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ABSTRACT
Composite marine propellers (CMP) provide a high
strength-to-weight ratio, corrosion resistance, and struc-
tural flexibility that enable adaptive load response and re-
duced cavitation risk. Recent advances in automated fi-
bre placement (AFP) permit curved-fibre paths, enhanc-
ing bend-twist coupling and structural adaptability. Prior
work at AMAC@UNSW Sydney demonstrated laboratory-
scale AFP-manufacturable curved-fibre CMP blades within
a broader program aimed at full-scale deployment. Build-
ing on this foundation, the present study establishes a man-
ufacturable straight-fibre optimisation baseline as a pre-
cursor to curved-fibre implementation. A machine learn-
ing (ML)-based surrogate optimisation framework is de-
veloped to optimise straight fibre ply orientations using
one-way fluid-structure interaction (FSI) analysis. Coupled
CFD-FEA simulations generated datasets of tip deflection,
twist, and transverse stresses. Twenty-seven supervised
ML regression models were evaluated to approximate ob-
jective and constraint responses, and the optimal surro-
gate was selected using a composite score metric based
on root mean squared error (RMSE), mean absolute error
(MAE), mean absolute percentage error (MAPE), and
coefficient of determination (R2). The selected model was
embedded within NSGA-II to maximise twist at 0.75R and
minimise tip deflection at 0.95R under stress constraints.
The framework reduces computational cost relative to FSI
evaluation while maintaining predictive accuracy. CFD-
derived open-water results confirm improved efficiency of
the optimised CMP over a metallic counterpart. Fabrica-
tion of the optimised propeller is underway, with full-scale
field trials planned for experimental validation.
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1 INTRODUCTION
Marine propellers generate thrust by converting rotational
power into hydrodynamic forces to overcome vessel resis-
tance. Conventional propellers are predominantly manu-
factured from metallic alloys such as nickel-aluminium-

bronze (NAB), manganese-aluminium-bronze (MAB), and
stainless steel due to their strength and established design
practices. However, metallic propellers exhibit several in-
herent limitations. Their relatively low strength-to-weight
ratio results in heavy blades that increase centrifugal and
shaft loads. They are also susceptible to cavitation erosion,
galvanic corrosion, biofouling, and fatigue damage under
cyclic loading, reducing service life and increasing main-
tenance demands (Mouritz et al. 2001; Young et al. 2016).
Moreover, limited intrinsic damping contributes to elevated
vibration and underwater radiated noise (URN). More fun-
damentally, metallic blades are structurally rigid and opti-
mised for a single operating condition. Under off-design
conditions, changes in speed and wake inflow modify the
pressure distribution and angle of attack, reducing propul-
sive efficiency and narrowing the effective performance en-
velope.

Carbon Fibre Reinforced Polymer (CFRP) composites pro-
vide a promising alternative, leading to the development of
the composite marine propeller (CMP). They offer a high
strength-to-weight ratio, low density, excellent corrosion
resistance, improved fatigue performance, and enhanced
damping (Young et al. 2016). Importantly, their anisotropic
nature enables stiffness tailoring through controlled fibre
orientation and stacking sequence design (Kumar & Vi-
jayakumar 2025). This allows the deliberate introduction
of hydroelastic coupling effects, particularly bend–twist
coupling, whereby hydrodynamic loading induces passive
blade twist. Such adaptive deformation reduces the effec-
tive angle of attack, mitigates peak pressure gradients, and
promotes favourable load redistribution, improving propul-
sive efficiency across a wider range of operating conditions.

Over the past fifteen years, the authors’ research pro-
gram, now housed within AMAC@UNSW Sydney, has
advanced CMP technology through coordinated develop-
ments in hydroelastic modelling, optimisation, manufac-
turing, and structural integrity assessment. Initial studies
established coupled fluid-structure interaction frameworks
for bend-twist tailoring (Mulcahy et al. 2010), followed
by optimisation-driven laminate design and hydrodynamic
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Figure 1: Composite marine propeller development framework

testing to validate performance predictions (Herath et al.
2014; Herath et al. 2015). Subsequent efforts expanded
toward manufacturable composite blade concepts, includ-
ing fibre-steering optimisation and fabrication using auto-
mated fibre placement (AFP) (Maung, Prusty, et al. 2021;
Maung, Filippou, et al. 2022). In parallel, inter-ply dam-
age prediction methodologies were developed to improve
reliability (Garg et al. 2023), alongside experimental inves-
tigations into impact resistance and underwater damage be-
haviour (Caldwell, Donough, et al. 2023; Caldwell, Davies,
et al. 2024). These developments collectively define the
integrated CMP development framework illustrated in Fig-
ure 1.

The present study sits within the dashed region of this
framework, focusing on ply orientation optimisation. Ad-
vances in laminate tailoring and AFP capability have sub-
stantially expanded the feasible design space of CMPs,
enabling spatially varying fibre orientations and making
curved-fibre architectures practically attainable alongside
conventional straight-fibre configurations. While this in-
creased design freedom enhances opportunities for stiff-
ness tailoring and refined bend-twist coupling, it also el-
evates the dimensionality and nonlinearity of the optimi-
sation problem. When evaluated using fluid-structure in-
teraction (FSI) simulations, exhaustive design space ex-
ploration becomes computationally prohibitive, a challenge
commonly reported in the CMP literature (Lin & Lee 2004;
Blasques et al. 2010; Maung, Filippou, et al. 2022).

To address this challenge and advance the ongoing
AMAC@UNSW Sydney research program toward opera-
tional deployment, the present study develops a machine
learning (ML)-assisted optimisation framework for ply-
angle tailoring of AFP-manufacturable CMP. Before ex-
tending optimisation toward curved-fibre architectures, an
AFP-compatible straight-fibre configuration is adopted as
a baseline, providing a well-defined and manufacturable
reference that remains directly extensible to future curved-
fibre implementations. By integrating ML surrogate mod-
els with one-way FSI analysis, the framework enables effi-
cient exploration of complex design spaces at substantially
reduced computational cost while maintaining predictive
fidelity. The proposed framework represents a critical step

in the gradual transition from laboratory-scale demonstra-
tions to full-scale adaptive CMP technology.

Following this introduction, the remainder of the paper is
organised as follows: Section 2 introduces the propeller ge-
ometry; Section 3 presents the one-way FSI framework;
Section 4 details the ML-assisted multi-objective optimi-
sation methodology; Section 5 discusses the optimisation
results; Section 6 evaluates the hydrodynamic performance
of the CMP; and Section 7 concludes the study.

2 PROPELLER GEOMETRY AND STRUCTURAL CON-
FIGURATION
The overarching objective of this work is to demonstrate
the effectiveness of CMP through field trials on a selected
vessel. To establish a reproducible geometry representative
of the trial configuration, a reasonable surrogate model was
created by adopting a publicly available Wageningen B-
Series (Lammeren et al. 1969) propeller and subsequently
modifying its parameters in PropCAD (HydroComp Inc.
2024), to match the particulars of the real system of in-
terest (Table 1). The resulting Modified B-Series propeller
defines the geometry used throughout this study.

Table 1: Principal particulars of the Modified Wageningen B-
Series propeller.

Parameter Modified B-Series Propeller
Series Wageningen B-Series
No. of Blades 4
Diameter 28′′

Pitch 30.5′′

Blade Area Ratio 0.8025

Rotation Right
Shaft Diameter 2.5′′

Bore Taper 1 in 12

Rake 0◦

Skew 15◦

Hub Length 6′′

Developing a reliable blade-hub connection remains a key
challenge in CMP design. In this configuration, each com-
posite blade is mechanically attached to a central metallic
hub using a metallic insert. The insert transfers loads be-
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Figure 2: (a) Geometry and structural configuration of the modified Wageningen B-Series propeller, and (b) Computational
domain (before applying periodic boundaries) for CFD.

tween the blade and the hub and maintains structural in-
tegrity under operational conditions. Detailed geometric
and assembly features are not disclosed due to intellectual
property considerations and will be reported in future pub-
lications.

To facilitate AFP manufacturing and enhance structural ef-
ficiency, the blade adopts a sandwich construction incorpo-
rating a foam core made up of PVC (ρ = 80 kg m−3) be-
tween the upper and lower laminate halves about the blade
mid-surface. The foam core is positioned along the in-
sert direction and extends partially along the blade span,
providing lightweight internal support while preserving the
integrity of the blade-insert load transfer mechanism. The
structural configuration of the propeller is illustrated in Fig-
ure 2a.

Before manufacturing, the ply orientation is optimised to
achieve the desired hydroelastic response. This study fo-
cuses on ply optimisation of the CMP based on the refer-
ence geometry, aiming to improve efficiency across mul-
tiple operating conditions compared to an equivalent rigid
metallic propeller. The resulting optimised design serves
as the basis for fabrication, which is currently underway.

3 ONE-WAY FSI FRAMEWORK
This section describes the one-way FSI framework de-
veloped to couple computational fluid dynamics (CFD)-
derived hydrodynamic loads with the structural response
predicted by finite element analysis (FEA) of the CMP.
The integrated methodology provides a consistent compu-
tational platform for subsequent laminate optimisation.

3.1 CFD Modelling and Hydrodynamic Load Extraction
The propeller geometry was simplified by removing minor
non-functional details to improve mesh quality. Watertight-
ness was ensured before numerical analysis.

The computational domain comprised a rotating inner re-
gion enclosing the propeller and a stationary outer region
representing open-water conditions. The simulations were
performed in ANSYS Fluent 2024 R2 using a pressure-
based steady-state solver. The rotating zone extended 0.1D
upstream and downstream, while the outer boundaries were

located 3D upstream, 5D downstream, and 4D radially
from the propeller axis, where D denotes the propeller di-
ameter (Figure 2b). A 90◦ periodic sector was employed to
represent the four-bladed configuration. To discretise this
domain, a predominantly hexahedral-polyhedral mesh with
local refinement at the leading and trailing edges and blade
tips was generated. Fifteen prism layers were applied to
resolve near-wall flows.

A uniform velocity inlet and static-pressure outlet defined
the flow, with inlet velocity varied across the target advance
ratio range at a fixed rotational speed of 600 RPM. The
outer boundary was treated as a stationary no-slip wall. The
blade and hub surfaces are treated as rotating no-slip walls
(relative velocity set to zero with respect to the adjacent
cell zone). Steady-state rotation was modelled using the
Multiple Reference Frame (MRF) approach. Water was as-
sumed incompressible and turbulence was modelled using
the SST k–ω model. Second-order discretisation and the
Coupled pressure–velocity scheme were employed. Con-
vergence was achieved when residuals fell below 1× 10−3

and thrust/torque variations were under 0.1%.

Open-water characteristics were computed from CFD-
derived thrust and torque following Equation (1):

J =
VA

nD
KT =

T

ρn2D4

KQ =
Q

ρn2D5
η =

J

2π

KT

KQ

(1)

where VA is the inflow velocity (m/s), n the propeller ro-
tational speed (rev/s), D the propeller diameter (m), T the
propeller thrust (N), Q the propeller torque (N m), and ρ
the fluid density (kg m−3). The quantities J , KT , KQ, and
η denote the advance coefficient, thrust coefficient, torque
coefficient, and open-water propulsive efficiency, respec-
tively. Sector-model thrust and torque were scaled by the
blade count (Z = 4) to yield full-propeller values.

Predicted performance trends (Table 2) showed good
agreement with the Wageningen B-Series reference data
(Barnitsas et al. 1981), with deviations below 10% for KT ,
KQ, and η across the examined range for J < 1, while



Table 2: Comparison of CFD-predicted open-water performance of the Modified B-Series propeller with the standard B-Series.

J
VA

(m s−2)
KT

(CFD)
KT

(B-Series)
∆KT

(%)
KQ

(CFD)
KQ

(B-Series)
∆KQ

(%)
η

(CFD)
η

(B-Series)
∆η
(%)

0.40 2.84 0.399 0.373 7% 0.067 0.064 6% 0.376 0.372 1%

0.60 4.27 0.287 0.279 3% 0.051 0.050 2% 0.541 0.537 1%

0.80 5.69 0.174 0.179 -3% 0.034 0.034 0% 0.651 0.666 -2%

0.917 6.52 0.106 0.117 -9% 0.024 0.025 -3% 0.655 0.698 -6%

1 7.11 0.059 0.076 -22% 0.016 0.018 -9% 0.578 0.669 -14%

slightly higher deviations were observed at J = 1. Minor
differences arise from geometric simplifications and design
modifications in pitch, skew, and expanded area ratio tai-
lored to the trial vessel. Hence, the CFD methodology re-
liably reproduces the open-water performance of the Mod-
ified B-Series propeller and provides consistent hydrody-
namic loads for subsequent one-way FSI coupling.

Among the evaluated operating conditions, J = 0.917
was selected as the design advance ratio (Jdesign) since
the Modified B-Series propeller achieved maximum open-
water efficiency at this operating point, making it represen-
tative of optimal propulsive performance.

3.2 Finite Element Modelling
Similar to the CFD setup, a single blade was analysed in
ANSYS Mechanical 2024 R2 to exploit rotational symme-
try and reduce computational cost. The geometry was sim-
plified before meshing, and watertightness, free edge and
overlap checks were verified to ensure mesh compatibility.

For the composite configuration, a ply-based laminate was
defined in ANSYS ACP (Pre) using HTS45E23/E752-LT
unidirectional carbon/epoxy prepreg from Park Aerospace
Corp. The layup comprised 70 plies (35 per side of the mid-
surface), each with a nominal thickness of 0.14 mm. To re-
duce design dimensionality, the plies were grouped in sets
of five, with each group assigned a single fibre orientation
angle. The laminate was parameterised using two indepen-
dent ply-angle variables (θ1, θ2), varied during optimisa-
tion while maintaining symmetry about the mid-surface of
the blade. The global coordinate system was aligned such
that the z-axis coincided with the propeller rotational axis,
and all quantities were defined in SI units to ensure consis-
tency with the CFD model. Appropriate material proper-
ties were assigned to the insert, the hub, and the foam core.
Bonded contacts were defined between blade and insert,
between blade and foam core, and between insert and hub,
to represent their respective attachments. Large-deflection
kinematics were enabled to capture geometric nonlinearity
under significant deformation, and default solver tolerances
were found sufficient to ensure convergence. The hub-shaft
interface was assigned a fixed support boundary condition.
A rotational speed of 600 RPM was applied together with
standard gravity (9.81 m s−2).

For mesh convergence assessment, a quasi-isotropic base-
line layup was adopted, with alternate ply groups oriented
at θ1 = 0◦ and θ2 = 90◦. A representative nodal force
of 750 N was applied at the centre of pressure (0.25 chord

from leading edge at 0.7R) to evaluate structural response
under a simplified loading condition. Blade tip deflection at
0.95R and twist at 0.75R were monitored as convergence
indicators. Results stabilised beyond approximately 2 mil-
lion DOF, with variations below 1% (Figure 3). Accord-
ingly, a mesh with∼ 1.98 million DOF was selected for all
subsequent FEA and one-way FSI analyses.
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Figure 3: Mesh convergence study.

However, the initial blade configuration exhibited negligi-
ble twist under the representative loading conditions, indi-
cating excessive structural stiffness. This behaviour was
primarily attributed to the relatively large blade thickness
and the additional stiffness introduced by the metal insert.
To enhance the measurable bend-twist response, five plies
were removed from each side of the laminate, reducing the
total number of plies from 70 to 60 (30 per side of the mid-
surface). Further ply reduction was avoided as it resulted in
unacceptable transverse stress levels. The resulting stack-
ing sequence is expressed as-

[(θ1)5/(θ2)5/(θ1)5/(θ2)5/(θ1)5/(θ2)5]s

where the subscript 5 denotes five consecutive plies of iden-
tical orientation and the subscript s indicates symmetry
about the mid-surface.

3.3 One-Way Coupling Strategy
Using the mesh configuration established from the conver-
gence study, a one-way FSI framework was adopted for the
subsequent analyses. Hydrodynamic loads, obtained from
steady-state CFD simulations at Jdesign = 0.917, were di-
rectly transferred to the FEA model as a surface pressure
distribution applied to the converged structural mesh.

4 ML-ASSISTED MULTI-OBJECTIVE OPTIMISATION
FRAMEWORK
The hydroelastic tailoring of the CMP is formulated as a
constrained multi-objective optimisation problem (MOP)



in the ply-orientation design space. Direct evaluation of
the objective and constraint functions through FEA under
CFD-derived hydrodynamic loading is computationally in-
tensive, making large-scale optimisation impractical. To
enable efficient exploration of the design space, ML surro-
gate models are employed to approximate the responses as
functions of the ply-angle variables and subsequently em-
bedded within a metaheuristic optimisation framework.

4.1 Problem Formulation
An MOP, to identify the optimal ply-orientation configura-
tion for the CMP blade, is formulated as follows.

Maximise ϕ0.75R(θ1, θ2)

Minimise δ0.95R(θ1, θ2)

subject to
σmax,t
22

St
22

≤ 0.5,
σmax,c
22

Sc
22

≤ 0.5,

ϕ0.75R > 0, −75◦ ≤ θ1, θ2 ≤ 90◦.

(2)

where R denotes the propeller radius, ϕ0.75R represents the
blade twist at 0.75R, and δ0.95R denotes the mid-chord de-
flection at 0.95R. The σmax,t

22 and σmax,c
22 denote the max-

imum transverse tensile and compressive stresses, respec-
tively. These values are obtained by computing σ22 at the
top and bottom of every ply and selecting the largest tensile
and largest compressive values among them. St

22 and Sc
22

denote the transverse tensile and compressive strengths of
the unidirectional lamina in the material 2-direction (per-
pendicular to the fibre direction), respectively. The design
variables θ1 and θ2 denote the ply orientation angles.

The objectives and constraints were selected based on a
previous study (Maung, Filippou, et al. 2022). To comply
with practical fibre layup limits, the design variables were
discretised in 5◦ increments within the allowable range.

4.2 Dataset Generation and ML-Model Development
To construct the training dataset for the surrogate model,
a space-filling design based on Latin Hypercube Sampling
(LHS) (Viana 2016) was employed. A total of 72 ply-angle
combinations (θ1, θ2) were generated to ensure uniform
coverage of the admissible design space. Duplicate sam-
ples were removed, and a minimum normalised Euclidean
distance of 0.1 between design points was enforced to pre-
serve diversity.

Each configuration was evaluated using FEA under hydro-
dynamic loading at Jdesign obtained from CFD to com-
pute blade twist, tip deflection, and constraint metrics.
Each simulation required approximately 30 minutes of wall
clock time on UNSW Compute Cluster Katana, resulting in
a total dataset generation cost of approximately 36 hours
for the 72 sampled designs. These responses constitute
the dataset used for surrogate model training. The selected
sample size represents a practical compromise between de-
sign space coverage and the high computational cost of
simulation-based evaluations.

A total of 27 supervised ML regression models available
in the MATLAB Regression Learner app (The MathWorks
2024) were evaluated to approximate the objective and

constraint functions. The candidate models spanned mul-
tiple algorithmic families, including decision trees (fine,
medium, and coarse), support vector machines (SVM) with
various kernels (linear, quadratic, cubic, and Gaussian),
ensemble methods (boosted and bagged trees), Gaussian
Process Regression (GPR) models with different kernels
(squared exponential, Matern 5/2, exponential, and rational
quadratic), feedforward neural networks (NN) of varying
architectures (narrow, medium, wide, bilayered, and trilay-
ered), as well as kernel-based regression models.

In addition to these baseline models, optimizable variants
were included for selected families (tree, GPR, kernel, en-
semble, and NN models). For these models, hyperparam-
eters were automatically tuned using MATLAB’s built-in
optimisation routines with default search ranges.

The dataset was partitioned using an 80/20 train-test split
to assess generalisation performance. During training, 5-
fold cross-validation was employed to enhance robustness
and mitigate overfitting. Model performance was evalu-
ated on the held-out test set using multiple complemen-
tary metrics, including root mean squared error (RMSE),
mean absolute error (MAE), mean absolute percentage er-
ror (MAPE), and coefficient of determination (R2), fol-
lowing Equation (3).

RMSE =

√√√√ 1

n

n∑
i=1

(yi − ŷi)2

MAE =
1

n

n∑
i=1

|yi − ŷi|

MAPE =
100

n

n∑
i=1

∣∣∣∣yi − ŷi
yi

∣∣∣∣
R2 = 1−

∑n
i=1(yi − ŷi)

2∑n
i=1(yi − ȳ)2

(3)

where yi is the actual value, ŷi the predicted value, ȳ the
mean actual value, and n the sample size. Lower RMSE,
MAE and MAPE and higher R2 indicate superior pre-
dictive accuracy.

To enable balanced comparison across responses and met-
rics, a composite score (Islam et al. 2025) was computed
following Equations (4) - (6). Because the evaluation met-
rics differ in scale and optimisation direction, all metrics
were normalised to [0, 1] in such a way that larger values
consistently represent better performance.

s
(m)
i,p =



max
j

mj,p −mi,p

max
j

mj,p −min
j

mj,p
, m ∈

{RMSE,
MAE,

MAPE}

mi,p −min
j

mj,p

max
j

mj,p −min
j

mj,p
, m = R2

(4)

where mi,p denotes metric m for model i and response p,
and j spans all candidate models. The response level com-
posite score was then computed as-



Ci,p =
1

4

[
s
(RMSE)
i,p + s

(MAE)
i,p + s

(MAPE)
i,p + s

(R2)
i,p

]
(5)

and the overall composite score for model i was obtained
by averaging across all P objective and constraint re-
sponses.

Ci =
1

P

P∑
p=1

Ci,p (6)

The model with the highest Ci was selected as the best per-
forming candidate.

To note, the ML models were trained in a one-shot man-
ner using this fixed dataset. No adaptive sampling, infill
strategies, or iterative retraining were performed during the
optimisation process. The highest-performing model was
subsequently selected and embedded as a static evaluator
within the optimisation framework, thereby maintaining
computational efficiency and isolating optimisation perfor-
mance from model updates. It is worth noting that, rather
than selecting different best-performing models for indi-
vidual responses, a single model type was adopted for all
objectives and constraints to maintain methodological con-
sistency and ensure a unified optimisation framework.

4.3 NSGA-II Based Optimisation
The MOP was solved using the Non-Dominated Sorting
Genetic Algorithm II (NSGA-II) (Deb et al. 2002), imple-
mented within the PlatEMO framework (Tian et al. 2017).
NSGA-II is a population-based evolutionary algorithm that
approximates the Pareto front (PF) through iterative pro-
cesses of selection, crossover, and mutation. Candidate
solutions are ranked using non-dominated sorting, while
diversity along the Pareto front is preserved through the
crowding-distance mechanism, enabling simultaneous ex-
ploration and exploitation of the design space.

For each candidate design generated by the genetic oper-
ators, the corresponding design variables were passed to
the trained ML surrogate model, which predicted the struc-
tural response quantities required to compute the optimisa-
tion objectives and constraints, replacing computationally
expensive FEA evaluations. These predictions were then
used by NSGA-II to perform non-dominated sorting and
population evolution in subsequent generations.

The optimisation workflow implemented in this study is
summarised in Algorithm 1, where the trained ML surro-
gate replaces direct FEA evaluations during the objective
and constraint assessment stage.

To note, as NSGA-II operates in minimisation form, the
maximisation of twist was reformulated as the minimisa-
tion of its negative value. An initial population of 50 in-
dividuals (Ninit) and a total of 1000 function evaluations
(NFEmax) per run were used, with other NSGA-II param-
eters set to default values. To account for stochastic vari-
ability, the optimisation was repeated 11 times with differ-
ent initial populations, and the final PF was obtained by
aggregating results from all runs.

Algorithm 1 ML-assisted NSGA-II
Input: Trained surrogate model (M(x)), Initial popula-
tion size (Ninit), Number of maximum function evalua-
tions (NFEmax)
Output: Approximated Pareto front PF

1: Initialise population P0 with Ninit candidate designs
2: Evaluate objectives and constraints of each design us-

ing surrogate modelM(x)
3: Set generation counter t← 0
4: Set evaluation counter NFE ← Ninit

5: while NFE < NFEmax do
6: Perform non-dominated sorting on population Pt

7: Compute crowding distance for each individual
8: Select parent population using binary tournament

selection
9: Generate offspring population Qt using crossover

and mutation
10: Evaluate objectives and constraints of Qt using

surrogate modelM(x)
11: NFE ← NFE + |Qt|
12: Combine populations Rt = Pt ∪Qt

13: Perform non-dominated sorting on Rt

14: Construct next generation Pt+1 based on rank and
crowding distance

15: t← t+ 1
16: end while
17: Extract non-dominated solutions from final population

as Pareto front (PF )

5 RESULTS AND DISCUSSION

5.1 Model Performance Evaluation and Selection
All 27 ML regression models were evaluated using
RMSE, MAE, MAPE, and R2 across all objective
and constraint responses, including deflection at 0.95R
(δ0.95R), transverse stress σ22 (compressive and tensile at
top and bottom ply locations), and twist at 0.75R (ϕ0.75R).

For the δ0.95R prediction, GPR models consistently
achieved lower RMSE, MAE and MAPE values, along
with higher R2, compared to tree-based, SVM, and NN
models. In particular, the Matern 5/2, Exponential, and
Rational Quadratic kernels demonstrated superior predic-
tive capability. Linear SVM and coarse tree variants ex-
hibited comparatively larger errors, reducing generalisation
performance. For the ϕ0.75R prediction, error metrics were
smaller; however, model ranking trends remained consis-
tent. GPR variants again produced the lowest RMSE,
MAE and MAPE with strong R2 values.

A similar trend was observed for both compressive and ten-
sile σ22 predictions at all thickness locations. GPR models
maintained stable performance with low error magnitudes
and consistently high R2, indicating their ability to capture
the nonlinear stress response. Trees, ensembles and NN
provided moderate accuracy but were less consistent across
locations. Certain SVM variants showed elevated MAPE
and reduced R2 values in several cases. Across most of the
responses, optimizable model variants showed enhanced



Figure 4: Composite scores for all candidate models, aggregated across objective and constraint responses using RMSE, MAE,
MAPE, and R2. Higher scores indicate better predictive performance; bracketed numbers denote overall ranking.

performance relative to their default counterparts, high-
lighting the importance of hyperparameter optimisation.

Models were finally ranked using a composite score to
enable an unbiased comparison across all responses and
metrics (Figure 4). The ranking clearly identified the
Matern 5/2 GPR model as the highest-performing approach
overall, followed closely by the Exponential and Rational
Quadratic GPR variants. Optimizable GPR, NN and en-
semble models also achieved high rank, whereas coarse
tree and linear SVM models ranked lowest.

Considering both individual metric dominance and com-
posite score performance, the Matern 5/2 GPR model was
selected as the final surrogate model. It demonstrated con-
sistent accuracy, strong generalisation across all objectives
and constraints, making it well-suited for integration into
the NSGA-II framework.

5.2 Pareto Front Analysis
In multi-objective optimisation, each run produces infeasi-
ble, feasible, and non-dominated (ND) solutions. Infeasi-
ble solutions violate one or more constraints and are dis-
carded before Pareto analysis. Feasible solutions satisfy all
constraints, while ND solutions define the PF, which repre-
sents the best trade-offs within the feasible design space.

Across 11 independent runs with 1000 evaluations each,
the number of unique solutions per run was substantially
lower due to convergence and repeated sampling. On av-
erage, each run produced approximately 66 unique evalu-
ations, comprising 46 feasible and 20 infeasible solutions,
with about 10 ND solutions per run. The feasible solutions
from all runs were aggregated, and a final ND filtering step
was performed to obtain a consolidated approximation of

the PF (Figure 5).
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Figure 5: PF approximation of ply orientation MOP.

Among the ND solutions, the configuration corresponding
to θ1 = 65◦ and θ2 = 60◦, marked in Figure 5, was se-
lected for FEA verification. The comparison between the
surrogate model and FEA results is tabulated in Table 3.

The surrogate model accurately predicted the twist with
negligible error, demonstrating high predictive accuracy.
For the mid-chord deflection, the surrogate under-predicted
the FEA result by 7.57%, which is acceptable given the
nonlinear behaviour of composite laminates. For transverse
stresses, the surrogate closely matched the FEA results in
both tension and compression. The maximum stress devia-
tion was 4.54%, while other errors were below 1.25%.



Table 3: Validation of surrogate model predictions against
FEA results for the selected optimised ply configuration.

Parameter
(unit)

Model
Prediction

FEA
Results Error (%)

ϕ0.75R (◦) 0.179 0.179 0.00

δ0.95R (mm) 2.246 2.430 -7.57

σtop,t
22 (MPa) 18.481 18.278 1.11

σbot,t
22 (MPa) 23.267 23.308 -0.18

σtop,c
22 (MPa) -20.248 -19.368 4.54

σbot,c
22 (MPa) -18.400 -18.397 0.02

As previously mentioned, this FEA simulation also re-
quired approximately 30 minutes of wall clock time on
UNSW Compute Cluster Katana. In contrast, the surrogate
predicted all objectives and constraint responses in ∼ 1.41
s per design. This corresponds to a computational accel-
eration of approximately 1.28 × 103 relative to direct FSI
analysis.

Hence, the close agreement confirms that the selected
ML model provides sufficiently accurate predictions to
guide MOP, while substantially reducing the computational
cost compared to direct function evaluations. Based on
this verification and its favourable trade-off between twist
enhancement and controlled deflection, the configuration
with (θ1, θ2) = (65◦, 60◦) was selected for manufacturing.

5.3 Unloaded Geometry Reconstruction
Prior to manufacturing, the unloaded blade geometry must
be determined. Unlike metallic propellers, composite
blades deform under hydrodynamic loading and cannot di-
rectly adopt the desired operating shape. Therefore, the
blade is pre-shaped so that, under loading at Jdesign, it de-
forms into the target geometry of an equivalent rigid pro-
peller (Lee & Lin 2004). This inverse design approach,
well established in the design of CMPs, ensures the re-
quired loading distribution and propulsive performance in
operation (Young 2008).

The unloaded geometry was derived from the FEA-
predicted deformation of the selected configuration (θ1 =
65◦, θ2 = 60◦) at Jdesign. The displacement field was
obtained from the difference between deformed and ini-
tial nodal coordinates and then applied in reverse to define
the unloaded shape. The updated coordinates were used
to reconstruct the blade surface for manufacturing. Under
design loading, the blade is expected to deform to the in-
tended operating geometry.

6 HYDRODYNAMIC PERFORMANCE ASSESSMENT
This section evaluates the hydrodynamic performance of
the optimised CMP and outlines the pathway toward full-
scale validation. Based on hydroelastic tailoring princi-
ples, the CMP must (i) match the efficiency of the equiva-
lent metallic propeller at Jdesign, and (ii) achieve improved
efficiency under off-design conditions (J < Jdesign and
J > Jdesign) (Young 2008).

To assess these criteria, a two-stage approach is adopted.
First, CFD simulations are performed using the validated
methodology described in Section 3.1 to compare the open-
water performance of the optimised CMP with the metallic
baseline over a range of advance coefficients.

The resulting efficiency curves for both configurations are
presented in Figure 6. At Jdesign, both the optimised
CMP and the metallic propeller achieve an efficiency of
η = 0.655, satisfying the design equivalence requirement.
For J < Jdesign, efficiency improvements of up to 2%
are observed relative to the metallic baseline. However, for
J > Jdesign, the metallic propeller exhibits superior per-
formance. This may be attributed to the reduced hydrody-
namic loading at such high J , which limits elastic deforma-
tion of the composite blade, weakening the load-dependent
shape-adaptation effect. Similar trends have been reported
in previous studies (Maljaars & Dekker 2014; Das & Ka-
puria 2016). Nevertheless, this behaviour requires further
investigation and will be examined in future work.
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Figure 6: Propeller open water diagram for the optimised
CMP and the metallic baseline.

The second stage of the validation pathway involves full-
scale field trials conducted in accordance with established
sea trial and propulsion performance assessment guidelines
(ISO 22098:2020, ITTC 7.5-04-01-01.1) after the comple-
tion of work-in-progress fabrication. These trials will mea-
sure shaft power, vessel speed, RPM, thrust, and torque to
determine efficiency under operational conditions. In par-
allel, real-time structural health monitoring, using in-house
instrumentation, will assess strain response, deformation
behaviour, and in-service structural integrity of the CMP.

Given the limited availability of full-scale CMP operational
data in the open literature, the resulting dataset will pro-
vide valuable experimental evidence of hydroelastic per-
formance at full scale. This integrated validation process
will verify numerical implementation and validate the de-
sign methodology at full scale. The measured performance
and structural response data will support model updating,
uncertainty reduction, and targeted refinement of ply ori-
entation for further optimisation.

7 CONCLUSIONS AND FUTURE WORKS
This study developed an ML-assisted multi-objective opti-
misation framework for hydroelastic tailoring of a straight-
fibre composite marine propeller, establishing a scalable



and manufacturable baseline for future curved-fibre de-
signs. A Modified Wageningen B-Series geometry repre-
sentative of the trial vessel was analysed using one-way
fluid-structure interaction modelling. Among 27 ML mod-
els, the optimal model (Matern 5/2 GPR), selected using
a composite performance metric based on RMSE, MAE,
MAPE, and R2, was integrated within NSGA-II to enable
computationally efficient ply-orientation optimisation.

FEA confirmed strong agreement with ML predictions, and
CFD-based open-water analysis demonstrated that the opti-
mised composite propeller matches the rigid metallic base-
line at Jdesign and exhibits improved efficiency at cer-
tain off-design conditions. The framework substantially re-
duces computational cost relative to direct FSI-driven opti-
misation while preserving solution fidelity.

Following fabrication, full-scale field trials will validate
hydrodynamic efficiency, structural response, and opera-
tional robustness, with the results supporting model cali-
bration and digital framework refinement.

Future developments will extend the framework to curved
fibre laminate architectures to enable spatial stiffness tai-
loring and improved bend-twist coupling for further gains
in propulsive efficiency. In parallel, higher fidelity two-
way fluid-structure interaction modelling and comprehen-
sive durability assessments, including fatigue and dam-
age tolerance, will be incorporated. Researchers at
AMAC@UNSW Sydney are pursuing these developments
to advance composite marine propeller technology from
laboratory-scale validation toward full-scale operational
deployment.
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