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Abstract

We present DrivAerNet++, the largest and most comprehensive multimodal dataset
for aerodynamic car design. DrivAerNet++ comprises 8,000 diverse car designs
modeled with high-fidelity computational fluid dynamics (CFD) simulations. The
dataset includes diverse car configurations such as fastback, notchback, and es-
tateback, with different underbody and wheel designs to represent both internal
combustion engines and electric vehicles. Each entry in the dataset features de-
tailed 3D meshes, parametric models, aerodynamic coefficients, and extensive flow
and surface field data, along with segmented parts for car classification and point
cloud data. This dataset supports a wide array of machine learning applications
including data-driven design optimization, generative modeling, surrogate model
training, CFD simulation acceleration, and geometric classification. With more
than 39 TB of publicly available engineering data, DrivAerNet++ fills a signifi-
cant gap in available resources, providing high-quality, diverse data to enhance
model training, promote generalization, and accelerate automotive design pro-
cesses. Along with rigorous dataset validation, we also provide ML benchmarking
results on the task of aerodynamic drag prediction, showcasing the breadth of
applications supported by our dataset. This dataset is set to significantly impact
automotive design and broader engineering disciplines by fostering innovation and
improving the fidelity of aerodynamic evaluations. Dataset and code available at:
https://github.com/Mohamedelrefaie/DrivAerNet

1 Introduction

Car design is a complex and iterative process requiring close collaboration between designers, who
focus on aesthetics, and engineers, who ensure the design meets performance constraints. One
of the key challenges is achieving a balance between aesthetic appeal and aerodynamic efficiency,
which directly impacts fuel consumption. With stricter fuel consumption regulations for internal
combustion engine (ICE) cars and increased range requirements for battery-powered electric vehicles
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(a) Data modalities of DrivAerNet++. Top row: differ-
ent data representations; middle row: CFD simulation
results; bottom row: annotated car components.

(b) Selected samples from DrivAerNet++ showing di-
versity in shape with different car designs (fastback,
estateback, and notchback), wheels con�gurations, and
underbody con�gurations.

Figure 1: Data modalities and shape variations in the DrivAerNet++ dataset.

(BEVs) [48, 9, 46], ensuring ef�cient car aerodynamics has become crucial. As a result, there is
signi�cant interest in developing machine learning methods for modeling car aerodynamics.

Data-driven approaches can signi�cantly shorten the process needed before obtaining performance
estimates, which typically involves generating the 3D mesh, ensuring watertightness and simulation
readiness, performing CFD meshing, de�ning the solver and boundary conditions, running the CFD,
and postprocessing the results. By streamlining these steps, data-driven methods enhance ef�ciency
and expedite the design process. This enables designers to explore various ideas with real-time,
accurate performance estimates, ultimately enhancing outcomes with greater design freedom. Recent
advances in geometric deep learning methods [59, 58, 57, 1, 41, 68, 63, 7] have demonstrated their
ability to estimate performance values from CFD rapidly, facilitating interactive design modi�cations.
However, these methods are often restricted to simple problems due to a lack of public datasets,
which limits their broader applicability.

Existing datasets frequently focus on simpler 2D cases [8, 66, 23, 6, 70, 41, 31] or simpli�ed 3D
models [7, 57, 45, 69, 60, 63, 68], often excluding critical components like wheels, mirrors, and
underbodies. As highlighted by [34], including these elements signi�cantly affects aerodynamic
performance, resulting in a notable increase in drag. This was evidenced by increases in the drag value
of approximately 142% in CFD simulations and 120% in wind tunnel experiments. This underscores
the crucial role of comprehensive 3D modeling in achieving accurate aerodynamic assessments. In
addition, around 25% of a passenger car's aerodynamic drag is attributed directly or indirectly to
its wheels [10]. Furthermore, many large-scale datasets [63, 69] lack experimental validation of the
baseline simulation with physical wind tunnel tests and validation of the individual convergence of
each simulation.

There is a notable lack of public, large-scale, and multimodal car datasets, which hinders progress
in data-driven design. This stands in contrast to other �elds, where standardized datasets such
as ImageNet [19], ObjectNet3D [75], ModelNet [74], and ScanNet [17] have driven signi�cant
advancements.

We address these challenges with the DrivAerNet++2 dataset (see Figure 1). The DrivAerNet++
dataset represents a signi�cant advancement over its predecessor, the original DrivAerNet dataset [24]
with the integration of 4,000 diverse car shapes to its collection. This enhancement doubles the
dataset's volume to a total of 8,000 industry-standard car designs and notably elevates the simulation
�delity with a more complex cell structure (24M cells, as opposed to 8-16M in the original dataset).
Furthermore, DrivAerNet++ expands its utility by incorporating detailed 3D �ow �eld data, paramet-
ric data, aerodynamic performance coef�cients, and part annotations. The dataset encompasses a

2https://github.com/Mohamedelrefaie/DrivAerNet
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wide range of geometries and con�gurations, covering most conventional car design categories and
including both detailed underbodies for traditional ICE cars and smooth underbodies for electric cars.

2 Related Work

Large-scale, diverse, and high-�delity datasets are essential for advancing deep learning methods
for CFD and engineering design, offering standardized data that aid in the development, validation,
and comparison of new methodologies. Emerging datasets like AirfRANS [8], BubbleML [32],
Lagrangebench [67], and BLASTNet [14] have signi�cantly contributed to the machine learning
community in �uid mechanics by providing comprehensive data for training and benchmarking. In
engineering design, datasets such as AircraftVerse [15] offer detailed and diverse con�gurations of
aerial vehicle designs, helping engineers validate new design strategies and ensure high performance.
However, there still exists no large-scale dataset for 3D shapes that combines both high-�delity CFD
simulations with engineering design speci�cally tailored for car aerodynamic design.

Table 1: A comprehensive comparison of various aerodynamics datasets, highlighting key aspects
such as dataset size, the inclusion of aerodynamic coef�cients (Cd, Cl ), velocity (u), pressure (p),
wall-shear stress (� w ) �elds, wheels/underbody modeling, parametric study capability, number of
design parameters, shape variation, experimental validation data, multimodality, and open-source
availability. M refers to 3D meshes,PC to point clouds,P to parametric data,A to part annotations,
andC to CFD data.yDataset is based on ShapeNet [12]. * There exists experimental data from wind
tunnel tests for validation.

Dataset Size
Aerodynamics Data Wheels/

Underbody
Modeling

Parametric Design
Parameters

Shape
Variation

Experimental
Validation

Modalities Open-
source

Cd C l u p � w

Usama et. al 2021 [70] 500 " % % % % % " 40 (2D) % % P %

Li et. al 2023 [45]* 551 " % % " " % " 6 (3D) % % M,P,C %

Rios et. al 2021 [60]y 600 " " % % % % % - % % M,PC %

Li et. al 2023 [45]y 611 " % % " " % % - " % M,C %

Umetani et. al 2018 [69]y 889 " % " " % % % - " % M,C "

Gunpinar et. al 2019 [31] 1,000" % % % % % " 21 (2D) % % P %

Jacob et. al 2021 [39]* 1,000 " " " % " " " 15 (3D) % " M,C,P %

Trinh et. al 2024 [68] 1,121% % " " % % % - % % M,C %

Remelli et. al 2020 [57]y 1,400 % % % " % % % - " % M,C %

Baque el al. 2018 [7] 2,000" % % % % % " 21 (3D) % % M,P %

Song et. al 2023 [63]y 2,474 " % % % % % % - " % M "

DrivAerNet [24]* 4,000 " " " " " " " 50 (3D) % " M,PC,C,P "

DrivAerNet++ (Ours)* 8,000 " " " " " " " 26-50 (3D) " " M,PC,C,P,A "

The comparison presented in Table 1 supports our motivation by highlighting the lack of open-source
datasets that encompass a comprehensive range of features for data-driven aerodynamic design. This
gap underscores the necessity for datasets that not only provide high-�delity simulations but also
ensure experimental validation to con�rm the accuracy and reliability of the computational models.
DrivAerNet++ addresses these needs by including multiple data modalities (3D meshes, point clouds,
CFD data, parametric data, and part annotations), and considers the modeling of rotating wheels and
underbody. While DrivAerNet [24] was based on a single car category, DrivAerNet++ incorporates a
variety of car designs and categories.

In the following, we highlight the limitations of the existing datasets:

• Lack of diversity: The datasets from [39, 45, 24, 7, 22, 62] are based on the same parametric
models, resulting in generated cars that stem from the same car designs. This lack of diversity
limits the generalization capabilities and creativity in design exploration.

• Small dataset size:In the engineering design process, changes are not limited to simple
geometric parameter adjustments but often involve adding or removing entire components. A
signi�cant limitation is the availability of high-quality, watertight meshes necessary for CFD
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simulations. Most existing datasets [45, 58, 69, 22] are either based on ShapeNet [12], which
contains very few car designs suitable for CFD and features meshes with low resolutions
compared to what is typically used in academia or industry for car aerodynamic design, or
are based on morphed geometries from single designs like the Ahmed body [2] or DrivAer3

body. Consequently, most existing datasets are relatively small, typically on the order of
hundreds, with the largest being [63] with 2,474 cars.

• Lower simulation �delity: Due to the expensive computational cost of running high-�delity
CFD simulations, there is a trade-off between dataset size and simulation �delity. As a
result, existing datasets, such as [63, 7, 57, 58, 70, 31], used low simulation �delity, which
reduces practical utility.

Our dataset, DrivAerNet++, attempts to provide both design variations and diversity, and simulation
�delity, making it highly suitable for conceptual design stages. This balance ensures that designers
can explore a wide range of aerodynamic concepts without sacri�cing the quality of the simulations.

3 Dataset Presentation

Baseline geometry generation In automotive aerodynamics, production cars are typically classi�ed
into three categories based on the air�ow patterns at their rear end [35, 36]: estateback, fastback, and
notchback cars. To ensure our dataset covers the entire design space of most conventional car designs,
we created multiple parametric models with different designs based on the DrivAer model [49].

Figure 2: Baseline models from which the paramet-
ric models of DrivAerNet++ are derived, demon-
strating a range of shape designs and con�gura-
tions. Variations include estateback, fastback, and
notchback car body types alongside different under-
body con�gurations such as smooth and detailed.
Wheel options are presented with closed, open, de-
tailed, and smooth styles.

This includes various rear con�gura-
tions—fastback, estateback, and notch-
back—each leading to different wake structures
and �ow �eld patterns. Additionally, we have
varied the wheels, incorporating both open and
closed designs, as well as smooth and detailed
options. For the car underbody, we included
both detailed underbodies typical for ICE cars
and smooth underbodies suitable for electric
cars (see Figure 2). By exploring various rear,
wheels, and underbody con�gurations, we aim
to provide a comprehensive understanding of
their aerodynamic impacts, thus supporting the
development of more robust and generalizable
deep learning models. For the creation of the
parametric models, we utilized the commercial
software ANSA® to de�ne 26 geometric pa-
rameters, allowing us to morph these parametric
models, resulting in a large-scale dataset of
3D cars. Our goal was to develop a procedural
generator that creates topologically valid car designs, ensuring each design meets the necessary
requirements for evaluation by CFD solvers and usability by automotive designers.

High-resolution 3D industry-standard designs Our design curation involved selecting valid car
con�gurations followed by detailed CFD simulations to evaluate aerodynamic performance. We
aimed to create a balanced dataset that encompasses a wide variety of car designs, ensuring coverage
of diverse aerodynamic performance metrics and aesthetic considerations. Figure 3 shows a subset
of the design parameters used for the generation of the DrivAerNet++ dataset. By de�ning a lower
and upper bound for each parameter and morphing the baseline parametric model, we ensure a
comprehensive and well-de�ned representation suitable for engineering applications and simulations.
Our design methodology is diversity-preserving, ensuring that optimization does not result in overly
similar designs. To achieve this, we employed Optimal Latin Hypercube sampling for the Design
of Experiments (DoE). Speci�cally, we used the Enhanced Stochastic Evolutionary Algorithm

3The DrivAer model [35, 49] is a well-established conventional car reference model developed by researchers
at the Technical University of Munich (TUM). It combines features of BMW 3 Series and Audi A4 designs,
bridging the gap between simpli�ed models and complex proprietary designs.
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(ESE) [18] to ensure ef�cient sampling of the design space. Using these steps, DrivAerNet++ is
signi�cantly more diverse than DrivAerNet [24].

Figure 3: Design parameters for the generation of the DrivAerNet++ dataset. Several geometric
parameters with signi�cant impact on aerodynamics were selected and varied within a speci�c range.
These parameter ranges were chosen to avoid values that are either dif�cult to manufacture or not
aesthetically pleasing. The car sketch is adapted from [34].

Comparison of mesh resolutions across large-scale datasetsHere we compare the mesh reso-
lution on car surfaces across different existing large-scale datasets. The results are summarized in
Table 2. The mesh resolution comparison highlights the varying levels of detail used in different
large-scale datasets for aerodynamic simulations. DrivAerNet++ (ours) provides the highest mesh
resolution, ranging from 350,000 to 750,000 cells, ensuring detailed representation of car surfaces
for accurate simulations. In contrast, other datasets like the Ahmed body by Li et al. (2023) [45]
and ShapeNet (Song et al., 2023 [63]) use lower resolutions, with 100,000 cells and 30,000–50,000
cells, respectively. This �ner mesh resolution in DrivAerNet++ enables better �delity in aerodynamic
analyses, particularly for capturing intricate details crucial for engineering design.

Table 2: Comparison of mesh resolutions on car surfaces in large-scale datasets.
Dataset Mesh Resolution on Car Surface
DrivAerNet++ (Ours) 350k to 750k cells
Ahmed body (Li et al., 2023) [45] 100k cells
ShapeNet (Song et al., 2023) [63] 30–50k cells
ShapeNet (Umetani et al., 2018) [69] 10k cells

CFD mesh generation For the mesh generation, we utilized the open-source SnappyHexMesh
utility [ 50]. Following the best meshing practices [33, 56, 34], we ensured that our meshes accurately
model boundary layer interactions. Each mesh consists of 24 million cells in total, with 500-750k
cells speci�cally dedicated to the car surface, ensuring detailed meshing for the car body and wheels
to accurately capture the necessary aerodynamic phenomena. For comparison, the largest dataset
after DrivAerNet [24] and DrivAerNet++, introduced by [63], which has 2474 car designs, used
about 2 million cells for each CFD simulation. All technical details regarding the meshing process
and validation are provided in the supplementary.

Automated high-�delity CFD simulations We employed the open-source software OpenFOAM®
v11 [30] to conduct steady-state incompressible simulations using thek-! SST turbulence model,
based on Menter's formulation [47]. We ran quality checks for the generated geometries to ensure
they were simulation-ready and correctly aligned within the CFD domain, followed by quality checks
for the CFD meshing, and �nally, checks to ensure the convergence of each CFD simulation. In
total, we generated an additional 4,000 simulations to our recently published DrivAerNet dataset [24],
encompassing various designs, �ow behaviors, turbulence, and separation phenomena.

Computational cost Running the high-�delity CFD simulations for DrivAerNet++ required sub-
stantial computational resources. The simulations were conducted on the MIT Supercloud, leveraging
parallelization across 60 nodes, totaling 2880 CPU cores, with each CFD case using 256 cores and
1000 GBs of memory. The full dataset requires39 TB of storage space, and the total number of �les
for the CFD simulations amounts to 834,332. The job parallelization was managed using MPI [20],
ensuring ef�cient distribution of computational tasks. The simulations took approximately3 � 106

CPU-hours to complete.
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Dataset structure Our dataset represents car designs using multiple modalities to ensure compre-
hensive coverage and ease of use in various applications.

• 3D Car Designs: We provide 3D STL meshes ideal for engineering design, CFD analysis,
design optimization, and generative AI applications.

• ANSA® 3D Parametric Models: Provided to enable researchers to generate their own
datasets and incorporate custom parameters as needed for speci�c research objectives.

• Tabular Parametric Data: Each 3D car geometry is parametrized with 26 parameters that com-
pletely describe the design. This data can be used for parametric regression, classi�cation,
and design feature importance analysis.

• Aerodynamic Performance Data: Includes force coef�cients such as dragCd, lift (total Cl ,
rearCl;r , front Cl;f ), and momentCm values, both mean and standard deviation.

• CFD Data: Includes raw and post-processed data, 3D full �ow �eld information with
velocity and pressure, surface �elds with pressure and wall shear stress, streamlines around
the car body, and 2D slices.

• Point Cloud: Representations uniformly sampled over the car surface in 5k, 10k, 100k, 250k,
and 500k nodes.

• Annotated Labels: For both car designs and segmentation of different car components
of each individual car, useful for tasks such as object detection, semantic segmentation,
parametric studies, and automated CFD meshing.

Figure 4 shows a comparative analysis of aerodynamic performance across various design con�gura-
tions and categories, highlighting the diversity and size of our dataset.

Figure 4: The scatter plots in the top row illustrate the relationship betweenCd andCl for different
con�gurations: the �rst plot shows the in�uence of underbody con�gurations, comparing detailed
versus smooth underbodies typically used in electric cars. The second plot highlights the impact of
design aesthetics and style across car categories (notchback, fastback, and estateback). The third plot
examines the effect of different wheel con�gurations, emphasizing the signi�cance of small geometric
modi�cations on aerodynamics. The density plots in the bottom row show the distribution ofCd
for the same con�gurations, providing a detailed view of how these design elements and categories
in�uence aerodynamic ef�ciency.

We provide detailed metadata for the DrivAerNet++ dataset using the Croissant format [3] to
ensure comprehensive documentation and ease of use for the research community. We also include
datasheets for datasets [29], and the dataset is provided under the Creative Commons Attribution-
NonCommercial (CC BY-NC) license. DrivAerNet++ will be hosted on the Harvard Dataverse
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Repository to ensure optimal accessibility and systematic data management. Since the 39 TB of data
might pose challenges for data sharing and access, we also provide subsets of our dataset tailored for
different tasks, with detailed metadata included to facilitate usability.

Scaling up the dataset size vs simulation �delity Scaling the dataset size in engineering design
and CFD poses signi�cant challenges due to the high computational and storage requirements.
Despite these challenges, we argue that our simulation �delity, mesh size, and the use of thek-!
SST turbulence model are suf�cient for the initial design stages. The results shown in Section 5.1.2
and in our previous work [24] highlight the importance of scaling the training dataset size for
better generalization to unseen new designs. While hybrid RANS-LES methods with mesh sizes
of O(100M ) [4, 5, 22] cells provide more accurate turbulence modeling, their computational cost
and storage demands are prohibitive. Thek-! SST model offers a balanced approach that supports
the scaling of training dataset sizes for deep learning models. Our dataset surpasses all open-source
datasets and most literature in terms of simulation �delity and size, enabling good coverage of the
design space and providing insights into various design strategies.

Leveraging multi-�delity data and transfer learning for ef�cient surrogate model development has
shown promising results, as demonstrated by [25] for �ow �eld prediction and by [65] for multi-
�delity shape optimization. Utilizing large-scale and diverse datasets like DrivAerNet++ facilitates a
comprehensive examination of the design space. Subsequent �ne-tuning on higher �delity datasets
from hybrid RANS-LES simulations can further improve predictive capabilities. This approach
mirrors strategies in the broader deep learning community, demonstrating the synergy between data
scale and model re�nement for signi�cant performance enhancements.

4 Benchmarking Setup

In this paper, we explore various machine learning tasks, speci�cally focusing on surrogate modeling
(regression) of aerodynamic drag (Cd). This study is distinctive as it is the �rst to benchmark diverse
models using a large-scale, diverse, and high-�delity dataset. While previous research [24, 39, 45,
7, 69, 70] typically limits comparisons to a single car design or category, our approach, in contrast,
enables fair and generalized comparisons across models by employing a comprehensive and publicly
accessible dataset, showcasing real-world applicability and performance in automotive aerodynamics.

Metrics and visualization We assess different models' performance using several metrics: Mean
Squared Error (MSE) quanti�es the average squared differences between predicted and actual values,
making it sensitive to large errors. Mean Absolute Error (MAE) measures the average magnitude
of errors and is less affected by outliers. Maximum Absolute Error (Max AE) identi�es the largest
prediction error, indicating worst-case accuracy. The Coef�cient of Determination (R2 Score)
represents the proportion of variance explained by the model, with a value of 1 indicating a perfect
�t. Lower MSE and MAE values, along with a higherR2 score and a lower Max AE, indicate
more accurate predictions. ForCd estimation, an MAE of less than 0.005 compared to wind tunnel
measurements is considered acceptable [61, 39].

5 Benchmarking Results

5.1 Surrogate modeling of the aerodynamic drag

In the conceptual and initial phases of car design, the aerodynamic drag coef�cient is a critical metric
as it indicates design ef�ciency and impacts driving range. Therefore, having accurate and rapid
drag estimates is crucial in the design process. In this section, we introduce two approaches for
aerodynamic drag prediction: �rst, using 3D geometric deep learning with 3D meshes, and second,
using automated machine learning based on the parametric dataset.

5.1.1 Aerodynamic drag prediction from 3D meshes using geometric deep learning

Here, we test different geometric deep learning models (PointNet [55], GCNN [44], and
RegDGCNN [24]) implemented in PyTorch [51] and PyTorch Geometric [27] for the task of surrogate
modeling of aerodynamic drag, highlighting the importance of dataset diversity and scaling. Speci�-
cally, we train models using different representations, including graph-based and point cloud-based
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models. A different approach from previous studies [39, 22, 45, 7] is taken by training the models on

Table 3: Comparative analysis of deep learning models for aerodynamic drag prediction on the test
set from the DrivAerNet [24] dataset (fastback design with open wheels, with mirrors, and with
detailed underbody con�guration) comprising 600 car designs.

Model MSE # MAE # Max AE # R 2 " Training Time # Inference Time# Number of Parameters
( � 10� 5 ) ( � 10� 3 ) ( � 10� 3 )

PointNet [55] 12.0 8.85 10.18 0.826 0.5hrs 0.51s 2,348,097
GCNN [44] 10.7 7.17 10.97 0.874 10.4hrs 20.71s 100,481

RegDGCNN [24] 8.01 6.91 8.80 0.901 3.2hrs 0.52s 3,164,257

a single car design (fastback) and, in another experiment, on all designs (fastback, notchback, and
estateback). First, we train the deep learning models on the DrivAerNet dataset [24], which includes
variants of the fastback with detailed underbody, open wheels, and mirrors. This dataset comprises
4,000 car designs (2,800 for training, approximately 600 for validation, and 600 for testing), with
results presented in Table 3. Then, we train and test the same models on the DrivAerNet++ dataset,
which has 8,000 car designs with extensive variations (fastback, estateback, notchback, smooth and
detailed underbodies, and different wheel con�gurations), divided into 5,600 for training, 1,200 for
validation, and 1,200 for testing, with results shown in Table 4.

The shape variation in DrivAerNet++ (refer to Figure 4) introduces additional challenges. For
example, replacing the detailed underbody with a smooth underbody can shift the drag distribution
for the same car design. Changing the wheels from open to closed can slightly affect the drag.
Additionally, different rear con�gurations can result in varying �ow �eld separation behaviors,
causing signi�cant changes in drag values. These factors make DrivAerNet++ a very challenging
task for generalization, as seemingly minor changes can signi�cantly impact drag values and present
dif�culties for deep learning models in accurately learning the features of these variations.

Table 4: Comparative analysis of deep learning models for aerodynamic drag prediction on the test
set from DrivAerNet++ (All cars) comprising 1,200 car designs.

Model MSE # MAE # Max AE # R 2 " Training Time # Inference Time# Number of Parameters
( � 10� 5 ) ( � 10� 3 ) ( � 10� 3 )

PointNet [55] 14.9 9.60 12.45 0.643 2.06hrs 0.84s 2,348,097
GCNN [44] 17.1 10.43 15.03 0.596 49hrs 50.8s 100,481

RegDGCNN [24] 14.2 9.31 12.79 0.641 12.6hrs 0.85s 3,164,257

5.1.2 Aerodynamic drag prediction from tabular parametric data

We also approach the task of aerodynamic drag prediction using parametric data. For this purpose, we
employ an AutoML (automated machine learning) framework [26] optimized with Bayesian hyperpa-
rameter tuning, along with models such as Gradient Boosting [28], XGBoost [13], LightGBM [42],
and Random Forests [11]. These methods leverage design parameters to estimate aerodynamic
drag, eliminating the need for detailed 3D geometry. Such an approach is invaluable for ef�ciently
evaluating the impact of geometric modi�cations on drag and overall car performance. The use
of parametric data offers signi�cant advantages due to its accessibility and ease of manipulation
compared to 3D mesh modi�cations. Engineers can swiftly adjust design parameters and immediately
observe the effects on aerodynamic performance, thereby streamlining the design process.

We train the models on a single parametric car design (fastback) and, in another experiment, on all
parametric models (fastback, notchback, and estateback), to explore how well the models generalize
across different designs. For both experiments, we split the dataset into 80% for training and 20% for
testing. We then further divided the training set into subsets at 20%, 40%, 60%, 80%, and 100% of
the training portion.

To standardize the parametric studies, we focused on 26 parameters instead of 50, as the 50 geometric
parameters model from DrivAerNet [24] was based only on one car category, speci�cally the fastback
with a detailed underbody and open wheels. The results, illustrated in Figure 5, reveal that AutoGluon
performs better in the single fastback category, whereas LightGBM excels on the combined dataset.
Nonetheless, performance declines for all models on the combined dataset. A signi�cant �nding
is that for all models, both in single and combined categories, enlarging the dataset size leads to
enhanced performance. For example, theR2 value for XGBoost increases from approximately 0.35
to 0.55 by increasing the training set size from 640 to 3,200.
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Figure 5: Drag coef�cient prediction based on the parametric data for different car categories. The
plots show the median and 95% con�dence interval of theR2 score as a function of the percentage of
the training data.

6 Conclusion

In this paper, we introduced DrivAerNet++, the largest, multimodal 3D dataset for data-driven
aerodynamic design, incorporating high-�delity CFD simulations and a diverse array of car designs.
Our dataset includes 8,000 cars based on industry-standard shapes, offering extensive coverage of
various aerodynamic performance metrics. The dataset, requiring 39 TB of storage, is signi�cantly
larger than comparable datasets in engineering and is made publicly available. The computational cost
of generating DrivAerNet++ was an order of magnitude larger than that of the recently published CFD
dataset from [45], which utilized 185,744 CPU-hours, whereas ours required 3,000,000 CPU-hours.

This comprehensive dataset supports a wide range of machine learning tasks, including surrogate
modeling of aerodynamic performance, acceleration of CFD simulations, data-driven design opti-
mization, generative AI, shape and part classi�cation, and 3D shape reconstruction. We also presented
the �rst benchmarking results, demonstrating the effectiveness of geometric deep learning models
and AutoML frameworks for drag coef�cient prediction. Furthermore, we explored the challenges of
creating a generalized model for surrogate modeling of drag across different car categories. While
models trained on a single car category performed well, their performance in terms ofR2 decreased
signi�cantly from 0.82-0.9 to 0.6 when applied to the full diverse dataset. This underscores the
complexity of achieving robust performance across varied designs.

Our dataset can be utilized for data-driven design of both internal combustion engine (ICE) cars and
electric vehicles, covering main design aspects such as aesthetics/style and aerodynamic ef�ciency
and performance. We believe this dataset will serve as a cornerstone for advancing research in
engineering design and CFD, offering rich resources for developing more accurate and ef�cient
predictive models.

7 Limitations and Future Work

The surrogate models we trained on DrivAerNet++ are currently not complex enough to fully capture
the intricate geometric and aerodynamic features present in diverse car designs. More advanced
models, such as Geometry-Informed Neural Operators [45], Convolutional Occupancy Networks [53],
and sophisticated graph models, should be explored to improve predictive performance. We primarily
focused on the surrogate modeling of drag, as it is a critical factor in the initial design phase. However,
leveraging DrivAerNet++ for additional applications, such as accelerating CFD simulations, would
provide a more comprehensive tool for aerodynamic design.

To enhance the dataset, future work will focus on integrating transient CFD simulations and incor-
porating additional modalities, such as 2D image renderings and multimodal learning approaches.
These enhancements aim to improve model accuracy and robustness, fostering further innovation in
automotive design and optimization.
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1. For all authors...

(a) Do the main claims made in the abstract and introduction accurately re�ect the paper's
contributions and scope? [Yes]

(b) Did you describe the limitations of your work? [Yes] This is done in Section 7
(c) Did you discuss any potential negative societal impacts of your work? [N/A]
(d) Have you read the ethics review guidelines and ensured that your paper conforms

to them? [Yes] Our work does not involve human participants or crowd-sourcing.
The data used is licensed, consented, and adheres to the FAIR (Findable, Accessible,
Interoperable, and Reusable) principles [73].

2. If you are including theoretical results...

(a) Did you state the full set of assumptions of all theoretical results? [N/A]
(b) Did you include complete proofs of all theoretical results? [N/A]

3. If you ran experiments (e.g. for benchmarks)...

(a) Did you include the code, data, and instructions needed to reproduce the main experi-
mental results (either in the supplemental material or as a URL)? [Yes] The source
code utilized for model training and assessment in this research can be accessed at the
given repositoryhttps://github.com/Mohamedelrefaie/DrivAerNet , where
the README �le offers detailed guidance for usage.

(b) Did you specify all the training details (e.g., data splits, hyperparameters, how they were
chosen)? [Yes] DrivAerNet++ is designed as a benchmark dataset for 3D problems,
complete with a split into training, validation, and test sets to ensure fair comparisons
among various machine and deep learning models. Details on the dataset splits can be
found here:https://github.com/Mohamedelrefaie/DrivAerNet

(c) Did you report error bars (e.g., with respect to the random seed after running experi-
ments multiple times)? [No]

(d) Did you include the total amount of compute and the type of resources used (e.g., type
of GPUs, internal cluster, or cloud provider)? [Yes] The high-�delity CFD simulations
for DrivAerNet++ were conducted on the MIT SuperCloud, utilizing parallelization
across 60 nodes, totaling 2880 CPU cores. The simulations took approximately 3×
106 CPU-hours to complete. For more details, refer to Section 3: Computational cost.

4. If you are using existing assets (e.g., code, data, models) or curating/releasing new assets...

(a) If your work uses existing assets, did you cite the creators? [Yes] The baseline
CAD geometry of the DrivAer model is available online for free download [49], but
registration is required, and we have cited the creators.

(b) Did you mention the license of the assets? [N/A] The CAD geometry is not provided
under a license, however it requires registration for access.

(c) Did you include any new assets either in the supplemental material or as a URL? [Yes]
All new car designs created by the authors of this paper are included in the dataset and
will be hosted on Harvard Dataverse Repository.

(d) Did you discuss whether and how consent was obtained from people whose data you're
using/curating? [Yes] Consent is not applicable as all car designs were created by the
authors of this paper.

(e) Did you discuss whether the data you are using/curating contains personally identi�able
information or offensive content? [N/A] The data does not contain any personally
identi�able information or offensive content.

5. If you used crowdsourcing or conducted research with human subjects...

(a) Did you include the full text of instructions given to participants and screenshots, if
applicable? [N/A]

(b) Did you describe any potential participant risks, with links to Institutional Review
Board (IRB) approvals, if applicable? [N/A]

(c) Did you include the estimated hourly wage paid to participants and the total amount
spent on participant compensation? [N/A]
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A Reproducibility Statement

We provide a GitHub repository to facilitate the reproduction of all experiments in the main paper,
along with links to download the dataset. The repository includes the following: code to replicate the
machine learning experiments and code to generate the �gures presented in the paper. The full dataset
will be made available after the peer-review process is complete. The training and experiments were
performed on a machine equipped with AMD EPYC 7763 64-Core Processors, totaling 256 CPU
cores, and four Nvidia A100 80GB GPUs.

B URL and Links

DrivAerNet++ Dataset: The DrivAerNet [24] and the DrivAerNet++ datasets are available on our
GitHub repository athttps://github.com/Mohamedelrefaie/DrivAerNet .

Croissant Metadata: The URL to Croissant metadata record documenting the dataset/benchmark is
available on our GitHub repository athttps://github.com/Mohamedelrefaie/DrivAerNet/
tree/main/mlcroissant .

DL Code: The source code utilized for model training and assessment in this research can
be accessed at the given repositoryhttps://github.com/Mohamedelrefaie/DrivAerNet ,
where the README �le offers detailed guidance for usage.

Tutorials and Browsing Tools: Additional resources, including data handling tutorials and
contribution guidelines, are available athttps://github.com/Mohamedelrefaie/DrivAerNet/
tree/main/tutorials

C Author Statement and Data License Con�rmation

We, the authors, hereby declare that we bear full responsibility for any violations of rights or
other issues arising from the use of the data. We con�rm that the dataset is available under the
Creative Commons Attribution-NonCommercial (CC BY-NC) license. This license allows others to
remix, tweak, and build upon our work non-commercially, and although their new works must also
acknowledge our original work and be non-commercial, they don't have to license their derivative
works on the same terms.
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D Broader Impact

The DrivAerNet++ dataset can be used for several tasks, such as data-driven design optimization,
training surrogate models, data-driven turbulence modeling, accelerating CFD, 3D shape and part
classi�cation, 3D shape reconstruction, and generative design. We are con�dent that DrivAerNet++
will serve as a highly valuable resource for multiple research communities in various ways:

1. Advancing Automotive Aerodynamic Design and Accelerating Design Cycles:Enabling
detailed studies in aerodynamics to foster innovation in car design for enhanced perfor-
mance and ef�ciency, while assisting CFD engineers in creating more ef�cient and accurate
surrogate models, speeding up design iteration cycles, and democratizing simulations to
provide designers with greater freedom.

2. Accelerating CFD Simulations: DrivAerNet++ provides high-�delity simulation data that
can be used to train surrogate models, reducing the computational cost and time required
for CFD simulations. This allows for faster iterations and more ef�cient exploration of the
design space.

3. Machine Learning Integration: Offering a rich resource for training and testing advanced
machine learning models, including those in geometric deep learning, to understand complex
aerodynamic phenomena.

4. Benchmarking and Validation: Serving as a benchmark dataset for ML algorithms, aiding
in the validation and comparison of different modeling approaches.

5. Environmental Impact: Contributing to the development of more aerodynamically ef�cient
cars, which can lead to reduced fuel consumption and lower emissions, and extending the
range of electric cars.

6. Safety and Prototyping: Reducing the need for physical prototyping and wind tunnel
testing, thereby lowering costs and enhancing safety by enabling virtual testing of numerous
design variants.

7. Cross-Disciplinary Insights: Offering insights into the intersection of CFD, ML, and
automotive design, encouraging cross-disciplinary research and collaboration.

This multimodal, large-scale, and high-�delity CFD dataset of 8000 car shapes is expected to catalyze
signi�cant advancements in both the academic and industrial realms. The methodology and approach
implemented here are not only limited to car design but can also be extended to other applications
involving numerical simulations and deep learning, such as aerospace design.

14




	Introduction
	Related Work
	Dataset Presentation
	Benchmarking Setup
	Benchmarking Results
	Surrogate modeling of the aerodynamic drag
	Aerodynamic drag prediction from 3D meshes using geometric deep learning
	Aerodynamic drag prediction from tabular parametric data


	Conclusion
	Limitations and Future Work
	Reproducibility Statement
	URL and Links
	Author Statement and Data License Confirmation
	Broader Impact
	DrivAerNet++ Dataset Generation
	Generating a wide range of car designs
	CFD Meshing
	Numerical Simulation
	Domain and Boundary Conditions
	Meshing Sensitivity
	Validation of the Numerical Results

	Convergence Detection

	In-Depth Insights from DrivAerNet++
	Dataset Annotations

	Deep Surrogate Models
	RegDGCNN
	PointNet
	Graph Neural Network

	Evaluation
	Additional Experiments
	3D Surface Field Prediction
	t-SNE Visualization of the Design Space


