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ABSTRACT

While powerful and reliable CFD methods are available to-
day, designing propellers using them is unfortunately time-
consuming and cost-intensive. On the contrary, existing
CFD results for the hydrodynamic behaviour of propellers
can be stored and processed with neural networks. This pa-
per deals with the acceleration of the early propeller design
stage by using this data for the training of neural networks.

For the generation of the dataset for the network training
different radial propeller parameters including skew, chord
length, camber and pitch for three to six bladed propellers
were developed. The outputs of the automatic CFD cal-
culations are the pressure distribution over the blade sur-
face and the thrust and moment coefficients for different
advance ratios.

Then all parameters are processed in a two-step neural net-
work; the first neural network processes the operating point
data and the second network the geometry data and esti-
mated cavitation area. Based on the requirements such as
installed power or the required propeller thrust the optimal
geometry regarding a maximized efficiency is determined.

The grid sensitivity study in combination with processing
different amounts of training data show that with sufficient
data quality, a higher amount of data reduces the averaged
error values in both networks until a certain point.

Keywords
propeller design, neural networks, computational fluid dy-
namics

1 INTRODUCTION

Especially in the early design phase the propeller design
should be conducted in a limited time span while already
being fairly precise. RANS methods are very powerful to-
day, but they are time-consuming. The idea followed in the
present study is to use existing data from CFD calculations
to train neural networks to be able to speed up the design
process in the early design phase.

2 RELATED WORKS

As mentioned before, the design process of a propeller is
computationally expensive so that alternatives need to be
developed. Vardhan et al. (2021) trained a random for-

est tree regression using certain input variables to design a
propeller. As input the vessel’s speed, propeller rpm and
necessary thrust are used and the output are the geometric
parameters such as number of blades, propeller diameter
and radial pitch and chord distributions. The training data
is generated by applying the OpenProp method. However,
cavitation as an important parameter for propeller design
is not considered. This is going to be assessed within this
research.

A different approach with a similar result was considered
by Gypa et al. (2021). They explored a combination of
interactive genetic algorithms and machine learning, pre-
cisely the tool support vector machine (SVM). They sug-
gested to use interactive genetic algorithms for propeller
design variations which were then evaluated by an SVM.
The SVM was trained on the first populations, where hu-
man experts assessed the individuals regarding their perfor-
mance and cavitation area by selecting the next generations
parents. The approach provided fairly good results com-
pared to a single assessment by human experts. Following
this procedure, the time which human experts spend on the
design process can be reduced, while cavitation is consid-
ered. However, it still does not exclude some time-intensive
computational processes during the design phase.

In a more recent work, Gypa et al. (2023) reevaluated their
interactive optimization approach considering pressure and
suction side cavitation on two more complex designs. Fur-
thermore, they compared several machine learning algo-
rithms, for example SVM as before, decision trees and also
neural networks for the classification of the design within
the generations. For one propeller design the neural net-
work performed more efficiently, for the second the SVM.
The results of this design process are comparable to the
manual design process and it also limits the time needed
by human experts.

Another approach using interactive genetic algorithms and
a machine learning tool called Dynamic Optimization has
been developed by Doijode et al. (2022). It uses a Naive-
Bayes classifier to evaluate the design based on automati-
cally generated CFD results. The classifier minimizes cav-
itation and maximizes the efficiency by finding the most
appropriate compromise. The developed methods allow a
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reduction of calculations by 30 %, but they are also not
fully eliminated.

In order to completely avoid computational efforts in the
design phase, Li et al. (2023) and Shora et al. (2018) used
artificial neural networks (ANNSs) to find the thrust and
moment coefficients of a new optimum propeller design.
While Li et al. (2023) compared different machine learning
approaches next to ANNSs, Shora et al. (2018) considered
cavitation data and focused on a comparison of different
structures of ANNSs. They could show that in their network
architecture there is no difference between using one ANN
for each output variable versus using one ANN for all out-
put variables. In both papers a limited amount of training
data is used and a grid study was not conducted, which is
going to be in focus of the research study presented.

3 DEVELOPMENT OF THE DATASET

In order to generate a comprehensive high quality data set
RANS calculations are performed. For this purpose a pa-
rameterized geometry of a propeller is modified with the
propeller tool in the CAE program CAESES developed by
Friendship Systems AG to obtain variate designs. The ra-
dial distribution of the chord, camber, pitch, skew and num-
ber of blades is automatically altered and a CAD file of
each propeller geometry with shaft and hub is created. The
ranges for the parameters are shown in Table 1. The RANS
solver STARCCM+ 17.02 is used for the computation of
the hydrodynamic properties of the developed geometries.
The computations are performed for the open water test
condition. Therefore, only one blade is considered in the
simulation and the periodic symmetry condition is applied.
This setup allows a significant reduction of the computa-
tional effort. A stationary calculation with a moving refer-
ence frame is used. This way only the flow in the rotating
region is rotated which also saves computational effort.

3D

4D

8D

Figure 1: Dimensions of calculation area in StarCCM+

In Figure 1 the set up for the calculation is shown. The
length of the computation domain is three times the pro-
peller diameter in front of the propeller and four times be-

hind it. The total radius of the computation domain is four
times the propeller diameter (Tu 2019). The inflow veloc-
ity is set according to the respective advance ratio J and at
the outlet the pressure is set to zero.

Table 1: Ranges for altered geometry parameters

Parameter Min Max
Chord 025 04

Camber 0.01 0.06
Pitch 135 1.75
Skew 0.1 0.35

Number of blades 3 6

3.1 Mesh topology

The mesh is automatically adapted according to the pro-
peller diameter. However, in the data set used the diam-
eter is kept constant. To obtain a gap-free surface of the
propeller a surface wrapper with part size ﬁD is used.
The mesh is polyhedral with a base size B = B(D) de-
pending on the diameter and refined at the propeller sur-
face with %OB. The propeller leading and trailing edges
are refined with Q%,)OB and a cylindrical volume of 2D is
additionally refined with %B. All mesh variables are scal-

able with the base size which is setas B = D, & or 2.

A prism layer mesh is introduced in the boundary layer re-
gion. The wall function is applied and therefore the target
yT is set to 30, as the calculations are carried out in full-
scale size and with respective Reynolds numbers. The ve-
locity v, is defined by the advance ratio .JJ and the stretch
factor s is set to 1.5. The chord length ¢z, is approximated
with %, 1 1s set to 0.00089 and v is calculated with p and
p-

The following calculations are on the basis of the book
about boundary layer theory by Schlichting (1987). With
Equation 1 the reference velocity is calculated and then
used to approximate the Reynolds number with Equation
2. The total prism layer thickness can then be estimated
with Equation 3 and the thickness of the first prism layer
is calculated with Equation 4. From there the necessary
number of prism layers in the boundary layer is determined
with Equation 5 and the thickness of the layer next to the
wall with Equation 6. Then all necessary parameters for the
prism layers are calculated. An offset volume of the pro-
peller is refined depending on the last prism layer thickness
t,, to obtain cells with similar sizes.
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3.2 Grid study mesh

Within the mesh convergence grid study, the KCS propeller
geometry is used as a test case. The calculated results are
compared to those of the model open water test conducted
by Sanada et al. (2018). The torque values at J = 0.6 and
the open water diagram are compared. As the measure-
ments are carried out in model scale the wall y is adjusted
to 1 or less. This way the ITTC guideline regarding the
near-wall region is followed (ITTC 7.5-03-02-03). The re-
sults of thrust and torque values with the corresponding er-
rors at J = 0.6 are shown in Table 2. Three different mesh
base sizes relative to the propeller diameter are compared.

Table 2: Torque and thrust values for different mesh base
sizes at J = 0.6

Value Target D % %
Thrust [N] 6.268 6.561 6.553 6.538
Error [%] - 4.7 4.5 4.3
Torque [Nm] 0.105 0.111 0.110 0.110
Error [%] - 5.7 4.8 4.8
Number of mesh - 0.2 0.8 2.1
cells in Millions
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Figure 2: Open water diagram for model tank test results and
CFD calculation

From D to % the cell number increases by factor 4 whereas
the error is decreasing by 0.2 % and 0.6 % respectively. The
error from % to % for one value decreases 0.2 % and for
the other value by 0.0 % whereas the cell number increases

almost by factor 3. As a result of the high cell number, the
computation time rises significantly whereas the accuracy
is almost the same. Thus, a mesh base size of % is cho-
sen for the calculations as a compromise and the quality of
results should be achieved.

Figure 2 shows a comparison between the open water di-
agram measured at the model tank and the calculated one
using a mesh base size of g. The average error for all
points up to the maximum at J = 0.8 is 5.4 %. The kr
values at J = 0.9 are near zero so that the small deviation
would have a greater effect on the efficiency, and that area

is usually not considered in propeller design.

3.3 Output data and treatment

The setup has been described and 500 CAD-geometries for
each blade number have been used in order to obtain the
open water diagrams and pressure distributions over the
blade. Automated post-processing of this data needs to be
performed in order to identify valid points for training the
networks. As a first step only open water diagrams are used
where the efficiency is above zero and below one. As the
second step the remaining points are processed with a k-
means clustering algorithm to check for outliers. With that
algorithm, k point clouds - so called clusters - around k
centroids are formed from the data. For this dataset of the
open water diagrams an algorithm with k = 2 centroids has
the best silhouette score and is thus used for the clustering.
An example of the two colored clusters is shown in Figure
3.

kr

1.20.0

Figure 3: Picture of two clusters in k-means-clustering

The 50 farthest away points from those cluster mid points
have been examined manually and no invalid data could be
found this way. The quality of the training data is sufficient.
Multiple datasets have been created and in this work a small
dataset with 300 points, a medium dataset with 3.330 points
and a large dataset with 10.030 points are used. A scatter
plot of all open water diagrams for the medium dataset with
3.330 points is shown in Figure 4.
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Figure 4: Scatter plot of medium openwater curve data

The pressure distribution is used to obtain an estimated cav-
itation area. As an approximation the ratio between points
below vapour pressure and all points is calculated. An ex-
ample of a pressure distribution is shown in Figure 5 and
the according wall shear stress distribution in Figure 6.
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Figure 5: Example of a pressure distribution on the face (left)
and back (right) of a blade

Wall Shear Stress: Magnitude (Pa)

f 15e+03
750
|
N | O
¥ 4 ]

Figure 6: Example of the wall shear stress on the face (left)
and back (right) of a blade

4 NEURAL NETWORK SETUP

For the neural networks simple feedforward neural net-
works are used. They consist of a certain amount of layers
with a certain amount of neurons in them, beginning with
an input layer where the data is fed in, then one or several
hidden layers and an output layer where processed data is
returned. The goal of the network is to adjust its weights
with every training epoch in a way that a defined loss is
minimized. A commonly used loss is the mean squared er-
ror loss (MSE), which is used here as well. The calculation
is shown in Equation 7.

N
MSB((X), (X)) = 5 S2(7(Xa) ~ F(X)? ()

n=1

In order to find the operating point and then the associated
geometry a two step neural network is used. The first net-
work uses the number of blades, the torque or thrust coeffi-
cient kg or kr and the respective k7. or k¢, see Equations 8
to 11, depending on whether the design is done via the ship
resistance Ry or the installed power Pp and the relative
rotative efficiency ng.

kr = ,zmQD]f(Tl—t) (8)

% ~ D1 §Z§(1 o kO
P
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As calculation variables, the necessary terms for estimating
the load curve are used depending on whether the design
is determined using the ship resistance and corresponding
thrust or installed power and corresponding torque. The di-
ameter, number of blades, design speed and wake fraction
are needed for the calculation in both cases. Additionally,
a maximum cavitation area and an aspired motor speed are
given. The differing calculation variables are resistance and
thrust deduction factor for the thrust as well as the installed

Start/Stop
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N, D,R,vs,
t, w, 1, cav

Input kg™ :
N,D, P, vs,
g, W, T, cav.

Y
Calculate Calculate

chord
camber
kr- skew

pitch

Choose next
maximum

cavitation
area ratio

Geometry  kp
J(0.4-1.9) ™ kg

Output
diagram

Figure 7: Flow diagram of the output architecture with neural
network blocks shown as rectangles with two rounded corners



power and relative rotative efficiency for the power estima-
tion. From this the input variables for the neural network
k7 and k¢, are calculated and fed in together with the num-
ber of blades and k¢ or k7, respectively. The output vari-
ables are the respective thrust or moment coefficient and
the advance ratio for the operating point.

In the second neural network the operating point is used as
input variable together with the other input variables such
as number of blades. The output is a parameterized geome-
try description of the blade and the expected cavitation area
at the operating point. From the geometry an open water di-
agram is created. A flow diagram of the output algorithm
with network architectures is shown in Figure 7.

4.1 Tuning the network parameters

The tuning of the network parameters is conducted using
the python library Ray Tune. In general, there are several
parameters to be tuned: the number of hidden layers, the
number of neurons within them, the activation function and
optimizer used as well as a dropout probability, which is
used to prevent neural networks from overfitting. This is
especially important for the training of networks with lit-
tle amount of data. All tunable parameters and their ranges
can be found in Table 3.

Table 3: Parameters for the optimization of neural networks

Parameter Variations

Number of hidden layers 2

epochs, the resulting loss is compared and the network with
the smallest loss is chosen for further training. The best pa-
rameter fit for the corresponding dataset-sizes is shown in
Table 4. It can be seen that most networks perform best
with the activation function ReL.U and the optimizer SGD.
They also have the same number of hidden layers and num-
ber of neurons within the layers. This is important to note
as the parameters could be used as a starting point for tun-
ing networks with physically similar problems.

4.2 Test with unknown data

For checking the performance of the neural networks re-
garding unknown data, several data points have been ex-
cluded in all of the train- and test datasets. They were used
as input variables to the trained networks and the output has
been compared to the actual values. In general the errors of
those output variables are getting smaller with increasing
the amount of training data. The MSE for different vari-
ables are shown in Tables 5 to 7.

Table 5: MSE on test data for different training datasets using

kr
Parameter small medium  large
J 0.0188 0.0192  0.0133
i 0.0323 0.0299  0.0143
kT 0.0342 0.0287  0.0141
Total 0.0284 0.0259  0.0139

Neurons per layer 8, 16, 32
Activation function ReLU, LeakyReLU, Soft- . L. .
Table 6: MSE on test data for different training datasets using
plus, Tanh i

Optimizer SGD, Adam, rmsprop Q
Learning rate 0.00001 to 0.1 P 1 T ]
Batch size 1.2.4.8 arameter sma medium large
Dropout probability 0,0.1,0.5 J 0.0363 0.0316  0.0135

n 0.0416 0.0210  0.0105

kg 0.0985 0.0551 0.0390

For tuning of the network random parameter combinations
are trained with the data for 50 epochs. After training those Total 0.0588 0.0359  0.0210
Table 4: Tuned neural network parameters
NN Hidden Neurons Activation Optimizer Learning Batch  Dropout MSE MSE
layers Function rate size probability  train test

kr - small 2 16,32  ReLU RMSprop  0.060126 1 0 0.0007  0.0021
kr - medium 2 16,32 ReLU SGD 0.099461 1 0 0.0007  0.0006
kr - large 2 16,32 ReLU SGD 0.099461 1 0 0.0004  0.0004
kg - small 2 16,32 ReLU SGD 0.099461 1 0 0.0017  0.0022
kg - medium 2 16,32 ReLU SGD 0.060126 1 0 0.0017  0.0019
kq - large 2 16,32 ReLU SGD 0.099461 1 0 0.0010  0.0009
geometry - 2 8,32 LeakyReLU RMSprop  0.062980 2 0 0.0017  0.0017
small
geometry - 2 16,32 ReLU SGD 0.099461 1 0 0.0019  0.0019
medium
geometry - 2 16,32 ReLU SGD 0.099461 1 0 0.0019  0.0019
large
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Table 7: MSE on test data for different training datasets for  Table 8: Example ship data to find the operating point for

the geometry ”Vessel”
Parameter small ~ medium large Parameter ”Vessel”
Cavitation Area 1.4688 0.6157  0.5476 Number of blades 4
Diameter 3m
Total 0.3288 0.1431 0.1361
o Maximum allowed cavitation area 2.5 %
Velocity 6.69ms~!
Wake fraction 0.25
Figure 8 shows the corresponding results for predicting Resistance _ ) 93.47kN
the cavitation area when different training datasets are em- Thrust deduction fraction 0.1
ployed. The line would be the ideal output to the input Shaft.power 720 kW
data. The results clearly show that the higher the amount Rotat.lonal sp<.3ed . 130
of training data, the more accurate the output. This is es- Relative rotative efficiency 1

pecially important for creating neural networks capable of
computing the whole pressure distribution over the blade,
as the cavitation area is only a simplified part of it.

From this data the respective k7. and k¢, values are calcu-
0.10 lated and shown as load curves in Figures 9 to 11. From
the output parameters of the neural network the geometry
0.08 |- ] is generated as a CAD file in CAESES and then the open
0.06 L- < i water diagrams are calculated with STARCCM+. The open
water test diagrams deviate slightly from one another as the
0.04 - / o computations are conducted for different geometries. In
0.02 (g 9.2 ég By P 3 i general all training dataset sizes show good results. The
] shown efficiency has been calculated from k7 and kg, oth-
erwise the efficiency has large errors for the small dataset.
For the large dataset the output efficiency of the neural net-

Area

0.00 & © i i i
0.00 0.02 0.04 006 008 0.10

Area work is even slightly better than the calculated efficiency

leading to an overall open water diagram MSE of 0.0001.

o smal.l * large This shows that enough training data has to be available for
medium complex physical problems.

Figure 8: Cavitation area - comparison of training dataset
sizes

1.0

0.8 - -

5 COMPARISON TO EXAMPLE VESSEL 06 | R - N
Depending on the available data for the torque or thrust ) P
load curve according to Equation 8 and 11, the trained net- 04 Ry \\\7
works are used to develop a parameterized geometry, calcu- A
late the open water curve and estimate the operating point. 02 I S
At the output a deviation of 3 % of the input k7. or k¢, and
of the aspired motor speed are allowed. If a thrust load 0.0 w w
curve with k7. is used, the input of k¢ is varied and the 04 05 0.6 07 08 09 1.0 1.1 1.2
result with the highest efficiency considered the solution. ]

This is done to maximize the efficiency. The same applies
to a variation of kr if a torque load curve with kg, isused. | kr oo kp-CFD
The operating point then is the point with maximum effi- 10kqg 10kg - CFD
ciency while only deviating 3 % of the input. The input | n n - CFD
data for the networks is shown in Table 8. The maximum kT

allowed cavitation area of 2.5 % is chosen according to the
Burill cavitation diagram with the suggested limit for mer-
chant ship propellers (Burill et al. 1963). Figure 9: Open water diagram small dataset

k‘T, 10k‘Q, n
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Figure 10: Open water diagram medium dataset
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Figure 11: Open water diagram large dataset

Table 9: MSE of the open water diagram of the example ves-
sel for different training datasets

Parameter small  medium large

Total with kg 0.0015  0.0008  0.0009
-uptomaxn 0.0002 0.0001  0.0001
Total with k& 0.0012  0.0012  0.0003
-uptomaxn 0.0002 0.0002  0.0001

Table 9 includes the deviations between the calculated open
water diagrams using NN and the predicted using CFD, for
the whole open water diagram as well as for the open wa-
ter diagram until the maximum efficiency. In Table 10 the

operating points resulting from the load curves for the net-
works and the CFD-simulation outputs are compared. The
estimations of the operating point of the open water dia-
grams shown in Figures 9 to 11 are based on the calcu-
lation using the ship resistance (k7). Using the installed
power leads to similar results.

Table 10: Operating point of the example vessel from neural
network and CFD data calculated with k7.

Parameter small medium large
NN CFD NN CFD NN CFD
J 077 0.79 079 0.81 0.75 0.75
kT 028 025 028 026 024 022
10kq 0.55 047 055 051 044 040
7 062 0.66 0.66 0.66 0.66 0.66

With Table 9 it can be shown that the error is decreasing
with an increasing amount of training data. According to
the results of the present study, at least 3.330 data points
are required to obtain physically plausible results. They
can even be improved by extending the dataset to 10.030
points. In Table 11 the output cavitation areas of the NNs
and the CFD calculations are shown. All results of the NNs
deviate distinctly which might lead to the usage of even
larger datasets. A more plausible result is obtained with
larger datasets, but there is also no clear alignment with the
CFD results.

Figure 12: Axial view of pressure and suction side of the ge-
ometries of the designed propellers from small (grey), medium
(blue) and large data set (red).
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Table 11: Cavitation area of the example vessel from neural
network and CFD data

Parameter small medium large
NN CFD NN CFD NN CFD
Cavitation 23 0.1 1.4 02 06 0.1

area ratio [%]

The geometries for the three training data set sizes only
vary slightly. There is a difference in J from 0.75 to 0.81,
which slightly shows in the according pitch (a pitch of 1.4
versus 1.5). All other geometry parameters are similar. A
comparison of the blades is shown in Figure 12.

6 CONCLUSION

In the present work it is shown that a high amount of train-
ing data improves the neural networks performance for pre-
dicting the operating point, developing the parameterized
geometry and estimating the cavitation area. Based on the
results of the study, at least an amount of 3.330 points
is necessary to obtain plausible output values. A slightly
smaller error for some of the output values is obtained us-
ing 10.030 data points. This is also important in the case
that the full pressure distribution shall be predicted by the
networks. It might be necessary to use even more data be-
cause the problem is turning out to be more complex. For
problems of similar complexity, for example other parame-
terized propellers with associated CFD-simulation data, the
same approach could be used and should lead to compara-
ble results. It could even be possible to use the best network
parameters from this dataset as a starting point for training
other physically related networks with a similar structure.
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