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Propeller Shape Optimization via Multi-objective Optimization: A Study Integrating
CFD Analysis and Machine Learning
Joon Young Seo'x

x5
An integrated optimization framework is proposed for advanced propeller shape design by combining multi
—objective optimization, steady-state FiPy CFD, and a UNet-to—GINN surrogate. The framework employs the
NSGA-II algorithm to efficiently explore the design space and simultaneously optimize thrust, drag, and desi
gn constraint penalties. Candidate designs are evaluated via four strategies: (1) simplified drag estimation, (
2) FiPy—based CFD, (3) simplified drag + UNet surrogate, and (4) FiPy CFD + UNet surrogate. Numerical re
sults show that, relative to their base methods, the simple+UNet surrogate raises thrust value by 17.9 % but
increases drag value by 57.0 %, while the FiPy+UNet hybrid boosts thrust by 59.2 % and reduces drag by 4
0.8 %. These findings demonstrate that coupling machine learning with physics—based simulation can acceler
ate design exploration and improve aerodynamic performance. Future work will refine the surrogate model, in
tegrate additional metrics, and perform uncertainty analysis to enhance practical applicability.

Key Words : Propeller Shape Optimization, Multi-objective Optimization, Computational Fluid Dynamics,
Machine Learning, Surrogate Model, Aerodynamic Performance, Design Optimization

I. M2 The propeller design problem is posed as a mult

i—objective optimization task where the primary obj

In aerospace engineering, optimal propeller desig ectives are to maximize thrust, minimize aerodyna

n is essential for high-performance aerodynamics. mic drag, and minimize penalties associated with d
Especially, the geometrical character of a propeller esign constraint violations.

s is directly linked to its efficiency. The intention o Candidate designs are parameterized using asym

f an engineer seeking for this specific enhanceme metric cubic Bézier curves to capture the complex

nt is met by achieving a balance between the para geometric features of a propeller by using the Non

meters of thrust and drag. Traditional single—object —dominated Sorting Genetic Algorithm Il (NSGA-II)

ive methods often fail to capture these complex tr is employed®.

ade-offs, motivating the use of multi-objective tec
hnigues such as the Non-dominated Sorting Genet
ic Algorithm 1l (NSGA-II) for this study.
The framework presented introduces an empirical
model of simple drag estimation, a partial differen B(t) = (1 —1t)3Py+3(1—t)%tP, +3(1 —t)t?> P, + t3P;,
tial equation solver FiPy with Computational Fluid fort € [0,1],
Dynamics (CFD) under steady-state conditions, an
d machine learning approaches for surrogate mode
ling. While the empirical model goes through rapid
assessments by decomposing the drag coefficients
into three, the FiPy—based CFD approach analyze
s fluid flow under steady-state conditions, and the
UNet-to—GINN architecture predicts aerodynamic r . o
esponses from past shape profiles and its corresp 2.1.b Generation of Optimized Shapes
onding drag value. After the optimization process identifies optimal
control point values through NSGA-Il, a two—dimen
o == sional profile is generated by computing the corres
== ponding upper and lower Bézier curves. This 2D re
presentation forms the propeller profile®™ " which

2.1.a The Cubic Bézier Curves
The cubic Bézier curve is expressed as:

€Y

where P, and P; represent the fixed endpoints a
nd P; and P, modulate the curve's tangency and ¢
urvature. This parameterization provides the necess
ary flexibility to capture complex geometrical featur
es.

2.1 Optimization Problem Formulation
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is then extended into three dimensions using edge

guideline function generated as a 3D Bézier splin

e(Fig. 2).
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Fig. 1. Propeller Profile Generated via Bézier
Parametrization

Fig. 2. 3D Edge Guideline for Propeller Design

2.1.c Objective Function

Mathematically, each candidate design is denote
d by vector x = [dimgpgr, c01n, c02p, cplin, cp2;], Wh
ere dimg,,, as the characteristic dimension and cp
as control point scaling factors. Then the objective
function can be expressed as:

fG) =[T(x), —D(x), —P(x)], @

where T(x) is the thrust, D(x) is the drag, and
P(x) is the penalty function, ultimately generating p
ropeller shapes with improved thrust, reduced drag

and penalties9-3),

Pareto Front
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Fig. 3. 3D Pareto Front of Optimized Designs

2.2 Governing Equations and Analysis Method
s

To evaluate each candidate design, three analysi
s methods are implemented: (a) A simplified drag
estimation, (b) a FiPy-based CFD simulation, and (
c) a machine learning surrogate model based on t
he UNet-to—GINN framework.

2.2.a Simplified Drag Estimation

For Simplified Drag Estimation, an empirical m
odel offers a rapid, preliminary assessment by dec
omposing the drag coefficient into three componen
ts: pressure drag, friction drag, and wake drag(s’:

Déyy
CD,pressure =05 LZ_ ’ 3)
eff
24
—, if Re < 105,
Co friction = { g ¢ 0
D,friction 0.074 ] s
W ) lf Re > 10 )

with the effective dimensions defined as:

Desr =Dsina,  Le =Lcosa, )

where D and L are characteristic dimensions an
d a is the angle of attack.

D

CD,wake =0.1 (I) . (6)

The total drag coefficient is then approximated
by:

Cp = CD,pressure + CD,friction + CD,Wake- 7

2.2.b FiPy-based CFD

In the FiPy—based CFD Simulation method, a Parti
al Differential Equation (PDE) solver using the Finit
e Volume Method (FVM) is for to obtain a surrogat
e pressure field by solving the following steady-st
ate diffusion equation. In a general form, the scala
r conservation equation governing transport pheno
mena is written as:

¢

E+‘7(u¢)=l7(1“|7¢)+5, (8)

where ¢ is the scalar field used as a pressure s
urrogate, u is the convective velocity field, I' is th
e diffusion coefficient typically set to 1.0, and S re
presents any source or sink terms.

For steady-state assumption, it is assumed that
the system has reached %: 0. Convection is cons
idered minimal, meaning the term V- (u¢) is neglig
ible. In this case, there is no additional generation
or absorption of the scalar quantity, therefore S =
0. Under these assumptions, the conservation equ
ation reduces to:

v-(I'vg) =0, ©
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which is the steady-state Laplace equation. In t
his implementation. In order to mimic the inflow an
d outflow conditions, the following boundary condit
jons are imposed:

¢|inflow =10, ¢|outflow =0.0 (10)

Instead of performing a rigorous surface integrati
on of pressure and shear stresses, the drag is ap
proximated by summing the magnitudes of the gra
dients over the computational domain:

Derp = ) 7,1 (11)
Lj

Although simplified, empirical calibration has veri
fied that this approach effectively ranks candidate

designs by relative drag performance®.

2.2.c UNet-to—GINN

To reduce the computational cost associated wit
h full CFD simulations during iterative design evalu
ations, a machine-learning surrogate model is inco
rporated for rapid aerodynamic drag estimation bas
ed on documented archives of the past candidate
propeller profiles and its corresponding drag values
. This surrogate is constructed by combining a UN
et architecture with a subsequent Geometric Infere
nce Neural Network (GINN) analysis stage.

An input image X representing a candidate prop
eller profile is processed through a UNet, which e
mploys an encoder—decoder structure with skip co
nnections. In the encoder, a series of convolutiona
| layers coupled with max pooling extracts hierarchi
cal, multi-scale features from the image:

Fl = O'(Wl * Xl + bl)' (12)

where W, and b; denote the weights and biases
at layer [, = represents the convolution operation,
and o is the non-linear activation function.

The decoder reconstructs the spatial resolution o
f the input by using transposed convolutions. Skip
connections from the encoder layers are concaten
ated with the decoder outputs to refine the recons
truction. The final output of the UNet is a feature
map U that has the same dimensions as the origin
al image:

U = Decoder(Fy, Fy, ..., F1), (13)

where Fy, F, ..., F, are encoder outputs from differ
ent resolution levels.

Map U is then processed using a GINN function
to derive a quantitative drag estimate. The process
aggregates the pixel-wise information from U and
applies calibration scaling factors to obtain a surr
ogate drag value:

D=ax ZU(i,j) + 8, (14)
i

HM133| sted =2 ZTd3|

where U(i,j) is the UNet output at pixel (i,j), an
d @ and B are scaling parameters determined thro
ugh empirical calibration. In the current implementa
tion, setting @ =0.01, g =0 and applying an overall
scaling factor of 1000 vyields:

Dynet—cinny = 1000 x | 0.01 x Z UG, . (15)
ij
The UNet is trained using a dataset comprised o
f candidate designs and corresponding reference d
rag values D,.r calculated from CFD simulations. A
Mean Squared Error (MSE) loss function is emplo
yed:

N
1 2
_ (k) *)
L= N E (DUNet—GINN - Dref) ’ (16)
k=1
where N is the number of training samples.

2.3. Terminal User Interface

The Wing Bakery!™ 4 yser interface is designed
as a terminal-based, text—driven system with enga
ging ASCII art that guides users through the optimi
zation process. Upon launching the application, us
ers see a main menu offering clear options, such
as starting the optimization ("Start Baking"), access
ing additional functionalities ("Visit the Great Wizar
d"), or exiting the programio- 9

The interface prompts users for configuration inp
uts (e.g., environmental and optimization parameter
s), and it provides visual feedback during design e
valuation and simulation with progress indicators a
nd messages that mimic a culinary workflow. This
intuitive layout ensures that even complex process
es like CFD simulation and deep learning surrogac
y are presented in an easily navigable and interacti
ve format.
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[1] Start Baking [2] Visit the Great ¥Wizard [3] Exit Program

Select an option [1-31: .

Fig. 4. Main Interface of the ‘Wing Bakery’



Fig. 5. Workflow Diagram of the ‘Wing Bakery’

2.4 Comparison in Performance by Methods

The final step is to evaluate four analysis strateg
ies: (1) Simple drag estimation, (2) FiPy—based CF
D, (3) Simple estimation augmented with a UNet s
urrogate, and (4) FiPy CFD combined with a UNet
surrogate. To isolate the effect of the machine-lea
rming surrogate, we compare each base method (1

or 2) with its UNet—hybrid counterpart (3 or 4). Si
nce minimizing drag is our primary design objectiv
e, we designate the Least-Drag Solution as the id
eal baseline and use the Most-Thrust Solution, whi
ch remains shape-invariant across all methods, as
our reference standard. The surrogate—augmented
Least—Drag Solutions yield:
- Method 3 (Simple + UNet): Thrust 1 17.88 % b
ut Drag 1 57.01 % (vs. Method 1)
- Method 4 (FiPy + UNet): Thrust 1 59.24 % and
Drag | 40.83 % (vs. Method 2)

These results show that, while a UNet-only surro
gate can boost thrust, it does so at the cost of s
ubstantially higher drag: by contrast, the FiPy + UN
et hybrid approach simultaneously increases thrust
and reduces drag.

mZ e

The comparative study confirms that integrating
machine learning with CFD simulation yields the be
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st overall aerodynamic performance. While combini
ng simple drag estimations with UNet surrogate ca
n accelerate design iterations and improve thrust, i
t tends to increase drag. In contrast, the hybrid Fi
Py + UNet framework not only delivers a 59.24 % th
rust gain but also reduces drag by 40.83 %, demo
nstrating the synergistic benefit of coupling data-dr
iven models with physics-based simulation.

Future work will validate these computational fin
dings against experimental measurements and expl
ore additional performance metrics (e.g., efficiency
, noise). Such validation is essential to assess real
-world applicability and to further refine the surroga
te’s predictive accuracy.

Fig. 6. 3D Representation and Example of Final
Product using Generated Data
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