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Abstract 

An implementation of a non-data driven Physics Informed Neural Network (PINN) for simulation of steady 

state fluid flow is presented.  Through the use of deep convolutional neural networks, the velocity and 

pressure fields were obtained by using computational fluid dynamics (CFD) simulations as comparison or 

reference data. The presented approach consists of a PINN implemented with the Deepxde package and 

trained to solve the Navier-Stokes equation in steady state around a submerged geometry. The algorithm 

used a dual optimization approach using Adam and L-BFGS and the performance for algorithms trained 

for different number of epochs was evaluated. The best performing algorithm resulted at 300 epochs of 

training and compared to the simulation the root mean square error for the x velocity component was (61.14 

x 10-5 m/s), for the y velocity (9.44 x 10-5 m/s) and for the pressure (0.016 x 10-5 Pa). Compared to similar 

approaches these results display an acceptable prediction for the proposed problem. The results of the PINN 

presented in this paper, showcase the potential that such approaches have for all fields that rely on solving 

partial differential equations, if implemented correctly such tools could become companions to simulation 

tools such as CFD soon with gains in speed and lower computational power required. 

 

 

 

I. INTRODUCTION 

 

Simulations have become an essential tool in most 

modern engineering and science applications and 

experiments. It provides a tool for the engineer and 

scientist to have an approximate view to the real 

scenario that is being considered and analyzed. The 

complexity of simulations generally is related to the 

complexity of the problem on which the simulation is 

based upon. Considering that engineering and science 

applications have the tendency in time to become 

more complex and in-depth, simulations will increase 

their complexity accordingly. Simulations being 

computationally expensive will require more power 

and time to simulate different physical systems due to 

the vast amount of information that needs to be 

processed.  

 

Specifically, in different fields such as aerodynamics, 

computational fluid dynamics (CFD) solvers are used 

to design, analyze, and optimize solutions to 

problems in such regard. However, CFD simulations 

are usually very computationally expensive and time-

consuming iterative processes. This resides in the fact 

that CFD analysis involves the solution of partial 

differential equations such as the Navier-Stokes 

equations. These drawbacks clearly limit the 

opportunities for the exploration and iterations of the 

design space [2]. 

 

In initial design stages, multiple iterations of multiple 

geometries and conditions are required to understand 

the scenarios, to make initial decision that will impact 

the outcome of the design in later stages. These 

decisions generally do not require high-accuracy 

simulations, therefore using simulations tools such as 

CFD might not be appropriate because of their high 

computational cost. 
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In such situations, several alternatives have been 

researched in recent years to create substitutes that are 

less computationally demanding. One of these 

approaches is based on the use of Deep Neural 

Networks to train models to “simulate” phenomena 

without requiring all the calculations of a normal 

CFD simulation for example, substantially reducing 

the computational requirements. One further 

development in the application of Neural Networks as 

surrogates, is the methodology of Physics Informed 

Deep learning that aims to eliminate the need to label 

data by introducing the physical equation of the 

phenomena directly into the algorithm, making the 

application of such approaches even more viable [2]. 

 

Therefore, the purpose and intended application of 

this paper is to evaluate and implement a Physics 

Informed Neural Network (PINN) Machine Learning 

Algorithm, based on convolutional neural networks, 

to demonstrate the operating principle of such 

algorithms and to develop applications to reduce the 

computational effort required for complete 

simulations such as CFD solvers, without losing the 

accuracy such methods provide. 

 

II. Theory 

A. Machine-Deep Learning 

 

 

Deep Learning commonly refers to the use of a 

machine learning algorithm that using input data 

generates a model that creates a predicted output. 

Generally, such algorithms require vast amounts of 

input data that is generally labeled to let the algorithm 

know the human interpretation of the problem. The 

ML algorithm aims to detect patterns in the input data 

to use them to reduce the error between its prediction 

and the real output and be able to generalize its 

predictions to inputs that it has never seen before [3]. 

There is a wide array of deep learning algorithms but 

one of the most common one is Neural networks that 

find an association between the input and output. 

 

A neural network is comprised of several layers, the 

first layer, several hidden layers and finally an output 

layer. The input layer receives the data, the hidden 

layers search for patterns or associations within that 

data by adjusting weights and parameters and the 

output layer generates the predictions based on the 

patterns identified [3]. 

 

The neurons of the network are connected by a weight 

and a bias that are tuned by the NN during training by 

the optimization algorithm to minimize the difference 

between the real output and the predicted one. This 

comparison is carried out by the loss function that can 

be implemented in several different ways depending 

on the problems to be solved. Considering that the 

main objective of a NN is to minimize the differences 

between the predicted and real output, back-

propagation is vital for this objective. Generally, 

back-propagation refers to a gradient descent where 

the network recalibrates its weights and biases to 

minimize the values of the loss function. 

Convolutional Neural Networks (CNN) are 

regularized multilayered perceptrons. Multilayer 

perceptrons generally refer to fully connected 

networks, where each neuron in one layer is 

connected to every neuron in the next layer. 

Compared to other image classification algorithms, 

CNNs use little pre-processing meaning that the 

network optimizes mainly through automated 

learning making the process easier and more efficient. 

CNNs are used to perform complex tasks, such 

networks have a kernel that generates a feature map 

that highlights the characteristics of for example an 

image, which simplifies the recognition and 

classification process.  

Generally, convolutional layers are used several times 

to refine the feature maps, this refinement generally 

leads to better results [4]. Based on the previous, 

Deep Learning occurs when Deep Neural Networks 

are used. Deep Neural networks refers to NN that 

have a vast number of layers. Consequently, the 

architecture’s complexity is higher, and more weights 

and biases are present, improving the results that the 

Network can achieve. 

B. Physics Informed Neural 

Networks (PINNs) 

 

Physics informed neural networks are a specific type 

of neural network designed to either solve supervised 
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or partially unsupervised learning tasks. Such 

algorithms consider the physics of the problem 

described by non-linear partial differential equations. 

Such an approach was first proposed by Raissi et. al. 

[16] in 2017, they managed to solve a variety of 

equations probing the applicability of these Neural 

Networks concept. Since its inception such 

algorithms have been used to solve a variety of 

problems in engineering such as aerodynamic 

simulations, in physics and to solve equations with an 

initial mathematical purpose for potential 

applications in the future. Several companies are 

actively developing tools and frameworks that 

simplify and leverage the potential of PINNs, 

NVIDIA is one of such companies [19].  

NVIDIA’s framework denominated SimNet [19] is a 

neural network solver for partial differential 

equations. SimNet uses the same operating principle 

and theory behind physics informed neural networks, 

but with state-of-the-art tools and computational 

performance has managed to produce better results.  

C. Related work 
 

Deep Learning algorithms as described above, are 

used to act as surrogates of simulation tools, but such 

algorithms require several iterations of multiple 

combinations of characteristics. Consequently, vast 

amounts of input data are required to generate 

reasonable surrogates that can provide an 

approximation of the real output. Support vector 

machines and polynomial models have been used as 

approximation models before [5].  

More recently, Convolutional Neural Networks 

(CNN) have proven useful in geometry representation 

learning, which make them viable surrogates for 

select applications that implement such features. 

Geometry representation learning refers to a set of 

techniques which allows an algorithm to 

automatically discover the representations needed for 

future detection or classification of raw input data. 

This approach is motivated by the fact that real-world 

data (e.g. images) is generally unorganized, requiring 

feature representation to identify the features within 

the data. On the other hand, CNN also have sparse 

connectivity and weight-sharing properties, which 

reduce the GPU memory cost when using such 

architectures. Several studies have successfully used 

CNN to generate predictions of velocity fields around 

complex geometries. In this application CNN’s 

proved to be 2 orders of magnitude faster than their 

simulation counterparts like GPU-accelerated CFD 

and four orders of magnitude faster than CPU-based 

CFD solver [2]. The next figure displays a standards 

structure of a convolutional neural network. 

 

Figure 1 Standard structure of a Convolutional Neural Network 

Similarly, in 2017, Hennigh used CNN Deep 

Convolutional Neural Networks (DCNN) to perform 

automated design in complex real word engineering 

applications [1]. This approach was used for the same 

geometries proposed by Guo obtaining better results 

with the results shown in the next Figure. A short 

while ago in 2019, Mohammad aiming to eliminate 

the need to label training data, proposed the use of 

DCNN by inserting the physics and boundary 

conditions of the problem into the error function. 

Based on the U-net architecture with custom physics-

informed loss functions, an accuracy of more than 

99.9% was attained for three distinct problems that 

involved partial differential equations, for example 

the famous Navier-Stokes equation [6].  

 

Figure 2 Results achieved by Guo [2] 

More recently, studies by Yang and Mao have used 

physics informed NN for other applications such as 

uncertainty propagation and high-speed flows 
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[10][11]. For the first one, self-supervised deep 

learning methods were used to model stochastic 

systems, the method used managed to bypass the need 

for sampling costly simulators for tackling various 

tasks. On the other hand, Mao modelled the Euler 

equations for high-speed aerodynamic flows, 

generating promising results in multiple specific 

problems using various architectures [11]. In addition, 

interesting application in other fields by Zhang and 

Kadeethum also show the promise of the physics 

informed approach [13] [14]. In Zhang’s research 

non-homogenous material were identified using 

elasticity imaging [13]. On the other hand, in 

Kadeethum research both the non-linear diffusivity 

and Biot equation were solved using PINN [14].  

Therefore, using information and theory provided by 

Raissi et. al. [16] and NVIDIA, in this paper, 

automatic differentiation will be integrated into 

previous research assessing its effects in a model for 

aerodynamic simulation as a surrogate of CFD will be 

developed, studied, and evaluated. 

 

III. Methodology 

The general process for the algorithm and 

implementation is displayed in Figure 3. 

 

Figure 3 Algorithm and implementation overview 

Considering that no simulation data will be used to 

train the algorithms, the key decisions lie on what 

programming language and ML package are going to 

be used. Based on previous studies in this field using 

Python, this programming language was used in this 

study. Similarly, regarding the ML package both 

Tensorflow and PyTorch were considered but 

previous studies and most of the literature in this 

subject utilizes PyTorch, so the decision was made to 

use this ML managing package. Both Python and 

PyTorch are open-source software and lie in public 

libraries, so there are no issues in that regard. 

Regarding the ML architecture a network like the one 

depicted in figure 1 was chosen based on previous 

studies by Felipe Giraldo and others [20]. 

 

Figure 4 Neural Network Architecture 

 

The architecture consists of a total of 6 layers with a 

total of between 50 to a 100 neurons per layer, having 

2 different entries (x and y position) and a total of 3 

different outputs (x velocity component, y velocity 

component and pressure). 

Several approaches using solely PyTorch were made 

to create a Physically informed neural network with 

automatic differentiation and border conditions for 

various geometries. Such methods were generating 

too many issues, so the decision to search for a 

package related to this field of study was made. 

Several packages were identified but two of them 

showed the highest potential. One of the packages 

identified titled Nangs was developed by various 

researchers including Juan B. Pedro 

[17](github.com/juansensio/nangs). This package 

allowed for the customized setting of boundary 

condition and operated in a more similar fashion to 

CFD. The key weakness of this package relies on the 

fact that the algorithm doesn’t consider physical 

shapes but instead utilizes boundary conditions as soft 

guides instead of physical objects which cannot be 

modified. The package considers the space within the 

physical shape or geometry not as a part of the space 

which cannot be modified, but it regards just the 

outline as any other boundary condition, making it 

extremely difficult to use physical objects which 
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cannot be modified. Similarly, the outline of the 

physical object is regarded as a soft guide, which 

mathematically speaking means that it is treated just 

as an area where certain values are desirable, but no 

hard constraints are imposed on the solution nor space. 

The other package titled Deepxde developed by 

multiple researchers including George Karniadakis is 

simple and has many potential applications 

[18](github.com/lululxvi/deepxde). One key 

limitation was identified in terms of boundary 

conditions where such conditions could only be 

applied to a complete geometry and not to certain 

parts of a geometry. Several approaches to 

circumvent this limitation were carried out. This 

package considers the objects as rigid geometries 

which cannot be modified making it ideal for the 

proposed application. Based on the potential of this 

package and the low functional barriers Deepxde has 

in comparison with Nangs, Deepxde was utilized in 

this study. 

The fluid used for each simulation was air, with the 

following transport properties  (considering  a  

reference pressure  of  101325  Pa  and  a  reference  

temperature of 300K): ρ=1.205kg/m3, 

μ=1.9137×10−5Pa·s, ν=1.5881×10−5m2/s and Cp= 

1006 J/kg·K. 

To develop the PINN proposed in the study, a 

customized physically informed loss function had to 

be defined. Considering the intended application, the 

base for the loss function is the Navier-Stokes 

equation for two dimensions. The situations analyzed 

are in steady-state so the equations was considered 

independent of time. In the case of incompressible 

flow, with a constant fluid density, the continuity 

equation is reduced to: 

∇ ∙ 𝑣 =
𝑑𝑢

𝑑𝑥
+

𝑑𝑣

𝑑𝑦
= 0 

Following this logic for incompressible flows and 

Newtonian fluids, the equation of momentum 

conservation can be simplified to:  

𝑝 (
𝑑𝑣

𝑑𝑡
+ 𝑣 ∙ ∇𝑣) = 𝑝𝒈 − ∇𝑝 + 𝜇∇2𝑣 

Where p refers to the pressure of the fluid and µ refers 

to the viscosity of said fluid. These two equations will 

be the basis for the construction of the customized 

physics informed loss function.  

Based on the two equations presented the following 

residuals for the loss function were created: 

𝑅1 =
𝑑𝑢

𝑑𝑥
+

𝑑𝑣

𝑑𝑦
 

The second residual can be defined as follows by 

eliminating the time dependent variable (steady state 

flow): 

𝑅2 = 𝑝𝑣 ∙ ∇𝑣 − 𝑝𝑔 + ∇𝑝 − 𝜇∇2𝑣 

To facilitate the use of the second residual, the 

equation was separated by its two velocity 

components: 

𝑅2𝑢 = 𝑝 (𝑢
𝑑𝑢

𝑑𝑥
+ 𝑣

𝑑𝑢

𝑑𝑦
) +

𝑑𝑝

𝑑𝑥
− 𝜇∇2𝑢 

𝑅2𝑣 = 𝑝 (𝑢
𝑑𝑣

𝑑𝑥
+ 𝑣

𝑑𝑣

𝑑𝑦
) +

𝑑𝑝

𝑑𝑦
− 𝜇∇2𝑣 

Based on the three distinct residuals the customized 

physics informed loss function for the NN was 

defined as:  

𝐿 = 𝑅1 + 𝑅2𝑢 + 𝑅2𝑣 

Because by minimizing the sum of the residuals, the 

loss function will estimate the closest solution of the 

differential equations within the boundaries in the 

fluid domain. Regarding boundary conditions the 

following were set for the PINN. 

𝑢 = 𝐼𝑛𝑙𝑒𝑡 𝑣𝑒𝑙𝑜𝑐𝑖𝑡𝑦   𝑣 = 0  (𝐼𝑛𝑙𝑒𝑡) 

𝑝 = 0  (𝑂𝑢𝑡𝑙𝑒𝑡) 

𝑢 = 0   𝑣 = 0  (𝐶ℎ𝑎𝑛𝑛𝑒𝑙 𝑤𝑎𝑙𝑙𝑠) 

𝑢 = 0   𝑣 = 0  (𝐺𝑒𝑜𝑚𝑒𝑡𝑟𝑦 𝑤𝑎𝑙𝑙𝑠) 

These conditions are used by the algorithm 

simultaneously with the sum of the residuals as a set 

of losses which are then minimized. The loss for the 

boundary conditions is calculated by taking every 

value of the domain at the boundary and comparing it 
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to the desired boundary value, generating a loss 

similar to standard ML algorithms. 

All the conditions implemented were Dirichlet 

boundary conditions and the use of several separate 

geometries were used for their definition. If in the 

boundary condition definition, no conditions are set 

in a space of the domain for one of the output 

variables, this variable is unconstrained at that region 

like both velocities at the outlet in this application.  

The process of generating the geometry for the 

problems consist in the creation of different 

individual figures or spaces, with the help of function 

of intersection, union, and differentiation a complete 

geometry can be created. The boundary conditions 

mentioned before were applied to both the external 

geometry and its walls and the internal geometry and 

then the combination of these figures was created as 

shown below. In the algorithm definition the 

conditions referring to specific geometries were used 

in combination with the complete geometry. 

 

Figure 5 Method for geometry and domain creation as 
displayed in Deepxde [18] 

The training and testing algorithm was designed as a 

two-stage sequential process with two different 

optimization methods. In all cases the first stage used 

was an Adam algorithm that ran for a set number of 

epochs, after all the epochs were completed the 

second stage picked up the training process. The 

second method used was a Limited-Memory BFGS 

that optimized for an open number of epochs until the 

best solution was found. Optimization algorithms in 

ML are used to adjust the hyperparameters within the 

network in order to minimize the loss, there are 

several optimization algorithms which have different 

strategies to more efficiently reduce the loss the 

algorithm presents. In this process the term epochs is 

used to describe the number of iterations the 

optimizer has to improve the results of the algorithm 

by minimizing its loss.  

The algorithm finds a solution when one of two things 

happen, either the algorithm converges when the loss 

cannot be minimized further or when a set number of 

epochs defined by the user is reached. At both points 

the training stops and the hyperparameter values are 

saved and defined as a solution. 

The previously described approach was selected 

based on previous research developed by Karniadakis 

and Lu focused on Beltrami flow[18]. Based on this 

research the overall algorithm for Navier-Stokes flow 

was selected, based on the Beltrami flow 

implementation displayed in the Deepxde 

documentation. In all implementations automatic 

differentiation was used for both the loss function and 

boundary conditions when necessary. 

The automatic differentiation used in Deepxde uses 

the gradient function present in Tensorflow which 

operates in the same fashion as the PyTorch gradient 

module, which uses the chain rule in its calculations 

in combination with reverse mode differentiation. 

Such a method reaches values closer to the analytical 

values by not incurring in truncation errors in 

comparison to the finite differences approach [21]. 

Finally, two approaches were tried in defining the 

number and location of points for the problems 

analyzed. The definition of points for boundary, 

interior and testing was done by a normal uniform 

grid with a set number of points and through the 

generation of several random points within the 

geometry for both training and testing. The 

predictions are created by feeding the already trained 

algorithm with a mesh of points which encompasses 

the entire fluid domain. 

The data used to validate and compare the prediction 

results was obtained simulating the same geometry 

using a CFD software called OpenFoam under the 

same conditions both constant-wise and boundary 

condition wise [20]. 
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IV. Results 

 

The initial results were created using a 400 x 250 grid 

for the prediction. The results used to compare 

directly with OpenFoam were created with 45000 

points mesh with the same exact number of points and 

positions as the OpenFoam mesh, in order to create 

the difference fields elementwise. 

The loss presented for the algorithm (Figure 6) 

consists of the average loss of both the interior points 

(Loss function) and all the losses from each boundary 

condition previously defined. The following results 

show the outcome of the algorithm trained for 500 

epochs with Adam and a variable number of epochs 

using L-BFGS. The training loss refers to the loss 

value form the grid used to calculate values which 

remain constant. On the other hand, the test loss refers 

to a set number of random points in the grid, used to 

calculate a secondary loss. This difference between 

test and training loss can be attributed to the nature of 

random point selection for the test loss. Where if the 

point selection is lucky and picked points where the 

algorithm performs better, the test loss will be lower 

than the training loss which considers every single 

point. 

 

Figure 6 Train and test loss for the algorithm 

The grid utilized for this algorithm is presented in 

Figure 7 where the key features of the geometry are 

evident, and the empty space represents the object 

submerged within the air flow. The surface displayed 

is tilted because it is displaying the pressure values 

for the grid. 

 

Figure 7 Solution space for the algorithm displaying pressure 

The next results display both the outcome of a 

OpenFoam simulation of the same problem analyzed 

by the algorithm and the results predicted by the 

algorithm. As the comparison displays, there are both 

differences and similarities between the expected 

finite volume and the predicted one. Regarding 

similarities, even if the velocity around the 

submerged geometry is not the same for the 

prediction, the general flow of air is correctly 

modeled around the geometry. The increased speed 

for the air flow in the y direction both before and after 

the geometry, show the clear displacement and 

merger of flows before and after the geometry, this is 

consistent with both the simulation and theory. 

Similarly, an increase in pressure is displayed around 

the geometry and pressure falls as the air gains speed 

as it moves along the solution space.  

The results for the x direction also show expected 

behavior, the flow reduces its speed after contact with 

the submerged geometry is made and the flow 

increases its speed soon after entering the solution 

space. Similarly, the flow increases its speed along 

the x component after the geometry is passed and the 

flow stabilized in that direction soon after. Because 

all values displayed are scaled to 105 their magnitude 

to make them clearer, the degree of precision attained 

without supplying data to the algorithm is remarkable. 
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On the other hand, the predicted results display small 

zones of abnormal high speeds for both x and y 

direction. Similarly, the results for pressure show a 

clear gradient for the prediction but such a clear 

gradient is not evident on the simulation side. 

 

 

Figure 8 Results for the speed in the x and y direction along with pressure. The OpenFoam simulation on the left, the algorithm results on 
the right. 

V. Analysis and Discussion 

Further analysis of the results was carried out based 

on number of epochs and by numerically comparing 

the results and performance of the algorithm 

comparing epoch and the results of OpenFoam.  

First, regarding epoch number comparison, models 

were trained from a 100 to 600 epochs of Adam with 

intervals of 100 epochs. The results in terms of loss 

for both training and testing and the training time for 

every model are presented in the following figure.   

Figure 9 Test Loss and Testing Loss comparison for all models 
trained. 

As Figure 6 shows, the losses don’t have consistent 

behaviors as the scale of the model increases, the 

main reason lies in the sequential optimization 

architecture. Considering that L-BFGS decides 

automatically on when to stop training, managing the 

epochs in Adam is just part of the equation. All 
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models used present weaknesses and strengths in 

either test or training loss making the decision of the 

best model unclear. The test loss is configured as a 

random sampling of the mesh which changes 

overtime during training, such an approach is a better 

indicator of generalization potential, and its test loss 

is not the highest of all models trained. The fact that 

all models display losses in magnitudes of 10-7 

evidence the potential of such an approach for PINN’s. 

Regarding run time for all models, a clear trend is 

present where the higher the number of epochs of 

Adam, the higher the training time required. Figure 7 

displays the comparison of run time between all 

models and OpenFoam. A clear advantage is evident 

in terms of run time. All models even though couldn’t 

provide a perfect answer to the problem like 

OpenFoam, the possibility of generating viable 

results with run times orders of magnitude smaller 

than CFD applications will reduce computing time 

and reduce computational requirements. 

 

Figure 10 Run time for OpenFoam and all models to 
approximate results. 

Furthermore, the training time is presented in figure 

8. Comparing the training times achieved for this 

implementation with the results of previous 

implementations by Felipe Giraldo with a standard 

convolutional Neural Network, a PINN with data and 

a unsupervised approach using SimNet. Respectively 

for training these implementations took 3 hours, 16 

hours, and 40 hours, all of them were trained for 1000 

epochs using a GTX-1080Ti GPU. In the 

implementation presented in this paper the same GPU 

was used. The results display and increase in training 

speed of 2 orders of magnitude for the convolutional 

NN and supervised PINN approaches and of 3 orders 

of magnitude for the SimNet implementation. Such 

an increase of training speed with similar results as 

will be shown in this section provide an example of 

the potential of unsupervised PINN implementations. 

 

Figure 11 Training time for all models. 

The error was calculated by using the OpenFoam 

simulation as the ground truth and the RMSE error 

was calculated for each model in Table 1. Based on 

the results the overall best performing models 

occurred at 300 and 600 epochs displaying the lowest 

RMSE errors for y-velocity and pressure. All models 

performed like the SimNet results for y-velocity and 

pressure. On the other hand, for the x-velocity the 

error was greater in this implementation, in the worst 

case the errors were double of the one encountered 

using SimNet. 

Model Epochs 

Error u-Field 

(m/s) 

Error v-Field 

(m/s) 

Error p-Field 

(Pa) 

1 100 37.2 x 10-5 9.9 x 10-5 0.13 x 10-5 

2 200 66.7 x 10-5 10.9 x 10-5 0.19 x 10-5 

3 300 61.14 x 10-5 9.44 x 10-5 0.016 x 10-5 

4 400 55.5 x 10-5 12.98 x 10-5 0.022 x 10-5 

5 500 51.57 x 10-5 13.86 x 10-5 0.14 x 10-5 

6 600 67.87 x 10-5 7.45 x 10-5 0.036 x 10-5 

Table 1 RMSE error calculated based on the OpenFoam 
simulation for all models. 

To further compare the predicted results by the 

algorithm with the expected results of OpenFoam a 

difference graph was crafted by subtracting the 

predicted values to the OpenFoam values for every 

element of the space. These difference graphs 

displayed in Figures 9 and 10 display the differences 

for all 3 outputs and for the tow best performing 

models identified with the help of Table 1. 
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Figure 12 Difference field between expected output and 
prediction. (300 Epochs) 

 

Figure 13 Difference field between expected output and 
prediction. (600 Epochs) 

The difference fields truly show the performance of 

the algorithm in comparison to the ground truth. 

Regarding the model trained for 300 Adam epochs 

(Figure 9), its performance predicting y-velocity and 

pressure with most of the filed displaying values close 

to zero, signaling a very close performance to the 

OpenFoam simulation. On the other hand, even if 

most of the difference field for the x-velocity 

component u, has values close to zero, there are areas 

specially under the submerged geometry where there 

is a high difference between prediction and 

simulation which increase the overall RMSE error for 

the prediction. 

The difference fields for the 600 Adam epoch model 

(Figure 10) displays similar results. Both pressure and 

y-velocity show most of the values close to zero 

specially for the y-velocity which translates to the 

lower RMSE error for that specific output. The 

pressure field also display most of its zones close to 

zero except for around the geometry where the 

algorithm predicted higher values than expected. Like 

the previous analyzed model, the most prominent 

differences appear in the x-velocity specially under 

the submerged geometry and in the affected flow after 

the geometry is passed. Both models display similar 

issues to different degrees, such a situation facilitates 

the identification of potential sources of the issues and 

of potential improvement avenues. 

The overall performance of the algorithms 

implemented display overall acceptable results 

combined with extremely high training speeds. Most 

of the prediction issues are concentrated around the 

submerged geometry and the affected flow. To solve 

this issue, assigning more weight to the internal loss 

function and the boundary conditions for the 

submerged geometry, will allow the algorithm to 

focus more on these key areas potentially improving 

results. 

 

VI. Conclusions and future work 

In this paper the objective of creating a PINN for 

aerodynamic simulation with the implementation 

of automatic differentiation was set. The method 

used was based on a non-data-driven approach 

and using the Deepxde package to simplify and 

simultaneously improve the potential tools 

available. A 6-layer architecture using 60 neurons 

per layer was used. The loss function was defined 

based on the residuals of the time independent 

Navier-Stokes equation for an incompressible 

fluid as a PDE, subsequently minimized as the 
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loss function inside the boundary, without any 

type of training data used. This approach 

provided a clearer understanding of the inner 

workings of the training of Neural Networks and 

specifically PINN with non-data driven 

approaches and introduced a PINN 

implementation where the Neural Network is not 

conceived as a black box. 

To understand and compare the functioning and 

performance of the algorithm, the number of 

epochs for training was varied to validate results 

at different steps of the training process. The 

results displayed a good approximation of the 

simulation compared to the SimNet 

implementation carried out for the same problem. 

The results lacked behind the performance of the 

standard convolutional neural network and the 

data driven PINN approach by a moderate margin 

in terms of prediction quality. On the other hand, 

the performance of the approach presented in this 

paper was 2 orders of magnitude faster in terms 

of training times and just as fast in terms of run 

time. Such run times are four orders of magnitude 

smaller than most CFD solvers. The great 

potential of non-data driven approaches is 

displayed in the incredible speed and acceptable 

approximation to the real solution. 

The main limitation of such approaches is the 

approximation accuracy, what is gained in 

training speed is lost to a lesser degree in 

accuracy. The potential of such applications is 

immense in all fields of engineering and science 

which can be modeled using partial differential 

equations. The main barriers are scalability in 

terms of either equation or geometry complexity, 

this applies specially to large scale problems 

where complex geometries are present. The use 

of similar approaches for time dependent 

problems has also been studied in several appears 

but further research in the combination of 

complex geometries and equations with the 

implementation of time is still highly relevant. 

The usage of such frameworks for submerged 

geometries poses additional difficulties compared 

to the cases where geometries is just present at the 

space boundaries.  

Nonetheless, the fact that good solutions can be 

created based on a non-data driven approach is 

incredible and present great opportunities for all 

fields that require simulation or an understanding 

of the physical problems. 
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