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Abstract

High-fidelity computational fluid dynamics (CFD) simulations require
significant resources, especially in the early stages of vehicle aerody-
namic design when many shape variations are assessed. Data-driven
surrogate models can lower these computational costs, but their per-
formance often depends on the geometric representation used during
training, such as fixed design parameters, a specific computational
mesh, or a particular spatial discretization. As a result, it is difficult
to explore a wide range of designs or use the same surrogate mod-
els across different vehicle types and design processes. A two-stage
aerodynamic surrogate framework is developed based on an explicit
signed distance field (SDF) representation of geometry. In the first
stage, geometry is reconstructed using a compact latent representation.
For AhmedML, a parameter-driven branch maps design variables to
the latent space, while a volumetric encoder offers a geometry-driven
alternative based directly on the SDF. Both branches utilize a shared ge-
ometric decoder. To accommodate more realistic vehicle configurations,
DrivAerML and Siemens geometries are processed through the volumet-
ric SDF approach. This methodology enables both public and industrial
vehicle geometries to be represented through a unified spatial interface
without the need for a shared low-dimensional design parameterization.
Stage 2 maps the reconstructed or reference signed distance function
(SDF) to three-dimensional aerodynamic fields using a volumetric U-
Net. The direct configuration is trained with reference SDFs, while
the end-to-end configuration is trained with geometries reconstructed
by Stage 1. Stage 1 is trained initially and then kept fixed, ensuring
that the aerodynamic model is exposed during training to the same
type of geometric input as during end-to-end inference. Consequently,
the two stages are optimized sequentially rather than through joint
backpropagation. Drag is modeled separately using a scalar regression
approach when appropriate supervision is available. The framework
is evaluated using geometries of increasing complexity, including ana-
lytical shapes, AhmedML, DrivAerML, and industrial Siemens vehicle
configurations. Results indicate that the geometric stage reconstructs
vehicle representations with high volumetric and surface agreement
prior to aerodynamic prediction. The subsequent field-prediction stage
maintains the principal flow structures across all datasets. Comparison
between direct and end-to-end configurations enables identification of
the impact of geometric reconstruction on downstream aerodynamic
accuracy. Transfer experiments further demonstrate that the shared SDF
interface allows adaptation of the staged methodology from benchmark
geometries to realistic and industrial vehicle families without depen-
dence on a common design-variable space. The primary contribution of
this thesis is methodological. The proposed framework distinguishes ge-
ometry reconstruction from aerodynamic prediction by introducing an
explicit, independently testable geometric interface while maintaining a
consistent volumetric representation across diverse vehicle families. This
distinction allows for independent and joint analysis of geometric and
aerodynamic errors throughout the entire design-to-geometry-to-flow



process. By integrating both parameter-driven and geometry-driven
entry paths with a unified signed distance function (SDF) representation,
the framework supports rapid aerodynamic evaluation and facilitates
broader exploration of vehicle design spaces where a single common
parameterization is not feasible.
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Chapter 1

Introduction

1.1 Framework and State of the Art

This thesis presents the outcomes of a collaborative research project between
SISSA mathLab and Siemens. The study integrates computational fluid
dynamics (CFD), reduced-order modeling, and scientific machine learning
with industrial vehicle data and engineering workflows [15, 119, 44]. This
research primarily investigates data-driven surrogate models that reduce the
computational cost of aerodynamic prediction while remaining applicable to
increasingly realistic vehicle geometries. Ultimately, the collaboration seeks
to integrate the developed surrogate methodology into the Siemens Scientific
Machine Learning (SciML) Sandbox.

This work is motivated by practical needs. High-fidelity aerodynamic simu-
lations give detailed data on velocity, pressure, wall shear stress, and drag.
These simulations are key for understanding vehicle aerodynamics and test-
ing design changes. However, they become costly when many different
shapes need to be tested. Depending on the setup, one vehicle simulation
can use tens of millions of computational cells and take many hours or even
days on a computing cluster [6, 7, 107]. Running this process for many
designs creates a heavy computational load. This cost limits how much
of the aerodynamic design space can be explored. In the early stages of
vehicle development, there are often many design options, but only a few
can be tested with high-fidelity CFD due to limited resources [52, 75]. As
the number of design variables grows, the possible configurations increase
quickly, making it impossible to test them all. As a result, some promising
areas of the design space may not be explored because high-fidelity CFD is
too expensive for every option.

Data-driven surrogate modeling offers an alternative approach to address this
limitation. After being trained on completed computational fluid dynamics
(CFD) simulations, a surrogate model can estimate aerodynamic quantities



1. INTRODUCTION

for new geometries at substantially lower computational cost than conduct-
ing new high-fidelity simulations [15, 119, 53]. This approach enables the
screening of a larger set of candidate designs, facilitates the identification
of promising regions within the design space, and allows expensive CFD
calculations to be reserved for configurations that require more detailed
analysis. The objective is not to replace CFD as the reference aerodynamic
tool, but rather to introduce a computationally efficient intermediary between
geometric design and high-fidelity simulation. In this thesis, CFD solutions
serve as reference data for training and evaluation. These solutions are not
considered exact, as they retain the modeling, discretization, and convergence
characteristics inherent to the numerical solver.

A significant challenge emerges in the representation of geometry. When
a design family is predefined and described by a fixed set of variables,
parameter-based approaches offer an effective framework for capturing geo-
metric variations[57, 102].

Projection- and deformation-based techniques, such as Free-Form Deforma-
tion, can be employed to modify parametrized domains [104, 57, 102, 32].
These methods have also been successfully integrated with reduced-order
modeling approaches [98, 90, 43, 10, 44].

However, their applicability becomes more challenging when geometries
cannot be described using a common set of design parameters [49, 104].

This limitation is particularly evident when substantial geometric modifica-
tions are introduced, such as the addition or removal of spoiler wings or
other aerodynamic components [49]. Chapter 2 provides a more detailed
discussion of these approaches.

This consideration motivates the adoption of geometry-based representations.
Instead of representing a shape solely through a fixed vector of design
parameters, geometry-based methods supply the spatial geometry directly to
the learning model. Convolutional grids, graphs, point clouds, and neural
operators have each been explored for this purpose [39, 117, 86, 88, 89, 54, 62,
24].

Although these approaches vary in sampling, discretization, and geometry
processing, they share the goal of learning aerodynamic quantities directly
from spatial representations of shape. This characteristic is especially advan-
tageous for design-space exploration, as the resulting model is not inherently
limited to a single explicit set of design parameters.

This thesis adopts the signed distance field (SDF) as the standard geometric
representation [35, 83, 37]. The vehicle surface is implicitly defined by the zero
level set of the SDF, and the field is sampled on a regular three-dimensional
Cartesian grid for direct input into the learned models. Geometries produced
by various design, CAD, or meshing workflows can thus be converted into
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a unified volumetric representation prior to integration into the surrogate
framework [77, 83]. This standardized representation is especially valuable
when transitioning between different vehicle families that lack a shared
design-parameter space.

The proposed formulation decouples geometry reconstruction from aero-
dynamic prediction. The initial learned stage reconstructs geometry using
the standard signed distance function (SDF) representation. Subsequently,
a second stage maps this representation to the corresponding aerodynamic
tields. This approach establishes a clear design-to-geometry-to-flow pathway,
enabling independent evaluation of the geometric representation prior to
assessing its impact on aerodynamic prediction. In addition to reducing the
computational cost of individual predictions, this formulation may facili-
tate broader exploration of aerodynamic design spaces by offering a unified
interface between diverse geometries and learned flow models.

The Siemens Scientific Machine Learning (SciML) Sandbox establishes the
broader industrial context for this research. This internal environment sup-
ports the development and testing of scientific machine-learning methods
for engineering simulations, enabling the integration of data from tools such
as Simcenter STAR-CCM+ with reduced-order models, surrogate models,
neural operators, and other data-driven components. The long-term objective
of the collaboration is to adapt the surrogate methodology developed in this
thesis for integration into the SciML Sandbox. However, full software inte-
gration of the proposed framework into the SciML Sandbox is not presented
as a completed outcome of this thesis. Implementation details regarding
SDF construction, computational domain standardization, grid resolution,
orientation, sign convention, and surface preprocessing are discussed in
Chapter 3.

Proposed Framework. This thesis introduces a two-stage surrogate in which
the SDF forms the explicit link between geometric representation and aero-
dynamic prediction. The main methodological idea is to evaluate geometry
reconstruction and aerodynamic prediction separately before evaluating their
composition.

The surrogate contains two learned stages:

1. Stage 1 (Geometric): a compact latent geometric representation is
learned using a parameter branch and a volumetric SDF branch that
share a decoder for three-dimensional SDF reconstruction.

2. Stage 2 (Aerodynamic): a three-dimensional U-Net maps the SDF to
the three velocity components and pressure. Drag is handled separately
by a scalar regressor using pooled Stage 2 encoder features on datasets
where drag labels are available.
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The Stage 1 framework utilizes two entry paths based on the available
geometric information. When a consistent low-dimensional parameterization
exists, as demonstrated in AhmedML and DrivAerML, the parameter-driven
branch reconstructs the SDF directly from the relevant design variables. In
cases where a shared parameterization is absent, the volumetric SDF branch
serves as an alternative geometric input path. For example, in the mixed
DrivAerML-Siemens transfer, the Siemens dataset comprises only 20 designs
and lacks a sufficiently rich basis for establishing and learning a dedicated
low-dimensional parameterization. Although DrivAerML possesses its own
morphing parameters and can be evaluated through the parameter branch,
these parameters are unique to DrivAerML and cannot be directly applied
to Siemens geometries. Consequently, the dual-branch structure enhances
the framework’s flexibility: the parameter-based path is employed when
appropriate design variables are available, whereas the volumetric SDF path
accommodates geometries without a common parameter description within
the Stage 1 framework.

For aerodynamic evaluation, the direct Stage 2 model uses the reference
SDF, whereas the end-to-end Stage 2 model is trained separately using SDFs
reconstructed by the retained Stage 1 model.

The framework is evaluated using shapes with progressively increasing geo-
metric complexity, including analytical geometries, the parametric AhmedML
dataset [6], the full-vehicle DrivAerML dataset [7], and industrial Siemens
vehicle configurations. This study examines supervised prediction of steady
or time-averaged aerodynamic fields on fixed Cartesian grids. Consequently,
the conclusions are limited to the geometry families, physical conditions, and
discretizations represented in the available data.

1.2 Research Questions and Contributions

This thesis explores whether a compact learned representation of vehicle
geometry using signed distance fields can support fast three-dimensional
aerodynamic prediction while retaining an independently testable geometric
stage. Three research questions are considered.

Research Question 1. Can a neural network learn a compact latent representation
that accurately reconstructs vehicle signed distance fields? How does reconstruction
accuracy change as the geometry becomes more complex, moving from simple shapes
to full production vehicles?

This question is studied using both volumetric and surface-sensitive geomet-
ric metrics.
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Research Question 2. Is it possible for a three-dimensional convolutional model
to predict volumetric velocity and pressure fields using only the signed distance field
and also provide useful drag estimates?

This question is evaluated by testing Stage 2 directly from reference SDFs
and measuring the resulting aerodynamic field and drag accuracy.

Research Question 3. Is it possible to combine the geometric and aerodynamic
stages into a single surrogate that maintains useful predictive accuracy while reduc-
ing the computational cost of aerodynamic evaluation?

This question is addressed through the complete Stage 1-Stage 2 composition,
with the detailed training partitions, field errors, and per-design distributions
reported in Chapter 6.

Main Contributions.

¢ This approach uses a two-stage SDF-based surrogate, where geometry
reconstruction is validated on its own. The framework keeps geometry
reconstruction and aerodynamic prediction separate by using a signed-
distance-field interface. The geometric stage is trained and tested
independently with both volumetric and surface-sensitive metrics. Once
the geometry is reconstructed, it is passed to the aerodynamic model.
This setup helps identify whether errors come from the geometric
representation or from the flow-field prediction.

¢ A shared geometric representation can be used for different types of
vehicles. The signed-distance method offers a common interface for
AhmedML, DrivAerML, and Siemens geometries, even though each
uses a different geometric description. For example, both DrivAerML
and Siemens models can be handled using the same volumetric ge-
ometry approach. This means there is no need for a shared design-
parameter space, so the staged methodology can be applied to a wider
range of realistic vehicle families.

¢ This end-to-end design-to-flow framework has been tested on both
benchmark and industrial geometries. It combines two learned stages
and evaluates them together, predicting aerodynamic fields directly
from the design description using the reconstructed geometry instead
of a reference surface. The framework was applied to AhmedML, Dri-
vAerML, and Siemens production geometries, which helped measure
how geometric reconstruction affects aerodynamic prediction as the
method moves from benchmark to real-world and industrial cases.

Part of this work has been submitted for publication:
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e A. Dahdah, F. Pichi, N. Tonicello, G. A. D’Inverno, and G. Rozza,
“Geometry-Centric Aerodynamic Surrogate Modeling via Signed Dis-
tance Field Reconstruction,” submitted for publication, 2026.

1.3 Structure of the Thesis

The rest of this thesis is structured as follows.

Chapter 2 covers the physical and mathematical background. It introduces
the main equations, non-dimensional quantities, projection-based reduced-
order modeling, Free-Form Deformation, autoencoders, and signed distance
functions.

Chapter 3 specifies the experimental procedure and implementation. It
covers dataset preparation, task-specific partitions, geometry and field pre-
processing, evaluation metrics, network architectures, loss functions, training
protocols, and transfer between datasets.

Chapter 4 evaluates Stage 1, focusing on SDF reconstruction, zero-level-set
and surface accuracy, and the effect of increasing geometric complexity.

Chapter 5 evaluates Stage 2 independently using reference SDFs. It reports
three-dimensional flow prediction, per-design error distributions, qualitative
field comparisons, and drag regression where scalar targets are available.

Chapter 6 evaluates the complete surrogate using the geometry reconstructed
by Stage 1 as input to the end-to-end Stage 2 model. It examines the accuracy
of the composed prediction path and its inference cost relative to the CFD
reference calculations.

Chapter 7 summarizes the results in relation to the three research questions,
discusses the main limitations of the framework, and identifies directions for
future development.



Chapter 2

Physical and Mathematical
Preliminaries

This chapter sets out the physical and mathematical background needed
for the methods developed later in the thesis. It introduces the governing
equations and aerodynamic quantities, reviews projection-based reduced-
order modeling and geometric deformation, presents convolutional field
approximation and recent geometry-aware learning approaches, and gives
the mathematical definitions associated with signed distance functions. The
experimental implementation is described in Chapter 3.

2.1 Aerodynamics of Road Vehicles

A single coordinate system is employed throughout this thesis. The stream-
wise direction is denoted as y, the lateral or spanwise direction as x, and the
vertical direction as z. Accordingly, U, represents the streamwise velocity,
while Uy and U, correspond to the lateral and vertical velocity components,
respectively.

Road-vehicle flows are characterized by high Reynolds numbers, turbulent
boundary layers, flow separation, and complex three-dimensional wakes [46,
87]. For the datasets considered in this study, the operating conditions remain
within the low-Mach-number regime, for which compressibility effects can
be neglected and an incompressible-flow formulation is appropriate [6, 7].
The governing equations are presented as follows:

Zz)ltl +(u-V)u= _;Vp +vViu, V-.u=0. (2.1)

Here, u(t,x) : [0,T] x R?> — R3 is the velocity, p is the static pressure, p
is the fluid density, and v is the kinematic viscosity. Moving surfaces like
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wheels and road planes are included through boundary conditions instead
of a volumetric forcing term.

Reference CFD solutions are obtained by discretizing the fluid domain into
tinite-volume meshes based on underlying computer-aided design (CAD)
or surface geometries [118, 25]. The meshing process is determined by the
chosen numerical model, specific operating conditions, and the required level
of surface-conforming accuracy [92]. Since the surrogate model does not
utilize these solver-native meshes directly, the solution fields are interpolated
onto a standardized Cartesian grid for training purposes, as described in
Chapter 3.

Dimensionless Numbers and Field Normalization. The Reynolds and Mach
numbers provide the principal non-dimensional measures of the operating
regime,

UL s

Re; = — Ma (2.2)

Aoo

Here, U, is the freestream velocity, L is a characteristic vehicle length, and
A is the speed of sound. For the road-vehicle conditions discussed, Rey, is
usually between 10° and 107 [6, 7]. Inertia is much more significant than
molecular viscous effects in most of the flow [1, 46, 50]. The low Mach
number also means the incompressible formulation above is valid [7, 50].
Velocity and pressure can be expressed relative to the freestream as follows:

u

* u * P = P
= —, pT = . (2.3)
Ueo TpUZ,

Here, p stands for the freestream pressure. This scaling sets the standard
non-dimensional convention when the dataset is stored that way. Not all
source datasets follow the same approach: some use non-dimensional fields,
while others keep dimensional solver outputs. Chapter 3 explains which
convention is used for each campaign.

Neural-network standardization is a separate operation from physical non-
dimensionalization. The training-time transformation and its inversion before
evaluation are defined in Chapter 3; reversing this transformation restores
the original dataset convention, not necessarily SI units.

At Reynolds numbers relevant to automotive applications, turbulent flow
exhibits a wide range of spatial and temporal scales. Energy transfers from
large-scale vortices to progressively smaller structures until viscous dissipa-
tion becomes dominant at the Kolmogorov scale [87]. Resolving this entire
spectrum using Direct Numerical Simulation (DNS) is computationally infea-
sible for the vehicle configurations examined in this study [17]. Therefore,
practical engineering workflows typically employ turbulence modeling or
hybrid scale-resolving approaches [71, 112, 38, 56].
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Turbulence modeling. In a Reynolds-averaged description, velocity and
pressure are decomposed into mean and fluctuating parts [87, 71],

u=u+u, p=p+7, (2.4)
which yields the Reynolds-Averaged Navier—Stokes equations
ou . _ 1o 9’ — _
g—l—(u-V)u:—;Vp—i—vVu—V-u’®u’, V-u=0. (2.5)
After averaging the incompressible Navier—Stokes system, the extra tensor
u’ ® u’ shows the effect of unresolved turbulent fluctuations and leads to the

closure problem [87, 23].

According to the Boussinesq hypothesis, the anisotropic part of the Reynolds
stress is described using a modeled eddy viscosity [87, 71],

Wou =208 — %kl, S — % <Vﬁ+ VHT) ) (2.6)

where S is the mean strain-rate tensor, v; the turbulent kinematic viscosity, k
the turbulent kinetic energy, and I the identity tensor. The equations required
to determine v; depend on the chosen closure model.

Steady RANS is still widely used in industrial aerodynamics because it
gives mean-flow estimates at a reasonable cost for repeated engineering
analysis [71, 23]. However, its weaknesses show up in separated, unsteady
wakes, where steady models struggle to capture large coherent structures
[38]. Large-Eddy Simulation can resolve the main energy-carrying scales and
models the smaller ones, but it becomes very expensive near walls at vehicle
Reynolds numbers [56, 72, 109, 33, 17]. Hybrid RANS-LES methods, such
as Detached-Eddy Simulation, use RANS for attached boundary layers and
switch to scale-resolving models in separated regions [112, 110, 106, 28, 38].

The two open-source datasets used later in this thesis were created using
hybrid scale-resolving CFD and then time-averaged [6, 7]. The Siemens in-
dustrial cases, by contrast, use steady RANS solutions on meshes containing
several tens of millions of cells. These CFD fields are treated as numerical
reference data for learning and evaluation and retain the modeling, discretiza-
tion, and convergence characteristics of the simulations from which they were
obtained.

Computational domain and boundary conditions. Each vehicle sits within
a limited fluid domain. A set freestream enters from upstream, and the
downstream boundary lets the wake exit the domain. The vehicle surface
uses no-slip conditions. Road and wheel setups vary between reference
campaigns: the ground can be stationary or moving, and wheels can be
either stationary or rotating. Far-field boundaries are placed far enough from
the body to reduce confinement effects [46, 42].
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Aerodynamic forces and drag. The total aerodynamic force follows from
the integral of pressure and viscous tractions over the body surface I' [46],

F:ﬁ(—(p—pm)n%—rw) ds. 2.7)

Here, n represents the outward unit normal, and 7, is the wall-shear-stress
vector. Using gauge pressure matches the normalization in Equation (2.3).
For a closed surface, uniform freestream pressure does not contribute overall
since . ndS = 0.

The drag force is the streamwise component,
Ep=F-e, (2.8)

and its non-dimensional coefficient is

Fp

Cop=177"5"
%put%oAref

(2.9)

where A, denotes the selected frontal reference area. Similarly, the lift
coefficient Cp is defined along e,. Consistent use of the reference-area
convention is essential when comparing different geometries. Although Cp,
contributes to the aerodynamic characterization, it is not employed as a
surrogate target in this thesis.

Equation (2.9) defines the physical drag quantity used as the regression
target later in the thesis. The computational procedure used to predict Cp is
described in Chapter 3.

For road vehicles, pressure drag typically dominates due to bluff body
separation, which generates a broad low-pressure wake [46, 38, 36, 7]. Local
pressure loading is quantified by

P~ Peo
C, = , 2.10
P L (210

while the local viscous contribution may be represented by

[ Twl|

. 2.11
Uz @1

Cr =

These surface quantities help explain the global drag coefficient by showing
where aerodynamic loading happens.

Differences in Cp are also expressed in drag counts as follows:

rag count = p=10"". .
1 drag ACp =103 (2.12)
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2.1.1 Characteristic Flow Structures in the Benchmark Geometries

Ahmed [6, 1] and DrivAer [7, 24, 42] offer different but complementary
aerodynamic test cases. The Ahmed body focuses on a few geometric features
and shows clear changes in wake patterns as the rear shape changes. DrivAer
adds the complex details and flow interactions found in real passenger cars.
Moving from Ahmed to DrivAer helps show if the same geometric approach
still works as shapes get more complex and aerodynamic effects become
stronger.

Flow around the Ahmed body

The Ahmed body is a standard bluff-body shape with a rounded front,
parallel sides, a flat bottom, a sloped rear, and a vertical back [1]. Even with
its simple design, it shows key features of road-vehicle aerodynamics, such as
boundary-layer growth, pressure-driven separation, shear-layer reattachment,
streamwise vortices, and a large turbulent wake [1, 63, 55, 36].

As air approaches the front of the Ahmed body, it slows down and forms
a stagnation region, then speeds up around the rounded edges. Boundary
layers form along the roof, sides, and bottom. The angle of the rear slant,
@, is important because it affects how the flow separates at the back and
interacts with the wake [1, 55].

When the slant angle is small, the airflow mostly stays attached to the sloped
surface and only separates at the vertical back [1]. This creates a large
recirculation area, a loss of streamwise momentum, and low pressure at
the base [1, 63]. At medium ang]les, the flow separates near the top of the
slant, forming a shear layer above the rear. The pressure difference between
the top and sides also creates a pair of counter-rotating streamwise vortices
[1, 63, 55].

In the classic 25° case, these vortices can move higher-momentum fluid
toward the slant and promote reattachment roughly partway along the rear
surface before a second separation at the base. The near wake is then
determined by the interaction of the slant shear layer, the vortex pair, and the
recirculating base flow [63, 55, 6]. At 35°, the longitudinal vortices are weaker,
and the flow remains separated over most or all of the slant, producing a
different pressure distribution and wake state [1, 93, 6].

These flow patterns do not change in a simple way as the rear angle changes.
Even small changes in shape can shift the flow between attached, reattached,
and fully separated states [1, 38, 55]. The drag depends on how the vortices
and base wake interact, and the predicted separation points are sensitive to
how the simulation is set up [56, 38, 93, 41, 6]. To distinguish different flow
states, a learned model must accurately capture the geometry near the slant

11
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and base. Otherwise, small errors in shape can cause much bigger differences
further downstream.

AhmedML contains 500 different shapes created by changing the main body
sizes and the rear design. Each case was simulated using a time-accurate
hybrid RANS-LES method and provides time-averaged 3D fields, surface
data, and force coefficients [6]. This dataset gives a controlled set of examples
where changes in shape can be connected to changes in flow separation and
wake structure.

Flow around the DrivAer model

The DrivAer model was developed as a generic passenger-vehicle shape to
bridge the gap between simple bluff bodies and actual production cars [42].
Its design incorporates realistic features such as greenhouse, windscreen,
and roof curves, A-pillars, mirrors, wheels with arches, underbody details,
and multiple rear-end configurations. The DrivAerML subset utilized in this
study comprises 500 notchback variants, each generated using a consistent,
high-fidelity computational fluid dynamics (CFD) process [7].

Airflow slows down at the front of the vehicle, then speeds up over the hood
and around the front corners. The hood, windscreen, and roof shape the
boundary layer on top and affect how pressure recovers further back. Vortices
from the A-pillars and wakes from the mirrors add three-dimensional flow
features that move along the car’s sides [42, 7].

The areas around the wheels and wheel arches cause more flow separation
and swirling motion, which interact with the side flow, underbody, and the
wake behind the rear wheels. Under the car, the narrow gap between the
underbody and the road speeds up the airflow and makes it sensitive to
ride height, underbody shape, and how the wheels meet the ground. These
boundary conditions depend on the dataset and are explained in Chapter 3
[42, 7].

At the back of the notchback body, the wake is shaped by the roof, C-
pillars, rear window, trunk deck, side flow, underbody, and wheel wakes.
Flow separation can happen at several of these spots, so the final wake is a
complex three-dimensional mix of shear layers, streamwise vortices, wheel
wakes, and a large low-speed recirculation area [42, 7].

This means that many parts of the car’s shape affect its aerodynamics, rather
than just one feature. Adjusting the hood, windscreen angle, roof curve, ride
height, wheel position, rear window, or trunk shape can change both local
airflow and how it interacts with the wake behind the car. This has several
implications for surrogate modeling;:

¢ Multiscale geometry. When modeling a vehicle, it is important to show
both the overall shape and smaller details like mirrors, wheel openings,
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sharp edges, and underbody parts [42, 101, 8]. On a fixed Cartesian
grid, some of these features occupy only a few voxels.

* Long-range aerodynamic interaction. Changing the shape of a surface
in one area can affect a shear layer or vortex, and these changes often
show up clearly several body lengths away. Because of this, a good
model should provide detailed information about small areas while
also covering a wide region [30, 68].

¢ Coupled wake structures. A-pillar vortices, mirror wakes, wheel wakes,
underbody flow, and rear separation all interact in complex ways.
Because of this, it is usually not possible to link the overall effect to just
one feature [2, 122, 121].

* Localized sensitivity. Most of the computational domain is nearly
uniform freestream, but the strongest gradients and design changes
happen near the vehicle and in its wake. As a result, global training
losses may not focus enough on the areas most important for aerody-
namic behavior.

¢ Limited sampling of a high-dimensional design family. Although
there are several hundred CFD cases, they only represent a limited set
of the possible combinations found in real vehicle designs. As a result,
performance should be understood within the design ranges shown in
the data.

* Dependence on operating conditions. The geometric datasets set the
inflow, Reynolds number, road treatment, and wheel conditions. To
make predictions for other situations, such as different yaw angles or
speeds, the model training would need to include those changes.

Complementary role of the two benchmarks

The two benchmarks are complementary. Ahmed isolates strong changes in
separation and wake behavior within a comparatively compact geometric
family, while DrivAer introduces the coupled surface details and multiscale
flow interactions of a full vehicle. Together, they provide the physical pro-
gression from a controlled bluff-body benchmark to a realistic passenger-car
geometry.

2.2 Reduced-Order Models and Surrogates

Due to the significant computational expense of high-fidelity simulations,
surrogate models are utilized to approximate the input-output behavior of
the full-order problem at a substantially reduced cost [10, 43, 100]. In the
classical parametrized context, the objective is to determine a solution u(p)

13
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for y € P C R such that

a(u(p),v;p) = f(o; p) Yo eV, (2.13)

where V denotes the space of admissible test functions. The forms a and
f include the governing equations, boundary conditions, and any param-
eter dependence. The parameter vector may represent physical quantities,
operating conditions, or a finite-dimensional geometric description.

Projection-based reduced-order models take advantage of the fact that the
solution manifold

M =A{u(u):puecP} (2.14)

can be approximated by a low-dimensional linear space. Given M snapshots
u(p,,), POD selects an orthonormal basis {{,}!_; that minimizes the mean
projection error [108, 12],

2
mn mﬁ () = 2 (00, £ @.15)

(i/G))=03j

The basis is usually found by performing a singular-value decomposition on
the snapshot matrix or an eigendecomposition on its correlation matrix. The
rate at which the singular values or eigenvalues decrease shows how well
the sampled solution family can be represented [108, 12, 113, 15].

The reduced approximation is

ur(p) = Y 0u(p) - (2.16)

The coefficients 6, (u) are determined within the reduced space. Reduced-
basis methods extend this approach by employing parameter-selection strate-
gies and a posteriori error estimation [98, 43, 90, 10]. Projection-based reduc-
tion has also worked well for parametrized incompressible flow problems
[113, 44].

Geometric variability in projection-based reduction. If the physical domain
changes, snapshots still need to be put into a shared function space so that
the inner products used in projection make sense. One common approach is
to use a fixed reference domain along with a deformation map [115, 5],

T(5p): O — Q(p), (2.17)

that links the reference configuration to the geometry associated with each
parameter vector.
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Free-Form Deformation. FFD constructs such a geometric map by embed-
ding the body in a regular control lattice and deforming the surrounding
space through smooth tensor-product interpolation [104, 102]. The transfor-
mation is written as

M(p) = (Hfl ° TOH) (5, (2.18)

where IT maps to the reference cube, T applies the Bernstein-polynomial
deformation, and IT~! returns the result to the physical domain [104, 32, 57].
The deformed domain is

Q(p) = M(Qp). (2.19)

The design variables are the displacements of the control points. With
this approach, a small set of parameters can create smooth changes to the
overall geometry. This method also works well with reduced-order and
shape-optimization techniques [99, 57, 102, 32].
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Figure 2.1: Structure of the Free-Form Deformation map M(-; u) as the composition of the
map IT onto the reference configuration, the Bernstein-polynomial deformation T(~;y) driven by
the displacement of the control points, and the back-map IT~! to the physical domain. Only the
control points of the top lattice row are displaced here, so that the effect of a single group of
design parameters on the embedded geometry remains visible.

FFD works well because it uses a controlled, admissible family. If a geom-
etry is created separately from the reference shape and lattice, it does not
automatically fit into that parameter space [81]. This situation may require
extra steps like registration, inverse parameterization, or creating a new
deformation map [115]. The control variables are lattice displacements, not
always physical design dimensions, and a regular lattice can limit how local
the allowed changes are [32]. These limits are fine within a set design family,
but they can be restrictive when geometries come from different CAD or
remeshing processes [80].

Linear and nonlinear approximation. The Kolmogorov r-width measures
how well a compact solution manifold can be approximated by an r-dimensional
linear space [78, 10]. Transport-dominated flows are challenging because
wakes, shear layers, and recirculation regions move and change shape as
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parameters vary. As a result, a fixed global linear basis might need many
modes [94, 115].

Nonlinear approximators do not require a linear-manifold assumption and
can sometimes represent these families more efficiently, depending on the
architecture, data, and training methods. Non-intrusive reduced models
learn the input-output relationship from snapshot data instead of projecting
the governing equations [43, 85]. Convolutional models have shown that,
once training is finished, flow fields around different geometries can be
evaluated much more efficiently than with full CFD simulations [39, 59, 96].

2.3 Convolutional Autoencoders for Field Prediction

Convolutional encoder—decoder networks provide nonlinear approximations
for high-dimensional spatial fields. They are therefore useful both for dimen-
sionality reduction and for mappings between different volumetric quantities
[59, 76, 96].

Given the training dataset
M
Dtrain = {(xir yi)}izl ’ (220)

model training minimizes the average training loss

1 M
31 L (G i), @21)

min

where Gy denotes the network and 6 its trainable parameters. We use a task-
dependent loss ¢. To measure predictive accuracy, we evaluate it separately
on held-out designs. The input may be a design vector or a volumetric
geometric field, while the output could be an SDF, an aerodynamic field, or a
scalar coefficient.

A deep network is a composition of layers,
Go=gLo" - 041 (2.22)

Universal approximation theory shows that these models have wide expres-
sive capacity [21]. However, it does not provide a practical way to design
large 3D arrays. Using convolutions helps lower the number of parameters
and takes advantage of spatial locality [58, 19, 39].

Three-dimensional convolutional layers. A 3D convolution is written as

Cin
(Cwv) (x) = be + Yo Y wee(8)ve(x+6). (2.23)
d=16ek



2.3. Convolutional Autoencoders for Field Prediction

Here, v is the input field with Ci, channels, w, . are the kernel weights, K
stands for the kernel support and b, is a bias term. With weight sharing,
the number of parameters depends on the kernel and channel dimensions
instead of the number of voxels. This approach also brings in translation
equivariance, except near the boundaries. As the network gets deeper and
uses more downsampling, the receptive field becomes larger [126, 19]. This
lets the network capture both fine geometric details and the broader spatial
context needed to represent a wake [39].

Autoencoders and nonlinear dimensionality reduction. An autoencoder
combines
Eg: RN — RY, (2.24)

with
Dy : RY — RV, (2.25)

and is trained through a reconstruction objective such as
.1 M )
min ) || Do (Eq(x:)) — xi|”- (2.26)
6 M=

When the data is mean-centered and the reconstruction error is measured
by the squared difference, a linear autoencoder covers the same principal
subspace as the main POD modes [9]. If the encoder and decoder are
nonlinear, the decoded states instead lie on

Mg = {Dg(z) Lz ¢ le}, (2.27)

which can be interpreted as a learned nonlinear manifold. Such represen-
tations have proved useful in model-reduction settings involving transport-
dominated dynamics [59, 27, 96].

For a grid of dimensions N, x N, x N,
N = NyNyN;. (2.28)

For three-dimensional fields, N is typically very large compared with the
latent dimension d. This dimensional gap motivates the compact nonlinear
representation used later in the thesis; the dataset-specific grid sizes and
latent dimensions are given in Chapter 3.

Encoder—-decoder maps between different fields. When the input and out-
put represent different physical variables on the same grid, the architecture
works as a field-to-field mapping instead of an autoencoder. The U-Net
architecture is often used for this, and it includes skip connections between
matching encoder and decoder levels [97, 19]. These skip connections help
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coarse, low-resolution features capture the overall spatial context, while also
keeping local, high-resolution details [97, 19, 48]. This approach is especially
useful for aerodynamic fields, where areas near the body need fine detail,
and the wake behind the object covers larger spatial regions [13, 116, 31].

2.4 Geometry-Aware Learning Beyond Fixed Discretiza-
tions

A significant advancement in scientific machine learning is the shift from
models constrained by fixed discretizations to architectures that operate on
more general spatial representations. Convolutional models are highly effec-
tive on Cartesian grids due to the efficient evaluation of local operators on
regularly sampled data [39, 13, 116, 31]. However, this regularity inherently
links the representation to a specific domain and resolution. For problems
characterized by complex or varying geometries, alternative representations
such as point sets, meshes, coordinates, or continuous operators offer distinct
approaches to reducing reliance on a fixed grid [54, 60, 64]. Point-cloud meth-
ods illustrate this transition. PointNet [88] introduced a neural architecture
capable of processing unordered point sets directly, thereby removing the
requirement for conversion into regular voxel grids. Permutation-invariant
operations facilitate the extraction of geometric information independent of
the order of sampled points. Although PointNet was originally developed
for geometric classification and segmentation [88], its core principle extends
to scientific learning: geometries can be analyzed using sampled spatial
coordinates without necessitating regular volumetric discretization [89, 123].

A related advancement is operator learning, which aims to approximate
mappings between functions instead of fixed-dimensional vectors [54]. Deep-
ONet [67] employs a branch-trunk architecture, where one network encodes
the input function and another network represents the coordinates for out-
put evaluation. In contrast, Fourier neural operators [61] learn mappings
between function spaces using integral operators parameterized in Fourier
space. These approaches expand the applicability of data-driven partial
differential equation (PDE) surrogates, although addressing varying and
irregular geometries remains a significant challenge [62, 64].

Recent methodologies address geometric dependence with greater speci-
ticity. The Geometry-Informed Neural Operator (GINO) [62] integrates
graph and Fourier neural operators and utilizes a signed distance representa-
tion of geometry. Irregular physical domains are transformed to and from
a regular latent grid, enabling the application of Fourier operators while
preserving geometric information. Alternatively, some methods eliminate
the need for regular latent discretization. For example, CORAL [105] uses
coordinate-based neural fields for operator learning on general geometries



2.5. The Signed Distance Function as Geometric Interface

and is designed to accommodate varying spatial samplings and resolutions
[14, 40].

Transformer-based approaches provide an alternative methodology. Tran-
solver [124] introduces a physics-attention mechanism that groups discretiza-
tion points into learned physical states, which enables the modeling of
correlations on complex geometries without requiring independent atten-
tion for each mesh point. Recent query-based architectures have also been
developed for large-scale aerodynamic prediction. UPT [4] separates the
encoding of geometric surfaces from the coordinates at which aerodynamic
quantities are evaluated. This separation allows a single encoded geometry
to support predictions at arbitrary spatial query points; [3] further advances
the query-based approach for high-fidelity automotive aerodynamics.

This study retains a Cartesian volumetric representation and explicitly de-
fines geometry using a signed distance field. This approach maintains the
regular structure necessary for three-dimensional convolutional networks
and provides a unified geometric quantity applicable across various vehicle
families. The resolution limitation inherent to a fixed Cartesian grid remains
present and is explicitly addressed in the methodology and results sections.
The subsequent section introduces the signed distance field and the geometric
properties used in this thesis.

2.5 The Signed Distance Function as Geometric Inter-
face

Let O, C R be the solid body and
I' =00y, (2.29)

its boundary. The signed distance function [22, 79, 35] is defined as

{ dx,T), x¢&Qy,

p(x) = d(x,T) = min||x —y||, (2.30)
yel

—d(x,T), xe€Qy,
with the surface recovered from
I'={x:¢(x)=0}. (2.31)

Positive values represent the fluid, while negative values indicate the inside
of the body. When needed, we distinguish between the continuous signed
distance function and its Cartesian sampling. The networks use the sampled
signed distance field.

When there is only one closest surface point,

Vel =1, (2.32)
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and near a smooth boundary the gradient provides the normal,
n=Vg onl. (2.33)

Such properties connect the representation to level-set geometry [22, 79, 35].

Analytical properties. The field is globally 1-Lipschitz,

[p() = o(y)| < [Ix =yl (2.34)

However, it is not differentiable on the medial axis, which is where there is
more than one closest surface point [22]. Outside of this set, the level-set
curvature can be written as

K=V- <W’ ) , (2.35)
Vel
and, for an exact distance function, reduces to
x = Vg, (2.36)
because |V¢|| = 1. This means that errors close to the zero level set can

change the surface position, normals, and curvature. Sharp features are
especially sensitive since their normals shift quickly.

Useful geometric properties. The sign of the distance function gives a fluid-
solid mask, its magnitude measures the distance to the wall, and its gradient
estimates the surface normal where the function is differentiable. Wall
distance also appears directly in turbulence models such as Spalart-Allmaras
[111]. Signed distance functions are well-known implicit representations in
learning-based shape modeling [83, 73, 37, 69].

Representation assumptions and limitations. Once the continuous SDF is
sampled on a Cartesian grid, its accuracy is limited by that discretization.
Features smaller than a few voxels can be smoothed or lost, and sharp
edges can be softened [83, 73, 95]. The specific preprocessing choices and
surface-sensitive evaluation metrics used in this thesis are given in Chapter 3.

2.6 Mathematical Formulation of the Surrogate Prob-
lem

Let
pePCR” (2.37)

denote the available design parameters and

9 € X, (2.38)
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the geometric field. The aerodynamic state is
q= (um Uy, Uz, P) € qu (2.39)

with Cp € R treated separately.

Stage 1: geometric representation. The volumetric branch maps an SDF
to the shared latent space,

Ej: X, — RY, (2.40)
whereas the parameter branch maps the design vector to that same space,
Ny : P — R (2.41)

The parameter map is not called an encoder because it does not reduce the
dimensions of the design vectors. A shared decoder

Dy : R — X, (2.42)
produces
¢u=Dg (Ny(m),  §=D§ (E{(9), (2.43)

so that the parameter-driven operator is

Gl =DJoN):P— X, pr— ¢y (2.44)
and the geometry-input reconstruction operator is

Gy =DyoE) : Xy — Xy, ¢ Py (2.45)

Both routes therefore meet in the same latent representation and share the
same decoder.

Stage 2: aerodynamic prediction. The volumetric aerodynamic operator is
Fyp: Xy — Xy, ¢ —q, (2.46)

and outputs the three velocity components together with the pressure. Here,
1 collects the trainable parameters of the aerodynamic network. The operator
is realized by the three-dimensional U-Net described in Section 3.4, and it
does contain an encoding and a decoding path: a contracting path extracts
multiscale features from the distance field, and an expanding path restores
them to full resolution. It is nonetheless written as a single operator, rather
than as the composition of an encoder and a decoder as in Stage 1, because
skip connections pass features directly from each contracting level to the
matching expanding level. The output therefore does not depend on the
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input only through a single low-dimensional code, and F; does not factor
through a latent space in the way that G does.

For AhmedML and DrivAerML, drag is represented by a separate scalar
regressor acting on pooled Stage 2 encoder features.

Let

Hy: Xp — R™ (2.47)
and

R, :R" — R (2.48)

represent the feature and scalar maps. The feature map shares the parameters
¢ of Fy because it is the contracting path of the same network, whose
activations are pooled into a descriptor of dimension m, while <y denotes the
parameters of the scalar regressor. Then

Co =Ry (Hy(9)), (2.49)

and, where both field and drag outputs are used, the aerodynamic map can
be written as

Apry: Xy — X xR, g (Fy(9), Ro(Hy(9))) - (2.50)

More generally, aerodynamic response also depends on operating conditions,

A:(p,1) — (q,Cp). (2.51)

Here, 7 can include freestream speed, Reynolds number, yaw, ground treat-
ment, and wheel state. Each CFD campaign sets these conditions, so the
learned mapping is considered geometry-dependent for that specific operat-
ing regime.

Integrated surrogate. The framework offers two geometric entry paths,
chosen based on the information available for each dataset. If there is a con-
sistently low-dimensional parameterization, the full surrogate is expressed
as

Apy (Gy (1)), (2.52)

where the geometry map is defined through the parameter-driven Stage 1
path
Gy = D§ o NJ. (2.53)

Here, the design parameters u are first mapped to a latent representation,
which is then decoded into the SDF used for aerodynamic prediction.

If a suitable parameterization is not available, or if geometries from different
datasets do not share the same design variables, the framework can instead
use the volumetric SDF path:

GY =DJ oEJ. (2.54)



2.7. Chapter Summary

This architecture encodes and reconstructs an SDF based on geometry, then
sends it to the aerodynamic model. This approach creates a shared geometric
interface, even if there is no clear low-dimensional parameter description.

The mapping from SDF to flow can also be viewed directly as

Fy(o). (2.55)

Equation (2.55) separates aerodynamic prediction from a given SDF, while the
full surrogate also includes the earlier Stage 1 geometric reconstruction. As a
result, datasets like DrivAerML can follow the parameter-driven approach
when design parameters are available. The SDF-based approach is used
when parameters are missing or when a shared parameterization does not fit
all geometries. Chapter 3 explains the training and evaluation protocols for
each dataset.

2.7 Chapter Summary

This chapter explained the main physical and mathematical ideas used in the
thesis. It discussed vehicle aerodynamics, turbulence modeling, aerodynamic
forces, and the main flow features of the Ahmed and DrivAer shapes. The

chapter also covered reduced-order models and Free-Form Deformation.

It also introduced convolutional neural networks and recent methods for
learning on complex geometries. The chapter described the main properties
of signed distance functions and defined the geometric and aerodynamic
mappings used in this work. Chapter 3 explains how these models are
implemented, trained, and evaluated.
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Chapter 3

Methodology

This chapter presents the experimental setup and implementation procedures
employed in this thesis. While Chapters 1 and 2 introduced the mathemati-
cal formulation of the two-stage framework, the current chapter addresses
the computational execution, with emphasis on data preparation, network
architectures, loss functions, and evaluation methodologies.

The remainder of this chapter is organized as follows. Section 3.1 positions
the proposed framework in relation to state-of-the-art learning-based aerody-
namic surrogates. Section 3.2 describes the datasets, task-specific train/test
splits, and preprocessing workflows. Section 3.3 outlines the quantitative
metrics and evaluation protocols. Section 3.4 details the neural network ar-
chitectures, loss functions, integrated drag regressor, and the overall training
pipeline.

3.1 Deep learning for aerodynamic prediction: state of
the art

Chapter 1 provided a comparative overview of parameter-based and geometry-
based aerodynamic surrogate models. In the context of geometry-based

methods, Bhatnagar et al. [13] demonstrated in two dimensions the mapping

of Cartesian signed distance fields to flow fields using convolutional architec-
tures. Similarly, Thuerey et al. [116] predicted two-dimensional pressure and

velocity fields on Cartesian grids with a U-Net architecture [97], although

their approach represented geometry with a binary airfoil mask instead of a

signed distance field.

Garcia-Fernandez et al. [31] employ a signed-distance representation for
heavy ground vehicles. Their neural network utilizes two distance-field
channels, corresponding to the vehicle and the road, as well as a boundary-
condition channel. The model predicts velocity and pressure, normalized
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by the freestream velocity and by pU2, respectively, in accordance with
the convention established in Equation (2.3). Two of their findings are
particularly relevant to the present study. The authors identify the boundary
layer as the primary source of error and demonstrate that employing a mesh
graded towards the body reduces both maximum and mean errors compared
to a uniform grid. This approach serves as the two-dimensional analog
of the resolution limitation quantified in Section 4.4. Additionally, they
report a computational speed-up of four orders of magnitude relative to the
reference solver, which aligns with the cost analysis presented in Section 6.4.
However, their study is restricted to two dimensions and predicts fields
for a fixed family of geometries, rather than reconstructing the geometry
itself. Jacob et al. [48] extended the SDF-based convolutional approach to
three-dimensional vehicle geometries by employing a modified U-Net to
predict velocity fields and drag coefficients from voxelized signed distance
fields. A primary limitation of these methods is the reliance on a fixed
Cartesian grid, which constrains the level of geometric detail that can be
represented. Recent transformer-based operators overcome this constraint
by eliminating the fixed prediction grid [124, 4]. Alkin et al. [4] separate
geometry encoding from field decoding in their GP-UPT model, enabling
a compact point-cloud encoding of the surface to be queried at arbitrary
locations. This approach allows for volumetric predictions on meshes with
approximately twenty million cells, without requiring a CFD simulation
mesh as model input. On the AhmedML dataset [6], GP-UPT achieves a
relative L? error of 0.0272 for the total pressure coefficient, compared to
0.0418 for GINO [62]. For DrivAerML [7], predictions of surface pressure and
wall-shear stress yield drag and lift correlations of approximately R? = 0.97
after integrating the predicted surface quantities. AB-UPT [3] adopts the
same query-based neural-field paradigm and provides the volumetric field
errors reported in Table 6.4.

3.2 From CFD simulations to training data

The proposed approach retains the voxel-based distance-field representation
and its associated resolution bound. However, it differs from previous meth-
ods in that the geometry is reconstructed by a learned stage, which is trained
and evaluated before predicting any aerodynamic quantity. Consequently,
the composed pipeline operates on a design description instead of a reference
surface. Table 6.4 compares the field errors of these benchmark models with
the present results.

Experimental protocol at a glance

Three vehicle datasets are used in the main experiments: AhmedML, Dri-
vAerML, and the industrial Siemens collection. Stage 1 and Stage 2 solve
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different learning problems and are therefore trained with task-specific splits.
The evaluation logic used in the thesis is as follows:

1. Stage 1 is trained or adapted on its geometry-training data and is
evaluated on a held-aside geometry group.

2. The direct Stage 2 model is trained using reference SDFs and CFD
fields.

3. The end-to-end Stage 2 model is trained separately using Stage 1 recon-
structed SDFs and the same type of CFD targets.

4. The reported direct and end-to-end field results are evaluated on the
test flow designs defined for the corresponding dataset.

The direct and end-to-end aerodynamic models are trained separately. The
direct model uses the reference SDF, while the end-to-end model uses the
Stage 1 reconstructed SDF during training and inference.

Datasets

AhmedML. AhmedML [6] comprises 500 parametric Ahmed-body variants.
The dataset was not fully processed at the outset. During model develop-
ment, the number of geometries in the working collection was progressively
increased while monitoring the reconstruction performance of Stage 1. When
reconstruction quality reached a level deemed sufficient for subsequent aero-
dynamic experiments, the working collection was fixed at 380 processed
designs. Thus, the selection of 380 designs reflects the iterative development
procedure for the geometric surrogate, rather than a predetermined fraction
of the AhmedML dataset.

Stage 1 is trained on 285 designs, validated on 38 designs, and evaluated on
57 designs. For the volumetric-flow experiments, the final Stage 2 working
collection consists of 299 out of the 380 processed AhmedML geometries. This
collection was established through iterative development of the aerodynamic
surrogate. The dataset for the aerodynamic learning task is partitioned into
224 training designs, 30 validation designs, and 45 test designs for field
evaluation.

The same 45 test flow designs are used to report both the direct and end-to-
end field results. The distinction lies in the input provided to Stage 2: the
direct model receives the reference signed distance function (SDF), whereas
the end-to-end model receives an SDF reconstructed by Stage 1 from the
design parameters.

The drag experiment utilizes the same 299-design base collection but employs
a separate scalar-regression split: 224 training designs, 29 validation designs,
and 46 test drag designs. This partitioning is independent of the geometry
and volumetric-flow experiments.
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DrivAerML and Siemens transfer. DrivAerML [7] comprises 500 morphed
notchback vehicle variants resolved with a hybrid RANS-LES formulation. In
this thesis DrivAerML serves as a source for transfer learning and fine-tuning
rather than for training models from scratch. The quantity of DrivAerML
data in the working collection was incrementally increased during develop-
ment until the geometric model achieved a reconstruction quality deemed
sufficient for subsequent experiments, giving a final working collection of 97
configurations. The Siemens industrial collection comprises 20 production
vehicle configurations, whose CFD solutions are steady Reynolds-averaged
Navier-Stokes.

To enable realistic geometry reconstruction, DrivAerML and Siemens data are
combined in Stage 1 through the volumetric signed distance function branch,
giving a pooled collection of 117 geometries. Each geometry is represented as
an SDF, processed by the volumetric encoder, and reconstructed through the
shared decoder, so that no common parameter space need be defined between
two design families that share no parameterization. The pooled model is
partitioned into a training and a held-aside group, the latter comprising a
tenth of the combined collection.

The industrial reconstruction is additionally specialized by a separate fine-
tune on the twenty industrial configurations alone, with fifteen used for
adaptation and five held aside, and it is this specialized model that produces
the industrial geometric metrics. The two models therefore have distinct
partitions, both reported in Table 3.1. Geometry metrics for DrivAerML
and Siemens are reported separately in Chapter 4. In addition to the mixed
DrivAerML-Siemens configuration, a separate DrivAerML-only Stage 1 fine-
tuning experiment is conducted using the available DrivAerML morphing
parameters. In this experiment, the parameter-driven branch is employed,
mapping the DrivAerML design variables to the latent representation and
decoding them into the corresponding SDFE. This approach evaluates the
parameter-based formulation independently on DrivAerML, whereas the
mixed DrivAerML-Siemens transfer utilizes the volumetric SDF branch.

Stage 2 is adapted to utilize mixed DrivAerML and Siemens data, with the
direct and end-to-end configurations employing distinct task-specific training
and evaluation groups. The direct model utilizes a reduced DrivAerML trans-
fer set, while the end-to-end model employs the larger working collection. In
both configurations, Siemens maintains a consistent partition of 10 designs
for training and 10 for evaluation. The precise dataset counts are provided in
Table 3.1, and aerodynamic results are reported separately for each design
family.

For the mixed DrivAerML and Siemens end-to-end experiments, both families
follow the volumetric Stage 1 path defined above. The additional DrivAerML-
only experiment instead follows the parameter-driven Stage 1 path using its
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morphing parameters.

Drag prediction is evaluated independently using leave-one-out regression
on the 97-design DrivAerML working set, as detailed later in this chapter.
Geometry, direct-flow, and end-to-end results therefore refer to different
learning tasks and are interpreted using the corresponding training and
evaluation groups in Table 3.1.

From solver output to tensors

Each aerodynamic dataset is converted into two learning objects: a signed
distance field and a set of volumetric aerodynamic fields. All cached reference
data are stored on a regular 128 Cartesian grid inside a fixed computational
box for each dataset. For AhmedML, Stage 1 reconstructs directly at 128°.
For DrivAerML and Siemens, Stage 1 reconstructs at 643 because these
geometries are substantially larger and more complex than the AhmedML
configurations, and the reduced resolution helps shorten the Stage 1 training
time and computational cost. The reconstructed SDF is then resampled to
1283 before being used in Stage 2. The preprocessing pipeline has four main
steps.

1. Surface preparation. For each configuration, a watertight surface trian-
gulation is either extracted or checked. The surface must be high quality
because the SDF’s inside-outside classification relies on having a consistent,
closed boundary.

2. Signed distance construction. The SDF is calculated from the surface
using the narrow-band tools in OpenVDB [77]. Exact distances are measured
near the surface, and then the field is extended through the surrounding
volume before being sampled on the target Cartesian grid.

3. Flow-field interpolation and alignment. The CFD velocity components
and pressure are resampled from the solver mesh onto the same Cartesian
grid as the SDF. Geometry and flow must match voxel by voxel in world
coordinates. This alignment is checked directly because solver meshes,
surface files, and sampling boxes sometimes use different axis orders or
coordinate systems.

4. Field standardization. Each aerodynamic channel is standardized sep-
arately using statistics calculated only from the training data. For a field g,

q— y;rain
dstd = W/ 3.1)
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where yffam and agrain denote the mean and standard deviation computed
from the training set. These parameters are stored and subsequently applied
without modification to the validation and evaluation data. Standardization
is inverted prior to calculating the relative-error metrics presented in this
thesis.

All preprocessing and evaluation procedures therefore use a dataset-specific
coordinate transformation so that the convention defined in Section 2.1 is
respected. Geometry and field axes are transformed or relabeled as required.

The computational workflow was executed on the Galileo100 system at
CINECA. Downloaded files are validated prior to cache construction, and
cached tensors are checked for shape, statistical properties, and coordinate
consistency before model training. Neural network training is performed on
GPU nodes.

3.3 Metrics and evaluation protocol

Field accuracy

Let f denote a reference volumetric field, f its prediction, and (), the Carte-
sian voxel grid. The primary aerodynamic metric is the relative 12 error,
evaluated separately for each predicted quantity and each test design.

Definition 3.1 (Relative L2 error) Let f and f denote a reference field and its
prediction, respectively, and let F C (), denote the fluid region, defined as the set of
voxels outside the body according to the sign of the reference signed distance field.
The relative L? error is defined as

s
Rell2(f, f) = ————2" (3.2)
A1,
Here, ||-||,  denotes the Euclidean norm restricted to the fluid region F. When
reported as a percentage, the value of RelL2(f, f) is multiplied by 100.

The restriction to the fluid domain is essential because solid voxels are
masked and should not artificially reduce the reported error. The metric
is computed after inverting the training-time z-score standardization. The
resulting fields are therefore evaluated in the dataset convention that existed
before neural-network standardization.

Error evaluation in the end-to-end setting. The reconstructed geometry
never defines the grid on which errors are computed. All reference quantities
are stored on one fixed 128% Cartesian grid per dataset: the CFD velocity
and pressure are interpolated from the solver mesh onto this grid once,
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during preprocessing, and the reference SDF is sampled on the same grid.
Stage 2 always predicts on this grid, whatever geometry it receives. For
AhmedML, Stage 1 reconstructs directly at 128%; for DrivAerML and Siemens
it reconstructs at 643, and the reconstructed SDF is resampled to 1283 before
entering Stage 2. This resampling changes only the geometric input, not
the location of the predicted values, so the prediction and the reference are
compared voxel by voxel without any interpolation of the flow fields.

The comparison is restricted to the fluid region F of the reference geome-
try, as in Definition 3.1, and not to that of the reconstruction. Where the
reconstructed surface extends beyond the reference one, the corresponding
voxels belong to the reference fluid, and the predicted values there are com-
pared with the true flow, so this geometric error is counted in the reported
flow error. Where the reconstruction falls short of the reference surface,
the affected voxels lie inside the reference body and are excluded, but the
resulting change in the predicted flow is still measured in the surrounding
fluid. The end-to-end figures therefore measure the cost of the composed
pipeline, including its geometric error, on a fixed set of evaluation voxels that
is the same for the direct and end-to-end configurations.

Because the reference fields are the CFD solution interpolated onto the
Cartesian grid, all errors are measured against this gridded reference rather
than at the original solver mesh points. The interpolation from mesh to grid
is common to the direct and end-to-end evaluations and therefore does not
enter the difference between them.

Dataset-level values are means of per-design errors. The per-design error
curves shown in Chapters 5 and 6 are retained because the mean alone can
hide substantial variation between geometries.

Geometric accuracy

Stage 1 reconstructs a signed distance field, with primary emphasis on the
zero level set. A low volumetric field error does not necessarily indicate
accurate recovery of the vehicle surface. To address this limitation, two
surface-oriented metrics are employed: the Dice coefficient [74], which quan-
tifies the overlap of the enclosed solid regions, and the Hausdorff distance,
which measures the difference between the reconstructed and reference
surfaces [47].

The reconstructed surface is defined from the trilinearly interpolated SDF by

I(g) ={xeQ|o(x) =0}, (3.3)

where ¢ denotes the trilinear interpolant of ¢ on ().
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Definition 3.2 (Dice coefficient) Let S(¢) = {x € () : ¢(x) < 0} denote the
set of voxels enclosed by the surface. The Dice coefficient of the reconstruction ¢ with
respect to the reference ¢ is the normalized overlap of the two enclosed volumes [74],

o 2is(@)nS(o)
Dicel®#) = 1500+ 5(9)]

e [0,1]. (3.4)

The Dice coefficient quantifies the overlap between reconstructed and refer-
ence solids; however, it does not account for the largest local surface errors.
Consequently, a small region with substantial deviation may have minimal
impact on the Dice score, despite significant geometric error. To mitigate this
limitation, the Hausdorff distance is employed as a complementary measure
of surface distance.

Definition 3.3 (Hausdorff distance) For two surfaces A, B C R3, let

h(A,B) = sup inf ||x —y]|| (3.5)
xcA YEB

denote the directed Hausdorff distance, the largest distance from a point of A to its

nearest point of B. The Hausdorff distance between the reconstructed and reference

surfaces is its symmetrization,

an(T(9).T(g)) = max{h(T(9),T(9), () T(@)}. @6

The classical Hausdorff distance is sensitive to isolated outliers [47]. For the
vehicle experiments, the thesis therefore reports the 95th-percentile Hausdorff

distance,
hos(A,B) = P inf|[x — :x€ A ,
os(4,8) = P {intx -yl ix€ 4} o)
HD95 = max{h95(A, B), ]’195(B,A)}.

We use the 95th percentile of the two directed nearest-surface distance distri-
butions. Distances are calculated using the physical voxel spacing for each
dataset and then divided by the diagonal of the computational box, making
the reported values dimensionless. For example, in the Ahmed domain, the
diagonal is about 2.62 m, so the mean normalized HDgs5 = 0.0044 mentioned
later is roughly 11.5 mm.

MSE and MAE are also monitored during geometry and field reconstruction:

MSE( ) = o I (700 - £0), 68)
and ,
MAE(S,f) = g7 & |f00) - f(9)]. (3.9)

XEQh
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These metrics facilitate the optimization process. For geometric evaluation,
the primary metrics are the Dice coefficient and the 95th percentile Hausdorff
distance (HDgs). For aerodynamic evaluation, the principal metric is the
relative L? error.

For drag assessment, relative error and mean absolute error in drag counts
are employed as the primary engineering metrics. The coefficient of determi-
nation is additionally reported as a supplementary statistical measure.

Definition 3.4 (Coefficient of determination) For test-set drag values Cp ; with
mean Cp and predictions Cp,i,

Z(CD,i - éD,i)z

R =1- - (3.10)

Y (Coi~Co)*

1

The interpretation of R? depends on the variance of the reference drag
coefficients. When target values are closely clustered, even minor absolute
errors may result in a moderate R?. Since this thesis uses subsets of the
AhmedML and DrivAerML datasets, we use relative error and drag-count
mean absolute error (MAE) as the primary metrics for evaluating drag.

Evaluation and verification practice

We define all main splits based on unique vehicle designs rather than on
individual voxels or slices. The flow experiments use the test set groups
listed in Table 3.1. During evaluation, inference mode is used and stochastic
training operations are turned off.

Qualitative verification is conducted alongside numerical metrics. Reference
and predicted geometries are evaluated using zero-level-set contours and
isosurfaces, while aerodynamic fields are compared on standard cut planes.
These visual assessments facilitate the identification of local geometric errors,
coordinate misalignment, wake discrepancies, and other issues that may not
be apparent in dataset-level averages.

3.4 The two-stage prediction architecture

Design rationale

Figure 3.1 illustrates the implementation of the two-stage operators defined
in Section 2.6. Stage 1 provides the reconstructed signed distance field that
acts as the geometric interface, and Stage 2 maps this field to the aerodynamic
quantities. The experiment-specific choice of Stage 1 entry path follows the
protocol in Table 3.1.
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Table 3.1: Task-specific training and evaluation protocol. Training and evaluation groups are
defined separately for geometry reconstruction, direct flow prediction, end-to-end flow prediction,
and drag regression. The AhmedML geometry task uses all 380 configurations; its flow and drag
tasks use the 299 retained after excluding incomplete field data.

Dataset Task Input Model training Evaluation

AhmedML Geometry Parameters Stage 1: 285 train + 38 57 designs
validation, of 380

AhmedML Direct flow  Reference SDF Stage 2: 224 train + 30 45 designs

validation, of 299
AhmedML End-to-end  Reconstructed Stage 2 E2E: 224 train + 30 45 designs

flow SDF validation, of 299
AhmedML Drag Pooled 224 train + 29 held aside, of 46 designs
encoder 299
features
DrivAerML Geometry SDF Stage 1: 88 DrivAerML + 18 9 DrivAerML
and Siemens designs + 2
Siemens Siemens designs
DrivAerML Direct flow  Reference SDF Stage 2 direct: 34 10 DrivAerML
and DrivAerML + 10 Siemens designs
Siemens
DrivAerML End-to-end  Reconstructed Stage 2 E2E: 86 DrivAerML + 10 DrivAerML
and flow SDF 10 Siemens designs
Siemens
DrivAerML Drag Pooled Leave-one-out over 97 97 out-of-sample
encoder designs predictions
features
Siemens Geometry SDF Separate industrial fine-tune: 5 designs
15 configurations
Siemens Direct flow  Reference SDF Stage 2 direct 10 designs
Siemens End-to-end  Reconstructed Stage 2 E2E 10 designs

flow SDF

1 channel input
MLP 4 channels outpt

Geometric parameters = g Uy
=4 :

Ground Truth SDF

Skip connections

inections ¥
[issmstif

.

L 4

Pooled statistics

Ux

-UZ
P
r %

Predicted SDF

Predicted velociti
and pressure

Activation layer ensemble regressor|

!

Drag coefficient

Figure 3.1: The two-stage surrogate. Stage 1 predicts the signed distance field. In the E2E
configuration, reconstructed Stage 1 SDFs are used already during Stage 2 U-Net training/fine-
tuning and again at inference, so the flow network is exposed to the same type of geometric input
in both phases.
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Stage 1: hybrid geometric network

Stage 1 consists of a dual-branch geometric network with a shared latent
representation and decoder, as illustrated in Figure 3.2. The volumetric
branch employs a 3D convolutional encoder to compress a signed distance
function (SDF) into a latent vector of size d. The parameter branch utilizes a
multilayer perceptron to map a design vector into the same latent space.

AhmedML uses a latent dimension of d = 32 and reconstructs directly at
128%. For DrivAerML and Siemens, the configuration uses d = 128 and
reconstructs at 64, then resamples to 128> when Stage 2 needs that input
size.

When paired parameter and SDF descriptions are used in the source ge-
ometric training, a latent-alignhment term encourages the parameter and
volumetric branches to produce nearby codes, z(P) and z(*) respectively, for
the same geometry. The shared decoder can therefore operate on either
representation.

Hidden layers use LeakyReLU activations [70]. The final decoder layer is lin-
ear so that the network predicts a signed distance value without constraining
its range.

An optional smoothed hyperbolic-tangent transformation places additional
emphasis on the zero-level-set neighbourhood [20]:

Xeao (1) = % [1 — tanh (rﬂ : (3.11)

€act

Here, £, > 0 determines the thickness of the smooth transition. A smaller
value results in a sharper occupancy transition, while a larger value broadens
the region, causing reconstruction errors to influence the auxiliary objective
over a broader area. This transformation is applied exclusively to the loss
function. The decoder continues to output the raw reconstructed signed
distance function (SDF).

The Stage 1 objective is
Lrec = AspF LsDF + Matent Liatent + Aact Lact, (3.12)
with the SDF reconstruction term
Lspr = MSE(d, @), (3.13)

the latent-alignment term

2

) (3.14)

Liatent = Hz(p) — () .
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and, when activated, the auxiliary surface-focused term

ﬁaCt = MSE (Xeact (qA)) ’Xsact (q))) . (3'15)

The MSE quantities are averaged over the spatial grid and mini-batch. The
reconstruction term applies to outputs generated from both Stage 1 branches.
Table 3.2 details the reconstruction network architecture. The parameter
branch consists of a multilayer perceptron with two hidden layers of widths
128 and 256, each followed by a leaky rectified linear activation, and a
linear output layer projecting onto the latent space. The volumetric encoder
compresses the input field using a sequence of strided three-dimensional
convolutions, followed by a linear projection. Both branches map to a latent
space of dimension 32. The shared decoder expands the latent vector via
a linear projection to a feature volume of 64 x 16% and restores the full
resolution through three upsampling stages: 16° to 323, 323 to 643, and 643 to
1283%. The output layer is a linear convolution without activation, resulting in
an unbounded distance field whose zero level set defines the surface.

Stage 2: volumetric flow prediction

Stage 2 is implemented as a three-dimensional U-Net [97, 19], receiving the
SDF as its single input channel and outputting four target fields: the velocity
components (Uy, Uy, U;) and pressure (P), as shown in Figure 3.3.

The U-Net is used in two separately trained configurations.

For the direct model,
(Q{ef/ qz‘CFD) ’ quFD = (qu u}// uZ/ P)l

forms the training pair.

For the end-to-end model, Stage 1 first generates
@; = Stage 1(design.),

and the training pair becomes
5. oCFD
((Pir q ) :

The predicted CFD quantities remain the same in both configurations, while
the geometric input follows the corresponding direct or end-to-end protocol.
The end-to-end U-Net is therefore trained on the same type of reconstructed
geometric input that it receives during end-to-end inference.

The U-Net structure combines both local and global information. Skip
connections keep important high-resolution details near the body and shear



3.4. The two-stage prediction architecture

Geometric parameters #

MLP

Ground Truth SDF

Latent space

Figure 3.2: The geometric stage.

Predicted SDF

Activation layer

Table 3.2: Layer structure of the reconstruction network. Output shapes are given as channels

X spatial resolution for a single design.

Component Layer Output shape Notes

Parameter branch

Input design vector 8 standardised on the train split
Hidden 1 linear 128 LeakyReLU

Hidden 2 linear 256 LeakyReLU

Latent linear 32 no activation

Volumetric encoder

Input distance field 1 x 1283

Contraction strided convolutions coarse volume normalisation and LeakyReLU
Latent linear 32 no activation

Shared decoder

Projection linear 64 x 16°

Upsampling 1 upsampling + convolution 323

Upsampling 2 upsampling + convolution 643

Upsampling 3 upsampling + convolution 16 x 1283

Output convolution 33 1 x 1283 no activation

Parameter branch, trainable parameters

42,400
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layers. The contracting path lets the model see a larger area, which helps
capture the downstream wake.

The flow loss is evaluated only in the fluid domain. Let Q = {U,, U,, U, P}
and let M;(x) be one in the fluid region and zero inside the body. The number
of contributing voxels is

Npi= Y, Mi(x), (3.16)
XGQh
and the multi-field loss is
1 & 1 N 2
Liow = W Z Z N, Z M;i(x) (9i(x) — qi(x))”, (3.17)
i=1geQ Vi xeqy,

where B denotes the number of designs in a mini-batch. The four channels
receive equal weight after training-time normalization. Masking prevents
solid voxels, whose field values are not physically part of the fluid solution,
from contributing to the objective.

Table 3.3 shows the aerodynamic network’s layer structure. The model is a
3D U-Net with three contracting blocks and a bottleneck. Each contraction
step halves the spatial resolution and increases channels from 32 to 128. The
expanding path is the reverse of the contracting path. Skip connections link
encoder feature maps to decoder inputs at the same resolution, helping to re-
cover details lost during contraction. Group normalization (eight groups) and
dropout (rate 0.1) are used throughout. The output layer has four channels,
one for each predicted field, and does not use an activation function. The
network has 3,699,941 trainable parameters. Table 3.4 lists the optimization
and loss settings for this network and the reconstruction network.

Drag prediction

The drag coefficient is not calculated by integrating the predicted volumetric
fields. To perform a physically consistent surface integration, both pressure
and wall shear stress are needed at high near-wall resolution. However,
Stage 2 predicts volumetric velocity and pressure on the Cartesian grid and
does not include a specific wall-shear-stress field.

As a result, drag is handled as a separate scalar regression problem. The
regressors are fitted after the U-Net has been trained on the flow fields, on
features extracted with its weights held fixed, so no gradient from the drag
target reaches the network and the field training is unaffected by the drag
task. Features are taken from the contracting blocks and bottleneck of the
Stage 2 U-Net. These internal representations cover larger spatial regions
and include information about both local geometry and flow interaction, as
well as the global wake.
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High-resolution spatial details
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1 channel 4-channel output
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ensemble . .
Multiscale geometric features mgm‘m: Volumetric field reconstruction

Predicted Drag Coefficient

Figure 3.3: The predictive stage. The signed distance field enters as a single channel; multiscale
geometric features are extracted by the contracting path and returned to full resolution by
the expanding path, with skip connections preserving high-resolution spatial detail, yielding the
four-channel volumetric output. The drag coefficient is regressed from pooled encoder features.

Table 3.3: Layer structure of the aerodynamic network. Output shapes are given as channels X
spatial resolution for a single design.

Block Operation Output shape Notes

Contracting path

Input distance field 1x 1283 reconstructed SDF
Encoder 1 convolution block 32 x 1283

Pool 1 downsampling 32 x 643

Encoder 2  convolution block 64 x 643

Pool 2 downsampling 64 x 328

Encoder 3 convolution block 128 x 323

Pool 3 downsampling 128 x 16°

Bottleneck convolution block 128 x 163

Expanding path

Decoder 3  upsampling + skip 323 concatenates Encoder 3
Decoder 2 upsampling + skip 643 concatenates Encoder 2
Decoder 1  upsampling + skip 1283 concatenates Encoder 1
Output convolution 4 x 1283 Uy, Uy, Uz, p; no activation
Normalisation / dropout GroupNorm, 8 groups / 0.1

Trainable parameters 3,699,941
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Let F¥) € RGN denote the feature map returned by the k-th of these blocks,
with k =1, 2,3 for the three contracting blocks and k = 4 for the bottleneck,
where Cy, is the number of channels of that block and N the number of voxels
(k)

at its resolution. The entry F;" is the value of channel ¢ < {1,...,Cx} at voxel

j € {1,...,Ni}. For feature map F¥), the channel-wise mean, maximum, and
standard deviation are

| _ 1 (k) (k) _
as NkEF , me m]axF Nkz

(3.18)
and these statistics are concatenated over the three contracting blocks and
the bottleneck:

g = [a(l),...,a(4), m(l),...,m(4), s(l),...,s(‘l)}, (3.19)

where a®) = (agk),...,a(ci )), and m® and s®) are defined likewise. With

channel widths C; of 32, 64, 128 and 128, the descriptor has dimension
3(32 + 64 + 128 + 128) = 1056. The descriptor summarizes each feature
channel by calculating its mean, maximum, and standard deviation. It does
not keep the exact spatial location of the activations.

Because each geometry has only one drag value, two lightweight regressors
are used instead of another neural network. An ExtraTrees model [34] and a
ridge regressor [45] are each trained on the standardized descriptor g, and
their predictions are averaged equally,

= 1[fmr(®) + fa(8)]. (320)

The tree ensemble models nonlinear relationships, and ridge regression
adds a stable linear part. This combination helps capture both complex and
straightforward patterns in the data.

AhmedML drag is tested using a fixed split for training, validation, and
testing. For DrivAerML drag, we use leave-one-out evaluation across all 97
designs [114]. For each design, we scale the descriptors and train both scalar
regressors on the other 96 designs, then test on the one left out.

The DrivAerML procedure is therefore leave-one-out with respect to the
scalar drag regressor, while the learned neural feature extractor remains
fixed.

Training protocols

All neural models are trained with AdamW [65] and gradient-norm clipping
[84]. In Stage 1, we start with a learning rate of 5 x 10~#, use a 20-epoch
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linear warmup, then apply cosine annealing [66], and set gradient clipping
at 1.0. In Stage 2, the initial learning rate is 5 x 1072, with cosine annealing
and the same clipping threshold.

We use transfer learning to move from AhmedML to the more complex Dri-
vAerML and Siemens settings [82, 125]. For Stage 1 transfer, the AhmedML
geometric model is used for initialization. For Stage 2, the AhmedML aero-
dynamic model provides the starting representation.

For the end-to-end aerodynamic configuration, the order of operations is:
1. train Stage 1;
2. retain and freeze the selected Stage 1 weights;

3. run Stage 1 on every Stage 2 training or fine-tuning design to produce
reconstructed SDFs;

4. train the end-to-end Stage 2 U-Net using those reconstructed SDFs and
the corresponding CFD targets;

5. freeze both stages and evaluate the complete chain on the held-out flow
designs.

This step-by-step approach replaces joint backpropagation through the entire
two-stage model.

For the realistic-vehicle transfer, DrivAerML and Siemens are adapted to-
gether rather than by training separate neural networks. Stage 1 follows the
joint geometry protocol in Table 3.1.

Stage 2 starts from the AhmedML aerodynamic model and is fine-tuned ac-
cording to the direct or end-to-end protocol listed in the same table. The two
configurations are trained separately and use their corresponding geometric
inputs and task-specific DrivAerML partitions.

If the network capacity changes within a geometric domain, a partial warm
start is applied. Compatible convolutional parameters are kept, but layers
next to a changed latent bottleneck are reset.
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Table 3.4: Reference configurations of Stage 1, Stage 2, and the drag regressor.

Configuration Stage 1 (Geometry Network) Stage 2 (Flow Network)
Parameter
Architecture
Input AhmedML: design parameters or SDF (1283)
SDF branch as required; realistic
DrivAerML/Siemens transfer:
SDF through the volumetric
branch
Output AhmedML: reconstructed SDF at Uy, Uy, Uz, P fields at 1283

Latent Dimension

1283; DrivAerML/Siemens:
reconstructed SDF at 643
AhmedML: d = 32;
DrivAerML/Siemens: d = 128

Bottleneck size: 128 x 16°

Base Channels 32 32
Training & Optimization
Batch Size 2 4
Learning Rate 5x 1074 5x 107
Optimizer AdamW AdamW
LR Schedule 20-epoch warmup + cosine Cosine annealing
annealing
Max Epochs 300 200 (Early stopping patience: 80)
Gradient Clipping 1.0 (max norm) 1.0 (max norm)

Loss Objectives
Loss Terms

SDF reconstruction, latent
alignment, and optional auxiliary
activation

Fluid-masked multi-field MSE

Drag regressor
Features

Model

Evaluation

Mean, maximum, and standard deviation pooled channel-wise
over the three contracting blocks and the bottleneck of Stage 2

Extremely randomized trees and ridge regression, averaged with

equal weight

Fixed train-validation—test partition for AhmedML; leave-one-out
evaluation over the 97-design working subset for DrivAerML
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Chapter 4

Learning Geometry: A Latent
Representation of Vehicle Shapes

This chapter provides an independent evaluation of Stage 1, separate from
the aerodynamic predictor. The objective is to determine whether the learned
representation maintains the physical surface with adequate fidelity before
the reconstructed geometry is transferred to Stage 2.

This chapter addresses Research Question 1 introduced in Chapter 1: whether
a compact learned representation can reconstruct geometries of increasing
complexity while preserving the zero level set that defines the physical
surface. Independent evaluation of the geometric stage provides a reference
point for interpreting the aerodynamic results that follow.

The experiments advance from analytically controlled shapes to progressively
more complex forms. Initially, spheres and ellipsoids are used to verify the
reconstruction pipeline. AhmedML [6] introduces planar regions, sharp
edges, a variable rear slant, and modifications to the principal body dimen-
sions. DrivAerML [7] adds wheels, wheel arches, underbody structures,
and features distributed across multiple geometric scales, and finally the
industrial Siemens geometries are considered.

The canonical experiments emphasize volumetric reconstruction since an
analytical reference field is available. Beginning with AhmedML, the physical
surface becomes the primary focus, and the evaluation therefore combines
the Dice coefficient with the normalized 95th-percentile Hausdorff distance,
HDgs, as defined in Section 3.3. Qualitative contour and isosurface compar-
isons are presented alongside these metrics to indicate where the remaining
discrepancies are observed.

All results presented in this chapter concern the quality of the reconstructed
SDF and its zero level set.
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4.1 Evaluation of the Reconstructed Surface

Vehicle reconstructions are evaluated using the surface metrics defined in
Section 3.3. The Dice coefficient quantifies solid region overlap, while the
Hausdorff distance provides additional information regarding local surface
displacement [74, 47]. The classical Hausdorff distance is used only in the
Ahmed activation-loss sensitivity study. All final evaluations for AhmedML,
DrivAerML, and Siemens employ the normalized HDgs5 metric.

The geometry evaluation groups correspond to the task-specific partitions
described in Table 3.1. In this framework, the 57 AhmedML designs are used
to evaluate and select model configurations trained with different values of
€act, S€rVing as a validation set rather than an independent post-selection test
set. For realistic vehicle evaluations, performance is assessed on the Stage 1
test-set groups using the same protocol.

For qualitative analysis, the pointwise absolute signed distance function
(SDF) difference is mapped directly onto the reconstructed surface,

Eaps (x) = [9(x) = 9(x)]. (41)

The error field indicates where the volumetric representation differs, while
the overlaid reference and reconstructed zero contours show whether those
differences actually displace the represented surface.

4.2 Pipeline Validation on Canonical Geometries

The first experiments use spheres and ellipsoids because their shapes are easy
to analyze mathematically. We can control how complex these shapes are
without causing confusion about how their surfaces are handled. A sphere
is the simplest smooth 3D shape. Its curvature is always the same, and its
geometry is the same in every direction. An ellipsoid, on the other hand, has
different lengths along its axes and its curvature changes. Using both shapes
helps test whether Stage 1 can preserve position, scale, and shape differences
before adding vehicle-specific features.

For a sphere of radius r centred at ¢, the signed distance function is

q)sphere(x) = ||X - C||2 —r (4.2)

An axis-aligned ellipsoid centred at ¢ = (cy, ¢y, c;) with semi-axes (a,b,c) is

defined by

(z—c;)?

c2

(y—cy)?
b2
For both shape families, the reference signed distance function (SDF) is
generated directly from the analytical geometry. This approach avoids the

(x —cy)?

a? +

+ =1. (4.3)
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general surface-to-SDF pipeline. As a result, the canonical study serves as a
controlled validation of the reconstruction network itself.

The sampled design ranges are presented in Table 4.1. All parameters are
expressed in the same units as the fixed computational box.

Table 4.1: Design parameters of the canonical families and the intervals from which they are
sampled. All lengths are expressed in the units of the fixed computational box.

Family =~ Parameter Symbol Range

Sphere  Radius r [1.0,2.5]
Centre coordinates c [-1.0,1.0]3

Ellipsoid Semi-axes a,b,c [0.8,2.5]°
Centre coordinates c [-1.0,1.0]

4.2.1 Three-dimensional reconstruction of spheres and ellipsoids

Figure 4.1 compares reference and reconstructed zero-isosurfaces for two
spheres and one ellipsoid from the evaluation data. The same physical
coordinate system and viewpoint are used for reference and prediction.

The spherical cases maintain their center position and radius, and exhibit a
smooth, continuous surface. The ellipsoid presents greater complexity, as
errors along any principal axis affect both its proportions and curvature dis-
tribution. Despite these challenges, the predicted ellipsoid surface preserves
its elongated shape and orientation.

4.2.2 Cross-sectional reconstruction

Although three-dimensional surface visualizations effectively represent over-
all shape, they may obscure localized discrepancies. To overcome this limita-
tion, Figure 4.2 presents representative cross-sections from the same canonical
examples. Each row shows the ground-truth signed distance function (SDF),
the reconstructed SDF, and their pointwise absolute difference.

For the spheres, the network accurately reproduces the radial distance struc-
ture and the contour. The largest discrepancies occur away from the interface,
at the centre of the body and in the far field, while the zero level set itself
is reproduced closely. This distribution is favourable, since the geometry is
determined by the zero level set alone, and errors in the distance values far
from the surface do not change the recovered shape. The ellipsoid requires
the model to preserve distinct scales along its principal directions. The zero
contour remains close to the reference, although the absolute-error field
shows a more localized difference around the narrower central region.
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(c) Test set spherical design, second example.

Figure 4.1: Three-dimensional ground-truth and predicted surfaces for representative canonical

geometries.

The cross-sectional analysis therefore provides additional information that
is not apparent from the three-dimensional surface alone. The model recon-
structs not only a plausible object but also the local distance-field structure

that determines the zero level set.
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Figure 4.2: Cross-sectional reconstruction for representative canonical geometries. The first and
third rows correspond to spherical designs of different sizes, while the second row corresponds to
an ellipsoid. The columns show the reference field, reconstructed field, and absolute difference.
The black and white contours indicate the reference and predicted zero level sets.

4.2.3 Training behavior

Figure 4.3 shows the training and validation histories for the sphere experi-
ment. On the logarithmic scale, the optimization begins with a rapid decrease
over several orders of magnitude and then enters a much slower convergence
regime. The two curves remain close rather than separating progressively.
The checkpoint used for evaluation is the one with minimum validation error.

4.2.4 Architecture comparison

The canonical study also compares a fully connected network (FNN) with
a convolutional network (CNN) using progressively larger fractions of the
available training geometries. The reported quantity is the mean absolute
voxel-wise reconstruction error defined in Section 3.3.

Figure 4.4 shows two curves for each trained model: the MAE of the raw
SDF prediction and the MAE after a smooth transformation is applied to
that same prediction. Both curves are therefore computed from one trained
network, and no activation layer is part of the architecture: the transformation
is applied to the raw output after prediction. The two curves represent the
same prediction in two different forms, and the vertical distance between
them reflects the change of scale introduced by the transformation, not a
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Figure 4.3: Training and validation losses for the spherical geometries reconstruction experiment
on a logarithmic scale.
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Figure 4.4: Architecture comparison on spherical geometries shape prediction.

The FNN is comparatively stable when little training data are available, but
its error changes only modestly as more shapes are added. The CNN is
more variable in the smallest-data regime and benefits more clearly from
additional geometric examples. This behavior supports the use of volumetric
convolutional encoders and decoders for the more complex families that
follow.
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4.2.5 Generalization across the ellipsoid family

Figure 4.5 shows how ellipsoid reconstruction changes as the amount of
training data increases. Training, validation, and test errors decrease together,
and the gaps between them become relatively stable as more geometries are
included.
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Figure 4.5: Generalization across the ellipsoid family. Training, validation, and test relative errors
are reported as a function of the amount of training data.

When more than 40% of the available training geometries are included,
the learning curves begin to plateau. Although adding further examples
continues to reduce the test error, the improvement becomes marginal. The
incremental gain is relatively small. Thus, within this canonical family, the
learning curve indicates diminishing returns after a moderate portion of the
sampled shape space has been represented.

4.2.6 Canonical geometry findings

The canonical experiments validate the fundamental reconstruction pipeline
prior to incorporating vehicle-specific geometry. Stage 1 maintains center
position, overall scale, and anisotropy for the smooth analytical shapes
evaluated. Cross-sectional analyses demonstrate that the corresponding
zero level sets are accurately reproduced, with no significant disconnected
components observed in the reconstructions.

The architecture study indicates greater benefit from increased geometric
diversity for the convolutional neural network (CNN) than for the fully con-
nected neural network (FNN). The ellipsoid learning curve demonstrates that
reconstruction performance improves as a larger portion of the sampled fam-
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ily is utilized for training. These findings support selecting the convolutional
Stage 1 architecture for the vehicle experiments.

Surface metrics are not reported for the canonical shapes. Their reference
tield is analytic and each geometry is fully determined by its centre and
its radius or semi-axes, so the volumetric error and the cross-sections of
Figure 4.2 already characterize the reconstruction. The failure mode that
surface metrics are designed to reveal, a localized displacement at a sharp
or thin feature that barely changes the overall overlap, has no counterpart
in these smooth convex shapes. Beyond this stage, however, volumetric
error alone is insufficient for comprehensive evaluation. Consequently, the
vehicle results emphasize Dice coefficient and normalized HDgs metrics,
supplemented by contour and surface visualizations.

4.3 Ahmed-Body Geometry

AhmedML is the first group of vehicles used to test the learned geometry
representation. The topology stays the same, and the parameterization is
kept simple, but the shapes have flat surfaces, sharp lower edges, different
rear slants, and changes in main body size. These features make it harder to
achieve accurate zero-level-set results than in standard experiments.

4.3.1 Design parameters of the family

The AhmedML family has six geometric parameters presented in Table 4.2
and illustrated in Figure 4.6 [6]. Length, height, and width control the
global body proportions. The front radius modifies the leading-edge curva-
ture, while the rear-window angle and tilted-surface length define the rear
treatment that is strongly associated with the wake regimes discussed in
Section 2.1.1. Ground clearance is fixed within the family.

Table 4.2: Geometric parameters of the AhmedML family and the intervals from which they are
sampled [6].

Parameter Symbol Minimum Maximum
Rear-window angle ¢ 10° 60°
Tilted surface length ¢ 150 mm 250 mm
Body length L 800 mm 1200 mm
Body height H 250 mm 315mm
Body width 144 300 mm 500 mm
Front-body radius R 80 mm 120 mm
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Figure 4.6: The six AhmedML design parameters visualization.

4.3.2 Effect of the activation-loss parameter

The loss introduced in Section 3.4 is examined through a sensitivity study of
€act, Which controls the width of the transition around the zero level set. For
each tested value, Stage 1 is trained as an independent configuration while
the architecture and data partition remain unchanged.

The tested values are
Eact € {10—5,10—4,10—3,10—2,10—1,1} .

We also trained a separate baseline model that does not include the activation
term.

We ran the sensitivity study at 643 resolution to keep the computational
cost manageable while testing a wide range of values. The goal was to
compare the activation-loss settings, not to find the lowest possible Ahmed
reconstruction error.

Qualitative behaviour. Figure 4.7 presents a representative evaluation geom-
etry for all tested settings. Intermediate values of €, maintain the primary
body surfaces and the rear slant. In contrast, setting €.+ = 1 results in visible
surface irregularities due to an excessively wide smooth transition region.

Quantitative selection. Figure 4.8 reports the mean Dice coefficient and
classical Hausdorff distance over the 57 Ahmed model-selection/evaluation
designs for each separately trained configuration. Dice is computed from the
overlap of the reference and reconstructed solid regions defined by ¢ < 0
and ¢ < 0.

The raw-loss baseline achieves a good average Dice score of approximately
0.975, establishing that an accurate global volume can be reconstructed
without an activation penalty. Instead, the activation term serves primarily to
refine local surface placement. Dice scores improve for intermediate values
and reach about 0.994 at e, = 1073, with 10~* and 102 giving similar
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Figure 4.7: Reconstruction of one Ahmed-body evaluation design under each activation-loss
setting, together with the ground-truth (GT) geometry.
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Figure 4.8: Sensitivity of the Ahmed-body reconstruction to the activation-loss parameter €,t.
Each value corresponds to a separately trained Stage 1 configuration. The metrics are averaged
over the 57 Ahmed model-selection/evaluation designs.

results. Performance drops at 107! and 1. The Hausdorff measure ranks the
results a bit differently. Its lowest value is near e, = 1072, and 1073 is also
low. Both very small and very large transition widths lead to higher local
surface errors.

The difference between these two metrics is important. For example, €,ct =
1075 gives a surface that looks plausible and a Dice score close to the best
settings, but its Hausdorff distance is one of the highest. This shows that
high overlap can still happen alongside a small area with large displacement.
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A surface-distance metric is needed to reveal this kind of issue.

Retained value. Analysis of both metrics across the 57 Ahmed model-
selection and evaluation designs indicates that e, values between 103
and 1072 are most favorable. The Dice score reaches its maximum at 1073,
whereas the Hausdorff distance is minimized at 10~2. The latter value is
therefore retained as the preferred width of the interface term, because it
reduces the largest local surface discrepancy while maintaining the Dice
score near its maximum.

The retained setting governs only how the interface is supervised during
training. No activation is applied to the network output in any configuration:
the smooth transformation of Equation (3.11) acts inside the loss alone, and
the decoder always emits the raw signed distance field. It is this raw decoder
output that is passed to Stage 2 and that is displayed in every reconstruction
panel of this chapter.

4.3.3 Surface accuracy over the Ahmed-body model-selection/evaluation
set

Figure 4.9 shows Dice and normalized HDgs scores for the 57 Ahmed model-
selection/evaluation designs using the retained setting.
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Figure 4.9: Dice coefficient and normalized 95th-percentile Hausdorff distance, HDgs, over the
57 Ahmed model-selection/evaluation designs, sorted by Dice. The mean values are 0.989 and
0.0044.

Most designs lie close to or above 0.99 Dice, indicating that the zero level set
overlaps the reference body over nearly the entire geometry. The tail of the
sorted distribution contains a smaller number of more difficult cases.
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4.3.4 Longitudinal reconstruction

Figure 4.10 shows designs 146, 153, and 337 from the same 57-design model-
selection/evaluation group. They were selected to illustrate different posi-
tions in the Dice distribution rather than to define a separate subset.

AhmedML — reconstruction, mid-span cut  (solid: reference, dashed: reconstructed)
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Figure 4.10: Longitudinal reconstruction for Ahmed evaluation designs 146, 153, and 337. Each
row shows the reference SDF, reconstructed SDF, and absolute error with reference and predicted
zero contours. The adopted sign convention assigns negative values to the solid interior, zero to
the body surface, and positive values to the exterior fluid region.

The reconstructed zero contours stay close to the reference along the roof,
sides, and base. Most differences appear where the surface changes direction
sharply, especially near the rear, lower corners, and short vertical edges.
Design 146 matches the reference contours most closely. Of the three designs,
design 153 has a bigger difference near the rear slant and lower body, while
design 337 falls in between.

Small differences also appear away from the surface. These errors change the
SDF values but matter less for geometry if the zero contour stays the same.

Effect of the grid resolution. The residuals in Figure 4.10 are concentrated
where the representation is coarsest. The computational box is padded down-
stream to contain the wake, so on the 128° grid a cell measures approximately
19.5 mm in the streamwise direction against 3.9 mm spanwise and 4.7 mm
vertically. The Ahmed body therefore spans only about 55 cells along its
length, and a rear slant between 150 and 250 mm long is resolved by fewer



4.3. Ahmed-Body Geometry

than fifteen streamwise cells. The mean HDgs of about 11.5 mm is smaller
than one streamwise cell, so on this family the reconstruction is already close
to the resolution limit of the grid. The limitation becomes more pronounced
on DrivAerML (Section 4.4), where the vehicle is larger relative to its box.

Refining the grid would lower this limit, at a cost that grows with the number
of cells: doubling the resolution to 256> multiplies the number of voxels,
and approximately the memory of the three-dimensional activations, by
eight, so the batch size would have to fall accordingly. A cheaper alterna-
tive is anisotropic, refining only the streamwise direction or reducing the
downstream padding at the cost of truncating the wake, since this targets
the coarsest spacing directly. No Stage 1 model was trained at a higher
resolution, so slow convergence and the architectural limit are not separated
experimentally here; the quantization of the DrivAerML surface error at the
cell size, discussed below, nonetheless indicates that for the geometry the
grid rather than the optimization is the binding constraint.

4.3.5 Three-dimensional reconstruction

Figure 4.11 compares the complete reference and reconstructed surfaces for
design 146.

ahmed — 146
ground truth predicted

z[m]

Figure 4.11: Reference and reconstructed zero-isosurfaces for Ahmed geometry-evaluation design
146. The reconstruction retains the complete three-dimensional body, its global proportions,
ground clearance, and rear treatment.

The 3D view shows that the agreement seen on the longitudinal plane applies
to the whole model, not just one section. The length, width, height, ground
clearance, and rear geometry all match up well, and there are no major
disconnected parts in the reconstructed body. Any remaining differences are
small and local, not problems with the overall Ahmed Body shape.
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4.4 Realistic Vehicle Geometry: DrivAer

DrivAerML has a more complex geometry. The vehicle surface now has a re-
alistic bonnet, windscreen, roof, rear body, wheels, wheel arches, underbody
structures, and small details that can be as thin as the voxel spacing.

DrivAerML uses 16 morphing parameters, compared to the six in AhmedML,
to generate new shapes from a baseline notchback model with static wheels,
sealed cooling inlets, and a detailed underbody [7]. Most parameters in
Table 4.3 and Figure 4.12 are control-point displacements measured from the
baseline, not absolute sizes. The only exception is vehicle pitch, which is
a rotation. The 500 variants are created using a modified extensible lattice
sequence to evenly cover the allowed parameter space.

The Stage 1 transfer protocol is defined in Chapter 3. This section reports the 9
DrivAerML test-set geometry-evaluation cases evaluated under that protocol,
and all Dice scores, HDg5 values, longitudinal panels, and three-dimensional
examples correspond to this group.

The parameter-driven study described later in this section constitutes a
distinct DrivAerML-only fine-tuning experiment, evaluated using a dedicated
10-design test group. This test group is separate from the 9-design geometry-
evaluation group employed in the mixed DrivAerML-Siemens volumetric
Stage 1 experiment.
Vehicle Length (-150 to 2004

Vehicle Width (-100 to 100) Wehicle Height {-100 to 106)

Figure 4.12: DrivAerML geometric design parameters. Adapted from the DrivAerML dataset
website [16] and the dataset described in [7].

4.4.1 Surface metrics

Figure 4.13 reports Dice and normalized HDgs for all 9 DrivAerML Stage 1
evaluation cases.
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Table 4.3: Design parameters of the DrivAerML family and the intervals from which they are
sampled, expressed as changes relative to the baseline geometry [7]. All entries are control-point
displacements of the morphing boxes, in millimetres, except the vehicle pitch, which is a rotation
in degrees.

Parameter Minimum Maximum
Vehicle length —150mm  +200mm
Vehicle width —100mm  +100mm
Vehicle height —100mm  +100mm
Front overhang —150mm  +100mm
Front planview —75mm +75mm
Hood angle —50mm  +50mm
Approach angle —40 mm +30mm
Windscreen angle —150mm  +150mm
Greenhouse tapering —100mm  +100mm
Backlight angle —100mm  +200 mm
Decklid height —50mm  +50mm
Rear-end tapering —90mm  +70mm
Rear overhang —150mm  +100mm
Rear diffuser angle —50mm  +50mm
Vehicle ride height —50mm  +50mm
Vehicle pitch, nose up positive —1° +1°
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Figure 4.13: Dice coefficient and normalized 95th-percentile Hausdorff distance, HDgs, for the 9
DrivAerML Stage 1 evaluation cases, sorted by Dice. The mean Dice coefficient is 0.962, and

the mean normalized HDg5 is 0.0070. The latter corresponds to approximately 78 mm before
normalization by the computational-box diagonal.
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The Dice values remain within a narrow range, while HDgs5 exhibits greater
variability across cases in terms of local surface displacement.

Before normalization by the computational-box diagonal, the mean HDgs
corresponds to approximately 78 mm.

Designs 2, 19, and 51 are selected for longitudinal analysis in the following
sections. Additionally, design 2 is presented as a complete three-dimensional
surface.

4.4.2 Longitudinal reconstruction

Figure 4.14 presents the three selected DrivAerML evaluation cases.
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Figure 4.14: Longitudinal reconstruction for DrivAerML Stage 1 evaluation designs 2, 19, and
51. Each row shows the reference field, reconstructed field, and absolute error with zero-contour
overlays. The global vehicle envelope is preserved.

In each instance, the reconstructed contour aligns with the bonnet, wind-
screen, roof, rear profile, and overall vehicle position. The most significant
discrepancies occur in the lower region of the vehicle, where wheels, under-
body components, and narrow gaps introduce multiple interfaces within a
limited number of voxels.

Two mechanisms contribute to these residuals. The first is representational:
geometric features occupying only one or two voxels cannot retain fine
detail on the selected grid. On the 128% grid a DrivAerML cell measures
approximately 80 mm in the streamwise direction and 33 and 14 mm in the



4.4. Realistic Vehicle Geometry: DrivAer

other two, and the mean HDgs of about 78 mm corresponds to a single cell
in the coarsest direction, so the surface error is quantized at the cell size.
The second is learned compression: broad, smooth surfaces are more readily
preserved by the encoder-decoder than thin or closely spaced structures
[120].

4.4.3 Three-dimensional reconstruction of a DrivAer example

Figure 4.15 shows the complete zero-isosurface comparison for design 2.
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Figure 4.15: Reference and reconstructed zero-isosurfaces for DrivAerML Stage 1 evaluation
design 2.

The reconstruction retains the overall length, width, bonnet, roof, rear body,
and stance. The remaining disagreement concerns local fidelity around fine
components rather than the continuity or global proportions of the vehicle.

4.4.4 Parameter input reconstruction of DrivAerML

In addition to the mixed DrivAerML-Siemens configuration described pre-
viously, a separate DrivAerML-only Stage 1 fine-tuning experiment was
conducted using the 16 morphing parameters specific to DrivAerML. This ex-
periment also employed a transfer-learning approach rather than training the
model from scratch. The Stage 1 model was initialized with the previously
learned geometry representation and subsequently fine-tuned on DrivAerML
using its morphing parameters. In this setup, the parameters were provided
to the parameter-driven Stage 1 branch instead of supplying the geometry as
an input signed distance function (SDF). The parameter vector was mapped
to the learned latent representation and decoded into the reconstructed SDF.
The reconstructed field was then resampled to the Stage 2 resolution and
forwarded to the end-to-end Stage 2 U-Net, to test the case of DrivAerML
with its parameters as input.
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Figure 4.16 presents the Dice coefficient and normalized HDgs for the ten
DrivAerML test designs evaluated using this parameter-driven configuration.
The mean Dice coefficient is 0.928, the mean normalized HDys is 0.0072, and
the mean SDF mean absolute error is 9.9 x 1072 across these designs.

DrivAerML parameter-driven Stage 1 geometry reconstruction
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Figure 4.16: Dice coefficient and normalized 95th-percentile Hausdorff distance, HDogs, for the
10 DrivAerML test designs evaluated with the parameter-driven Stage 1 branch. The mean Dice
coefficient is 0.928, and the mean normalized HDgs5 is 0.0072.

Figure 4.17 shows design 114 as a qualitative example of the same parameter-
driven reconstruction. The reference SDF and the parameter-driven recon-
struction preserve the global vehicle profile, while the absolute-error field
shows the remaining local differences. The black zero-level contours pro-
vide a direct comparison between the reference and reconstructed physical
surfaces.
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Figure 4.17: Parameter-driven Stage 1 reconstruction for DrivAerML design 114. The panels
show the reference SDF, the SDF reconstructed from the DrivAerML morphing parameters, and
the corresponding absolute SDF error on a span-normal cut. The black contours indicate the
zero level sets defining the reference and reconstructed vehicle surfaces.
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4.4.5 DrivAer findings

The DrivAerML experiment demonstrates the principal limitation of the
current voxelized representation more distinctly than the canonical and
Ahmed studies. Large and intermediate geometric scales are reconstructed
consistently, while the largest residuals are observed around thin, sharply
curved, or closely spaced features.

The additional DrivAerML evaluation using the parameter branch shows a
less accurate reconstruction than the experiment using the volumetric SDF
as an input, but it still presents an acceptable range of values for the Dice
coefficient and the normalized HDgs. The two configurations are evaluated
on different design groups, so the comparison indicates the direction of the
difference rather than a paired measurement.

4.5 Industrial Siemens Geometries

The Siemens configurations represent the most application-oriented geometry
experiment presented in this chapter. These configurations differ from the
open-source datasets in styling, proportions, local components, and data
provenance, and there is no available low-dimensional parameterization
associated with them. The Stage 1 transfer partition is defined in Chapter 3.
The metrics and qualitative examples presented here refer to the five Siemens
geometry-evaluation configurations held aside from the Siemens-only Stage 1
fine-tune described in Chapter 3.

4.5.1 Surface metrics

Figure 4.18 reports Dice and normalized HDys for the five Siemens evaluation
geometries.

The narrow range of Dice values suggests that the reconstruction of the main
industrial vehicle envelope is consistent across all evaluated configurations.

4.5.2 Longitudinal reconstruction
Figure 4.19 shows Design_5_2, Design 6_2, and Design_7_2.

All three reconstructions maintain the vehicle position, roof line, frontal
region, rear profile, and ground clearance. The highest level of agreement is
observed along the large, smooth surfaces. The most apparent discrepancies
are found around the front treatment, lower body, and small components
beneath the principal envelope, where geometric detail approaches the reso-
lution limit of the sampled SDFs.
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Figure 4.18: Dice coefficient and normalized 95th-percentile Hausdorff distance, HDgs, for the
five test set Siemens designs, sorted by Dice. The mean values are 0.969 and 0.0069, respectively.
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Figure 4.19: Longitudinal reconstruction for Siemens configurations Design 5 2, Design 6_2,
and Design_7_2. Each row shows the reference field, reconstructed field, and absolute error
with zero-contour overlays. The principal industrial vehicle profile is preserved, while the largest
localized residuals occur near front structures, the lower body, and small components.
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4.5.3 Three-dimensional reconstruction

Figure 4.20 compares the complete reference and reconstructed surfaces for
Design 6_2.
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Figure 4.20: Reference and reconstructed zero-isosurfaces for Siemens configuration Design 6_2.
The reconstruction preserves the complete industrial vehicle envelope and its principal exterior
features.

The predicted surface maintains the overall length, width, height, front
treatment, roof, and rear geometry. No significant disconnected components
are observed in the inspected reconstruction. Similar to the DrivAerML case,
the remaining errors are confined to detailed components and do not impact
the vehicle as a whole.

4.5.4 Siemens findings

The Siemens results show that the adapted Stage 1 model preserves the
primary industrial vehicle envelope, with the remaining discrepancies con-
centrated around smaller and more detailed structures.

4.6 Chapter Summary

This chapter evaluated Stage 1 independently before considering aerody-
namic prediction. The canonical sphere and ellipsoid experiments verified
that the reconstruction pipeline preserves position, scale, and anisotropy
for smooth analytical shapes and supported the use of the convolutional
architecture for the vehicle studies.

AhmedML introduced sharp edges and adjustable rear geometry.

The DrivAerML and Siemens experiments then tested the same geometric
representation on more realistic vehicle surfaces. Across these cases, the
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global vehicle envelope and the main exterior features are reconstructed
consistently, while the largest remaining discrepancies occur around sharp,
thin, closely spaced, or otherwise under-resolved components. The additional
DrivAerML-only parameter-driven evaluation confirms that the same Stage 1
framework can reconstruct realistic vehicle SDFs directly from the available
morphing parameters. These reconstructed SDFs provide the geometric
inputs for the end-to-end aerodynamic experiments in Chapter 6. Chapter 5
instead evaluates Stage 2 independently using reference SDFs.



Chapter 5

Predicting Flow Fields and Drag

This chapter evaluates Stage 2 independently using the reference signed
distance field as geometric input. The objective is to assess the SDF-to-flow
mapping before considering the complete Stage 1-Stage 2 composition in
Chapter 6.

Stage 2 predicts Uy, U, U;, and P on the 1283 Cartesian grid. The velocity
magnitude |U]| is calculated from the three predicted velocity components,
while drag is evaluated separately using the scalar regressor defined in
Section 3.4. Field errors follow the evaluation procedure of Section 3.3 and
are reported as means over the test set designs together with per-design
curves.

The chapter follows the same progression in geometric complexity used
for the geometry study: AhmedML [6], DrivAerML [7], and the industrial
Siemens configurations.

For the realistic-vehicle direct experiment, Stage 2 is fine-tuned jointly on 34
DrivAerML and 10 Siemens flow cases, for a total of 44 fine-tuning cases.
Evaluation is then reported separately on the 10-design DrivAerML direct
test set and the 10 test set Siemens configurations.

5.1 Volumetric field prediction on the Ahmed body

The AhmedML direct-flow experiment evaluates the retained Stage 2 model
on the 45 test set flow designs defined in Chapter 3. The family spans the
six geometric variables in Table 4.2 and includes markedly different rear-
flow regimes [1, 63, 38, 6], making it the first benchmark for the volumetric
aerodynamic predictor.

Per-field accuracy. Table 5.1 shows a clear pattern: streamwise velocity and
velocity magnitude are the most accurate, pressure falls in the middle, and
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Table 5.1: Direct Stage 2 field-prediction results. The reference SDF is supplied to the U-Net,
and the values are mean relative L2 errors over the test set flow designs of each dataset.

Dataset n Uy uy U, P |U|

AhmedML 45 21.77% 3.76% 16.55% 13.34% 3.81%
DrivAerML 10 28.83% 4.43% 31.92% 18.44% 4.60%
Siemens 10 33.0% 104% 36.0% 242% 10.3%

the transverse components have higher relative errors. This pattern partly
reflects the physics. The streamwise field contains broad, coherent structures
such as the freestream, velocity deficit, and recirculating wake, whereas U,
and U, are influenced more strongly by secondary motions, shear layers,
downwash, and vortical structures.

The way relative error is defined also highlights this difference. Because the
reference norms for the transverse components are usually smaller than for
the streamwise field, the same absolute difference leads to a higher relative
percentage. So, the field hierarchy should be considered along with the scale
of each reference value, not just as a direct ranking of absolute errors.

Figure 5.1 shows the distribution for each design that makes up the dataset-
level averages. The curve indicates that the average is not influenced by just
one geometry, and the same general ranking of field difficulty appears in the
test set designs.
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Figure 5.1: Per-design relative L2 errors for the AhmedML direct Stage 2 evaluation. The

reference SDF is used as input. The figure complements the 45-design mean values of Table 5.1
by showing the variation across individual test set designs.
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Detailed inspection of a test set design. Figure 5.2 shows a test set Ahmed
geometry longitudinal slice.

The prediction matches the main structures seen in the reference fields. The
streamwise component shows the wake deficit and recirculation behind the
body. The vertical field follows the upwash and downwash pattern linked to
the front and rear slant. The pressure field keeps the frontal stagnation area,
upper-surface suction, rear pressure changes, and the base-pressure structure.
The biggest differences are still found close to the body, along sharp shear
layers, and in the near wake.

These localized residuals are likely to cause significant pointwise errors. Even
a slight shift in a steep shear layer can create a noticeable absolute difference,
even if the overall wake shape stays similar to the reference. The same idea
holds true for thin pressure features near the body.

Spatial localization of the error. For the test set Ahmed designs, the
freestream and large attached-flow regions are matched with only small
differences. Bigger errors mostly appear near the rear slant, wake shear lay-
ers, underbody, and recirculation area. These spots are where sharp gradients
and changes in separation make the flow especially sensitive to the shape.
The direct Ahmed result gives a helpful baseline: Stage 2 captures the main
mean-flow pattern from the reference SDF, while the remaining errors are
focused in the most local and rapidly changing areas.
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Figure 5.2: Direct Stage 2 prediction for a selected test set Ahmed design longitudinal slice.
Rows: spanwise velocity, streamwise velocity, vertical velocity, and pressure. The streamwise field
is displayed as 1y, — U to make the wake deficit visible; the reported relative error is computed
on the full field. Columns show the input distance field, reference, prediction, and absolute error.

5.2 Volumetric field prediction on DrivAerML

DrivAerML presents a tougher Stage 2 challenge because both the geometric
detail and aerodynamic interactions are more complex.

The direct realistic-vehicle model follows the 44-case fine-tuning protocol
defined above and in Table 3.1. The results in this section refer only to the
10-design DrivAerML direct test set.

The full-vehicle geometry adds wheel wakes, underbody flow, mirrors, A-
pillars, and a rear wake shaped by many parts of the car [42, 7]. The 128°
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Cartesian grid also means some small features are near the grid’s resolution
limit [120]. As a result, the DrivAerML [7] experiment tests the flow model
with a mix of geometric, spatial-resolution, and aerodynamic challenges.

Figures 5.3 and 5.4 show typical qualitative examples of the direct SDF-to-flow
mapping. These figures help illustrate spatial behavior, not the average across
the dataset. In both examples, the prediction matches the main streamwise
acceleration and wake deficit, while the largest differences appear near the
rear shear layer, underbody, wheels, and other specific areas. The pressure
results capture the main frontal and rear loading patterns, but there are still
some small differences in more complex geometric regions.
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Figure 5.3: Representative DrivAerML direct-flow visualization on a longitudinal slice near the
symmetry plane. Rows show the streamwise, spanwise, and vertical velocity components followed
by pressure; columns show reference, prediction from the reference SDF, and absolute error. The
visualization complements the quantitative test set evaluation reported in the text.

Results. The mean values in Table 5.1 show that the streamwise component
remains relatively accurate even as the geometry becomes more complex.
Larger errors appear in pressure and the transverse velocity components.
The strongest residuals are concentrated in aerodynamically active regions
such as the wheels, underbody, mirrors, near-body shear layers, and near
wake.

This observation does not mean the error comes from just one cause. Ge-
ometry complexity, grid resolution, transfer from AhmedML, and the more
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Figure 5.4: Second representative DrivAerML direct-flow visualization, using the same layout as
Figure 5.3. The largest residuals are concentrated around the wake onset, rear shear layer, and
underbody.

complex full-vehicle flow all change together. The experiment measures their
combined effect on the direct surrogate instead of isolating each factor.

Figure 5.5 shows how the relative errors are distributed across the 10 test
set designs. The curve, along with the mean values, highlights the variation
within the evaluation group.
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DrivAerML — per-design field error, direct (reference SDF) (n=10)

35 —o— Uy (mean 4.4%)
—e— |U| (mean 4.6%)
—e— P (mean 18.4%)

—e— Ux (mean 28.8%)
301 Uz (mean 31.9%)

251

20 1 i

relative L2 error [%]

T T T T T T T T T T
1 2 3 4 5 6 7 8 9 10
test design (sorted worst — best)

Figure 5.5: Per-design relative L? errors for the DrivAerML direct Stage 2 evaluation. The curve

shows the variation across the 10 test set flow designs and complements the mean values reported
in Table 5.1.

5.3 Volumetric field prediction on Siemens geometries

The Siemens experiment tests how well the direct realistic-vehicle model
transfers to industrial data. The reference solutions use steady RANS fields,
and this section reports the 10 test set Siemens flow configurations defined
by the direct Stage 2 protocol in Chapter 3.

Industrial domain shift. Moving from the open datasets to Siemens changes
several parts of the problem at once. The vehicle shapes differ in style, size,
and detail. The CFD reference also shifts from time-averaged, scale-resolving
simulations to steady RANS. In addition, the adaptation set is much smaller
than the open-data training sets. Because of this, the Siemens experiment
examines how geometric changes, changes in the simulation model, and
limited industrial data affect the results together.

Results. Compared with AhmedML [6] and DrivAerML [7], the Siemens
errors in Table 5.1 are higher, especially for streamwise velocity and pressure.
The result reflects transfer to a different industrial geometry family and CFD
source using a limited amount of industrial fine-tuning data.

Figure 5.7 shows the distribution for each design, which adds important
context. Accuracy varies more across the industrial configurations than in
the open-data evaluations. This variation matches the combined effects of
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geometric, numerical, and data-volume differences discussed earlier, though
this experiment does not separate their individual impacts.

Figure 5.6 shows a spatial comparison for Design_5_2, one of the ten test
configurations used to compute the errors in Table 5.1 and Figure 5.7. This
example highlights the type and location of prediction discrepancies. This
configuration differs from the one shown for the end-to-end pipeline in
Figure 6.11, so the two figures do not form a paired comparison; Section 6.3
discusses the difference.
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Figure 5.6: Representative Siemens direct-flow visualization for Design_5_2 on a longitudinal
mid-span slice. Rows show the three velocity components and pressure; columns show the
reference field, prediction from the reference SDF, and absolute error. This configuration is not
among the ten test configurations of Table 5.1, and it differs from the configuration shown for
the end-to-end pipeline in Figure 6.11; the two figures should therefore not be read as a paired
comparison.

Our current industrial results show that the surrogate works well as a quick
tool for screening and inspecting flow. These predictions help us examine
large-scale flow patterns and identify designs that might need a more detailed
CFD analysis [91, 26]. To confirm how well the surrogate ranks designs, we
would need to test it on a bigger and more varied set of industrial cases.
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Figure 5.7: Per-design relative L2 errors for the Siemens direct Stage 2 evaluation. The curve
shows the distribution across the 10 test set industrial flow configurations and complements the
mean values reported in Table 5.1.

5.4 Drag coefficient prediction

Drag is assessed separately from the volumetric fields using the scalar re-
gression procedure defined in Section 3.4. The regressor operates on pooled
features extracted from the fixed Stage 2 encoder rather than integrating the
predicted volumetric fields.

Field error and drag error do not necessarily change in the same way. For
example, a small error near the body might have little effect on the overall
volumetric norm but could still influence aerodynamic loading. On the other
hand, an error far from the body might increase the volumetric error without
causing much change in drag. Also, the scalar problem uses one label per
design for supervision, instead of a detailed volumetric target.

AhmedML. The Ahmed drag regressor uses the fixed scalar partition de-
fined in Chapter 3. Feature scaling and the scalar regressors are based only
on the corresponding training group.

For the test set drag group, the direct reference-SDF setup achieves a relative
error of 3.25%. This equals a mean absolute error of 0.92 x 102 in Cp, or 9.2
drag counts. The coefficient of determination is R? = 0.575 (Figure 5.8).

The moderate R? value should be considered alongside the relatively narrow
range of Ahmed drag coefficients. Because the denominator in the R? formula
depends on the target variance, a narrow Cp distribution can lead to a lower
coefficient of determination even if the absolute error is small. For this reason,
relative error and drag-count MAE are the main metrics used here.
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Figure 5.8: AhmedML direct drag-coefficient parity. Predicted and reference Cp values are
shown for the training, validation, and test set drag groups.

DrivAerML. We evaluate DrivAerML drag using leave-one-out regression
on the 97-design scalar-regression working set [114]. For each fold, we
standardize the descriptors and fit both scalar regressors on 96 designs, then
apply them to the remaining design. The Stage 2 feature extractor remains
tixed across all folds, so the leave-one-out procedure applies only to the
scalar regressor. The 97-design collection here refers to the scalar-regression
evaluation set and should not be confused with the 34-design DrivAerML
fine-tuning subset used by the direct Stage 2 flow model.

With this approach, the direct reference-SDF setup achieves a relative error of
2.29%, a mean absolute error of 5.1 drag counts, and R? = 0.873 (Figure 5.9).
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Figure 5.9: DrivAerML direct drag-coefficient parity under leave-one-out scalar regression over
the 97-design scalar-regression working set. The Stage 2 feature extractor remains fixed across
folds.

5.5 Discussion

The direct Stage 2 results show a consistent hierarchy across the three datasets.
Streamwise velocity and velocity magnitude are predicted most accurately,
pressure has intermediate error, and the transverse velocity components are
more difficult in relative terms. The per-design curves show that these aver-
ages hide meaningful variation between individual geometries, particularly
for the industrial Siemens cases.

The transition from AhmedML to DrivAerML and then Siemens also in-
creases the difficulty of the prediction problem. Geometric detail, wake
complexity, grid resolution, transfer learning, CFD-model differences, and
available fine-tuning data change together, so the experiments measure their
combined effect rather than isolating one source of error.

The common SDF input nevertheless allows the same Stage 2 architecture to
be used across all three geometry families. The direct results in this chapter
therefore provide the reference-SDF benchmarks for the complete surrogate
evaluated in Chapter 6. Drag remains a separate scalar learning problem and
is reported only for AhmedML [6] and DrivAerML [7].
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Chapter 6

The End-to-End Surrogate

This chapter evaluates the complete Stage 1-Stage 2 surrogate on the test
set flow groups defined in Chapter 3. The aerodynamic model is fitted on
Stage 1 reconstructed SDFs, so the geometric representation used during
Stage 2 fitting is the same type used during end-to-end inference.

The evaluation includes 45 AhmedML designs, 10 DrivAerML designs, and
10 Siemens configurations. AhmedML uses the parameter-driven composi-
tion. For the realistic-vehicle transfer, the main mixed DrivAerML-Siemens
experiment uses the volumetric Stage 1 route defined previously. In addition,
DrivAerML is evaluated separately through a DrivAerML-only parameter-
driven Stage 1 route using its available morphing parameters.

6.1 From geometry to flow field: the complete pipeline

The direct results from Chapter 5 serve as the reference-SDF benchmark. For
the E2E results, a separate Stage 2 model is fitted using the SDF reconstructed
by Stage 1 as input. AhmedML uses the same test set group in the two
configurations. For Siemens, the direct and end-to-end models are each
evaluated on ten held-out configurations, six of which are common to both.
DrivAerML is different: its direct and mixed-transfer end-to-end models
use different fine-tuning-set sizes and different 10-design evaluation groups.
The additional DrivAerML-only parameter-driven experiment is reported
separately and is not included in the direct-versus-end-to-end comparison of
Table 6.1.

The effect of composition varies across the three datasets. For AhmedML, the
direct and end-to-end values are computed on the same designs; for Siemens,
six of the ten configurations are shared between the two evaluation groups.
In both cases, the changes remain moderate, showing that the aerodynamic
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Table 6.1: Direct and end-to-end field prediction. Values are mean relative L2 errors in percent.
Uyec denotes the relative L2 error of the complete three-component velocity vector. For DrivAerML,
the end-to-end row corresponds to the mixed realistic-vehicle configuration using the volumetric
Stage 1 route. The direct and end-to-end rows use different fine-tuning sizes and different
10-design evaluation groups and therefore do not form a paired comparison. The additional
DrivAerML-only parameter-driven configuration is reported separately in Section 6.2.2.

Dataset Configuration n Uy uy U, P |U| Uyec
AhmedML Direct, reference SDF 45 21.77 3.76 16.55 13.34 3.81 4.53
End-to-end 45 2091 4.27 1874 14.08 433 5.02
DrivAerML Direct, reference SDF 10 28.83 4.43 3192 1844 4.60 5.17
End-to-end 10 25.23 3.74 2761 1740 3.89 443

Siemens Direct, reference SDF 10 32.99 10.39 36.01 24.18 10.27 11.46
End-to-end 10 34.06 11.10 37.04 26.65 10.89 12.18

model continues to operate when the reference SDF is replaced by the Stage 1
reconstruction.

The DrivAerML rows require a different interpretation. The end-to-end
averages are lower than the direct averages, but the two configurations use
different DrivAerML fine-tuning sizes and different 10-design test sets. Their
numerical difference is therefore not a controlled paired estimate of the effect
of SDF reconstruction. It reflects the combined effects of geometric input
representation, fine-tuning-set size, and test-set composition.

AhmedML composition. The AhmedML end-to-end evaluation uses the
45 test set flow designs defined in Chapter 3. The dataset-level means
are reported in Table 6.1, while Figure 6.1 shows their distribution across
individual designs.

Figure 6.2 shows a spatial view of the end-to-end prediction for Ahmed
design 146. The panel compares the CFD reference and predicted velocity
magnitude and pressure on the same mid-span cut, along with the corre-
sponding absolute-error maps. For this design, the panel shows relative L2
errors of 2.70% for |U| and 9.12% for pressure.

We evaluated drag using the separate scalar protocol described in Chapter 3.
For the test set Ahmed drag group, the E2E configuration achieved a relative
error of 5.37%, a mean absolute error of 11.3 drag counts, and R% = 0.775
(Figure 6.3).

Drag from the geometric description alone. Because the drag regressor is
fitted on features of an aerodynamic network that has already been trained on
the flow fields, the field task cannot be slowed by the drag task. The relevant
question is instead whether the representation learned from the fields is more
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Figure 6.1: Per-design relative L2 errors for the AhmedML end-to-end evaluation over 45 test
set flow designs. Stage 2 receives the SDF reconstructed by Stage 1. The designs are displayed in
the worst-to-best ordering used by the evaluation figure, and the legend reports the corresponding
mean errors.

informative about drag than the geometric description itself. To answer it,
drag was also regressed directly on the eight Ahmed design parameters,
using the same regressor ensemble on the same partition as the learned
descriptor. This comparison was carried out as a separate evaluation over
the 499 designs for which both a distance field and a drag label are available,
titted on 374 and evaluated on 125, and with a Stage 1 configuration different
from the one behind the result above. Its absolute values are therefore not
directly comparable with that result, whereas the comparison between the
two descriptors, made on identical designs, is controlled (Table 6.2).

Table 6.2: Drag regressed from the design parameters and from the learned descriptor, on
identical designs and with the same regressor ensemble.

Descriptor R?* RellL2 (%) MAE (counts)
Design parameters 0.597 8.23 16.0
Learned descriptor 0.712 6.96 13.3
Parameters and descriptor 0.719 6.87 13.0

The learned descriptor is the more informative of the two, raising the co-
efficient of determination by more than a tenth and reducing the absolute
error by about three drag counts, and adding the design parameters to it
changes the result very little. The representation learned from the flow fields
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Figure 6.2: End-to-end flow prediction for Ahmed design 146. Each row contains the CFD
reference, the end-to-end prediction, and the absolute-error map. The displayed relative L2 errors
are 2.70% for |U| and 9.12% for P.

therefore carries the information contained in the design parameters and
more. It is also the only one of the two that can be formed for a geometry
with no parameter vector. A convolutional network trained end-to-end from
the distance field directly to the drag coefficient was also examined during
development and reached R? = (.68, but on a different and filtered subset of
designs, so it does not settle whether direct training could match the field-
trained descriptor on equal terms. A cleaner isolation of the benefit of field
supervision would compare against features extracted from an untrained
network of the same architecture; this was not performed.
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Figure 6.3: AhmedML drag-coefficient parity for the E2E configuration on the test set scalar-
regression group.

6.2 End-to-end accuracy on DrivAerML

6.2.1 Mixed-transfer volumetric Stage 1 route

The DrivAerML end-to-end experiment follows the realistic-vehicle protocol
defined in Chapter 3. This section reports the corresponding 10-design E2E
evaluation group, which is different from the 10-design DrivAerML direct
test set used in Chapter 5. The dataset-level means are listed in Table 6.1, and
Figure 6.4 shows their per-design distribution.

Figure 6.5 presents the field-level results for DrivAerML design 2. Similar
to the Ahmed example, the panel displays the CFD reference, end-to-end
prediction, and absolute error for both velocity magnitude and pressure. The
relative L? errors shown are 3.97% for |U| and 16.59% for pressure.

The end-to-end averages are lower than the direct averages for all five re-
ported quantities, but this is not a controlled paired comparison. The E2E
model uses a larger DrivAerML fine-tuning set, and the two configurations
are evaluated on different 10-design groups.

6.2.2 DrivAerML-only parameter-driven Stage 1 route

In addition to the mixed DrivAerML-Siemens configuration described pre-
viously, a separate DrivAerML-only Stage 1 fine-tuning experiment was
conducted using the 16 morphing parameters specific to DrivAerML. In this
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Figure 6.4: Per-design relative L2 errors for the DrivAerML end-to-end evaluation over 10 test set
flow designs. The DrivAerML geometry is represented as an SDF and enters the volumetric Stage 1
branch; the reconstructed SDF is then supplied to the E2E Stage 2 U-Net. The design-by-design
errors are displayed in the sorted order used by the evaluation figure.

setup, the parameters were provided to the parameter-driven Stage 1 branch
instead of supplying the geometry as an input signed distance function
(SDEF). The parameter vector was mapped to the learned latent representation
and subsequently decoded into the reconstructed SDF. The reconstructed
field was then resampled to the Stage 2 resolution and forwarded to the
end-to-end Stage 2 U-Net. Siemens configurations were excluded from this
Stage 1 parameter fine-tuning because they do not share the DrivAerML
morphing-parameter space.

This supplementary experiment evaluates the full DrivAerML configuration,
starting directly from the available design variables,

Iu—>¢—>q1

where y denotes the DrivAerML morphing parameters, ¢ is the reconstructed
SDEF, and q denotes the predicted aerodynamic fields.

Figure 6.6 reports the field errors over the 10 DrivAerML test designs for this
parameter-driven composition. The mean relative L? errors are 33.96% for
Uy, 7.92% for the streamwise velocity Uy, 36.56% for U, 28.07% for pressure,
and 7.97% for the derived velocity magnitude |U].

Figures 6.7 and 6.8 show DrivAerML design 114 as a spatial example of the
same parameter-driven composition. The reconstructed SDF obtained from
the 16 design parameters is used as the Stage 2 input.
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Figure 6.5: End-to-end flow prediction for DrivAerML design 2. Each row contains the CFD
reference, the end-to-end prediction, and the absolute-error map. The displayed relative L2 errors
are 3.97% for |U| and 16.59% for P.

The parameter-driven results are reported as an additional DrivAerML-only
configuration rather than replacing the mixed-transfer volumetric benchmark
in Table 6.1. They demonstrate that the same complete Stage 1-Stage 2
composition can start directly from DrivAerML design parameters when
such a parameterization is available.

Drag. DrivAerML drag is evaluated using leave-one-out scalar regression
on the 97-design scalar-regression working set [114]. The learned Stage 1
and Stage 2 representations remain fixed across all folds. The direct setup
achieves a 2.29% relative error, 5.1 drag counts MAE, and R? = 0.873, while
the E2E setup gives 3.65%, 7.8 drag counts, and R?> = 0.677 (Table 6.3 and
Figure 6.9). These values compare two fixed feature extractors produced by
their respective direct and end-to-end flow-training protocols.
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Figure 6.6: Per-design relative L? errors for the DrivAerML parameter-driven end-to-end experi-
ment over 10 test designs. Stage 1 receives the DrivAerML morphing parameters and reconstructs
the SDF before Stage 2 predicts the aerodynamic fields. For each reported quantity, the 10 errors
are independently ordered from worst to best; consequently, the same rank on the horizontal axis
does not necessarily correspond to the same design for different quantities. The mean errors are
33.96% for Uy, 7.92% for Uy, 36.56% for U, 28.07% for P, and 7.97% for |U].
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Figure 6.7: Parameter-driven end-to-end velocity-magnitude prediction for DrivAerML design 114
on a span-normal cut. The panels show the CFD reference, the Stage 2 prediction obtained from
the parameter-reconstructed SDF, and the corresponding absolute error. The displayed relative
L? error for |U| is 8.43%.

Table 6.3: DrivAerML drag-coefficient accuracy under leave-one-out scalar regression over the
97-design scalar-regression working set. The scalar regressor is refitted on 96 designs in each fold,
while the learned neural representations remain fixed.

Configuration Relative L? error MAE [drag counts] R?
Direct (reference SDF) 2.29% 5.1 0.873
E2E (reconstructed SDF) 3.65% 7.8 0.677




6.3. End-to-end accuracy on Siemens
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Figure 6.8: Parameter-driven end-to-end pressure prediction for DrivAerML design 114 on a
span-normal cut. The panels show the CFD reference, the Stage 2 prediction obtained from the
parameter-reconstructed SDF, and the corresponding absolute error. The displayed relative 12
error for pressure is 28.91%.
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Figure 6.9: DrivAerML E2E drag-coefficient parity under leave-one-out scalar regression over the
97-design scalar-regression working set.

6.3 End-to-end accuracy on Siemens

The Siemens end-to-end evaluation adheres to the joint realistic-vehicle proto-
col outlined in Chapter 3. Reconstructed signed distance functions (SDFs) are
generated using the pooled DrivAerML-Siemens volumetric Stage 1 model.
For the separate industrial geometry-reconstruction assessment, we employ
the Siemens-only Stage 1 fine-tune described in Chapter 4. The evaluation
uses ten held-out industrial configurations, six of which also belong to the di-
rect Siemens benchmark. The mean values are listed in Table 6.1. Figure 6.10
shows that the industrial configurations exhibit a wider spread of errors,
especially for the transverse velocity components and pressure.
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Siemens — per-design field error, end-to-end (reconstructed SDF) (n=10)

451 —eo— Uy (mean 11.1%)
—e— |U| (mean 10.9%)
—e— P (mean 26.7%)

404 —e— Ux (mean 34.1%)
Uz (mean 37.0%)

w
o
L

——

w
o
L

relative L2 error [%]
N
o

]
o
L

151
N k\\
T T T T T T T

1 2 3 4 5 6 7 8 9 10
test design (sorted worst — best)

Figure 6.10: Per-design relative L2 errors for the Siemens end-to-end evaluation over 10 test set
industrial flow configurations. The geometry-derived SDF is reconstructed through the volumetric
Stage 1 branch before being supplied to the E2E Stage 2 network. The configurations are displayed
in the sorted order used by the evaluation figure. The legend reports mean errors of 34.1% for
Uy, 11.1% for Uy, 37.0% for Uz, 26.7% for pressure, and 10.9% for velocity magnitude.

Figure 6.11 shows a field-level industrial example for Design_6_2. It compares
the CFD reference with the end-to-end predicted velocity magnitude and
pressure, and also includes absolute-error maps. The relative L? errors shown
are 12.50% for |U| and 26.27% for pressure.

Shape of the predicted wake. The end-to-end prediction in Figure 6.11
shows a more diffuse shear layer at the top of the wake compared to the direct
example in Chapter 5. The angle at which the flow leaves the roof is also less
clearly defined. However, the two panels show different vehicles: the direct
example uses Design_5_2, while the end-to-end example uses Design_6_2.
Because of this, they are not a direct comparison, and some of the visible
differences come from the geometry of each design. Still, the pipeline itself
may also play a role. For the industrial configurations, the geometry is
reconstructed at 643, so each streamwise cell is about 0.10 m, which is twice
the spacing of the reference field. This means the sharp upper rear edge
that sets the separation point is rounded in the reconstructed input. The
end-to-end network is trained on reconstructed, not exact, geometry, so it
may learn to make predictions that handle uncertainty in the edge position,
which could blur the shear layer that starts there. The dataset-level errors
in Table 6.1 support this idea: the end-to-end pressure error is about 2.5
percentage points higher than the direct one.
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siemens — design Design 6 2 — end-to-end flow prediction

Figure 6.11: End-to-end flow prediction for Siemens configuration Design_6_2. Each row contains
the CFD reference, the end-to-end prediction, and the absolute-error map. The displayed relative
L? errors are 12.50% for |U| and 26.27% for P.

6.4 Discussion

The end-to-end experiments test whether the reconstructed SDF can act as the
learned interface between geometry and volumetric aerodynamic prediction.

For AhmedML and Siemens, the changes in error are moderate, indicating
that the complete composition remains stable when Stage 2 operates on
reconstructed rather than reference geometry.

The additional DrivAerML-only experiment evaluates a different Stage 1
entry mechanism. Instead of beginning from a geometry-derived SDF, Stage 1
receives the 16 DrivAerML morphing parameters and reconstructs the SDF
through the parameter-driven branch before Stage 2 inference. Its mean
errors are 33.96% for Uy, 7.92% for U,, 36.56% for U,, 28.07% for pressure,
and 7.97% for velocity magnitude. This result is used to demonstrate the
flexibility of the geometric entry stage when an explicit parameterization is
available, rather than to replace the mixed-transfer benchmark.

The drag results form a separate scalar-learning problem. They show that
useful scalar predictions can still be obtained from fixed Stage 2 representa-
tions, but the direct and E2E DrivAerML drag results inherit the differences
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between their corresponding neural feature extractors.

Overall, the reconstructed SDF functions as a practical intermediate repre-
sentation in the complete surrogate. The per-design curves and field panels
show how this behavior varies across individual geometries and where the
remaining spatial discrepancies are concentrated.

6.5 Comparison with the published state of the art

AhmedML and DrivAerML provide the most relevant public benchmarks for
placing the present field-prediction accuracy in context [6, 7]. AB-UPT [3]
reports relative L? errors for pressure and for the complete three-component
velocity vector. To make the comparison consistent, the present work there-
fore uses the corresponding vector quantity Uyec rather than the derived
velocity magnitude |U], as listed in Table 6.4.

Table 6.4: Contextual comparison with published AB-UPT results on AhmedML and DrivAerML.
Values are relative L2 errors in percent; lower is better. Uyec denotes the complete three-component
velocity-vector error. The DrivAerML present-work row corresponds to the mixed-transfer
volumetric end-to-end configuration of Table 6.1; the additional parameter-driven DrivAerML-only
experiment is reported separately in Section 6.2.2. The numerical values are not treated as a strict
head-to-head ranking because the methods use different spatial discretizations and evaluation
domains.

Method Dataset Uvec P Evaluation domain
AB-UPT [3] AhmedML 190 198 CFD mesh points
This work, E2E AhmedML (n =45)  5.02 14.08 1283 fluid region
AB-UPT [3] DrivAerML 593 6.08 CFD mesh points

This work, E2E  DrivAerML (n = 10) 4.43 1740 1283 fluid region

Interpretation of the comparison. Using the complete velocity vector gives a
more meaningful comparison than using velocity magnitude. On AhmedML,
AB-UPT reports lower relative errors for both velocity and pressure. On Dri-
vAerML, the present end-to-end result has a numerically lower velocity-vector
error, 4.43% compared with 5.93%, whereas AB-UPT reports a substantially
lower pressure error, 6.08% compared with 17.40%.

These numbers should not be interpreted as a strict ranking of the two meth-
ods. AB-UPT evaluates predictions on CFD mesh points, whereas the present
framework predicts on a fixed 128% Cartesian representation and evaluates
the fluid region of that grid. The models also differ in architecture, geo-
metric representation, and experimental protocol. The comparison therefore
shows the relative accuracy level reached by each approach for the same
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physical output quantities, rather than establishing a controlled head-to-head
benchmark.

Drag coefficient. AB-UPT also measures the DrivAerML drag coefficient.
Instead of predicting Cp directly, it estimates surface pressure and wall shear
stress, then integrates these surface forces to get the aerodynamic coefficients.
The reported DrivAerML drag result is R> = 0.963 [3]. In contrast, our
framework takes a different approach by regressing Cp from pooled Stage
2 encoder features. Using the leave-one-out scalar-regression protocol, the
direct configuration achieves R? = 0.873, a relative error of 2.29%, and 5.1
drag counts MAE. The end-to-end configuration gives R? = 0.677, 3.65%,
and 7.8 drag counts. While the R? values help provide context, they are not a
direct comparison because the evaluation protocols differ. AB-UPT calculates
drag using high-resolution surface-force integration on its DrivAerML test
partition, while our method uses leave-one-out scalar regression on fixed
learned descriptors.

Position of the present work. The comparison shows a mixed accuracy pic-
ture rather than a uniform advantage for either approach: AB-UPT is substan-
tially more accurate for pressure on the reported open-source benchmarks,
while the present DrivAerML E2E result has a lower reported velocity-vector
error. The contribution of this thesis is therefore not framed as universally
superior field accuracy. It is the integration of an explicit, independently
evaluated SDF reconstruction stage with volumetric flow prediction and
transfer to an industrial Siemens geometry family through the same geomet-
ric interface. The additional DrivAerML-only parameter-driven experiment
further shows that the geometric stage can also begin directly from design
parameters when a suitable parameterization is available.

6.6 Toward deployment: accuracy requirements and
inference cost

Reference CFD cost. The computational comparison helps show how
surrogate inference fits within the context of the simulations that were used
to create the open-source datasets.

AhmedML uses a time-accurate hybrid RANS-LES approach with the Spalart-
Allmaras delayed detached-eddy model in OpenFOAM v2212. The meshes
have about 15 to 20 million cells, and the Reynolds number is 2.78 x 100
based on body length [6]. According to the published campaign, meshing
takes about 30 minutes and solving takes 48 hours on 288 CPU cores, which
is about 1.4 x 10* core-hours per design [6].
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DrivAerML uses a similar type of scale-resolving method on meshes with
about 10® cells. A typical case takes around 40 hours on 1536 CPU cores, or
about 6.1 x 10* core-hours per design [7].

These costs do not directly reflect geometric complexity. They also depend on
solver accuracy, mesh size, how the solution converges, and the computing
setup.

Surrogate inference cost. The full learned model takes about 6.5 seconds
on a single GPU to go from geometric input to reconstructed SDF and aero-
dynamic outputs, as summarised in Table 6.5. Compared to the published
AhmedML wall-clock time, this is about four orders of magnitude faster.

This speed-up is not normalized for hardware. The CFD and surrogate
timings use different machines, and the surrogate gives a learned mean-flow
approximation at the accuracy described in this thesis, not a full CFD replace-
ment. Training also has a high one-time cost and relies on a precomputed
CFD database. The main benefit comes when this cost is spread over many
later design queries [91, 26].

Table 6.5: Cost of one aerodynamic evaluation. Reference costs are those reported for the public
datasets [6, 7]; the surrogate is timed on a single GPU. The hardware is different and the table
must not be interpreted as a normalized speed-up.

AhmedML DrivAerML Surrogate
Method hybrid RANS-LES  hybrid RANS-LES 3D CNN
Mesh ~2x 107 ~ 108 128° grid

cells cells

Solution 48 h 40 h 6.5s

on 288 cores on 1536 cores on one GPU
Per design ~ 14 x10* ~ 6.1 x 10* ~2x1073

core-hours core-hours GPU-hours
Output time-averaged fields time-averaged fields mean fields, Cp

Use in the design loop. The surrogate is intended as a screening workflow
rather than a substitute for high-fidelity CFD. Its short inference time makes it
suitable for examining predicted wake and pressure patterns and identifying
designs that may require more detailed simulation [91, 26]. A larger and
more varied industrial evaluation set would still be required to validate
design ranking reliably.



Chapter 7

Conclusion and Perspectives

This thesis explored whether a learned geometric representation based on
signed distance fields can provide a practical link between vehicle geometry
and fast aerodynamic prediction. The study moved from simple analytical
shapes to AhmedML, DrivAerML, and industrial Siemens configurations,
allowing the same framework to be examined as geometric and aerodynamic
complexity increased.

The results support the use of the SDF as an explicit intermediate representa-
tion between geometric reconstruction and volumetric flow prediction. The
main findings, limitations, and possible extensions are summarized below.

7.1 Contribution

The main contribution of this thesis is an explicit two-stage surrogate in which
the signed distance field provides a common geometric interface. Stage 1
can be evaluated independently from the aerodynamic model, while Stage 2
can be assessed either from the reference SDF or as part of the complete
Stage 1-Stage 2 composition.

The geometry experiments show that the representation preserves the main
vehicle envelope across AhmedML, DrivAerML, and Siemens. The largest
reconstruction differences are concentrated around sharp edges, thin parts,
narrow gaps, and other details that approach the resolution limit of the
Cartesian grid. These results establish the geometric stage as a measurable
component of the surrogate rather than only an internal preprocessing step.

The direct aerodynamic experiments show a consistent hierarchy across
the three vehicle datasets: streamwise velocity and velocity magnitude are
predicted more accurately than the transverse velocity components, while
pressure has intermediate error. The realistic-vehicle experiments also show
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the combined influence of more detailed geometry, transfer learning, limited
industrial data, and differences in the CFD reference solutions.

The end-to-end experiments show that the reconstructed SDF can be used as
the actual Stage 2 input during both training and inference.

Drag remains a separate scalar-learning problem. The results show that
useful drag estimates can be obtained from pooled Stage 2 features for
AhmedML and DrivAerML, while no Siemens drag benchmark is reported.

A full inference from geometric input to reconstructed SDF and aerodynamic
fields takes about 6.5 s on a single GPU. This timing is not directly comparable
with the CFD wall-clock costs because the hardware and outputs differ, but
it illustrates the intended many-query use of the surrogate once the CFD
database and trained models are available.

Published comparisons also define the limits of the present work. AB-UPT
reports lower volumetric field errors, especially for pressure [3]. Our main
contribution is methodological: an independently testable geometric stage, an
explicit SDF interface between geometry and flow prediction, and a common
realistic-vehicle transfer route for DrivAerML and Siemens. Full software
integration into the Siemens SciML Sandbox remains future work.

7.2 Limitations

Spatial resolution remains a limitation. Stage 2 uses a 128> Cartesian grid,
while Stage 1 reconstructs the realistic vehicle geometries at 64° before
resampling. At full-vehicle scale, mirror supports, narrow gaps, underbody
parts, and other small features can approach the grid resolution [120].

The aerodynamic targets are limited to the mean quantities available in the
CFD data. AhmedML and DrivAerML provide time-averaged scale-resolving
solutions, while Siemens provides steady RANS fields. The surrogate there-
fore learns these mean-flow patterns rather than instantaneous turbulent
behavior such as vortex shedding, wake oscillations, or transient separation
[6, 7].

This work does not provide calibrated predictive uncertainty. Error maps
indicate where predictions differ from the reference, but they do not provide
a formal confidence estimate for a new design [51].

Drag is also a small-data scalar problem. Each geometry provides one
coefficient, while the volumetric-flow model receives spatial supervision over
the full field. The current regressor does not enforce the physical connection
between predicted pressure, wall shear stress, and total aerodynamic force,
and no industrial Siemens drag study is included.
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The industrial conclusions are limited by the 20 available Siemens config-
urations and, in particular, by the 10-design test set flow evaluation. The
reported transfer results therefore describe this industrial collection rather
than the broader variability of production vehicle families.

The SDF removes direct dependence on the original design variables, but
not on discretization or preprocessing. Bounding box, grid resolution, voxel
spacing, orientation, sign convention, and surface quality still influence the
sampled representation.

Finally, the latent representation is evaluated here as part of the reconstruction
and prediction framework, not as a generative or optimization space which
could be a next goal.

7.3 Perspectives

The next step is to validate the results more broadly in industry. Using a
larger, independent Siemens or multi-vehicle dataset would let us test trans-
fer behavior across more geometry types. This would give us a better way
to judge when the surrogate is accurate enough for engineering screening.
Expanding the dataset would also help us see whether any issues come from
limited training data or from differences in geometry, strategy, CFD setup, or
turbulence modeling. In industrial technology transfer, the surrogate model
works best as an extra tool in the simulation workflow, not as a replacement
for high-fidelity CFD. Its main advantage is that it can quickly provide aero-
dynamic feedback during design stages, when many geometries must be
compared, without requiring as many resources as a full CFD calculation.
These candidate geometries can be converted to the standard SDF format, run
through the trained pipeline, and compared based on the predicted velocity
and pressure fields. The most promising designs can then be selected for
detailed, high-fidelity simulation. A logical progression for technology trans-
fer involves integrating the developed methods into the Siemens Scientific
Machine Learning (SciML) Sandbox, as described in Chapter 1. While this
thesis focuses on the scientific development, software integration is planned
for a subsequent phase. Employing a modular approach enables geometry
preprocessing and signed distance function (SDF) construction, Stage 1 geom-
etry reconstruction, Stage 2 aerodynamic prediction, and post-processing to
be managed as distinct components. This structure maintains the stage-wise
validation strategy established in the thesis and facilitates the updating or
retraining of individual surrogate components as new industrial data become
available. For practical industrial implementation, additional software and
validation mechanisms are necessary. These mechanisms include automated
geometry quality checks, standardized coordinate and normalization con-
ventions, model and dataset versioning, monitoring of prediction errors on
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newly simulated designs, and criteria for identifying configurations outside
the training data range. Implementing these measures makes it possible
to determine when the surrogate model is suitable for rapid screening and
when a new high-fidelity computational fluid dynamics (CFD) calculation
is warranted. An additional industrial perspective involves progressively
integrating new computational fluid dynamics (CFD) data. As further in-
dustrial CFD simulations become available, these can be incorporated into
an expanding training database to update or fine-tune the surrogate model.
Consequently, the model would not remain a static predictor trained on a
fixed dataset, but would gradually adapt to new vehicle families, geometric
features, and operating conditions. Cases where the surrogate shows sig-
nificant errors or low confidence could be prioritized for new high-fidelity
simulations. This approach would establish an iterative workflow, with CFD
serving as the reference source of physical information while the surrogate
increasingly facilitates rapid screening and design-space exploration. Enhanc-
ing spatial resolution represents a promising research direction. Sparse voxel,
adaptive grid, or hybrid surface-volume models can concentrate resolution
near critical geometric and aerodynamic features without necessitating a
uniformly fine three-dimensional grid [95, 18, 11]. Additionally, surface-
aware objectives may help preserve thin geometric structures and near-body
flow features [120]. Drag prediction can be made more physically explicit
by predicting surface pressure and wall shear stress, then integrating the
resulting loads. This approach could complement or replace the current
compact scalar regressor when suitable surface labels are available [3]. The
current surrogate model predicts deterministic mean fields. Future exten-
sions could incorporate time-dependent or statistically richer outputs, such
as flow variance, wake-oscillation amplitude, spectral quantities, or selected
unsteady modes [103, 29]. Additionally, calibrated uncertainty estimation
would help identify cases where interpolation is reliable and those requiring
new high-fidelity computational fluid dynamics (CFD) calculations [51]. The
learned latent representation may facilitate future design operations. Interpo-
lation, sampling, and inverse design can be formulated within the compact
geometric space [83, 117]. In industrial applications, this approach offers a
pathway from passive prediction to assisted design exploration, contingent
upon the enforcement of geometric validity and engineering constraints dur-
ing the search. The SDF interface applies to a broader range of scenarios
than external vehicle aerodynamics alone. Finally this representation can be
integrated with various predictors to address internal flows, thermal fields,
and other simulation challenges where geometry is a primary factor.
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