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Abstract— High-speed fast boats operating at high Froude numbers experience rapidly increasing resistance due to coupled
viscous and wave-making effects. This study proposes a surrogate-assisted hull-form optimization framework that combines
Reynolds-averaged Navier-Stokes (RANS) CFD (SST k-o) with Gaussian Process Regression (Kriging) to minimize the total
resistance of a fast monohull while maintaining displacement and geometric feasibility. The hull geometry was parameterized using
four variables: deadrise angle, prismatic coefficient, longitudinal centre of buoyancy (LCB), and bow entrance angle. A set of
candidate designs was evaluated by CFD, a surrogate model was trained and validated (R? = 0.985, prediction error < 2%), and
global optimization was carried out using Genetic Algorithm (GA) and Particle Swarm Optimization (PSO). CFD verification of the
best design shows a consistent resistance reduction across Fn = 0-0.75, with a maximum reduction of 14.4% at Fn = 0.65 compared
to the baseline hull. The optimized hull exhibits reduced bow pressure peaks and delayed flow separation at the transom. The
surrogate-assisted strategy reduces the number of CFD evaluations and lowers the overall computational effort by about 78% while

preserving prediction accuracy. R"2=0.992.
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l. INTRODUCTION

H ull-form optimization is critical for fast boats

because small changes in geometry can cause large
variations in total resistance at high Froude numbers,
affecting speed, fuel consumption, and operational range.
When a craft transitions to the semi-planing/planing
regime, wave-making and pressure effects interact
strongly with viscous drag, making resistance reduction a
key design target for high-speed passenger and patrol
boats [1]. In this context, geometric sensitivity becomes
a key consideration: minor variations in deadrise angle,
the number of chines, and transverse step configurations
can significantly alter trim, wetted surface area, and
overall drag. In general, resistance tends to increase with
larger deadrise at high Froude numbers [2]. The
longitudinal placement of steps is also influential; the
optimal step position is often located around the mid-aft
region, while steps placed too close to the transom may
reduce trim but can increase drag and wetted area [3].
With increasing speed, planing craft typically experience
higher trim and changing heave/sinkage, leading to
strong coupling among pressure distribution, wave
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patterns, and viscous resistance [4]. Moreover, the
displacement-semi-planing—planing transition is
commonly characterized by peaks in drag and trim
within a critical regime (Fr ~ 0.8-1.2), which represents
a particularly sensitive region for design optimization
[5].

Computational Fluid Dynamics (CFD) provides
detailed flow information that is difficult to obtain
experimentally at early design stages, and it is widely
used for hull resistance and trim assessment. However,
CFD-driven optimization is computationally expensive
because many design candidates must be evaluated, and
each simulation can be time-consuming for free-surface
turbulent flows [6].

Surrogate-assisted  optimization addresses this
limitation by learning an analytical approximation of the
CFD response surface from a limited set of simulations.
Techniques such as  Kriging/Gaussian  Process
Regression, response surfaces, and radial basis functions
have been applied to hull-form optimization to accelerate
design exploration while maintaining acceptable
accuracy. Global optimizers such as Genetic Algorithm
(GA) and Particle Swarm Optimization (PSO) are
commonly combined with surrogates to search non-
linear design spaces effectively. For example, a GP-
based response-surface approach applied to the KCS hull
demonstrated high-accuracy resistance prediction, with
CFD high-fidelity verification confirming the surrogate-
predicted optimum while requiring only a few dozen
CFD  samples, thereby achieving  substantial
computational saving [7]. Similarly, a GPR-based
optimization framework with adaptive sampling (SBO-
MSE + LCB) reported approximately 46.7% higher
efficiency than conventional surrogate-based design
methods for minimizing total resistance in a 130k DWT
aquaculture vessel [8].
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This paper presents a Kriging-based intelligent
optimization framework for a fast monohull hull form.
The framework integrates RANS CFD, surrogate
modelling, and GA/PSO optimization, followed by CFD
verification of the selected optimum [9]. The main
contributions are: (i) a compact parameterization using
four key geometric variables, (ii) a validated surrogate
model with prediction error below 2%, and (iii)
resistance reduction of up to 14.4% over Fn = 0-0.75
with substantially reduced CFD effort [10]. These
findings are consistent with prior studies showing that
Kriging-based optimization of stern geometry can deliver
viscous-drag reductions of at least 5% using a limited
number of training points, while also highlighting the
importance of appropriate design-variable selection and
DoE size for surrogate reliability [11]. In addition, global
optimizers such as PSO, GA, and their multi-objective
variants are widely employed to effectively explore
highly nonlinear design spaces when coupled with
surrogate models, enabling efficient search and robust
convergence in practical hull-form optimization
problems [12].

Il. METHOD
A. Study Design

140

This study applies a surrogate-assisted single-
objective optimization to minimize the total resistance
coefficient (CR) of a fast monohull at the target
operating condition while satisfying practical design
constraints. The optimization keeps the displacement
consistent with the baseline hull and enforces feasible
geometric bounds for all design variables. The workflow
consists of [13]: (1) defining hull parameters and bounds,
(2) generating an initial design set, (3) running CFD to
obtain resistance, (4) training and validating a Kriging
(GPR) surrogate, (5) performing global optimization
using GA and PSO on the surrogate, and (6) verifying
the optimum by CFD. This approach closely parallels
prior surrogate-based optimization (SBO) frameworks
built on GPR to minimize the total resistance coefficient
of offshore aquaculture vessels under constant-
displacement and geometric-constraint conditions, where
the predicted optimum is subsequently revalidated using
high-resolution CFD to ensure fidelity and robustness
[14].

Figure 1 shows the baseline fast-boat hull used in
this study. The configuration represents a typical deep-V
planing hull, which is designed to generate
hydrodynamic lift and maintain directional stability at
high speed. Sharp chines/strakes help reduce spray and
improve planing efficiency, which makes this hull type
suitable for inter-island transport and patrol operations.

Figure 1. Model Fast Boat

The hull geometry was parameterized using four key
variables that strongly influence total resistance in the
semi-planing/planing regime: deadrise angle (B),
prismatic coefficient (Cp), longitudinal centre of
buoyancy position (LCB), and bow entrance angle (a).
For hard-chine planing monohulls, increasing 3 generally
increases resistance because it tends to raise wetted
surface area and trim, thereby increasing viscous drag
and pressure-related contributions [15]. Nevertheless, the
effect of deadrise can be configuration-dependent; for
certain multihull/pentamaran arrangements, a larger

has been reported to reduce total resistance when the
associated reduction in wetted area (and frictional
resistance) outweighs the increase in wave-making
resistance [16]. The prismatic coefficient Cp is also
widely used as a primary descriptor in predictive models
of residual and total resistance for planing hulls, often
considered alongside key ratios such as L/B and the
Froude number [17]. In addition, both CFD and
experimental  studies  consistently  identify  the
longitudinal centre of buoyancy (or LCG/LCB
relationship) as one of the most critical parameters
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affecting resistance and running attitude [18]. The in Table 1.
selected ranges and physical meanings are summarized
TABLE 1.

RESISTANCE COMPARISON

Design Variable Symbol Range Physical Significance
Deadrise angle B 10° - 25° Controls planing lift and spray characteristics
Prismatic coefficient Cop 0.55-0.70 Controls longitudinal volume distribution and wave-making
LCB position (from AP, %Lpp) LCB 45-55 Shifts buoyancy distribution and affects trim/resistance
Bow entrance angle o 15°—35° Controls water entry, bow wave, and pressure drag

B. CFD Simulation

CFD simulations were conducted to evaluate
resistance for each hull candidate. The solver is based on
the incompressible RANS equations with the SST k-o
turbulence model, which is widely used for predicting
separation in free-surface flows. Indeed, numerous
resistance studies on benchmark hulls such as DTMB
5415, KCS, KVLCC1, REGAL, and Suboff have
employed incompressible RANS with the SST k-
model to predict resistance components, wave patterns,
and separation behavior with good agreement against
experimental measurements[19]. The SST k—» model is
particularly suitable in this context because of its
capability to handle near-wall effects and separation
phenomena around the stern and near the free surface
under strong pressure-gradient conditions[20]. In terms
of numerical implementation, a finite-volume

p——

discretization with local mesh refinement around the
bow, stern, free surface, and boundary-layer regions is
standard practice for ship-resistance simulations and is
critical for achieving stable and accurate solutions [21].
Accordingly, the present setup—including the
incompressible  RANS-SST k- formulation, the
conventional computational domain and boundary
conditions for high-speed craft, and a mesh strategy
focused on resolving free-surface and separation

features—is consistent with modern marine CFD
practice and is supported by extensive validation in the
literature.

The numerical domain, boundary conditions, and
mesh strategy follow standard practice for high-speed
craft resistance simulations, and the setup is illustrated in
Figure 2.

Figure 2. CFD Configuration and Computational Domain

lgs= lsq = —_[M [(x — Xcar) ]+ [y — Year) ]dm =
M (RZ,+ Xgc + Ygo)
The governing equations are: k-o

Op/ot+(@(pu_i))(@x_i )=0 Continuity: V-u=0 (1)

(O(pu_i))/otHo(pu_i u_j))/(0x_j)=-0p/(0x_i
[u( (Qu_i)/(0x_j Y@+(Ou_j)(0x_i )]+pg_i

Momentum : p(ou/ot + u-Vu) =-Vp + V-[(u+p_t)(Vu +
(Vu)D] + pg )

Y+O/(Ex_])

The total resistance is obtained by integrating pressure
and shear stress over the wetted surface[22]:R_T

R T=] S(pn x+t x) dSR_ T=[ S(pn_x—1_x) Ds (3)
The total resistance coefficient is computed as: CT
CT=RT/(1/12 pU?S) 4)

CR=RT/(0.5pU2Sxw) (5)
p where p is fluid density, U is ship velocity, and S_w is
wetted surface area.

Simulations were performed using Ansys Fluent
2023R2 with a computational domain size of 6L x 2L x
2L. Boundary conditions include a velocity inlet,
pressure outlet, and symmetry planes. Mesh sensitivity
analysis indicated convergence at approximately 3.2
million cells. A validation checkfollowing ITTC 2021
procedures resulted in a deviation below 4%. The
boundary conditions were specified as a velocity inlet, a
pressure outlet, and symmetry planes to reduce
computational cost while preserving the dominant flow
direction, which is a common practice in external-flow
simulations where symmetry can be assumed [23].
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C. Surrogate Model Development

To reduce the computational cost of CFD-driven
optimization, a surrogate model was built to approximate
the relationship between the design variables and the
resistance coefficient. After training, the surrogate
provides fast resistance predictions and enables extensive
exploration of the design space with a limited number of
CFD simulations [24]. In the marine hydrodynamics
literature, a wide range of surrogate techniques such as
artificial neural networks (ANN), Kiriging/Gaussian
process models, radial basis functions (RBF), and deep
neural networks have been trained on CFD-generated
datasets to predict total resistance or resistance
coefficients from hull-form parameters, including
geometry controls based on NURBS or free-form
deformation (FFD) representations[25]. After training,
the surrogate is typically embedded within an
optimization loop (e.g., PSO, NSGA-II, whale or dung-
beetle optimizers, NLPQL, or Bayesian optimization) to
evaluate thousands of candidate designs almost
instantaneously, while CFD is reserved for initial
sampling and final verification[26]. Reported benefits
include substantial reductions in overall optimization
time, for example, approximately 72% savings using
adaptive switching between CFD and an ANN surrogate,
and speed-ups on the order of two magnitudes for UUV
hull design using a DNN surrogate while maintaining a
drag prediction error of around 1.85% MAPE[27].

In this work, Kriging (Gaussian Process
Regression) is adopted as the main surrogate model
because it can capture non-linear responses and provides
an uncertainty-aware prediction. Other surrogate options
commonly used in CFD optimisation include polynomial
response surfaces, radial basis functions, and neural
networks.

Polynomial Response Surface (PRS)

A second-order polynomial response surface can be
written as [28]:

F)=p_0+%_(i=1)"kp_i

x_i+Y. (i=1)"kB_ii

X_17"2+Y (<9)B_ij x_ix jtey(x) =0+ X {i=1}"d Bi xi
+Z {i=1}Nd X {=ind Bij xixj. (1) B (6)
B=(X"T X)"(-1) X*T yThe coefficients are estimated by
least squares:

B = (XTX)'XTy. 7)

Kriging (Gaussian Process Regression)

Kriging and Gaussian Process Regression (GPR)
are mathematically equivalent, because both assume that
the model output y(x) is a realization of a Gaussian
process characterized by a mean function and a
covariance structure [29]. Kriging assumes that y(x) is a
realization of a Gaussian process with mean p and
covariance defined by a correlation function [30]:
fEORE)CEXMF=HAT RACD) (y-1p3(x) = p +
TR (v — 1), 8)
R R is the correlation matrix between sampled designs.

r r(x) is the correlation vector between a new point and
the sampled designs.

p w is the global mean, and 1 is a vector of ones.

The Gaussian correlation function is expressed as:
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R_ij=expifo@-Y (k=1)"n0 _k |x_ik@-x_jkI*(p_k) JR_ij
=exp (-2 _{k=1}"d0 k(x_{ik} —x_{j.k})?. 9)

Optimization Using Surrogate Model

Once the surrogate model is trained, optimization is
conducted using either metaheuristic algorithms (Genetic
Algorithm, Particle Swarm Optimization) or gradient-
based methods. Recent studies demonstrate the
flexibility of this approach; for example, hull-form
optimization for a 24,000 TEU container ship employed
a random-forest surrogate combined with a modified
dung-beetle optimizer to minimize total resistance [31].
Likewise, resistance minimization studies have
integrated surrogate models such as RBF and Kriging
with global optimizers including PSO, Differential
Evolution (DE), and Artificial Bee Colony (ABC),
reporting resistance reductions of up to 56% in certain
cases [32].

In this work, the objective is to minimize the
surrogate-predicted total resistance coefficient CR,
expressed as:

"Minimize: " F(x)=f(x)min C_R(X). 10)

subject to: x L <x <x U, and displacement/geometric
constraints. (1)
"Subject to: " g i (x)<0, h_j (x)=0

Metaheuristic algorithms evaluate multiple candidates
via the surrogate, reducing CFD computation cost
drastically.

Validation of the surrogate model against CFD
results.

Model accuracy was assessed using the
coefficient of determination (R?), root mean square error
(RMSE), and mean absolute percentage error
(MAPE)[33]:
RM2=1-(3_(i=1)"N(y_i-y"i)"2)/(X_(i=1)"N(y_i-y )*2

JRZ=1-Z(y_i—y ip/Z(y_i—y) (11)
RMSE=V(I/N Y_(i=1"N(y_i-y"i)*2)

RMSE =( (1/n) X(y_i— 9 _i)?). (12)
MAPE=100/N ¥ (i=1)"N [I(y_i-y"i)ly_i ]

MAPE = (100/n) £ |(y_i— 9 i)/y_i|. (13)

D. Optimisation Process
By integrating metaheuristic optimizers with the

Kriging surrogate, the design space can be explored

efficiently without running CFD for every candidate

[34]. This integration  substantially  reduces

computational cost while maintaining design feasibility

constraints [35].

The optimization problem was formulated as follows:
(14)

Subject to:

gi (x)<0, h_j (x)=0x_i"min<x_i<x_i“max

(15)

1. RESULTS AND DISCUSSION

The surrogate-assisted optimisation produced an
improved hull form with lower resistance than the
baseline configuration while satisfying the design
constraints. Figure 3 compares the CFD resistance
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coefficients with the surrogate predictions and shows the
corresponding residuals, indicating good agreement over
the sampled design space.

Figure 3a illustrates the correlation between the
CFD-computed resistance coefficients and the predicted
values obtained from the Kriging surrogate model, while
Figure 3b presents the residual error distribution. The
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data points align closely with the 45° diagonal,
confirming that the surrogate reproduces the CFD
response with minimal deviation. The residuals are
symmetrically scattered around zero without an apparent
trend, suggesting that the errors are mainly random
rather than systematic. R"2=0.992.

0.3

0.1

001e Foo--®__9____ ZeroEror Line

ResidUals (x-10*3)

35 4.0 45 5.0
CFD Resistance Coefficient Cr (x 10-3)

Figure 3. (a) CFD vs Surrogate Prediction; (b) Residual Error Distribution

The resistance values for the baseline and optimized
hulls over Fn = 0-0.75 are summarized in Table 2. The
optimized hull shows a consistent reduction across the
speed range, with the maximum reduction of 14.4%
occurring at Fn = 0.65.

Figure 4 compares the total resistance of the baseline
and optimized hulls over Fn = 0-0.75. At low speeds (Fn
< 0.3), both hulls show similar resistance because
viscous drag dominates. As Fn increases, the optimized

hull exhibits a slower resistance growth, indicating
reduced wave-making and pressure drag in the semi-
planing/planing regime.

The peak reduction of 14.4% occurs at Fn = 0.65,
which is consistent with the resistance comparison in
Table 2. This improvement indicates that the optimized
geometry enhances longitudinal flow continuity and
delays separation near the stern, resulting in better
hydrodynamic efficiency for high-speed operation.

—8— Baseline Hull
-8~ Optimized Hull
Resistance Reduction Zone
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—
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Figure 4. Total Resistance Comparison (Baseline vs Optimized)

TABLE 2.
RESISTANCE COMPARISON

Froude Number Baseline Rt (kN)

Optimized Rt (kN) Reduction (%)

0.00 0.0
0.15 5.8
0.25 10.3
0.35 14.8
0.45 20.6
0.55 26.3
0.65 34.0
0.75 41.7

0.0 0.0
51 12.1
9.2 10.7
13.6 8.1
18.1 12.2
22.5 14.4
29.3 13.7
36.2 13.2
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Figure 5. Pressure Distribution on the Hull Surface (baseline vs optimized)

Figures 5 and 6 present CFD post-processing results
for the baseline and optimized hull configurations. In
Figure 5 (pressure contours), the baseline hull shows a
pronounced high-pressure region near the bow due to
flow stagnation and a larger low-pressure region toward
the stern, indicating earlier separation. In contrast, the

optimized hull exhibits a smoother pressure gradient
along the bottom and improved pressure recovery near
the transom. The streamline patterns in Figure 6 further
indicate reduced wake vortices and more uniform flow
behind the hull, which is consistent with the observed
resistance reduction.

1.2360-000
Imat)

Figure 6. Velocity Streamlines for Baseline and Optimized Hulls
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Figure 7. Convergence curve of the Genetic Algorithm (GA)

the CFD contours confirm that the

Overall,
surrogate-assisted optimisation leads to improved flow
characteristics: reduced bow pressure peaks, smaller
separated regions near the stern, and a more uniform
pressure distribution over the wetted surface. These
physical observations support the quantitative resistance
reductions reported in Table 2 and Figure 4.

Figure 7 depicts the convergence curve of the
Genetic Algorithm (GA) used in the surrogate-assisted
optimization. The objective value decreases rapidly in
the early generations as the algorithm explores the
design space and then gradually stabilizes as it
converges toward an optimum. The smooth trend
indicates that the Kriging surrogate provides a stable
response surface for the GA search.
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IV. CONCLUSION

This study developed a surrogate-assisted
optimisation framework that integrates RANS CFD,
Kriging (GPR) modelling, and metaheuristic search (GA
and PSO) to reduce the resistance of a fast-boat hull.
The Kriging surrogate achieved high predictive accuracy
(R2 = 0.985, prediction error < 2%) while reducing the
required CFD effort by about 78% compared with a
CFD-only search. CFD verification shows that the
optimized hull provides a consistent resistance reduction
over Fn = 0-0.75, with a maximum reduction of 14.4%
at Fn = 0.65. Flow visualisations confirm reduced bow
pressure peaks and delayed stern separation. The
proposed workflow is suitable for efficient early-stage
hull-form design and can be extended to include multi-
objective criteria such as stability and seakeeping.
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