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A FAST 3D FLOW FIELD PREDICTION AROUND BLUFF BODIES USING
DEEP LEARNING

SUMMARY

Deep learning, as a subset of machine learning, has various applications in the field of
fluid mechanics, including flow prediction, flow control and optimization, fluid-
structure interactions, and image-based fluid flow analysis. This study focuses
specifically on flow prediction, aiming to estimate the behavior of flow field, such as
velocity and pressure distributions, in an external turbulent flow using a deep learning
model. The chosen deep learning architecture for this study is PoinNet, originally
designed for machine vision and capable of processing unordered point clouds. Unlike
convolutional neural networks, PoinNet does not require data interpolation, allowing
direct utilization of unstructured grid system nodes as input, thus preserving the
accuracy of the numerical solution. This model takes spatial coordinates of the grid
system as input and produces the corresponding pressure and velocity quantities at the
given input points.

Computational Fluid Dynamics (CFD) is employed to generate the required dataset for
the training phase. A right rhombic prism with a side edge of 30 mm is selected as the
base shape, with four variable geometrical parameters: Tip Angle (a), Inclination
Angle (B), Rotation Angle (), and length in the specific direction (D). By varying only
a and B, a smaller dataset consisting of 961 models is generated, while considering all
parameters results in a larger dataset of 3511 different samples. The coordinate system
is established at the center of mass of the solid shape.

A Tet-hybrid unstructured grid system is generated in the computational domain due
to its ease of implementation in complex domains. A finer mesh is created around the
object, accompanied by inflation layers applied to the object's walls to accurately
capture the gradients in boundary layers. Considering the significant number of
simulations involved, striking a balance between accuracy and computational time is
crucial, leading to an effort to minimize the number of cells while maintaining
reasonable accuracy.

The numerical solutions are obtained using Ansys-Fluent. After thorough testing of
various turbulent models, considering both accuracy and computational time, the
Standard k-¢ epsilon turbulence model with a coupled pressure-velocity coupling
scheme is adopted for the turbulent flow computations. Air under room temperature
conditions, with constant thermophysical properties, is chosen as the working fluid.
The upstream velocity is set to a constant value of 4.87 m/s. Velocity inlet and outflow
boundary conditions are applied at the inlet and outlet of the computational domain,
respectively. Meanwhile, no-slip and zero-shear stress conditions are imposed on the
walls of the bluff body and the side walls of the domain, respectively.

Given the impracticality of manually setting up all the models, exporting the solution
data, and saving the results of numerical solutions in Ansys-Fluent, it is coupled with
MATLAB using the ANSYS_AAS toolbox and launched in AAS mode to automate

XXi



the simulation procedure. A MATLAB code and a Text User Interface (TUI) journal
file are developed to provide Fluent settings for each case. The node-based solution
data is exported as an ASCI|I file format for each sample.

Before concatenating all the exported files into a 3D array to form the dataset, some
data manipulations are required. Firstly, it is unnecessary to predict the entire CFD
domain with the neural network since the area of interest is limited to the region close
to the object. Additionally, computational resources impose limitations on the number
of inputs. Therefore, a specific algorithm is employed to filter out some points,
restricting the number of inputs to 10,000.

Secondly, a single network is utilized to predict the results for four different variables,
each with different ranges. To ensure equal contributions of output variables in
determining network weights, data normalization is essential. After making the
velocity and pressure variables dimensionless, the adjusted min-max method was
utilized to scale them in the range of 0.1 to 0.9.

The PointNet neural network architecture has been modified to establish a mapping
from the coordinates of the unstructured nodes in a 3D grid system as input to the
corresponding values of the velocity components and pressure at the related nodes.
This is a nonlinear regression problem that is modeled by a supervised learning neural
network. An input array of size 10,000x3 goes through the network, and an output
array of size 10,000x4 is produced. The 3 represents the coordinates of each node, and
the 4 represents the number of predicted parameters, which are velocity components
and pressure.

The training process involves optimizing the 11,231,821 trainable parameters in the
model by minimizing the loss function. After shuffling the samples, the data for both
datasets are partitioned into training, validation, and testing subsets, with proportions
of 80%, 10%, and 10% for the smaller dataset with 961 models, and 65.5%, 20.5%,
and 14% for the larger dataset with 3511 models, respectively. The implementation,
training, and testing of the neural network have been carried out using the TensorFlow
framework and the Keras library in this study. The training process utilized the
resources provided by UHem; the National Center for High-Performance Computing
located at Istanbul Technical University.

Prediction of a 3D flow field in a proper manner requires an increased number of input
points. Consequently, the original PointNet architecture was modified to meet this
challenge. The architecture was adjusted by changing the number of layers and the
number of neurons. To optimize the hyperparameters of the deep learning model, such
as the initial learning rate, the number of layers in each Multi-Layer Perceptron (MLP),
and the number of neurons in different layers, a Bayesian optimization approach is
employed. Constraints are applied to the number of layers and neurons in each MLP
to define the search area in the Bayesian method. Due to the extensive number of
possible combinations for different layers and neuron numbers, limitations were
imposed on the maximum number of trials, restricting it to 80 tests. Additionally, the
maximum number of epochs is set to 50.

The training process spanned 5000 epochs for the smaller dataset (961 samples) and
1400 epochs for the larger dataset (3511 samples). The larger dataset demonstrated a
faster convergence speed in reaching the same loss values compared to the smaller
dataset. However, due to the increased computational burden and the absence of
further improvement in convergence, it was necessary to terminate the training at this
stage. The final training and validation loss values for the smaller dataset are
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1.25x107* and 1.34x10~*, respectively, which were obtained at epoch 4600. For the
larger dataset, the best achieved training and validation loss values are 3.08x10~* and
2.54x107* at epoch 1400, respectively.

After the training phase, the generalizability of the network was tested using both
datasets. For the smaller dataset, the network was evaluated using 96 previously
unseen samples in the test subset. The test loss value for the smaller dataset is
1.38 x 10~*, which is slightly larger than the validation loss. No abnormalities are
evident in this evaluation. Similarly, the larger dataset underwent testing with a test
subset comprising 490 samples. For this dataset, the test loss value was measured at
2.59 x 10~*. This evaluation also indicates promising performance and aligns with the
trends observed in the smaller dataset evaluation. Point-wise Relative Error Percentage
(REP) and Average Relative Error Percentage (AREPS) were also considered to
evaluate the performance of the deep learning model. The average error of the entire
test set is close to the minimum value, indicating that most of the samples in the test
subsets have a relative error value close to the minimum value.

The model is further evaluated through comparisons made between predicted data and
numerical simulations. This evaluation involves analyzing velocity and pressure
distribution contours, error distribution contours, correlation charts, and determination
coefficients for each output parameter.

The model's performance in accurately predicting 3D flow fields with a satisfactory
level of precision is impressive. Moreover, the network's ability to generate predictions
significantly faster than conventional CFD solvers while maintaining excellent to
reasonable accuracy is a notable advantage.

The ability to obtain accurate and fast flow field predictions has the potential to
enhance engineering processes, optimize designs, and reduce computational costs. It
opens up opportunities for more efficient simulations and facilitates quicker decision-
making in fields such as fluid dynamics, aerodynamics, and engineering design.
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DERIN OGRENME KULLANILARAK KUT CiSIMLER ETRAFINDAKI
3 BOYUTLU AKIS ALANININ TAHMINI

OZET

Makina 6grenmesinin bir alt dali olan derin 6grenme, akigkanlar mekanigi alaninda
akis alam1 tahmini, akis kontrolii ve optimizasyonu, akiskan-yapi etkilesimleri ve
goriintii tabanli akis analizi gibi cesitli uygulamalara sahiptir. Bu tez ¢aligmasinda,
derin 6grenme modeli kullanarak tiirbiilansl bir dis akista 3-boyutlu akis alaninin (hiz
ve basing dagilimlarinin) tahmin edilmesi amaglanmaktadir. Bu ¢alisma i¢in PoinNet
derin 6grenme mimarisi se¢ilmis olup, konvoliisyonel sinir aglarinin aksine, verilerin
interpolasyonuna ihtiyag duymamakta ve dilizensiz aglarin diiglim noktalarin
dogrudan girdi olarak kullanabilmekte ve bu sayede sayisal ¢oziimiin hassasiyetini
koruyabilmektedir. Bu model, ag yapisinin koordinatlarimi girdi olarak almakta ve
verilen girdi noktalarinda karsilik gelen basing ve hiz degerlerini tahmin etmektedir.

Agin egitim asamasi i¢in gerekli olan veriler Hesaplamali Akiskanlar Dinamigi (HAD)
simiilasyonlart ile tiretilmistir. Kenar uzunlugu 30 mm olan bir eskenar dortgen prizma
temel sekil olarak sec¢ilmistir. Eskenar dortgen prizma; ug agisi (o)), egim agist (B),
donel ag1 (0) ve z-yonundeki uzunluk (D) olmak Uzere dort geometrik parametreye
sahiptir. Bu parametrelerden sadece a ve B degistirilerek 961 farkli eskenar dortgen
pirizmasti iceren kiiciik bir veri seti olusturulurken, tiim geometrik parametreler dikkate
alindiginda 3511 farkli sekilden olusan biiyiikk bir veri kiimesi elde edilmistir.
Koordinat sistemi seklin agirlik merkezinde olacak sekile olusturulmustur.

Tet-hibrit ag yapis1 karmagik geometriler i¢in kolay uygulanabilirligi nedeniyle tercih
edilmistir. Sinir tabakalarindaki degisimleri dogru bir sekilde yakalamak i¢in cisme
yakin bolgelerde daha sik bir ag yapisi olusturulmustur. Simiilasyonlar Ansys-Fluent
kullanilarak gerceklestirilmistir. Farkli tlirbiilans modellerinin hem dogruluk hem de
hesaplama siiresi goz oniinde bulundurularak kapsamli bir sekilde test edilmesinin
ardindan Standart k-¢ epsilon tilirbiilans modeli seg¢ilmistir. Calisma kapsaminda is
akigkan1 olarak sabit termodinamik o6zelliklere sahip oda sicakligindaki hava
secilmigtir. Hesaplama alaninin, giris sinir sart1 olarak 4.87 m/s serbest akis hiz1 ve
c¢ikis sinir sart1 olarak da ¢ikis (outflow) sinir sart1 kullanilmistir. Cismin duvarlarinda
kaymama sinir sart1 uygulanirken, yan duvarlara sifir kayma gerilmesi (zero-shear
stress) kosulu uygulanmistir.

Her bir simiilasyonun ayarlanmasi, kosturulabilmesi ve sonuclarin disa aktarilabilmesi
islemlerinin otomatize edilebilmesi icin ANSYS AAS ara¢ kutusu kullanarak Ansys-
Fluent ile MATLAB programlar1 konusturulmustur. Simiilasyon sonuglarinin derin
o0grenmede kullanilabilmesi i¢in tiim sonuglarin bir matriste toplanmasi ve verilerin
maniplile edilmesi gerekmektedir. Bu kapsamda; oncelikle akis alanit tahmini
yapilacak cismin yakin komsulugundaki 10,000 noktanin segilecegi bir algoritma
olusturulmustur. Daha sonra x, y ve z ydnlerindeki hiz ve basing olmak iizere dort
farkli degiskenin tek bir derin 6grenme ag1 lizerinden tahmini yapilacagi i¢in farkli alt
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ve list degere sahip her bir degiskenin esit katki saglamasi i¢in veriler min-max
yontemi kullanilarak 0.1 ila 0.9 araliginda normalize edilmistir.

PointNet mimarisi Uzerinde, 3-boyutlu akis alanini tahmin edebilmek igin ¢esitli
degisiklikler yapilmistir. Her bir cisim i¢in x, y ve z koordinatlar1 agin girdileri; x, vy,
ve z yoniindeki hizlar ve basing ise agin ¢iktilar1 olarak belirlenmistir. Bu kapsamda
herbir cisim i¢in ayr1 ayr1 10,000%3 boyutunda bir giris matrisi aga girmekte ve tamin
sonucunda da 10,000x4 boyutunda bir matris ag tarafindan tiretilmektedir.

Agin egitilmesi siireci, kayip fonksiyonunu en aza indirecek model parametrelerinin
belirlenmesidir. Kii¢iik ve biiylik olmak iizere iki farkli veri seti i¢in aglar ayr1 ayri
egitilmistir. Bu kapsamda veriler karistirildiktan sonra kii¢iik veri seti i¢in verilerin
%80°1 egitim, %10’u dogrulama ve %10’u da test verisi olarak ayrilirken; biiyiik veri
seti icin verilerin %65.5°1 egitim, %20.5’1 dogrulama ve %14°{ de test verisi olarak
ayrilmistir. Caligsma kapsaminda; agin egitilmesi ve test edilmesinde TensorFlow ve
Keras kiitiiphaneleri kullanilmistir. Egitim siirecinde, Istanbul Teknik Universitesi
biinyesinde bulunan Ulusal Yiiksek Basarimli Hesaplama Merkezi (Uhem) tarafindan
saglanan kaynaklar kullanilmistir. Derin 6grenme modelinin hiperparametrelerini
(baslangi¢ 6grenme hizini, her Cok Katmanl Algilayicidaki (MLP) katman sayisini
ve farkli katmanlardaki ndron sayisini) optimize etmek icin Bayes optimizasyonu
yaklagimi  kullanilmigtir.  Farkli katmanlar ve ndron sayilari ig¢in olasi
kombinasyonlarin sayisinin olduk¢a fazla olmasi nedeniyle, maksimum deneme sayisi
80 ile sinirlanmistir. Ayrica, maksimum EPOCH sayisi da 50 olarak belirlenmistir.

Egitim siireci, kii¢lik olan veri seti (961 6rnek) i¢in 5000 EPOCH siirerken, biiyiik veri
seti (3511 6rnek) i¢in 1400 EPOCH siirmiistiir. Biiyiik veri seti, kii¢iik veri setine gore
ayni1 kayip degerlerine ulasma konusunda daha hizli bir yakinsama hiz1 sergilemistir.
Ancak artan hesaplama yiikii ve yakinsamada daha fazla ilerlemenin olmamasi
nedeniyle bu asamada egitimi sonlandirilmistir. Kiigiik veri seti i¢in nihai egitim ve
dogrulama kayip degerleri sirastyla 1.25x10* ve 1.34x10™* olarak, 4600. EPOCH’ta
elde edilmistir. Biiyiik veri seti i¢in de en iyi elde edilen egitim ve dogrulama kayip
degerleri sirastyla 3.08x10* ve 2.54x10* olarak, 1400. EPOCH ta elde edilmistir.

Egitim asamasindan sonra, agin genel tahmin yetenegi her iki veri seti igin ayr1 ayri
test edilmistir. Kiigiik veri seti i¢in ag tarafindan daha once goriilmemis 96 6rnek
denenmistir. Bu deneme igin kayip degeri 1.38x10 olarak belirlenmistir. Benzer
sekilde, biiyiik veri seti i¢in 490 Ornek i¢in agin tahminleme performansi test
edilmistir. Bu test soucunda ise kayip degeri 2.59x10™* olarak belirlenmistir. Bu
degerlendirmelere ek olarak Noktasal Goreceli Hata Yiizdesi (REP) ve Ortalama
Goreceli Hata Yizdesi (AREP) ayrica derin 6grenme modelinin performansini
degerlendirmek i¢in dikkate alinmistir. Bu degerlendirmelerle birlikte egitilen aglarin
3-boyutlu akis alanlarimi yiiksek bir hassasiyet seviyesiyle dogru bir sekilde tahmin
ettigi ve Hesaplamali Akiskanlar Dinamigi (CFD) simiilasyonlarina kiyasla tahin
stiresinin oldukca kisa oldugu sonucuna varilmistir. Dolayisiyla derin 6grenmenin; 3-
boyutlu akis alanim1 dogru ve hizli bir sekilde tahmin etme yetenegi géz Oniine
alindiginda, miihendislik siireclerini  hizlandirma, tasarimlar1 optimize etme,
hesaplama maliyetlerini azaltma ve miihendislik tasarimi gibi alanlarda daha hizl
karar verme potansiyelinini yiiksek oldugu sonucuna varilmaistir.
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1. INTRODUCTION

The determination of the flow field in classical fluid mechanics applications
typically entails solving the Navier-Stokes (NS) equations through computational
fluid dynamics (CFD) techniques. Despite advancements in computational speed
and power, as well as the development of efficient numerical methods, this process
remains time-consuming, particularly for complex prototypes, often taking hours
or even days. Situations that involve extensive iterations of flow solutions, such as
fluid-structure interaction and design optimization, further contribute to the
computational expense and prolong the overall design cycle. In the early stages of
design, designers frequently require the ability to rapidly explore various design
alternatives and make preliminary decisions, typically without the need for high-
fidelity simulations. Therefore, there is a demand for an effective and precise
method capable of obtaining flow solutions at a significantly faster pace than the
traditional CFD approach, allowing designers to obtain instant or real-time
feedback for continuous design iterations. One possible option is using quick
approximation models or surrogates as an alternative to high-accuracy CFD
simulations. Data-driven methods, as alternative surrogates, have the potential to
enhance or replace costly high-fidelity CFD analyses with more economical
approximations. The practicality and significance of data-driven surrogate models
have increased due to the substantial growth in computational speed and power.
Deep learning algorithms have made significant advances in the field of data-
driven learning in recent years, and have effectively contributed to the
advancement of innovative computational methodologies. They offer a rapid and
proficient alternative for approximating functions in high-dimensional complex
spaces. Specifically, deep neural networks (DNNs), commonly employed in data
mining practices, exhibit favorable compatibility with large-scale, high-

dimensional datasets, enabling the extraction of features at multiple scales.



1.1 General Definition and Concepts

In this section, the machine learning concepts utilized in this study are briefly

reviewed.

1.1.1 Machine learning

Machine learning is a specialized domain within the field of artificial intelligence (Al)
that concentrates on the creation of algorithms and models enabling computers to learn
and make predictions or decisions autonomously, without explicit programming. It
encompasses the utilization of statistical methods to automatically recognize patterns
within data, allowing for precise predictions or informed actions to be taken based on

those patterns.

1.1.2 Deep learning

Deep learning is a specific branch of machine learning that focuses on the development
and training of multi-layered artificial neural networks that can learn and extract
complicated patterns and representations from immense amounts of data. The term
"deep” in deep learning does not imply a deeper understanding achieved by the method
but rather refers to the idea of building layers of representations. A model’s depth
indicates the quantity of layers contributing to the representation of the data in that
model. Modern deep learning models typically comprise tens or more sequential
layers, allowing them to automatically learn from training data. This stands in contrast
to other machine learning approaches that generally rely on only one or two learning

layers, leading to their classification as shallow learning methods. [1].

Artificial
intelligence

Machine
learning

Deep
learning

Figure 1.1 : Deep learning, machine learning, and artificial intelligence [1].



1.1.3 Neural networks

Neural networks, also known as artificial neural networks (ANNS), constitute a
subfield of machine learning approaches and serve as a fundamental component in
deep learning algorithms. Their design and functioning are inspired by the human
brain, aiming to replicate the interconnection and signaling of biological neurons.
ANNSs are composed of multiple layers of nodes. Each node, representing an artificial
neuron, is interconnected to other nodes and possesses assigned weights and
thresholds. When the output of a node surpasses a specific threshold, it becomes
activated, and its output is transmitted to the following layer. Conversely, if the output
falls below the threshold, no data is forwarded to the next layer of the network [2].

Each neuron in a neural network has a set of learnable parameters, such as biases and
weights. The weights determine the strength or significance of the connections
between neurons, whilst the biases add an extra parameter to change each neuron's
output. These parameters are iteratively adjusted throughout the training phase based
on a defined optimization strategy, generally employing techniques like gradient

descent and backpropagation.

The key operation in a neural network is the weighted sum of inputs followed by an
activation function. The weighted sum calculates the linear combination of inputs and
their corresponding weights, while the activation function introduces non-linearity to
the output. The activation function allows the neural network to learn complex and

nonlinear relationships within the data.

There are various types of activation functions employed in ANNSs, such as the
hyperbolic tangent (tanh) function, rectified linear unit (ReLU) function, and sigmoid
function. Each activation function has its characteristics and affects the network's

learning dynamics.

Neural networks can be exploited in a variety of tasks such as classification,
regression, and clustering. They demonstrated outstanding performance in image
recognition, speech recognition, and natural language processing, which makes them

a valuable tool in machine learning and artificial intelligence.

1.1.4 Multi-layer perceptron (MLP)

A Multi-Layer Perceptron (MLP) is a variant of feedforward neural networks. The

term "ANN" is a broader and more general concept that encompasses various



architectures and types of neural networks, including MLP. MLP is the simplest and
most basic form of a neural network and serves as the foundation for more complex
architectures in deep learning. An MLP is composed of several layers of
interconnected nodes or neurons, with each neuron being a processing unit that
performs computations on the input data. The layers are organized sequentially, with
a layer for inputs, one or more hidden layers, and a layer for outputs (see Figure 1.2).
Each neuron in one layer of an MLP is connected to every neuron in the next layer.
This structure is known as a fully connected or dense architecture. The connections
between neurons are characterized by weights, which represent the strength of the

connections.

hidden layers

Figure 1.2 : Schematic of a multi-layer perceptron [3].
1.1.5 Convolutional neural network (CNN)

A Convolutional Neural Network (CNN) is a specialized variant of neural networks
commonly exploited for analyzing visual data, such as images or videos. CNNs are
particularly effective in tasks involving object detection, image classification, and
image segmentation due to their ability to automatically learn and extract meaningful
features from raw pixel data. The distinguishing feature of CNNSs is the inclusion of

convolutional layers (see Figure 1.3).
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Figure 1.3 : Visual representation of the convolution operation on an input image
with a kernel [4].

These layers utilize a set of adaptive filters or kernels to process the input image
through a convolution operation. During the convolution operation, the filters are slid
across the input image, conducting element-wise multiplications at each position and
subsequently summing the results to generate a feature map. By using multiple filters,
CNNs can capture different patterns and features at different spatial locations of the

image.

The strength of CNNs lies in their ability to automatically learn hierarchical
representations of visual data. By leveraging the convolutional and pooling operations,
CNNs can capture local patterns and gradually build complex and abstract
representations of the input. This hierarchical approach allows CNNs to effectively
handle images of varying sizes and capture important features regardless of their
position within the image.

1.1.6 Adam optimizer

An optimization algorithm is a method used to iteratively update the trainable
parameters of a model, such as weights and biases, to minimize a given loss or
objective function. It plays a crucial role in training machine learning models and

obtaining the optimal value of parameters that best suit the data.

Adam (short for Adaptive Moment Estimation) is a popular optimization algorithm

variant utilized for updating neural network model parameters during training. It is a



stochastic gradient descent method that relies on adaptive estimation of both first-order
and second-order moments. [5].

As stated by Kingma et al. (2014), the Adam method offers computational efficiency,
low memory requirements, and invariance to diagonal rescaling of gradients. It is
particularly well-suited for handling large-scale problems with significant amounts of
data and parameters [6].

1.1.7 Relu activation function

The activation function in a neural network denotes a mathematical function that is
applied to the output of neurons within a neural network. Its role is to introduce non-
linear characteristics into the network, enabling it to learn and model complicated
relationships in the data. The choice of activation functions significantly influences the
output and learning dynamics of neural networks. Among the various options, the
Rectified Linear Unit (ReLU) activation function holds substantial importance,
particularly in deep learning models, due to its widespread adoption as a non-linear

activation function. The ReLU function is defined as follows:
f(x) = max (0,x) (1.2)

By taking an input value x, it returns the maximum value between 0 and x. In other
words, the ReLU function behaves in the following manner: if the input is positive, it
outputs the input value as is, while if the input is negative, it outputs 0. As a
consequence, the ReLU activation function exhibits a piecewise linear behavior,
allowing positive values to pass through unchanged while setting negative values to

zero. This simple characteristic defines its fundamental functionality.

The key advantage of the ReL.U activation function is its simplicity and computational
efficiency. The function is easy to compute and does not involve complex
mathematical operations, making it highly suitable for training deep neural networks
that encompass a substantial number of parameters. Additionally, ReL U helps mitigate
the vanishing gradient problem that can occur in networks with deep architectures,

allowing for more effective training.



1.1.8 Sigmoid activation function

The sigmoid activation function, also referred to as the logistic function, is a widely
employed non-linear activation function in neural networks. It transforms the input
value into a range spanning from 0 to 1, resulting in a smooth and continuous output.

The mathematical definition of the sigmoid function is as follows:

o) = (L2)

1+e*

where e is the base of the natural logarithm and x is the input value.

The sigmoid activation function has some drawbacks. One issue is that the output of
the sigmoid function saturates for large positive or negative input values, resulting in
gradients close to zero. This saturation can cause the vanishing gradient problem and

hinder the learning process, especially in deep neural networks.

In modern deep learning architectures, sigmoid still finds applications in specific
scenarios, such as the final layer of a binary classifier where a probability interpretation

is desired or in certain types of recurrent neural networks.

1.1.9 Batch normalization

Batch normalization is a method employed in deep learning models to enhance the
learning process and the overall performance of the network. Its primary concept
involves normalizing the inputs of each layer by subtracting the mean of the batch and
dividing by the standard deviation of the batch. This normalization is applied to mini-
batches of training examples rather than individual examples. The normalized inputs
are then scaled and shifted by learnable parameters, known as the batch normalization
parameters, which allow the network to restore representation power.

Batch normalization offers several benefits. First, it reduces the internal covariate shift,
which stabilizes the training process and allows for faster convergence. Normalizing
the inputs, helps the network to adapt to changes in the distribution of the input data
and makes the optimization process more efficient. Additionally, batch normalization
acts as a form of regularization by adding noise to the network's hidden units. This
noise helps in overfitting reduction and enhancing the generalization ability of the
model. Batch normalization also provides some robustness to the selection of the

learning rate and can reduce the sensitivity of the network to the initialization of the



weights. It allows for using higher learning rates without the risk of instability and

makes the network less dependent on careful weight initialization.

1.1.10 Max pooling

Max pooling is a down-sampling technique commonly used in CNNs for image and
feature extraction tasks. It reduces the spatial dimensions of the input data while
retaining the most prominent features. The process of max pooling involves
partitioning the input into non-overlapping regions, typically squares or rectangles,
and selecting the maximum value within each region. The selected maximum value
becomes the output for that region, effectively reducing the spatial resolution. Max
pooling offers several benefits. First, it helps to extract and preserve the most salient
features from the input, as the maximum value represents the strongest response within
each region. This helps the network focus on the most relevant information and discard
less significant details. Second, max pooling introduces a degree of translation
invariance, making the network more robust to small shifts or variations in the input.
Since the maximum value is selected, the precise location of a feature becomes less
important, allowing the network to detect the presence of features regardless of their
exact positions. Another advantage of max pooling is its ability to decrease the
network’s complexity of computation by down-sampling the feature maps. This makes
the subsequent layers more efficient to compute and decreases the quantity of
parameters of the network, which can help prevent overfitting. Typically, max pooling
is applied after a convolutional layer in CNNs, resulting in a reduction of the spatial
dimensions and simultaneously increasing the depth or number of channels. It is often
followed by additional convolutional or fully connected layers to further process the
extracted features. However, it's important to note that max-pooling may discard some
spatial information, and alternative pooling techniques, such as average pooling or

adaptive pooling, can be used depending on the task's requirements.
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Figure 1.4 : An example of applying a 2x2 max pool on a 4x4 input [7].



1.1.11 L2 regularization

L2 regularizer also referred to as weight decay, is categorized as a type of layer weight
regularizer. These regularizers impose penalties on layer activity or layer parameters
throughout the training process. These penalties are aggregated and incorporated into

the loss function, which the network then seeks to optimize [8].

The L2 regularization term is calculated by summing up the squared magnitudes of all
the weights in the model and multiplying it by a regularization parameter, often
denoted as L. The regularization term is then added to the initial loss function. The

modified loss function with L2 regularization can be written as:

Loss-with-regularization = Loss-without-regularization + A X (sum of squared

weights)

The purpose of the regularization term is to penalize large weights in the model. By
doing so, L2 regularization promotes a trade-off between achieving a good fit to the
training data and maintaining small weights in the model. This helps prevent
overfitting by reducing the model's reliance on any particular feature and promoting

more generalizable representations.

L2 regularization is widely used in various machine learning algorithms and neural
network architectures. It is a simple and effective technique for preventing overfitting

and improving the generalization performance of models.

1.2 Literature Review

The literature review provides a thorough overview of current research and
understanding of the topic of employing deep learning in fluid mechanics. The purpose
of this section is to review and synthesize the relevant works, theories, and approaches
that have contributed to the knowledge and advancement of flow field prediction using
deep learning. This review defines the background for the current study and highlights
gaps, disputes, and areas for further research by critically examining and synthesizing
the available literature.

Guo et al. (2016) used CNNs to present a broad and adaptable approximation model
for predicting steady laminar flow in a 2D and 3D space. They investigated numerous
options for geometry representation and network design. The results demonstrated that
CNNs could estimate the velocity field significantly faster than traditional CFD



solvers, with low rates of error. In the initial phases of design, this method allows for
instant feedback and real-time design iterations. The authors also discussed the
potential extension of the approach to higher Reynolds number flows and the
possibility of using the approximation models to warm start high-accuracy CFD
simulations, decreasing the required number of iterations to achieve convergence.
Overall, the CNN-based CFD predictions offered an efficient solution for flow

performance feedback, design exploration, and optimization [9].

Yilmaz and German (2017) applied deep learning methodologies to predict airfoil
performance, aiming to overcome the limitations of traditional surrogate modeling
approaches. They used CNNs with neural network-based classifiers to map the
relationship between airfoil geometry and performance. Results showed over 80%
accuracy in predicting airfoil performance. The study demonstrated that deep learning
can automatically detect features from unstructured data, eliminating the need for
specific geometric parameterizations and enabling generalization. This approach has
the potential to reduce costs and time associated with expensive CFD simulations and
wind tunnel experiments, making it a promising tool for early aircraft and airfoil design
phases [10].

Farimani et al. (2017) used deep learning to create a data-driven framework for quick
reasoning and simulation of transportation phenomena. They employed conditional
Generative Adversarial Networks (cGAN) to construct solutions for heat conduction
and fluid flow based on observations without considering the governing equations. The
CGAN approach achieved high test accuracy and computational efficiency,
outperforming iterative numerical methods. It also allowed for learning causal models

from complex or unknown physical systems using experimental data [11].

Wu et al. (2019) introduced ffsGAN, a surrogate model founded on generative
adversarial networks (GANSs) and CNNs, for efficient and accurate transonic flow field
prediction in supercritical airfoil design. By leveraging the power of deep learning and
GANs, ffsGAN establishes a direct mapping from parameterized airfoil profiles to
flow field profiles. The model is trained using 500 airfoils and demonstrates strong
generalization capability. Experimental results confirm the effectiveness of ffsGAN in
rapidly evaluating detailed aerodynamic performance. The study concludes that
ffsGAN can replace expensive simulations and experiments, offering precise flow

field evaluation in seconds. Future work will focus on modeling changeable flow field
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conditions and incorporating detailed flow field structures into airfoil optimization
[12].

Tamaddon-Jahromi et al. (2020) investigated the potential of using deep learning
methods to address inverse problems that exhibit both linear and nonlinear
characteristics. To create the training dataset, forward problems were solved by
proposing a combination of machine learning and computational mechanics. After the
training stage, the model was utilized for determining the boundary conditions based
on assumed measurements. The method was tested on various heat conduction,
convection-conduction, and natural convection problems, achieving high model
accuracy. The study demonstrated that the combination of machine learning and
computational mechanics was an effective approach to solve complex inverse
problems. The ML approach provided robustness, less reliance on individual users,
and the ability to handle significantly more complex systems compared to traditional
trial-and-error methods [13].

In the article by Bhatnagar et al. (2019), the authors proposed an approximation model
founded on CNNSs aimed at efficiently forecasting aerodynamic flow patterns. The
CNN takes inputs such as the angle of attack, Reynolds number, and the geometry of
the airfoil in the form of a Signed Distance Function. The training process involves
utilizing the solutions of Reynolds Averaged Navier-Stokes (RANS) upon various
airfoil shapes. The CNN has the ability to recognize critical features automatically with
minimal human intervention and predict the flow field at a substantially faster rate than
the RANS solver. This allows for near-real-time analysis of how the aerodynamic
forces and flow field are affected by airfoil shape and operating conditions. The study
explores different network architectures and demonstrates the effectiveness of
convolution operations, parameter sharing, and gradient sharpening techniques in
enhancing the predictive capabilities of CNN. The results show that the CNN-based
approach enables rapid simulation-driven optimization and design, offering a more

efficient design process with accurate predictions [14].

Sekar et al. (2019) used deep learning approaches to forecast incompressible laminar
steady flow fields across airfoils. The approach involved combining CNN and MLP
models. Geometrical parameters from airfoil shapes were extracted using CNN, while
the MLP network utilized these parameters along with the Reynolds number and angle

of attack to predict the flow field. The required training database was generated using
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the OpenFOAM solver, and once trained, the model could obtain the flow field
surrounding an airfoil within seconds. The outcomes of the investigation demonstrated
the efficiency and accuracy of the approach, indicating the capability of deep learning

in predicting flow fields in fluid mechanics applications [15].

Chen et al. (2019) used supervised neural networks to predict velocity and pressure
fields surrounding 2D random shapes in laminar flows. They created a dataset of
random shapes annotated with pressure and velocity fields calculated by solving N-S
equations. On this dataset, several U-net architectures were trained, and their
predictive efficiency on unseen shapes was assessed using specific error functions. The
authors concluded that U-net-based architectures showed promise in accurately
predicting velocity and pressure fields for 2D objects with random shapes in laminar
flows. They also explored the possible applications of these predictions in more
complex situations, such as turbulent viscosity maps and 3D fields, emphasizing the
use of such tools as surrogate models for optimization [16].

Yao Zhang et al. (2018) explored CNN approach applicability for aerodynamic meta-
modeling applications. Their study aimed to develop a suitable CNN architecture for
predicting lift coefficients of airfoils under various flow conditions and object
geometries. Multiple CNN structures were trained on diverse parameters such as flow
Reynolds numbers and angles of attack. The CNN models exhibited competitive
prediction accuracy, comparable to multi-layered perceptron (MLP) solutions while
providing greater flexibility in geometric representation. The study demonstrated the
potential of using CNN architectures, such as AeroCNN-II, for aerodynamic meta-
modeling, allowing for the analysis of 2D aerodynamic problems with different flow
conditions and airfoil shapes within a single framework. By incorporating both
geometric and non-geometric boundary conditions into an image-like array, the CNN
models showed promising results and highlighted the applicability of deep learning
techniques in engineering meta-modeling tasks [17].

Sekar et al. (2019) introduced an approach for inverse airfoil design utilizing CNNSs.
The CNNs were applied to effectively obtain airfoil shapes from pressure coefficient
distributions, eliminating the need for complex parameterization. Extensive research
was undertaken on several hyperparameters and CNN frameworks. The outcomes
demonstrated that the CNN approach has competitive prediction accuracy and

processing efficiency. It emerged as a promising tool for real-time airfoil design and

12



optimization, offering a gradient-free, fast, robust, global, and accurate alternative to
conventional methods [18].

Hajgato et al. (2020) used CFD and deep neural networks to predict flow fields in
distorted U-shaped pipes. They demonstrated that employing a deep convolutional
neural network as a surrogate for CFD models can achieve a substantial speed-up of
several orders of magnitude. The trained network successfully predicted flow fields
based on different geometries, with acceptable accuracy and significant computational

efficiency [19].

In the study by Fukami et al. (2019), machine learning techniques are employed to
conduct high-resolution analysis on under-resolved turbulent flow field data, with the
goal of reconstructing high-resolution flow fields from low-resolution data. Two
machine learning models are created and evaluated: the CNN and the hybrid Down-
sampled Skip-Connection Multi-Scale (DSC/MS) models. As demonstrated in the
two-dimensional cylinder wake test, the models are capable of reconstructing laminar
flow from low-resolution data. Furthermore, the CNN and DSC/MS models perform
admirably in reconstructing turbulent flows from exceedingly coarse flow field

pictures [20].

Hui et al. (2020) proposed employing CNNs to anticipate the pressure distribution
around airfoils in aerodynamic design. By leveraging deep learning techniques, they
offer an alternative to the time-consuming CFD method and the limitations of
surrogate modeling. The authors demonstrate that their CNN-based approach achieves
accurate predictions of the pressure coefficient. They further highlight the
effectiveness of the SDF as a flexible parametrization method for improving CNN
performance. Their findings indicate that deep learning can successfully approximate
nonlinear solutions and provide faster computational results compared to traditional
methods, showcasing its potential for efficient and accurate aerodynamic meta-
modeling tasks [21].

In a study conducted by Thuerey et al. (2020), the efficacy of deep learning models in
estimating RANS solutions was examined. They employed a modernized U-net
architecture and evaluated multiple trained neural networks to calculate pressure and
velocity distributions. The study focused on turbulent flow in airfoil geometries. They

got outstanding results by studying the impact of training data size and the number of
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weights, with a mean relative pressure and velocity inaccuracy of less than 3% across

all previously unknown airfoil types. [22].

In their study, Eichinger et al. (2020) introduced a CNN-based technique for
constructing reduced-order surrogate models in CFD simulations. They focused on
predicting steady laminar flow field images in a channel with varying obstacles based
on the channel’s geometry image. Comparing different CNN architectures, they found
that the U-Net architecture yielded highly accurate predictions and demonstrated good
generalization to unseen geometries. They also explored transfer learning and
sequential learning strategies to reduce training data requirements. The approach
provided a faster alternative to traditional CFD simulations, with the evaluation of
CNNs being approximately 100 times faster than performing simulations using
OpenFOAM. Overall, their study showcased the potential of CNNSs in constructing
efficient surrogate models for steady laminar flow simulations with varying

geometries [23].

Shahane et al. (2021) developed CNN models to analyze 2D laminar steady flow over
elliptic cylinders. The CNNs accurately predicted velocity and pressure fields, while
multilayer perceptron neural networks (MLPNNS) estimated lift and drag coefficients.
CFD simulations were conducted using COMSOL software, and the trained networks
showed good agreement with validation data. This research highlights the potential of
CNNs and MLPNNs for fluid mechanics analysis, aiding design optimization and

sensitivity studies [24].

J. An et al. (2020) presented a new deep learning-based framework for turbulent
combustion simulation. CFDNN is the framework built on a CNN with a U-Net
architecture. Simulation results of hydrogen combustion in a cavity with different inlet
velocities are used to train the model. The model’s input is the flow field data at time
to, and the model’s output is the flow field information at to + At which is the next time
step. This output information is subsequently fed back to the CNN as another input.
The trained CFDNN demonstrates accurate predictions beyond the training set.
Additionally, CFDNN achieves a significant acceleration of two orders of magnitude

compared to traditional CFD solvers, making it highly efficient [25].

Ribeiro et al. (2021) introduced DeepCFD, a CNN model founded on U-nets for
approximating solutions to non-uniform steady laminar 2D flows. DeepCFD was up

to three orders of magnitude faster, compared to standard CFD approaches while
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maintaining low error rates. The authors showed that the distinct decoders in the U-
Net design exceeded other models with regard to precision and performance [26].

In a two-dimensional steady laminar flow scenario, Li-Wei Chen et al. (2021) created
U-net based deep neural network (DNN) models for determining flow fields and
utilized them as surrogate models for optimizing the shape of airfoils. The DNN
models utilized level-set and Béziers curve approaches for shape parameterization and
were trained on high-fidelity datasets. The trained DNN models accurately predicted
flow fields and yielded satisfactory aerodynamic forces, demonstrating their capability
beyond flow field prediction. The DNN-based optimization framework, integrated
with automatic differentiation, effectively minimized drag and showcased promise for

general aerodynamic design problems [27].

Bouhlel et al. (2020) developed mSANN, a machine learning methodology for rapid
and accurate airfoil design optimization. Using gradient-enhanced artificial neural
networks trained on CDF data, mSANN achieved similar optimization results to high-
fidelity simulations but with significantly reduced computational time. The approach
outperformed existing models, providing accurate predictions for a wide range of
airfoil shapes and flow conditions. Optimization problems were solved in seconds,
enabling interactive design processes [28].

Waxenegger-Wilfing et al. (2020) established an artificial neural network (ANN)
model to forecast the maximum temperature of the wall in the cooling channels of a
supercritical methane-cooled rocket combustion chamber. The ANN was trained using
CFD simulation data and achieved a mean absolute error of 16.0 K in predicting wall
temperature for unknown cases. The prediction time for the whole channel segment
was decreased to 0.6 s, which is more than 103 times quicker than typical CFD

simulations. [29].

Kashefi et al. (2021) introduced an innovative deep learning framework for making
flow field predictions in irregular domains. Their approach utilized the PointNet
architecture to learn the mapping between spatial positions and CFD quantities. The
framework preserved the accuracy of CFD data, accurately represented object
geometry, and avoided the need for data interpolation. The authors demonstrated the
effectiveness of their framework in predicting flow fields around various objects and
an airfoil, achieving significantly faster predictions compared to traditional CFD

solvers while maintaining reasonable accuracy. It is important to note that the flow
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considered in their study was 2D and laminar. The proposed framework offered
advantages in terms of accuracy, efficiency, and generalizability, making it a

promising approach for flow field predictions in complex domains [30].

Pant et al. (2021) presented Deep Learning — Reduced Order Modelling (DL-ROM),
an original framework for the effective prediction of future time steps in CFD
simulations. The framework was trained using 3D Autoencoder and 3D U-Net
architectures. DL-ROM generates highly precise reconstructions and predicts future
time steps by exploiting the learned reduced state rather than iteratively solving the
computationally costly N-S equations. Ground truth supervision is not required,
resulting in significant computational savings. The method was tested on multiple
CFD datasets and demonstrated a nearly two-order-of-magnitude drop in

computational runtimes whilst maintaining acceptable error thresholds. [31].

Du et al. (2021) introduced a rapid and collaborative design model for optimizing the
aerodynamics of airfoils. The approach employs a B-spline-based generative
adversarial network (BSplineGAN) for shape parameterization, which eliminates
implausible airfoils and decreases the design space. Neural network surrogates,
including multilayer perceptron, and recurrent neural networks, enable predictions of
drag and lift and pressure distribution responses for various Mach and Reynolds
numbers. The optimization results obtained by the proposed framework align well with

direct CFD-based optimizations, indicating its accuracy [32].

Yang and Mesri. (2022) introduced an improved approach for using Physical Informed
Neural Networks (PINN) to predict fluid flow dynamics, specifically focusing on two-
dimensional incompressible flows around complex geometries. The PINN model is
enhanced by incorporating a One-hot matrix model that considers boundary conditions
and non-uniform weights based on physical properties. The One-hot matrix helps
classify different constraints in the computational domain, improving prediction
accuracy on boundaries, while also allowing for adjustment of local weights to focus
on key areas and high-gradient mesh nodes. The proposed approach demonstrates
improved accuracy in predicting flow around sharp rectangular obstacles, even with
low-resolution datasets. Future work will explore applying this approach to three-

dimensional test cases with more complex geometries [33].

Liu et al (2023) developed an aerodynamic design optimization framework using deep

learning (DL) to suppress dynamic stall in rotor airfoils. They replaced costly CFD
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simulations with a DL-based surrogate model, resulting in faster and more accurate
predictions of aerodynamic coefficients. The optimized airfoil showed a significant
reduction in peak drag and moment coefficients by 82.5% and 88.6%, respectively,
while lift coefficients increased, indicating improved dynamic stall characteristics. The
DL-based surrogate model also shortened the optimization time by at least one order
of magnitude compared to traditional CFD methods [34].

Zuo et al. (2022) employed a data-driven technique using a CNN and multi-head
perceptron (MHP) to predict the sparse flow field surrounding airfoils. The CNN
extracts geometry parameters from grayscale images, which are then combined with
other flow field parameters such as flow field coordinates, Reynolds number, and angle
of attack as inputs to the MLP and MHP. The MHP architecture achieves better
prediction results than the multi-layer perceptron for sparse flow field data. The CNN
network exhibits high prediction capability, with a correlation coefficient of 0.9999
between prediction and ground truth values. The deep learning method offers
flexibility and can be further improved through pre-training and expanded training
sets. The proposed MHP architecture decouples the multi-variable prediction task,
reducing interference and improving accuracy and generalization. The results
demonstrate the effectiveness of the method in predicting flow fields around different

airfoil geometries [35].

1.3 Motivation

As observed in the literature review, most of the studies concerning the application of
machine learning in fluid mechanics focus on two-dimensional (2D) scenarios.
However, due to the complexity of the majority of industrial and real-world flow
problems, simplifying them into two-dimensional (2D) flows is often ineffective. As
a result, there is a growing need to develop effective deep learning models to tackle
these challenges, similar to the common practice in CFD techniques. The aim of this
study is to develop a deep learning framework specifically designed for predicting
flow fields in 3D external flows. To the best of our knowledge, this study represents

the first utilization of PointNet for predicting the 3D flow field around bluff bodies.
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2. DATA PREPARATION

The details of the data generation method and process are elaborated in this section.
First, a description of the geometry used in the data generation process is provided.
Subsequently, the modeling and mesh generation procedures, along with the employed
solution approach, are discussed. The primary goal of this chapter is to provide readers
with a clear understanding of the procedures used to obtain the data required for neural

network training.

2.1 Geometry Representation

In this study, a “right thombic prism”* and its special form, the cube, were selected as
base shapes for the generation of a dataset to train a neural network. The modeled
objects were exposed to an external incompressible flow, resulting in two distinct

datasets containing 961 and 3511 samples, respectively.

As depicted in Figure 2.1, for the first dataset, the edge lengths of the right rhombic
prism (L) were fixed at 30 mm, while two geometrical parameters, namely the Tip
Angle (a) and Inclination Angle (B), were varied within the ranges of 10° to 90° and -
87° to +90°, respectively. By varying these parameters, a total of 961 distinct samples

were obtained.

In addition to the previously mentioned parameters, the second dataset considered the
Rotation Angle (6) and the length of the right rhombic prism in the Z-direction (D).
Rotation Angle (8) represents the angle of rotation of the prism around the X axis,
while the length in the Z-direction (D) is the distance between the rhombic faces of the
prism, as shown in Figure 2.2. By varying these additional parameters within the

ranges of -5 to +5 degrees and 30 to 40 mm, respectively, a larger dataset consisting

! Right rhombic prism has two rhombic faces and four square faces. Rhombic faces are always parallel.
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of 3511 unique samples was generated. A summary of all parameters is presented in

L'

Lo

V/

~& T

Figure 2.1 : Geometric parameters for the Right Rhombic Prism - Tip Angle (o) and
Inclination Angle (). Note: In the upper figure, B is positive, while in the lower
figure, B is negative.

Figure 2.2 : Additional geometric parameters for the solid object - Rotation Angle
(6) and Length in the Z-Direction (D). Note: In the left figure, 6 is positive, while in
the right figure, 6 is negative.
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Table 2.1 : Description of the geometrical parameters utilized for data generation.

Tip
angle

(0)

Inclination angle (B)

Rotation angle (0)

Length in the Z-direction
(D)

10°
15°
20°
25°
30°
35°
40°
45°
50°
55°
60°
65°
70°
75°
80°
85°
90°

-87 to +90 by 3° intervals
-87 to +90 by 3° intervals
-87 to +90 by 3° intervals
-87 to +90 by 3° intervals
-87 to +90 by 3° intervals
-87 to +90 by 3° intervals
-87 to +90 by 3° intervals
-87 to +90 by 3° intervals
-87 to +90 by 3° intervals
-87 to +90 by 3° intervals
-87 to +90 by 3° intervals
-87 to +90 by 3° intervals
-87 to +90 by 3° intervals
-87 to +90 by 3° intervals
-87 to +90 by 3° intervals
-45 to +45 by 3° intervals
-42 to +45 by 3° intervals

-5to +5 by 5°
intervals

-5to +5 by 5°
intervals
-5to +5 by 5°
intervals
-5to +5 by 5°
intervals

-5to +5 by 5°
intervals

-5to +5 by 5°
intervals
-5to +5 by 5°
intervals
-5to +5 by 5°
intervals

-5to +5 by 5°
intervals

30 to 40 by 10 mm intervals

30 to 40 by 10 mm intervals

30 to 40 by 10 mm intervals

30 to 40 by 10 mm intervals

30 to 40 by 10 mm intervals

30 to 40 by 10 mm intervals

30 to 40 by 10 mm intervals

30 to 40 by 10 mm intervals

30 to 40 by 10 mm intervals

2.2 Numerical Details

This sub-chapter provides a comprehensive account of the procedures used to generate

the dataset for our study. Specifically, it explains the steps taken in modeling the 3D

geometry, meshing the domain, and solving the N-S equations using Ansys-Fluent. By

presenting these details in a clear and organized manner, this sub-chapter aims to

provide readers with a thorough understanding of our methodology.

2.2.1 3D modeling and mesh generation

Figure 2.3 illustrates the 3D bluff body and its enclosure which comprise the

computational domain. The center of the coordinate system was positioned at the

object's center of mass, with the flow passing through the object in the X-direction.

The CFD domain's walls have been configured to maintain fixed distances from the
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object. To reduce the impact of wall distance on the CFD results and to minimize the
number of mesh cells, which in turn reduces the computational cost of simulations, the
values of these distances were determined by analyzing various sizes. The distances
from the front, back, and side walls of the enclosure are 4.5L, 10L, and 3L,
respectively, where L represents the object's edge size, which is equal to 30mm. Figure
2.4 depicts some examples of modeled samples.

<

Inlet l Outlet

it
X
Lag]

10x L

3xL

o

Figure 2.3 : Computational domain. The upper figure shows the 3D model of the
geometry and the lower figure shows the wall distances.

Generating a proper grid structure is crucial to obtain accurate CFD results. Due to its
rapid mesh generation ability and effortless implementation, the Tet-Hybrid
unstructured grid system was chosen to mesh the computational domain. A finer mesh
was created around the object to capture the flow physics accurately, while inflation
layers were applied to the object walls to accurately capture the velocity gradients
within boundary layers. Figure 2.5 illustrates the cross-sections of selected samples

with an unstructured mesh.
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Figure 2.4 : CFD domains of selected samples.
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Figure 2.5 : Mesh details of selected samples in an x-y plane. Cross-section at
z=0.
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2.2.2 Governing equations

CFD simulations rely on the solution of governing equations that describe fluid flow
behavior. In this study, Ansys-Fluent was utilized in the subsequent stage to obtain
numerical solutions for turbulent flow. A thorough test was conducted to select the
most efficient and accurate turbulence model among various models available in
Ansys-Fluent, such as the Spalart-Allmaras, Standard k-o, Standard, RNG, and
Realizable k-& models. Ultimately, the Standard k-¢ turbulence model with a coupled
pressure-velocity coupling scheme was adopted for the turbulent flow computation.
The governing equations and transport equations associated with the Standard k-¢
Model are given below.

Continuity:
4 (pit;) =0 2.1

Momentum:
a(__)_a(aak) dP 5
ax; P = ax \Fax.) ~ ax, (2:2)

The turbulence kinetic energy k:

6(k)+6(k)_6 ok + Gy + 2.3
The rate of dissipation &:
0 (0e) + = (pewy) = — %) 4 €S G oo 2.4

For an expanded explanation of the equations please refer to Ref [36].
2.2.3 Boundary conditions

The velocity inlet and outflow boundary conditions were implemented at the entrance
and exit of the CFD domain, respectively. Air was selected as the working fluid. Fluid
density and viscosity were assigned values of 1.255 kg/m® and 1.79x10° Pa.s,
respectively. An upstream velocity of 4.87 m/s was adopted for all samples. Reynolds

number is calculated as:

__ Pucol
Re = % (2.5)
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where p denotes the fluid density, u., refers to the upstream velocity, and u represents
the dynamic viscosity. The Reynolds number depends only on the characteristic length
L while the density, free stream velocity, and viscosity are constant. Two types of
boundary conditions, zero shear stress, and symmetry were evaluated on the side walls
of the enclosure. Despite minor variations between the results, the symmetry condition
resulted in a longer solution convergence time; therefore, the zero-shear stress
condition was implemented on the side walls of the enclosure. The walls of the object
were assigned a non-slip boundary condition. It was assumed that the fluid flow was

in a steady-state and turbulent regime.

2.2.4 Solution procedure

To obtain numerical approximations of the governing equations, the finite volume
method was employed and iteratively solved. The pressure-based solver with a coupled
pressure-velocity scheme, utilizing second-order upwind schemes for momentum,
second-order schemes for pressure, as well as first-order schemes for turbulent kinetic
energy and turbulent dissipation rate, was selected as the solver setting. The
computational process was conducted until the monitored convergence criteria,
including the residual values for the momentum and continuity equations, reached a

value of 107,
2.2.5 Validation and verification of CFD solution

2.2.5.1 Mesh independence test

To ensure the accuracy of the numerical results, a comprehensive investigation into
grid independence is necessary. To achieve reliable results and validate the grid
independence, a total of seven Tet-Hybrid grid systems with varying sizes were tested
at a velocity of 4.87 m/s. The determined grid sizes and outcomes of the mesh
independence test for the drag coefficient of the 4 different samples are presented in
Figure 2.6 to Figure 2.9. The results indicate that the difference between the last four
grids is less than 1.5% in the worst test sample (Figure 2.9). Therefore, taking into
account both computation cost and accuracy, the grid configuration (body and face
grid sizes) resulting in the fourth mesh size (from the left to right in the figures) was

chosen for all samples.
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Figure 2.6 : Mesh independence test for the sample with o= 90° and 3 = 0°.
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Figure 2.7 : Mesh independence test for the sample with o= 90° and B = 45°.
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Figure 2.8 : Mesh independence test for the sample with o= 60° and 3 = 70°.
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Figure 2.9 : Mesh independence test for the sample with a = 30° and § = 45°.
2.2.5.2 Validation

To verify the accuracy of our numerical results, it is necessary to perform a comparison
between the CFD simulation results and those obtained from an experimental study.
Several sources like Hoerner [37], have reported that the drag coefficient of a cube is
1.05 at the Reynolds number of 1x10%. At the same Reynolds number, our simulation
of the base cube with identical geometrical properties resulted in a drag coefficient of
1.038 which represents an error of less than 1.15%. Additionally, the drag coefficient
of a cube, oriented at 45° to the streamline, is reported as 0.8 at the same Reynolds
number. Our simulation for this particular sample resulted in a drag coefficient of
0.864, representing an error of 8%. Taking into account the balance between
computational cost and accuracy, the model demonstrates an acceptable level of

precision.

2.2.5.3 Numerical simulation results

For some of the samples, the obtained velocity and pressure contours are illustrated in
Figure 2.10 as an example. The contour analysis reveals valuable insights into the flow

behavior around the bluff body.

In the velocity contours, we can observe the presence of flow separation and
recirculation zones behind the body. These regions are represented by areas of lower
velocity or even reversed flow, indicated by darker blue colors on the contours. Flow
separation occurs when the flow detaches from the surface of the body due to the

adverse pressure gradient encountered. This phenomenon leads to the formation of
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recirculation zones where the flow moves in the opposite direction, creating eddies
and vortices. Additionally, a reduction in flow velocity in front of the body can be
seen. This reduction in velocity is caused by adverse pressure gradients due to the

presence of the body.

The pressure contour shows distinct regions of high and low pressure around the body.
Along the front surfaces, a region of relatively high pressure is observed, indicating
that the flow experiences higher resistance as it encounters the leading edges of the
body. This suggests that the flow has a tendency to be compressed as it encounters
these edges where the flow decelerates. Moving further downstream, we notice a
transition to lower pressures around the sides and rear of the body. These regions
exhibit a decrease in pressure, implying a tendency for the flow to expand as it moves

past the body.

The obtained results from the numerical simulations reveal significant observations.
The identified key points, including flow separation, recirculation zones, pressure
differences, and the impact of the bluff body, are expected to be consistent between

the numerical simulations and the outcomes of the deep learning model.
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Figure 2.10 : Velocity and pressure contours obtained from numerical simulation.
Contours of x and y velocities and pressure on the x-y plane, and z velocity on the x-
z plane, intersecting at the geometry's center of mass.
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X Velocity
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Figure 2.10 (continued): Velocity and pressure contours obtained from numerical
simulation. Contours of x and y velocities and pressure on the x-y plane, and z
velocity on the x-z plane, intersecting at the geometry's center of mass.
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Figure 2.10 (continued): Velocity and pressure contours obtained from numerical

simulation. Contours of x and y velocities and pressure on the x-y plane, and z
velocity on the x-z plane, intersecting at the geometry's center of mass.
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2.3 Data Generation and Preprocessing

2.3.1 Generating ASCII data files

Due to the large number of simulations required to produce the dataset, it is impractical
to manually set up and solve each simulation in Fluent. Therefore, in this study, Fluent
was coupled with MATLAB using the ANSYS_AAS 1.1.8 (Beta) toolbox and
launched in "AAS" mode. To automate the simulation procedure, a MATLAB code
and a Text User Interface (TUI) journal file were developed to provide Fluent settings
for each case. The simulation process commences with reading the mesh file for each
sample, followed by finding the numerical solution of the governing equations, and
concludes with exporting and saving the solution results in an ASCII file format. The
output file contains the 3D spatial coordinates of all nodes comprising the
computational grid system, velocity components in the x, y, and z directions, and
pressure values at each node. The goal was to obtain a separate ASCII file containing
the CFD solution for each sample. Each file can be considered as a 2D array consisting
of 140k to 150k rows and 7 columns. The rows represent vertices in the CFD domain,
which constitute the nodes of the grid system, and the number of rows varies according
to the unique geometry of each sample. The columns contained the relevant parameters
associated with each vertex, as depicted in Table 2.2. The first three columns
corresponded to the position of the vertex in the cartesian coordinate system, while the
last four columns contained the velocity components and pressure values. To generate
the dataset, it is necessary to concatenate all of the arrays into a three-dimensional
array that represents the entire dataset. Each layer of the 3D array contains the CFD
solution for a specific sample. However, prior to concatenation, it is necessary to carry

out some manipulation and preprocessing of the data.
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Table 2.2 : An example of Numerical solution data (ASCII file) for a selected

sample.
Node x y z x y z-velocit ressure
number coordinate coordinate coordinate  velocity velocity y P
1 9.73E-02 6.19E-03  -7.99E-03 3.77E+00 1.59E-01 6.37E-01 8.59E-01

9.75E-02  8.97E-03  -9.48E-03 3.55E+00 1.36E-01 6.02E-01 6.55E-01
9.53E-02 8.27E-03 -6.30E-03 3.14E+00 2.97E-01 5.02E-01 8.39E-01

7.68E-02 -1.78E-02 1.18E-02 1.82E+00 5.91E-02 -3.14E-01 -2.86E-02
7.66E-02 -190E-02 1.47E-02 2.23E+00 2.34E-01 -3.02E-01 -9.99E-02

Ok WwN

151035 9.45E-02  -2.08E-02 2.08E-03 1.61E+00 -4.78E-01 -2.12E-02 3.82E-01
151036 8.83E-02  -2.10E-02 -1.32E-02 2.32E+00 1.73E-01 1.19E-01 1.32E-01
151037  7.27E-02  2.16E-02  -5.90E-03 8.83E-01 1.24E-01 3.20E-02 -1.58E-01
151038 7.69E-02  1.17E-02 -1.70E-02 3.73E+00 -2.76E-01 7.38E-01  9.26E-02

The neural network employed in this study takes the spatial coordinate of vertices as
input and predicts the corresponding quantities of velocity and pressure as output.
Generally, it is not necessary to take the whole CFD domain into account and any area
of interest can be taken to train the deep learning framework for that specific
subdomain. Furthermore, the computational resources restrict the number of inputs of
a neural network framework. Thus, a constraint of 10k was applied to the number of
input vertices. The goal is to capture the properties of the flow field around the object
and its wake area by considering only 10k of the closest vertices to the object. A cross-
section of the CFD domain corresponding to one of the samples on the Z plane is
shown in Figure 2.11. It shows a scatter plot of the X velocity throughout the entire
CFD domain. In this figure, all of the points in the CFD domain were taken into
account. Figure 2.12 illustrates the same sample but only 20k points were taken this
time, and by taking 5k points in Figure 2.13, we see that only a tiny area around the
object is covered. The distribution of data points near the object’s walls is so dense
due to the application of the inflation tool in grid generation. Therefore, to represent

the desired area by only 10k points we need to drop out some of the points.
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Figure 2.11 : A cross-section view of the entire CFD domain at z = 0 consisting of

all the points.
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Figure 2.12 : Cross-section view of CFD domain at z = 0 with 20k points that are

0.02

0.01

y (m)

—0.011

—0.02

closer to the center of mass.

v
\ V4
N Y 7/
N, 7, .
N 7
. //
> =
> , j \:
P \
7, N\
Y \
/7, \
;. \\ .
e i \
—0.02 ~0.01 0.00 0.01 0.02
x (m)

-1.2

True U Velocity (m/s)

Figure 2.13 : Cross-section view of CFD domain at z = 0 with 5k points.
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To achieve the desired outcome, a step-by-step plan of action is followed as outlined
below:

1) Sort the rows of the data by x coordinate value in ascending order.

2) Delete odd rows (Y2 of the entire points of the array will be omitted).

3) Calculate R = \/x2 + y2 + z2 , distance of each point from the center of mass.

4) Sort by R. This arranges the points in order of their distance from the center of the
mass of the object.

5) Delete odd rows (¥2 of the remaining points of the array will be omitted).

6) Cut the extra points of the flow domain and keep only the points that fall within the

desired neural network domain which have the following boundaries:

—0.07 < x < 0.14, —0.05 <y <0.05, —0.05 <z <0.05

7) Add surface points again to the datasheet (in case they have been omitted during
the dropout).

8) Sort by R again.

9) Keep the desired number of closest points to the center of mass and omit the rest.

Figure 2.14 illustrates the same sample in Figure 2.13 after applying the

abovementioned procedure with 10k points. Additionally, Figure 2.15 provides a 3D

visualization of the same sample in a cross-sectional view.
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Figure 2.14 : Cross-section view of CFD domain at z = 0 with 10k points after

dropping points.
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Figure 2.15 : 3D visualization of the CFD domain with 10k points: Cross-sections
view at Z =0 (top figure) and Y =0 (bottom figure).
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2.3.2 Non-dimensionalizing and normalizing the data

The presence of unscaled input variables can result in a sluggish or unstable training
process, while unscaled target variables can hinder the convergence of the network in
regression tasks. To address these issues, normalization is employed to standardize the
features and bring them to a similar scale. This can improve the performance and
stability of the model during training. In the current investigation, the output data
containing u, v, w, and p have been normalized to expedite the convergence of the
training process and to ensure that the velocity and pressure variables contribute
equally to the determination of the network parameters. Prior to normalization, the

output variables (u, v, w, and p) were made dimensionless by utilizing the following

equations:

N u

u = o (2.6)
N v

o = - (2.7)
" w

w = E (2-8)

« _P~DPo
~ pud (29)

where u*, v*, w*, and p* denote the corresponding dimensionless variables, p, refers

to the atmospheric pressure and u,, represents the upstream velocity.

Adjusted min-max method has been utilized to normalize the data, which has been
found to result in a higher level of prediction accuracy [38]. In this method, all the
output data are normalized between 0.1 and 0.9 using Equation 2.10, where @;
indicates normalized data, @; denotes the output variable, and max(@) and min (@),
represent the maximum and minimum values of the output variable in the entire
dataset, respectively.

@; — min (@)

0 = 08 % s —min @+ (2.10)

In Equation 2.10 @ is replaced by each set of the variables u*, v*, w*, and the p* to

obtain the corresponding set of normalized values v, v', w’, and p'.

38



In this particular case, normalizing the input data (the coordinates) is not required as
the data already have a similar scale and range between approximately -0.06 to +0.06.
Since the input data already aligns well with the required parameters for training, any
potential enhancement in the training process would be minimal. Consequently, the
decision is made to retain the input data in their original physical domain, as mentioned

in reference [28].
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3. NETWORK ARCHITECTURE

Through this chapter, it is intended to provide a thorough understanding of the deep

learning network utilized in this study and the steps taken to optimize its performance.

3.1 Network Architecture

In this investigation, a neural network architecture has been developed to establish a
mapping from the coordinates of unstructured nodes in a 3D grid system, as input, to
the corresponding values of velocity components and pressure at related nodes,

resulting in the distribution of velocity and pressure in the flow field around the object.

This can be mathematically formulated as a regression problem of the form F(X) =
Y , where X represents a set of N=10,000 points denoted as X = {x; € R*}Y .. Here,
d=3 denotes the dimension of the input data. The corresponding flow field values are
represented by = {y; € RP}Y_, , where D=4 is the dimension of the output data. For a
given input dataset X we aim to find output Y, which is achieved using a machine-
learning model, G, that acts as a nonlinear regression function approximating the
function F. The model can be represented as G (X, W) = Y, where W is a matrix of
trainable weights that are optimized during the training phase through direct
supervision of CFD data. The objective of this optimization process is to minimize the
difference between the output of G and the ground truth Y, aiming to achieve a high

degree of similarity.

The deep learning model developed in this study is founded on the structure proposed
by Kashefi et al [30], which is a modification of the PointNet architecture introduced
by Qi et al. [39]. This architecture was initially presented in 2017 as a promising
method for 3D computer vision applications, such as shape segmentation and
classification from point clouds. PointNet has been specifically designed to handle
unprocessed point cloud data and does not require any pre-processing steps like
converting the data into regular grids or voxel representations. This structure is simple
and easy to implement while maintaining a reasonable degree of accuracy on tasks

involving shape segmentation and classification. Kashefi et al. [30] made
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modifications to the segmentation architecture of PointNet and employed the mean
squared error as the loss function to optimize the trainable parameters. They employed
their network to acquire the distribution of pressure and velocity in a 2D external flow
but the framework was potentially capable of handling 3D flows as well. Thus, their

framework is modified in this study to predict 3D flow properties.

CNNs are commonly used for structured input data such as image grids or 3D voxels.
However, processing point cloud data poses a challenge due to its inherent nature. In
contrast to pixel arrays or voxel arrays, a point cloud is characterized by an unordered
collection of points without any specific arrangement or structure. Moreover,
neighboring points that interact with each other in the physical domain may not be
considered neighbors in the input matrix, depending on how the matrix is sorted. To
address these properties of point clouds, it is crucial for the network to generate output
that remains unchanged regardless of the order in which the input points of the point
cloud are presented. This is particularly important in CFD applications, where the
network must acquire relevant information throughout the set of points to deduce the
object's geometry and location, which ultimately identify the flow fields. Furthermore,
it is important to note that the representation obtained from the set of points should not
be affected by specific transformations. For instance, in object classification or
segmentation, rotating or translating all points should not affect the point cloud's
category or segmentation. Similarly, when using PointNet for fluid flow prediction,
the acquired representation of the set of points should remain consistent despite
specific transformations such as global translations and rotations of the input point
cloud, since these transformations do not affect the underlying fluid flow physics. In
other words, the velocity distribution at a particular point in the fluid domain should
be the same regardless of the orientation or position of the point cloud. Figure 3.1
depicts the design of the original PointNet by Qi et al. [39], which comprises three
primary modules: a max pooling layer, a concatenation structure, and two joint

alignment networks. The functionality of each module is discussed below.
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Figure 3.1 : Architecture of the original PointNet network [39].

3.1.1 Max pooling layer

To attain order invariance in point cloud processing, incorporating a max pooling layer
proves advantageous as a fundamental symmetric function for gathering information
from individual points. A symmetric function accepts n vectors as input and produces
anew vector that remains invariant regardless of the input order. This can be expressed
mathematically as follows:

g{(xl"”'xn)} ~ S(m(xl)"”'m(xn)) (31)

In PointNet, a symmetric function S is utilized to process the transformed elements
within the point set and approximate the general function g. The function m is
estimated using an MLP network, while g is represented as a combination of a single
variable function and a max pooling function. This approach effectively addresses the
challenge of permutation invariance within the model. The resulting output of the max
pooling operation is a vector referred to as "global,” which represents a latent
description of the point cloud. The top part of the structure depicted in Figure 3.1 is

designed to implement the above equation.

3.1.2 Concatenation structure

As previously stated, the output of the max pooling layer forms a vector which is a
latent representation of the flow field. In other words, it is a compressed representation

of the flow field data that captures the underlying structure or patterns in the data. This
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is lower-dimensional latent space that has been obtained by encoding the flow field.
To establish a bijection map between each input point x; and its corresponding output
properties y;, a combination of local and global knowledge is required. After
computing the global point cloud feature vector, it is concatenated with each point,
creating a combined point feature. By exploiting the combined feature, the model is
able to extract updated per-point features, enabling a comprehensive representation
that incorporates both local and global information. This integration empowers the per-
point features to capture not only the local geometry but also the global semantics or
context. As a result, the network becomes capable of predicting per-point quantities
that depend on both the immediate surroundings and the broader contextual

understanding of the point cloud.

3.1.3 Joint alignment networks

As discussed earlier, achieving transformation invariance for the acquired
representation of the set of points is crucial, especially when dealing with Euclidean
or rigid transformations. To achieve this, Qi et al. [39] have exploited T-Nets in their
invented architecture PointNet. T-Nets refer to transformation networks that are
responsible for learning and applying an affine transformation to the input point cloud,
which serves to align the point cloud to a standard orientation or canonical space. T-
nets are mini PointNets that resemble the main network, comprising basic modules of
the main network, such as fully connected layers (MLPs) and a max pooling layer. The
first T-net in the PointNet, called Input Transform T-Net, takes a set of point cloud
coordinates (i.e., the point cloud itself) as input and outputs a transformation matrix.
This transformation matrix is then applied to the input point cloud using a matrix
multiplication operation to align it to a standard orientation. T-nets can be trained end-
to-end with the rest of the PointNet architecture, allowing the network to learn the best

transformation for the given task.

The PointNet architecture employs a second T-Net, called the Feature Transform T-
Net, which learns a linear transformation for each individual feature channel of the
intermediate feature representation obtained by the PointNet encoder. This allows the
network to capture the relative orientation of the features and be invariant to
deformations and irregularities within the point cloud. The output of the Feature
Transform T-Net is then applied to the intermediate feature representation to obtain a

transformed feature representation that is invariant to small perturbations and
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deformations of the input point cloud. The transformation matrix in the feature space
possesses a greater dimensionality compared to the spatial transformation matrix, as it
is a 64 by 64 matrix in the original PointNet architecture, whereas the input

transformation matrix is only 3 by 3.

3.1.4 Modified network architecture

The architecture of our network is depicted in Figure 3.2. Similar to Kashefi et al. [30],
the segmentation structure of PointNet was utilized. However, certain modifications
were made to the structure, such as adjusting the number of layers and nodes in each

layer, to accommaodate a larger number of inputs required for the prediction of 3D flow

properties.
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Figure 3.2 : Architecture of the main network.

The input to the PointNet architecture is an Nx3 array representing each sample. Here,
N is set to be equal to 10,000 which corresponds to the number of points representing
the physical domain, and 3 denotes the coordinate of the point in the X, y, and z
directions. The first step in the PointNet architecture is to learn the input
transformation matrix that aligns the input point cloud with a canonical coordinate
system, which is achieved using the input T-Net. The structures of the T-Nets will be

described in the upcoming paragraphs, following the main structure explanation.

The input data array is multiplied by the transformation matrix, a 3 by 3 matrix, and
the transformed point cloud is then passed through the first shared MLP. This MLP
consists of four fully connected layers, each with 128 neurons. These layers are applied

to each point in the transformed point cloud data independently, which results in a set
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of point-wise features that capture local information about each point in the input point
cloud.

The second T-Net is utilized to learn the feature transformation matrix, which is a 128
by 128 matrix in our architecture. The output of the first shared MLP, an Nx128 array,
is multiplied by the feature transformation matrix and passed through the second MLP.
This MLP comprises four fully connected layers with 128, 256, 1024, and 2048

neurons, respectively.

Next, the point-wise features are aggregated using a max pooling operation that takes
the maximum value across all points in the set, resulting in a single global feature
vector that summarizes the entire input point cloud. A copy of the global feature vector
obtained from the max pooling layer is concatenated with each point-wise feature. This

results in an array of size N by 2176.

The combined feature is passed through a final shared MLP, resulting in the prediction
of CFD quantities with dimensions NxP. In this study, P is equal to 4, including the
velocity components in the X, y, and z directions and the pressure. The final MLP
consists of five fully connected layers, followed by a final layer that outputs the results
of the prediction. The number of neurons in each layer is 1024, 512, 128, 128, and P,

respectively.

In the main structure, the ReLU activation function and batch normalization are
employed in all layers except the final output layer. The final layer benefits from a

sigmoid activation function and no normalization.

T-Nets, as discussed before, are mini PointNets. Both T-Nets share the same
architecture, but their output is different due to the last layer's size. Figure 3.3 depicts
the architecture of the T-Nets.
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Figure 3.3 : Architecture of the T-Nets.

The input data passes through an MLP consisting of three shared layers, with 64, 128,
and 1024 neurons in each layer, respectively, as shown in the diagram. A max pooling
layer is then applied, followed by another MLP with two layers of sizes 512 and 256
to process the data further. Finally, the last layer of each transformation net has a
different size, with 32 in the first T-Net and 1282 in the second T-Net. To ensure that
this transformation does not modify the input points at the beginning, the output matrix
is initialized to an identity matrix. Furthermore, an L2 regularizer with a weight of
0.001 is added to the last layer. The activity regularizer adds a penalty term to the loss
function to encourage the weights in the dense layer to be small, which helps prevent
overfitting and improves generalization. Finally, as the output of the last layer is a

vector, it is reshaped to a matrix before the multiply operation.

Similar to the main structure, the ReLu activation function and batch normalization
are employed in all layers except for the last layer of the T-Nets, which has no

activation function or normalization.

3.2 Training

There are 11,231,821 trainable parameters comprising weights and biases in the
designed model. The training process involves optimizing these parameters to
minimize the objective or loss function. In this study, Mean Squared Error (MSE) has
been selected as the loss function, which is frequently employed in regression
problems. It calculates the mean squared difference between the predicted and actual
values, making it a suitable option when it is necessary to penalize greater errors more
severely than minor errors. The formulation of the loss function for our problem is as

follows:
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where u’, v', w', and p’ represent normalized values of velocity and pressure computed

by CFD solver and @', ¥, W', and p’ are the predicted values obtained from the

network.

Adaptive Moment Estimation (Adam) optimizer algorithm is chosen for model
training. Adam is an enhanced version of stochastic gradient descent (SGD) that
incorporates adaptive learning rates for individual parameters. The optimizer's
parameters are set as follows: 8; = 0,9, , = 0,999, and é = 107°, where 5, and 3,
are the exponential decay rates for the first and second moment estimates, respectively.
€ is a very small number added to the denominator of the update rule to avoid division

by zero during implementation.

As outlined in Section 2.1, two datasets were created, containing 961 and 3511
samples, respectively. After shuffling the samples, to prevent any order or pattern in
the data from affecting the training process, we partitioned the data for both datasets
into training, validation, and testing subsets with proportions of 80%, 10%, and 10%

for the smaller dataset and 65.5%, 20.5%, and 14% for the larger dataset, respectively.

The implementation, training, and testing of the neural network were carried out using

the TensorFlow framework and the Keras library in this study.

The training process was carried out utilizing the resources provided by UHem, the
National Center for High-Performance Computing located at Istanbul Technical
University. The employed machine for training was equipped with 128 cores of AMD
EPYC™ 7742 with a clock speed of 2.25GHz and 256 GB of RAM. It's worth noting
that a CPU-based training approach was employed in this study.

3.3 Hyperparameters Optimization

The batch size is a crucial hyperparameter in machine learning, as it dictates the
number of training examples utilized in each iteration during the training process. Its
value affects the training speed, stability, and quality of the resulting model. The
choice of batch size has been determined based on careful consideration of
computational limitations and training stability. Specifically, to avoid divergence
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during the training phase, smaller batch sizes were deemed inadequate, while larger
batch sizes were constrained by computational resources. Consequently, a batch size

of 80 has been selected as an appropriate compromise.

To optimize the other hyperparameters of the deep learning model such as initial
learning rate, number of layers in each MLP, and number of neurons in different layers,
a sequential model-based approach known as Bayesian optimization was employed.
The method initially selects a few hyperparameters at random and then, based on their
performance, selects the next best set of hyperparameters. The approach utilizes
information derived from previous evaluations to guide the search toward more
promising regions. Keras library provides a package called Keras tuner, which
includes the implementation of several optimization methods, including the Bayesian

method.

To define the search area in the Bayesian method, certain constraints are applied to the
number of layers and neurons in each MLP. In the first MLP, the number of layers is
limited to a range of 2 to 4 layers, and the number of neurons per layer can be one of
the following: 64, 128, 256, or 512. Moving on to the second MLP, the layers
preceding the last layer (just before the max pooling) can vary between 2 and 4 layers,
and the number of neurons per layer can be selected from the options of 64, 128, 256,
512, or 1024.

A distinct search area is assigned to the last layer in this MLP, as its neuron range
begins with larger numbers: 1024, 2048, 3072, or 4048 neurons per layer. In the final
MLP, a similar strategy is employed as in the second MLP. A separate search area is
designated for the first layer (immediately following the concatenation) due to its
neuron range starting from larger numbers: 512, 1024, 2048, or 3072 neurons per layer.
For the subsequent layers, the number of layers is constrained to change between 3
and 6 layers, and the number of neurons per layer can be chosen from the options of
64, 128, 256, 512, or 1024. Additionally, constraints are imposed on the search area
for initial learning rates, including values such as 5x10* 1x10%, and 1x10°. A
summary of the search areas for each MLP and the initial learning rate is provided in
Table 3.1.
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Table 3.1 : Search areas for each MLP and initial learning rate.

Searching Area

e Number of Layers Number of neurons per Layer
First MLP 2t04 64, 128, 256, 512
Second MLP 2to4 64, 128, 256, 512, 1024
Second MLP (Last Layer) 1 1024, 2048, 3072, 4048
Final MLP (first layer) 1 512, 1024, 2048, 3072
Final MLP 3to6 64, 128, 256, 512, 1024
Initial Learning Rate 5x10*, 1x10*%, and 1x10°

Due to the extensive number of possible combinations for different layers and neuron
numbers, limitation is imposed on the maximum number of trials, restricting it to 80
tests. Additionally, the maximum number of epochs was set to 50. The best
combination is determined based on the achieved smallest validation loss value within

the 50 epochs and was subsequently chosen as the network architecture.

Due to the limitation of 50 epochs per trial in the optimization step, the determined
optimum learning rate was employed as the initial learning rate in the real training
step. The training process began with a learning rate of 5x10~* and continued until the
validation loss started to diverge. At that point, the learning rate was reduced to 2x10~*
to facilitate the attainment of smaller validation loss values. The training process
spanned 5000 epochs for smaller dataset (961 samples) and 1400 epochs for larger
dataset (3511 samples). Figure 3.4 and Figure 3.5 depict the training history for small
and large datasets, respectively. These figures illustrate the overall trends in the
learning process. However, in order to offer a clearer insight into the learning process,
learning curves are presented for specific checkpoints, specifically at the epochs where
the minimum loss values occurred within every 200 epochs. This presentation can be
observed in Figure 3.6 for the smaller dataset and in Figure 3.7 for the larger dataset.
The larger dataset demonstrated a faster convergence speed in reaching the same loss
values compared to the smaller dataset. However, due to the increased computational
burden and the absence of further improvement in the convergence, it was unavoidable
to terminate the training at this stage. The final training, validation, and test loss values

are presented in Table 3.2.
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Table 3.2 : The final value of training, validation, and test loss.

Parameters

dataset with 961 samples

dataset with 3511 samples

Training Loss
Validation Loss
Test Loss

1.25x10
1.34x10™
1.38x10*

3.08x10*
2.54x10
2.59x10*
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4. RESULT AND DISCUSSIONS

In this section, an evaluation of error measurement is carried out. Subsequently, a
comparison is made between CFD results and predicted results, encompassing

distribution contours and error contours.

Note: All analyses presented in this chapter are conducted on the test subsets of both
the small and large datasets.

4.1 Model Evaluation

To evaluate the performance of the deep learning model, the following error
formulations are considered. Equation 4.1 calculates point-wise Relative Error
Percentage (REP). In this equation @ is replaced by u, v, w, or p values from CFD data

or predicted results to find the relative error percentage in each node.

(D -_(D re;
REP,, = ———"1 x 100 (4.1)

Bcrp;

Equation 4.2 calculates the Average Relative Error Percentage (AREPs) that is average
amount of relative error percentage for a parameter in one sample, where n is the

number of points in a sample that equals 10,000.

m  REPg.
AREP, = % (4.2)

Equation 4.3 calculates the Average Relative Error Percentage at the entire test set
(AREP).

S (S, RERy),) 4.3)

mXn

AREP, =

where n is the number of points in each sample and m is the number of samples in the
test subset that is equal to 96 and 490 for the smaller and larger datasets respectively.
Table 4.1 and Table 4.2 present these errors individually for four output parameters,
corresponding to the smaller and larger datasets, respectively. The first and second

rows represent the worst and best case in the test subset which have the largest and
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smallest value of AREPs. For example, as shown in Table 4.1, the average relative
error for the U velocity ranges from 1.89% in the worst case to 1.07% in the best case.
From these tables, it can be concluded that the amount of average error in the entire
test subsets is close to the amount of error in the best cases. This means that most of

the samples have a relative error value close to the minimum value.

Table 4.1 : Relative error percentage in the test subset for smaller dataset.

Parameters u v w P
Max (worst case) 189% 104% 131% 1%
Min (best case) 1.07% 063% 064% 05%
Average (whole testset) | 1.27% 078% 0.79% 0.6%

Table 4.2 : Relative error percentage in the test subset for larger dataset.

Parameters u v w P

Max (worst case) 458% 292% 3.08% 3.04%
Min (best case) 13% 064% 063% 0.54%
Average (whole testset) | 1.81% 1.11% 109% 0.82%

Figure 4.1 and Figure 4.2 illustrate the distribution of average relative error percentage
in the test subset for small and large datasets respectively. For instance, as depicted in
Figure 4.1 for the smaller dataset, nearly 33% of the samples in the test subset exhibit
a relative error value between 1% and 1.5% for the U velocity, and also almost 62%
of the samples have an error value between 1.5% and 2%. For V velocity, almost 84%

of the samples in the test subset have a relative error value between 0.5% and 1%.
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4.2 Samples of Predicted Cases

This section will feature the presentation of three scenarios from the test subset,

each highlighting the best, average, and worst predicted outcomes for the smaller

dataset. Similarly, for the larger dataset, two scenarios will be presented,

portraying the best and worst predicted cases.

Figure 4.3, Figure 4.4, and Figure 4.5 display the comparison between numerical

simulation and prediction results generated by PointNet for U, V, and W velocities,

as well as pressure specifically for the smaller dataset. Additionally, these figures

present the coefficient of determination, R?, for the best, average, and worst

predicted cases. For both the best and average cases, most of the points are

concentrated around y = x lines, implying that the network is highly accurate.
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Figure 4.3 : Comparison of numerical simulation and PointNet prediction and R? for
the sample number 718, best case (small dataset).
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Moreover, there is not a very significant difference between the two cases. However,

in the worst case, the accuracy is low. It is worth noting that there are always a few

exceptional cases with higher errors.
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Figure 4.6 and Figure 4.7 showcase a similar comparison for the best-predicted and

worst-predicted cases within the larger dataset. Notably, the model demonstrates

consistent results as observed in the case of the smaller dataset.
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the sample number 932, worst case (large dataset).

The comparison of U, and V velocities as well as pressure distribution contours
obtained from numerical simulation and PointNet prediction results for the smaller
dataset are plotted in Figure 4.8, Figure 4.9, and Figure 4.10 respectively. Furthermore,
the same comparisons are presented in Figure 4.11 and Figure 4.12, focusing on the
best and worst predicted cases within the larger dataset. The network demonstrates a
high level of accuracy in predicting flow behavior across crucial regions, including the
stagnation and wake regions, for both the best and average cases. The predicted
contours reveal consistent patterns, such as the formation of a recirculation region with
negative velocities and negative pressure behind the object. Additionally, the recovery
of the wake and the presence of a stagnation region in front of the object are observed.
The velocities in the Y-direction exhibit asymmetry, showcasing both positive and

negative flow deflection, which can be attributed to the angle of attack. However, it is
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worth noting that the worst cases remain as anomalies in the results, deviating

significantly from the expected trends.
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Figure 4.12 : Comparison of numerical and prediction results: U and V velocity and
pressure distributions for sample number 932, worst case (large dataset).

Figure 4.13 displays the three-dimensional representation of the predicted flow for
sample number 718. In this depiction it can be seen that the model is able to adeptly
capture the flow behavior in both the stagnation and wake regions. The recirculation
area marked by rotating vectors behind the object is effectively captured. This visual
insight highlights the predictive capabilities of the machine learning model, effectively
reproducing the intricate interplay between the solid body and the surrounding fluid

environment.
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Figure 4.14, Figure 4.15, and Figure 4.16 showcase contour plots of relative error
distributions for the best, average, and worst predicted cases within the smaller dataset,
respectively. Additionally, Figure 4.17 and Figure 4.18 exhibit analogous plots for the
best and worst predicted cases within the larger dataset. It seems that the majority of
errors in the flow field prediction are concentrated in the immediate vicinity of the
object surface. This occurrence is particularly pronounced in regions where the
gradients of the velocity exhibit substantial magnitudes. These observations suggest
that the accuracy of the flow field prediction is notably influenced by the complex flow
dynamics and rapid velocity changes occurring in the close proximity of the bluff
body.
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Figure 4.14 : Relative error distribution, sample number 718, best case (small
dataset).
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Overall, these results highlight the effectiveness of the model in capturing global flow
patterns while also pointing out areas where further improvements may be necessary

to enhance accuracy near the object surface.

Table 4.3 displays the computational times required for both the CFD simulation and
network prediction. This gap is expected to widen further when dealing with more
complex flow fields, particularly when incorporating the energy equation. This is due
to the fact that the prediction time remains relatively stable, while the time required

for CFD simulations significantly increases for intricate simulations.

Table 4.3 : Comparison of average computation time for one sample.

Simulation type CPU time (intel @ 3.3 GHz, 12 cores)
CFD simulation time per case 460 sec
PointNet prediction time per case <1sec
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5. CONCLUSIONS

Deep learning techniques have gained popularity among CFD practitioners for
optimizing design processes. In realistic scenarios, the analysis of 3D models is

essential, yet there is a scarcity of studies in this particular domain.

A deep learning framework has been proposed to predict characteristics of 3D flow
fields, including velocities and pressure distributions. The architecture of this
framework is designed based on the PoinNet architecture, which is capable of
processing unordered point data as input. While originally developed for predicting
2D flow fields and having potential for 3D flow prediction, certain modifications were
necessary to adapt it to the context of 3D flows. The study focuses on an external
turbulent flow passing a 3D bluff body. The solid object generating the dataset is a
right rhombic prism with four variable geometric parameters, altering its shape. Two
datasets are generated, each considering a different number of geometric parameters.
The first dataset comprises 961 diverse samples, while the larger dataset comprises
3511 samples. MATLAB and Fluent are coupled to automate the simulation
procedure, yielding numerical solutions. Hyperparameter optimization for the deep

learning model is performed using a Bayesian optimization approach.

The model's ability to generalize is assessed using test subsets after the completion of
the training phase. Test loss values of 1.38x10* and 2.59x10* are obtained for the
small and large datasets, respectively. These values are slightly higher than the
corresponding validation losses, with no anomalies observed. Additionally, point-wise
relative error percentages (REP) and average relative error percentages (AREPS) are
used to evaluate the model's performance. The average error across the entire test
subsets closely aligns with the minimum value, indicating that most samples in the test

subset exhibit relative error values close to the minimum.

Furthermore, an in-depth model evaluation that involves comparing predicted data
with numerical simulations is conducted using various metrics. These metrics include
velocity and pressure distribution contours, error distribution contours, correlation

charts, and determination coefficients for each output parameter. The deep learning
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model's prediction results are presented using three samples from the test subset of the
small dataset (representing best, average, and worst predictions) and two samples from
the test subset of the large dataset (representing best and worst predictions).
Considering all the correlation charts, flow field contours, and error distribution
contours, the model demonstrates its capability to accurately predict crucial areas of
3D flow fields, such as separation, wake, and recirculation regions. However, the

worst-case stands as an outlier in the results.

In conclusion, the study reveals that PoinNet has the potential to predict complex 3D
flows with an acceptable to good level of accuracy. Moreover, employing the deep
learning approach significantly reduces the computational time required for obtaining
3D flow field data, which is particularly advantageous for tasks involving extensive

design space exploration, such as geometry optimization.
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