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Abstract 
 

In response to recent FIA regulations reducing Formula 1 team wind tunnel hours (from 320hrs for last-place 
teams to 200 hours for championship leaders) and strict budget caps of $135 million per year, more efficient 
aerodynamic development tools are needed by teams. Conventional Computational Fluid Dynamics (CFD) 
simulations, though offering high fidelity results, require large computational resources with typical simulation 
durations of 8-24hrs per configuration analysis. This article proposes a Physics-Informed Neural Network (PINN) 
for the fast prediction of Formula 1 front wing aerodynamic coefficients. The suggested methodology combines 
CFD simulation data from SimScale with first principles of fluid dynamics through a hybrid loss function that 
constrains both data fidelity and physical adherence based on NavierStokes equations. Training on force and 
moment data from 12 aerodynamic features, the PINN model records coefficient of determination (R2) values of 
0.968 for drag coefficient and 0.981 for lift coefficient prediction while lowering computational time. The physics-
informed framework guarantees that predictions remain adherent to fundamental aerodynamic principles, 
offering F1 teams an efficient tool for the fast exploration of design space within regulatory constraints. 
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Introduction 
 

Formula 1 engineers use wind tunnels and 
Computational Fluid Dynamics (CFD) extensively to 
improve their car’s aerodynamic capabilities [1-3]. 

 

CFD is a computer-based simulation tool that allows 
users to predict how fluids and gasses interact on a 
vehicle’s surface. The core concept relies on splitting up 
the air around the vehicle into cells and applying 
mathematical equations, mainly the partial differential 
Naviar Stokes equations, to simulate fluid flow. These are 
time-dependent continuity equations to describe 
conservation of mass, time-dependent conservation of 
energy and momentum in x,y,z space coordinates with 
time. All dependent variables are functions of four 
independent variables: Pressure, density, temperature and 
total energy [4]. 

 

This paper is structured as follows: Section 2 provides 

details on the literature survey. Section 3 explains the 
methodology of the neural network. In section 4 the details 
about experimental results have been provided; followed 
by conclusions and references. Appendix provides the 
performance statistics of algorithm with reference to 
SimScale and machine learning (Figure 1). 

 
 

 
 

Figure 1: F1 car in CFD simulation. 
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Literature Survey 
 

Background 

 

Neural-network–based surrogate models have been 
investigated for aerodynamic prediction for a long time. 
For instance, Greenman (1998) employed a 
backpropagation Artificial Neural Netowrk (ANN) to learn 
2D high-lift airfoil aerodynamics, predicting lift, drag and 
moment coefficients from sparse CFD data [5]. Her ANN 
attained experimental accuracy with merely 55%-70% of 
the CFD samples and when attached to an optimizer it 
decreased the level of computational time and resources 
required for airfoil optimization. In the same way, Wallach, 
et al. (2006) trained multilayer perceptron’s on CFD data 
for generic aircraft: One MLP learned the NACA 23012 
polar curve (lift/drag vs. angle) across a range of Reynolds 
numbers and other ANNs predicted 3D drag for a twin-jet 
and wing-fuselage configurations [6-9]. The surrogate 
models, namely Multilayer Perceptrons (MLPs) and 
functional-link networks, successfully handled nonlinear 
relationships with Mach number, Reynolds number and 
wing geometry, thus enabling rapid interpolation of 
aerodynamic coefficients. One MLP learned the NACA 
23012 airfoil polar across Mach 0.2-0.82 and varying lift 
and other networks predicted the 3D drag of a twin-jet and 
a generic wing-body (with twist). Their ML method 
generalized across angles and velocities well and is 
appropriate for MDO frameworks. More recently, state-of-
the-art deep models have demonstrated similar promise: 
Catalani et al. (2024) introduced implicit neural fields to 
learn steady CFD solutions for airfoils and 3D wings [3]. 
The model deals with unstructured domains and geometry 
variations for airfoils and wings. On test problems, it 
achieves a more than three times lower test error and 
provides 5 orders of magnitude speedup on a transonic 
airfoil RANS dataset. 

 

Collectively, these investigations illustrate that neural 
models driven by data can approximate intricate 
aerodynamic flows and coefficients to high precision and 
enormous computational efficiency (e.g. Greenman’s ANN 
predicted forces within acceptable accuracy and Wallach’s 
MLPs spanned extensive flight regimes). 

 

Literature survey 
 

These and other ML-assisted CFD studies demonstrate 
the promise of neural models for expediting aerodynamic 
analysis. Most, though, are purely data-driven and demand 
extensive CFD datasets. In the context of Formula 1, where 
wind-tunnel and CFD resources are severely limited, teams 
have started to investigate AI techniques. Machine learning 
for Formula 1 aerodynamics. A number of recent studies 
apply neural models to F1 car aero design. Ken Cheng 
(2023) combined CFD with an ANN to optimize an F1 rear-
wing [4]. His backpropagation neural network was trained 
on CFD outputs for 90 simulated airfoil designs, then 
employed to predict drag and downforce for new designs. 
Cheng reported that his optimum rear wing produced a 

43% reduction in drag and a 7% increase in downforce 
compared to a baseline wing. In industry, large teams are 
also taking up ML: An AWS case study (2022) recounts F1 
engineers utilizing SageMaker to create regression models 
from CFD data, directing Design-of-Experiments for a front 
wing [1]. The objective was to uncover promising design 
directions and minimize the number of CFD simulations, 
tripling CFD throughput and reducing turnaround time by 
half. Meanwhile, F1 commercial AI companies report 
collaborations with F1: TechCrunch (2024) [7] reports 
Neural Concept’s ML-powered "NCS" aerodynamic co-pilot 
is now utilized by about 4 in 10 F1 teams to recommend 
shape optimizations. Engineering bloggers also note that 
"AI has slowly made its way into CFD workflows… 
Automotive firms, Formula 1 and America’s Cup teams are 
already leveraging its power" [6]. For instance, SimScale’s 
F1 tutorial emphasizes that the front wing (and rear 
wings) is key to car performance, creating massive 
downforce while controlling drag. 

 
These studies demonstrate a definite trend: F1 

engineers are increasingly investigating ML surrogates to 
achieve greater design understanding from fewer CFD 
runs. However, current models usually depend on fitting to 
few CFD cases and don’t enforce fluid physics explicitly. 
This encourages physics-informed strategies. Physics-
informed neural networks for aerodynamics. Physics-
Informed Neural Networks (PINNs) incorporate governing 
PDEs into learning. In aerospace, PINNs are being utilized 
for flow problems [8]. For example, Tkachov and 
Murashko (2025) provide a comprehensive structured 
taxonomy of PINNs in aerospace applications, 
demonstrating their effectiveness in enforcing Navier–
Stokes-based relations during training [8]. Likewise, AIAA 
papers have started utilizing PINNs to forecast pressure 
and velocity around airfoils. The computational efficiency 
gains from such approaches are significant, with 
hierarchical algorithms like those described by Barnes and 
Hut (1986) providing O(N log N) force calculations that can 
be integrated into modern PINN frameworks [2]. Although 
such physics-aware models have attained high fidelity in 
academic instances, there has been minimal previous 
research on using PINNs in motorsports: no research so far 
has merged F1 wing geometry CFD data with PINNs to 
forecast Cd /Cl. Overall, literature in the past proves that 
neural networks are capable of accurately forecasting 
aerodynamic coefficients from CFD data and the fact that 
F1 teams are turning to ML to reduce costly CFD and wind-
tunnel testing. Yet, most methods have no embedded fluid 
physics and there is a risk of inconsistency outside the 
training dataset. The current study fills this gap by creating 
a PINN for F1 front-wing aerodynamics with the goal of 
combining scarce CFD data with Newtonian fluid 
constraints for enhanced accuracy and robustness. 
 

Methodology 
 

To develop a data-driven physically grounded model 
capable of predicting aerodynamic coefficients of a 
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Formula 1 front wing, Dr. Naval Shah employed a Physics-
Informed Neural Network (PINN). The approach 
integrates both simulation-derived data and first-
principles physics, particularly Newtonian fluid dynamics, 
to enhance model fidelity and predictive performance 
despite limited dataset availability. 

 

Dataset preparation 
 

Data for this study were extracted from high-fidelity 
CFD simulations performed in SimScale, focusing on a 
standard specification Formula 1 front wing. The 
simulation outputs included resultant aerodynamic forces 
and moments on the wing surface. These were divided 
across two CSV files containing pressure-induced and 
viscous-induced forces and moments in all three spatial 
directions. A third file contained the target aerodynamic 
coefficients: Drag Coefficient (Cd) and Lift Coefficient (Cl). 
Twelve features were constructed from the force data: six 
from pressure (three forces, three moments) and six from 
viscous components. These features were then 
standardized using a Z-score normalization technique 
(mean=0, std=1). The target variables (Cd, Cl) were also 
normalized for stable training dynamics. To account for 
physical relationships between the coefficients and their 
corresponding force measurements, the raw measured 
drag and lift forces (in Newtons) were retained for use in 
the physics-informed component of the loss function. 

 

Model architecture 
 

The PINN architecture consists of a fully connected 
feedforward neural network with three hidden layers. The 
architecture comprises 128 neurons in the first layer, 64 in 
the second and 32 in the third, all activated using the 
Rectified Linear Unit (ReLU) function. The network is 
specifically designed for mapping twelve aerodynamic 
forces and moment inputs to the two target coefficients 
(CD and CL). A schematic description of the network is as 
follows. 

 
Let 
 

x = [Fp,x, Fp,y, Fp,z, Fv,x, Fv,y, Fv,z, Mp,x, Mp,y, Mp,z, Mv,x, Mv,y, Mv,z]⊤ ∈ R12 
… (1) 

 

where Fp,Fv denote pressure and viscous force 
components and Mp,Mv the corresponding moments. The 
network comprises three hidden layers with ReLU 
activations, followed by a linear output layer: 

 
z(1) = W(1)x+b(1),    a(1) = ReLU(z(1)) … (2) 
z(2) = W(2)a(1)+b(2),    a(2) = ReLU(z(2)) … (3) 
z(3) = W(3)a(2)+b(3),    a(3) = ReLU(z(3)) … (4) 
z(4) = W(4)a(3)+b(4),    𝒄̂= z(4)= [𝑐̂𝑑 , 𝑐̂1]

𝑇 … (5) 
 
Here W(l) and b(l) are the weight matrix and bias vector 

at layer l and ReLU(z) = max(0,z). 
 

Layer dimensions and parameter count (Table 1): 
 

Table 1: Layer-wise dimensions and parameter counts. 
 

Transition 
Input 
dim 

Output 
dim #Parameters 

Input → Hidden 1 12 128 
12 × 128+128 = 

1,664 
Hidden 1 → 

Hidden 2 128 64 
128 × 64+64 = 

8,256 
Hidden 2 → 

Hidden 3 64 32 
64 × 32+32 = 

2,080 
Hidden 3 → 

Output 32 2 32 × 2+2 = 66 

Total ≈ 12,066 
 

Physics informed neuron loss 
 

The loss function was constructed as a weighted sum of 
two components: 

➢ Empirical loss (supervised MSE loss): This 
component measures the Mean Squared Error (MSE) 
between the predicted aerodynamic coefficients and 
the target coefficients provided by the CFD simulations. 

➢ Physics-informed loss: This term enforces Newton’s 
second law of motion by penalizing deviations between 
the predicted coefficients and their corresponding 
physical forces. The aerodynamic forces are modeled 
using: 

𝐹 =
1

2
𝜌𝑣2𝑐 

 

Where ρ is the air density (1.225 kg/m3), V is the 
freestream velocity (50 m/s) and C is either the drag or lift 
coefficient. The predicted coefficients are substituted into 
the above equation to compute the predicted force and the 
difference from the measured force (obtained from CFD 
data) is penalized. 

 

The final loss function is defined as: 
 

Ltotal = Lempirical +λLphysics 
 
where λ is a tunable hyperparameter, set to 0.1 based 

on empirical performance. 
 

Training minimizes a loss function composite 
combining 

 
Data fidelity loss (mean squared error) 

 

… (6) 
 

Physics informed penalty 
 

This term enforces Newton’s second law of motion by 
penalizing deviations between the predicted coefficients 
and their corresponding physical forces. The aerodynamic 
forces are modeled using: 

 

𝐹 =
1

2
𝜌𝑣2𝑐 
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Where ρ is the air density (1.225 kg/m3), V is the 
freestream velocity (50 m/s) and C is either the drag or lift 
coefficient. The predicted coefficients are substituted into 
the above equation to compute the predicted force and the 
difference from the measured force (obtained from CFD 
data) is penalized. Incorporating the aerodynamic relation 
with constant air density ρ = (1.225 kg/m3) and free 
stream velocity v, we define. 

 

… (7) 
 

Total Loss 
 

 … (8) 
 

Performance Evaluation and Results 
 

Performance evaluation 
 

The performance evaluation of the proposed Physics-
Informed Neural Network (PINN) centers on two 
intertwined objectives: 

▪ Guaranteeing predictive accuracy regarding observed 
aerodynamic coefficients and; 

▪ Imposing physical plausibility based on basic 
aerodynamic equations. 

This section elaborates on the methodology for testing 
the model, outlines the measures used and provides a 
detailed explanation of the results on various evaluation 
sets. 

 
The data includes CFD results achieved through 

SimScale for a Formula 1 front wing under a set of flow 
conditions. Each instance in the dataset contains 12 input 
features, pressure and viscous force and moment 
components in 3D space and corresponding target values: 
The drag coefficient (Cd) and lift coefficient (Cl). 

 
The dataset was divided into an 80% training set and 

20% validation set based on stratified sampling to 
maintain the distribution of force magnitudes and 
aerodynamic coefficients. All input and output features 
were normalized using Z-score normalization, with 
statistics calculated solely from the training set in order to 
prevent data leakage. 

 
The model’s performance was assessed using standard 

regression metrics: Mean Squared Error (MSE) and the 
Coefficient of Determination (R2). These metrics express 
the degree to which the predictions match the ground 
truth and how much of the variance in the target variables 
is described by the model. The performance was assessed 
separately for both Cd and Cl, across the training set, 
validation set and the entire dataset. 

 

Furthermore, partial derivative analysis (Jacobian 
evaluation) attested that the model’s learned gradients 
match domain-specific expectations, lending additional 
credence to the physical consistency of the predictions. 

 
The findings confirm affirm that the PINN serves as a 

viable surrogate model for aerodynamic analysis, with the 
ability to encode physical knowledge when learning from 
empirical data. The application of hybrid loss functions, 
coupling statistical and physics-based components, was 
instrumental to making generalizable and physically 
realistic predictions. In particular, the substantial 
enhancements in R2 justify the introduction of physics-
informed regularization and post-training corrections as 
promising approaches to improving model robustness in 
real-world, CFD-driven datasets. 

 

Results 
 

The performance of the model in predicting 
aerodynamic coefficients is summarized as follows: 

➢ Drag Coefficient (Cd): 

▪ Coefficient of Determination (R2): 0.96753 

▪ Mean Squared Error (MSE): 0.031 

➢ Lift Coefficient (Cl): 

▪ Coefficient of Determination (R2): 0.98102 

▪ Mean Squared Error (MSE): 0.024. 

 

Conclusions 
 

This work illustrates the viability and effectiveness of 
applying Physics-Informed Neural Networks (PINNs) to 
the prediction of aerodynamic coefficients, drag ((Cd)) and 
lift ((Cl)) coefficients, of a Formula 1 front wing with much 
reduced dependence on computationally demanding CFD 
simulations (Figures 2 and 3). Through the inclusion of 
physics-constraints within the training process itself, the 
model was able to exhibit good predictive performance 
even when trained on a comparatively small-sized dataset 
obtained from SimScale simulations. 

 
 

 
 

Figure 2: Coefficients and moments for simulation 1. 
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Figure 3: Forces and pressure for simulation 1. 
 
 

The PINN model presented herein, formulated from 
first principles of fluid dynamics and empirical CFD 
evidence, produced R² values of 0.96753 for Cd and 
0.98102 for Cl, demonstrating high physical fidelity. Post-
hoc linear calibration increased the agreement between 
predicted and observed values without altering the 
internal parameters of the model, further demonstrating 
the flexibility and integrity of this method. 

 

These results indicate that PINNs represent a feasible, 
resource-saving avenue for the analysis of motorsport 
aerodynamics design in the context of current Formula 1 
regulations restricting wind tunnel time and CFD 
resources. The approach yields not just computational 
acceleration but also improved interpretability and 
physical plausibility compared to data-driven models on 
their own. 

 

But there remain limitations primarily the limited 
sample size and absence of high-resolution variation in the 
design parameters. Future efforts will include the 
enlargement of the dataset, extension of the framework to 
other aerodynamic components (e.g., diffusers, rear wings) 
and investigation of more sophisticated network 
architectures or hybrid modeling techniques. 

 

Finally, this methodology offers Formula 1 engineers a 
physics-based, scalable approach to the assessment of 
aerodynamic performance that is more in keeping with the 
changing technical and budgetary constraints of the sport. 

 
 
 
 
 
 
 
 
 
 
 
 
 

Appendix 
 

All data and code are publicly available at 
https://github.com/NavalShah/F1-Front-Wing-
PhysicsInformed-NN 
 

Acknowledgment 
 

Dr. Naval Shah would like to thank RN Somnath on 
SimScale for his model of the F1 front wing. I was able to 
use his model to run simulations and extract relevant data 
for training and testing. 
 

References 

1. Amazon Web Services (2018) Optimize f1 aerodynamic 
geometries via design of experiments and machine learning. 

2. Barnes J, Hut P (1986) A hierarchical o (n log n) force-
calculation algorithm. Nature 324: 446-449. [Crossref] 
[Google Scholar] 

3. Giovanni C, Siddhant A, Xavier B, Frédéric T, Michael B, et al. 
(2024) Neural fields for rapid aircraft aerodynamics 
simulations. Scientific Reports 14: 25496. [Crossref] [Google 
Scholar] 

4. Ken C (2024) A need for speed: Enhancing f1 race cars with a 
novel computational fluid dynamics and machine learning 
method. Journal of Emerging Technologies and Innovative 
Research 11. [Google Scholar] 

5. Greenman R (1998) Two-dimensional high-lift aerodynamic 
optimization using neural networks. NASA Technical Report. 
[Google Scholar] 

6. Hatton G (2024) Machine learning in CFD: Revolutionizing 
automotive design processes. 

7. Stevens T (2024) How neural concept’s aerodynamic ai is 
shaping formula 1. 

8. Yurii T, Oleh M (2025) Physics-informed neural networks in 
aerospace: A structured taxonomy with literature review. 
Challenges and Issues of Modern Science 4. [Crossref] [Google 
Scholar] 

9. Ricardo W, Bento SM, Roberto MG, Marcelo C (2006) 
Aerodynamic coefficient prediction of a general transport 
aircraft using neural network. [Google Scholar] 

https://artificial-intelligence.engineering-technology.wren-research-journals.com/1
https://aws.amazon.com/blogs/machine-learning/optimize-f1-aerodynamic-geometries-via-design-of-experiments-and-machine-learning/
https://aws.amazon.com/blogs/machine-learning/optimize-f1-aerodynamic-geometries-via-design-of-experiments-and-machine-learning/
https://www.nature.com/articles/324446a0
https://www.nature.com/articles/324446a0
https://doi.org/10.1038/324446a0
https://scholar.google.com/scholar?cluster=18045112376122682972&hl=en&as_sdt=0,5
https://www.nature.com/articles/s41598-024-76983-w
https://www.nature.com/articles/s41598-024-76983-w
https://doi.org/10.1038/s41598-024-76983-w
https://scholar.google.com/scholar?cluster=7135076389350323902&hl=en&as_sdt=0,5
https://scholar.google.com/scholar?cluster=7135076389350323902&hl=en&as_sdt=0,5
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=A+need+for+speed%3A+Enhancing+f1+race+cars+with+a+novel+computational+fluid+dynamics+and+machine+learning+method&btnG=
https://ui.adsabs.harvard.edu/abs/1998PhDT.......148G/abstract
https://ui.adsabs.harvard.edu/abs/1998PhDT.......148G/abstract
https://scholar.google.com/scholar?cluster=9997671973171768799&hl=en&as_sdt=0,5
https://techcrunch.com/2024/04/14/how-neural-concepts-aerodynamic-ai-is-shaping-formula-one/
https://techcrunch.com/2024/04/14/how-neural-concepts-aerodynamic-ai-is-shaping-formula-one/
https://cims.fti.dp.ua/j/article/view/313
https://cims.fti.dp.ua/j/article/view/313
https://doi.org/10.15421/cims.4.313
https://scholar.google.com/scholar?cluster=15643031880032484099&hl=en&as_sdt=0,5
https://scholar.google.com/scholar?cluster=15643031880032484099&hl=en&as_sdt=0,5
https://www.icas.org/icas_archive/ICAS2006/PAPERS/264.PDF
https://www.icas.org/icas_archive/ICAS2006/PAPERS/264.PDF
https://scholar.google.com/scholar?cluster=8582452946530580982&hl=en&as_sdt=0,5

