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ABSTRACT
Modern CFD simulation methods provide accurate hydro-
dynamic data for propeller performance. However, these
methods are computationally intensive and require exper-
tise, making them less practical during early design phases
with multiple iterations. This paper presents an approach to
accelerate early propeller design using available CFD data
to train neural networks combined with physical equations,
enabling faster performance prediction of new propeller ge-
ometries. A training dataset of approximately 100 param-
eterized propeller geometries, varying skew, rake, chord
distribution, and pitch for three-bladed propellers, was cre-
ated using the CAESES design tool. Flow characteristics
were computed using the RANS solver STAR-CCM+ un-
der open water test conditions. Simulation results include
pressure, velocity, and wall shear stress distributions, as
well as thrust and torque coefficients.

The neural network architecture is based on convolu-
tional networks with an adaptive loss function incorpo-
rating a modified Bernoulli equation and a Bezier loss
curve. Two training approaches were evaluated: a base-
line model trained without physical loss adjustment, and
an enhanced model incorporating an additional physics-
based loss term. Including the physical loss component
aimed to enforce consistency with hydrodynamic princi-
ples during training to improve plausibility and generaliza-
tion. Studies with varying dataset sizes demonstrate that
increasing training data consistently reduces prediction er-
ror. Adding a physics-based loss did not improve perfor-
mance significantly, indicating data-driven training suffices
for this dataset and model. Overall, the results demonstrate
the potential as efficient surrogate models, offering rapid
performance estimation while avoiding the high computa-
tional cost of full CFD simulations.
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1 INTRODUCTION
Training neural networks to predict pressure, velocity, and
shear stress distributions across propeller blades using data
generated from CFD simulations typically requires a large
volume of training samples. However, acquiring this quan-

tity of high-quality training data is often challenging in
practical applications. High-fidelity CFD simulations are
computationally expensive and time-consuming, and en-
suring data consistency, numerical convergence, and ade-
quate coverage of the design space further increases the ef-
fort required. Consequently, the generation of sufficiently
large and reliable datasets can become a major bottleneck
in the development of accurate neural network-based sur-
rogate models.

Therefore, the present study investigates an approach that
incorporates governing physical equations directly into
the loss function of the neural network. By embedding
physics-based constraints into the training process, the
model is encouraged to produce physically consistent pre-
dictions in addition to fitting the available data.

2 RELATED WORK
The present summary focuses specifically on publications
that address the prediction of pressure distributions or cav-
itation behavior, as these aspects are most directly related
to the objectives of this study.

Vardhan et al. (2023) employed a random forest regression
model that utilized vessel speed, propeller rotational speed
(RPM), and thrust as input parameters to predict blade
number and propeller diameter. The machine learning
model was integrated into a broader optimization frame-
work, combining a genetic algorithm with performance
evaluation using OpenProp, an open-source propeller de-
sign and analysis tool. In this framework, the random forest
model served to generate informed initial design candidates
(seeds) for the genetic algorithm. By providing improved
starting points based on learned relationships between op-
erating conditions and geometry, the approach enhanced
the efficiency of the optimization process.

Gypa et al. (2021) combined an interactive genetic algo-
rithm with support vector machines (SVMs) to support the
propeller design process. In their framework, human ex-
perts evaluated candidate designs – particularly with re-
spect to cavitation performance – and their selections were
used to train the SVM model. This hybrid human-in-the-
loop approach reduced the amount of direct expert involve-
ment required during optimization. However, the method



still relied on CFD computations to assess cavitation be-
havior, meaning that significant computational effort re-
mained necessary.

In a subsequent study, Gypa et al. (2023) extended this
work by comparing several machine learning techniques,
including neural networks and decision trees. Their results
indicated that these data-driven approaches could achieve
performance comparable to manually developed propeller
designs, while substantially reducing expert time in the
evaluation loop. Nevertheless, CFD simulations continued
to play a central role in generating the performance data
required for training and validation.

Doijode et al. (2022) combined genetic algorithms with
a Naive Bayes classifier to guide the propeller design op-
timization process based on CFD-generated performance
data. Their approach reduced the number of required
CFD evaluations by approximately 30%, demonstrating
improved computational efficiency. However, CFD sim-
ulations were still necessary to evaluate candidate designs,
meaning that the computational cost was mitigated but not
fully eliminated.

To avoid the need for CFD calculations, Li et al. (2023)
and Shora et al. (2018) applied artificial neural networks
(ANNs) to directly predict hydrodynamic performance in-
dicators such as thrust and moment coefficients. These
studies focused primarily on the development and compar-
ison of ANN architectures to improve prediction accuracy.
In addition, cavitation-related data were incorporated into
the training process to enhance the reliability of perfor-
mance predictions under cavitating operating conditions.

A purely data-driven approach was presented by Thuerey
et al. (2020), who trained convolutional neural networks
(CNNs) to predict the flow around two-dimensional air-
foils. Their study utilized a very large dataset comprising
up to 51,200 different geometries, enabling the network
to learn complex flow features directly from data without
incorporating additional physical constraints or governing
equations into the training process.

The results demonstrated that, given sufficient high-quality
data, deep learning models can accurately capture flow be-
havior in a purely data-driven manner. However, gener-
ating such an extensive dataset is generally unrealistic in
the context of propeller design. High-fidelity CFD simu-
lations for three-dimensional propeller geometries are sig-
nificantly more computationally demanding than 2D airfoil
cases.

Prior to the present study, Strecker et al. (2024) demon-
strated the feasibility of applying neural networks to predict
propeller open-water characteristics. The results showed
that prediction errors decreased significantly as the amount
of high-quality training data increased, underlining the
strong dependence of purely data-driven models on dataset
size and quality.

Building upon these findings, the present publication repre-
sents the next step in extending neural network applications
from integral performance quantities to spatially resolved
flow features. Specifically, it addresses the prediction of

pressure, velocity, and shear stress distributions across the
propeller blades. This advancement enables a more de-
tailed representation of the hydrodynamic behavior, which
is essential for structural assessment, cavitation analysis,
and further performance optimization in the early design
stage.

3 DATA GENERATION AND DEVELOPMENT OF THE
PHYSICAL EQUATION
For the training of neural networks, a comprehensive and
high-quality dataset is essential to ensure accurate learn-
ing of the underlying hydrodynamic relationships. The re-
liability, consistency, and coverage of the dataset directly
influence the predictive capability and generalization per-
formance of the model.

This section first provides a concise description of the
dataset generation process, which follows a procedure sim-
ilar to that presented by Strecker et al. (2024). This in-
cludes the selection of representative propeller geometries,
the definition of operating conditions, and the execution of
high-fidelity CFD simulations to obtain spatially resolved
pressure, velocity, and shear stress distributions. Particular
attention is given to ensuring numerical convergence and
physical consistency of the simulation results, as these as-
pects are critical for producing training data of sufficient
quality.

Subsequently, the development of the governing equation
that is incorporated into the neural network’s loss func-
tion is described. The derivation and formulation of this
equation are explained in detail, highlighting how physi-
cal constraints are embedded into the training process to
promote physically consistent predictions while aiming to
reduce the dependency on large training datasets.

3.1 Dataset
The parameterized propeller geometries were systemati-
cally varied using the propeller design module within CAE-
SES, developed by Friendship Systems AG. The selected
ranges for the geometric parameter variations are summa-
rized in Table 1 and were chosen to ensure representative
coverage of the relevant design space. The camber ratio
describes the camber over the chord length at 70% radius,
chord delta is the gradually added chord length to the chord
at the hub, pitch base is the pitch at the hub, pitch delta is
the additional pitch at 70% radius, and skew at the tip de-
scribes the skew at the tip of the blade.

Table 1: Ranges for altered geometry parameters

Parameter Min Max

Camber ratio 0.65 0.86
Chord at hub 0.25 0.4
Chord delta 0 0.2
Pitch base 0.9 2
Pitch delta 0.05 0.3
Skew at tip 0.1 0.35
Number of blades 3 3



The computation of the open-water characteristics was
carried out using the Reynolds-Averaged Navier–Stokes
(RANS) solver implemented in STAR-CCM+ (version
17.02). To reduce computational cost while maintaining
adequate data quality, only a single blade was modeled.
A stationary simulation was performed in a moving ref-
erence frame, applying periodic symmetry conditions to
represent the full propeller. This modeling strategy sig-
nificantly decreases computational effort compared to full
multi-blade transient simulations, while still providing suf-
ficiently accurate hydrodynamic data for the generation of
a high-quality training dataset.

The pressure distribution on the propeller blades at differ-
ent operating points is illustrated in Figure 1. The results
highlight the spatial variation of pressure across the blade
surface, showing distinct high- and low-pressure regions
depending on the advance coefficient and loading condi-
tion.

To enable efficient processing of the CFD results with
neural networks, the calculated distributions of pressure,
wall shear stress, and velocity (evaluated at the cen-
troid of the first near-wall cell on the blade surface) are
mapped onto a structured 80 × 80 grid within CAESES.

J=1.2

J=0.5

J=1.0

Figure 1: Pressure distributions on some example blades
within the dataset at different operating points J, calculated
by the RANSE-solver STAR-CCM+

This grid parametrically covers the entire blade surface and
automatically adapts to geometric variations, ensuring con-
sistent spatial representation across all propeller designs.
The grid is locally refined in regions with high gradients,
particularly near the leading edge, to more accurately cap-
ture them. As a result, a higher density of sampling points
is allocated where pressure and velocity changes are most
pronounced.

By projecting the CFD surface data onto this structured
grid, the spatial distributions are transformed into two-
dimensional image-like representations. This formulation
allows the use of convolutional neural networks (CNNs),
which are well-suited for extracting spatial features and
patterns from structured image data while maintaining ge-
ometric consistency across varying blade designs.

3.2 Development of the equation
As a governing physical relation, the Navier–Stokes equa-
tions are employed; see Equation 1. Here � denotes the
density, ~u the velocity, t the time, p the pressure, � the
dynamic viscosity and � the second viscosity. These equa-
tions describe the conservation of momentum for viscous
fluid flow and provide the fundamental relationship be-
tween pressure, velocity, and viscous stresses.

Several commonly accepted assumptions are introduced to
obtain a tractable formulation suitable for integration into
the neural network loss function. First, water is assumed
to be incompressible (Equation 2), which is justified for
marine propeller operating conditions due to the low Mach
numbers involved. For the evaluation, streamlines across
the propeller blades are considered. Along a streamline,
the flow can be assumed to be locally stationary (Equation
3) and irrotational (Equation 4), enabling further simplifi-
cation of the governing equations. Under these assump-
tions and through mathematical rearrangement, Equation 5
is obtained.

This resulting expression establishes an explicit relation-
ship between pressure, velocity, and shear stresses. The
first part of Equation 5 resembles the classical Bernoulli
equation, representing the balance between pressure and
kinetic energy along a streamline. However, unlike the
ideal Bernoulli formulation, viscous effects cannot be ne-
glected in the case of flow across propeller blades. There-
fore, the viscous shear stress terms are retained, ensur-
ing that the formulation remains physically meaningful for
real, viscous marine flows.
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Due to the complexity of viscous boundary-layer phenom-
ena, the behaviour of shear stresses along a surface can



be determined either using a wall-resolved LES solver or
experimentally (White, 2011, p. 361). In the present
study, however, the shear stresses along the streamlines are
roughly estimated using RANS simulation results. The tar-
get y+ is set to 30, therefore wall functions are applied.

For the considered case, the flow over a flat plate is used
as a reference configuration. Based on this configuration, a
relationship for the constant a in Equation 6 is established
as a function of the Reynolds number Rn = v·L

� , where v
denotes the characteristic velocity, L the reference length,
and � the kinematic viscosity.

The constant a in Equation 6 is determined from simulation
data of flow over a plate, using the computed distributions
of p, the velocity u, and the shear � along the streamline.
The index i denotes the discrete evaluation points along the
streamline. To obtain the optimal value of a, a least-squares
minimization problem is formulated, as shown in Equation
7. This procedure identifies the value of a that best satisfies
the simplified physical relation across all sampled points.
The resulting expression for a is given in Equation 8.

A graphical representation of the dependency of a on the
Reynolds number is illustrated in Figure 2, demonstrating
the derived relationship and its fit to the simulation data.
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a = 0:00061767 � 1:75112248Rn (8)

4 NEURAL NETWORK SETUP
As a basic network architecture, a decoder based on convo-
lutional neural networks (CNNs) is employed. They have
been developed for image recognition. The original devel-
opment was conducted by LeCun et al. (1995). Since then,
many variations and improvements have been introduced
and are now widely available in standard Python-Libraries.
During the training in every epoch, the weights are itera-
tively updated to minimize the difference between the out-
put image and the training data. This optimization is per-
formed using a loss function, which is commonly defined
as the mean squared error (MSE), as shown in Equation 9.

MSE(f(X); f̂(X)) =
1

N

N∑
n=1

(f(Xn)� f̂(Xn))2 (9)

For comparison, the loss function is extended by an addi-
tional physics-based loss term. This loss term is defined
as the mean squared error (MSE) of the quantity intro-
duced in Equation 6, evaluated along a streamline. For each
streamline, the value at every discrete point is compared to
the mean value of that quantity along the same streamline.
Subsequently, the MSE is computed over all points of the
respective streamline.

The overall loss function is then formulated as follows:

losstotal = lossMSE + � � lossphysics (10)

The streamlines are integrated during training using the ve-
locity field predicted by the network. The integration is
initialized at the stagnation point of the blade. Regions
characterized by high shear gradients are excluded from the
evaluation to avoid numerical instabilities and non-physical
effects.
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Figure 2: Points of the calculated constant a over the
Reynolds-number

An example of integrated streamlines across the face side
of the blade for several different radii is shown in Figure
3. A detailed representation of a single streamline at radius
62% including the corresponding distributions of pressure,
velocity, and shear stress, is provided in Figure 4.

Figure 3: Streamlines across blade



Figure 4: Evaluation of one streamline

4.1 Training the networks
The training parameters are kept identical for all network
configurations to ensure a fair comparison regarding the in-
fluence of incorporating physical information into the loss
function. The complete set of hyper-parameters is summa-
rized in Table 2. A schematic representation of the network
architecture is provided in Figure 5.

Table 2: Parameters for the training of neural networks

Parameter Set up

Number of channels 2
Convolution dimensions 32-64-128-256
Activation function Mish
Optimizer adam
Learning rate 0.0015
Batch size 2
Lambda 0.1

Figure 5: Network architecture
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Figure 6: Train and test loss without physical information
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Figure 7: Train and test loss with physical information



The network begins with a fully connected layer that pro-
cesses the 14 geometric input parameters. This is followed
by a convolutional layer with size 32x5×5 using kernels
of 3x3. The resulting output tensor has the dimension
7×80×80. The seven output channels correspond to the pre-
dicted physical quantities: pressure, three velocity compo-
nents, and three shear stress components.

The networks are trained for 2000 epochs using datasets
of varying sizes. Representative examples of the resulting
training and validation errors are shown in Figures 6 and
7. The results indicate that the inclusion of the additional
physics-based loss term leads to a slower convergence rate
and increased fluctuations during training. This suggests
that the augmented loss formulation introduces additional
optimization complexity and may affect training stability.

5 COMPARISON OF RESULTS
To evaluate the generalization capability of the models, ten
additional geometries were used to generate pressure distri-
butions that were not included in either the training or test
datasets. The predictive performance on this unseen dataset
was assessed by computing the mean squared error (MSE)
of the pressure distributions. The corresponding MSE val-
ues for the configurations without governing equations and
with governing equations are presented in Tables 3 and 4,
respectively. A graphical comparison of the average errors
as a function of the training dataset size is provided in Fig-
ure 8.

For the networks trained without incorporating the govern-
ing equations, the error decreases as the amount of training
data increases. This trend is consistent with expectations,
as additional data typically improves the model’s ability to
generalize. Since the error on the unseen dataset decreases
with increasing data, there is no indication of overfitting in
this configuration.

In contrast, for the networks trained with the governing
equations, the error is consistently higher than in the purely
data-driven case and increases as more training data is used.
This behavior may be attributed to instability during the
training process. It is possible that the inclusion of addi-
tional data exacerbates this instability, leading to reduced
predictive performance on unseen geometries.

Table 3: MSE on test data for different amounts of training
data without the equation

Parameter 2 5 10 20

Back 6.8619 6.6928 3.3837 2.4580
Face 5.1582 4.2408 2.7332 2.9117

Table 4: MSE on test data for different amounts of training
data with the equation

Parameter 2 5 10 20

Back 9.4824 7.1115 5.8172 7.8681
Face 4.8313 5.6837 5.6315 7.9953
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Figure 8: Overview of MSE

Figure 9 shows that the prediction error of the pressure dis-
tribution is higher at lower advance ratios J, corresponding
to operating conditions with increased blade loading. Con-
versely, the error is lower at operating points that are par-
ticularly relevant during the propeller design phase. This
indicates that the network performs more accurately in the
design-relevant operating regime, while larger deviations
occur under highly loaded conditions.
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Figure 9: MSE over J for 10 geometries

A similar trend can be observed with respect to geometric
variations (see Figure 10). Blades with higher pitch angles
exhibit larger errors in the predicted pressure distributions.
This behavior is likely related to the increased complexity
of the pressure field associated with highly loaded blades.
As blade loading increases, stronger gradients and poten-
tially more nonlinear flow phenomena arise, which may be
more difficult for the network to approximate accurately.

Concerning the influence of the modified loss function, the
overall prediction errors are higher compared to the base-
line networks. Although the qualitative behavior with re-
spect to pitch remains similar, showing increased errors for
higher pitch geometries, the variance of the error over the
advance ratio is reduced. However, since the overall error




