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Introduction

ÁAccelerate the propeller design process

ÁDesign with AI increasing

ÁResearch for usage of ML in propeller design

ÁDŜƴŜǘƛŎ ŀƭƎƻǊƛǘƘƳǎΣ ǊŜƎǊŜǎǎƛƻƴ ǘǊŜŜǎΣ ŎƻƳōƛƴŀǘƛƻƴǎ ƻŦ {±a ŀƴŘ D!Σ bbǎ Χ

ÁResearch about necessary data amount for NNs missing
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Flowdiagram
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Propeller data

CAESES StarCCM+
Neural 

Network

- Generate 
parametrized 
geometries
- Automatic CAD 
file generation

- Calculate OWC 
for geometries 
automatically
- Output OWC 
and pressure 
distribution

- Use generated 
data as training 
data
- Different 
dataset sizes



Propeller data
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CFD setup
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Propeller data

Parameter Min Max

Chord - Hub 0.25 0.4

Chord - Delta 0.0 0.2

Camber 0.01 0.06

Pitch - Base 0.9 2.0

Pitch - Delta 0.05 0.3

Skew 0.1 0.35

Number of blades 3 6

ÁCheck for outliers using k-means-
clustering

ÁCut efficiency values above 1 and below 0

ÁFour dataset sizes: 100, 500, 1000 and 
3000

Geometry parameters
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Propeller data
cp on different blade geometries
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Neural network
Input and Output
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Neural network

ÁNeural network in PyTorch

ÁActivation function

ÁSolver with learning rate

ÁNumber of layers

ÁNumber of neurons

Working principle
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Neural network

Parameter Variations

Number of hidden layers 2

Neurons per layer 8, 16, 32

Activation function ReLU, LeakyReLU, Softplus, Tanh

Optimizer SGD, Adam, rmsprop

Learning rate 0.00001 to 0.1

Batch size 1, 2, 4, 8

Dropout probability 0, 0.1, 0.5

Adjusted parameter
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Neural network
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Influence of training data amount on errors
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Autoencoder
Input and Output
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Autoencoder

Á80x80 grid

ÁSeperate for face and back

ÁAllows 2D Convolutional Neural Network 
(CNN) operations
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Autoencoder

ÁConvolutional Neural Network (CNN) in 2D 
ς Autoencoder

Á80x80 grid input

Á4 Conv2D-Layer with activation function 
and pooling in between

ÁKernel = 3

ÁPadding = 1

ÁStride = 2
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Autoencoder

Parameter Variations

Activation function ReLU, LeakyReLU, Softplus, Mish, ELU

Optimizer SGD, Adam, rmsprop

Learning rate 0.00001 to 0.1

Batch size 1, 2, 4, 8

Latent dimension 80, 128
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Adjusted parameter
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Autoencoder
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Num = 200
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Autoencoder
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Num = 200
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Autoencoder
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Num = 500
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