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Abstract

With the vigorous development of offshore energy and mining, offshore fracturing and
deep-sea mining necessitate the ship-to-ship and platform-to-ship transfer of solid particles
via floating hoses. However, traditional floating hoses designed for oil transportation
are inadequate for the long-term and stable conveyance of granular materials, as solid
particles are prone to deposition and blockage under excessive bending. Additionally,
in large-scale offshore fracturing operations, tension fluctuations in high-pressure hoses
accelerate hose wear and compromise structural integrity. To address these challenges,
this study proposes a systematic framework integrating neural network prediction with a
feedforward—feedback composite control strategy. Spatial Attention-Convolutional Neural
Network (SA-CNN) achieves the highest prediction accuracy and the strongest generaliza-
tion capability across all operating conditions. Then, a feedforward—feedback composite
control strategy is formulated, where the feedforward component is derived from SA-CNN
predictions and the feedback component is provided by a PID controller, with an adaptive
weighting mechanism adjusting their contributions based on prediction confidence. A
curvature safety constraint is also incorporated to prevent excessive bending. The results
show that the composite control strategy achieves the highest peak tension reduction, while
achieving the lowest RMSE. Unlike pure PID, which introduces severe oscillations, the
composite control strategy converges smoothly, confirming that feedforward prediction
effectively suppresses feedback-induced oscillations. This study provides a theoretical foun-
dation and a practical solution for the safety assurance of floating hoses in high-pressure
fracturing fluid delivery applications and offshore solid particle transshipment.

Keywords: floating hose; spatial attention-convolutional neural network; feedforward-
feedback control; intelligent tensioning system

1. Introduction

With the continuous deepening of marine resource development, the demand for solid
particle transshipment between ships and platforms has become increasingly frequent
and diverse, as shown in Figures 1 and 2. Traditionally, floating hose transportation
technology has focused mainly on liquid media such as crude oil, thus forming a relatively
mature technical system [1]. However, with the advancement of strategic tasks such as
offshore reservoir reform, offshore mineral production and deep-sea mining, the long-
term safe transportation of solid particle materials has become a technical bottleneck to
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be overcome [2,3]. Furthermore, in the scenario of large-scale fracturing operations at sea,
the use of a fracturing vessel to pump high-pressure fluid containing proppants (solid
particles) to the platform offers significant advantages. This process requires ensuring that
the floating hose has controllable tension and curvature.

Mining ship Floating hose Shuttle cargo ship

Figure 2. Ship-to-ship solid particle transshipment.

The typical structure of a floating hose, from the inside out, includes an anti-corrosion
coating, an inner core layer, a middle rubber layer, an outer cord layer, a spiral reinforcing
bar and an outer rubber layer [4]. When used for transporting solid particles—especially
those with larger particle sizes or higher concentrations—the hose is prone to particle depo-
sition, as the solids tend to settle within the pipeline [5]. When the hose undergoes excessive
bending or local small-radius bends due to wave action, the particle flow velocity may be
reduced, causing clogging and eventually forming blockages, which are extremely difficult
to clear [6]. The design of the existing floating hose system mainly aims to withstand
loads rather than actively control the shape. Its shape on the water surface is completely
determined by buoyancy configuration, environmental loads and passive constraints at
both ends, lacking an active mechanism to maintain a low curvature shape. Moreover,
current floating hose technology lacks intelligent adjustments to adapt to changing sea
conditions. The hose tension is a key factor affecting its wear life [7]. Under the action
of wind, waves and currents, complex relative motions occur between the platform and
the vessel, causing drastic fluctuations in the tension of the connected hose. Excessive
tension accelerates the wear of the inner wall of the hose and increases the fatigue risk at
the connection point; too little tension causes the hose to sag excessively, increasing the
curvature and inducing blockages [8]. Most existing systems are unable to respond to such
dynamic changes in real time and cannot maintain the tension within the optimal range
with sufficient precision and stability [9].

However, a time-domain simulation based on the finite element method often requires
a large amount of time and computational cost [10,11]. With their strong nonlinear fitting
ability and fast response, artificial intelligence models have been increasingly applied in
marine engineering [12]. In recent years, some researchers have begun to introduce these
models into the research on the response prediction of marine flexible pipes [13,14]. Mao
et al. [15] proposed a deep neural network (DNN) method to predict the dynamic tension
under a mooring line failure condition and verified the feasibility and adaptability of their
DNN model using actual sea state data. Yan et al. [16] developed an LSTM-based method
for predicting the top tension response of umbilical cables. They compared the predictions
with finite element results and verified the efficiency and accuracy of their model. Ye
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et al. [17] proposed an end-to-end model based on an attention-enhanced convolutional
neural network (CNN) for the prediction of mooring line tension, demonstrating that the
attention mechanism improves prediction performance compared to the baseline CNN.

Meanwhile, PID and its variants have been widely applied in the tensioning control
of offshore hoses, risers and mooring systems. For hose tensioning, PID controllers have
been adopted for the precise speed control of winch systems to maintain a constant array
hose tension during deployment and recovery operations [18]. For tension control in
hose manufacturing, Li et al. [19] proposed a constant tension control system based on
an integral separation fuzzy PID algorithm, reducing the tension fluctuation range by
nearly 40% and improving the manufacturing quality of tensile armor layers. For riser
tensioner systems, Wang et al. [20] designed a PID control algorithm for anti-recoil main
valve opening, successfully controlling the riser recoil speed within a reasonable range
during emergency escape scenarios. For Tension Leg Platforms under mooring line failure
conditions, Wang et al. [21] developed an active control scheme based on platform motion
response, demonstrating that the adaptive fuzzy PID control method exhibits stronger
robustness than traditional PID control.

Despite these advances, the existing research on the prediction of engineering physi-
cal quantities [15,22-24] focuses on the use of DNN, LSTM, Transformer and so on. The
spatial attention mechanism proposed in this study explicitly weights the most informative
spatial-temporal positions in the 6-DOF motion data, which enhances prediction accuracy
under varying sea conditions. In addition, most existing studies concentrate on either
neural network prediction or active tensioning control in isolation [9,25,26]. The integration
of neural network prediction with adaptive PID control for floating hose tensioning remains
underexplored. This study leverages neural network models to predict hose tension and cur-
vature and then designs an intelligent tensioning system based on a feedforward—feedback
strategy, forming an offshore hose system that can actively and intelligently control the
spatial shape and tension of the hose. This represents not only an innovation in hose design
but also an upgrade in system integration and control concepts. This study aims to provide
a theoretical basis and practical reference for the collision avoidance and safe operation of
vessels during offshore hose transfer operations.

2. Technical Solution Method

The core idea is to abandon the traditional passive suspension mode and instead sense
the six-degree-of-freedom (6-DOF) ship motions, predict the future changes in hose tension
and curvature, and use an intelligent tensioning system based on a feedforward—feedback
strategy to regulate the hose, thereby ensuring the safety of long-term service.

2.1. Hose Physical Model

The offshore hose is modeled as a slender flexible beam—column structure [27] sub-
jected to axial tension, bending moment and distributed loads, including self-weight,
buoyancy and hydrodynamic forces. Both ends of the hose are modeled as fixed connec-
tions. The cross-sectional area of the hose is given by

7T

A
4

(D; — D), (1)
where A represents the cross-sectional area of the hose, D, represents the outer diameter,
and D; represents the inner diameter. The area moment of inertia for the annular cross-

section is given by
U

I
64

(D; — D), )
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where I represents the area moment of inertia. The bending stiffness of the hose is given by
n
El=)  El (3)

where EI represents bending stiffness, E; represents Young’s modulus of the j layer material,
and I; represents the area moment of inertia of the j layer. The axial stiffness of the hose is
given by
n
EA = 2].:1 EjAj, (4)

where EA represents axial stiffness, and A; represents the cross-sectional area of the j layer.
The relationship between axial tension, T, and hose length, L, follows Hooke’s law for the

composite structure
AL

T=EAe=EA —, 5)
Lo
where T represents axial tension, ¢ represents axial strain, AL represents the change in hose
length, and L represents the original length of the hose. Thus, for small-length adjustments,
AL, the resulting tension change, AT, can be expressed linearly as [28]
EA
AT = — AL = K7-AL, (6)
Lo
where AT represents the change in hose tension, and Kt represents the tension sensitiv-
ity coefficient. For a slender beam, the relationship between bending moment, M, and
curvature, x, is governed by the Euler-Bernoulli beam theory [29]

M = Elx, 7)

where M represents the bending moment, and x represents the curvature of the hose. For
small deflections, the curvature, x, can be approximated as

40 dy
T ds  dx?’

)

where 0 represents the tangent angle of the hose centerline relative to the horizontal plane, s
represents the arc length along the hose centerline, y represents the lateral deflection of the
hose, and x represents the axial coordinate along the hose. The equilibrium of a differential

hose element is given by

d*M d?
Fra R ORREr? ®)
where g(x) represents the distributed load. Substituting Equation (8) into the equilibrium
equation, the governing differential equation for the hose deflection is obtained

dty

dly _ dy
dxt

—q(x)+ T~ (10)

EI ,
dx?

From Equation (9), the relationship between tension, T, and curvature, , is derived as
T~ EIlx+C, (11)

where C represents an integration constant. This coupling implies that changes in length
adjustments affect both tension and curvature simultaneously. For a length adjustment, AL,
the resulting curvature change, Ax, is calculated as [30]

Ak = K¢-AL, (12)
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where Ax represents the change in curvature, and K represents the curvature sensitivity
coefficient. A positive AL (lengthening the hose) decreases tension (K7 < 0) but increases
curvature (K > 0). This inherent physical conflict forms the basis for choosing tension as
the primary control target while treating curvature as a safety constraint.

Under the combined action of tension, buoyancy and self-weight, the offshore hose
assumes a catenary configuration [31]. The parameter relationship is described by the
catenary equation

dl
— 1
s wcosh, (13)

where w represents the distributed weight per unit length. The curvature, x, is given by

_df  wsind

K

2.2. Spatial Attention—Convolutional Neural Network

The use of attention mechanisms combined with CNN has proven effective in other
safety-critical prediction tasks. For instance, a multi-head attention-enhanced CNN com-
bined with reinforcement learning has been successfully applied to autonomous circuit
synthesis and performance prediction in complex design spaces [32]. Inspired by this,
the present study introduces a spatial attention mechanism into a pure CNN to construct
a spatial attention—convolutional neural network (SA-CNN) architecture. As shown in
Figure 3, SA-CNN introduces an additional attention layer compared to the standard CNN,
guiding the network to allocate its limited computing resources to the local areas that are
more discriminative for the prediction task, thereby suppressing the interference from
background noise or non-key features [33].

Input Convolutional Attention Pooling Fully Connected Output
Layer Layer Layer Layer
5 Database Flatten
way

Heave e = A ?
Roll = =[]
/
/

Pitch
Prediction step sizes

Surge

=

Historical window lengths Flatten

Parameter sharing

Figure 3. Illustration of SA-CNN.

The forward computation process of SA-CNN can be summarized as follows: Firstly,
the input multivariate time series is stacked to form a two-dimensional feature map,
F € REXHXW where C, H, W represent the number of channels, time steps and variables
respectively. Then, this feature map is sent to the spatial attention module to generate a
spatial weight map. The calculation process of the spatial attention weights is given by [17]

SA = a(conv?’xg’(concat[Avg_CP(F);Max_CP(P)] )), (15)

where Avg_CP(F) and Max_CP(F) respectively represent the average pooling and maxi-
mum pooling operations performed along the channel dimension, and their definitions are
given by
1 ¢c
Avg CP(F) = EZC:I F(c;-), (16)
Max_CP(F) = maxF(c;-), (17)
Cc

where F(c; -) indicates that operations are performed on all spatial positions of a channel,
c. After pooling and concatenation, a two-channel spatial descriptor is obtained. Then,
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through a 3 x 3 convolution layer and the Sigmoid activation function, a spatial attention
map, SA € RUH*W with the same spatial size as the original feature map is generated.
Each element of this attention map takes values in the range of (0, 1), representing the
importance of the corresponding spatial position.

Ultimately, the spatial attention map re-calibrates the original feature map through
element-wise multiplication

F'=SA()F, (18)

where © represents the Hadamard product. The spatial attention weights are broadcasted
across all channels in the channel dimension, thereby achieving differentiated enhancement
or suppression for different spatial positions.

2.3. Feedforward—Feedback Control Strategy

With the aforementioned predicted data, this study proposes a composite control
strategy combining feedforward and feedback actions. The initial length adjustment
command is given by

AL(t) = u(t) = upp(t) + urp(t), (19)

where AL(t) represents the length adjustment command, u(t) represents the total control
signal, urpp(t) represents the feedforward component, and urp represents the feedback
component. The feedforward action [34] is computed from the neural network predictions

Mpp(i’) = KFP(T(t + P) - Ttarget)/ (20)

where Krr represents the feedforward gain, T represents neural network predictions, and
Ttarget represents the target tension. The feedback action is computed using a standard PID
controller [35]

t
upp(t) = Kper(t) + K; /0 er(T)dT + Kgér(t), 1)

where K, represents the proportional gain, K; represents the integral gain, K; represents
the derivative gain, e represents the tension error, er(t) represents the rate of change of
the tension error. To account for the varying prediction accuracy of the neural network
under different sea conditions, an adaptive weighting factor, A(t), ref. [36] is introduced.
The feedforward contribution is automatically adjusted based on the prediction accuracy,
quantified by the coefficient of determination, R?

R2(t)

)‘(t) = m,

(22)
where A represents the adaptive weighting factor, R? represents the coefficient of deter-
mination, and & represents a smoothing parameter to prevent A from reaching 1. The
final control signal, u(t), is calculated as a weighted combination of the feedforward and
feedback components

u(t) = A(t)-upp(t) + (1 = A(t))-urs(t), (23)

Tension is the primary control target, and curvature is monitored as a safety constraint.
When the curvature exceeds the safety threshold, «g, ., the control action is automatically
attenuated. The decay factor, d(f), ref. [37] is defined as follows:

d(t) = max (dmm, 1— w) (24)

Kmax — Ksafe
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where d represents the decay factor, d,,;,, represents the minimum allowed decay factor,
Ksqfe Tepresents the curvature safety threshold, and x.x represents the maximum allowable
curvature. The curvature-constrained control signal is

Uconstrained (t) = d<t)'u(t>‘ (25)
where U coustrained Tepresents the curvature-constrained control signal.

2.4. Intelligent Tensioning System

Based on the feedforward—feedback control strategy, this study presents an active
tensioning system integrated into the ends of a platform and ship. As shown in Figure 1,
the tensioning system is installed on the platform and the vessel. Alternatively, as shown in
Figure 2, the tensioning system is arranged on the mining ship and the shuttle cargo ship.

As shown in Figure 4, the core component is an active tensioning system [38]. The
intelligent control valve regulates the direction of gas flow by receiving the length ad-
justment command, AL, by the feedforward-feedback control strategy, thereby changing
the pressures in the high-pressure and low-pressure nitrogen vessels, and the gas in the
high-pressure nitrogen gas vessel applies a relatively high pressure, Py, to the hydraulic
oil in the cylinder. The pressure in the cylinder is P, while on the other side of the cylinder
is the low-pressure nitrogen gas with pressure, P, and the pressure difference drives the
hydraulic oil to push the piston in the cylinder upwards to retract the pull rod, thereby
pulling up the sliding connector through the tensioner ring and then tightening the hose. At
the same time, the intelligent control valve can also achieve reverse gas flow, reducing the
pressure, Py, of the gas in the high-pressure nitrogen gas vessel, thereby reducing the pres-
sure, Py, in the cylinder’s hydraulic oil and increasing the pressure, Pg , of the low-pressure
nitrogen vessel. In reverse, the pressure difference forces the piston downward, moving
the pull rod and the sliding connector through the tensioner ring, thereby relaxing the hose.
The volume of these pressure vessels must be large enough to provide sufficient tension
and compensate for the movement of the hose [39]. The intelligent control valve is driven
by an electro-hydraulic servo with a fast response speed (frequency response > 10 Hz) and
high control accuracy [40].

As shown in Figure 5, the system is equipped with a direction and length control
system. It automatically adjusts the hose length according to the neural network prediction
and feedforward—feedback control strategy to ensure that the hose connection points are
always subjected to smooth loading, thereby reducing local wear [41].

Tensioner cylinder

Intelligent control val \
ntelligent control valve Low Pressure

HA NNitrogen Pressure
Zone 1 \q,;a Vessel (NPV)

APL qif, - Tntelligent control valve
b

<+— Upper Flex Joint

High Pressure
Nitrogen Pressure AntiRecol ZOME 3
Vessel (NPV) Shut-Off

Slip Joint

Tnlet (Inner Barrel)

Vavle «+—— Tensioner Ring

Slip Joint
(Outer Barrel)

Floating hose

Figure 4. Intelligent tensioning system [42].
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Direction control system

Roller

Figure 5. Hose storage and length control system.

As shown in Figure 6, fiber-optic force measurement is based on the principle of light
interference. When the fiber is subjected to external force and undergoes a slight deforma-
tion, the light signal (such as wavelength or phase) transmitted within the fiber will change
accordingly. By demodulating this change in the light signal, the magnitude and location of
the force can be accurately determined. This system is compact, resistant to electromagnetic
interference, and is suitable for distributed high-precision force measurement in harsh
environments [43]. In this intelligent tensioning system, it is used to detect the tension and
curvature of the hose in real time, serving as verification for the prediction results. When
the prediction error is significant, fiber optic force measurement data are utilized to adjust
the length and direction of the hose to ensure the safety of the operation process.

- Upper Flex Joint

Buoyancy pipe Optical fiber

Wear-resistant pipe Wear-resistant pipe Tensioner Ring
___Slip Joint

(Outer Barrel)
Wear-resistant pipe

Optical fiber N \ Dptical fiber

Optical fiber Non-resistant pipe

Cross-section 2 Cross-section |

Figure 6. Intelligent particle flow conveying hose.

2.5. Overall Design Concept

Based on the above theory, an intelligent tensioning system is integrated at the ship,
as shown in Figure 7. The 6-DOF motions of the ship are sensed in real time, and the
hose tension and curvature are predicted. The feedforward-feedback control strategy
then dynamically adjusts the hose length and direction. The hose is consistently main-
tained in a low-curvature J-shape [44], which ensures stable, efficient and safe transport of
solid particles.

The proposed system is designed to operate as follows: (1) Real-time 6-DOF motions
are acquired from the vessel’s dynamic positioning system or motion reference unit at a
sampling rate of 10 Hz. (2) The SA-CNN model, pre-trained on representative sea condition
data, predicts the future tension and curvature of the hose with a prediction step size of
5s. (3) When the predicted curvature exceeds ks, an alarm is triggered on the bridge
control panel, and the feedforward—feedback controller automatically computes a length
adjustment command, L(#), to shorten the hose. (4) The intelligent tensioning system
executes the command through electro-hydraulic servo valves, adjusting the hose length
within the physical limits, Ly, and Lmax. (5) The entire sensing—prediction-decision—ex-
ecution loop operates continuously with a cycle time of 0.1 s.
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Figure 7. Flowchart of the overall design concept.

In addition, three key failure modes are considered: (1) Sensor failure: If the 6-DOF
motion data are lost, the system falls back to a pure PID feedback mode, relying solely on the
tension error signal without feedforward compensation. (2) Communication delay: If the
prediction update is delayed beyond 1 s, the system automatically extends the prediction
step size from 5 s to 10 s using the most recent available data. (3) Actuator saturation: If the
required length adjustment exceeds the physical limits (L < Lpjn or L > Lax), the control
signal is clipped at the boundary, and a warning is issued to the operator.

As illustrated in Figures 8 and 9, for offshore resource development, it is necessary
to establish a material transfer conduit for platform-to-ship and ship-to-ship operations.
In offshore mining, granular flow pipeline connections are required between mining sup-
port platforms and solid particle storage vessels [45]. While laying a subsea pipeline via
conventional methods would incur substantial engineering costs, directly connecting the
fixed platform to the floating production system using a floating hose significantly reduces
production expenses [46]. Figure 8 depicts an offshore scene using a multi-point moored
ship and a fixed platform. Figure 9 depicts a deep-sea scene using a dynamic positioning
(DP) ship and a floating platform.

T
/

{
/
[
|

‘ T

I
IA]
\_ T Floating hose )]/ il

Hose tensioner

|

i

a

Fixed platform

Mooring line

Figure 8. Permanent floating hose transfer system between offshore multi-point mooring ship and
fixed platform.
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Roller

= Floating hose

DP Ship
Hose tensioner

SPAR Deep Sea Mining
Support Platform

Figure 9. Permanent flexible solid transfer system between DP ship and floating platform.

Based on the above concept, three design criteria are established for the control system.

(1) Curvature constraint: To prevent particle deposition in granular flow, the ratio of
curvature radius, R, to pipe diameter, D, must satisfy [47]

R/D >4, (26)

where R = 1/« represents the radius of the curvature, and D represents the pipe
diameter. For D = 0.6 m, this design criterion gives R = 5 m, 80 k5,7, = 0.2 m L.

(2) Tension constraint: To avoid excessive stretching, the maximum tension must be
maintained within 60% [48] of the material’s ultimate tension, T,

T < Tyax = 0.6: T, 27)

where T, represents the maximum allowable tension, and T,;; represents the ulti-
mate tensile strength.

(3) Dual-objective safety domain: The system must maintain the hose state within a safe
operating region defined by both tension and curvature bounds

S =T, %)|T < Tax, & < Kpax), (28)
where S represents the safe operating region of the hose.

3. Numerical Simulation
3.1. Oceanographic Parameters

This study assumes that the wave and current directions are consistent, and that the
angle between the wind direction and the wave—current direction is 45°. The other angles
are shown in Section 4.5. The wave spectrum is taken to be the JONSWAP spectrum [49].
Second-order wave drift forces are neglected. The sea conditions are once in a year, once
in a century and once in a thousand years from realistic offshore metocean datasets. The
relevant parameters are shown in Table 1.

3.2. Simulation Results

The system is simulated for 10,800 s (3 h) in OrcaFlex (version 11.0), coupling environ-
mental loads (wind, waves and currents) under three sea states (once in a year, once in a
century, and once in a thousand years) with three hose lengths (145 m, 150 m, and 155 m).
The hose is modeled as a slender beam—column structure using the lumped-mass method
implemented in OrcaFlex, with boundary conditions including the fixed connection at

https://doi.org/10.3390/jmse14151444
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the platform side and the fixed connection at the vessel side. This study assumes that the
results obtained from the numerical simulation software are correct [50]. The tension and
curvature at each point under different hose lengths are solved.

Table 1. Sea state parameters.

Wave Parameter Current Parameter Wind Parameter

Significant Wave Peak Peak Average Wind

Sea Condition st . Enhancement Flow Velocity (m/s) erag
Height (m) Period (s) Speed (m/s)
Factor

H Tp Y 0m 10 m 20 m 30 m 45°

Once in a year 4.52 9.45 1.89 1.24 1.07 0.83 0.53 24
Once in a century 13.7 15.1 2.4 2.49 2.14 1.67 1.07 45.1
Once in a 16.5 15.9 2.75 2.76 2.37 1.85 1.23 50.9

thousand years

As shown in Figure 10, under nine different operating conditions, the tension and
curvature of the hose both meet the design requirements as described in Section 2.5 [51].
As the sea conditions deteriorate, the tension and curvature of the hose increase, while the
safety redundancy decreases. As the length of the hose changes, the tension and curvature
do not change significantly. Therefore, it is reasonable to select operating conditions
combining the once-in-a-year and once-in-a-century sea states with hose lengths of 145 m
and 150 m as the training set, while the remaining conditions are used as the test set.

Time 5) Time )
ition + 155m () Once-in-a-century sea condition + 155m (i) Once-in-a-thousand-years sea condition + 155m

Figure 10. Hose tension and curvature under different operating conditions. (a) Once-in-a-year sea
condition + 145 m; (b) once-in-a-century sea condition + 145 m; (c) once-in-a-thousand-years sea con-
dition + 145 m; (d) once-in-a-year sea condition + 150 m; (e) once-in-a-century sea condition + 150 m;
(f) once-in-a-thousand-years sea condition + 150 m; (g) once-in-a-year sea condition + 155 m; (h) once-
in-a-century sea condition + 155 m; (i) once-in-a-thousand-years sea condition + 155 m.

The 6-DOF motions of the ship will significantly affect the tension and curvature of
the hose, thereby impacting the safety of the system. In DP ships, the 6-DOF motions are
controlled by GPS and their own power systems [52]. In multi-point mooring ships, 6-DOF
motions of ships are related to the design of the mooring system. This study investigates
the relationship between mooring line length and hose tension and curvature under the
once-in-a-thousand-years sea condition with a hose length of 145 m.

As shown in Table 2, the longer the mooring line is, the greater the hose tension,
the greater the curvature and the greater the ship’s movement distance. The shorter the
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mooring line is, the smaller the hose tension, the smaller the curvature and the smaller
the ship’s movement distance. Taking into account the safety of mooring, as well as the
requirements for hose tension and curvature [53], the final length of the mooring lines is
determined to be 93 m.

Table 2. Simulation of different mooring line lengths.

Mooring Line Length (m)  Maximum Tension (kN) Cux::;?;‘:ﬂil) Dlz’;étl:lllrcneu;rfl tl;lfleoxsiirir;)e?l;cl |
93 119.10 0.2189 14.47
94 119.14 0.2189 16.01
95 119.15 0.2291 17.53
96 119.19 0.2292 19.18
97 119.21 0.2294 20.62

3.3. Dataset Establishment

To quantitatively evaluate the linear explanatory power of the ship’s 6-DOF motion
components for the tension and curvature of the hose, this study calculates the Pearson
correlation coefficient [54] between the independent variables and the dependent variables.

As shown in Figure 11, the correlation coefficients between surge and tension and
between surge and curvature are 0.997 and —0.999, respectively, indicating a near-linear
relationship [55]. This indicates that within the analyzed operating conditions, the X-axis
displacement of the floating platform is the most significant motion component determining
the changes in hose tension and curvature. The correlation coefficients between yaw and
tension, and yaw and curvature are —0.414 and 0.401 respectively. Among the six motion
components, they are the lowest. This is because yaw mainly causes the platform to rotate
around the Z-axis, and its contribution to the changes in hose tension and curvature is
relatively limited [56]. The above correlation analysis results indicate that there is a strong
linear correlation structure between the 6-DOF motions of the ship and the mooring tension
and curvature. Moreover, whether a DP ship or a multi-point moored ship is considered, its
6-DOF motions can be easily measured. Therefore, it is reasonable to use the 6-DOF motions
of the ship as independent variables and the corresponding hose maximum curvatures and
maximum tensions as dependent variables.

Surge

Sway -

-0.25

Heave -

-0.00

Roll -
--0.25

Pearson Correlation Coefficient

Pitch -0.50

-0.75
Yaw - —0.414 0.401

0 [
Tension Curvature

Figure 11. Data correlation heatmap.
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To ensure the temporal sequence of the data [57], this study does not shuffle the
data and divides the data in sequence. At the same time, to avoid the problem of non-
independence of samples caused by high-frequency sampling [58], this study uses a sam-
pling frequency of 10 Hz. As shown in Table 3, to make full use of the database, in this
study, the data with hose lengths of 145 m and 150 m under the once-in-a-year and once-
in-a-century sea conditions are classified as Class A. The hose length of 155 m and sea
condition of once in a thousand years are classified as Class B. The first 70% of the Class
A data are used for model training, and the next 15% are used for evaluating the loss
function [59], while the remaining 15% are used for model generalization evaluation along
with the Class B data.

Table 3. Database partitioning.

Parameters 145 m 150 m 155m

Once in a year Class A Class A Class B
Once in a century Class A Class A Class B
Once in a thousand years Class B Class B Class B

The training set does not use all the data from Class A, in order to prevent overfitting
and to enhance its generalization ability [60]. The validation set utilizes the next 15% of
Class A, mainly for evaluating the loss function. The test set uses the last 15% of Class
A and all the Class B data, ensuring that the models have never seen these data during
training [61]. This was done to verify the generalization ability of the model.

4. Neural Network Prediction

This study compares the training performance of Model-I (RNN), Model-II (LSTM),
Model-III (CNN) and Model-IV (SA-CNN) under different historical window lengths and
prediction step sizes. Meanwhile, this study examines the predictive performance of four
models under different sea conditions and hose lengths and compares the generalization
capabilities of the four models.

4.1. Training Process

In this study, the training parameters of four models are shown in Table 4. The detailed
configuration of Model-IV is shown in Table 5. Each model includes early stopping [62]
based on the validation loss, with a patience of 50 epochs to prevent overfitting.

Table 4. The training parameters of four models.

Initial Early Stopping Activation

Model Batch Size Learning Rate Weight Decay Patience Function Dropout
Model-I 128 1x10°3 1x107° 50 tanh 0.3
Model-II 128 1x1073 1x107° 50 tanh/ReLU 0.3
Model-III 128 1x1073 1x107° 50 ReLU 0.3
Model-1V 128 1x1073 1x107° 50 ReLU 0.3

The temporal dynamics are handled by a sliding historical window and prediction
step size. The historical window length and prediction step size used in this study are
shown in Table 6. Historical window length (H) represents the number of seconds of the
past data used for training. Prediction step size (P) represents the number of seconds ahead
for which the tension and curvature are to be predicted.
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Table 5. The detailed configuration of Model-IV.

Layer Configuration
Inout Shape (batch, channels, historical
P p window length) = (batch, 6, H)
Filters 32
ConvlD layer 1 Kernel size 3
. Pool size 2
MaxPooling1D Stride 5
Filters 64
Feature extraction ConviD layer2 Kernel size 3
backbone (CNN) . Pool size 2
MaxPooling1D Stride 5
Filters 128
ConvD layer 3 Kernel size 3
. Pool size 2
MaxPooling1D Stride ”
(batch, 128, 1, H/8)—unsqueezed
Input to attention to add height dimension for
Spatial attention module Filters 2D comllolutlon
2D Convolution Kernel size 3x3
Element-wise product (batch, 128, H/8)
Dense layer 1 Number of neurons 64
Fully connected layers . .
2 (predicted tension and
Dense layer 2 (output) Number of neurons
curvature)
Total trainable parameters Approximately 80,885 (H = 50)

Table 6. Different combinations of historical window length and prediction step size.

Parameters Prediction Step Size,5s Prediction Step Size, 10 s Prediction Step Size, 20 s
Historical window length, 5s H5P5 H5P10 H5P20
Historical window length, 10 s H10P5 H10P10 H10P20
Historical window length, 20 s H20P5 H20P10 H20P20

The training process of the first 100 epochs is shown in Figure 12. It is worth noting
that the model outputs tension and curvature, so there are two MSE loss values. However,
to facilitate an evaluation of the model performance, in the model evaluation part of this
study, the average MSE loss is used as the loss function, and the two loss values will be
separately presented in the subsequent prediction part. Among the 9 combinations of
historical window length and prediction step size, the H20P5 combination shows a faster
decrease and a smaller final stable loss value; the H5P20 combination shows a slower
decrease and a larger final stable loss value. This indicates that the combination of a longer
historical window length and a shorter prediction step size reduces learning complexity,
while the opposite combination increases it [63]. This characteristic is the same for all four
models. However, the training error curves of Model-III and Model-IV exhibit a more stable
and faster decline, and their final stable loss values are smaller. The training error curves of
Model-I and Model-II fluctuate more significantly, and the final stable loss function value is
larger, but they still show a downward trend. From this, it can be seen that Model-III and
Model-IV are more suitable for this study compared to Model-I and Model-II.
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Figure 12. Loss function (average MSE loss) during the training process of different neural network
models. (a) Model-I; (b) Model-II; (c) Model-III; (d) Model-IV.

4.2. Hyperparameter Optimization

Based on the models trained with the 9 different historical window lengths and
prediction step sizes mentioned above, this study uses the test set of Class A to optimize
the hyperparameters. Four models respectively use 9 sets of hyperparameters to predict
the hose tension and curvature and compare them with the actual values, calculating their
average R? scores.

As shown in Figure 13 and Table 7, for all historical window lengths, increasing the
prediction step size significantly decreases the R? scores of each model. Taking H =20 s
as an example, when P increases from 5 s to 20 s, the R? score of SA-CNN drops sharply
from 0.9965 to 0.4145, a decrease of 58.4%. This phenomenon indicates that the dynamic
evolution of the hose has a strong short-term correlation. As the prediction time scale
increases, the system state uncertainty accumulates, which fundamentally constrains the
extrapolation ability of data-driven models [17].

Increasing the historical window length generally improves the prediction accuracy,
but the improvement rate decreases as the historical window length increases. Taking
SA-CNN with p = 10 s as an example, when H increases from 5 s to 10 s, the R? score
increases from 0.6541 to 0.6835 (a relative increase of 4.5%); further increasing to 20 s yields
an R? score of 0.7096 (only a 3.8% relative increase). This indicates that the main dynamic
characteristics of the hose response can be captured by historical motion information within
the range of 5 s to 10 s. Although an excessively long historical window length can provide
additional context, the ratio of computational cost to accuracy gain gradually decreases.
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Figure 13. Average R? scores for four models with nine hyperparameters. (a) Model-I; (b) Model-IT;
(c) Model-IIT; (d) Model-IV.

Table 7. Average R? scores of four models with nine hyperparameters.

Parameters Model Type Predi-ction Pred.iction Pred.iction
Step Size,5s  Step Size,10s  Step Size, 20 s

Historical Model-1 0.9839 0.5097 0.1201
window Model-1I 0.9875 0.5455 0.1242
length, 5 s Model-III 0.9819 0.5701 0.3318
! Model-IV 0.9900 0.6541 0.3461
Historical Model-1 0.9874 0.5267 0.1828
window Model-II 0.9916 0.6158 0.1953
length, 10's Model-III 0.9920 0.6395 0.3431
/ Model-IV 0.9953 0.6835 0.3555
Historical Model-1 0.9892 0.5525 0.1964
window Model-II 0.9922 0.6393 0.2021
length, 20's Model-III 0.9934 0.6544 0.3763
’ Model-IV 0.9965 0.7096 0.4145

Model-1V achieves the highest R? scores in all 9 hyperparameter combinations. Es-
pecially at the short prediction step size (p = 5 s), its R? score remains above 0.99, almost
achieving a perfect fit for the mooring tension. This clearly indicates that Model-1V is
suitable for this study.

As mentioned above, a longer historical window length can improve the model’s
accuracy, but the training process becomes more unstable. A shorter prediction step size

https://doi.org/10.3390 /jmse14151444


https://doi.org/10.3390/jmse14151444

J. Mar. Sci. Eng. 2026, 14, 1444

17 of 27

O S L e o
(L4 s

(@) Model

can significantly reduce the error, but the model can predict for a shorter time interval [22].
This study strikes a balance between accuracy and prediction time interval, ultimately
selecting the H10P5 combination for the subsequent analysis.

4.3. Training Results

Using the model optimized with the above hyperparameters, predictions are made
for the test set data of four combinations of operating conditions (two environmental
conditions: once in a year and once in a century; two hose lengths: 145 m and 150 m).
The dataset includes data not encountered by the models during training under the same
operating conditions. The predicted values are compared with the actual values. As shown
in Figure 14, the predictions for hose tension and curvature are plotted on the same graph,
distinguished by different colors. The solid line represents the actual values, and the
dashed line represents the predicted values. It can be seen that the dashed line and the solid
line are basically overlapping, indicating that each model performs well, makes accurate
predictions, and precisely captures the relationship between the independent variable and
the dependent variable.
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Figure 14. R? scores of four models on test set with different operating conditions. (a) Model-I, once-
in-a-year sea condition + 145 m; (b) Model-I, once-in-a-century sea condition + 145 m; (c¢) Model-I,
once-in-a-year sea condition + 150 m; (d) Model-I, once-in-a-century sea condition + 150 m; (e) Model-
II, once-in-a-year sea condition + 145 m; (f) Model-II, once-in-a-century sea condition + 145 m;
(g) Model-II, once-in-a-year sea condition + 150 m; (h) Model-II, once-in-a-century sea condi-
tion + 150 m; (i) Model-III, once-in-a-year sea condition + 145 m; (j) Model-III, once-in-a-century sea
condition + 145 m; (k) Model-III, once-in-a-year sea condition + 150 m; (1) Model-III, once-in-a-century
sea condition + 150 m; (m) Model-1V, once-in-a-year sea condition + 145 m; (n) Model-1V, once-in-
a-century sea condition + 145 m; (o) Model-1V, once-in-a-year sea condition + 150 m; (p) Model-1V,
once-in-a-century sea condition + 150 m.

To quantitatively evaluate the predictive accuracy of the four models, this study
calculates the R? scores, RMSE and MAE between the predicted and true values for each
model on the test set.

As shown in Table 8, under all four operating conditions, Model-IV achieves the
highest R? scores (all greater than 0.97) and the lowest RMSE in all cases, indicating its
outstanding time series feature extraction ability and generalization performance. Taking
the once-in-a-year sea condition and 145 m hose length as an example, the R? score of
Model-1V reaches 0.9922, which is 16.9% higher than that of Model-I, 5.6% higher than
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that of Model-II and 4.9% higher than that of Model-III. The introduction of the spatial
attention mechanism in Model-IV enables the model to dynamically focus on the key time
positions in the input features that are highly related to hose tension and curvature, thereby
maintaining excellent predictive ability in various environments.

Table 8. R? scores, RMSE and MAE of four models with different operating conditions.

Model-I Model-II Model-III Model-IV

Models R2- R2- R2- R2-

RMSE MAE RMSE MAE RMSE MAE RMSE MAE
Scores Scores Scores Scores

111';"1: 0.8489  0.8383 0.8236 09396 07369 07187 09456 0.7015 0.6879 09922  0.6925 0.6778
10(1’55‘3?55 T 08022 08804 08623 08708 07488 07364 09335 07273 07165 09834  0.6934  0.6851
1155’83; 0.8497 0.8884 0.8707 09222 07248 07098 09502 07006 0.6954 09958  0.6920 0.6774
10(1’5%“'?;5 08011  0.8884 08827 08712 07571 07388 09324 07400 07327 09723  0.6949  0.6836

When the sea condition changes from once in a year to once in a century, the perfor-
mance of all models deteriorates to varying degrees. In particular, the R? scores of Model-I
and Model-II decrease significantly, and their RMSE values increase markedly. This sug-
gests that the mapping capacity of the recurrent architectures (Model-I and Model-II) is
insufficient under different sea conditions, making it difficult to accurately capture the
complex coupling between ship motion and hose response. However, varying the hose
length has almost no impact on the performance of the four models.

From this, it can be seen that for the test set data of the four combinations of operating
conditions, all four models have varying degrees of generalization ability [23]. Among
them, Model-IV performs the best and has the potential to be deployed in an actual hose
monitoring system.

4.4. Verification of the Extrapolation Ability of the Model

In actual engineering, operating conditions are highly complex and variable. There-
fore, it is necessary to evaluate the performance of the model under extreme operating
conditions [24]. This section evaluates the performance of the four models under the
extreme condition of the once-in-a-thousand-years sea state with a hose length of 155 m in
Class B and compares their generalization capabilities.

As shown in Figure 15, under extreme operating conditions, the predicted values of
the four models are in close agreement with the true values. This indicates that the four
models have achieved good predictive results, successfully forecasting the overall trends
and major fluctuations of hose tension and curvature. This also proves that all four models
possess varying degrees of generalization ability.

To quantitatively evaluate the predictive accuracy of the four models, this part also
calculates the R? scores, RMSE and MAE of the predicted values and true values for each
model under extreme operating conditions.

As shown in Table 9, when the model encounters unknown sea conditions, the predic-
tion accuracy decreases. Taking Model-IV as an example, the R? score drops from 0.9723
(100 years + 150 m operating condition) to 0.8737 (1000 years + 155 m operating condition), a
decrease of 10.1%, and RMSE increases from 0.6949 to 0.7480. The degradation of Model-I is
even more severe; its R? score has fallen to 0.7061, and its RMSE soars to 1.0731, an increase
of more than 25% compared to the 1 year + 145 m operating condition. Although the overall
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performance declines, Model-1V still maintains relatively good prediction performance
with an R? score of 0.8737. Thus, it retains good predictive ability even under extreme
operating conditions.

Tension (kN)

2000

6000 5000 10600 2000 4000 w0 1000

(a) Model-I (b) Model-II

Curvature (m™1)

2000

4000

6000 8000 10000 2000 4000 6000 8000 10000
Time (s) Time (s)

(c) Model-III (d) Model-1V

Figure 15. Prediction results of four models on test set under extreme operating conditions. (a) Model-
I; (b) Model-II; (c) Model-IIT; (d) Model-IV.

Table 9. R? scores, RMSE and MAE of four models under extreme operating conditions.

Model-I Model-II Model-III Model-IV
Models R2- R2- R2- R2-
RMSE MAE RMSE MAE RMSE MAE RMSE MAE
Scores Scores Scores Scores
1:).01055;;1*5 0.7061 1.0731 1.0333 0.7717 09361 09156 0.8171 0.8730 0.8561 0.8737  0.7480 0.7197

4.5. Generalization Ability of Wind, Wave and Current Directions

This section investigates the prediction performance of the model under different wind,
wave and current directions, thereby demonstrating its applicability in real engineering [64].
It should be noted that in this section, the operating condition is assumed to be the once-in-
a-year sea state with a hose length of 145 m. At the same time, this section assumes that the
wave and the current are in the same direction. Theoretically, the relationship between the
independent variables and the dependent variables learned by the model is independent
of the environmental load direction. Therefore, this study hypothesizes that the model’s
prediction accuracy is independent of the angle. The model still maintains good prediction
performance under different angles.

As shown in Table 10, under different wind and wave—current angle conditions, the
variations in R? scores, RMSE and MAE for each model do not show significant differences.
Furthermore, among all the wind and wave—current angles, Model-IV achieves the highest
R? scores and the lowest RMSE and MAE, indicating that this model has the strongest
generalization ability for the location’s operating conditions. These results demonstrate
the generalization ability of each model with respect to the directions of wind, waves and
currents [65].
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Table 10. R? scores, RMSE and MAE of four models with different angles of wind and wave—current.

Model-I

Model-II Model-III Model-IV

Models R2

Scores

RMSE

2. 2. 2
MAE R RMSE MAE R RMSE MAE R RMSE MAE
Scores Scores Scores

OO
15°
30°
45°
60°
75°
90°

0.8049
0.7945
0.8446
0.8489
0.8254
0.8475
0.8515

0.8659
0.8686
0.8413
0.8383
0.8573
0.8398
0.8365

0.8596 09465 0.7228 0.7218 09571 0.6985 0.6735  0.9921  0.6929 0.6732
0.8495 09345 07392 0.7278 09347 0.7158 0.6841 09845 0.6974 0.6781
0.8362 09245 0.7449 0.7341 09435 0.7041 0.6712 09738  0.7059 0.6698
0.8197 09396  0.7369  0.7235 09456 0.7015 0.6785  0.9922  0.6925 0.6731
0.8462 09372 0.7383 0.7105 09554  0.6987  0.6982 09842  0.6994 0.6824
0.8275 09127 0.7584  0.7437 09345 0.7162 0.6941 09754 0.7015 0.6812
0.8261 09416 0.7237 0.7068 09454 0.7034 0.6854  0.9987  0.6902 0.6442

5. Intelligent Control Performance Verification

This study proposes a feedforward—feedback control strategy to generate the length
adjustment command. The feedforward component is derived from neural network predic-
tions, and the feedback component is provided by PID control.

5.1. Feasibility Analysis of Intelligent Tensioning System

Based on the above neural network analysis results, SA-CNN achieves the highest R
scores in all 9 combinations of hyperparameters and all operating conditions. Therefore, in
this study, this model is selected as the core prediction model for the intelligent tensioning
system. By sensing the 6-DOF motions of the ship, the SA-CNN model predicts the future
tension and curvature of the hose and then drives the feedforward—feedback controller to
regulate the hose based on the difference between the target values and the predicted values.

As shown in Table 11, the curvature and tension of the hose vary with hose length.
The longer the hose is, the greater the curvature and the lower the tension [44]. When
the neural network predicts an excessive curvature of the hose, the intelligent tensioning
system shortens the hose length using the feedforward—feedback control strategy. This
demonstrates the feasibility of using an intelligent tensioning system to adjust the hose
length and keep the tension and curvature within a reasonable range. As long as the
accuracy and generalization of the neural network prediction model are ensured, the
system can theoretically guarantee continuous and reliable hose transportation under
different sea conditions.

Table 11. The maximum tension and curvature of the hose under different hose lengths and
sea conditions.

Parameters

145 m 150 m 155 m

Curvature Tension Curvature Tension Curvature Tension
(m~1) (kN) (m—1) (kN) (m~1) (kN)

Once in a year
Once in a century
Once in a thousand years

0.1926 116.43 0.1928 116.41 0.1929 116.35
0.2073 118.28 0.2076 118.25 0.2081 118.15
0.2189 119.10 0.2186 119.08 0.2182 119.01

5.2. Simulation Setup and Evaluation Metrics

To validate the effectiveness of the proposed composite control strategy, a numerical
simulation platform was developed in MATLAB (version R2025a). The simulation platform
consists of three modules: (1) an SA-CNN predictor trained on the dataset, which provides
feedforward predictions of hose tension and curvature; (2) a PID controller [35] with
feedforward compensation; and (3) a superposition scheme that the applies feedforwa-
rd—feedback strategy.
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The intelligent control performance verification is performed using the tension and
curvature time series data under the once-in-a-year sea condition with the hose length of
145 m. The dataset contains 10,800 s of data sampled at 10 Hz. The tension and curvature
responses of the hose under this operating condition serve as the open-loop baseline [66].
The SA-CNN predictions of tension and curvature are pre-computed. At each time step,
the controller computes the required length adjustment, L(n). The control effect, Ky-L(n),
is then directly superimposed on the tension response to obtain the controlled tension.

The superposition-based approach adopted in this study is a common preliminary
validation method for control algorithms in offshore engineering, as it allows for rapid
assessment of control effectiveness without the computational burden of fully coupled
simulations. However, it should be noted that this method neglects the feedback coupling
between the hose dynamics and the control action. Therefore, the quantitative results are
indicative of the control potential rather than the actual closed-loop performance. The
primary contribution of this section is to demonstrate that the feedforward component
derived from SA-CNN predictions can effectively suppress the oscillations introduced by
pure PID feedback, as shown by the comparative analysis.

Three control strategies are implemented and compared under the same operat-
ing condition.

Case 1 is an open-loop scenario, which serves as the baseline. The hose length is fixed,
and no active control is applied.

Case 2 is a pure PID feedback controller, where only the feedback component of the
controller is active. The control signal is computed as

L(n) = —0.5-ur(n), (29)

where L(n) represents the control signal, and ur(n) represents the PID output based on the
tension prediction error. The PID gains are tuned using the Ziegler-Nichols method [67]
and refined manually for the hose-tension control application. Finally, K, = 1.0, K; = 0.5,
and K; = 0.05 [68].

Case 3 is the composite feedforward-feedback control proposed in this study. The
feedforward component is computed from SA-CNN predictions

Lff(n) = —03Kff(T(l’l +p)— Ttarget)/ (30)

where L¢f(n) represents the feedforward component, K¢ represents the feedforward coeffi-
cient, p = 50 steps (5 s), T represents the SA-CNN tension prediction, and Tyarger = 113 kN
represents the target tension. The feedback component is the same PID controller as in
Case 2. The final control action is a weighted combination

L(I’l) = )LLff(?’l) + (1 — /\)~Lﬂ,(f’l), (31)

where A represents the adaptive weight based on the prediction accuracy, and L;(n)
represents the feedback component. Owing to the high prediction accuracy of SA-CNN,
the model prediction error remains below 5% in the vast majority of operating conditions.
Consequently, the adaptive weight, A, maintains a relatively large value, and the control
action relies primarily on the feedforward contribution. Only in rare cases where the
prediction error unexpectedly exceeds 5% does A automatically reduce the feedforward
contribution, shifting greater reliance to PID feedback.

It is worth noting that tension is chosen as the primary control target because the
length adjustment operation has opposite physical effects on tension and curvature; they
cannot both be used as control targets simultaneously [26]. Tension directly determines

https://doi.org/10.3390/jmse14151444


https://doi.org/10.3390/jmse14151444

J. Mar. Sci. Eng. 2026, 14, 1444

22 of 27

the structural integrity and fatigue life of the floating hose, while curvature serves only
as a safety constraint. When the curvature exceeds #g, 7, = 0.2 m~!, the control action is
automatically attenuated by a decay factor

- . K — Ksafe
d = max <0.3,1 005 ) (32)

This mechanism prevents the hose from excessive bending while maintaining ten-

sion control. To quantitatively evaluate the control performance, a peak reduction ratio

is adopted
"Popen — Yo

open

Rpeak = x 100%, (33)

where ¥ represents either tension, T, or curvature, x.

5.3. Comparative Results and Analysis

In this study, the 10,800 s dataset is processed using each of the three control strategies,
enabling a time-domain comparison among them.

As shown in Figure 16, the open-loop response exhibits significant tension fluctuations,
with a peak tension of 116.43 kN. When the pure PID controller is applied, the peak tension
is reduced to 115.20 kN. However, the PID response exhibits noticeable oscillations [69].

118

—— Pure PID
—— OpenLoop

117 —— Composite
— Target (113 kN)
---- +2 kN band

116

Tension (kN)

[ 2000 4000 6000 8000 10000
Time (s)

Figure 16. Performance comparison of three control strategies.

In contrast, the composite control strategy achieves the most favorable performance.
All the data lie within the 2 kN band. The feedforward component, derived from the SA-
CNN predictions, initiates the length adjustment 5 s in advance, effectively counteracting
the incoming disturbance before it manifests as a large deviation. The feedback component
then compensates for the residual error via the PID controller. As a result, the tension curve
under composite control exhibits the smallest amplitudes and the fastest recovery from
disturbances. Under this operating condition, the curvature at each moment is less than
0.20 m~1, which meets the curvature target. Therefore, the curvature constraints do not
affect the controller’s decision-making.

As shown in Table 12, the pure PID controller achieves a modest 0.5% reduction in
peak tension compared to the open-loop case. However, its RMSE increases significantly
from 0.93 to 1.53, representing a 64.52% deterioration relative to the open-loop case. This
indicates that although the PID controller reduces the peak value, it introduces severe
oscillations into the system, compromising overall stability.

In contrast, the proposed composite control strategy achieves a 1.2% peak tension
reduction—2.4 times that of pure PID—while simultaneously reducing the RMSE to 0.55.
This represents a 40.9% improvement over the open-loop case and a 64.0% improvement
over pure PID. The composite control strategy not only delivers superior peak reduction
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but also ensures the most stable performance among all three strategies. The only difference
between the pure PID and composite strategies lies in the feedforward component derived
from the SA-CNN predictions. The fact that pure PID leads to oscillation while compos-
ite control converges smoothly demonstrates that the feedforward prediction effectively
suppresses feedback-induced oscillations. It should be noted that due to the inherent
physical characteristics of the floating hose, where a 10 m length change produces only
approximately 0.1 kN of tension variation, as shown in Section 5.1, the achievable peak
reduction via length adjustments is fundamentally limited [44]. The key contribution is not
the magnitude of peak reduction itself but the fact that feedforward prediction stabilizes
the system where pure PID oscillates, demonstrating the effectiveness of the proposed
predictive-control framework.

Table 12. Performance comparison of three control strategies.

Strategy Peak Tension (kN) Rpeak,T (%) RMSET (kN)
Open loop 116.43 0 0.93

Pure PID 115.87 0.5 1.53
Composite 115.06 1.2 0.55

To verify the functionality of the curvature safety constraint, an additional simulation is
performed under the once-in-a-thousand-years sea condition with the hose length of 145 m,
where the open-loop curvature exceeds the safety threshold of 0.20 m~! in some parts.

As shown in Figure 17, the peak curvature of the open-loop case is 0.2189 m~!, and
the violation ratio is 1.20%. The unconstrained composite control strategy slightly reduces
the peak curvature to 0.2181 m~!, with a violation ratio of 1.07%, indicating that its effect
on curvature suppression is limited. In contrast, when the curvature safety constraint is
activated, the composite control strategy with the curvature constraint successfully limits
the peak curvature to 0.2000 m~! (the preset safety threshold), completely eliminating vio-
lations (0.00%). This shows that the proposed constraint mechanism can precisely intervene
when the curvature approaches the limit, effectively preventing excessive curvature. The
pure PID controller with constraints yields a peak curvature of 0.2185 m~! and a violation
ratio of 1.09%, which is worse than the constrained composite control strategy. These
results confirm that the composite control strategy with curvature safety constraints can
provide the most reliable protection against excessive curvature in extreme sea conditions,
fully verifying the effectiveness of the proposed constraint mechanism.

023

-~~~ Safe threshold (0.2 m")

02189 0281 02185 1.20%

022

Peak Curvature (m-?)
Violation Ratio (%)

019

(a) Peak curvature (b) Violation ratio

Figure 17. Curvature constraint performance. (a) Peak curvature; (b) violation ratio.

While the proposed framework demonstrates promising results, several limitations
must be acknowledged. First, all results are based on numerical simulations using OrcaFlex.
Full-scale field validation has not been conducted, and the actual performance of the system
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in real offshore environments may differ due to unmodelled effects, such as wave-current
misalignments and second-order drift forces. Second, the SA-CNN model is trained on
the dataset covering only three sea states (once in a year, once in a century, and once
in a thousand years) and three hose lengths (145 m, 150 m, and 155 m). Although the
generalization performance of the model has been studied, it cannot be fully guaranteed.
Third, the controller parameters are tuned specifically for the hose system considered in
this study. For hoses with different parameters, the controller would require retuning to
maintain optimal performance.

Future work will address these limitations through: (1) full-scale field trials on a vessel
to validate the control performance under realistic sea conditions; (2) physics-informed neu-
ral network-based prediction that incorporates the governing equations of hose dynamics to
improve extrapolation capabilities; and (3) adaptive controller retuning using reinforcement
learning to handle variations in hose properties and environmental conditions.

6. Conclusions

In response to the heightened requirements for safety and stability in the floating
hose transfer of solid particles during ship-to-ship and platform-to-ship operations, this
study proposes a systematic framework integrating neural network prediction and a
feedforward—feedback composite control strategy. The main conclusions are as follows:

(1) SA-CNN performs the best in the prediction of tension and curvature. Among the
four neural network models, SA-CNN achieves the highest R? scores in all nine
combinations of hyperparameters and all operating conditions, demonstrating that
the spatial attention mechanism effectively enhances feature extraction and improves
generalization performance across operating conditions. The prediction step size is
a decisive factor affecting accuracy, and the marginal effect of the historical window
length decreases.

(2) The proposed feedforward—feedback composite control strategy significantly out-
performs pure PID feedback control. Under the once-in-a-year sea condition, the
composite strategy achieves a 1.2% peak tension reduction—2.4 times that of pure
PID—while reducing RMSE to 0.55, representing a 40.9% improvement over the
open-loop case and a 64.0% improvement over pure PID. More importantly, pure
PID introduces severe oscillations, whereas the composite control strategy converges
smoothly, demonstrating that feedforward prediction effectively suppresses feedback-
induced oscillations.

(3) The integrated sensing—prediction—decision-execution system is theoretically vali-
dated. By sensing real-time 6-DOF ship motions, SA-CNN predicts future tension
and curvature, and then the feedforward—feedback controller generates length ad-
justment commands to drive the active tensioning system. Moreover, the proposed
curvature constraint mechanism is shown to be effective under extreme sea conditions,
preventing excessive curvature. Although the achievable peak reduction via length
adjustments is fundamentally limited by the inherent physical characteristics of the
floating hose, where a 10 m length change produces only approximately 0.1 kN of
tension variation, the proposed framework ensures system stability and reliability.

This study provides an innovative technical method for the safe operation of floating
hoses and granulating flow transportation. Meanwhile, this study offers theoretical support
for the intelligent control of flexible hoses. It is expected to play a positive role in high-
pressure fracturing fluid transportation for offshore reservoir stimulation and offshore
mining solid particle transfer, thus offering promising engineering applicability.
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