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Institute for Fluid Dynamics and Ship Theory, Hamburg University of Technology, Hamburg, Germany

ABSTRACT
Merchant shipping is responsible formore than 90%of theglobal trade andhas a significant environ-
mental impact, accounting for over 2% of global greenhouse gas emissions. Therefore, fuel-saving
measures are becoming increasingly important in reducing the ecological footprint and increasing
the fuel efficiency ofmaritime transport. Routing optimization systems, which require a rapid predic-
tion of ambient-dependent fuel consumption, represent an essential pillar here, e.g. to reduce added
resistances due to seaways and/or wind. The paper aims to predict the added resistance due to sea-
ways. In contrast to conventional methods the goal is achieved by surrogate modelling of the entire
pressure fields. To this end, an online/offline-procedure is applied to an exemplarily free-floating
container vessel. The online approach to be trained consists of two building blocks, namely a convo-
lutional autoencoder (CAE)-based order reduction step and a neural network-based (NN) regression
step that links the reduced space of the autoencoder with three control parameters that describe
the sea state (wave height/steepness, encounter angle and wave length). Training data is obtained
from time-averaged values for simulating instantaneous shipmotion and pressure fields. During the
offline phase, the combined CAE/NN is trained to capture the time-averaged pressure fields for a
variety of sea-state conditions. During ship operation (online phase), the surrogate model predicts
the three-dimensional pressure fields in response to sea state conditions, projects the pressure fields
onto the ship hull, and integrates the corresponding resistances to guide the route. The evaluation of
the method shows promising results for the different building blocks and the concept could there-
fore represent an attractive approach for cost-effective surrogate modelling of complex multiphase
flow fields.
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1. Introduction

Global warming is one of the central challenges in the
21st century, and massive reductions in greenhouse gas
emissions are the most important strategy to counter-
act this challenge. Transportation, especially shipping,
accounts for significant fractions of global CO2, NOx and
SOx emissions, and efforts to reduce fuel consumption
are constantly increasing. In addition to various baseline
optimizations, for example, with regard to the hydro-
dynamic performance of the shape of the hull (Kühl,
Nguyen, et al., 2022), route optimization systems are
gaining importance (B. Wu et al., 2021; Yu et al., 2024).

Until now, route optimization systems lacked access
to detailed hydrodynamic field data from the respective
vessel. Thanks to the now widely available hardware and
software for machine learning (ML) procedures, digi-
tal field-data twins will be routinely established in the
near future. ML is already widely used in various tech-
nical applications, see for example Brunton et al. (2020),
Brunton et al. (2021), Liu et al. (2022); Liu, Vu-Bac,
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et al. (2023), Lazzara et al. (2022), Liu and Lu (2022), Tor-
zoni et al. (2024), and Serr et al. (2025). Recently, increas-
ing amounts of research have focussed on (re)using sim-
ulation data to train ML-based surrogate models from
CFD simulations, see for example Eivazi et al. (2020),
P. Wu et al. (2021), Pache and Rung (2022), Hou
et al. (2022), Solera-Rico et al. (2024), Schwarz, Über-
rück, et al. (2025), and Mi and Cheng (2025). Many of
these strategies are based on neural networks and per-
form nonlinear dimension reductions. Although linear
model reduction approaches such as proper orthogonal
decomposition (POD; Lumley, 1967) are still popular
due to the inherent interpretability and orthogonality
of modes, autoencoders usually result in more compact
latent spaces and more accurate reconstructions (Milano
& Koumoutsakos, 2002; Pache & Rung, 2022). Current
research on the orthogonalization and interpretation of
the latent space of AI-based reduction methods is show-
ing initial success (Schwarz, Lin, et al., 2025; Solera-Rico
et al., 2024). Besides autoencoder-based approaches,
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multiple different strategies are widely used. For example,
neural operator architectures like Fourier neural oper-
ators (FNO) have recently shown promising results for
surrogate modelling of fluid flows (Li et al., 2021; Lyu
et al., 2023). Moreover, in contrast to purely data-driven
methods, physics-informed neural networks (PINNs) are
frequently used to incorporate physical constraints in
the learning process (Eivazi, Tahani, et al., 2022; Liu
et al., 2024; Raissi et al., 2019).

In naval hydrodynamics, the calm-water drag is tra-
ditionally separated from additional resistance contribu-
tions caused by ambient conditions, i.e. due to wind, sea-
way and/or fouling. While the total resistance dominates
the direct operating costs and environmental footprint
of the ship operation, added resistance contributions are
more controllable and (partly) independent of each other.
In order to reduce the number of combinations and the
parameter space investigated by a surrogatemodel, a sep-
aration of different added resistance contributions from
the baseline drag and from each other, as well as their sep-
arate parameterization is more convenient. Based on this
approach, recent work focussed on reproducing the pres-
sure fields around the super-structure of container ships
and thereby predict the added resistance due to wind, cf.
Pache and Rung (2022).

In continuation, this paper proposes a surrogate
model to predict the sea-state related drag from recon-
structed pressure fields due to heave and pitch motion. A
convolutional autoencoder (CAE) is employed to reduce
the dimension of the time-averaged, three-dimensional
pressure fields obtained fromCFD simulations. The CAE
is supplemented by a neural network (NN) which is
used to map the seaway-related input parameters to
the reduced representation. The combination enables
a rapid online prediction of pressure fields and con-
ceptually agrees with recent suggestions of Swischuk
et al. (2019), Agostini (2020), Pache and Rung (2022),
and Lazzara et al. (2022). Compared to the conventional
CFDmethod in this study, the combinedCAE/NNmodel
reduces the computation time by approximately nine
orders ofmagnitude. The remainder of the paper is struc-
tured as follows: Section 2 outlines the hydrodynamic
problem at hand. Section 3 discusses the mathematical
models, that is, the CFD simulations and the data pro-
cessing. The ML methods employed are described in
Section 4. Results for a frequently studied container ves-
sel are shown in Section 5 and conclusions are drawn in
Section 6. The publication employs Einstein’s summation
convention for lower-case Latin subscripts. Vectors and
tensors are defined with reference to Cartesian spatial
coordinates xi.

2. Hydrodynamic problem

Merchant ships are exposed to a variety of fluid dynamic
phenomena. The total resistance during ship operation is
influenced, among other things, by parasitic factors due
towaves, wind, currents, and fouling of the ship’s coating.
Previous work focussed on reproducing wind-induced
forces on the superstructure of a container vessel using
ML-based and POD-based surrogate models, cf. Pache
and Rung (2022). In contrast, this study investigates the
influence of waves on the resistance of a free-floating
vessel.

2.1. Investigated vessel

The geometry used in this study is based on the KRISO
container vessel (KCS, cf. SIMMAN, 2008) atmodel scale
� = 31.599, resulting in a length between perpendicu-
lars of Lpp = 7.279m, cf. Figure 1. The cruising speed is
set to u1 = 2.1962m/s, which yields a Reynolds number
of Re = 1.6 · 107. It is assumed that the additional forces
are pressure dominated and wave-induced changes of
friction forces can be neglected. This assumption is con-
firmed by the simulation data shown in Table 4. More-
over, the motion of the vessel is restricted to heave, pitch,
sway and surge during the current simulations.

2.2. Investigated scenario

The surrogate model aims to reconstruct the time-
averaged, three-dimensional deviation of the pressure
field from the corresponding calm-water pressure field
in response to sea-state conditions. In the current study,
the sea state is represented by three parameters: (I) the
wave length λ, (II) the wave height 2a and (III) the inci-
dence/encounter angle of the waves β . Figure 2 illustrates
the three control parameters and outlines the two coor-
dinate systems employed during this study, i.e. a ship
following system (x′

i) and the inertial system (xi). The
angle between the global (x1-) and local (x′

1-) longitudi-
nal axis refers to the pitch angle γ . The incidence angle
β of encountering waves is defined as the angle between
the propagation direction of the waves and the global x1-
axis. The focus of this study is the drag coefficient in the
inertia coordinates (CD) and the ship-fixed coordinates
(C′

D). These normalize the force F1 or F′
1, with the den-

sity of the water ρ, the square of the cruising speed u1,
and a reference surface S, viz.

CD = F1
ρu21S

and C′
D = F′

1
ρu21S

. (1)
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Figure 1. Investigated KRISO container vessel (� = 31.599, Lpp = 7.279m, Re = 1.6 · 107, Fr = 0.26).

Figure 2. Illustration of the investigated scenarios and coordi-
nate systems characterized by the global coordinates (xi), the local
ship-fixed coordinates (x′i ), the angleβ between the direction n̄ of
the propagatingwaves and the global x1 coordinate as well as the
pitch angle γ . (a) Bird view and (b) Side view.

Emphasis is given to the corresponding additional drag,
which is defined as the difference between the drag expe-
rienced in a wave scenario and the calm water resistance,
e.g. �CD = CD − CD,0.

The study considers 150 discrete seaway conditions,
including five normalized wave lengths λ/Lpp, three
normalized wave heights a/Lpp and ten different wave
encounter angles β . Table 1 provides an overview of the
parameter space considered. The parameters used are
chosen to ensure a good compromise between amoderate
computational effort and an adequate coverage of a broad
and realistic parameter space, that agrees well with gen-
eral reanalysis data, see e.g. Reguero et al. (2012). A brief
notation is defined in which a letter denotes the angle β

(a-j) followed by two digits, i.e. one for the wave length
(1-5) and one for the height of the waves (1-3), e.g. b4-2:
[β = 20 deg,λ = 1.25 Lpp, 2a = 1/100 Lpp].

As the table shows, unsteady CFD simulations were
performed for angles of incidence of 0 deg ≤ β ≤

180 deg. Each of the ten angles of incidence consid-
ered contains 15 different wave fields. To also account
for angles of incidence in the range 200 deg ≤ β ≤
360 deg, the pressure fields for the nine angles 0 deg ≤
β ≤ 160 deg are mirrored, i.e. pressure fields for β =
20 deg are flipped along the x′

2-axis to obtain pressure
fields for β = 340 deg, etc. The dataset used by the ML
procedure therefore contains a total of 285 cases.

2.3. Machine learning approach

During the offline phase, the combined CAE/NN is
trained to learn the pressure data obtained for the cases
outlined in Table 1. The entire process contains four
building blocks: (a) projection of CFD-based pressure
fields, obtained on unstructured locally refined meshes,
into a structured grid environment, (b) time-averaging
of pressure fields, (c) machine learning of pressure fields,
and (d) transferring surrogate model predictions to the
vessel geometry to evaluate the (added) resistance, cf.
Equation (1).

Due to the unsteady nature of the CFD simu-
lations, two different approaches are conceivable, cf.
Figure 3(a,b). Both procedures differ only in the order
of these buildings blocks, in particular whether time-
averaged or time-dependent fields are learned. In line
with previous studies, a more convenient strategy is to
train the surrogate model based on time-averaged fields.
For this approach, step (d) is performed last and the aver-
aging is performed prior to the learning process. Since
only spatial dependencies and features are considered,
the latent space is expected to be lowdimensional. A chal-
lenge of this strategy concerns the inherent ship motion
and the disadvantage of this approach becomes apparent
when the pressures extracted from the surrogate model
in ship-fixed coordinates are to reconstruct the forces in

Table 1. Overview of the discrete parameter spectrum.

Parameter Notation Range Number of parameters ni

Incidence angle β [a, . . . , j] [0, 20, 40, 60, 80, 100, 120, 140, 160, 180] deg 10
Wave length λ [1, . . . , 5] [0.50, 0.75, 1.00, 1.25, 1.50] Lpp 5
Wave height 2a [1, 2, 3] [1/200, 1/100, 1/66] Lpp 3
Sum

∑
nλ · n2a · nβ 150
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Figure 3. CFD simulations are performed due to the according parameter spectrum (top). Three different unstructured CFD grids are
generated for the simulations. The surrogate models always consists of four major steps: interpolation, averaging, machine learning and
integration. Two different surrogate modelling procedures are represented: (a) Time averaged data are used for the machine learning
step, integration is done as a last step in consideration of an averaged pitch angle. (b) Machine learning is done with instantaneous
pressure fields, integration is done for instantaneous data and averaging is moved to the last step of the procedure. The dashed line of
the pitch angle γ indicates, that this information is only used for the integration step in global coordinates since the interpolated pressure
fields are written in the local ship coordinate system. (a) Time averaged data as input for machine learning and (b) Instantaneous data as
input for machine learning.

global coordinates, whichwould require amatching pitch
angle. In this case, the second approach seems more rea-
sonable, cf. results displayed in Section 5.1. Here, the sur-
rogate model is trained based on the instantaneous pres-
sure fields. However, the second strategy would increase
the training data volume by several orders of magnitude
and is therefore discarded in the present study.

3. Computational fluid dynamics model

The CFD simulations use an implicit second-order finite
volume method as described by Rung et al. (2009)
and Völkner et al. (2017), that is based on the strong
conservation form of the momentum equations. The
algorithm is considered as well established and has
already been the subject of several validation studies. Pre-
viously published examples include efficient wave-field
prediction in Manzke et al. (2012), the prediction of
cavitating compressible flows in Yakubov et al. (2013),
the wave-drag optimization of vessel hulls in Kröger
et al. (2018), general two-phase flow modelling in Kühl,
Hinze, et al. (2022), and reduced order model for two-
phase flows in Kühl et al. (2024), to mention a few.

Other, marine applications were previously reported
by non-academic partner institutions, e.g. in Xing-
Kaeding et al. (2017), Papanikolaou et al. (2020), Vaz
et al. (2009), and Hoekstra et al. (2007). A pressure
correction algorithm is implemented to determine the
pressure for incompressible flows. For the spatial dis-
cretization, unstructured grids based on arbitrary poly-
hedral cells are used together with a cell-centred, col-
located arrangement of the variables. Temporal deriva-
tives are approximated by an implicit three time level
method and spatial integrals by the midpoint rule. Sec-
ond order hybrid central/upwind approximations are
used to approximate the convective fluxes. In addition to
the momentum equations, a well known Volume of Fluid
(VoF) approach is used in combination with a high order
interface scheme (HRIC) to model the dynamic air-sea
interface (Muzaferija et al., 1999). Turbulence is closed
by a basic RANS k-ω-MSST model (Menter, 1994). The
original six Degree of Freedom (DoF) system is reduced
to a 4DoF system, that allows a free heave, pitch, sway
and surge motion of the ship. Yaw and roll motions are
suppressed, because they lead to undesired resonance
behaviour and an highly increased effort to automatically
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schedule the total number of simulations. Therefore, the
current paper follows the traditional approach and exclu-
sively considers the seaway resistance due to pitch and
heave motion. Further contributions from roll and yaw
can be added, although nonlinear interactions are natu-
rally treated less precisely. Equations ofmotion are solved
with a quaternion-based motion approach, as previously
implemented by Luo-Theilen and Rung (2017). The ship
stays on course with the help of a virtual spring system,
that is adjusted to the individual operational parameters
of each simulation run and coupled with the sway and
surge motion of the ship. Spring stiffness is determined
in such a way that the natural frequency of the spring
mass system stays always significantly below the driven
frequency of the wave. This is archived for themajority of
all parameter combinations, with the exception of a few
cases where the wave propagates with the same velocity
relative to the ship. For all 150 parameter combinations,
a total of 3 different, unstructured grids are generated
with 1.2 to 3.1 million cells, whereby a wall resolution of
y+ ≈ 100 is maintained. The domain has an extension of
3 Lpp × 3 Lpp × 2 Lpp in local coordinate directions x′

1, x
′
2

and x′
3. To avoid reflections from the boundaries in such

compact domains, special seaway conditions were devel-
oped and previously published in Wöckner et al. (2010)
and Luo-Theilen and Rung (2017) that manipulate not
only the far-field boundary solutions, but also the inte-
rior domain when approaching the far-field by means of
an implicit forcing method. Together with the baseline
free-surface method, this has been applied to study com-
plex multiphysics offshore applications in Luo-Theilen
and Rung (2019) and the interphase physics in wind-
wave interactions in Loft et al. (2023).

The resolution of the employed pitching CFD grids
depends on the investigated wave length. This ensures
that at least 16 control volumes are available to resolve

the wave length. In the vertical direction, the resolution
per wave height varies between 6 and 18 cells. Figure 4
depicts two different sections of an exemplary grid. Mind
that – in contrast to overlapping methods as used in
Lu et al. (2023) – the numerical grid is associated with
the ship-fixed coordinate system and therefore the free
surface can also pitch against the longitudinal axis. To
ensure a sufficient resolution of the free surface, the grid
is refined in the x′

1 − x′
3 plane. Due to the suppression

of the roll motion, a refinement in the x′
2 − x′

3 plane is
not necessary. The employed time-step size �t varies
with the investigated wave frequency f, i.e. f �t = 10−3.
Each simulation comprises a total of 20.000 time steps,
where the last 10.000 time steps are reserved for data pro-
cessing, with only every twentieth time step being taken
into account. The domain is divided into approximately
250 partitions and parallel simulations are performed
using the message passing interface (MPI) communica-
tion protocol.

3.1. Data transfer

The CFD simulations were performed on commonly
used unstructured, locally refined grids. In contrast, the
ML method uses structured grid data. This requires the
definition of a data transfer procedure.

The pressure fields computed by the CFD method on
unstructured grids sketched in Figure 4 are projected into
structured, orthogonal meta-grids covering the ship’s
interior and surrounding. These grids form the basis
of the machine learning method. In the current study,
two meta-grids (A, B) are employed, which consist of
128 × 32 × 48 (x′

1, x
′
2, x

′
3) and 128 × 64 × 96 (x′

1, x
′
2, x

′
3)

cells, respectively. Both grids cover the same domain
and only differ in the resolution of �x′

2 and �x′
3, cf.

Figure 5.

Figure 4. Views of the unstructured CFD grid for the exemplary simulated KRISO container ship (KCS). (a) x′1-x′3 section and (b) x′2-x′3
section.
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Figure 5. Views of the employed two meta-grids. (a) Meta-grid A and (b) Meta-grid B.

Figure 6. Comparisonof the simulated (a) and interpolated (b,meta-gridA) instantaneouspressurefields of anexemplary simulation run
(j3-3). The corresponding instantaneous air concentration field obtained from theCFD simulation is shown in (c). The temporal evolutions
of the CFD-predicted global F1 and local F′

1 forces are displayed in (d).

The interpolation into the meta-grid is performed via
an inverse distance weighting (IDW) approach, where
the pressure values of the 5 closest CFD cells are used
to determine the pressure in each cell of the meta-grid,
cf. Figure 6(a,b). This method is also known as Shepard
interpolation with a power parameter of p = 1, cf. Shep-
ard (1968). Mind that locations inside the ship hull are
marked and processed separately in the surrogate model,
cf. Section 4.1. Since the simulated number of effective
wave periods strongly depends on the incidence angle β ,
a Hilbert transformation (Loft et al., 2023) is performed
to determine the time window of the maximum whole
number of wave periods in the present data set, cf. Figure
6 (d). All data within this time window are used for the
averaging respectively.

To integrate the drag forces from pressures predicted
by the ML-based surrogate model on the meta-grid, the
CFD discretization of the hull is re-considered and the
nearest meta-grid node is identified for each surface ele-
ment of the CFD grid. Note that the hydrostatic pres-
sure fields are included for the integration step, but the
surrogate model only receives pressure differences.

4. Machine learning

The applied ML strategy consists of two parts: a reduc-
tion of the meta-grid pressure fields using a convolu-
tional autoencoder (CAE) and a regression of the three
sea-state parameters into the reduced representation, in
line with the approaches used in Agostini (2020), Swis-
chuk et al. (2019), Pache and Rung (2022), and Lazzara
et al. (2022). The regression is performedwith a fully con-
nected neural network in this work, but other approaches
such as a Gaussian process regression or polynomial
regression are possible. All neural networks in this work
are implemented using TensorFlow (Abadi et al., 2016)
and Keras (Chollet, 2015).

4.1. Data sets

The 285 cases are divided into three different data sets.
The training set involves 249 cases used to train the
models. The validation set is used to terminate training
early to avoid overfitting to the training data. A final test
dataset is used after training to test the full surrogate
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Table 2. CAE structure. Output shapes refer to meta-grids A[B].

Encoder Layer Output shape Decoder Layer Output shape

Input (32[64],128,48[96],1) Dense(3072[12288]) (3072[12288])
Conv3D(filters= 8) (16[32],64,24[48],8) Reshape(2[4],8,3[6],64) (2[4],8,3[6],64)
Conv3D(filters= 16) (8[16],32,12[24],16) Conv3DTranspose(filters= 32) (4[8],16,6[12],32)
Conv3D(filters= 32) (4[8],16,6[12],32) Conv3DTranspose(filters= 16) (8[16],32,12[24],16)
Conv3D(filters= 64) (2[4],8,3[6],64) Conv3DTranspose(filters= 8) (16[32],64,24[48],8)
Flatten() (3072[12288]) Conv3DTranspose(filters= 1) (32[64],128,48[96],1)
Dense(10) (10)

Notes: All Conv3D and Conv3DTranspose layers use filters of size 3 × 3 and strides of 2.

model shown in Figure 3. Both the validation and test
data sets contain data from 18 cases each.

As described in Section 3.1, two regular equidistant
grids A and B are assessed in this study. The meta-grid
locations inside the ship can be handled in different ways.
Two different strategies are tested in this regard. The first
strategy simply assigns zero-values to these cells (Int.-
Zero). The second strategy iteratively propagates local
information from the boundary of the ship into the inte-
rior: For a cell on the boundary of the ship, i.e. a cell
with neighbouring fluid cells, the mean of the pressures
of these neighbouring fluid cells is calculated. This pro-
cess continues until all interior locations are filled with
values (Int.-Mean).

The training, validation and test data is finally normal-
ized to the interval [0, 1] using min-max normalization.
Pressure predictions by the surrogate model are easily
mapped back to the original order of magnitude, with the
data for interior points again deleted.

4.2. Machine learningmodels

An autoencoder comprises two neural networks, namely
an encoder E and a decoder D. The encoder reduces
the dimension of the input by mapping it to a latent
space of lower dimension. Using the low dimensional
data as input, the decoder reconstructs the input in the
full dimension. By training both components simulta-
neously, an autoencoder learns important low dimen-
sional features that can be used to reconstruct the input.
A convolutional autoencoder (CAE) uses convolutional
layers in the encoder and the decoder. Due to the typi-
cally small size of the convolution kernel, this is helpful
when considering physical data, as spatial dependencies
can be captured. Moreover, convolutional layers typically
require much fewer parameters than fully connected lay-
ers, which reduces storage capacity and helps to prevent
overfitting. The structure of the CAE in this work is given
in Table 2. We employ LeakyReLU (Maas et al., 2013)
activation functions with a slope parameter α = 0.01 to
connect the layers. The last layers of the encoder and
the decoder are linear. The employed default latent space
dimension is 10. Different latent space dimensions of 5

Table 3. Regression network structure.

Layer Output shape

Input (3)
Dense(200) (200)
Dense(200) (200)
Dense(10) (10)

and 20 are assessed in Section 5.3. However, a detailed
discussion on the required dimension of the latent space
goes beyond the scope of this paper. Several recent publi-
cations (Eivazi, Clainche, et al., 2022; Kang et al., 2022;
Solera-Rico et al., 2024) recommend β-VAE methods
(Higgins et al., 2016) in this regard, which disentangle
the latent space and thus also arrive at indications for a
more compact latent space. Further recent work shows
that similar results can be achieved with conventional
CAE methods (Schwarz, Lin, et al., 2025). Nevertheless,
based on experience from previous work, a latent spatial
dimension of about 10 is usually sufficient to capture the
most important physical features (Pache & Rung, 2022;
Schwarz, Überrück, et al., 2025).

In line with the work of Pache and Rung (2022), the
present study also employs a fully connected neural net-
work to perform the parameter regression. The structure
of the regression network is depicted in Table 3. As for the
CAE, LeakyReLU activation functions are used in com-
bination with α = 0.01 for the hidden layers. The output
layer is linear.

For both networks, Glorot uniform initialization (Glo-
rot & Bengio, 2010) is used for the weights and the biases
are initialized with zeros, which is the default parameter
initialization in Keras.

4.3. Model training

For training the CAE and regression network, two
options are conceivable: separate or simultaneous train-
ing of the two components. In the separate case, the
CAE is first trained using the 3D pressure fields, and the
resulting latent space is subsequently used to train the
regression network. In the simultaneous case, the latent
space is also influenced by the training of the regression
network. Both approaches were tested in this work. The
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Figure 7. Offline and online phases of the neural network based surrogate model.

complete machine learning approach, including offline
(training) and online (application) phases, is illustrated
in Figure 7. For the separate training, the CAE is trained
with the Adam optimizer (Kingma & Ba, 2015) and a
learning rate of 10−3. The mean squared error (MSE) is
used for the loss function.

MSE(p, p̃) = MSE(p,D(E(p))) := 1
n
‖p − p̃‖22,

p ∈ R
n, p̃ ∈ R

n. (2)

Similar to the loss function used by Pache and Rung
(2022), the MSE is set (manually) to zero for cells inside
the ship, since there are no pressure values in these cells
that can be predicted. The mini batch size refers to 2.
Larger mini batch sizes lead to poorer generalization to
unseen data in this study. The training is stopped when
the error on the validation set has not decreased for 50
epochs. The regression network is subsequently trained
using the MSE and Adam with a mini batch size of 128.
Again, the training is stopped when the error on the
validation set has not decreased for 50 epochs.

The loss function for the simultaneous training can
potentially contain two more terms, i.e. an additional
latent space loss for the regression network to enable a
mapping from the input parameters to the reduced rep-
resentation, supplemented by a prediction loss acting on
the pressure field prediction obtained from the three sea-
state parameters. The latter thus acts on the output of the

layers that are applied in the online phase:

Losssimultaneous(p, λ, 2a,β , p̃)

= νreconst · MSE(p, p̃)

+ νlatent · MSE(E(p),NN(λ, 2a,β))

+ νpredict · MSE(p,D(NN(λ, 2a,β))) (3)

Again, the MSE contributions for the full-dimensional
data are manually set to zero for cells inside the ship,
the mini batch size refers to 2 and the Adam optimizer
with a learning rate of 10−3 is employed. The training is
also stopped when the error on the validation set has not
decreased for 50 epochs.

The factors for the reconstruction and prediction
losses in Equation (3) are set to unit values with equal
weight, i.e.νreconst = νpredict = 1. We have experienced
that too large values for νlatent, e.g. νlatent ≥ 0.1, can cause
problems in the training process, in which the latent
space loss dominates. On the contrary, using only the
reconstruction and prediction losses already provides
satisfactory results. For that reason, νlatent = 0 is set in
this work. Without going into further detail, it is stated
that setting νlatent = 10−3 gives similar results as νlatent =
0. The present study is confined to a simultaneous train-
ing method, which usually provides improved results
(Lusch et al., 2018; Schwarz, Überrück, et al., 2025; P. Wu
et al., 2021).
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5. Results

The discussion of the results is limited to the analysis
of the wave-induced resistance of the considered ship.
To this end, additional friction forces can be neglected,
as the data in Table 4 shows. Relative to the calm water
resistance, the additional drag coefficient for all 150 appli-
cations examined is, on average, more than twenty times
higher than the corresponding friction coefficient. This
also applies to the maximum drag increase.

Each component of the surrogate model represents a
potential source of error that reduces the accuracy of the
entire process chain. To quantify these errors separately,
the results section is divided into three parts. First, data
transfer influences on the reproducibility of the addi-
tional drag contributions are evaluated in Section 5.1. For
this purpose, the CFD pressure fields are transferred to
themeta-grids as shown in Section 3.1. This reconstructs
the surface pressures and integrates the drag forces with-
out machine learning. Second, the prediction quality of
the full surrogate model is assessed by calculating the
RMS errors of the predicted pressure fields and resis-
tance. Aspects investigated in Section 5.2 are the influ-
ences of (a) the values used inside the ship (Int.-Zero vs.
Int.-Mean) and (b) the meta-grid. Finally, the influence
of the training set size as well as the training approach
and the dimension of the latent space on the quality of
the results is briefly discussed in Section 5.3.

5.1. Verification of data transfer influences

Figure 8 displays the drag coefficients in ship-fixed coor-
dinates for the meta grid with the higher resolution, i.e.
meta grid B. Similarly, Figure 9 shows the drag coeffi-
cients in inertia coordinates for the meta-grid B. Both
figures compare the results obtained from the time-
averaged approach outlined in Figure 3(a) (green) and
the instantaneous approach outlined in Figure 3(b) (red)
with the original CFD data (blue). Ordinate values depict
the additional drag and abscissa values correspond to
the wave height. All sub-figures provide icons that indi-
cate the wave encounter direction – from following seas
(top left) to head seas (bottom right) – and the wave
length (ascending from 1-5). The notation is explained
in Section 2.2.

Table 4. Relative change of drag and friction coefficients (�CD,
�Cf ) in comparison to the calm-water simulation (CD,0, Cf,0) for
the global coordinate system.

Mean |�CD/CD,0| Max |�CD/CD,0| Mean |�Cf/Cf,0| Max |�Cf/Cf,0|
16.8% 123.5% 0.7% 3.9%

Notes: Indication of the mean and maximum ratios for all 150 CFD simulation
runs.

In the ship-fixed pitching coordinate system, the time-
averaged and the instantaneous strategies are mathe-
matically identical and their results agree. In general,
drag coefficients are reproduced very well for all inves-
tigated scenarios. Small deviations due to the transfer
of data into (and out of) the meta-grid are observed
for the resonance head-sea cases (i3-3 or j3-3), where
the wave length matches the ship length Lpp and the
steepness is largest. Here localized high pressure ampli-
tudes predicted by the CFD simulation are smoothed
out during the transfer into the (locally) coarser meta-
grids, and therefore, pressure fields deviate from the
CFD simulation. Nevertheless, the average resistance
error caused by the transfer for the meta-grid B (A)
is 0.64 · 10−5 (0.84 · 10−5) and is therefore relatively
small.

When attention is paid to the additional resistance
in the inertial system, shown in Figure 9, the deviations
increase. The pitch angle is now included in the integra-
tion step, where the local pressure fields are integrated to
obtain the resistance force in global x1 direction. Due to
the time dependence of the pitch angle γ (t), the mean
of the integral and the integral of the mean values do
no longer agree, and drag coefficients of both strate-
gies deviate. The deviations increase in simulations that
are associated with high pitch angle values, for exam-
ple when the wave length approaches the ship length in
head sea conditions i3-3 and j3-3, and decreases for low
pitch angle scenarios, e.g. simulations referring to follow-
ing seas (a, b). This results in a significantly higher drag
error for the averaged data set strategy (3.42 · 10−5) in
comparison with the integration of instantaneous pres-
sure fields (0.94 · 10−5). The phenomenonbecomesmore
pronounced and also occurs at shorterwave lengthswhen
the angle of incidence increases and the ship is exposed
to beam or head seas.

An overview of all drag coefficients determined on
both meta-grids can be found in Tables A1 and A2 in
the Appendix for the ship-fixed coordinate system and
the inertia system, respectively. In the remainder of this
study, only the ship-fixed coordinate system will be used
to determine the quality of the entire surrogate process.
The reason for this is – as already described above – the
improved efficiency of the ML process.

5.2. Verification of the surrogatemodel

The predictions of the surrogate model are compared
against the CFD predictions for different model set-
tings. The comparison includes the error of the predicted
total dragmagnitude in ship-fixed coordinates, i.e. ẼD :=
‖C′

D − C̃′
D,a‖1, as well as the RMS value of the difference

between the transferred CFD pressures and the surrogate
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Figure 8. Analysis of the influences of themeta-grid data transfer by comparing the additional drag coefficients over thewave steepness
(2a/Lpp) in ship-fixed coordinates obtained from CFD simulations (�C′

D, blue) with results extracted from the transferred pressure fields
generated by the time-averaged (�C′

D,a, green) and the instantaneous (�C′
D,i, red) strategy using meta-grid B. Bottom icons in each

sub-figure indicate the respective wave-length (ascending from 1-5) and the respective wave encounter angle (ascending from a-j), see
Section 2.2.

model pressure predictions at the meta-grid node posi-
tions, i.e.Ẽp := ‖p−p̃‖2

‖p‖2 . The different settings of the ML
model refer to the employed meta-grid and the handling
of cells inside the ship geometry.

An overview of the results obtained for the simulta-
neously trained model is given in Table 5. In this table,
the 18 test cases are ordered by increasing incidence angle
(from 0/360 deg to 180 deg), with test cases based onmir-
rored data sets – i.e. 180 deg < β ≤ 360 deg – marked
with an “m”.

In general, the Int.-Mean strategy, where the inner ship
cells are filled iteratively with mean values of the bound-
ary cells (cf. Section 4.1), shows the most promising

results in combination with the better resolving meta-
grid B. The averaged drag error ẼD of all test cases is
with 1.77 · 10−5 only twice as high as the average drag
error observed in the previous chapter for the interpola-
tion and integration step. The lower resolutionmeta-grid
A performs slightly worse with an averaged drag error of
2.47 · 10−5.

The treatment of cells inside the ships’ geometry also
affects the quality of the results, even though the loss
function is set to zero in this part of the domain. We
suspect that the convolutional layers, which take neigh-
bouring information into account, are the reason for this,
as the drag is computed from cells along the boundary,
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Figure 9. Analysis of the influences of themeta-grid data transfer by comparing the additional drag coefficients over thewave steepness
(2a/Lpp) in inertia coordinates obtained from CFD simulations (�CD, blue) with results extracted from the transferred pressure fields
generated by the time-averaged (�CD,a, green) and the instantaneous (�CD,i, red) strategy using meta-grid B. Bottom icons in each
sub-figure indicate the respective wave-length (ascending from 1-5) and the respective wave encounter angle (ascending from a-j), see
Section 2.2.

i.e. cells with neighbouring cells inside the ship. Zero
values (Int.-Zero) next to potentially high pressure val-
ues could have a detrimental blurring effect, whereas the
Int.-Mean strategy should reconstruct these values with
higher accuracy.

The integration of forces only accounts for a small
fraction of the pressure field close to the hull. Therefore,
the relative RMS error Ẽp of the entire predicted pres-
sure field of ML is used to evaluate the overall quality
of the CAE/NN. Regarding this error, the overall picture
remains unchanged. Cases with incidence angles close to
±180 deg, that is, head waves, are easier to predict, and
both error measures remain relatively low. The beam sea

test case 8 (e1-3m) represents a noticeable outlier, that
performs worst for all grids and error quantities.

In Figure 10, the pressure fields predicted by the
surrogate model are compared with the corresponding
true pressure fields of the CFD simulations. The figure
depicts four different test cases of Table 5, i.e. case 6
(beam/following seas; d1-2m), case 8 (beam seas, e1-3m),
case 15 (beam/head seas, h3-1) and case 18 (head seas;
j4-3). The pressure fields of the cases 15 and 18 are repro-
duced remarkably well, both quantitatively and qualita-
tively. Results for case 6 reveal a qualitatively reasonable
agreement, but deviate slightly in the bow region. Pres-
sure fields are under predicted by the CAE/NN, which
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Table 5. Overview of the absolute drag error Ẽ′
D := ‖C′

D − C̃′
D,a‖1 with the true drag coefficient C′

D and the corresponding predicted

drag coefficient C̃′
D,a from a simultaneous training approach as well as the relative RMS error of the pressure fields Ẽp := ‖p−p̃‖2

‖p‖2 for each
test case including the overall mean values.

Abs. drag error Ẽ′
D/10−5 Rel. RMS error Ẽp

Test case Inc. angle Wave length Wave height Grid A Grid B Grid A Grid B

run β/ deg λ/Lpp 2a/Lpp Mean Zero Mean Zero Mean Zero Mean Zero

1 a2-2 0 0.75 1/100 2.30 (2.93) 1.60 (3.77) 0.52 (0.92) 0.78 (0.87)
2 b2-1 20 0.75 1/200 0.23 (1.14) 0.18 (0.57) 1.21 (1.15) 1.31 (1.00)
3 b2-3m 340 0.75 1/66 5.70 (0.38) 4.13 (0.48) 1.25 (1.09) 1.00 (0.73)
4 c3-1m 320 1.00 1/200 1.51 (0.16) 0.57 (0.31) 0.49 (0.63) 0.50 (0.51)
5 c4-1 40 1.25 1/200 2.96 (2.24) 1.67 (1.19) 0.48 (0.69) 0.54 (0.54)
6 d1-2m 300 0.50 1/100 0.30 (0.55) 2.38 (1.34) 0.62 (0.52) 0.42 (0.57)
7 d3-2 60 1.00 1/100 1.78 (1.70) 2.58 (1.36) 0.52 (0.57) 0.55 (0.55)
8 e1-3m 280 0.50 1/66 4.87 (10.80) 4.65 (12.73) 1.13 (1.29) 1.23 (1.54)
9 e3-3 80 1.00 1/66 3.14 (4.01) 2.12 (2.91) 0.52 (0.39) 0.47 (0.48)
10 f5-1 100 1.50 1/200 0.85 (0.25) 0.30 (0.75) 0.78 (0.78) 0.93 (0.76)
11 f5-3m 260 1.50 1/66 4.04 (1.99) 0.77 (0.58) 0.81 (0.55) 0.42 (0.89)
12 g2-2 120 0.75 1/100 2.79 (6.39) 3.85 (3.18) 0.49 (0.47) 0.29 (0.25)
13 g3-2m 240 1.00 1/100 5.32 (3.45) 2.97 (2.67) 0.42 (0.52) 0.38 (0.57)
14 h1-3m 220 0.50 1/66 0.84 (1.98) 0.95 (0.08) 0.39 (0.38) 0.44 (0.41)
15 h3-1 140 1.00 1/200 1.88 (1.45) 0.71 (0.41) 0.23 (0.26) 0.24 (0.25)
16 i3-1m 200 1.00 1/200 1.57 (1.68) 0.20 (2.34) 0.15 (0.21) 0.25 (0.25)
17 i5-2 160 1.50 1/100 1.38 (1.42) 0.48 (1.35) 0.17 (0.15) 0.15 (0.14)
18 j4-3 180 1.25 1/66 3.05 (4.96) 1.80 (5.54) 0.16 (0.15) 0.11 (0.11)
Mean 2.47 (2.63) 1.77 (2.31) 0.57 (0.60) 0.56 (0.58)

Notes: Errors are given for both meta-grids A and B as well as for both strategies to replace the values of the inner ship geometry, cf. Section 4.1. For the Int.-Mean
(Int.-Zero) strategy all errors are represented without (with) parentheses. Outliers for values ED > 5 · 10−5 or Ep > 0.75 are highlighted in grey.

results in a slightly increased drag error of ẼD = 2.38 ·
10−5 for meta-grid B. Surprisingly, the drag prediction
of the coarser meta-grid A outperforms that of the finer
meta-grid B, although the RMS error of the pressure field
is higher for meta-grid A. This results from the gener-
ally under predicted pressure fields in the bow and stern
areas, and highlights the importance of considering mul-
tiple error metrics. In contrast, the pressure field of test
case 8 is massively over predicted by the surrogatemodel.
This can be explained by the size of the underlying data
set and the corresponding pressure patterns for other
simulationswith similarwave length and incidence angle,
cf. Figure 11. The pressure patterns of the neighbour-
ing cases f1-3m and d1-3m significantly deviate from
the pressure field of case 8. Therefore, the dataset size
appears to be too small to represent the pressure fields
with uniform accuracy for the entire parameter space.

5.3. Hyperparameter and training influences

To analyze how an increase of the training data set could
improve the overall performance, Figure 12 depicts the
evolution of the loss function in Equation (3) over the
course of the simultaneous training. The figure employs
three alternatives, i.e. (a) the full training set indicated in
red, (b) two thirds of the training set indicated in blue and
(c) one third of the training indicated in black. Though
the training set differs, the validation set is the same in all

three cases. Displayed results refer to the best practice of
our studies, i.e. the finer meta-grid B and the Int.-Mean
strategy to treat the void space. For each case, early stop-
ping was used after the 200th epoch. The training was
stopped 50 epochs after the last displayed epoch, as no
improvements on the validation set were made during
these final 50 epochs that are not displayed. The training
losses are generally similar in all three displayed cases,
although the curves contain slightly more noise for the
smaller training sets. The validation losses suggest that
further increasing the size of the training set will lead to
an improved prediction of pressure fields on unseen data.
We report that similar results are obtained when the sin-
gle components of the combined loss (i.e. reconstruction
loss and prediction loss) are analyzed.

The model performance is also analyzed for a sep-
arate training approach in contrast to the previously
used simultaneous training approach. Without present-
ing details, it can be stated that errors did slightly increase
on average for the separate training, resulting in a relative
RMS error of 0.59 in combination with meta-grid B and
the Int.-Mean strategy, i.e. approximately 5% more than
the value (0.56, cf. Table 5) for a simultaneous training
approach. On the other hand, outliers seem to be slightly
less emphasized for the separate training. Since the simul-
taneous training approach also performs best for this grid
in terms of drag, it remains the better choice for this study.

Finally, the influence of the dimension of the latent
space on the quality of the predictions is evaluated. In
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Figure 10. Comparison of pressure fields obtained from the surrogate model on meta-grid B with their corresponding CFD pressure
fields for four different cases. Presentation in threedifferent sections: x′1-x′3 longitudinal plane (left), x′2-x′3 frameplane at x′1 = 6m (center)
and x′1-x′2 top-view plane at calm-water height (right). For the notation used, cf. Section 2.2.

Figure 11. Comparison of transferred CFD pressure fields onmeta-grid A for case 8 with neighbouring wavelength and incidence angle
cases, cf. Table 5 for reference.

addition to the default latent space dimension of 10 (cf.
Table 3), two further simultaneous trainings are per-
formed for a halved and doubled latent space, resulting
in a dimension of 5 and 20, respectively. In terms of the
averaged RMS error of the pressure fields, both varia-
tions perform slightly worse, resulting in an error of 0.59
(0.65) for a lower (higher) latent dimension of 5 (20). The
default latent space dimension of 10 seems to be a good
compromise between capturing all the necessary features
of the pressure fields that occur and the training effort
given by the size of the data set.

6. Conclusion and outlook

This paper presents an autoencoder-based surrogate
modelling approach for the prediction of pressure fields
and related added resistance forces on ships in sea-states.
To this end, 150 different sea-state conditions are simu-
lated using a finite-volumeCFD approach, which serve as
the data basis for the surrogate modelling process chain.
Various surrogate model settings are evaluated, includ-
ing two different meta-grids, two strategies for managing
cells within the ship geometry, as well as different hyper-
parameter and training options.
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Figure 12. Evolution of loss function values over the course of the simultaneous training using different fractions of the training set with
the same validation set.

Satisfactory predictive accuracywas achieved for both,
the pressure fields as well as the related drag coefficients
for the majority of test cases. The pressure predictions
of the surrogate model are superior for cases with inci-
dence angles close to ±180 deg (head seas). Observed
deviations in some test cases might benefit from a locally
larger training set, especially for following and beam seas,
where more complex pressure pattern and flow condi-
tions occur. The overall performance would likely benefit
from a generally larger training set as well. As expected,
the finer meta-grid provides superior results, particularly
in combination with the iterative averaging of data in the
interior of the ship geometry (Int.-Mean). Further sen-
sitivity analysis might represent an interesting approach
for future work to identify the importance of individual
input parameters, cf. Liu, Penaka, et al. (2023) and Liu
et al. (2020).

A surrogate model of this type could be used in an
onboard decision support system to rapidly predict addi-
tional resistance forces for different wave scenarios pre-
vailing at sea. In general, themethod can be easily applied
for any arbitrary vessel type by updating the CFD data
basis and relearning the combined CAE/NNmodel. This
work could also point the way for AI-supported surro-
gate modelling of complex multiphase flow fields. Exist-
ing CFD data sets could serve as a database for future
CAE/NN surrogate models. Future work may focus on
the processing of bigger and potentially unstructured
data sets, improved training strategies that might sepa-
rate relevant from less relevant latent variables, as well as
the application to further engineering problems.
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Appendix. Drag coefficients

An overview of all simulated and data processed drag coeffi-
cients is given in the Tables A1 and A2 below.
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Table A1. Overview of all local drag coefficients based on CFD simulations (�C′
D) as well as reconstructed values from time averaged (�C′

D,a) and instantaneous flow data (�C′
D,i) for two

meta-grids A and B.
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a1-1 8.92 6.54 6.54 7.40 7.40 d3-1 2.14 1.36 1.36 1.89 1.89 g5-1 1.70 1.28 1.28 1.63 1.63
a1-2 2.08 0.00 0.00 0.87 0.87 d3-2 3.72 3.84 3.84 4.50 4.50 g5-2 3.85 4.08 4.08 4.25 4.25
a1-3 −5.61 −7.69 −7.69 −6.62 −6.62 d3-3 3.54 3.44 3.44 3.98 3.98 g5-3 9.15 10.69 10.69 10.80 10.80
a2-1 3.21 2.76 2.76 3.34 3.34 d4-1 1.91 0.81 0.81 1.38 1.38 h1-1 5.27 3.55 3.55 4.64 4.64
a2-2 0.63 0.30 0.30 0.87 0.87 d4-2 3.39 2.30 2.30 3.05 3.05 h1-2 6.70 5.45 5.45 6.44 6.44
a2-3 −1.89 −2.03 −2.03 −1.47 −1.47 d4-3 2.71 2.08 2.08 2.69 2.69 h1-3 10.22 9.37 9.37 10.34 10.34
a3-1 1.94 1.74 1.74 2.10 2.10 d5-1 1.72 0.53 0.53 1.03 1.03 h2-1 4.53 4.74 4.74 5.05 5.05
a3-2 2.80 2.78 2.78 2.96 2.96 d5-2 2.73 1.94 1.94 2.92 2.92 h2-2 8.72 9.81 9.81 10.01 10.01
a3-3 3.59 6.00 6.00 5.05 5.05 d5-3 2.85 2.63 2.63 3.47 3.47 h2-3 16.68 18.95 18.95 18.71 18.71
a4-1 1.41 0.98 0.98 1.41 1.41 e1-1 2.96 1.31 1.31 2.39 2.39 h3-1 1.68 1.99 1.99 2.26 2.26
a4-2 1.77 2.04 2.04 2.40 2.40 e1-2 4.66 2.97 2.97 4.01 4.01 h3-2 5.86 7.19 7.19 7.33 7.33
a4-3 2.62 3.11 3.11 3.40 3.40 e1-3 8.12 6.74 6.74 7.77 7.77 h3-3 16.68 19.43 19.43 19.30 19.30
a5-1 0.92 0.42 0.42 0.81 0.81 e2-1 3.50 2.67 2.67 3.30 3.30 h4-1 0.90 0.54 0.54 1.00 1.00
a5-2 0.43 0.33 0.33 0.68 0.68 e2-2 4.73 4.90 4.90 5.60 5.60 h4-2 1.88 2.19 2.19 2.51 2.51
a5-3 1.28 1.78 1.78 2.09 2.09 e2-3 6.70 6.60 6.60 7.23 7.23 h4-3 4.23 5.60 5.60 5.83 5.83
b1-1 −5.99 −7.36 −7.36 −6.06 −6.06 e3-1 1.22 0.66 0.66 1.19 1.19 h5-1 1.66 1.15 1.15 1.48 1.48
b1-2 −6.62 −7.93 −7.93 −6.73 −6.73 e3-2 2.02 2.58 2.58 3.31 3.31 h5-2 4.14 4.08 4.08 4.24 4.24
b1-3 −7.18 −8.41 −8.41 −7.26 −7.26 e3-3 2.41 2.39 2.39 2.88 2.88 h5-3 8.37 9.20 9.20 9.00 9.00
b2-1 1.40 1.09 1.09 1.65 1.65 e4-1 1.95 0.82 0.82 1.39 1.39 i1-1 3.13 1.50 1.50 2.68 2.68
b2-2 2.22 2.14 2.14 2.57 2.57 e4-2 3.27 2.36 2.36 3.18 3.18 i1-2 4.55 3.16 3.16 4.28 4.28
b2-3 2.94 3.17 3.17 3.51 3.51 e4-3 2.30 1.60 1.60 2.10 2.10 i1-3 7.01 5.76 5.76 6.83 6.83
b3-1 2.07 1.90 1.90 2.26 2.26 e5-1 1.61 0.68 0.68 1.10 1.10 i2-1 2.80 2.66 2.66 3.15 3.15
b3-2 2.14 2.30 2.30 2.52 2.52 e5-2 2.40 2.48 2.48 3.17 3.17 i2-2 4.70 4.80 4.80 5.14 5.14
b3-3 1.68 2.19 2.19 2.42 2.42 e5-3 2.46 1.79 1.79 2.31 2.31 i2-3 8.24 8.92 8.92 9.17 9.17
b4-1 1.51 0.74 0.74 1.33 1.33 f1-1 4.38 3.03 3.03 4.18 4.18 i3-1 4.62 4.75 4.75 4.91 4.91
b4-2 1.37 0.76 0.76 1.31 1.31 f1-2 10.52 9.60 9.60 10.56 10.56 i3-2 18.42 19.81 19.81 19.51 19.51
b4-3 0.97 0.80 0.80 1.37 1.37 f1-3 22.84 21.92 21.92 22.73 22.73 i3-3 48.89 53.89 53.89 53.15 53.15
b5-1 1.15 0.26 0.26 0.39 0.39 f2-1 2.59 2.42 2.42 2.88 2.88 i4-1 1.16 0.94 0.94 1.33 1.33
b5-2 1.55 0.85 0.85 1.24 1.24 f2-2 3.89 3.86 3.86 4.28 4.28 i4-2 2.90 3.44 3.44 3.86 3.86
b5-3 1.42 0.94 0.94 1.47 1.47 f2-3 4.67 5.23 5.23 5.81 5.81 i4-3 7.43 9.09 9.09 9.14 9.14
c1-1 5.26 3.61 3.61 4.62 4.62 f3-1 1.27 0.99 0.99 1.39 1.39 i5-1 1.59 −0.01 −0.01 0.04 0.04
c1-2 8.21 6.94 6.94 7.75 7.765 f3-2 3.73 3.73 3.73 4.160 4.16 i5-2 4.02 4.32 4.32 4.51 4.51
c1-3 11.44 10.65 10.65 11.30 11.30 f3-3 5.95 6.57 6.57 6.91 6.91 i5-3 8.05 9.18 9.18 9.30 9.30
c2-1 −0.69 −0.59 −0.59 −0.16 −0.16 f4-1 2.02 1.25 1.25 1.70 1.70 j1-1 3.49 1.89 1.89 3.02 3.02
c2-2 −2.84 −1.95 −1.95 −1.63 −1.63 f4-2 3.93 3.28 3.28 3.76 3.76 j1-2 5.64 4.59 4.59 5.62 5.62
c2-3 −4.32 −2.29 −2.29 −2.06 −2.06 f4-3 5.73 5.59 5.59 5.93 5.93 j1-3 10.10 9.15 9.15 10.15 10.15
c3-1 1.32 0.98 0.98 1.38 1.38 f5-1 1.84 1.07 1.07 1.39 1.39 j2-1 2.99 2.88 2.88 3.36 3.36
c3-2 1.88 2.02 2.02 2.49 2.49 f5-2 3.56 2.77 2.77 3.22 3.22 j2-2 4.91 5.03 5.03 5.35 5.35
c3-3 2.67 4.09 4.09 4.58 4.58 f5-3 5.37 5.16 5.16 5.43 5.43 j2-3 8.46 9.21 9.21 9.48 9.48
c4-1 1.12 0.33 0.33 0.87 0.87 g1-1 2.71 1.27 1.27 2.37 2.37 j3-1 2.47 3.21 3.21 3.37 3.37
c4-2 1.21 0.81 0.81 1.42 1.42 g1-2 4.79 4.36 4.36 5.16 5.16 j3-2 13.37 15.02 15.02 14.64 14.64
c4-3 3.07 4.00 4.00 4.59 4.59 g1-3 9.44 9.44 9.44 10.17 10.17 j3-3 44.93 49.99 49.99 49.32 49.32
c5-1 1.33 0.80 0.80 1.21 1.21 g2-1 5.91 6.38 6.38 6.68 6.68 j4-1 2.87 2.47 2.467 2.79 2.79
c5-2 2.36 2.82 2.82 3.14 3.14 g2-2 14.66 16.36 16.36 16.34 16.34 j4-2 6.28 6.49 6.49 6.89 6.89
c5-3 8.19 9.54 9.54 9.86 9.86 g2-3 33.57 37.44 37.44 37.22 37.22 j4-3 13.06 14.23 14.23 14.14 14.14
d1-1 2.65 1.00 1.00 2.13 2.13 g3-1 1.17 1.10 1.10 1.42 1.42 j5-1 2.37 1.94 1.94 2.27 2.27
d1-2 5.17 4.22 4.22 5.32 5.32 g3-2 3.24 3.75 3.75 3.94 3.94 j5-2 5.07 4.97 4.97 5.21 5.21
d1-3 9.91 10.39 10.39 11.32 11.32 g3-3 6.71 8.02 8.02 8.14 8.14 j5-3 9.40 9.94 9.94 10.03 10.03
d2-1 3.86 3.37 3.37 3.92 3.92 g4-1 2.38 1.75 1.75 2.18 2.18
d2-2 5.62 5.88 5.88 6.41 6.41 g4-2 4.12 3.99 3.99 4.30 4.30
d2-3 8.45 9.73 9.73 10.21 10.21 g4-3 7.25 7.31 7.31 7.47 7.47
.
.
.

.

.

.
.
.
.

.

.

.
.
.
.

.

.

.
.
.
.

.

.

.
.
.
.

.

.

.
.
.
.

.

.

. E′
D/10−5 0.84 0.84 0.65 0.65

Notes: The mean drag error E′
D := ‖C′

D − C′
D,a,i‖1 is given at the end of the table.
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Table A2. Overview of all global drag coefficients based on CFD simulations (�CD) as well as reconstructed values from time averaged (�CD,a) and instantaneous flow data (�CD,i) for two
meta-grids A and B.

Grid A Grid B Grid A Grid B Grid A Grid B

Run �CD/10−5 �CD,a/10−5 �CD,i/10−5 �CD,a/10−5 �CD,i/10−5 Run �CD/10−5 �CD,a/10−5 �CD,i/10−5 �CD,a/10−5 �CD,i/10−5 Run �CD/10−5 �CD,a/10−5 �CD,i/10−5 �CD,a/10−5 �CD,i/10−5

.

.

.
.
.
.

.

.

.
.
.
.

.

.

.
.
.
.

.

.

.
.
.
.

.

.

.
.
.
.

.

.

.
.
.
.

a1-1 6.89 5.34 5.30 6.22 6.18 d3-1 −0.53 −0.39 −0.96 0.16 −0.42 g5-1 2.19 2.55 1.55 2.89 1.89
a1-2 7.08 6.05 6.00 6.89 6.84 d3-2 1.49 4.33 1.94 4.98 2.60 g5-2 5.61 9.58 5.44 9.72 5.61
a1-3 4.46 3.57 3.51 4.58 4.52 d3-3 −1.22 4.36 −0.74 4.90 −0.18 g5-3 13.95 24.65 15.06 24.69 15.13
a2-1 2.40 2.24 2.22 2.82 2.80 d4-1 2.29 1.59 1.21 2.16 1.78 h1-1 5.50 4.73 4.73 5.81 5.81
a2-2 −3.04 −3.07 −3.11 −2.48 −2.52 d4-2 5.59 5.85 4.32 6.57 5.05 h1-2 10.92 10.64 10.62 11.61 11.58
a2-3 −6.21 −6.35 −6.40 −5.76 −5.82 d4-3 5.30 7.99 4.75 8.57 5.34 h1-3 19.14 19.46 19.39 20.38 20.31
a3-1 −0.88 −1.14 −1.08 −0.77 −0.71 d5-1 3.59 2.71 2.53 3.20 3.02 h2-1 3.53 4.79 3.98 5.10 4.31
a3-2 −3.70 −4.20 −3.97 −3.98 −3.74 d5-2 9.44 9.75 9.05 10.69 9.99 h2-2 11.60 16.31 12.97 16.48 13.18
a3-3 −6.38 −5.23 −4.71 −6.12 −5.57 d5-3 11.07 12.87 11.36 13.66 12.14 h2-3 25.75 35.95 28.43 35.63 28.20
a4-1 −4.98 −5.82 −5.77 −5.35 −5.30 e1-1 2.38 1.28 1.54 2.36 2.63 h3-1 3.49 5.74 4.09 6.00 4.37
a4-2 −4.74 −11.14 −10.94 −10.71 −10.50 e1-2 6.78 5.25 6.14 6.29 7.18 h3-2 11.29 19.56 13.07 19.65 13.21
a4-3 −14.24 −16.46 −16.10 −16.06 −15.70 e1-3 11.15 8.71 10.93 9.74 11.95 h3-3 26.22 43.74 29.66 43.49 29.50
a5-1 4.76 4.58 4.62 4.95 4.98 e2-1 0.19 −0.25 −0.51 0.39 0.13 h4-1 2.49 2.81 1.98 3.26 2.43
a5-2 8.39 8.21 8.32 8.52 8.63 e2-2 1.38 2.91 1.90 3.62 2.62 h4-2 6.12 9.52 6.17 9.80 6.47
a5-3 15.14 15.70 15.92 15.94 16.16 e2-3 −1.25 0.93 −1.12 1.60 −0.43 h4-3 11.74 20.21 12.81 20.36 13.01
b1-1 −4.85 −5.30 −5.33 −4.01 −4.04 e3-1 1.79 2.39 1.47 2.91 2.01 h5-1 0.96 1.52 0.71 1.85 1.05
b1-2 −3.31 −3.78 −3.84 −2.61 −2.67 e3-2 3.97 8.03 4.48 8.73 5.21 h5-2 3.77 7.50 4.29 7.65 4.46
b1-3 −0.69 −0.77 −0.86 0.34 0.25 e3-3 1.20 9.69 1.89 10.14 2.40 h5-3 10.10 19.39 12.80 19.14 12.60
b2-1 2.34 2.34 2.34 2.89 2.90 e4-1 1.80 1.25 0.77 1.82 1.33 i1-1 3.29 2.52 2.51 3.70 3.69
b2-2 4.35 4.60 4.62 5.02 5.05 e4-2 3.98 4.94 2.98 5.74 3.81 i1-2 8.09 7.67 7.65 8.77 8.75
b2-3 6.65 7.21 7.27 7.53 7.59 e4-3 1.17 4.58 0.45 5.07 0.96 i1-3 15.60 15.59 15.52 16.61 16.53
b3-1 −2.74 −2.82 −2.79 −2.43 −2.40 e5-1 1.27 0.53 0.28 0.95 0.71 i2-1 2.02 2.34 2.11 2.84 2.62
b3-2 −5.99 −5.94 −5.84 −5.67 −5.57 e5-2 4.33 5.55 4.50 6.22 5.18 i2-2 6.58 8.11 7.09 8.44 7.43
b3-3 −9.84 −8.93 −8.72 −8.64 −8.42 e5-3 2.15 3.67 1.49 4.18 2.02 i2-3 14.78 18.35 16.01 18.56 16.26
b4-1 3.99 3.33 3.33 3.91 3.90 f1-1 8.05 6.17 7.41 7.31 8.53 i3-1 6.12 10.94 7.31 11.08 7.49
b4-2 6.64 6.24 6.21 6.76 6.73 f1-2 19.67 14.64 20.09 15.59 20.95 i3-2 24.51 41.39 27.20 40.98 26.93
b4-3 8.81 9.47 9.37 9.99 9.89 f1-3 38.30 25.56 39.23 26.37 39.81 i3-3 55.79 93.96 62.57 93.02 61.89
b5-1 0.60 −0.26 −0.15 −0.11 −0.01 f2-1 2.01 1.61 2.06 2.08 2.53 i4-1 2.42 3.17 2.01 3.56 2.40
b5-2 2.20 1.55 1.51 1.94 1.89 f2-2 3.30 2.81 3.97 3.24 4.38 i4-2 7.05 11.88 7.25 12.26 7.68
b5-3 4.26 3.95 3.84 4.47 4.34 f2-3 6.70 6.43 8.86 7.01 9.40 i4-3 15.40 26.87 16.64 26.83 16.70
c1-1 3.34 2.48 2.46 3.49 3.48 f3-1 −0.30 0.19 −0.53 0.60 −0.12 i5-1 0.94 0.57 −0.42 0.62 −0.36
c1-2 7.04 6.61 6.60 7.43 7.42 f3-2 1.58 4.72 1.78 5.14 2.21 i5-2 3.80 6.76 3.64 6.95 3.85
c1-3 12.70 12.85 12.85 13.50 13.50 f3-3 2.43 9.72 3.25 10.05 3.60 i5-3 8.98 16.49 9.49 16.57 9.62
c2-1 −7.33 −7.51 −7.74 −7.04 −7.28 f4-1 0.89 0.78 −0.08 1.24 0.38 j1-1 3.70 2.94 2.93 4.07 4.06
c2-2 −13.78 −13.29 −14.14 −12.90 −13.76 f4-2 2.48 5.01 1.50 5.48 1.98 j1-2 6.89 6.66 6.64 7.68 7.67
c2-3 −16.99 −14.32 −16.26 −14.03 −15.98 f4-3 3.33 10.53 2.74 10.85 3.08 j1-3 15.15 15.35 15.30 16.32 16.27
c3-1 1.09 1.18 0.99 1.59 1.39 f5-1 0.33 0.21 −0.47 0.53 −0.15 j2-1 2.81 3.09 2.99 3.58 3.48
c3-2 4.36 6.03 5.23 6.49 5.67 f5-2 1.46 3.00 0.26 3.45 0.73 j2-2 7.08 8.06 7.62 8.37 7.94
c3-3 10.58 14.99 13.11 15.42 13.52 f5-3 1.47 6.60 0.68 6.86 0.97 j2-3 15.35 17.72 16.66 17.95 16.91
c4-1 5.94 5.57 5.27 6.08 5.77 g1-1 3.60 3.16 2.92 4.25 4.01 j3-1 6.28 10.61 7.32 10.73 7.48
c4-2 12.83 13.93 12.68 14.47 13.22 g1-2 10.21 11.57 10.50 12.35 11.30 j3-2 25.96 41.96 28.75 41.44 28.37
c4-3 25.12 30.28 27.32 30.74 27.77 g1-3 21.50 24.99 22.63 25.65 23.31 j3-3 60.88 97.51 67.53 96.59 66.89
c5-1 0.16 0.39 −0.01 0.81 0.40 g2-1 4.68 6.96 5.37 7.25 5.68 j4-1 1.53 2.64 1.21 2.96 1.55
c5-2 2.60 5.54 3.87 5.85 4.17 g2-2 16.91 24.72 19.02 24.67 19.00 j4-2 5.99 11.99 6.40 12.37 6.83
c5-3 12.57 16.63 12.85 16.92 13.12 g2-3 38.67 54.90 43.08 54.59 42.81 j4-3 14.83 28.70 16.35 28.54 16.31
d1-1 4.73 5.05 4.26 6.16 5.39 g3-1 −0.18 0.40 0.05 0.72 0.37 j5-1 0.83 1.48 0.60 1.81 0.94
d1-2 11.02 14.42 11.55 15.47 12.65 g3-2 1.18 3.49 2.12 3.69 2.31 j5-2 2.82 6.65 3.19 6.88 3.45
d1-3 22.93 29.58 23.76 30.40 24.69 g3-3 5.20 10.11 7.17 10.22 7.27 j5-3 7.11 15.93 8.39 15.99 8.52
d2-1 0.12 0.71 −0.03 1.27 0.54 g4-1 0.50 0.66 −0.13 1.10 0.32
d2-2 0.45 3.73 0.81 4.27 1.38 g4-2 1.95 5.10 1.90 5.42 2.23
d2-3 3.72 12.00 5.46 12.48 5.99 g4-3 6.32 13.97 6.73 14.10 6.89
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. ED/10−5 3.28 0.88 3.42 0.94

Notes: The mean drag error ED := ‖CD − CD,a,i‖1 is given at the end of the table.
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