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 a b s t r a c t

Optimizing the hull form is crucial for enhancing vessel performance, requiring a careful exploration of design 
variations once an initial concept is chosen. To address this, a well-defined parameterization and search space 
must be established, followed by a numerical optimization process. This phase involves balancing three key re-
quirements: improving performance indicators like resistance (and consequently emissions), ensuring physical 
plausibility (e.g., designs that meet stability standards), and maintaining computational efficiency. While ex-
isting methods partially address these challenges using surrogate models to optimize performance, conducting 
a-posteriori checks for physical plausibility, and reducing the search space a-priori, they fall short of fully in-
tegrating these aspects. In this work, we introduce a two-fold approach to address these challenges. First, we 
integrate a key physical plausibility criterion directly into the optimization loop: the International Maritime Or-
ganization (IMO) Intact Stability Code. For the first time, we use a surrogate model to include this constraint 
within the numerical optimization process. This enables the generation of designs that inherently meet stabil-
ity requirements. Second, we reduce the computational demands by applying data-driven methods to limit the 
search space in a problem-specific manner. This targeted reduction reduces the computational load without 
compromising the overall optimization performance. We test our proposal by optimizing the KCS hull form. Our 
results demonstrate two main achievements. First, we find that current optimization pipelines fail to meet the 
IMO stability guidelines, whereas our method achieves compliance by design. Second, our approach reduces 
the computational burden by 30% without sacrificing performance, representing a significant leap forward in 
practical hull design optimization.

1.  Introduction

Within maritime engineering, optimizing the shape of hull forms is 
a critical task for both researchers (Diez et al., 2015; D’Agostino et al., 
2020; Villa et al., 2020, 2021; Guan et al., 2021; Renaud et al., 2022; Za-
kerdoost and Ghassemi, 2023; Zhang et al., 2024b; Walker et al., 2024b) 
and practitioners (Bertram et al., 2024) to improve the economic and 
environmental performance of vessels.

Nowadays, various tools and techniques exist that enable the effi-
cient design and optimization of hull forms (Papanikolaou et al., 2024). 
Nevertheless, there is currently no tool able to address the problem of 
hull form design optimization with an end-to-end approach, and the 
problem is divided into three stages: early-, mid-, and late-stages with 
specific supporting tools (La Rosa et al., 2024; Bagazinski and Ahmed, 
2023; Khan et al., 2023; Diez et al., 2015; Guan et al., 2021; Zhang et al., 
2021; Zakerdoost and Ghassemi, 2023; Zhang et al., 2024b; Walker 
et al., 2024b; Villa et al., 2020). During early-stage design (also called 
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concept design (Papanikolaou et al., 2024)), mission criteria may still 
be loosely defined, and it is worth comparing different classes of ves-
sels (La Rosa et al., 2024; Bagazinski and Ahmed, 2023; Khan et al., 
2023). Novel generative tools, such as those found in (Bagazinski and 
Ahmed, 2023; Khan et al., 2023), serve as a useful way to explore dif-
ferent design concepts and select the most promising baseline design 
for further consideration. However, generative design tools often have 
limited precision and are not able to iteratively refine local design ar-
eas (e.g., the bulbous bow). Furthermore, these tools are still not ma-
ture enough, so they have not yet been widely adopted by practitioners 
(La Rosa et al., 2024). Once a baseline hull (or parent design) is chosen 
from the early-stage, the design needs to be further refined and opti-
mized in the so called mid-stage (also referred to as contract design 
(Papanikolaou et al., 2024)). In this stage, the representation space is 
limited to variants around the parent design (Diez et al., 2015; Guan 
et al., 2021; Zhang et al., 2021; Zakerdoost and Ghassemi, 2023; Zhang 
et al., 2024b; Walker et al., 2024b), and a different set of tools is used to
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Fig. 1. Hull form design stages.

generate the candidate hull forms during optimization (Villa et al., 
2020). The currently favoured approach to mid-stage design optimiza-
tion is a simulation-based design pipeline (Diez and Serani, 2024). In 
particular, this stage leverages a Data-Driven Surrogate (DDS) of high-
fidelity models to predict, less accurately but at a fraction of the compu-
tational costs, and then optimize different performance metrics of can-
didate designs (Walker et al., 2024a). Finally, during late-stage design, 
the hull form may be fixed due to mission criteria and costs, and de-
signers focus their attention on other design considerations, e.g., the 
internal layout (Zhang et al., 2024a), safety (Papanikolaou, 2009), and 
code compliance (Huang et al., 2023). A summary of the aforementioned 
stages of hull form design is depicted in Fig. 1.

All stages of hull form design still have room for improvement 
both from the research and industrial point of view (Diez et al., 2015; 
D’Agostino et al., 2020; Villa et al., 2020; Guan et al., 2021; Renaud 
et al., 2022; Zakerdoost and Ghassemi, 2023; Zhang et al., 2024b; 
Walker et al., 2024b; Bertram et al., 2024). However, most of the atten-
tion nowadays is towards the mid-stage design (Diez et al., 2015; Villa 
et al., 2020; Guan et al., 2021; Zhang et al., 2021; Zakerdoost and Ghas-
semi, 2023; Diez and Serani, 2024; Walker et al., 2024b; Zhang et al., 
2024b) because early-stage modifications can have a lot of impact on 
the production pipelines (Walker et al., 2024a) while late-stage designs 
often focus on aspects not directly connected with the hull geometry 
(e.g., internal layout) or are hard to encode in a mathematical frame-
work that can be directly optimized (e.g., regulations) (Huang et al., 
2022).

During the mid-stage, a DDS-based approach to hull optimization 
is preferred. This approach follows four-steps (for a detailed overview, 
please refer to Walker et al. (2024a)). The main idea of the four-step ap-
proach is to establish a well-defined parameterization and search space, 
perform a limited number of high-fidelity simulations that serve as the 
foundation for the DDS, perform the numerical optimization leverag-
ing the DDS, and check the output using a high-fidelity simulation (e.g., 
Computational Fluid Dynamics - CFD). This output assumes the form of a 
series of optimal designs, the ones on the Pareto frontier, which are then 

validated in terms of physical plausibility providing feedback (some-
times also integrated with late-stage designs (Huang et al., 2023)) able 
to refine the mid-stage design (Liu et al., 2022a; Walker et al., 2024b; 
Wang et al., 2021; Zakerdoost and Ghassemi, 2023).

The concept of physical plausibility is crucial; however, it is not easy 
to formally define. For example, it is possible to check that the perfor-
mance of the designs on the Pareto frontier are not actually numerical 
artifacts (e.g., too small resistance), induced by the use of the DSS, by 
performing high-fidelity simulation (Walker et al., 2024b). Some checks 
are more complex to perform, for example, the a-posterior verification of 
the performance of the geometry (e.g., seakeeping, stability, structural 
integrity) (Huang et al., 2022). Humans must also perform some other 
checks. For example, when the parameter space is defined too large, the 
optimizer can induce a geometry unsuitable for a specific application 
(e.g., too tight or too round to transport goods) (Bagazinski and Ahmed, 
2023). Finally, some checks are not easy to code into a mathematical 
framework, such as regulatory aspects (Huang et al., 2022).

The two main lacks of current approaches to mid-stage hull form 
design are

Lack (1) the limited ability to take into account the stability-related 
properties of the design when focusing mainly on resistance 
(Huang et al., 2022);

Lack (2) the computational requirements of the tool even when a 
DDS is employed (Diez and Serani, 2024).

Lack (1) has already been addressed by incorporating the stability con-
siderations a-posteriori (Nowacki, 2019; Yrjänäinen et al., 2019; Birk 
and Harries, 2003; Mesbahi and Atlar, 2000; Maissonneuve, 1993, 1994) 
or by including Response Amplitude Operator (RAO) in the objective of 
the optimization problem (Diez et al., 2015). Lack (2), instead, has al-
ready been addressed by applying Design Space Dimensionality Reduc-
tion (DSDR) (Diez and Serani, 2024) to the parameter search space to 
speed up the optimization (i.e., the smaller the number of parameters 
to be optimized, the faster the optimization is). See Section 2 for more 
details.
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The problem with the current approach to Lack (1) is that it is not 
trivial to trade-off the existing metrics (e.g., RAO) with resistance, as 
there are no clear, predefined criteria to determine, a priori, what consti-
tutes a good or bad RAO, nor how much resistance should be sacrificed 
for improved RAO performance. Instead, these trade-offs are often em-
pirically evaluated by human experts. The problem with the current ap-
proach to addressing Lack (2) instead is that DSDR is often performed a 
priori to optimization. Although the DSDR approach preserves variabil-
ity in the design space, it does so without incorporating the necessary 
knowledge to retain the best-performing designs (in terms of at least 
one of stability or resistance) while discarding the poorly performing 
designs. Moreover, to the best of the authors’ knowledge, no work in 
the literature has suggested an approach to address both lacks simulta-
neously.

The purpose of our work is to take a step forward in finding the solu-
tion in both Lack (1) and Lack (2) and to blend the solutions to address 
them simultaneously. Specifically, to address Lack (1), we consider, the 
International Maritime Organization (IMO) Intact Stability Code (Orga-
nization, 2020; Petacco and Gualeni, 2020; Marlantes et al., 2021; Pe-
ters and Belenky, 2022), directly in the hull optimization problem. This 
constraint on stability allows us to easily distinguish between accept-
able and unacceptable geometries. However, the problem with this con-
straint is that it is computationally challenging to assess, so we propose, 
for the first time, to surrogate it to include it in the optimization loop 
with minimal impact on the computational requirements. In order to ad-
dress Lack (2), we compared different DSDR techniques able to reduce 
the number of parameters to optimize, i.e., Principal Component Analy-
sis (PCA) and Neural Networks. Finally, in order to blend these solutions 
toward addressing Lack (1) and Lack (2) we incorporate the stability 
constraints in the DSDR and show that this further improves both the 
quality and computational requirements of the mid-stage hull form opti-
mization schema. In particular, we build on our previous work (Walker 
et al., 2024b) which represents the state-of-the-art pipeline for mid-stage 
hull form optimization without considering the stability constraints. We 
test the quality of our proposal by optimizing the KCS hull form which 
has been well analyzed in the literature (Coppedè et al., 2019; Villa 
et al., 2020; Miao and Wan, 2020; Feng et al., 2021). Our results demon-
strate two main achievements. First, we find that current optimization 
pipelines fail to meet the IMO Intact Stability Code, whereas our method 
achieves compliance by design. Second, our approach reduces the com-
putational burden by 30% without sacrificing performance, representing 
a significant step forward in practical hull form design optimization.

The rest of this paper is as follows. Section 2 reviews the most rele-
vant work to our proposal that supports the statements we made in the 
introduction; Section 3 describes the specific problem we examine in 
this work and the dataset we leverage to address it; Section 4 decribes 
the method we use to solve the problem using the data described in 
the very same section; Section 5 presents the results; finally, Section 6 
concludes the work.

2.  Related work

This section reviews the main works in the literature related to the 
mid-stage hull form design. In particular, we review the main works that 
deal with DSDR, to reduce computational requirements of the optimiza-
tion, and the ones that incorporate stability into optimization as, to the 
best of the authors’ knowledge, no work in the literature blends the two 
aspects.

Several authors have demonstrated how DSDR methods can be ap-
plied to reduce the computational burden of hull form optimization 
(Diez and Serani, 2024). The most popular approaches are linear di-
mensionality reduction methods (Villa et al., 2020; D’Agostino et al., 
2020; Zhang et al., 2024b).

In Villa et al. (2020), the authors considered Proper Orthogonal 
Decomposition (POD) basis functions for DSDR of a Free-Form Defor-
mation design space. Two approaches were examined: first, authors

performed DSDR using geometric-based criteria highlighting new 
problem-dependent criteria for ranking POD modes, significantly reduc-
ing the design space size. Second, the authors apply POD to Design Ve-
locities, directly correlated to shape variations, which demonstrated re-
ducing a 68-dimensional parametrization of the DTC hull form to 30
variables for shape reconstruction. This work showed that the POD-
based approach was effective for generating hull shape variations for 
optimization processes.

In D’Agostino et al. (2020), DSDR is performed using the Karhunen-
Loève Expansion (Diez and Serani, 2024), which is based on eigenfunc-
tion decomposition, for assessing the design space. Authors use a quan-
titative measure to show the design variability in the eigenvalue space 
and reduce the dimensionality of a parametrizaion of the DTMB5415
from 100 design variables to 25. In fact, authors generate 40000 candi-
date hulls but later reduce that to 2400 feasible samples and perform the 
hull form optimization. This method was able to generate a reparameter-
ization of the shape modification vector for efficient optimization. How-
ever, this reparametrization does not allow the reduced-dimensionality 
representation to be projected in the original design space. This presents 
a challenge because well-established parametric models are commonly 
used by practitioners to preserve specific knowledge of existing designs 
(Serani and Diez, 2023).

In Zhang et al. (2024b), the authors parameterized the KCS hull form 
using 37 design variables controlling a T-spline geometry representa-
tion. They performed DSDR using PCA and showed that, for varying 
levels of data compression (e.g., preserving between 68% and 100% of 
the original design variance), it was possible to obtain optimized hull 
forms (in terms of resistance) compared to the parent design. The study 
demonstrated that 6-dimensional parametrizations could achieve opti-
mized hull forms with minimal computational effort (e.g., within tens of 
iterations). However, lower-dimensional parametrizations were consis-
tently outperformed according to the key performance indicators when 
more than hundreds of iterations were used.

Regarding the integration of stability constraints into the mid-stage 
hull form design, it is possible to find several milestone works (Birk and 
Harries, 2003; Mesbahi and Atlar, 2000; Maissonneuve, 1993, 1994; 
Diez et al., 2015; Zakerdoost and Ghassemi, 2023; Renaud et al., 2022; 
Guan et al., 2021).

In Diez et al. (2015), authors presented the multi-objective hull form 
optimization of the DTMB5415. In particular, the study focused on im-
proving hydrodynamic performance, both in terms of resistance and the 
vertical acceleration of the bridge, using low fidelity solvers. A merit 
factor based on the vertical acceleration of the bridge (located 27[m] 
forward amidships and 24.75[m] above keel) at 30[kn] in head waves 
and is the roll angle at 18[kn] in stern long-crested wave was used as the 
objective function during optimization. Results showed resistance and 
vertical acceleration of the bridge improvements of 6÷23% and high-
fidelity simulations verified the findings.

In Zakerdoost and Ghassemi (2023), authors performed multi-
level hull-propulsor optimization integrating medium- and low-fidelity 
solvers. A bi-fidelity Co-Kriging surrogate model and a multi-objective 
evolutionary algorithm were used to optimize the lifetime fuel consump-
tion and energy efficiency design index of the S175 containership with 
KP505 propeller and MAN B&W engine. In particular, the authors im-
posed constraints on metacentric height (GM) so that the value would 
be greater than a given value of 𝐺𝑀0 = 0.2[m] based on the IMO Intact 
Stability Guidelines.

In Renaud et al. (2022), performed surrogate-based multi-objective 
optimization of a SWATH hull form, considering stability performance 
and ship resistance. A parametric model of the SWATH ship, with vary-
ing torpedo semi-axis and strut angles, is optimized using Gaussian pro-
cess surrogate models. Three fidelity levels for ship resistance are con-
sidered, ranging from wetted surface calculations to high-fidelity CFD 
simulations with stabilizing fins. Results showed it was possible to opti-
mize for stability, resistance, and trade-off in terms of the median com-
primise of both objectives.

Ocean Engineering 341 (2025) 122607 

3 



J.M. Walker et al.

Fig. 2. The FFD control network shows the global and local control networks, which account for a total of 36 control points.

In Guan et al. (2021), authors presented the multi-objective opti-
mization method for unmanned surface vehicle hull design. The op-
timization considers wave resistance, vertical acceleration, and pitch 
amplitude, using a parametric model to generate candidate designs. To 
reduce computation time, a second-order response surface method sur-
rogated numerical simulations for the resistance, vertical acceleration, 
and pitch amplitude parameters, and the optimization was performed 
with the Particle Swarm and Sequential Quadratic Programming algo-
rithms. Results on a 7[m] vessel demonstrated the effectiveness of the 
proposed method integrating the vertical acceleration and pitch ampli-
tude into the objective function.

3.  Problem and data description

In this work, we propose a novel computationally aware and phys-
ically plausible hull form optimization framework to address the two 
main gaps of the current literature Lack (1) and Lack (2).

For Lack (1), we propose to integrate the IMO Intact Stability Guide-
lines (Organization, 2020; Petacco and Gualeni, 2020; Marlantes et al., 
2021; Peters and Belenky, 2022) directly into the optimization prob-
lem. For Lack (2), we propose using DSDR techniques (D’Agostino et al., 
2020; Diez and Serani, 2024) to reduce the number of parameters we 
need to optimize. Moreover, for the first time in the literature, we simul-
taneously address both identified lacks by blending the two solutions. 
Specifically, we propose incorporating the stability constraints into the 
DSDR and show that this further improves both the quality and compu-
tational requirements of the mid-stage hull form optimization schema. 
We test our approach by optimizing the KCS hull form in a state-of-
the-art mid-stage hull form optimization pipeline. For this purpose, we 
build on our previous work (Walker et al., 2024b) that leveraged the 
mid-stage hull form optimization pipeline without considering the sta-
bility constraints.

In this work, we optimize the KCS hull form which has a complex 
topology (i.e., a cargo ship with a bulbous bow).

The pipeline for Mid-Stage Hull Form Optimization (MSHFO) con-
sists of four main steps (Walker et al., 2024a)

MSHFO (1) Shape parametrization, parameter ranges, and KPIs 
definition;

MSHFO (2) Sampling, data generation, and DDS;
MSHFO (3) Shape optimization;
MSHFO (4) Physical plausibility and feedback;

that we will improve to address Lack (1) and Lack (2).
Regarding MSHFO (1), the KCS requires a suitable parameterization 

and parameter ranges. To this end, we utilize the Free-Form Deforma-
tion (FFD) method to parameterize the KCS hull. FFD is an effective way 
to create a diverse design space while ensuring that the designs maintain 
geometric continuity and feasibility (Coppedé et al., 2018; Villa et al., 
2020; D’Agostino et al., 2020). For the FFD parametrization, we over-
lay a control network, characterized by control points, over the parent 
design. We then induce various candidate hull form designs by displac-
ing the control points. We utilized an in-house developed FFD tool that 
leverages subdivision surfaces, as referenced in Coppedé et al. (2018), 
along with an empirically defined control network. The control network 

consists of two overlapping subnetworks: a global network that covers 
the entire hull and includes 24 control points, and a local network fo-
cused on the bulbous bow comprising 12 control points. By structuring 
the networks hierarchically, the density of control points is increased 
around the bulbous bow due to its intricate geometry. Fig. 2 illustrates 
the FFD control network showing the global and local control networks, 
which account for a total of 36 control points.

A symmetry constraint is applied along the XZ plane to reduce com-
plexity, bringing the number of independent control points down to 12. 
For the global control network, we restrict the Degrees of Freedom (DoF) 
of the control points to allow displacements only along the X and Y axes. 
However, we do not restrict the control points in the local control net-
work. Hence, the independent control points were adjusted according to 
a vector 𝒙 = [𝑥1,⋯ , 𝑥29], where [𝑥1,⋯ , 𝑥16] govern the displacements of 
the global control points (e.g., 2 DoF for each of the 8 independent global 
control points) and [𝑥17,⋯ , 𝑥29] manage the displacements of the local 
ones (e.g., 3 DoF for each of the 4 independent local control points). The 
original placement of these control points establishes the parametriza-
tion rule, 𝚁 (which is fixed during optimization). 𝚁 allows for a specific 
candidate geometry, Ω, to be created from the parent geometry, Ωp, ac-
cording to the displacement vector 𝒙 (which varies during optimization), 
such that Ω = 𝚁(Ωp,𝒙). It is important to note that 𝚁 is homomorphic, 
as it should be according to the literature on the topic (Walker et al., 
2024a,b). For the parameter ranges, we defined the lower and upper 
bounds of each parameter of 𝒙 in such a way as to ensure the solution 
is inside the range, i.e., a posteriori, we check that each solution we 
found was actually inside the range and none actually belonged to the 
borders. We set the lower (𝒙𝑙) and upper (𝒙𝑢) bounds of the parameters 
in the global control network, e.g., 𝒙𝑙1,⋯,16 and 𝒙𝑢1,⋯,16, so that they could 
move ±10% along the length of the vessel and up to ±20% the width of 
the vessel. Similarly, we set the lower and upper bounds of the parame-
ters for the local control network, e.g., 𝒙𝑙17,⋯,29 and 𝒙𝑢17,⋯,29, so that they 
could move ±10% in each direction of the bulbous bow. Fig. 3 shows 

Fig. 3. Linesplans of the KCS hull in black and the geometries represented by 
𝒙𝑢 and 𝒙𝑙 in dashed orange and blue, respectively.
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the linesplans of the KCS hull and the geometries on the border of the 
representation space.

In MSHFO (1), apart from leveraging the symmetrical properties, we 
can further reduce the parameters to be optimized. This allows us to 
address Lack (2) and reduce the computational cost of the optimization 
phase. To this end, we employ DSDR algorithms such as the PCA and the 
Neural Networks to reduce the dimensionality of the parametrization. 
The first sanity check of DSDR is to ensure that the inverse operator 
of the PCA or the Neural Networks, which maps the reduced dimen-
sional representation back to the original parameterization, performs 
well (e.g., it should reconstruct the original parameters with minimal 
error), see Section 4.3 for details. Note that this sanity check does not 
guarantee that the optimizer will still perform effectively (e.g., find the 
optimal hull in the original parameterization), as the impact of recon-
struction error on the ability of the optimizer to evaluate the perfor-
mance of candidate designs is unknown. A more informative check will 
be performed later in the process that is not standard in the literature, 
see explanation of MSHFO (3).

Regarding MSHFO (2), we need to generate the data from scratch 
by performing a limited number of CFD simulations. Selecting the right 
simulation to be performed, i.e., sampling a representative selection of 
hulls, is a critical step in the process (Walker et al., 2024a). In this work, 
we opt for a Full Factorial Design of Experiments (Antony, 2014). Due to 
computational constraints, we randomly sample 1000 geometries from 
the full factorial. The choice of 1000 samples, in line with the literature 
(Diez and Serani, 2021), has been made since it allows for adequate 
sampling of the design space defined by the parameterization, ensuring 
that the range of possible hull forms is sufficiently represented, cover-
ing a wide variety of designs that may meet the desired objectives and 
constraints. Subsequently, for each sampled hull, we performed

• a high-fidelity CFD simulation to estimate total Resistance (𝑅𝑡) at 
three different Froude numbers (Fr) selected uniformly random in a 
range 0.108 ÷ 0.282 [𝑚∕𝑠];

• a panel code simulation to assess the stability performance according 
to the IMO Intact Stability Code.

For what concerns the high-fidelity CFD, we employ the same approach 
and software as in Walker et al. (2024b) with some additional fine-
tuning and validation (described in Section 4.1) for the particular prob-
lem under examination. Due to the high computational cost of the CFD 
model, we performed the CFD for 218 randomly selected geometries out 
of 1000. The choice of 218 samples exceeds the typical number of sam-
ples used in the literature to develop a DDS (Walker et al., 2024a). A 
description of the dataset to learn 𝑅𝑡 and the number of examples for 
each feature can be found in Table 1. For what concerns the IMO Intact 
Stability Code, we focus on a single Stability Failure Mode (SFM): the 
Dead Ship Condition. We leverage an in-house developed panel code, as 
referenced in Coraddu et al. (2011, 2012), to assess the Dead Ship SFM 
considering the International Code on Intact Stability Section 2.3 Severe 
wind and rolling criterion (weather criterion) (Organization, 2008) us-
ing the righting-arm approach (Coraddu et al., 2011). The weather cri-
terion (Organization, 2008) mandates that for a steady wind heeling 
lever (𝑙𝑤1), angle of equilibrium (𝜑0), wave action roll (𝜑1), angle of 
heel (𝜑2), and gust wind heeling lever (𝑙𝑤2) evaluated as 3∕2 𝑙𝑤1, the area 

Table 1 
Dataset Desription to learn 𝑅𝑡 (218 samples for 𝑅𝑡(𝒙, 0.108) and 218 samples 
for 𝑅𝑡(𝒙, 0.282)).

 Type  Feature  Symbol  Range

Input
 Global parametrization [−] 𝑥1 ,⋯ , 𝑥16 {−0.74,−0.71,⋯ , 0.74}

 Local parametrization [ - ] 𝑥17 ,⋯ , 𝑥29 {−0.05,−0.02,⋯ , 0.05}

 Froude Number [ - ] Fr  [0.108 ÷ 0.282]

 Output  Total Resistance [𝑁] 𝑅𝑡(𝒙,Fr)  [12.9 ÷ 221.2]

Fig. 4. Example Righting-arm.

𝑏 (bounded between 𝑙𝑤2 on the bottom and the GZ curve on the top) 
shall be equal to or greater than area 𝑎 (bounded between GZ curve on 
the bottom 𝑙𝑤2 on the top, and up to 𝜑1), as indicated in Fig. 4.

We also paid attention to four additional criteria on top of the Dead 
Ship Condition coming from the same code section (Organization, 2008)

SFM (1) The Dead Ship Condition;
SFM (1.1) The area under the GZ curve from 0◦ to 30◦;
SFM (1.2) Minimum GZ at 30◦;
SFM (1.3) The angle at which the max righting arm occurs;
SFM (1.4) The minimum initial GM.

The SFM criteria for each specific geometry were determined in the fol-
lowing way. Initially, we computed the actual values for GZ (for 17 dif-
ferent transversal inclination angle 𝜑 sampled uniformly in the range 
[−20◦ ÷ 60◦]) and GM, with the panel code because each of the criteria, 
i.e., SFM (1), SFM (1.1) ÷ SFM (1.4), are related to these quantities. A 
description of the dataset to learn GZ and GM and the number of exam-
ples for each feature can be found in Table 2. Subsequently, we derived 
the actual values for each of the SFMs, i.e., the areas 𝑎 and 𝑏, the area 
under the GZ curve from 0◦ to 30◦, the GZ at 30◦, the angle of the maxi-
mum righting arm, and GM. Finally, these values are compared against 
predefined thresholds from the IMO Intact Stability Code and the de-
sign is classified as either “pass” or “fail” indicating whether it meets 
the thresholds. In this way the SFM criteria are mapped from their ac-
tual values into a binary (“pass” 0 and “fail” 1) condition (or constraint). 
The last step is to condense the five binary conditions, i.e., SFM (1), SFM 
(1.1) ÷ SFM (1.4), into a single function IMO(𝒙) that defines if a partic-
ular hull, generated by the parametrization 𝒙, passes all of the stability 

Table 2 
Dataset Desription to learn GZ and GM (1000 samples for GM and 17000
samples for GZ namely 1000 geometries for 17 transversal inclination angle 
𝜑 ∈ [−1.25 ÷ 1.25]).

 Type  Feature  Symbol  Range

Input
 Global parametrization [−] 𝑥1 ,⋯ , 𝑥16 {−0.74,−0.71,⋯ , 0.74}

 Local parametrization [ - ] 𝑥17 ,⋯ , 𝑥29 {−0.05,−0.02,⋯ , 0.05}

 Transversal Inclination [◦] 𝜑  [−20 ÷ 60]

Output
 Righting Arm [𝑚] GZ(𝒙, 𝜑)  [−1.5 ÷ 1.6]

 Metacentric Height [𝑚] GM(𝒙)  [11.5 ÷ 16.8]
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Fig. 5. Classic MSHFO pipeline.

Fig. 6. MDHFO pipeline with the proposed modifications to address Lack (1) and Lack (2).
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Fig. 7. The mesh exploited for the CFD simulations with the Star CCM+1 pack-
age. The mesh included a surface mesh refinement on the vessel hull and on the 
boundaries of the domain, in addition to volume mesh refinements around the 
hull, wake, and free surface.
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𝑎(𝒙) ≤ 𝑏(𝒙),

∫

30◦

0◦
GZ(𝒙, 𝜑) 𝑑𝜑 ≥ 0.055,

GZ(𝒙, 30◦) ≥ 0.2m,

GZ(𝒙, 𝜑max) occurs at 𝜑max ≥ 25◦,

GM(𝒙) ≥ 0.15m

0 otherwise

(1)

Leveraging the datasets described in Tables 1 and 2, we build DDSs of 
𝑅𝑡 and IMO(𝒙) and validate its performance (see Section 4.1).

After MSHFO (2), we can move to MSHFO (3) (see Section 4.2). Once 
the numerical optimization is performed, and the series of optimal de-
signs, i.e., the Pareto frontier of solutions, have been obtained, we have 
to verify that the optimizer has performed effectively and found the op-
timal hulls in the original parameterization. When the optimization is 
performed without DSDR, we skip directly to validating the solutions 
in terms of physical plausibility, MSHFO (4). However, when the opti-
mization had been performed in a reduced dimensionality representa-
tion, i.e., obtained through DSDR, we needed to assess the impact of 
the reconstruction error on the optimizer’s ability to evaluate the per-
formance of candidate designs. To perform this assessment, we proceed 
as follows

Fig. 8. Comparison of the Total, Pressure, and Shear Drag for the 3 levels of mesh refinement over varying Fr number.

Fig. 9. Comparison of the Sink and Trim for the 3 levels of mesh refinement 
over varying Fr number.

• we obtained the Pareto frontier of solutions expressed in the reduced 
dimensionality representation;

• we mapped the reduced dimensionality representation back to the 
original parameterization using the inverse operator (i.e., PCA or 
Neural Networks);

• we evaluated the performance (in terms of resistance and stability) 
of the candidate solutions using the DDS built from the datasets de-
scribed in Tables 1 and 2. This provides us with the estimated per-
formance, including the reconstruction error.

• we check the performance without the reconstruction error. For this 
purpose, we estimated the performance based on the reduced di-
mensionality representation. Hence, we retrained the DDS using the 
same data as in Tables 1 and 2, but we performed DSDR on the input 
space, so the DDS accepted the reduced dimensionality representa-
tion as input. Using the DDS trained on the reduced dimensionality 
input, we evaluated the performance of the Pareto optimal solutions 
without the reconstruction error

• we compared the performance estimates obtained from the DDSs 
trained on the different input spaces to assess the impact of the re-
construction error on the optimizer’s ability to identify optimal hulls 
in the original parameterization

This approach provided a more informative check than merely evaluat-
ing the reconstruction error, which had not been standard in the litera-
ture, and ensured that the optimization had been effective.

After MSHFO (3) we can move to MSHFO (4). Following the ap-
proach of Walker et al. (2024b) we first check that the performance of 
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Fig. 10. Comparison of the Total Drag, Sink and Trim for the selected CFD model and EFD results over varying Fr number.

the designs on the Pareto frontier, in terms of 𝑅𝑡, are not actually numer-
ical artefacts induced by the DSS and match the performance indicated 
by high-fidelity CFD. Furthermore, following the same principle as the 
check on 𝑅𝑡, we check that the performance of the DDS matches the 
panel code when assessing Eq.  (1).

To summarize, we mofided the MSHFO pipeline to simultanaously 
address Lack (1) and Lack (2). For Lack (1), we propose to integrate the 
IMO Intact Stability Code directly into the optimization problem, i.e., 
modifying MSHFO (3). For Lack (2), we propose using DSDR techniques 
(D’Agostino et al., 2020; Diez and Serani, 2024) to reduce the number 
of parameters we need to optimize, i.e., modifying both MSHFO (2) and 
MSHFO (3).

More in detail, we can summarize our modification to the MSHFO 
pipeline as follows. The hard constraint (“pass” or “fail”) derived from 
the IMO Intact Stability Code, i.e., according to Eq.  (1), is inserted di-
rectly in the optimization problem. The same constraint is used to re-
move from the dataset the geometries that do not satisfy it, reducing the 
number of samples in the dataset of Table 2, to be used during the DSDR. 
This allows us to build a low dimensional search space that accounts for 
the IMO Intact Stability Code. At first sight, it may seem incomplete that 
we only reduced the dataset based on the IMO Intact Stability Code and 
did not account for the geometric constraints on ∇, T, and 𝜃. However, 
this is a deliberate consideration, as the geometric constraints remain 
tunable by the user (depending on design preferences), while the IMO 
2nd Generation Intact Stability constraints are hard ones.

Fig. 5 visually depicts the classic MSHFO pipeline and Fig. 6 depicts 
the proposed pipeline with modifications to address Lack (1) and Lack 
(2).

4.  Method

In this section, we have to describe how to fully address the problem 
described in Section 3 with the dataset described in the very same sec-
tion. In particular, to solve Lack (1) and Lack (2) of the current approach 
to hull form optimization and blend them together there are a number 
of steps we need to explain in detail. Section 4.1 describes how we build 
the DDSs of 𝑅𝑡, GZ, and GM so they can be included in the optimization 
and how we validate their performance; Section 4.2 describes how we 
address Lack (1) by directly incorporating the IMO Intact Stability Code 
into MSHFO pipeline to optimize the KCS hull form. Section 4.2 de-
scribes how we address Lack (2), in line with the approaches described 
in Section 2, by using DSDR to reduce the computational demand of 
optimization. Moreover, for the first time in the literature, we describe 
how to simultaneously address Lack (1) and Lack (2) by incorporating 
the stability constraints directly into DSDR.

4.1.  Data-driven surrogates for hull form optimization

In this section we describe how we develop the DDSs of 𝑅𝑡, GZ, and 
GM.

For what concerns the data generation, namely, the CFD model to de-
termine 𝑅𝑡, the mesh generation, computation of the solution, and post-
processing of the results is carried out in the commercial CFD package 
Star CCM+.1 The baseline High-Fidelity (HF) mesh consists of approxi-
mately 1.5 million cells for half of the hull. The mesh is clustered around 
the hull, with extra refinement around the bulb and stern, across the free 
surface, and along the Kelvin angle. Fig. 7 provides an overview of the 
mesh configuration used in this study.

To compute the solution, a wall function approach was used to com-
pute near-wall velocities, along with a prism-layer mesh in the boundary 
layer zone to achieve an average wall distance of approximately 60 [ - ]. 
This baseline configuration also serves as the finest mesh used in the 
sensitivity analysis. The calculations were performed at a time step of 
0.01 [𝑠] to compute steady-state regimes for multi-phase flows using the 
Volume of Fluid technique. The k-𝜔 shear stress transport model was 
applied for turbulence closure. For what concerns the degrees of free-
dom of the simulation, we leveraged the Dynamic Fluid Body Interaction 
module of Star CCM+ to allow for sink and trim in calm water across a 
range of velocities (𝑣) and consequently, Fn. To validate the state-of-the-
art CFD model for the KCS hull form, we perform two checks commonly 
found in the literature (Coppedè et al., 2019)

• First, we carry out a mesh sensitivity analysis to determine simula-
tion convergence;

• Second, we compare the predictions from our baseline mesh with 
available Experimental Fluid Dynamics (EFD) measurements of the 
calm water resistance of the model-scale KCS hull.

For the first task, namely, the mesh coarsening analysis, we created 
two coarser meshes by reducing the number of cells by approximately 
1∕3 each time, i.e., Medium-Fidelity (MF) and Low-Fidelity (LF) respec-
tively. We reported the resistance in Fig. 8 and the sink and trim in 
Fig. 9 for each mesh under analysis. Table 3 reports the cell count for 
each mesh and computational requirements as the core hours using an 
Intel XEON E5 − 6248R 24C 3.0GHz CPU.

For the second task, since we validated the mesh convergence, we 
compared our baseline CFD prediction with the available EFD measure-
ments. Table 4 reports the total drag, sink, and trim metrics for both the 
CFD and EFD predictions. Fig. 10 shows a visual comparison of these 
same metrics.

1 https://plm.sw.siemens.com/en-US/simcenter/fluids-thermal-simulation/
star-ccm/
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Table 3 
Cell count and computational requirements for 
each Mesh.

 Mesh ×106 cells  Core Hours
 HF  1.5  140
 MF  1.0  95
 LF  0.7  84

Table 4 
Comparison of EFD and CFD results.
 Model test  EFD  CFD
𝑣  Fn  Total Drag  Sink  Trim  Total Drag  Sink  Trim
[𝑚∕𝑠] [−] [𝑁] [𝑐𝑚]  [°] [𝑁] [𝑐𝑚]  [°]
0.915 0.108 15.3 −0.09 −0.017 14.2 −0.20 −0.028
1.281 0.152 27.8 −0.27 −0.053 26.3 −0.40 −0.051
1.647 0.195 45.6 −0.60 −0.097 44.0 −0.72 −0.094
1.922 0.228 65.5 −0.95 −0.127 58.7 −1.00 −0.130
2.196 0.260 98.4 −1.40 −0.170 83.2 −1.39 −0.174
2.379 0.282 127.6 −1.70 −0.160 123.8 −1.74 −0.152

Table 5 
Hyperparameters and hyperparameters search 
space for the learning from data algorithms.

 Algorithms  Hyperparameters

KRR
𝜆 ∶ {10−6 , 10−5.8 ,⋯ , 103}
𝛾 ∶ {10−6 , 10−5.8 ,⋯ , 103}

ELM
ℎ𝑙 ∶ {25 , 26 ,⋯ , 216}
𝜆 ∶ {10−6 , 10−5.8 ,⋯ , 103}

Table 6 
Hyperparameter settings for the different optimization algorithms.
 Algorithm  Parameter  Value

IP  Maximum number of function evaluations allowed 106

 Maximum number of iterations allowed 106

AS
 Maximum number of function evaluations allowed 106

 Maximum number of iterations allowed 105

 Maximum number of SQP iterations allowed  600

Table 7 
DDS of 𝑅𝑡 performance (in terms of accuracy - MAE, MSE, and MAPE - and 
time - Train Time and Test Time) for the different learning algorithms (KRR 
and ELM).
 Learning  Accuracy  Time
 Algorithm  MAE [𝑁]  MSE [𝑁2]  MAPE [%]  Train [𝑠]  Test [𝜇𝑠]
 KRR 1.04 ± 0.07 1.32 ± 0.64 1.76 ± 0.09 322 ± 3 12.6 ± 5.6
 ELM 1.59 ± 0.20 2.02 ± 0.83 4.09 ± 1.15 10095 ± 105 4.6 ± 2.7

It is worth reiterating that while the computational demand of the 
CFD simulation is manageable for evaluating the performance of a lim-
ited number of hull designs, it becomes a significant obstacle in an op-
timization process where thousands of hull designs must be evaluated. 
It is also worth mentioning that one of the key limitations of the CFD 
model is that it evaluates 𝑅𝑡 at a model scale (the approximate ratio for 
this simulation is 1∶31.6 due to computational constraints) and scaling 
resistance prediction from model-scale to full-scale ships is still a chal-
lenging task (Terziev et al., 2022), but this approach remains an appro-
priate and effective approximation while running hundreds of full-scale 
CFD simulations is not computationally tractable.

In this work, to build the DDSs of 𝑅𝑡 (see Table 1), GZ and GM 
(see Table 2), we test two Machine Learning algorithms which come 
from the family of kernel methods (Shawe-Taylor and Cristianini, 2004) 
and neural networks (Goodfellow et al., 2016). Specifically, we test
Kernel Ridge Regression (KRR) (Shawe-Taylor and Cristianini, 2004) 

Fig. 11. Scatter plot of DDS of 𝑅𝑡 for the models in Table 7.

and Extreme Learning Machine (ELM) (Huang et al., 2006b,a). These 
two models share an effective training phase and a smooth functional 
form (Rosasco et al., 2004) which is simple to optimized (Bottou et al., 
2018) with respect to other methods like XGBoost (Chen and Guestrin, 
2016) and Random Forests (Breiman, 2001). To build the DDSs us-
ing the data in Tables 1 and 2, we still have to face the problem of 
how to tune the hyperparameters for each learning from data algorithm 
(namely, model selection) and how to estimate the performance of the 
final model (namely, error estimation) (Oneto, 2020). During model se-
lection, the main consideration is how to tune the hyperparameters of 
each algorithm. For KRR, we rely on the Gaussian Kernel for theoretical 
and practical reasons in Keerthi and Lin (2003). Thus we have to tune 
the regularization hyperparameter (𝜆) and the kernel hyperparameter 
(𝛾). Lastly, for ELM, we chose to rely on the Sigmoid activation function 
and tune the number of neurons in the hidden layer (ℎ𝑙) and the reg-
ularization hyperparameter (𝜆). The hyperparameters and search space 
for each algorithm are found in Table 5. Since we fixed the boundaries 
of the representation space sufficiently large to ensure that the solution 
was not on the border, we only need to validate the performance of the 
DDS when interpolating within the boundaries of the dataset. Therefore, 
we validate the performance of the DDS by performing a Leave One Out 
cross-validation (Oneto, 2020). For what concerns error estimation, the 
accuracy is measured by different metrics: three quantitative (the Mean 
Absolute Error - MAE, the Mean Square Error - MSE, and the Mean Ab-
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Table 8 
GZ and GM DDSs: performance (in terms of accuracy - MAE, MSE, and MAPE - and time - Train 
Time and Test Time) for the different learning algorithms (KRR and ELM).
 DDS  Learning  Accuracy  Time
 Target  Algorithm  MAE ×10−3[𝑚]  MSE ×10−3[𝑚2]  MAPE [%]  Train [𝑠]  Test [𝜇𝑠]

GZ
 KRR 4.5 ± 0.3 58.0 ± 5.6 1.00 ± 0.00 453 ± 5 9.2 ± 5.0
 ELM 2.7 ± 0.2 24.6 ± 3.8 1.00 ± 0.01 10245 ± 216 5.2 ± 2.9

GM
 KRR 4.8 ± 0.2 26.1 ± 7.5 1.00 ± 0.00 429 ± 4 9.1 ± 4.6
 ELM 3.3 ± 0.4 18.5 ± 3.6 1.00 ± 0.01 9383 ± 921 16.4 ± 5.3

Fig. 12. Scatter plot of DDSs of GZ and GM for the models in Table 8.

solute Percentage Error - MAPE) (Naser and Alavi, 2023) and one qual-
itative (the scatter plot actual versus predicted value) (Sainani, 2016). 
In terms of computational requirements, the performance is measured 
using time to build the model (Train Time) and time to make a predic-
tion (Test Time). Since our surrogate will be leveraged in an optimizer, 
the most important computational metric is the Test Time.

4.2.  Hull form optimization and physical plausibility

This section describes the optimization problem under examination 
and how we integrate the IMO Intact Stability Code into the MSHFO 
schema to achieve compliance by design. We formulate a multi-objective 
hull form optimization problem at high and low Fr subject to (s.t.) con-
straints on the geometry generated by the parameters 𝒙, and properties 
of the actual geometry, namely the draft (T), the trim (𝜃), and the dis-
placement (∇). To trade off a fast cruise speed versus a slow steaming 
case we selected the high and low Fr as FrHigh = 0.282 and FrLow = 0.108

respectively. For the constraints on T, 𝜃, and ∇, note that, unlike the hard 
constraints informed by the IMO Intact Stability Code, these ones are 
tunable according to design preference. For simplicity, we constrained 
T(𝒙) and 𝜃(𝒙) to match the conditions of the parent design, i.e., T𝑝 = 10.8
[𝑚] for the KCS at full-scale and 𝜃𝑝 = 0 [°] for the even keel position. 
Whereas, we constrained ∇(𝒙) to vary within ±10% of the conditions 
of the parent design, e.g., a lower bound of 0.9 ⋅ ∇𝑝 and upper bound 
of 1.1 ⋅ ∇𝑝, where ∇𝑝 = 1.08 × 104 [𝑚3] is the displacement of the KCS at 
full-scale. Consequently, the optimization problem becomes
min

𝒙𝑙≤𝒙≤𝒙𝑢
(𝜆)𝑅̃𝑡(𝒙,FrHigh) + (1 − 𝜆)𝑅̃𝑡(𝒙,FrLow), (2)

s.t. T(𝒙) = T𝑝,

𝜃(𝒙) = 𝜃𝑝,

0.9∇𝑝 ≤ ∇(𝒙) ≤ 1.1∇𝑝.

Furthermore, for the reasons described in Section 1, and to solve Lack 
(1), we propose constraining the optimization problem with the IMO 
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Table 9 
IMO (SFM (1), SFM (1.1), SFM (1.2), SFM (1.3), SFM (1.4), and the IMO(𝒙) of Eq.  (1)) DDS based on the GZ and GM DDDs: Confusion Matrices (values are in %).

Fig. 13. Pareto Front for solving Problems (2) and (3) and the KCS (parent design).

Intact Stability Code. In particular, we add another constraint to Prob-
lem (2) to check that the geometry induced by 𝒙 passes the IMO Intact 
Stability Code according to Eq.  (1), namely

min
𝒙𝑙≤𝒙≤𝒙𝑢

(𝜆)𝑅̃𝑡(𝒙,FrHigh) + (1 − 𝜆)𝑅̃𝑡(𝒙,FrLow), (3)

s.t. T(𝒙) = T𝑝,

𝜃(𝒙) = 𝜃𝑝,

0.9∇𝑝 ≤ ∇(𝒙) ≤ 1.1∇𝑝,

IMO(𝒙) = 1 see Eq. (1).

Problem (3) is now a non-linear and non-linearly constrained optimiza-
tion problem and a number of approaches exist in literature to address 
it Wolpert and Macready (1997). We take advantage of some of the 
most popular gradient-based optimization algorithms (Hei et al., 2008). 
Table 6 outlines the optimization algorithms and their hyperparameter 
settings. Note that, for all of the approaches summarized in Table 6, we 
manually implemented a multi-start with 10 repetitions.

4.3.  Computationally awareness and physically plausiblity for hull form 
optimization

This section addresses how we use DSDR to address Lack (2) of the 
current approach to MSHFO and, for the first time in the literature, how 
we blend the solutions to address both Lack (1) and Lack (2) simultane-
ously.

Regarding Lack (2), we still need to describe how to validate our 
approach to using PCA or Neural Networks to reduce the complexity of 
the design space (namely, DSDR) and how to validate the reconstruction. 
The most straightforward approach for DSDR is to use PCA (Diez and 
Serani, 2024).

PCA assumes that the data resides in a low-dimensional informative 
space that has been transformed into a higher-dimensional space. Basi-
cally, PCA fits an 𝑑-dimensional ellipsoid to the data, with each ellipsoid 
axis representing a new component. The longer the axis, the greater the 
data variance along that dimension, making that component more sig-
nificant due to its higher variability. Conversely, components with lower 
variance are less informative. However, it is worth mentioning that this 
method is simplistic considering linear combinations of the original de-
sign variables. On the one hand, this means that PCA has a very low 
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Fig. 14. Comparison between KCS (parent) design in black and optimized 
(Problems (2) and (3)) designs.

computational cost, which is ideal for the problem at hand. On the other 
hand, PCA has been shown to be unsuitable for complex data in other 
applications (Salem and Hussein, 2019).

Another approach to DSDR is to use Neural Networks (Liu et al., 
2022b). This approach tries to map the input data into a lower dimen-
sional space, which can maintain the information to reconstruct the orig-
inal input data (auto-encoder) (Schmidhuber, 2015). The advantage of 
Neural Networks is that they can also find non-linear relations that are 
not findable with PCA. By learning a compressed data representation, 
the Neural Network effectively reduces dimensionality while preserving 
essential features. However, despite its efficacy, this approach requires 
careful tuning of a number of hyperparameters, e.g., the number of hid-
den layers, the number of nodes in each layer, and the choice of activa-
tion function, to ensure optimal performance. This can result in a large 
computational burden during both the training phase and a more sig-
nificant computational overhead than PCA during the test time (Serani 
and Diez, 2024).

Table 10 
Average Number of Function Calls and Running Time to 
solve Problems (2) and (3).

Problem
 Optimization

Calls [−] Time [𝑠] Algorithm

Problem (2)  IP 3006 ± 786 164 ± 47
 AS 1218 ± 198 153 ± 24

Problem (3)  IP 4471 ± 434 223 ± 16
 AS 1893 ± 1108 224 ± 128

Table 11 
DSDR reconstruction error (in terms of MAE, MSE, and MAPE) and the result-
ing dimension (DIM) of the new low dimensional subspace using PCA and NN 
algorithms. We perform the dimensionality reduction using two datasets: (i) 
the entire dataset (i.e., DSDRSTD) and (ii) just the subset of the dataset that 
satisfies the IMO Intact Stability Code (i.e., DSDRIMO).

Dataset DIM
 DSDR  Reconstruction Error
 Algorithm  MAE [×10−2𝑁]  MSE [×10−2𝑁2]  MAPE [%]

DSDRSTD 7
 PCA 22.15 ± 0.03 10.50 ± 0.01 0.70 ± 0.03
 NN 21.56 ± 0.04 10.48 ± 0.00 0.67 ± 0.04

DSDRIMO 4
 PCA 20.45 ± 0.04 10.90 ± 0.02 0.50 ± 0.04
 NN 20.32 ± 0.05 10.88 ± 0.01 0.46 ± 0.05

To perform the DSDR, using PCA or Neural Networks, we first ran-
domly sample 1000 geometries from the design space and generate a re-
alistic sample set of the design space 𝒙 (Diez and Serani, 2021). We then 
leverage the approach of PCA or Neural Networks on 𝒙, to reduce the 
dimensionality of the parametrization from 𝒙 = ℝ𝑑 → 𝒙′ = ℝ𝑏. Where 
𝒙′ is the projection of 𝒙 into a lower-dimensional representation, i.e., 
𝑏 ≤ 𝑑. When we perform the DSDR, we have to tune the hyperparame-
ters of PCA or Neural Networks to perform the projection from 𝒙 → 𝒙′. 
For PCA, the hyperparameter is simply the percentage of variance in 
the 𝒙 we want to preserve in 𝒙′ (%var) which we set to 99%. For Neu-
ral Networks, we use a single hidden layer with the sigmoid activation 
function and have to tune the number of neurons in the hidden layer 
(ℎ𝑙) which we set to match the dimensionality of the data projected by 
the PCA. Note that, for Neural Networks, we also have to select the op-
timizer, in our case ADAM (Kingma and Ba, 2014), the learning rate 𝑙𝑟, 
in our case 0.001, and the number of epochs, in our case 1000. Note that 
the DSDR is fully unsupervised, so there is no risk of overfitting.

Once we have performed the DSDR, for the reasons described in Sec-
tion 3, we have to validate that the representation in ℝ𝑏 can be retrieved 
and well-represented in ℝ𝑑 . To perform this check is quite simple. For 
PCA, we reconstruct the data using the covariance matrix’s eigenvec-
tors to project the lower-dimensional data back into the original design 
space. For Neural Networks, the reconstruction comes for free from the 
auto-encoders. Then we check the reconstruction error, which is the dif-
ference between the original data in ℝ𝑑 and the data projected first into 
ℝ𝑏 and then back to ℝ𝑑 . We measure this error using the same three 
quantitative metrics as before: the MAE, MSE, and MAPE.

5.  Results

In this section, we will present the result of applying the methods 
described in Section 4 to the problem described in Section 3 using the 
data described in this very same section. The results are organized as 
follows. First, we report the performance of the developed DDSs to pre-
dict 𝑅𝑡, GZ, and GM. Subsequently, to address Lack (1), we report the 
results of optimization problem (3), with and without the stability con-
straints informed by IMO(𝒙) - Eq.  (1). Lastly, to address Lack (2), we 
report the results of our optimization problem with DSDR and show that 
we can simultaneously address Lack (1) and Lack (2) to further improve 
the computational complexity of optimization.
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Fig. 15. Comparison between DDS and Panel Code Stability for Problems (2) and (3) designs.

Table 12 
Surrogate performance (in terms of accuracy - MAE, MSE, and MAPE - and time - Train Time and 
Test Time) for the different learning algorithms to build DDS for 𝑅𝑡 when we use all the inputs, or a 
subset of the input induced by the DSDR (with NN - i.e., the best performing DSDR method according 
to Table 11) for both the DSDRSTD and DSDRIMO cases.

Case DIM
 Learning  Accuracy  Time
 Algorithm  MAE [𝑁]  MSE [𝑁2]  MAPE [%]  Train [𝑠]  Test [𝜇𝑠]

No DSDR Original
 KRR 1.04 ± 0.07 1.32 ± 0.64 1.76 ± 0.09 322 ± 3 12.6 ± 5.6
 ELM 1.59 ± 0.20 2.02 ± 0.83 4.09 ± 1.15 10095 ± 105 4.6 ± 2.7

DSDRSTD 7
 KRR 0.99 ± 0.14 0.99 ± 0.53 1.36 ± 0.11 205 ± 7 11.3 ± 3.8
 ELM 1.45 ± 0.27 0.99 ± 0.23 3.38 ± 0.08 99987 ± 113 4.5 ± 3.0

DSDRIMO 4
 KRR 0.98 ± 0.14 0.99 ± 0.36 1.38 ± 0.09 207 ± 6 11.1 ± 1.8
 ELM 1.45 ± 0.36 0.99 ± 0.21 3.41 ± 0.13 99827 ± 103 4.2 ± 3.1
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Fig. 16. Results of solving Problem (3) with DSDRSTD and DSDRIMO. Gray marks: the KCS (parent design) both using the DDS (i.e., Table 7) with a square and the 
CFD with a circle. Blue square marks: the results of Fig. 13 for Problem (3) (i.e., no DSDR). Purple square marks: solutions of Problem (3) with DSDR and DDS 
trained on the original input dimension but fed with the input reconstructed from the smaller dimensional space. Purple diamonds marks: solutions of Problem (3) 
with DSDR and DDS trained on the smaller input dimension induced by the DSDR.

Table 7 reports the performance of the DDS of 𝑅𝑡 (in terms of ac-
curacy - MAE, MSE, and MAPE - and time - Train Time and Test Time) 
using the learning algorithms described in Section 4.1 (KRR and ELM). 
Fig. 11 reports the associated scatter plots.

From Table 7 it can be observed that KRR outperforms ELM in terms 
of MAE and MSE accuracy (visually represented in Fig. 11). Moreover, 
both KRR and ELM have a test time in fractions of milliseconds, which 
makes them well suited for use in MSHFO (3).

For what concerns the IMO constraint, we developed DDSs (accord-
ing to Section 4.1) for GZ and GM as each of the constraint criteria - SFM 
(1), SFM (1.1), SFM (1.2), SFM (1.3), and SFM (1.4) - can be directly 
related to these quantities. Table 8 reports the results for the GZ and 
GM DDSs analogously to the ones of Table 7 for the DDS of 𝑅𝑡. Fig. 12, 
instead, is the equivalent of Fig. 11. From Table 8 it can be observed 
that ELM outperform KRR in terms of MAE and MSE accuracy (visually 

represented in Fig. 12) for both GM and GZ and both KRR and ELM have 
a test time in fractions of milliseconds which makes them well suited for 
use in MSHFO (3).

Since the constraint criteria (SFM (1), SFM (1.1), SFM (1.2), SFM 
(1.3), SFM (1.4), and IMO(𝒙) - Eq.  (1)) are used to determine feasible 
geometries (e.g., “pass”/“fail” a particular hull depending on the crite-
ria), we test the efficacy of the best DDSs in this “pass”/“fail” binary 
classification scenario (Naser and Alavi, 2023). In Table 9 we compare 
the “pass”/“fail” criteria informed by the Real method (panel code) and 
the best DDS using Confusion Matricies (Naser and Alavi, 2023). From 
Table 9 it can be observed that

• for SFM (1) and SFM (1.1) all of the hulls pass the criteria;
• for SFM (1.2), SFM (1.3), SFM (1.4), and the IMO(𝒙) - Eq.  (1) the 
DDS performs well (low false positives and false negatives).
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Fig. 17. Physical plausibility for solving Problem (3) with DSDRSTD and DSDRIMO. We report the same results of Fig. 16 but (i) we removed purple diamonds marks 
(i.e., solutions of Problem (3) with DSDR and DDS trained on the smaller input dimension induced by the DSDR) as there is no need to define different surrogates 
for different dimensionalities and (ii) we added purple circle marks for the CFD physical plausibility check for each of the purple square marks (i.e., solutions of 
Problem (3) with DSDR and DDS trained on the original input dimension but fed with the input reconstructed from the smaller dimensional space).

At this point, we have developed and statistically validated the differ-
ent DDSs. The next step is to highlight the results of the multi-objective 
hull form optimization of the KCS vessel (parent design) according to 
Section 4.2. We first solved the multi-objective optimization excluding 
the stability constraints, e.g., solving Problem (2) and show that the cur-
rent approach fails to meet the IMO stability guidelines. Subsequently, 
we solve the multi-objective optimization, including the stability con-
straints, e.g., solving Problem (3) and show that our approach achieves 
compliance by design. Fig. 13 shows the Pareto front for solving Prob-
lems (2) and (3) and the KCS (parent design). Table 10 shows the aver-
age number of function calls and running time for Problems (2) and (3). 
Fig. 14 reports the comparison between the KCS (parent) design and the 
optimized designs. Fig. 15 shows a comparison between DDS and Panel 
Code informed GZ curves for Problems (2) and (3) designs. Note that, 
since the geometries found by solving Problem (2) failed IMO(𝒙) - Eq. 
(1), there is no need to validate them with CFD; however, the cost in-

formed by the DDS for Problem (3) is checked with the CFD model (see 
Section 4.1) for physical plausibility.

From Fig. 13 it can be observed that without including the stability 
constraints, i.e., solving Problem (2), the DDS induces the optimizer to 
find geometries that significantly outperform (according to the DDS) the 
KCS (parent design). Moreover, when validating the geometries found 
by solving Problem (2) with IMO(𝒙) - Eq.  (1), we find that these ge-
ometries are in fact not feasible (see Figs. 14 and 15 for more details). 
Finally, by including the stability constraints, i.e., solving Problem (3), 
the DDS induces the optimizer to find geometries that perform worse 
than the ones found by solving Problem (2) but still outperform the KCS 
(parent design).

From Fig. 14 it can be observed that for 𝜆 = 1 the design found from 
solving Problem (2) extended further in the transverse direction than the 
parent design and the one found by solving Problem (3) (see Fig. 14(c)). 
We validate the stability of the designs in Fig. 14 by comparing the DDS 
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and Panel Code Stability in Fig. 15. For 𝜆 = 0, 𝜆 = 0.5, and 𝜆 = 1.0 it can 
be observed that the GZ curves found by solving Problem (2) fail Eq.  (1) 
because the angle of the maximum GZ, namely, 𝜑max, fails the condition 
to occur at 𝜑max ≥ 25◦ (see Fig. 15(a), (c), and (e)). The GZ curves found 
by solving Problem (3) are in line with the expectation of IMO(𝒙) - Eq. 
(1) (see Fig. 15(b), (d), and (f)).

From Table 10 it can be observed that including IMO(𝒙) - Eq.  (1) 
in the optimization problem increases the computational complexity of 
optimization by approximately 30%.

After addressing Lack (1), by showing the importance of including 
the IMO(𝒙) of Eq.  (1) in the optimization problem, we need to address 
Lack (2), namely, the computational cost of optimization. For the rea-
sons described in Section 3 and according to the method described in 
Section 4.3 we test different DSDR algorithms (PCA and Neural Net-
works - NN) to reduce the computational complexity of solving Problem
(3).

Table 11 reports the reconstruction error (in terms of MAE, MSE, and 
MAPE) and the resulting dimension (DIM) of the new low dimensional 
subspace using PCA and NN algorithms. We perform the dimensional-
ity reduction using two datasets: (i) the standard one that uses the en-
tire dataset (i.e., DSDRSTD) and (ii) our new proposal that used just the 
subset of the dataset that satisfies the IMO Intact Stability Code (i.e., 
DSDRIMO). The case DSDRIMO allows simultaneously addressing Lack 
(1) and Lack (2).

From Table 11 we can observe that

• both the DSDRSTD and DSDRIMO cases lead to a reduced dimension-
ality search space that can be well reconstructed back to the original 
dimensionality (small reconstruction errors);

• the DSDRIMO case leads to a smaller search space than the DSDRSTD
case because there is less variance among the examples preserved in 
the dataset.

Now that we have established we can project the data into a reduced 
complexity space (e.g., ℝ7 in the DSDRSTD case or ℝ4 in the DSDRIMO
case) we want to test the impact of the dimensionality reduction on 
the ability to predict 𝑅𝑡. Table 12 reports the surrogate performance 
(in terms of accuracy - MAE, MSE, and MAPE - and time - Train Time 
and Test Time) for the different learning algorithms to build DDS for 
𝑅𝑡 when we use all the inputs, or a subset of the input induced by the 
DSDR (with NN - i.e., the best performing DSDR method according to 
Table 11) for both the DSDRSTD and DSDRIMO cases. From Table 12 
we can observe that the accuracy remains high with low MAE, MSE, 
and MAPE errors for the two different low dimensional search spaces. 
Notably, performance slightly improves, meaning that some dimensions 
in the original space are actually not useful.

The next step is to perform the actual numerical optimization, i.e., 
solve Problem (3), with the two different low dimensional search spaces 
(i.e., the DSDRSTD and the DSDRIMO), to address Lack (2). Fig. 16 shows 
the results of solving Problem (3) with DSDRSTD and DSDRIMO. In par-
ticular, Fig. 16 reports

• gray marks: the KCS (parent design) both using the DDS (with no 
DSDR, i.e., Table 7) with a square and the CFD with a circle;

• blue square marks: the results of Fig. 13 for Problem (3) (i.e., no 
DSDR);

• purple square marks: solutions of Problem (3) with DSDR and DDS 
trained on the original input dimension but fed with the input recon-
structed from the smaller dimensional space;

• purple diamonds marks: solutions of Problem (3) with DSDR and 
DDS trained on the smaller input dimension induced by the DSDR.

From Fig. 16 we can observe the following

• using the original dimension of the lower dimension based DDS are 
approximately equal, showing that the reconstruction does not neg-
atively impact the optimization;

Table 13 
Average number of Function Calls and Running Time for solving Problem (3) 
for the two different low dimensional search spaces (DSDR and DSDR+IMO) 
and Dimensionality (Dim.) of the problem and Optimization Algorithm. The 
difference from solving the problem in the original dimensionality (Table 10) 
is also reported.

Case DIM
 Optimization

Calls Time [𝑠]  Savings
 Algorithm  Calls  Time [𝑠]

No DSDR Original
 IP 4471 ± 434 223 ± 16

- - AS 1893 ± 1108 224 ± 128

DSDRSTD 7
 IP 2808 ± 331 194 ± 24 −37.2% −13.0%
 AS 875 ± 413 186 ± 82 −53.8% −17.0%

DSDRIMO 4
 IP 2137 ± 332 172 ± 22 −52.2% −22.8%
 AS 621 ± 221 134 ± 76 −66.2% −39.9%

• the two different low dimensional search spaces (DSDRSTD and 
DSDRIMO) both find geometries that outperform the KCS (parent) 
design;

• the two different low dimensional search spaces (DSDRSTD and 
DSDRIMO) do not outperform solving Problem (3) in the original di-
mensionality.

The results of solving Problem (3) with the two different low dimen-
sional search spaces (DSDRSTD and DSDRIMO) still need to be checked for 
physical plausibility (i.e., using the CFD model in Section 4.1). Fig. 17 
shows the same results as Fig. 16 but

• we removed purple diamonds marks (i.e., solutions of Problem (3) 
with DSDR and DDS trained on the smaller input dimension induced 
by the DSDR) as there is no need to define different surrogates for 
different dimensionalities;

• we added purple circle marks for the CFD physical plausibility check 
for each of the purple square marks (i.e., solutions of Problem (3) 
with DSDR and DDS trained on the original input dimension but fed 
with the input reconstructed from the smaller dimensional space).
From Fig. 17 it is possible to observe that the CFD model validates 

the results of solving Problem (3) with the two different low dimensional 
search spaces (DSDRSTD, and with DSDRIMO).

Finally, Table 13 reports the average number of function calls and 
running time for solving Problem (3) for the two different low dimen-
sional search spaces (DSDRSTD, and with DSDRIMO) and optimization 
algorithms. The time and call savings with respect to solving the prob-
lem without DSDR are also reported.

Fig. 18 provides a graphical representation of Table 13. From Ta-
ble 13 and Fig. 18 it can be observed that the DSDRIMO approach leads 

Fig. 18. Graphical representation of Table 13.
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to significant computational time savings (20÷40%) compared to solving 
Problem (3) in its original dimensionality. DSDRIMO also outperforms 
DSDRSTD by approximately 10÷20% in terms of computational time.

6.  Conclusion

This study has presented a novel approach to hull form optimiza-
tion that directly incorporates the IMO Second Generation Intact Sta-
bility Guidelines into the numerical optimization loop. By developing a 
data-driven surrogate model tailored to the stability constraint, we have 
ensured that all resulting designs inherently meet critical stability re-
quirements without needing a-posteriori checks. Our results, obtained 
through the optimization of the KCS hull form, highlight two princi-
pal advantages of this method. The first one is that, unlike traditional 
optimization pipelines-where stability and other physical plausibility
criteria are often verified after the fact, our integrated approach sys-
tematically excludes non-compliant designs. This marks a pivotal step 
toward more reliable, real-world-ready solutions. The second one is that, 
through a data-driven reduction in the search space, we successfully cut 
the computational cost by approximately 30% while maintaining the 
quality of the optimized solutions. This reduction not only accelerates 
design workflows but also opens the door for more frequent or larger-
scale optimization campaigns within the same computational budget.

Taken together, these contributions start to address the longstanding 
challenge of reconciling performance goals with practical, real-world 
constraints in a computationally efficient manner. By embedding a key 
regulatory requirement directly into the design process, our work paves 
the way for a new generation of design tools that balance hydrodynamic 
performance, physical plausibility, and computational efficiency.

Future work will focus on three main directions. First, extending 
the framework to incorporate additional regulatory and structural con-
straints can yield more robust designs. Second, integrating physics-
informed, data-driven models may improve surrogate accuracy and gen-
eralizability. Third, expanding the methodology to diverse vessel types 
and operating conditions will broaden its applicability. Finally, we plan 
to integrate seakeeping considerations, such as comfort and operabil-
ity in waves, into the optimization loop to capture a wider spectrum of 
performance metrics.
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