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Abstract

This paper discusses an emerging area of applying machine
learning (ML) methods to augment traditional Computational
Fluid Dynamics (CFD) simulations of road vehicle aerodynam-
ics. ML methods have the potential to both reduce the com-
putational effort to predict a new geometry or car condition
and to explore a greater number of design parameters with the
same computational budget. Similar to traditional CFD meth-
ods, there exists a broad range of approaches. In particular,
the accuracy and computational efficiency of a CFD simula-
tion vary greatly depending on the choice of turbulence model
(DNS, LES, RANS) and the underlying spatial and temporal nu-
merical discretizations. Similarly, the end-user must select the
correct ML method depending on the use-case, the available in-
put data, and the trade-off between accuracy and computational
cost. In this paper, we showcase several case studies using var-
ious data-driven ML methods to highlight the promise of these
approaches. Whilst these case studies are not comprehensive
investigations of the underlying methods and do not include all
possible ML approaches (i.e., physics-driven), they highlight
the ability of these models to in general predict new designs in
near real-time (i.e., less than 5 seconds), after typically less than
1 hour of training on a single GPU. There still exists a need for
high quality training data from traditional CFD methods and
high-fidelity CFD simulations to validate the ML predictions.
Thus, ML approaches should be seen as tools to augment tra-
ditional CFD methods rather than to replace them. While this
work focuses on preliminary studies, future work will look at
more comprehensive real-world/industrial-size calculations for
the more promising technologies identified here.

INTRODUCTION1

Computational Fluid Dynamics (CFD) is widely used through-2

out the automotive industry as a key design tool, alongside3

wind-tunnels and road tests. It is used to design the external sur-4

faces to achieve the required aerodynamic characteristics, i.e.,5

performance and stability. In addition, CFD is used for aeroa-6

coustics [1], thermal loading [2], heating, ventilation and air7

conditioning (HVAC) [3], soiling and contamination [4], bat-8

tery design [5] to name a few. Given that CFD is so widely used9

throughout the automotive industry, there is a constant drive to10

develop new methods that can provide greater accuracy com-11

pared to wind-tunnels and road tests, and greater computational12

efficiency, i.e., faster and ideally at a lower computational cost13

[6]. Efforts such as the Automotive CFD Prediction Workshop14

(AutoCFD 1) [6, 7, 8] have helped to establish the current state15

of the art for road-car external aerodynamics, and provided di-16

rections for academia and industry on where efforts should be17

focused to improve both accuracy and computational efficiency.18

For almost all of the CFD methods used to date to study road car19

aerodynamics using finite-volume/element/differences [9, 10]),20

there exists a link between accuracy, speed and cost. With few21

exceptions, it is generally not possible to significantly increase22

accuracy (that is generalizable and not use-case specific) with-23

out also increasing the speed and cost. Therefore, academia and24

industry have in general split their efforts into one or both of the25

following two directions.26

1. High fidelity, accurate, reproducible simulation methods,27

which provide low levels of error compared to physi-28

cal testing. These simulations cost from thousands to29

tens of thousands of dollars per run and take days to30

weeks to run on 100-1000s of servers. Examples include31

hybrid Reynolds-Averaged Navier-Stokes (RANS)-Large-32

Eddy Simulation (HRLES), wall-modelled LES (WM-33

LES) of external aerodynamics over a complete road-34

vehicle [11] or directly resolving the aeroacoustics of a35

component [12].36

2. Low-medium fidelity simulation methods, which allow the37

1http://autocfd.eng.ox.ac.uk
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end-user to explore thousands of designs at a lower cost38

compared to higher-fidelity methods. These need to have39

an acceptable error compared to physical tests (the best de-40

signs from this tool are typically verified using the higher-41

fidelity tool) and run as fast as possible, with a significantly42

lower cost than high-fidelity tools. Current state-of-the-43

art low-medium fidelity design tools still take hours on44

10-100s servers at a cost of typically tens to hundreds of45

dollars (which is case dependent). An example includes a46

steady-state RANS [6] simulation of a complete road ve-47

hicle as part of a Design of Experiments (DoE) workflow48

exploring 100s of different options. As we discuss later,49

ML methods are particularly well suited to playing a sim-50

ilar role to these low-medium fidelity methods, given their51

ability to predict new designs in near real-time.52

Significant work has been done to speed up both high and53

low-medium fidelity approaches by utilizing the latest High-54

Performance Computing (HPC) hardware (e.g., GPUs, arm64-55

based processors [13]) and offering software through the cloud56

to reduce HPC hardware bottlenecks [14]. In addition to im-57

proving the computational performance and efficiency of these58

approaches, there has been work to explore different turbulence59

modelling approaches [6] (e.g., WMLES, Hybrid RANS-LES)60

and alternative numerical algorithms e.g., high-order finite-61

element [15], discontinuous Galerkin (DG) methods [16], and62

high-order Cartesian finite differences and volumes [17]. De-63

spite these advances, there remains a link between accuracy,64

cost and time to result. With novel approaches, e.g., Carte-65

sian finite-differences based upon Navier-Stokes [17] or Lattice66

Boltzmann [18], if the mesh is refined to achieve greater ac-67

curacy, there is an unavoidable increase in computational cost,68

even if the run time itself can be kept low via access to large69

HPC facilities. Likewise, if reducing computational time and70

cost is key then accuracy is lost either through the need to move71

to lower fidelity methods, e.g., RANS. or due to insufficient72

spatial or temporal resolution.73

Whilst continuing improvements in HPC software/hardware74

and novel algorithms lead to an increase in computational ef-75

ficiency, in recent years [19] there has been a desire to study76

whether ML techniques can be an alternative path to achieve77

computational efficiency (typically ML methods do not directly78

improve the accuracy compared to traditional CFD methods).79

In general, two main approaches have emerged: data-driven and80

physics-driven [20].81

• Data-driven: use machine learning techniques to learn the82

solutions or solution operator of partial differential equa-83

tions (PDEs) [21], e.g., program the ML model in a su-84

pervised manner to minimize the difference between the85

‘true’ solution and the predicted solution. The ‘true’ solu-86

tions can become available by using traditional solvers or87

by experimental measurements. Examples of these data-88

driven approaches that are trained on supervised simula-89

tion data include message-passing graph neural networks90

(GNNs) [22, 23], e.g., MeshGraphNets [24, 25, 26] and91

pure data-driven Neural Operators [27, 28, 29, 30].92

Whilst in these approaches the physics is not explicitly em-93

bedded into the ML model (e.g., the loss function), given94

sufficient training data (which is case-dependent), some95

suggest that the physics can be implicitly learned because96

the training data itself is based upon physics [31]. To date,97

it has not been robustly established if this is true or the98

amount of training data that would be required. Recent99

works [32, 33] have also identified failure cases at infer-100

ence time.101

• Physics-driven: use machine learning techniques to solve102

specific PDEs and study how to incorporate known physics103

into the learning process. One common approach in-104

cludes adding the PDE as a soft constraint or regular-105

izer to the loss function in Physics-Informed Neural Net-106

works (PINNs) [34] and Physics-Informed Neural Opera-107

tors (PINO) [35]. In [36, 37], the authors identify chal-108

lenges during the optimization of these soft-constrained109

approaches. Recent work has studied adding these equa-110

tions as hard constraints including enforcing the PDE in111

the network architecture [38], the integral form of conser-112

vation laws [32] and boundary conditions [33].113

In this paper, we mainly focus on using data-driven methods114

to show the promise of offering significant speed ups in both115

raw prediction/inference time. At its heart is the hypothesis that116

this computational efficiency arises from 1) the near real-time117

of predicting a new design (or boundary condition), i.e., the in-118

ference step as referred to by the ML community, using modest119

CPU or GPU resources resulting in a cost of less than $1. 2) the120

cost to train the model, which use-case specific, is less than or121

equal to a low-medium fidelity CFD run, i.e., hours on modest122

GPU resources at typically a cost of less than $100. Ultimately,123

the break-even point of when these ML approaches are more124

cost efficient than traditional CFD approaches is dependent on125

the amount of training required and whether these simulations126

need to be run as part of the normal process. For example, con-127

sider the scenario when thirty simulations are to be run regard-128

less during a road-car design project. Any further simulations129

can be run using a trained ML model, and then there is a strong130

cost savings from any simulations after the first thirty. On the131

other hand, if only five simulations are going to be run (which is132

not enough to train a model), the extra cost to run the additional133

twenty-five simulations to train a model may not be returned if134

there is not enough demand to run many more design points us-135

ing the trained ML model. Whilst this paper does not answer136

this specific question and is the subject of on-going work, we137

aim to illustrate why there is such strong interest in these meth-138

ods to motivate further investigations and research.139

The paper is organised as follows. Firstly, we describe the140

datasets used throughout the work. We then focus on three141

case studies that look at image-based approaches using convolu-142

tional neural networks (CNNs), mesh-based using graph neural143

networks (GNNs) and U-Nets to predict Key Performance In-144

dicators (KPI), i.e., lift and drag coefficients and full flow field,145

respectively. Lastly, our final case study examines the use of146

Generative AI in the design and mesh generation process. We147

then conclude with overall conclusions and future thoughts.148
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DATASETS149

In order to conduct experiments on the various ML approaches,150

we utilize two datasets that represent simplified versions of CFD151

outputs used within a typical road-car aerodynamics environ-152

ment whilst also representing good benchmarking datasets. Ta-153

ble 1 provides an overview of the dataset statistics. See Ap-154

pendix A for the details on the dataset generation. It should be155

noted that a limitation of this papers work is that the four meth-156

ods described in the paper were not run on the same dataset,157

as they were conducted in different points of time for differ-158

ent purposes. Thus whilst future work will aim to use a single159

dataset to provide a fairer comparison, in this work we cannot160

truly compare method I vs II fairly and thus the purpose of the161

paper is to show that there exists a range of methods rather than162

trying to state which one method has the best accuracy.163

Case Study Dataset # Train / Validation # Nodes/Sample
I - KPI DrivAer 10 / 3 N/A
I - 2D Slices DrivAer 10 / 3 N/A
II DS-DrivAer* 15 / 4 ∼17k
III Motorbike 463/30 (no k-fold x-val) ∼2M (1283)
* Down-sampled DrivAer dataset.

Table 1: Summary of datasets used for each case study.

DRIVAER We use the open-source DrivAer geometry [39],164

which thanks to the support from major automotive OEMs has165

grown over recent years to become the defacto open-source166

model for the automotive aerodynamics community. It contains167

realistic road vehicle geometry configurations, e.g., body styles168

(fastback, estate back, notchback), wheel designs, and under-169

body designs. Figures 1a and 1b illustrate a comparison of dif-170

ferent body styles. For this preliminary work, we built up to 22171

various body configurations and ran CFD simulations to obtain172

3D flow-field outputs, 2D images outputs in the x, y and z di-173

rections as well as forces and moments. These 22 variations are174

listed in Appendix A, Figure 11 and are based upon the exist-175

ing parts that end-users can download from the DrivAer TUM176

website 2. In order to more closely match industry practices,177

we ran all the simulations using a hybrid RANS-LES approach178

with grids of up to 300M cells (see Appendix A for details of179

the simulation setup). It is important to note that the authors in180

collaboration with other groups, are at the time of writing this181

paper, in the process to generate a much larger dataset contain-182

ing 500 variations of the DrivAer model that will help the com-183

munity to study this case with much higher fidelity. This work184

to generate a larger dataset is part of the AutoCFD4 workshop185

and thus interested readers can find more at workshop website186

3 as well as future publications on this topic. Considering this187

note, the work shown in this paper is very much preliminary in188

nature.189

MOTORBIKE The motorbike geometry within the Open-190

FOAM simpleFOAM tutorial [41] has become a widely used191

open-source test-case to test CFD approaches. Figure 2 illus-192

trates one base bike model. We follow the simpleFoam tutorial193

2https://www.epc.ed.tum.de/en/aer/research-
groups/automotive/drivaer/geometry/

3http://autocfd.eng.ox.ac.uk

(a) Estate with detailed underbody and closed tires.

(b) Notchback with detailed underbody and open wheels.

Figure 1: Different body styles in the DrivAer dataset [40].

within OpenFOAM, i.e., k − ω RANS simulation from Open-194

FOAM to generate the training data. It is common for industrial195

RANS simulations of road-cars and motorbikes to contain tens196

of millions of cells for accuracy purposes. In our simulations,197

we use a coarser grid given that the main objective is to high-198

light the ability of the ML model to match the CFD data, rather199

than requiring high-fidelity CFD data to accurately match ex-200

perimental or wind-tunnel data. For the motorbike cases, each201

unstructured mesh is approximately 700k hex-dominated cells,202

which is converted to a structured grid of ∼ 2M (1283) through203

interpolation.204

Figure 2: Base bike model geometry and dimensions.

CASE STUDIES205

In this section, we provide four case studies ranging from appli-206

cations of image-based methods to mesh-based methods for KPI207

and full-flow field predictions as well as the use of GenAI meth-208

ods to generate new road-car geometries. Table 2 shows the209

summary of the training and inference costs for each case study210

and Table 3 shows the Amazon Elastic Compute Cloud (EC2)211

resources used on Amazon Web Services. See Appendix B for212

the hyperparameters used in each experiment and Appendix C213

for additional experimental results including solution profiles,214

error plots and loss curves.215
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Case Study Model Name Instance Type Training Time (mins) Training Cost Inference Time (secs) Inference Cost
I-KPI Modified PointNet p3.2xlarge 20 1.02 USD 5 0.004 USD
I-2D Slices PointNet+CNN-VAE p3.2xlarge 240 12.24 USD 5 0.004 USD
II MeshGraphNets g5.16xlarge 11 0.75 USD 2.2 0.0025 USD
III U-Net p3.2xlarge 720 (180 per variable (x4)) 36.72 USD 1.5 0.0012 USD

Table 2: Summary of training and inference cost for each case study.

Amazon EC2 Instance Name GPU/CPU type GPU memory CPU memory CPU cores cost in USD per-hour
p3.2xlarge x1 Nvidia Tesla V100 16GB 61GB 8 vCPUs 3.06*

g5.16xlarge x1 Nvidia A10g 24GB 256GB 64 vCPUs 4.096*

hpc6a.48xlarge Dual-Socket AMD Milan N/A 384GB 96 CPUs 2.88**

c4.8xlarge Haswell E5-2666 v3 N/A 60GB 36 vCPUs 1.591*

* on-demand pricing in us-east-1
** on-demand pricing in us-east-2

Table 3: Details of Amazon EC2 instances used for dataset generation & ML training and inference.

CASE STUDY I: IMAGE-BASED PREDICTION OF THE216

DRIVAER DATASET USING POINTNET217

Problem Statement & Objectives Within the automotive and218

motorsport sectors, it is common practice to automate the post-219

processing of CFD cases to obtain both forces and moments,220

i.e., Cl, Cd as well as select flow parameters, e.g., the velocity,221

vorticity and total pressure coefficients (CpT ) on 2D slides in222

the x, y and z planes. These quantities are typically exported as223

images in common formats and help end-users to visualize the224

flow-field in a repeatable manner with lower storage require-225

ments compared to visualizing the full 3D solution. Because226

of limited data storage, often the full solution is deleted after227

a certain time and only the images are kept for future analysis.228

For this reason, in this case study we explore how to use these229

images (as well as the geometry) as inputs to the ML algorithm.230

The aim being to predict an unseen geometry and produce both231

forces and moments as well as 2D slices of velocity and the232

CpT . We use the DrivAer dataset in Table 1 with the STL of233

the vehicle and the png images of the resulting flow-field along234

the x-direction as inputs to the model.235

Computational Implementation and Results236

KPI prediction We adapt the PointNet [42] algorithm, which237

is generally used for object classification, to perform regression238

on point cloud data. This is achieved by replacing the softmax239

classification loss with the Mean Squared Error (MSE) loss.240

The model, which we refer to as Modified PointNet, takes as241

an input a fixed size scattered point cloud ((x, y, z) points)242

and outputs the Cd value (or in theory any relevant force or243

moment). During training, at each epoch we randomly sample244

2048 points on the surface of each CFD mesh in the batch. We245

train the model for 500 epochs with an Adam optimiser on an246

Amazon EC2 p3.2xlarge instance (see Table 3). For the pure247

KPI prediction, training completed in under 20 minutes, result-248

ing in a cost of training of 1.02 USD (see Table 2).249

To validate the model, we perform the k-fold cross validation250

procedure with k = 15 different train/validation data splits. The251

validation set accuracy metrics are as follows: Cd is predicted252

with a Mean Percentage Error (MPE) of 1.72% and a Mean253

Absolute Error (MAE) of 4.6× 10−3 averaged over the folds.254

We then test the model on three unseen test datasets. Table 4255

shows the Mean Squared Error (MSE) and the MAE for the Cd256

values for geometries in this test set.257

Figure 3 visualizes the actual against the predicted Cd values258

and shows that the accuracy is valid for a number of datapoints.259

The time to predict the unseen geometries is 5 seconds on an260

Amazon EC2 p3.2xlarge instance (see Table 3), resulting in an261

inference cost of 0.004 USD (see Table 2).262

We generate the training dataset using a hybrid RANS-LES263

transient method that takes more than 24 hours to run on several264

thousands cores of an Amazon EC2 hpc6a.48xlarge instance265

(see Table 3) at a cost of > 1000 USD per run. Hence, the in-266

ference and training costs represent a very small fraction of the267

total cost. It is also worth comparing the cost of the Modified268

PointNet against a steady-state RANS version of this DrivAer269

case, which can be run in 8 hours on 384 cores (using the Ama-270

zon EC2 hpc6a.48xlarge instance) with a coarser mesh, i.e., ∼271

60M cells. Even in this scenario of the traditional CFD simula-272

tion costing ∼ 100 USD per run, the total training and inference273

cost of the ML method is still 100× cheaper. Given the ML ap-274

proach only predicts the KPI, whereas the CFD solver produces275

the whole 3D flow-field, it is arguably not a truly fair compari-276

son. From a pragmatic point of view of a designer only caring277

about the downstream task of obtaining the drag or lift coeffi-278

cient, it is still a useful comparison.279

2D image slice prediction For the purpose of 2D image slice280

prediction, we modify the PointNet approach discussed for the281

KPI prediction model. Here, we target predicting 2D image282

slices of the Total Pressure Coefficient (CpT ). Engineers use283

this quantity to better understand the underlying aerodynamic284

phenomena affected by the novel design. Precisely, we aim to285

predict 9 CpT slices, which are each 192×96 pixels, distributed286
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MSE MAE
Test Run 1 2.19× 10−6 1.48× 10−3

Test Run 2 4.37× 10−6 2.09× 10−3

Test Run 3 2.96× 10−5 5.44× 10−3

Average 1.21× 10−5 3.00× 10−3

Table 4: Mean Squared Error (MSE) and Mean Absolute Error
(MAE) for the predicted Cd values in the test sets using Mod-
ified PointNet for the unseen DrivAer test datasets. Test 1,2,3
corresponds to run 3,7 & 11 in Figure 11

Figure 3: Actual vs Predicted Cd using the Modified PointNet
[42] algorithm for the DrivAer Dataset.

(a) CFD (b) PointNet + CNN-VAE

Figure 4: Comparison of the CFD results (left) and the Modified
PointNet+CNN-VAE reconstructed CpT slice (right).

longitudinally across the vehicles.287

First, we build a Convolutional Variational AutoEncoder (CNN-288

VAE) [43, 44] to compress the 9× (192× 96) image slices into289

a 64× 1 representation. Unlike traditional autoencoders, which290

map the input onto a latent vector, VAEs map the input data291

into the parameters of a probability distribution; the mean and292

variance of a Gaussian. This approach produces a continuous,293

structured latent space, which allows us to perform image gen-294

eration by sampling from the probability distribution. We train295

CNN-VAE trained over 1000 epochs with an Adam optimiser296

(see Table 6 in Appendix B for a full list of the hyperparameters)297

on an Amazon EC2 p3.2xlarge instance (see Table 3). Training298

completed in 4 hours at a cost of 12.24 USD (see Table 2). Note299

that the time can be decreased by using a more powerful GPU300

instance.301

Next, we train the previously mentioned Modified PointNet302

model to regress the 64x1 CNN-VAE probability distribution303

parameters. For inference, we sample the decoder of the CNN-304

VAE with the predicted probability distribution parameters to305

obtain the CpT slices.306

Figure 4 shows an example of an image of a reconstructed CpT307

slice after compressing and reconstructing it through the CNN-308

VAE. There is some minor blurriness, especially around the309

edges of the flow field. This is common with VAEs and arises310

as a result of the Gaussianity assumption and thus the l2 loss.311

See Figure 14 in Appendix C for additional CpT slices and the312

corresponding error plots.313

Similar to the KPI prediction case, the inference cost is negli-314

gible given that it is less than 5 seconds on an Amazon EC2315

p3.2xlarge instance (see Table 3) at a cost of 0.004 USD (see316

Table 2). If we do our cost analysis against a traditional CFD317

run, we note that the inference time and cost is still many or-318

ders of magnitude decreased. The training cost for this 2D319

image slice prediction becomes more significant as we doing320

more than just predicting a KPI. It is still 3× cheaper including321

both training and inference than for a RANS run (and still many322

times cheaper against a high-fidelity simulation). Clearly, the323

more predictions that are made the larger the savings over the324

traditional CFD approach become.325

Future Outlook As discussed in the introduction, the targeted326

area for these data-driven ML methods is as low-medium fi-327

delity methods, e.g., RANS simulations rather than the high-328

fidelity methods, e.g., HRLES or WMLES [11].329

This case study largely confirms this hypothesis as the fidelity330

of the reconstructed flow field is good enough for a conceptual331

design phase, where an engineer is examining the high-level ef-332

fects the geometry has on the flow field. Towards the rear of the333

vehicle, where complex 3D turbulent effects govern the flow334

field, the quality of the reconstruction is lower. Based on these335

results, we expect that with a larger training dataset, more ro-336

bust image encoding techniques (e.g., VQ-VAE [45]), and po-337

tentially the use of some physics-informed regularisation [34]338

or constraints [32, 33], the quality of the reconstruction can be339

increased.340

A major drawback of this Modified PointNet method is that the341

point cloud approach can be inefficient in resolving all of the342

geometry details. More importantly, without transfer learning,343

inference can only produce data at the 2D slices that was pro-344

vided during the training, i.e., if the end-user wants to look at a345

slice that was not computed or trained upon, they cannot. This346

means the method is less flexible to the end-user. Ideally, the347

end-user may want to be able to use the underlying mesh from348

the CFD method and predict both forces and moments as well349

as the 3D flow field. We explore this mesh-based use-case in350

our next case study.351

CASE STUDY II: MESH BASED PREDICTION OF THE352

DRIVAER DATASET USING MESHGRAPHNETS353
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Problem Statement & Objectives In the previous case study,354

we focused on using images as the input, given the logic that355

many end-users store their simulation outputs as images. As356

discussed in the previous subsection, this limits the flexibility of357

the trained model to predict on slices not in the training set. It358

also has limits on the resolution, given that the images are often359

not detailed enough to pick up small flow features. We also360

discussed how the use of a point cloud to represent the geometry361

has its disadvantages due to it being inefficient to resolve all of362

the geometry details (which can be many on a realistic road-car363

geometry).364

In this case study, we focus on using the actual unstructured365

CFD mesh as the input to the model. Compared to im-366

ages, this means the training data is comparably larger (i.e.,367

GBs ratheer than KBs). Mesh-based Graph Neural Networks368

(GNNs) [23, 24] are viable approaches for modeling high res-369

olution unstructured meshes. In particular, MeshGraphNets is370

a GNN-based method that learns simulation mesh data and is371

proposed for transient simulation modeling [24]. In this Case372

Study, we adapt MeshGraphNets for steady-state KPI predic-373

tion on mesh-based geometries. Note that steady-state data is374

more readily available than transient data since saving incre-375

mental time steps greatly increases data volumes. In the origi-376

nal Encoder-Processor-Decoder architecture, the Decoder takes377

the node updates from the processor and maps it to changes378

in velocity and acceleration using a separately learned fully-379

connected network. In our architecture, the processor is fol-380

lowed by a global graph max pooling layer. This returns a381

batch-wise graph-level-output by taking the channel-wise max-382

imum across the node dimension. The output of this layer is of383

fixed shape equal to the hidden-dimension of the processor. Our384

decoder is then a simple fully connected layer to the shape of385

the KPI vector.386

We initially set the goal to predict four different aerodynamic387

Key Performance Indicators (KPI): drag coefficient (Cd), lift388

coefficient (Cl), rear-axle lift coefficient (Clr), and front-axle389

lift coefficient (Clf ). The model inputs are 19 DrivAer car ge-390

ometries [40]. The large input mesh size increases training time391

and limits the number of message passing layers in the model392

due to the memory constraint. To overcome the memory chal-393

lenges and reduce the training time, we down-sample the data394

to ∼17k nodes (see DS-DrivAer in Table 1).395

Computational Implementation and Results We implement396

5-fold cross validation to generate the train and validation sets.397

The model is trained on a Amazon EC2 g5.16xlarge instance398

(see Table 3) for 1000 epochs. We tune the hyperparameters399

(see Table 7 in Appendix B) through an iterative process con-400

sidering a trade-off between computational cost and accuracy.401

The training time for each fold is less than 11 minutes, resulting402

in a cost of ∼ 0.75 USD per fold (see Table 2).403

We test the trained model with 3 unseen geometries to demon-404

strate its generalizability. Figure 5 visualizes the actual vs. pre-405

dicted values for the unseen data. Table 5 shows the Mean406

Square Error (MSE) and Mean Absolute Error (MAE) for each407
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Figure 5: Actual vs. predicted KPIs using the MeshGraphNets
model [24] on the down-sampled DS-DrivAer dataset.

KPI. These small errors demonstrate the potential and effective-408

ness of this model for KPI predictions.409

We see that compared to the PointNet approach discussed in the410

first case study, the accuracy is similar (7.37×10−5) for Cd and411

the time and cost to predict the model is also similar. The time412

to train the model is naturally dependent on the number of nodes413

on the surface. Using the downsampling technique, the training414

time is slightly lower than that of the PointNet approach. For415

larger meshes the time (and cost) will increase.416

MSE MAE
Cd 7.37× 10−5 7.30× 10−3

Cl 23.23× 10−5 12.54× 10−3

Clf 8.44× 10−5 9.15× 10−3

Clr 3.97× 10−5 4.98× 10−3

Table 5: MeshGraphNets model error analysis on the 3 unseen
test geometries of the DS-DrivAer dataset.

Future Outlook In this case study, we have demonstrated417

promising results on small-scale examples consisting of lever-418

aging MeshGraphNets [24] for KPI prediction using the surface419

mesh of the geometry. Various difficulties arise when scaling420

the MeshGraphNet model to full flow field predictions (out-421

putting node pressure and velocity fields) on industrial-sized422

real-world 3D cases. In preliminary work, we have so-far iden-423

tified the following three challenges:424

1. Memory constraints in scaling from canonical test cases in425

academic papers, which typically have a few thousand of426

nodes per graphs in 2D to 10-100s of millions of nodes per427

graph in 3D;428

2. Most available historical data of already run simulations is429
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steady state and not transient. This departs from the orig-430

inal assumed implementation of MeshGraphNet [24] with431

limited examples in the literature of implementing Mesh-432

GraphNet on steady state data [?];433

3. Message propagation in the network needs to travel far-434

ther to go the same spatial distance on finer meshes due435

to the need to pass messages from non-local nodes to local436

nodes. Decreased message passing layers can lead to larger437

errors and hinder model convergence as the minimum edge438

length decreases [23, 25]. This arises both because of the439

task of predicting steady state (vs. transient) and the larger440

scale.441

We will discuss these challenges as well as initial results in fu-442

ture papers dedicated specifically to this area of large-scale 3D443

flow-field prediction that is highly relevant to the road-car aero-444

dynamics community.445

CASE STUDY III: APPROXIMATING MOTORCYCLE446

AERODYNAMICS USING 3D U-NETS447

Problem Statement & Objectives In the prior subsection, we448

used the MeshGraphNets [24] approach to compute KPIs and449

discussed its ability to predict full flow field.450

In this case study, we demonstrate an alternative approach to451

predicting a full flow field case using a U-Net architecture452

[46, 47] on the Motorbike dataset in Table 1. In contrast to453

the MeshGraphNets approach, the U-Net approach operates on454

structured grids, which requires an interpolated resampling of455

unstructured meshes (∼700k hex-dominated cells) to a (∼2M456

node) structured grid as an additional step.457

This requirement to use structured grids as an input can be seen458

as one of the disadvantages of the U-Net approach, given how459

common unstructured meshes are in the CFD community. Nev-460

ertheless, it still represents a commonly used ML algorithm that461

is insightful to explore.462

Computational Implementation and Results We train the U-463

Net using 500 simulations with variants of the base motorbike464

and a chosen resolution of 2,097,152 points (grid nodes, 1283)465

for capturing key geometric features of the bike. For each of466

the variables, i.e., pressure p and each component of the ve-467

locity, i.e., (ux, uy , uz), we train separate models in parallel for468

computational efficiency. The training data generation takes ap-469

proximately 30 minutes on an Amazon EC2 c4.8xlarge instance470

per simulation running in parallel with a total cost of ∼ 400471

USD. The general runtime for each training session is between472

2-3 hours on a V100 GPU (a total runtime of ∼ 12 hours across473

all 4 models) on an Amazon EC2 p3.2xlarge instance (see Table474

3) amounting to a total cost of ∼ $36 (see Table 2).475

We test the predictions from the trained model on an unseen476

variant of the original bike, i.e., with differences in roll, pitch,477

yaw and affine stretches in the x, y, z directions. Inferences478

take approximately 1.5 seconds (see Table 2) on a Amazon EC2479

p3.2xlarge instance (see Table 3), yielding a 800-1200x speedup480

over the individual CFD simulations used to generate the train-481

ing data.482

Figure 6: Pressure (top, left) and velocity magnitudes (top,
right) for CFD (left), U-Net (middle) and error (bottom) on a
side-view slice of the Motorbike dataset.

Figure 6 shows the side view of the bike. The pressure values483

show a strong match between the CFD simulations and U-Net484

predictions, except near the wall regions of the bike. The ve-485

locity magnitude map shows qualitatively that the U-Net pre-486

dictions are able to capture the main flow features; however,487

there is a sharper structure in the momentum deficit region. The488

CFD results also show a small recirculation region (small blue489

area) above the tail of the pipe which is not present in the U-Net490

predictions. The U-Net predictions generally exhibit sharper491

transitions in velocity. Improving the velocity regularization to492

avoid these sharp transitions regions may improve the quality of493

predictions. For alternate slices, see the front view of the bike494

in Figure 16 in Appendix C, which shows the strongest corre-495

spondence between the CFD results and U-Net predictions, with496

discrepancies occurring only near the surface of the geometry.497

Future Outlook This work presented to date, while prelimi-498

nary in nature, does highlights the computational efficiency of499

using an example ML method to predict a full 3D flow-field.500

Below we discuss the main challenges that we observed during501

this case study and that are common to other current data-driven502

approaches.503

Purely data-driven approaches, as shown in this case study, can504

result in physical constraints not being satisfied, e.g., violat-505

ing the divergence-free (conservation of mass) constraint here.506

Adding the divergence of velocity to satisfy incompressibility507

7



and Laplacian of pressure as a regularization to smooth the pres-508

sure contours in the loss function during training ala PINNs [34]509

or enforcing conservation as a hard constraint [32] may help510

overcome these violations. In addition, our approach creates a511

hierarchy of individual models per variable. The physics gov-512

erning equations (incompressible Navier-Stokes) imply strong513

interdependencies between these variables. Future work in-514

cludes exploring a more coupled approach. Lastly, capturing515

geometric details and internal boundaries is another limitation516

of the present approach. Due to the voxelization of the solid517

geometry and surfaces on bike, some surface features are lost.518

In order to accurately capture intricate surface details, unstruc-519

tured grid methods using GNNs [22, 23] or MeshGraphNets520

are being actively explored [24], as discussed in the prior sub-521

section.522

For all the previous case studies, producing a large-scale train-523

ing dataset has been a challenge. Geometry and mesh genera-524

tion, that is manually creating parametric meshes or CAD mod-525

els, requires significant human effort. An area that can play a526

role in making ML methods easier to incorporate into a road-527

car design process is generating synthetic geometry and meshes528

using Generative AI techniques (e.g., Stable Diffusion [48] or529

NeRF [49]). Hence, we explore this area in the next case study.530

CASE STUDY IV: GENERATING CAR GEOMETRIES US-531

ING STABLE DIFFUSION532

Problem Statement & Objectives In this case study, we ex-533

plore the use of Generative AI (GenAI) in the current pipeline534

of engineering simulations. The use of GenAI to conduct auto-535

motive design space exploration has been explored before [50].536

In our case study, we include image-to-3D-mesh generation,537

which opens the possibility of running full 3D CFD simulations538

on the generated designs. The generated meshes can then be539

used in downstream simulations or to train ML models. The540

goal of this case study is to parametrically modify the aerody-541

namic design of a road vehicle while retaining design philoso-542

phies from existing cars.543

Computational Implementation and Results Figure 7 illus-544

trates the overall workflow. Specifically, the process is guided545

by a physics-informed workflow, where the drag coefficients546

of intermediate designs are computed using CFD simulations547

[41]. The initial design is perturbed using Stable Diffusion [48],548

which takes the original image as input with a prompt to make549

the design more aerodynamic (purely from text interpretation550

without physics-guided denoising). The resulting variant im-551

ages are first converted to point clouds using bootstrapped Neu-552

ral Radiance Fields (NeRF) [49]. The point cloud data is then553

reconstructed into a mesh using Neural Kernel Surface Recon-554

struction (NKSR) [51]. This mesh is then used as input to the555

CFD simulation. We rank the designs using the resulting drag556

coefficients. The best design is used in place of the initial image557

to produce variants in the next generation cycle of the workflow.558

In order to evaluate the methods and workflow, a stock image of559

Figure 7: Overall workflow for Generative AI automotive de-
sign to improve aerodynamics.

a sedan is used as the input image to the Stable Diffusion model560

(see Cycle 1 in Figure 8). This design progressively changes561

by subtly adopting different design elements through the gen-562

erational cycles. Cycle 20 in Figure 8 shows the resulting best563

design of each generation.564

Figure 8: Progressive design changes given a stock image of a
sedan showing improvements in drag coefficient.

During the NeRF stage of each cycle, the 2D image generated565

through Stable Diffusion is converted into a point cloud. Figure566

9 shows an example of this process, where the density of the567

point cloud is highest at the sides and lowest towards the cen-568

terline of the car. This is due to information deficiency away569

from the side-view of the car and interpolation in those regions.570

Overall, the point cloud captures the rough shape of the car. In571

this chosen case, the NeRF algorithm predicts an open rear win-572
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dow, and loses detailed information on the side-view mirror.573

Figure 9: This series of images represent the mesh generation
design cycle. From top left, an image is used to create a point
cloud (bottom left) using NeRF [49], colored by height. As
shown in the top right, once again colored by height, a surface
mesh generated from this point cloud using NKSR [51], and
shown as a wire frame mesh in the bottom right.

In the next stage, the point cloud is converted into a surface574

mesh. Figure 9 illustrates an example of the surface recon-575

struction procedure using Neural Kernel Surface Reconstruc-576

tion (NKSR) [52]. Compared to CAD quality meshes, the re-577

sulting surface topology appears smoothed and not sufficiently578

detailed. This particularly occurs near the side-view mirrors,579

which amplifies the discrepancy seen in the NeRF stage. There580

is also a dent in the rear window, consequent to the observation581

of an open window during the NeRF stage of the workflow.582

Lastly, CFD simulations are run on the resulting 3D mesh to583

obtain drag coefficients, using similar setup to the previous case584

study. Figure 10 shows the best drag coefficients for each gen-585

eration cycle. While the decrease is not monotone, there is a586

general downward trend in the drag coefficient going from Cy-587

cle 1 to Cycle 20, demonstrating the potential for our method588

to provide gradual design change suggestions that can improve589

efficiency of automotive vehicles.590

Figure 10: Plot of drag coefficient for each of the best designs
across generations.

Future Outlook In this case study, we have shown that visual591

generative AI models, e.g., stable diffusion, and recent com-592

puter vision methods, e.g., NeRF and NKSR, which incorpo-593

rate generative adversarial networks (GANs) show promise in594

the conceptual design process. There still remain several limi-595

tations in going from an image to a high quality 3D mesh.596

The stable diffusion model only provides the side view of the597

car, hence in the first stage of the pipeline depth variations are598

not captured. Based on this modified side profile, the GAN599

embedded within the NERF image-to-3D pipeline captures the600

depth change based on prior training data from the foundational601

training dataset with similar side views, introducing a variation602

in depth, however this is not reliable. Additionally, the complex603

geometries of the under-body, wheels and wheel wells are not604

captured in the generated 3D mesh.605

By training foundation models to improve the fidelity of re-606

construction [53], and improving text-to-3D methods [54], this607

is expected to improve significantly. Using such tools, non-608

parametric generative design with a physics-based workflow,609

can aid conceptual designers in automotive, motorsport and610

other industries.611

CONCLUSIONS612

In this paper, we present four different case studies in the emerg-613

ing area of applying machine learning to augment traditional614

Computational Fluid Dynamics (CFD) simulations.615

Whilst the results of these case studies are preliminary in na-616

ture, without a consistent training dataset, these methods do617

show promise, particularly in terms of computational efficiency618

compared to traditional CFD methods. In general, we see or-619

ders of magnitude improvements in cost-to-solution in the pre-620

diction/inference step, which does not vary greatly whether the621

prediction is a KPI or a full flow field. The training time, which622

varies depending on what the model is predicting, is still typ-623

ically less than the cost of a single CFD run. This represents624

an acceptable cost provided that training data is available. Fur-625

ther work is required to demonstrate the accuracy of these meth-626

ods. This work includes exploring the addition of physical con-627

straints and the application of these methods to industrial-sized628

cases. These challenges have not yet been addressed in the629

available public literature. Overall, this work highlights both630

the promise of these ML methods as well as the need to explore631

a number of different algorithms depending on the desired out-632

puts to predict.633
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APPENDIX A - DATASET GENERATION872

DRIVAER We built 22 different variants of the DrivAer using873

the differing parts available from the TUM website4 to cover a874

broad range of body styles. In particular, the geometries com-875

bined fast back, estate back and notch back bodies, closed and876

open-wheel covers and detailed or flat smooth under bodies.877

These were then meshed using approximately 300M cells us-878

ing unstructured prismatic-hex dominant cell types. Simula-879

tions were run using a SA-DDES based hybrid RANS-LES ap-880

proach and run for approximately 2s of flow-time (averaging881

over the last 1st). The inlet velocity was set to 40ms−1 with882

corresponding wheel rotation and ground velocity to match. All883

other farfield walls were set to a symmetry condition to replicate884

an effective free-air condition. Outputs were then produced for885

forces and moments as well as time-averaged qualities for the886

full flow-field as well as 2D slices in x, y and z directions in887

.png format.888

MOTORBIKE We used OpenFOAM 23.06 [41, 55] to com-889

pute the flow field around the vehicle. We built an unstructured890

hex-dominated mesh with prismatic boundary layer cells using891

blockMesh and SnappyHexMesh from the .obj file we gener-892

ated in the previous step. We intentionally opted for lower re-893

finement levels than what is typically employed in industry (we894

can increase these levels as required). Our mesh count was ap-895

proximately one million cells, on average – this changes slightly896

4https://www.epc.ed.tum.de/en/aer/research-groups/automotive/drivaer/

Figure 11: Inputs parts for the 22 DrivAer variants from
the TUM website (https://www.epc.ed.tum.de/en/aer/research-
groups/automotive/drivaer/geometry/)

depending on the geometry itself. To accelerate the CFD part897

of the process we restricted ourselves to steady-state RANS898

simulations using the k-omega SST model (for industrial ap-899

plications you could extend this to use hybrid RANS-LES or900

WMLES methods, which have a higher fidelity). Finally, in901

our setup we used the simpleFoam solver based upon the semi-902

implicit method for pressure-linked equations (SIMPLE) algo-903

rithm. In order to generate the motorbike dataset, the base mo-904

torbike geometry is subject to affine deformations and rotations905

500 times, with each being a test case. The roll, pitch, yaw, and906

X, Y, Z stretches are shown in Figures 12 and 13 respectively.907

The corresponding points within the training data, validation908

data and the test data point used in the main text, within Figure909

6 are shown in these figures.910

Angles

Figure 12: The non-commutative angles used to generate the
dataset, showing the split between training, validation and test
cases for the motorbike example.

Each motorbike test case was run with a fixed freestream veloc-911

ity of 20 ms−1.912

The SnappyHexMesh utility in OpenFOAM is used to mesh the913

volume around the motorbike (see Figure 2) and results in a914

mesh of approximately 700k cells per simulation. Each simu-915

lation was run until convergence was reached in both the drag916

coefficient and the residuals - typically around 2000 iterations.917
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Stretch Ratios

Figure 13: The stretches used to generate the dataset, showing
the split between training, validation and test cases for the mo-
torbike example.

APPENDIX B - EXPERIMENTAL DETAILS918

CASE STUDY I: IMAGE BASED PREDICTION OF THE919

DRIVAER DATASET USING POINTNET Table 6 displays920

the hyperparameters for the PointNet model for the image-based921

DrivAer case study.

Hyperparameter Selected Value
Number of encoder layers 8
Latent size dimension 512
Learning rate 5e-4
Weight decay 0
Optimizer Adam
Batch Size 1
Number of epochs 2000

Table 6: Hyperparameters for the image-based PointNet [42]
model in the down-sampled DrivAer (DS-DrivAer) KPI case
study.

922

CASE STUDY II: MESH BASED PREDICTION OF THE923

DRIVAER DATASET USING MESHGRAPHNETS Table 7924

summarizes the hyperparameters for the MeshGraphNet model925

for the DrivAer KPI prediction case study using the mesh data.926

Hyperparameter Selected Value
Number of message passing layers 10
Number of hidden layers 10
Processor hidden dimension 256
Learning rate 2e-3
Weight decay 0.005
Optimizer Adam
Batch Size 1
Number of epochs 1000

Table 7: Hyperparameters for the MeshGraphNets [24] model
used in the DrivAer case study.

CASE STUDY III: APPROXIMATING MOTORCYCLE927

AERODYNAMICS USING 3D U-NETS Table 8 shows the928

hyperparameters for the U-Net model on the Motorbike case929

study.930

Hyperparameter Selected Value
Encoder Layers 8
Decoder Layers 8
Learning rate 2e-4
Weight decay 1e-5
Optimizer Adam
Batch Size 5
Max Iterations 9000
Number of epochs 90

Table 8: Hyperparameters the for U-Net [46] model in the Mo-
torbike case study.

CASE STUDY IV: GENERATING CAR GEOMETRIES US-931

ING STABLE DIFFUSION Table 9 shows the hyperparame-932

ters used in the Generative AI case study. Note that most of the933

models used here are foundation models, and only NeRF [49]934

was fine-tuned with the Pascal3D car dataset [56].935

Hyperparameter Selected Value
Stable Diffusion

Strength 0.35
Guidance Scale 0.55

NeRF
Inversion Steps 250
Iterations 250
Resolution 310

NKSR
Voxel Size 0.1
Kernel Dim 4
Tree Depth 4
UNet Maps 32
Optimizer Adam
Learning Rate 1.00E-04

Table 9: Hyperparameters for the Stable Diffusion 2.1 [48],
NeRF [49] and NKSR [52] models used in the generative AI
mesh generation case study.
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APPENDIX C - ADDITIONAL EXPERIMENTAL RE-936

SULTS937

CASE STUDY I: IMAGE BASED PREDICTION OF THE938

DRIVAER DATASET USING POINTNET Figure 14 illus-939

trates a comparison of the predicted CpT slices (left), actual940

(middle) and absolute errors (right) for several chosen test sam-941

ples. We see that the error is concentrated around the boundary942

of the surface.943

Figure 14: CFD CpT , PointNet+CNN-VAE predicted CpT and
error analysis for an example in the DrivAer [40] test dataset.

CASE STUDY II: MESH BASED PREDICTION OF THE944

DRIVAER DATASET USING MESHGRAPHNETS Figure945

15 shows the training (blue) and validation loss (orange) for the946

MeshGraphNet [24] model on the down-sampled DS-DrivAer947

dataset on the KPI prediction downstream task. This plot shows948

that the training loss is less than the validation loss as expected949

and that the model has converged around 500 epochs.950
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Figure 15: MeshGraphNets model loss for DrivAer dataset.

CASE STUDY III: APPROXIMATING MOTORCYCLE951

AERODYNAMICS USING 3D U-NETS Figure 16 shows952

another slice of the front view of the Motorbike, which com-953

pares the pressure, velocity magnitudes and errors between the954

CFD simulation and the U-Net prediction.955

Figure 17 shows the training and validation losses for the un-956

known pressure p over 9000 iterations. We see that the loss957

decreases from approximately 350 after 10 iterations to approx-958

imately 40. There is non-monotonic behavior with a spike in959

error around 8000 iterations, which may be related to the dou-960

ble descent phenomena [57]. Similarly, this figure shows the961

asymptote of the validation score of MSE evaluated over the962

control volume, which includes the entire region of air simu-963

lated around the bike, going from approximately 125 to 30.964

In incompressible flow, for continuity and mass balance, the965

flow has to be divergence-free (i.e. divergence of velocity is966

0) [58]. This is generally the case in numerical simulations ex-967

cept due to unconverged iterations or numerical artifacts (coarse968

meshes). However, this information is not present in the ML969

training as a constraint, hence by plotting the divergence it is970

possible to quantify the unphysical regions of the ML predic-971

tions. This information is shown in Figure 18.972
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Figure 16: Differences in pressure (left) and velocity magni-
tudes (right) for CFD (left), U-Net (middle) and error (bottom)
on a front-on view slice of the Motorbike dataset.
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Figure 17: Training losses and validation scores for the pres-
sure p during iterations for the U-Net model on the motorbike
dataset.

Figure 18: Divergence of velocity shows that the unconstrained
U-Net predictions violate the incompressibility condition on the
Motorbike dataset. Note that there are numerical artefacts due
to the spatial interpolation of the OpenFOAM solution onto a
structured grid and first-order finite differences used for calcu-
lating the divergence.
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