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Introduction

A Accelerate the propeller design process

A Design with Al increasing

A Research for usage of ML in propeller design

ADSYSGAO FEtIA2NAIOKYaZ NBPINBaarAzy OGNBSaAX
A Research about necessary data amount for NNs missing
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Propeller data

Flowdiagram
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- Generate
parametrized
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- AutomaticCAD
file generation
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CFD setup

Propeller data
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Propeller data

Geometry parameters

__ A Check for outliers usingrkeans

Chord- Hub 0.25 clustering

Cnwes DL | 0RO Uz A Cut efficiency values above 1 and below O
01 . < .

Camber 0.0 0.06 A Four dataset sizes: 100, 500, 1000 and

Pitch- Base 0.9 2.0 3000

Pitch- Delta 0.05 0.3

Skew 0.1 0.35

Number of blades 3 6
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Propeller data

cp on different blade geometries
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Propeller data
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Neural network

Input and Output
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Neural network

Working principle

A Neural network irPyTorch
A Activation function

A Solver with learning rate
A Number of layers

A Number of neurons

o (gQdo p Qdu ¢ @i 9
30 , 1Qt3®
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Neural network

Adjusted parameter

Parameter Variations

Number of hidden layers

2
Neurons per layer 8,

Activation function LeakyReL,LSofthus Tanh
Optimizer @ Adammsprop

Learning rate 0.00001to0 0.1

Batch size @2, 4,8

Dropout probability @ 0.1,0.5
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Neural network

Influence of training data amount on errors

0,006 3000
0,005
0,004 2000
0,003
0,002 1000
0,001
0 0
small medium large extra large

—Error OP using kK—Error Geometry
Error Cavitation — Amount of data

|

! Fluid Dynamics
' and
: Ship Theory

11.09.2024 15



Agenda

Introduction

Propeller data

Neural network
Autoencoder
Conclusion and Outlook

CHEC R

‘a Fluid Dynamics
and
Ship Theory



Autoencoder

Input and Output
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(CNN)perations

A 80x80gri

v

A Seperatdor faceand back

v

A Allows2D ConvolutionaNeuralNetwork
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Autoencoder

A ConvolutionaNeuralNetwork (CNN) in 2D
¢ Autoencoder

A 80x80grid input

A 4 Conv2ELayerwith activationfunction
andpoolingin between

Vector Image , 3

80 80 x 80 A Kernel =3
A Padding = 1
A Stride = 2
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Autoencoder

Adjusted parameter

Parameter Variations

Activation function RelLlJLeakyReL\boftplus Mis@
Optimizer Adammsprop

Learning rate 0.00001to 0.1

Batch size 1@ 4,8

Latentdimension 80, 128
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Autoencoder

Num = 200
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Autoencoder

Num = 200

Image Pressure Plot Original Image Pressure Plot Diff Image Pressure Plot Ausgabe
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Autoencoder

Num = 500
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