for tracking a moving platform. Extending this
type of feature to underwater vehicle control, Hong et al. [9] designed an Hoo-based HVS
system, in which perspective image moments and the Euler angles of an AUV were jointly
used as feedback to realize AUV hovering control. Notably, the above control methods are
still inadequate for directly handling mechanical constraints and visibility constraints.

In practical applications, if these constraints are not explicitly considered, the control
performance of the hovering system may deteriorate significantly. Therefore, it is necessary
to introduce a constraint-handling mechanism into the controller design.

Model predictive control (MPC) is an advanced control method that uses a system
model to predict future states and obtains control inputs by solving an optimization
problem. Its prominent advantage is that it can naturally handle multiple system con-
straints [10,11]. Nonlinear model predictive control (NMPC) further extends MPC to
nonlinear systems, and has therefore attracted widespread attention because of its strong
ability to handle nonlinearity and multiple constraints.

In the field of visual servoing, Zhang et al. [12] proposed an NMPC-based IBVS control
scheme to keep the target within the camera field of view. In AUV autonomous docking
control, Ni et al. [13] proposed a nonlinear model predictive control method for docking
trajectory tracking that handles thruster saturation and system-state constraints while
ensuring the feasibility and stability of the control system.

For ROV systems, Dai et al. [14] designed a nonlinear model predictive controller
combined with Gaussian-function sliding-mode observer compensation to achieve high-
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precision trajectory tracking. However, the above studies generally did not consider the
online computational burden or unnecessary control updates of NMPC, which may cause
additional delays in the controller solution and execution [15].

To address this issue, the idea of event-triggered (ET) NMPC was proposed [16-19]. For
example, Aspragkathos et al. [20] proposed a new method that combines IBVS with event-
triggered nonlinear model predictive control for a UAV hovering over deformable contour
targets. Wu et al. [21] constructed an NMPC framework based on an adaptive integral
event-triggered mechanism for AUV tracking of a moving docking station. In addition,
Luan et al. [22] designed an event-triggered model predictive control method for ship
dynamic positioning systems to reduce the communication load. Although event-triggered
nonlinear model predictive control has shown good potential in several motion-control
scenarios, its application in vision-based hovering control of ROVs remains insufficiently
studied. In particular, reducing the computational burden of online optimization while
satisfying visibility constraints and mechanical constraints remains an open problem.

To address the above problems, this paper proposes an event-triggered image-moment
nonlinear model predictive control method for vision-based ROV hovering control. The
main contributions of this paper are summarized as follows.

1. A vision-based hovering modeling framework is established, using perspective image
moments on a virtual image plane. By defining perspective image-moment features
on the virtual image plane and deriving the corresponding image-dynamics model, a
compact visual feedback state is constructed for ROV hovering control.

2. An ETIM-NMPC method is designed by considering both input constraints and visual-
feature constraints. A joint predictive state is constructed from the perspective image-
moment state and the velocity states related to ROV hovering, and an event-triggered
update mechanism is introduced to reduce unnecessary online optimization updates.

3. Ajoint simulation platform based on WEBOTS 2025a, Python 3.9.23, and MATLAB
2025a is established to verify the proposed method under different scenarios. The
simulation results show that ETIM-NMPC maintains effective hovering performance
while reducing online optimization updates and cumulative computation time com-
pared with IM-NMPC.

The remainder of this paper is organized as follows. Section 2 presents the ROV
dynamic model, image-feature construction, and image-kinematics model. Section 3 de-
scribes the proposed ETIM-NMPC method for the automatic ROV hovering task. Section 4
provides the simulation results and comparative analyses. Finally, Section 5 concludes
this paper.

2. System Model
2.1. ROV Dynamic Model

To describe the spatial motion of the ROV, an earth-fixed frame {E —¢n{} and a
body-fixed frame {Op — XpYpZp} are established, as shown in Figure 1. The earth-fixed
frame is used to represent the pose of the ROV, while the body-fixed frame is fixed to
the center of mass of the ROV and translates and rotates synchronously with it. The real
camera frame is denoted by {O¢c — XcYcZc}, and the virtual camera frame is denoted by
{Ov = XvyYyZy}.
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Figure 1. Coordinate frames of the vision-based hovering system.
The kinematic relationship of the ROV is expressed as follows [23]:
n=Jm)v ey

where 1 = [x,1,2,¢,0, lp}T is the pose vector of the ROV in the earth-fixed frame,
v=I[uovwpq, r]T is the velocity vector of the ROV in the body-fixed frame, and J(#)
is the Jacobian matrix.

The dynamic model of the ROV is established using the Newton-Euler method [24],

and is expressed as follows:
Mv+C(v)v+D(v)v+g(n)=T+Te (2)

where M is the inertia matrix, C(v) is the Coriolis and centripetal matrix, D(v) is the damping
matrix, g(n) is the restoring-force and restoring-moment term, t = [F,, F,, Fy, Ty, Ty, Ty]T is
the resultant force and moment applied by the thrusters in six degrees of freedom, and Te
is the external disturbance.

The platform used in this paper is the R-ROV [25], whose control input is generated
jointly by eight thrusters. Let the thruster force vector be

T= [Tll TZ/ T3/ T4/ T5/ T6/ T7/ TS]T (3)
Then, the relationship between the thruster forces and the generalized control input satisfies
=BT 4)

where B is the thrust allocation matrix, whose structure is determined by the thruster
installation angles and lever-arm parameters.

2.2. Image Features and IBVS Dynamics

To construct a visual feedback state that is suitable for hovering, a virtual camera
frame {Oy } is introduced on the basis of the real camera frame {O¢}, as shown in Figure 2.
The virtual camera is assumed to be concentric with and move synchronously with the real
camera while retaining the yaw angle of the real camera and setting the roll and pitch to
zero. Under this assumption, the virtual image plane always remains parallel to the target
plane so that the perspective image moments can be constructed on the virtual image plane,
ultimately yielding good decoupling properties for image dynamics [26].
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Figure 2. Geometric relationships among the virtual image plane, the real image plane, and the
target plane.

Let the pixel coordinates p of a target point on the real image plane be

p= (x5, yn, )" (5)

Its corresponding normalized coordinates p are expressed as follows:
p=K"p=(xaym 1) ®)

where K is the camera intrinsic matrix. After reprojection from the real image plane to
the virtual image plane, the normalized coordinates V7 on the virtual image plane can be
obtained as follows:

_ T _
V= (Y2, Yy 1) = PRyop )

In Equation (7), Ry¢ denotes the roll-pitch compensation rotation matrix defined by the
attitude of the real camera. Because the real and virtual camera frames are assumed to be
concentric, the reprojection from the real normalized image plane to the virtual normalized
image plane only requires rotational compensation, without any additional translational
term. The normalization factor is given by g = ([0 0 1]R(P9?)71. Since the real camera is
rigidly mounted on the ROV, its attitude is determined by the ROV attitude and the fixed
camera-to-body transformation. Therefore, the reprojection in Equation (7) is an attitude-
dependent geometric transformation, which is consistent with the velocity transformation
introduced in Equations (17)—(19).

Accordingly, the image moments ¥'m i of the target region on the virtual image plane
can be defined as follows [27]:

Ving = [[, (Vx) (Vyn)' a2 ®)

where () denotes the target region. The target centroid coordinates (ng, Vyg) can thus be

obtained as follows:

v v
1% My v Moy
=7 Yy = 0 ©)

X, = Y, =
§ VvV,  YeT vV
My My,

and the second-order central moments " jj are
; ,
Vi =[], xw= V) (V= Vyg)dO (10)
The area parameter a is further defined as follows:

a="pp0+ " pn (11)
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On this basis, the following four-dimensional perspective image moments s are selected as
the visual feedback features:

s = [Sll 52,83, S4]T (12)
1 2
§1 = 53ng,sz = Ssvyg, 53 = Zd\/?,&; = 2““”(1@1111}#) (13)
20 02

where 4, is the desired area parameter and Z; denotes the desired normal distance from
the camera to the target plane. In this paper, Z; is specified by the desired ROV-to-target
configuration and the fixed camera-to-body geometry, rather than being estimated online
from image moments. Thus, s; and s, describe the translational deviation of the target on
the virtual image plane, s3 describes the scale variation, and s4 describes the orientation
variation [28].
For a stationary hovering target, the derivative of the image features and the virtual
camera velocity satisfy
s = LSVV (14)

T . - .
Vo,, Vvy, Vv,,Yw,]" denotes the virtual camera velocity, including the trans-

. . T . .
lational velocity [Vv,, Vvy, V,]" of the virtual camera and the angular velocity ¥ w, about

the Z-axis, and the image Jacobian matrix Ls is expressed as follows:

where vy =

0 -1 0 -5
Ls = 15
o 0 -1 o0 (15
o 0 0 -1
Therefore, the matrix form of the image feature dynamics can be written as
s1 -1 0 0 s ][Vo,
-1 — 14
s2| _ 0 0 S1 Vvy (16)
S3 0 o -1 0 v,
S4 0 0 0 -1][Yw,

This relationship shows that, on the virtual image plane, the target translation, scale,
and orientation variation can all be expressed uniformly as functions of the virtual cam-
era velocity.

Assumption 1. Roll and pitch motions can be neglected.

In the close-range visual hovering task considered here, the ROV operates at a low speed
and mainly requlates its horizontal motion, vertical motion, and yaw motion relative to the target.
In addition, passive restoring effects, such as metacentric stability, help us to keep roll and pitch
motions within a small range during hovering. Therefore, their influence on the selected image-
feature dynamics is neglected in the controller-side prediction model, and only the surge, sway,
heave, and yaw-rate channels are retained for controller design.

The real camera is rigidly mounted on the ROV; thus, a fixed velocity transformation
CTj exists between the real camera and the ROV. Moreover, the transformation VT,
between the virtual camera and the real camera can be determined by the above geometric
assumption. On the basis of Assumption 1, let the ROV velocity subvector be v, =
[u,0,w, r]T and the real camera velocity be v¢; then, we have

vy ="Teve = VT Ty, (17)
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By substituting Equation (17) into Equation (14), we can obtain
s = L' T Ty, (18)
Thus, the above relation can be written in the four-DOF control subspace, as follows:

s=f(s,vy) (19)

Thus far, the image feature dynamics on the virtual image plane have been uniformly
linked with the rigid-body motion of the ROV in Section 2.1.

2.3. Problem Statement

The overall structure of the vision-based hovering system is shown in Figure 3. Based
on the image data acquired by the camera, the perspective image-moment features on
the virtual image plane are calculated. Other sensors provide the attitude and velocity
information of the ROV, which, together with the image features, forms the controller input.
The ETIM-NMPC controller performs event-triggered optimization according to the current
state and outputs the generalized control input. The actuator module maps the control
input into thruster commands, thereby achieving vision-based hovering control of the ROV.

ETIM-NMPC controller

Hold when not triggered
I * ROV

Desired state

Statelerror Event-triggering  Iriggersignal | Image moments  Optimal control
—_— >
mechanism based NMPC

Predicted state
State feedback

Attitude/velocity data

ZOH

Current "

Other sensors

state Current _ Camera
image features Perspective image
moments extraction

Imaging |«

Figure 3. Overall structure of the vision-based hovering system.

3. ETIM-NMPC Controller Design
3.1. State Construction and Prediction Model

On the basis of the ROV dynamic model and image feature dynamics established
in Section 2, an ETIM-NMPC controller for the vision-based hovering task is constructed
in this paper. The control objective is to make the target image features converge to the
desired state and to keep the ROV velocity states bounded under thruster input constraints
and visual visibility constraints.

Assumption 2. The effects of the Coriolis and centripetal terms can be neglected or absorbed into
the modeling error.

Under low-speed ROV motion, the influence of these terms is relatively weak compared with
that of the main control-force terms, and they can therefore be incorporated uniformly into the model
uncertainty treatment [29].

On the basis of Assumptions 1 and 2, the four-DOF velocity subsystem can be ob-
tained as
M,v,= —D,v, + T,+Te (20)
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where t, = [F,, F,, Fy, Fr]T is the control input, T, is the external disturbance, and the
equivalent inertia matrix M, and damping matrix D, in the four-DOF space are defined
as follows:

M, = diag{m,m,m, L., }

. 21
D, = dzag{Xu + Xyjupy Yo + Yopol Zo + Zigfuols N + errl} (21)

where m denotes the ROV body mass, I, denotes the rotational inertia, and the hydrody-
namic coefficients (Xy + Xyju|, Yo + Yo|o|, Zw + Zyw|, Nr + N,y ) are used in the model.

From Equation (12), using the current visual feedback feature s = [s1 , 52k, 53k, s4rk]T
and further considering the ROV subvelocity state v, , = [uy, vk, Wy, rk]T, the joint state
vector can be constructed as follows:

Sk T
Xy = [V 1 = [S1,k, S2,kr S3 s Sa e Uk Vks W, 7] (22)
rk

By substituting Equation (19) into Equation (20), the continuous-time prediction model of
the joint state can be uniformly expressed as follows:

. _ f(s,vs)
T f(x, Tr) B [Mrl(_Drvr + T1“"""63) @)

Discretizing the above continuous model with the sampling period At yields

X1 = fa(Xpe Trk) (24)

Within the prediction horizon N, the state recursion x ;1| is expressed as follows:

Xerittk = faXpepiflr Trgpip) 1 =0,1,...,Np — 1 (25)

3.2. Cost Function and Constraints

At time k, the controller takes the current joint state x; as the initial value and solves
the control sequence 7 over the prediction horizon Ny:

Te =T kb Ttk -+ TrkeN, ~ 1k} (26)

Define the desired joint state as x* = [si‘, 85,83,8,,u*, 0", w*, r*]T. To balance image feature
error convergence, velocity-state regulation, and control-input magnitude, the ETIM-NMPC
cost function is constructed as follows:

Np-1
minjy = 'ZO (IPite = %11+ Neiapiel R) + e — x¢1 [
= , (27)
s.t. xk+i+1|k = fd(xk+i|k, Tr,k+i|k)/l =0,1,..., Np -1

T prilk € U Xpepie € X

where Q = 0 is the state weighting matrix, R >= 0 is the input weighting matrix, and P >= 0
is the terminal weighting matrix.
The constraint sets on the input I/ and input increment Al{ are defined as follows:

U= {Tr S R4"Tr,min <t < Tr,max}

28
AU = {At, € R} AT min < ATr < ATy max} (28)
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The state constraint set X is defined as follows:
X = {X|Si € (Si,min/ Si,max)/i =123, 4} (29)

where (S; min, Si max) denotes the admissible interval of image features constrained by the
field of view.

Therefore, the hovering control problem is formulated as a finite-horizon nonlinear
optimization problem with input constraints and visual-feature constraints.

3.3. Event-Triggered Mechanism and Control Procedure

Time-triggered NMPC resolves the optimization problem again at every sampling
instant [30]. For the vision-based hovering task, when the system state changes slowly and
the image feature error has already entered a small range, continuous online optimization
increases the computational burden. To reduce the unnecessary online solution frequency,
this paper introduces an event-triggered update mechanism: the optimization problem is
resolved again only when the deviation of the actual state relative to the nominal predicted
trajectory from the previous update reaches a preset threshold; otherwise, the remaining
control inputs in the existing control plan continue to be applied.

Let the most recent triggering instant be t;. After the optimization problem is solved
at this instant, the nominal predicted state trajectory Q(tk + m|t) and the corresponding
optimal control sequence :E(tk + m|ty) are obtained as follows:

X (t +m|t),m=0,1,...,N,

x (30)
T(tk+m|tk),m:0,1,...,Np—1

For subsequent instances without retriggering t; + m, the deviation between the
current actual state and the nominal predicted state e(t; + m) is defined as follows:

e(tk—i-m) :x(tk—i-m) —;(tk+m|tk) (31)

A weighted deviation index d(f; + m) is further introduced as follows

5ty +m) = \JeT (b + m)We(ty +m) (32)

where W > 0 denotes the deviation weighting matrix.

The remaining nominal cost function is defined as follows:
Np-1

Snom (t +1m) = Y- (|1x (b + jlte) =X |G + | (b + I8 [[R) (33)
j=m
Accordingly, the triggering threshold -y (; + m) is constructed as follows:

Y(tk +m) = pSnom (tx +m) + ¢ (34)

where p > 0 is the threshold scaling coefficient and ¢ > 0 is the minimum tolerance term.
The main triggering criterion is then given by

co(t +m) > y(tp +m) (35)

where ¢ > 0 is the proportional coefficient.

To avoid overly frequent triggering and enhance the closed-loop operating stability,
the following auxiliary conditions are further imposed:

(1) Minimum intertrigger interval constraint. The time interval between any two
adjacent triggering instants is not smaller than a preset number of steps.

https://doi.org/10.3390 /jmse14100881
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(2) Forced triggering condition. When the image features approach the preset trigger-
ing boundary, when the orientation deviation becomes too large, or when the remaining
length of the current control plan is insufficient, a new optimization is triggered immedi-
ately. The triggering boundary is set inside the optimization constraint boundary so that
optimization starts before the state approaches the constraint boundary.

(3) Vision validity check. Before trigger evaluation, the current visual measurement
is checked for validity. In this paper, a visual measurement is considered valid only if
the vision module provides an image-moment measurement and the controller receives
it successfully. Otherwise, the measurement is treated as invalid and is excluded from
deviation calculation and trigger evaluation. During short-term visual loss, the controller
continues to execute the remaining historical control plan; if the visual loss exceeds the
allowable duration, the controller switches to the safe-holding mode.

(4) Solver anomaly handling. When the optimizer fails to return a feasible solution
while the historical control plan is still valid, the remaining control sequence continues to
be applied. If the solver fails continuously or if the historical plan becomes invalid, the
update is stopped and the system enters protection mode.

The execution procedure of ETIM-NMPC at each discrete instant is summarized
in Algorithm 1. According to the current visual and state information, the controller
determines whether to update the NMPC solution or reuse the historical control plan, and
switches to the safe-holding mode when abnormal conditions occur.

Algorithm 1. Execution Procedure of ETIM-NMPC.

Input: image features s, velocity states v,, weighting matrices Q, R and P, historical
control plan, threshold parameters p, ¢, and ¢, minimum inter-trigger interval, and
forced triggering conditions.

1: Acquire s and v;.

2: Construct the joint state vector x.

3: If visual information is invalid then

4: If the invalid duration exceeds the allowable limit or the historical plan is invalid
then

5: switch to the safe-holding mode;

6: else

7 reuse the historical control plan;

8: end if

9: else

10: Compute the state deviation and nominal cost;

11: Construct the triggering threshold -y according to (34);

12: Check the minimum inter-trigger interval and forced triggering conditions;
13: If the triggering condition in (35) is satisfied then

14: solve the NMPC problem and update the predicted trajectory and control
sequence;

15: else

16: reuse the historical control plan;

17: end if

18: if continuous solver failure occurs or the historical plan becomes invalid then
19: switch to the safe-holding mode;

20: end if

21: end if

Output: updated control sequence 7y, reused historical control plan, or safe-holding
command.

https://doi.org/10.3390 /jmse14100881
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Remark 1. The event-triggered mechanism changes only the NMPC update instants, while the
constrained prediction model and the optimal control sequence generation remain unchanged. When
the triggering condition is not satisfied, the remaining elements of the previously optimized control
sequence are executed over a limited interval. This design follows the general event-triggered NMPC
framework, where recursive feasibility, terminal constraints, Lyapunov functions, or 1SS arguments
are commonly used for formal stability analysis [20,21]. In the present implementation, invalid
visual measurements, persistent visual loss, solver anomalies, and an exhausted control plan are han-
dled by the protective reuse and safe-holding procedures in Algorithm 1. These safeguards mitigate
the implementation risks but do not constitute a formal recursive-feasibility or ISS-type stability
proof. The rigorous stability analysis under non-uniform update intervals will be investigated in
future work.

4. Simulation Experiments

To verify the effectiveness of the proposed method, joint simulation experiments were
carried out using WEBOTS 2025a (Cyberbotics) and MATLAB 2025a (MathWorks). The
vision program was implemented using Python 3.9.23 and OpenCV 4.8.1. WEBOTS was
used to build the ROV dynamic model, underwater scene, and visual environment; Python
was used for visual recognition and image-moment extraction; and MATLAB was used for
controller implementation and data processing. MATLAB communicated with WEBOTS
through the Remote API, while the Python-based vision program communicated with
MATLAB through a local TCP socket. The simulation environment is shown in Figure 4.

Figure 4. WEBOTS simulation environment. (a) Pool. (b) Target. (c) ROV. (d) Hovering.

In this paper, three image-moment-based controllers were compared in the simulations:
IM-PID, IM-NMPC, and ETIM-NMPC. IM-PID was used as a conventional baseline, IM-
NMPC was used as the time-triggered NMPC comparison method, and ETIM-NMPC was
the proposed event-triggered NMPC method. The prediction model of the NMPC-based
controllers was constructed in the reduced control-relevant subspace, whereas the WEBOTS
simulation plant retained the six-degree-of-freedom motion capability and thruster-driven
dynamics of the ROV.

Four simulation scenarios were designed: the Ideal scenario, the Disturbed scenario,
the Dynamic-target scenario, and the Complex scenario. The Ideal scenario corresponds to
a stationary target without current disturbance. The Disturbed scenario introduces current
disturbance for a stationary target. The Dynamic-target scenario considers a moving target
without current disturbance. The Complex scenario combines current disturbance and
target motion. The key environmental parameters of the WEBOTS simulation platform
and the main dynamic parameters of the ROV are listed in Tables 1 and 2, respectively.
The main dynamic parameters and hydrodynamic coefficients of the ROV in Table 2 were
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adopted from the corresponding ROV parameter settings reported in [14], since the same
ROV platform is considered in this paper.

Table 1. Key environmental parameters of WEBOTS.

Parameter Value
Pool size 100m x 50 m x 20 m
Simulation step 32 ms
Drag Force Coefficients (0.46, 0.6, 2)
Drag Torque Coefficients (0.001, 0.005, 0.001)
Viscous Resistance Torque Coefficient 0.005

Table 2. Main dynamic parameters of the R-ROV.

Parameter Value Parameter Value
m 170 kg YUM 158.2853 kg/m
L, 10.07 kg - m? Zuw 20kg/s
Xu 2.39kg/s Zo|wl 150 kg/m
Xogjul 15.83 kg/m N, 0.1kg-m?/(s x rad)
Y, 23.90 kg/s Ny 0.01 kg - m? /rad?

The finite-horizon optimal control problem was formulated in CasADi and solved
using the IPOPT solver. In the simulations, the WEBOTS basic time step was T = 32 ms,
the NMPC discrete time step was dt = 0.1 s, and the prediction horizon was N, = 10. The
prediction model was discretized using the fourth-order Runge-Kutta method. The other
NMPC controller parameters are set as follows: state weighting matrix Q = diag(240, 240,
260, 60, 1, 1, 2, 1), input weighting matrix R = diag(1, 1, 1.8, 1), and terminal weighting
matrix P = diag(480, 480, 650, 120, 1, 1, 3, 1). The initial state of the ROV (xo, o, 2o,
o) = (0.7 m, 0.5 m, 1.6 m, 0.2618 rad), the desired state (x*, v*, z*, *) = (0.0 m, 0.0 m, 1.0 m,
0.0000 rad), the corresponding desired image features (s1%, 52%, 53, 54*) = (0, 0, 0.9, 0) and a
unified simulation duration of 120 s were kept the same in all four scenarios, thus providing
a unified reference for the comparison of the experimental results.

The relative-position root mean square error (RMSE) was used as the main quantita-
tive index for evaluating the hovering accuracy. In this simulation study, hovering was
considered effective when the translational RMSEs of ETIM-NMPC remained below 0.15 m
in the evaluated directions. This criterion was used as a simulation-level accuracy reference,
rather than as a physical ROV experimental validation threshold. In addition, image-feature
errors, relative-position and yaw responses, control inputs, Cartesian-space trajectories,
and computation-performance indices were used to compare the control behavior and
online computational burden of the three controllers.

4.1. Ideal Scenario

In the Ideal scenario, the target was fixed and no current disturbance was applied.
This scenario was used as the basic hovering-control case to evaluate the convergence
behavior and control performance of the three image-moment-based controllers under
nominal simulation conditions.

The image-feature errors, relative-position and yaw responses, control inputs, and
Cartesian-space trajectories are shown in Figures 5-8. All three controllers drive the
ROV toward the desired hovering state. Compared with IM-PID, the two NMPC-based
controllers show smaller image-feature fluctuations, more coordinated relative-position
responses, and more concentrated Cartesian trajectories near the final hovering region. The
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responses of ETIM-NMPC remain close to those of IM-NMPC, indicating that the event-
triggered update strategy does not significantly deteriorate the nominal hovering response.
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Figure 5. Image feature error—Ideal scenario.
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Figure 8. Cartesian-space trajectory—Ideal scenario.

The position RMSEs of the three controllers in the Ideal scenario are summarized in
Table 3. For the proposed ETIM-NMPC method, the RMSEs in the X, y, and z directions are
0.1200 m, 0.0801 m, and 0.1299 m, respectively, all of which remain below the simulation-
level hovering accuracy reference of 0.15 m. Moreover, its overall control performance
remains close to that of IM-NMPC. IM-NMPC achieves the smallest RMSEs in the x and y
directions, while ETIM-NMPC yields slightly larger but comparable values. A local metric
crossing is observed in the z direction, where IM-PID produces the smallest RMSE. This
is related to the relatively weak coupling of the heave-related channel and the direct loop
tuning of the PID baseline. In contrast, the NMPC-based controllers optimize a weighted
multivariable constrained objective and do not independently minimize the z-direction
RMSE. Therefore, this local crossing should not be interpreted as the overall superiority
of IM-PID.

Table 3. Position RMSEs of different algorithms—Ideal scenario.

Method Rel-x (m) Rel-y (m) Rel-z (m)
IM-PID 0.1382 0.0922 0.1228
IM-NMPC 0.1170 0.0786 0.1287
ETIM-NMPC 0.1200 0.0801 0.1299

To examine the influence of the event-triggering parameters, a brief sensitivity analysis
was conducted under the Ideal scenario. According to the event-triggered mechanism
defined in Section 3.3, the sensitivity test mainly adjusts p, ¢, and W, while the proportional
coefficient ¢ in Equation (35) was kept unchanged as ¢ = 1. The results are listed in Table 4.

Table 4. Sensitivity analysis of event-triggering parameters under the Ideal scenario.

Trigger Cumulative X Y
Configuration Parameter Variation R o Computa- RMSE-x (m) RMSE-y (m) RMSE-z (m) Settling Settling
ate (%) . : . .
tion Time (s) Time (s) Time (s)
o =0.015; £ = 0.0020;
Configuration 1 W = diag([20, 20, 25, 56.08 13.602850 0.1205 0.0803 0.1299 112.704 31.808
0,2,2,2,0])
0 =0.012; e = 0.0015;
Configuration 2 W = diag([20, 20, 25, 57.42 12.298212 0.1197 0.0797 0.1296 111.680 24.864
0,2,2,2,0])
0 =0.012; ¢ = 0.0015;
Configuration 3 W = diag([28, 22, 25, 58.58 12.169543 0.1190 0.0798 0.1299 51.360 32.320
0,2,2,2,0])
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The three configurations produce RMSEs in a similar position, while the trigger rate,
cumulative computation time, and settling behavior vary with p, ¢, and W. Configuration 3
gives the smallest RMSE-x and clearly reduces the x-direction settling time while maintain-
ing a comparable cumulative computation time. Therefore, Configuration 3 was selected as
the unified event-triggering parameter setting for the four main scenarios. This analysis
provides practical tuning guidance, rather than proof of global optimality.

The computation performance under the Ideal scenario is summarized in Table 5.
IM-NMPC solves the finite-horizon optimization problem at every control step, whereas
ETIM-NMPC updates the optimal control sequence only when the triggering condition is
satisfied. As a result, the number of optimization calls decreases from 1200 to 703, and the
cumulative computation time decreases from 21.510327 s to 12.891672 s.

Table 5. Computation performance under the Ideal scenario.

Average Peak Cumulative

Method Triggered Times Trigger Rate (%) Computation Computation Computation
Time (s) Time (s) Time (s)
IM-NMPC 1200 100.00 0.017925 0.184945 21.510327
ETIM-NMPC 703 58.58 0.010743 0.156174 12.891672

These results indicate that the computational benefit of ETIM-NMPC mainly comes
from reducing online optimization updates and the cumulative computation time, rather
than accelerating each individual optimization solve.

4.2. Disturbed Scenario

In the Disturbed scenario, a current disturbance was introduced while the target
remained fixed. The current velocity was set to [vy, vy, v,] = [0.15, 0.10, 0] m/s, and the
controller parameters were kept the same as those used in the Ideal scenario. This scenario
was used to evaluate the hovering performance of the three controllers under external
current disturbance.

The image-feature errors, relative-position and yaw responses, control inputs, and
Cartesian-space trajectories are shown in Figures 9-12. Under current disturbance, all
three controllers can still drive the ROV toward the desired hovering region. Compared
with IM-PID, the two NMPC-based controllers show smaller horizontal-position devi-
ations and more coordinated responses. The response of ETIM-NMPC remains close
to that of IM-NMPC, while its control inputs remain bounded without sustained high-
frequency oscillations.

The position RMSEs of the three controllers in the Disturbed scenario are summarized
in Table 6. For the proposed ETIM-NMPC method, the RMSEs in the x, y, and z directions
are 0.1171 m, 0.0995 m, and 0.1297 m, respectively, all of which remain below the simulation-
level hovering accuracy reference of 0.15 m. Compared with IM-PID, ETIM-NMPC reduces
the x- and y-direction RMSEs. Compared with IM-NMPC, ETIM-NMPC yields slightly
larger but still comparable RMSEs.

Similar to the Ideal scenario, a local metric crossing is observed in the z direction,
where IM-PID produces the smallest RMSE. This local result does not indicate the overall
superiority of IM-PID, because the NMPC-based controllers optimize a weighted multivari-
able constrained objective, rather than independently minimizing the z-direction RMSE.
In addition, the slightly lower x-direction RMSEs of IM-NMPC and ETIM-NMPC under
current disturbance should be interpreted as a weak local metric crossing, rather than as
evidence that current disturbance improves the control task.
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Figure 12. Cartesian-space trajectory—Disturbed scenario.

Table 6. Position RMSEs of different algorithms—Disturbed scenario.

Method Rel-x (m) Rel-y (m) Rel-z (m)
IM-PID 0.1427 0.1317 0.1223
IM-NMPC 0.1160 0.0954 0.1292
ETIM-NMPC 0.1171 0.0995 0.1297

The computation performance under the Disturbed scenario is summarized in Table 7.
The number of optimization calls of ETIM-NMPC decreases from 1200 to 940, and the
cumulative computation time decreases from 20.515142 s to 16.525616 s. Compared with
the Ideal scenario, the trigger rate increases because the current disturbance causes more
frequent deviations from the nominal predicted trajectory.

Table 7. Computation performance under the Disturbed scenario.

Average Peak Cumulative

Method Triggered Times Trigger Rate (%) Computation Computation Computation
Time (s) Time (s) Time (s)
IM-NMPC 1200 100.00 0.017096 0.158365 20.515142
ETIM-NMPC 940 78.33 0.013771 0.161474 16.525616

These results show that ETIM-NMPC still reduces the number of online optimization
updates and the cumulative computation time under current disturbance. Since the peak
computation time of ETIM-NMPC is slightly higher than that of IM-NMPC in this sce-
nario, the computational benefit should still be interpreted as a reduced update frequency
and accumulated computation time, rather than the faster execution of each individual
optimization solve.

To further evaluate the influence of degraded visual feedback, an additional simulation-
level visual degradation test was conducted under a representative combined-degradation
condition. The combined degradation includes degraded camera appearance and intermit-
tent visual measurement loss. The comparison between the nominal visual condition and
the combined-degradation condition is shown in Figure 13.
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Figure 13. Visual degradation robustness comparison. (a) Initial camera view under the nominal
visual condition. (b) Initial camera view under the combined-degradation condition. (c) Image-
feature error response under the nominal visual condition. (d) Image-feature error response under
the combined-degradation condition.

To quantify the availability of visual measurements, the valid visual measurement

ratio 77, is defined as
Nyalid

v =
N; total

where N ,j;4 denotes the number of control instants at which the image-moment measure-
ment is successfully generated by the vision module and received by the controller, and
Niotal denotes the total number of control instants. The performance comparison under the
nominal and combined-degradation visual conditions is summarized in Table 8.

(36)

Table 8. Performance comparison under nominal and combined-degradation visual conditions.

Average Peak Cumulative Yaw
Condition o Trlggered Trlggfr (.Zomp.uta- (;omp}lta- (.Zomp.uta- RMSE-x RMSE-y RMSE-z RMSE
Times Rate (%) tion Time tion Time tion Time (m) (m) (m)
(rad)
(s) (s) (s)
Nominal
visual 0.999733 939 78.25 0.016961 0.157206 15.926149 0.1186 0.0997 0.1302 0.0263
condition
Combined
degrada-  0.705945 1009 84.08 0.016332 0.156077 16.479129 0.1197 0.0978 0.1313 0.3011
tion

The valid visual measurement ratio decreases from 0.999733 to 0.705945 under com-
bined degradation. Meanwhile, the trigger rate increases from 78.25% to 84.08%, and
the cumulative computation time increases from 15.926149 s to 16.479129 s. The position
RMSEs remain close under the two visual conditions, while the yaw RMSE increases from
0.0263 rad to 0.3011 rad. These results indicate that the visual degradation mainly affects
the orientation-related response and induces more frequent optimization updates. This test
provides representative simulation-level evidence of visual-degradation robustness, rather
than a complete validation under all real underwater visual conditions.
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4.3. Dynamic-Target Scenario

In the Dynamic-target scenario, the target moved along a circular trajectory without
current disturbance. This scenario was used to evaluate the hovering performance of the
three controllers under a time-varying visual reference. The target trajectory was defined

as follows:
Xt = x40 + 0.15cos (27 x 0.02¢)

Y = yio + 0.15sin (27 x 0.02t), ¢ = [T,2T, ..., NT] (37)
Zt = Zt0

Here, (x¢, yt,z¢) denotes the target position, (x4, ¥, zt0) denotes the center of the circular
trajectory, 0.15 m is the motion radius, and 0.02 Hz is the motion frequency. Therefore,
this scenario represents a mild circular moving-reference case around the hovering region,
rather than an aggressive target-tracking benchmark.

The image-feature errors, relative-position and yaw responses, control inputs, and
Cartesian-space trajectories are shown in Figures 14-17. Under the moving visual reference,
all three controllers keep the main feature errors bounded. Compared with IM-PID, the
two NMPC-based controllers show smaller horizontal relative-position deviations and
trajectories closer to the target trajectory. The response of ETIM-NMPC remains generally
close to that of IM-NMPC, although slightly larger tracking errors appear in some intervals
because the optimal control sequence is not updated at every control step.
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Figure 14. Image feature error—Dynamic-target scenario.
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Figure 15. Relative position and yaw angle—Dynamic-target scenario.
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Figure 16. Variation in ROV control inputs—Dynamic-target scenario.
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Figure 17. Cartesian-space trajectory with target trajectory—Dynamic-target scenario.

The position RMSEs of the three controllers in the Dynamic-target scenario are sum-
marized in Table 9. For the proposed ETIM-NMPC method, the RMSEs in the X, y, and z
directions are 0.1363 m, 0.0846 m, and 0.1290 m, respectively, all of which remain below
the simulation-level hovering accuracy reference of 0.15 m. Compared with IM-PID, ETIM-
NMPC reduces the x- and y-direction RMSEs. Compared with IM-NMPC, ETIM-NMPC
yields larger but still bounded RMSEs.

Table 9. Position RMSEs of different algorithms—Dynamic-target scenario.

Method Rel-x (m) Rel-y (m) Rel-z (m)
IM-PID 0.1496 0.1079 0.1232
IM-NMPC 0.1166 0.0715 0.1282
ETIM-NMPC 0.1363 0.0846 0.1290

The computation performance under the Dynamic-target scenario is summarized in
Table 10. The number of optimization calls of ETIM-NMPC decreases from 1200 to 545, and
the cumulative computation time decreases from 24.574179 s to 9.623686 s.
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Table 10. Computation performance under the Dynamic-target scenario.
Average Peak Cumulative
Method Triggered Times Trigger Rate (%) Computation Computation Computation
Time (s) Time (s) Time (s)
IM-NMPC 1200 100.00 0.020478 0.153533 24.574179
ETIM-NMPC 545 45.42 0.008020 0.154517 9.623686

These results show that ETIM-NMPC reduces the online optimization updates and
cumulative computation time in the Dynamic-target scenario. Since the peak computation
time of ETIM-NMPC is slightly higher than that of IM-NMPC, this improvement should
still be interpreted as a reduced update frequency and accumulated computation time.
Overall, ETIM-NMPC maintains acceptable hovering performance under a mild moving-
reference condition while reducing the online computational burden. More aggressive
target motions are beyond the scope of this scenario and will be considered in future work.

4.4. Complex Scenario

In the Complex scenario, the current disturbance and target motion were introduced
simultaneously. The current velocity was set to [vy, vy, v,] = [0.15, 0.10, 0] m/s, and the
target followed the same circular trajectory as that used in the Dynamic-target scenario.
This scenario was used to evaluate the hovering performance of the three controllers under
combined external disturbance and time-varying visual reference.

The image-feature errors, relative-position and yaw responses, control inputs, and
Cartesian-space trajectories are shown in Figures 18-21. Compared with the previous
scenarios, the Complex scenario imposes a higher regulation demand because the ROV
must compensate for current disturbance while responding to the moving visual target.
Compared with IM-PID, the two NMPC-based controllers show smaller horizontal-position
deviations and trajectories that are closer to the target trajectory and the desired hovering
region. The response of ETIM-NMPC remains generally close to that of IM-NMPC, while
its control inputs remain bounded without sustained high-frequency oscillations.

The position RMSESs of the three controllers in the Complex scenario are summarized
in Table 11. For the proposed ETIM-NMPC method, the RMSEs in the x, y, and z directions
are 0.1374 m, 0.1025 m, and 0.1311 m, respectively, all of which remain below the simulation-
level hovering accuracy reference of 0.15 m. Compared with IM-PID, ETIM-NMPC reduces
the x- and y-direction RMSEs. Compared with IM-NMPC, ETIM-NMPC yields slightly
larger but still bounded RMSEs.

A local metric crossing is again observed in the z direction, where IM-PID achieves the
smallest RMSE. This result is limited to one local component of the multivariable hovering
performance and should not be interpreted as the overall superiority of IM-PID.

The computation performance under the Complex scenario is summarized in Table 12.
The number of optimization calls of ETIM-NMPC decreases from 1200 to 580, and the
cumulative computation time decreases from 24.782852 s to 12.358048 s.

These results show that ETIM-NMPC reduces the online optimization updates and cu-
mulative computation time under the combined disturbance and moving-target condition.
Since the peak computation time of ETIM-NMPC is higher than that of IM-NMPC, this
improvement should still be interpreted as a reduced update frequency and accumulated
online computation, rather than faster execution of each individual optimization solve.

Overall, the four simulation scenarios show that ETIM-NMPC maintains a hovering
performance that is close to that of IM-NMPC while reducing the number of online opti-
mization updates. The proposed event-triggered mechanism therefore provides a bounded
performance—efficiency trade-off: the control performance remains within the simulation-
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level hovering accuracy reference, while the cumulative online computational burden is

reduced. This conclusion is based on joint simulation results and should not be regarded as
a substitute for physical ROV validation under real underwater conditions.
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Figure 18. Image feature error—Complex scenario.
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Figure 19. Relative position and yaw angle—Complex scenario.
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Figure 20. Variation in ROV control inputs—Complex scenario.
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Table 11. Position RMSEs of different algorithms—Complex scenario.
Method Rel-x (m) Rel-y (m) Rel-z (m)
IM-PID 0.1567 0.1347 0.1231
IM-NMPC 0.1268 0.0878 0.1287
ETIM-NMPC 0.1374 0.1025 0.1311
Table 12. Computation performance under the Complex scenario.
Average Peak Cumulative
Method Triggered Times Trigger Rate (%) Computation Computation Computation
Time (s) Time (s) Time (s)
IM-NMPC 1200 100.00 0.020652 0.164515 24.782852
ETIM-NMPC 580 48.33 0.010298 0.182237 12.358048

5. Conclusions

To reduce the online optimization burden of vision-based ROV hovering control
while preserving the constraint-handling capability, this paper proposed an event-triggered
image-moment nonlinear model predictive control method. The proposed ETIM-NMPC
method uses image moments as visual feedback features, constructs the prediction model
in a reduced control-relevant subspace, and updates the optimal control sequence only
when the event-triggering condition is satisfied.

Joint simulation experiments were conducted under the Ideal, Disturbed, Dynamic-
target, and Complex scenarios. The results show that ETIM-NMPC achieved effective
hovering performance in the joint simulation environment, with the translational RMSEs
remaining below the simulation-level hovering accuracy reference of 0.15 m in all evaluated
directions. Compared with IM-PID, ETIM-NMPC generally reduced the horizontal relative-
position errors. Compared with IM-NMPC, it produced slightly larger errors in some local
directions, but maintained comparable overall control performance.

Furthermore, the computation-performance results confirm the main advantage of the
event-triggered design. The trigger rates of ETIM-NMPC were 58.58%, 78.33%, 45.42%, and
48.33% in the Ideal, Disturbed, Dynamic-target, and Complex scenarios, respectively. In
all four scenarios, ETIM-NMPC reduced the number of online optimization updates and
the cumulative computation time compared with IM-NMPC. Therefore, its computational
benefit mainly comes from reducing the update frequency and accumulated online compu-
tation, rather than accelerating every individual optimization solve. The event-triggering
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sensitivity analysis further provides a practical tuning reference, and the combined visual-
degradation test gives representative simulation-level evidence for evaluating degraded
visual feedback.

Nevertheless, the present validation is still limited to joint simulation. Future work
will focus on physical pool and sea experiments under realistic sensing, communication,
hydrodynamic, and actuator uncertainties. In addition, rigorous recursive-feasibility and
ISS-type stability analysis under non-uniform update intervals, as well as the practical
upper bound of trackable target dynamics under faster target motion, will be further investi-
gated. The proposed event-triggered predictive-control framework may also be extended to
broader autonomous marine vehicle tasks that require visual feedback, real-time constraint
handling, disturbance rejection, and limited onboard computational resources.
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