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ABSTRACT

A new deep neural network-based machine learning algorithm has been developed for
predicting the flow field around a reentry vehicle in supersonic and hypersonic conditions
for the entire trajectory from 85 km to 40 km. The gas flow field depends on the geometry,
inlet conditions (ICs), and boundary conditions (BCs). In the conventional approach, the
compressible Navier-Stokes-Fourier (NSF) equations are solved on a discretised computational
domain with appropriate initial and boundary conditions, using either the Riemann or the
Boltzmann approach, which is a computationally intensive task. At higher altitudes, the
alternative particle-based direct simulation Monte Carlo (DSMC) is used to study the flow
physics. The proposed approach is our first attempt to predict the flow field using deep
neural networks without explicitly solving the NSF equations or running DSMC simulations.
Further, the proposed “boundary condition-based machine learning algorithm (BCML)”
falls under the category of physics-assisted neural network. The training data for the low-
altitude BCML model is generated using an in-house Riemann flux solver-based NSF code
and OpenFoam-based hy2Foam solver, and converted into a BCML-compatible format. An
in-house DSMC solver was used to generate data for the high-altitude BCML framework.
After appropriate training, it was found that the BCML models were able to capture shock
structures and other related wave patterns in the flow around a relatively arbitrarily shaped
bluff body, with arbitrary initial and boundary conditions at any altitude within the extrema
to a reasonable accuracy. The BCML models were able to predict the flow fields within a
substantially lower computational time compared to conventional NSF-CFD and DSMC

simulations for the cases considered in the present study.

In addition to fast prediction of flow fields, BCML models can improve the overall
efficiency of traditional solvers. Two examples, one for the continuum-based NSF solver and
the other related to the particle-based DSMC solver, have been focused on in the present
thesis. The BCML-generated flow fields can be used as initial conditions for the NSF solver,
thereby improving the simulation’s convergence. Also, the BCML-generated optimised mesh
for the DSMC was found to be approximately 2 times faster than a general mesh. The overall

potential of the BCML model, along with its criticisms, is also presented in this thesis.

Keywords: Machine Learning-assisted Computational Fluid Dynamics (ML-CFD), Hyper-

sonic Aerothermodynamics, Non-Equilibrium and Rarefied Gas Dynamics
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Chapter 1

Introduction

1.1 Background

Aerospace technology has long been a subject of scientific curiosity, gaining greater promi-
nence in recent times. Over the past few decades, substantial progress in launch vehicle and
satellite technologies has enabled several nations to achieve independent access to space,
leading to rapid developments in satellites, spacecraft, and atmospheric re-entry vehicles.
This evolution has introduced a wide range of new and complex aerodynamic challenges,
particularly in high-speed flight regimes. During an atmospheric re-entry, vehicles operate at
extremely high velocities, commonly referred to as the hypersonic regime, typically defined by
flight Mach numbers exceeding 5. Hypersonic flows are characterised by distinctive physical
phenomena, including thin shock layers, comparatively thick boundary layers, strong vortical
structures, pronounced viscous—inviscid interactions, and significant high-temperature effects
arising from chemical and thermal non-equilibrium and leading to aerodynamic heating.
Mission-specific requirements, such as the flight trajectory and vehicle geometry, strongly
influence the intensity of these phenomena. Consequently, the overall understanding of
aerodynamics, flight dynamics, propulsion, and structural integrity becomes considerably
more critical for hypersonic vehicles than for conventional aircraft. Typical flow features

associated with hypersonic flight are illustrated in Figure 1.1.

In the field of hypersonic aerodynamics, re-entry vehicle design is a crucial aspect central
to space exploration. A re-entry vehicle experiences different phases of flow regimes as it
enters Earth’s atmosphere from outer space. The Knudsen number (Kn), defined as the
ratio of the mean free path (the average distance a particle travels between collisions) to the
characteristic length, can be used to distinguish among these flow regimes [1].

mean free path

Kn = 1.1
1= Characteristic length (1.1)

The mean free path depends strongly on the local number density in the gas flow problem.
In the limit of zero Knudsen number, intermolecular collisions dominate, and the gas is in

perfect thermodynamic equilibrium. However, as the Knudsen number increases, molecular
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Figure 1.1: Flow characteristics of hypersonic regime

collisions become less frequent until the free molecular limit is reached, where intermolecular
collisions are negligible. Since a system is directed toward thermodynamic equilibrium
through intermolecular collisions, it is clear that as the Knudsen number increases, non-
equilibrium effects become more prominent [2]. The flow is classified into different regimes

based on the Knudsen number:

e Kn — 0: inviscid flow (Euler equations)

Kn < 0.001: continuum regime (Navier—Stokes—Fourier equations)

0.001 < Kn < 0.1: slip regime (Navier-Stokes—Fourier equations with velocity slip and

temperature-jump boundary conditions)

e 0.1 < Kn < 10: transition regime (Boltzmann equation or particle methods such as

DSMC)

Kn > 10: free-molecular regime (Collision-less Boltzmann equation or particle methods
such as DSMC)

The aerodynamic and aero-thermal analysis of hypersonic flows directly impacts the design
of re-entry vehicles [3]. Upon descending through several layers of Earth’s atmosphere, the
re-entry vehicle encounters severe aerodynamic heating [4], which helps decelerate the vehicle
at very high re-entry speeds (> Ma 10). High re-entry speeds result in high temperatures in

the shock and post-shock regions surrounding the re-entry vehicle. High-field temperatures
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(>> 5000 K) not only excite higher vibrational levels of the molecular species in the air but
also drive various chemical and ionisation reactions in the post-shock regions, further adding
to the complexity of the flow. At such high temperatures, several thermochemical reactions

occur and must be considered for design purposes.

Since experimental analysis of such high-speed high-energy flows is difficult and expensive,
numerical techniques are used to study the complex physical phenomena. Accurate simulation
of hypersonic flows is crucial to the design of a thermal protection system (TPS) [5], which
enables the re-entry vehicle to land safely on Earth’s surface. Generally, a Navier-Stokes-
Fourier (NSF) based computational fluid dynamics (CFD) algorithm is employed to study
the flow physics around re-entry vehicles at lower altitudes (< 60 km), where the continuum
assumption is valid. At higher altitudes, NSF-based CFD equations lack accuracy due to
the highly rarefied nature of the flow. At intermediate altitudes, second-order and higher-
order hydrodynamic models offer an alternative theory [6-13] beyond the NSF framework.
Second-order hydrodynamical equations, such as Burnett [6] and Onsager-Burnett [7, 11-13]
equations, are derived from classical kinetic theory using the Chapman-Enskog expansion
of the Boltzmann equation. These equations often suffer from linear instability and have
been extended to include the third-order terms, leading to super-Burnett equations where
the high-frequency instabilities of the second-order terms are suppressed. However, these
higher-order formulations still fail to provide accurate or stable solutions when encountering
highly non-equilibrium conditions. For flows with a high degree of non-equilibrium, an
alternative method, the direct simulation Monte Carlo (DSMC) method, is employed [14, 15].
One of the remarkable strengths of the DSMC method is its ability to accurately capture
the physics of rarefied gases with a manageable number of representative particles. However,
the DSMC method is computationally expensive, particularly for near-continuum flows
and three-dimensional problems. Also, three-dimensional NSF-based CFD simulations are

computationally costly, though less so than DSMC simulations.

The DSMC method is a Lagrangian method that models rarefied gas flows using particles
that represent a large number of real atoms or molecules. These particles move and collide in
a statistically consistent manner. Although the DSMC method is a particle method, it uses
an underlying mesh to cover the flow domain, which serves as a cut-off parameter for particle
collisions. The assumption that the movement and collision modules in DSMC are decoupled
is valid when the time step is smaller than the local mean collision time, and the cell size is
less than the local mean free path. During the movement step, particles propagate along
rectilinear paths according to their velocities, while interactions with walls are modelled
using appropriate gas—surface interaction models. In the collision step, particles are grouped
within computational cells and stochastic binary collisions are sampled to reproduce the

Boltzmann collision integral. Macroscopic flow properties are obtained by time-averaging
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molecular quantities over a large number of sampling steps.

A three-dimensional hypersonic flow over a realistic re-entry vehicle often requires 10-100
million cells and close to a billion DSMC particles. The computational cost, even on a
parallel architecture, is significantly high. Even in the case of an NSF-based solver, such
simulations are computationally expensive, albeit not as high as those in the case of DSMC
simulations. One of the key challenges in computational hypersonic gas dynamics is reducing
computational cost for such a critical application without compromising accuracy. The

present work attempts to do so using machine learning (ML) techniques.

1.2 Machine Learning in Fluid Dynamics

In recent years, substantial research efforts have been devoted to the use of data-driven
and Machine learning-based techniques for investigating fluid dynamics, enabling efficient
simulation and analysis of a broad spectrum of flow problems [16]. Here, machine learning
(ML) techniques can serve as a promising alternative to or complement DSMC/NSF-CFD
simulations by accelerating them and subsequently reducing overall computational costs. ML
techniques have already been applied to several problems in fluid mechanics [17, 18], receiving
particularly positive attention in the field of turbulence modelling [19-22], compressible gas
flow modelling [23].

Recently, several physics-informed neural network (PINN) models [24-26] have been
reported for rarefied [27, 28] and hypersonic flows [29, 30] in recent years. Tucny et al. [31]
recently trained a PINN to predict flows through a two-dimensional array of cylinders over a
wide range of Knudsen numbers. The PINN was trained using a DSMC-generated dataset,
and the predicted flow fields were found to be highly accurate for Knudsen numbers included
in the training. One of the key advantages of PINN models is that the governing physical
laws are directly embedded, which ensures that the solutions remain physically meaningful
while reducing reliance on massive datasets. However, it is well established that PINNs
in their standard form face challenges in handling multi-scale physics problems, such as

stiff chemical kinetics equations in hypersonic flows [32] and flows with sharp gradients [33, 34].

Broadly, the current interest in ML-CEFD can be classified into two major approaches: (a)
employing ML models for the closure of partial differential equations and (b) flow-field recon-
struction. However, many studies in the latter category are essentially simplistic regression
models with limited applicability, especially when test conditions lie outside the training data.
Moreover, such ML models are often restricted to specific flow regimes and geometries. To
address these limitations, the present work introduces a new ML approach: the boundary

condition-based machine learning (BCML) model, which can predict flow fields over
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Figure 1.2: Classification of the new BCML models along the trajectory of the re-entry
vehicle during deceleration into Earth’s atmosphere

a wider range of flow conditions and for arbitrary geometries not included in the training
set. A key feature of the model is that it incorporates the influence of various boundary
conditions on a point in the domain through the concept of generators. In the present work,
several BCML models have been developed for the class of re-entry flow, spanning a range
from 40 km to 85 km, and covering a wide range of Mach numbers (Ma 2-35), encompassing

the entire critical trajectory as shown in Figure 1.2.

1.3 Motivation

In many practical cases, the computational time required to obtain converged solutions
for such problems ranges from several days to months, limiting rapid design iteration and
real-time analysis. Consequently, there is a strong need to develop alternative methodologies
that can predict hypersonic flow fields with comparable accuracy at substantially reduced
computational cost. With the increasing availability of high-fidelity datasets from CFD
and DSMC simulations, data-driven and machine-learning-based approaches have gained
attention in computational fluid dynamics. These methods exploit existing simulation data
to learn complex flow physics and have demonstrated the potential to reduce solution times

from days to minutes for highly complex problems. This provides strong motivation to
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Figure 1.3: Flowchart describing the contrast between traditional and ML-based designing
philosophy.

investigate data-driven frameworks as efficient surrogate models for rapid flow-field prediction

across both continuum and rarefied regimes.

The utility of the proposed BCML model is to aid in the design of re-entry vehicles
by reducing overall computational cost and dependence on conventional simulation tech-
niques, rather than replacing them. Traditionally, a researcher designs the features of an
object, in our case, the re-entry vehicle geometry. Following this, an appropriate domain
and mesh are constructed to obtain flow-field features using computational gas-dynamics
solvers. Since the wave features in the flow domain are not known a priori, the first set of
meshes is coarser. Based on the final converged results of the computational gas dynamics
solver, the mesh is updated to resolve the shock waves and capture other wave features

more accurately. Once the flow field results for the final optimised mesh are obtained, a
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decision must be made on the re-entry vehicle design. Overall, designing is an iterative
process that includes several simulations, which are often time-consuming. In contrast to
the traditional method, the ML-based design methodology for a re-entry vehicle uses a new
BCML model to obtain an approximate flow-field solution at a fraction of the computational
cost. These BCML-generated flow fields are used to obtain a final optimised mesh and/or an
updated design. Computational gas-dynamics solvers are used to obtain accurate flow-field
results on the optimised mesh/design. Furthermore, estimated flow-field solutions from
the BCML can be used as initial conditions to improve convergence. This significantly
reduces the computational time and helps design the re-entry vehicle geometry. Overall, the
proposed ML-based designing methodology employs BCML-assisted CFD algorithms, which

are summarised in Figure 1.3.

1.4 Organisation of the Thesis

Chapter II presents a comprehensive review of the existing literature on data-driven fluid
dynamics, with particular emphasis on machine learning—based approaches for flow-field
prediction and mesh generation, and their relevance to incompressible, compressible, hyper-
sonic, and rarefied gas flows. Chapter III outlines the computational methodology adopted
in this work. This chapter discusses the governing equations solved by the continuum-based
solver and the DSMC algorithm. In addition, the overall idea and the implementation of
the boundary condition—based machine learning (BCML) algorithm are discussed in detail.
The idea of the BCML algorithm is tested on a simple lid-driven cavity problem to assess

preliminary feasibility.

Chapter IV focuses on the development of the BCML algorithm for low-altitude flow
regimes (40-60 km), where the continuum assumption holds. This chapter presents the
details of the NSF-based CFD simulations, including ambient conditions, physical and
numerical model parameters, and the training of machine learning models under both frozen
and reacting flow conditions. A comprehensive evaluation of the proposed DNN model for
chemical reaction, named the ChemDNN model, is conducted to assess its ability to predict
species mole fractions. The analysis quantifies model accuracy and generalisation across
varying flow conditions, demonstrating reliable representation of complex chemical kinetics.
Similarly, Chapter V presents the development of the BCML algorithm for high-altitude flow
regimes (60-84 km), where rarefaction effects become significant. This chapter details the
DSMC simulations, ambient conditions, model parameters, and the corresponding machine
learning model training. In Chapters IV and V, a detailed validation of the predicted flow
fields using the developed BCML models is presented.
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Chapter VI demonstrates additional applications of the BCML-predicted flow fields to
accelerate conventional CFD and DSMC simulations, highlighting the potential computational
savings and practical applicability of the proposed framework. Finally, Chapter VII provides
a summary and conclusion of the thesis, summarises the developed low and high-altitude

BCML models, and offers a critical analysis and an examination of the future prospects of
the BCML framework.

TH-4100_206103020 8



Chapter 2

Review of Literature

In recent years, data-driven solutions have accelerated various numerical approaches across
a wide range of fields, from image classification to computer vision [35, 36], from speech
recognition [21] to autonomous driving [37] and healthcare [38]. Moreover, advances in
high-performance computing, especially with the proliferation of both Graphics Processing
Units (GPUs) and Tensor Processing Units (TPUs), along with the availability of open-source
software, have significantly reduced the cost of generating the necessary data. In recent times,
machine learning (ML) algorithms have gained much prominence in scientific computing and
data analysis [39] in fluid dynamics [16, 40, 41]. A variety of ML approaches such as deep
neural networks (DNN) [42-44], physics-informed neural networks (PINN) [24, 26, 45-48],
reduced order modelling (ROM) [49], principal component analysis (PCA)/proper orthogonal
decomposition (POD) [50-53] have been employed to model various fluid dynamics applica-
tions such as flow field reconstruction, flow optimisation and control, and turbulence closure
modelling [54]. ML models have also been extensively applied to optimisation problems in

experimental fluid dynamics [16].

A comprehensive review of existing research relevant to the objectives of the thesis is
presented here. The review of fundamental theories [4, 55-57] and various computational
methods [58-65] for modelling complex hypersonic and non-equilibrium flows is omitted
here, since the present survey is confined to existing studies related to ML algorithms in
flow prediction, particularly in high-speed and hypersonic flow regimes. The ML algorithms
in this literature survey are classified by flow type: incompressible and compressible. Re-
cent ML-related research works on hypersonic flows have been included in the latter. In
addition, various data-driven modelling approaches for mesh generation have been discussed
in detail. This is mainly because one of the applications of the new model, the boundary
condition-based machine learning (BCML) model reported in this work, focused on mesh
optimisation, particularly for the particle-based DSMC method. The chapter concludes with
a discussion of existing research gaps and unresolved challenges, along with the research

objectives pursued in this thesis.
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2.1 Machine Learning Approaches for Modelling In-
compressible Fluid Flows

Sekar et al. [17] proposed a combination of ML techniques to predict the flow field over
an arbitrarily shaped airfoil for incompressible laminar flows. The first part of the model
consisted of a convolutional neural network (CNN) that parametrised the airfoil shape from
an image into a set of 16 parameters. It was reported that the CNN achieves 99.5% accuracy
on training airfoils and 99% on test airfoils. The second component of the model was a deep
neural network (DNN), which used the parameters generated by the first component as input
to predict the flow field over airfoils. In addition to the shape parameters obtained from
CNN, the Reynolds number (Re) of the freestream flow, the angle of attack of the flow, and
the coordinates of an arbitrary point in the flow domain form the input layer of the DNN.
The corresponding flow-field variables, such as pressure and velocity components, form the
DNN'’s output layer. Sufficient flow field data for a wide range of flow conditions and a wide
range of airfoil shapes were used to train such a model. It was concluded that the trained
model achieved more than 99% accuracy on the training cases and more than 97% on the
test cases. Sekar et al. [17] showed, through this research, that deep learning-based neural
networks can learn and approximate Navier—Stokes solutions with reasonable accuracy for

geometries not explicitly included in the training data.

Jin et al. [66] developed a data-driven modelling approach for predicting the velocity flow
field in the vicinity of a circular cylinder using a fusion CNN with input pressure fields. For
this purpose, the Reynolds number is varied from 60 to 1100 to train and test the dataset
and model. A fusion CNN novel architecture is designed for this purpose. This CNN has two
paths: one with a pooling layer and another without. This kind of architecture can capture
spatial and temporal information, as well as features invariant to small translations, from
the pressure-fluctuation series on the cylinder. Numerical simulations at various Reynolds
numbers are performed to obtain training and testing data. The velocity and vorticity
predicted by the CNN model agree very well with those from CFD. The model can only learn
the intrinsic flow features within the Reynolds number range represented in the training
dataset. It was also observed that vortex shedding does not occur at Re = 10, and therefore
the underlying flow physics associated with this regime are absent from the training dataset
spanning Re = 70-900. Consequently, the CNN model developed by Jin et al. [66] was
unable to accurately predict the flow field for the Re = 10 case.

Ribeiro et al.[67] developed a CNN-based model, known as DeepCFD, which provides
an approximate solution of two-dimensional non-uniform steady velocity and pressure fields
for internal laminar flows with arbitrarily shaped bluff bodies. The CNN-based model was
about three orders of magnitude faster than the conventional CFD simulations. For the flow

field analysis over a circular object, the maximum absolute error in velocity magnitude and
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pressure between the CNN-based model and CFD solutions was less than 1%.

In recent years, several studies have employed ML for turbulence modelling, primarily
to develop data-driven closure models. Ling and Templeton [19] used various ML algo-
rithms, including support vector machines (SVMs), AdaBoost-based decision trees, and
random forests, to estimate the flow field for subsonic airfoil configurations governed by the
Reynolds-averaged Navier-Stokes (RANS) equations. The model calculated the lift, drag,
and skin-friction coefficients for turbulent flow conditions. A mapping function was also
investigated between the turbulent eddy viscosity and the mean flow variables using a neural

network.

Guastoni et al. [68] investigated CNN—based models for predicting two-dimensional in-
stantaneous velocity fluctuation fields in turbulent open-channel flows. The models employed
wall shear stress components and wall pressure as input features and were trained using
direct numerical simulation (DNS) data corresponding to friction Reynolds numbers of 180
and 550. The results demonstrated that CNN-based approaches outperformed extended
proper orthogonal decomposition methods in reconstructing velocity fields, highlighting the

effectiveness of deep learning techniques for predicting wall-bounded turbulent flows.

Wang et al. [20] developed the subgrid-scale (SGS) model for large-eddy simulations
(LES). It was reported that their neural network (NN) model provided a better solution for
this regression problem. The model was applied to the convolution and deconvolution of
coarse-grained fields, emphasising sub-grid-scale turbulence effects in LES, which was also

discussed in detail.

Duraisamy et al. [54] reported that in fluid mechanics, a large amount of experimental and
direct numerical simulation data for turbulence modelling is available, and the application
of RANS equations yields solutions for small-scale engineering models using these data.
However, there are some discrepancies and uncertainties regarding the solution. The use of
ML for reducing these uncertainties associated with RANS equations and quantifying data

has been studied.

2.2 Machine Learning Approaches for Modelling Hy-
personic Flows

Mao et al. [69] aimed to develop a DNN model for solving coupled flow and finite-rate chem-
istry in hypersonic flows. They built a specialised neural network, DeepONet, to approximate

non-linear operators. This new framework, called DeepMEMNet, was developed to address
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multiphysics and multi-scale (M&M) problems, such as hypersonic flows. They predicted
five species (Oq, N2, N, O, NO) in non-equilibrium chemistry downstream of a normal shock
in hypersonic flows. Their results showed that DeepONet can be up to five times faster
than conventional CFD solvers while maintaining a promising level of accuracy. The trained

model can generate solutions in a fraction of a second.

Ivan et al. [29] introduced a model to analyse rovibrational relaxation and dissociation
in gas mixtures, specifically applied to an O,—O system. Their ML approach significantly
outperforms traditional numerical integration methods, achieving a nearly two orders of
magnitude speed-up while maintaining a relative error of less than 2%. This advancement
represents a promising step toward integrating efficient ML and coarse-grained (CG) sur-
rogate models with CFD simulations to better capture thermochemical non-equilibrium
phenomena. The study demonstrates that the Physics-Informed DeepONet model delivers
reliable accuracy, with relative Lo errors below 2%, while achieving computational speeds

that far exceed those of conventional numerical simulations.

Novello et al. [70] designed a hybrid numerical scheme that combines a traditional fluid
dynamics solver with a neural network for faster predictions of fluid flows. They simulated a
hypersonic planetary re-entry problem under chemical equilibrium conditions and employed
a supervised neural network with five hidden layers within this framework. The problem
was tested for four different cases: a toy problem (3 species), Earth (18 species), Jupiter
(36 species), and cloudy Jupiter (64 species). The reported Lo errors were 7.59 x 1078,
1.55 x 1077, and 4.99 x 1077 for the toy, Earth, and Jupiter cases, respectively. These
results demonstrate the potential of neural networks to provide reliable predictions for

production-level simulations.

Monti et al. [71] proposed a technique to construct a physics-constrained neural network
that introduces corrections to the constitutive relations in the Navier—Stokes model. Their
primary focus was on enhancing deep learning’s computational capabilities for predicting
hypersonic flows. The model is designed to be general-purpose, as it is independent of
specific cases or geometries. The test case considered was a 1D shock in a low-pressure argon
flow. The model was trained for three freestream Mach numbers (M = 2,5,8) and tested
for M = 3,4,6,7,9. The results demonstrate the potential of deep learning approaches to
improve the accuracy of Navier—Stokes predictions for rarefied gas flow simulations, providing
precise solutions at a cost comparable to solving the computationally affordable Navier—Stokes

equations.

Recently, Dai et al. [72] have reported a positional encoder-based PINN model (PE-PINN)
that could accurately capture large gradients present in the shock regions of the supersonic

flow fields with a maximum relative error of less than 1%. However, the current version of the
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PE-PINN model does not include effects from chemical reactions, multi-species interactions,
and non-equilibrium conditions. It is currently limited to continuum compressible flow

modelling based on the Navier—Stokes-Fourier equations.

ML algorithms have also handled rarefied flows encountered by re-entry vehicles at higher
altitudes. Schouler et al. [73] reported an ML model that predicts aerodynamic and aero-
thermodynamic coefficients for re-entry vehicle surfaces in hypersonic, rarefied conditions,
which plays a vital role in design. Zhang et al. [74] addressed the practical difficulties
in lunar landing space explorations. The direct simulation Monte Carlo (DSMC) [75], a
traditional method for simulating this problem, is often computationally intensive. Hence,
they developed a CNN-based DSMC method for a three-dimensional DSMC simulation
model to address challenges in lunar space exploration. This CNN-DSMC-3D model acceler-

ates the convergence rate by four to six times compared to the conventional DSMC algorithm.

Yao et al. [76] proposed a CNN-based data-driven non-linear constitutive relation (DNCR)
for non-equilibrium rarefied flows. The training data for the DNCR-CNN-based model were
obtained from finite-volume method (FVM)- based Navier-Stokes solvers and the unified
gas-kinetic scheme (UGKS) solver. The DNCR model mapped UGKS stress and heat
flux to the flow field conditions and the local Knudsen number. Yao et al. simulated the
one-dimensional shock structure problem and the two-dimensional flow over a cylinder at
rarefied supersonic conditions. They found that the results from the DNCR model matched
those obtained from the UGKS simulations.

Nair et al. [77] developed a DNN-based closure framework to assist the conventional
NSF equations for rarefied flow applications. Their model predicts non-equilibrium stress
tensors and heat fluxes from the training against high-fidelity kinetic data from Boltzmann
and direct simulation Monte Carlo (DSMC) solutions. The framework was validated for a
wide range of problems, such as 1D shock structure profiles and hypersonic transitional flows
over sharp geometries. Their work demonstrates that data-driven closures can accurately
capture non-local rarefaction and slip effects, offering a highly efficient alternative to particle

methods in the slip and early transitional regimes.

Garg et al. [78, 79] integrated DNN-based ML models in a finite volume method (FVM)
implementation of the Navier-Stokes-Fourier equations to replicate DSMC-level predictions
of high Mach-number shock structures in gases. Constitutive relations mapping the viscous
stress tensor and heat flux with first-order gradients of velocity and temperature were first
constructed by training a DNN model on the DSMC data for the monoatomic gases [78]. The
approach was then extended to diatomic gases using both two-temperature (translational and
rotational) and three-temperature (translational, rotational, and vibrational) frameworks [79],

with DNN models developed for the viscous stresses and heat fluxes associated with these
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energy modes. The resulting FVM-DSMC-ML solver reproduced shock-structure solutions
with high accuracy while achieving a substantial reduction in computational cost. The
ML-integrated FVM code required approximately one-tenth of the computational resources

compared to conventional DSMC simulations.

2.3 Machine Learning—Augmented Mesh Generation
Algorithms for Fluid Dynamics

The generation of unstructured meshes for conventional CFD algorithms is a well-developed
procedure and has been widely reported in the literature in the last few decades. Baker et al.
[80] introduced a method for creating tetrahedral meshes based on a Delaunay triangulation
algorithm. The approach is designed to manage objects of varying levels of complexity.
To preserve the surface triangulation of solid objects, the Delaunay property may need to
be modified, with adjustments made to the mesh when new points are added near solid
boundaries. Chew et al. [81] defined the constrained Delaunay triangulation (CDT) for
a set of n planar vertices and a collection of non-intersecting straight-line segments as a
triangulation that contains all prescribed segments as edges, while satisfying the Delaunay
empty-circumcircle property wherever these constraints do not violate it. Reichert et al. [82]
explored the mesh generation process for two-dimensional problems and introduced a novel
mesh generator that uses expert-system techniques. The algorithm examines the corner-angle
conditions at each vertex of a closed polygon to generate different types of mesh primitives.
During each step of the mesh generation, potential conflicts with the existing mesh are
identified, and the best solution is chosen. This approach allows for successful coverage of
any polygonal region, even those with complex boundaries, using a base mesh. The initial
mesh is then improved with side-swapping and node-shifting algorithms, which refine both

element shapes and node positions.

Papagiannopoulos et al. [83] proposed an ML-based scheme for generating 2D simplicial
meshes assisted by neural networks. The neural networks are trained on data extracted from
meshed contours, enabling them to approximate the number of vertices to add within the
contour cavity, along with their positions and connectivity. The accuracy of the approach
is assessed by comparing the mesh quality produced by the neural networks against that
of a reference mesher. Using an element quality metric, tests on contours with varying
edge counts reveal a maximum average deviation of 15.2% in mean quality and 27.3% in
minimum quality between the meshes generated by the proposed scheme and those from
the reference mesher. Despite these differences, the scheme can produce meshes suitable for
meshing tasks. Additionally, it is extended to generate larger-scale meshes using a recursive

implementation, with results suggesting its potential adaptation for 3-D mesh generation.
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Song et al. [84] applied ML to optimise unstructured oceanographic meshes using K-means
clustering, enhancing mesh quality by minimising long, narrow triangles. Lu et al. [85]
proposed an ML-driven advancing double-front method (ADFM) to automate isotropic

triangular mesh generation, significantly improving meshing efficiency.

2.4 Objectives of Thesis

Recent years have witnessed remarkable progress in the application of machine learning to
computational fluid dynamics, particularly for incompressible flows, laminar flow predic-
tion, turbulence modelling, reduced-order modelling, and data-driven closure formulations.
Nevertheless, compared with incompressible flow applications, there remains considerable
scope for the development of machine learning approaches for compressible, hypersonic, and
chemically reacting flows, where strong shock waves, thermochemical non-equilibrium, and
multi-scale physical phenomena pose significant challenges. The objective of the present
work is to introduce the concept of a new ML approach, the Boundary Condition-based
Machine Learning (BCML) model, that can be used to predict the flow field across a
wider range of flow conditions and for arbitrary geometries not included in the training
data. The utility of the BCML model extended beyond fast prediction of flow-field data
and could be employed to accelerate convergence in FVM-based NSF solvers and optimise
DSMC simulations. For the latter, it was found that meshes generated by engineers using
traditional CFD codes or commercial software are often unsuitable for DSMC simulations.
Towards this, a mesh-generation algorithm that uses the BCML-generated flow field can
improve the computational efficiency of DSMC simulations. The overall objectives of the

present thesis are as follows:

e To develop a physics-assisted deep neural network-based machine learning model that
incorporates the effect of boundary conditions on the flow physics and evaluate its

performance for the incompressible lid-driven cavity problem.

e To develop the boundary condition-based machine learning (BCML) model for predict-
ing flow re-entry vehicles at lower altitudes, trained using data generated using the

Navier-Stokes-Fourier-based CFD solvers (frozen and reacting solvers).

e To extend the concept of the BCML model-based framework for complete analysis of
non-equilibrium hypersonic flows (flow prediction, chemistry modelling, and estimating
surface properties such as heat flux) at higher altitudes using direct simulation Monte
Carlo (DSMC) simulations.

e To apply BCML-based flow-field reconstruction to accelerate numerical simulations:
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— To evaluate the ability of BCML-based flow fields to serve as effective initial

conditions that accelerate the convergence of NSF-based CFD simulations.

— To generate optimised meshes using BCML-based flow fields for efficient DSMC

simulations.
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Chapter 3

Computational Methodology

Data generation is central for any supervised machine learning (ML) algorithm. The objective
of this work is to develop a BCML model for hypersonic flows over arbitrarily shaped bluff
bodies across a wide range of altitudes. The altitude range spans 40 km to 84 km. This range
is of interest for most reentry applications since the vehicle experiences intense heat and
extremely high temperatures. Additionally, the reentry vehicles endure severe deceleration
in the 40-84 km range as the atmosphere acts as a brake. Also, the plasma sheath forming
around the reentry vehicle causes a radio blackout. Understanding the flow physics in this
altitude range is essential for mission control, else the reentry vehicle might burn up or skip

back into space.

The altitude range of interest in the present thesis spans the continuum and transition
regimes of the flow. For the lower altitudes (40-60 km), the continuum-based solvers, specifi-
cally the Navier—Stokes—Fourier (NSF) equations, are employed to generate training datasets.
The first low-altitude BCML framework was reported for reentry flows under frozen-flow
assumptions, using an in-house finite-volume method-based code. This model was then
extended to the non-equilibrium NSF equations, enabling the generation of training data
for reacting flows within the same low-altitude framework. A comprehensive description
of the governing equations, including the associated transport property models, mixture
rules, chemical reaction modelling, and non-equilibrium models, along with details of the

OpenFO0AM-based hy2Foam solver, is provided in this chapter.

At higher altitudes (60-84 km), the continuum assumption is no longer valid, and using
first-order accurate NSF equations is not appropriate. At these altitudes, the DSMC method
is employed. The fundamental principles and numerical implementation of the DSMC
method, along with its underlying computational characteristics, are also discussed in this
chapter. The DSMC framework is employed to produce training data for the high-altitude

BCML model under both frozen and chemically reacting flow conditions.
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The BCML algorithm, the concept of generators, and the framework’s overall workflow
are also introduced. To begin with, the BCML concept was tested on a simple incompressible
lid-driven cavity, and the ML model results were compared with those reported in the
literature. This exercise was mainly done to gain confidence in the validity of the BCML

idea.

3.1 Navier-Stokes-Fourier Equation-based Continuum
Solvers

The training data for the low-altitude BCML framework is generated using the finite volume
method-based continuum solvers. Continuum solvers assume the gas can be treated as a
continuous medium, which is valid when the local mean free path (\) is much smaller than
the characteristic flow length scale (L). Under this assumption, macroscopic flow variables
such as density, velocity, and temperature are defined at every spatial location and evolve
according to conservation laws. These solvers are widely employed for low-altitude and
high-density flow regimes, where intermolecular collisions are sufficiently frequent to maintain
local thermodynamic equilibrium. The classical Navier—Stokes (NS), or more appropriately,
the Navier-Stokes—Fourier (NSF) formulation, describes the conservation of mass, momen-
tum, and total energy for viscous compressible flows, accounting for molecular transport
effects through first-order constitutive relations for stress and heat flux. In their conventional
form, the NSF equations assume a single temperature field and equilibrium thermodynamic
behaviour, making them suitable primarily for near-equilibrium flows. In non-equilibrium
applications, the NSF equations are further generalised to include separate temperature fields
for different energy modes (translational-rotational and vibrational-electronic modes), along
with species transport and chemical source terms. This multi-temperature NSF framework is
particularly important for hypersonic and high-enthalpy flows, where thermal and chemical

non-equilibrium effects become significant.

3.1.1 Single-temperature NSF Formulation

The single-temperature Navier-Stokes-Fourier (NSF) equations describe the behaviour of
viscous compressible flows. The conservative form of the three-dimensional NSF system
can be written compactly by introducing the conserved state vector U, which consists of
density (p), momentum components ([pu, pv, pw]), and total energy (E = pe), along with the
corresponding flux vectors F(U), G(U), and H(U) in the z, y, and z directions, respectively,

as presented below:

oU OF(U), 0GU), OH(U), OFU)y 0GU) OHU)y
o " T or oy o e:  or oy T as

(3.1)
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where the suffixes I and V' indicate inviscid and viscous components respectively and

P pu pu pw
pU ,ou2 +p puv puw
U= |pv|, F(U); = pUV ,GU) = | p*+p |, HU) = pUW
pw puw pLW pw? +p
pe u(pe + p) v(pe + p) w(pe +p)
0 0
Tex Tyz
FU)y = Tay , G(U)y = Tyy (3.2)
T.TZ Tyz
UTpe + UTpy + WTaz — Gz UTyz + UTyy + WTy — Gy
0
Tex
HU)y = Tzy
7_ZZ

UTye + VTpy + WT,, — @,
The total energy density (e), comprising the specific internal energy (I E) and the kinetic
energy part, and H is the total specific enthalpy given by

2

U p @ ar 7Y

ez;—i—IE, ]E:(W—UP’ H = ; (3.3)
where v denotes the ratio of specific heats
=g (3.4)
The sound speed is defined as
P
a= A (3.5)

Assuming Stokes’ hypothesis for a Newtonian fluid and Fourier’s law of heat conduction,
the stress and heat flux terms in the viscous flux vectors can be expressed as first-order

approximations,

— %%_2(@4_%) - %@_g(%_’_@) — %%_2(@_’_@)
Tee = HY 300 30y 0z Tuy T H 30y 3°0x 0Oz T =1\ 39, T 3\ oy’ )’
ou  Ov ov  Ow ow Ou

Tey = Tyz = M(a—y + %)Wyz =Toy = M(& + a—y)aTza: = Tz = M(% + &)a

oT oT oT
Qe = /{%, qy = ’ia_y7 q. = ’{E (36)

where p is the coefficient of dynamic viscosity and & is the thermal conductivity.

The in-house three-dimensional, message-parsing interface (MPI) based FVM solver
employs a wide range of inviscid and viscous flux solvers. In the present work, the Harten-
Lax-van Leer-Contact (HLLC) is used to model the convective fluxes. The HLLC scheme is
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an approximate Riemann solver specifically designed to handle contact discontinuities and
shock waves using a three-wave solution structure. Figure 3.1 illustrates the HLLC wave

configuration for the solution.

tA

S:

SL

UL Ur

» X

Figure 3.1: Hlustration of waves in the HLLC scheme.

In the HLLC scheme, Sy, and Sg represent speeds of the slowest and fastest waves across
the Riemann problem between the left (Ur) and the right states (Ug), respectively. The

acoustic waves (Sp and Sg) are calculated using Einfeldt wave speed estimates:
Sy =min(uy — ap,u — a), Sg = max(ug + ag, U+ a) (3.7)
where
e us,ur: Normal velocities of the left and right states.
e a;,ar: Local speed of sound in the left and right states.
e u,a: Roe-averaged velocity and sound speed.

In addition to the S and Sg, a middle wave representing the contact discontinuity with

S, speed is given by:

g _PrR—PL + prur(Sy —ur) — prur(Sg — ug)
' pr(Sc —ur) — pr(Sr — ug)

(3.8)

Together with the acoustic waves, the three waves in the HLLC method divide the space-
time (z — t) domain into four regions (Uy, U.r,U.g and Ug). Pressure and velocity remain
constant (p.r = Psr = Ds, Usp, = Usp = U, = S,) across the contact discontinuity. By
applying Rankine-Hugoniot conditions across each of the waves, the flux for the intermediate

portions (U,p,U.g) of the space-time domain is given as

Fo = FUL)+ S.(Usp —UL), Figr = F(Ug)+ Sp(Usr — Ug) (3.9)
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where U, and U,r are given by:
B S*L/*R*UL/R>

p( S*L/*Rf‘s*

S«L/«R—U

SyL/«R~U L
) (e 5. S + )

Thus, the formulation for the flux vector at the intercell is given as

F(U,) if0<S,
e if 5, <0< S,
Fir if 5, <0< Sg
F(Ugr) if0> Sk

P (3.11)

The set of discretised equations is solved explicitly using the Euler time integrator with
an appropriate time step (At). The maximum wave speed is obtained for all cells (i € Neey)
in every iteration as

Si = |wi| + @iy, Spmaz = max(S;) (3.12)

The inviscid time step (At;) is governed by the Courant-Friedrichs-Levy (CFL) condition,
which employs the maximum wave speed. The viscous time step (Aty ) is governed by the
diffusion of momentum. The time step chosen for an iteration is given by the minimum of

the two, as given by:

Az CFL pAz? CFL
Atj=——, Aty =———— 3.13
I 0 0 2 (3.13)

The in-house code has been extensively validated. The simulation of the monoatomic
shock structure of argon gas (Ar) is reviewed here, as analytical results are available. The
initial conditions on the driver’s side are characterised by the upstream Mach number (M),
temperature (77), and pressure (P;). Using the Rankine Hugoniot conditions [86], the
post-shock conditions on the driven side, namely M,, T5, and P,, are calculated from the

given set of initial conditions.

1+ ()M 1) M}
M2 — +2(2 iy pr_m_ _(r+ )M 5 (3.15)
YM? — (157) pr uz 2+ (y—1)M;
P2 2y 2 15 (Zb) (/)1)
P R —— /7 g L === 3.16
D1 v+ 1( . Ty pi/) \p2 (3.16)
The mean free path is defined based on the pre-shock conditions [87]
T T @
\/j,uref <_>
= Y2 A\ T (3.17)

A
' P1V RT,

where w is the viscosity index in the power law for calculating viscosity
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Figure 3.2: Comparison plots of normalized profiles of density, temperature, and velocity
obtained at Mach 10 from analytical expression and from the in-house FVM code employing
the HLLC scheme.

The one-dimensional simulation domain is taken as a multiple of the mean free path,
L = 60\, with a total of 1000 equi-sized cells. From Figure 3.2, it is clear that the results
(M; = 10) generated by the in-house FVM code employing the HLLC flux scheme closely
match the exact solution of the Navier-Stokes-Fourier (NSF) equations. The in-house FVM
code is capable of solving three-dimensional gas flows using both unstructured (tetrahedral,

pyramidal and triangular prism) and structured (hexahedral) cells.

3.1.2 Multi-temperature NSF Formulation

Hypersonic flows with chemically reacting effects in the continuum regime are commonly
modelled using the two-temperature, non-equilibrium Navier-Stokes—Fourier (NSF) formu-
lation. In the present work, OpenFOAM-based hy2Foam solver [88] was used to generate the
training data for a reacting (chemical and ionisation reactions) gas mixture consisting of Nj
species. The corresponding system of governing equations solved in the non-equilibrium NSF

solver can be expressed as follows:

aU aEnv,i aE}is,i

— — =W 3.18
where, the conserved quantities vector, U, is defined as
U = (p, ps, pu, pv, pw, By, E)* (3.19)

here s € Ny, u, v, and w denote the velocity components along the x, y, and z directions,
respectively. The symbol p represents the total mass density of the mixture, while p,
corresponds to the density of species s. The overall flux vector is decomposed into inviscid

(Finv) and viscous (Fys;) contributions, as outlined below in Einstein’s notation:
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PU;
PsUy
put - 01 p
Fivi = | puiv + diop (3.20)
pu;w + di3p
Eveui
(E+p)ui

0
Jsi

)

Ti1
Ti2
Ti3
—Quei — eWJTL,i
Tiju] — Qiryi — Quei — Z h?”Jr,i
r#e

where the subscript ¢ refers to one of the three spatial directions, and ¢ denotes the Kronecker

Fvis,i - (321)

delta. The quantities £ and FE,. represent the total energy and the vibro-electronic energy,
respectively. The variable h corresponds to the specific enthalpy of species s, J denotes the
diffusion flux, and 7 represents the shear stress tensor. The pressure p is evaluated using

Dalton’s law of partial pressures, given by:

p= Zps +pe - Z(psRsnr) - peReTe (322)

s#e s#e
where R; is the specific gas constant, 7}, is the trans-rotational component temperature, p, is
the electron density, (7,) is the electron temperature, which is set equal to the vibro-electronic

temperature (T,.).

In Equation (3.21), 7;; represents the component of the viscous stress tensor, which can

be written as follows:

- Ou;  Ou; uy,

where, p is the shear viscosity of the mixture, A is the second coefficient of viscosity of the
mixture and gy, is the mixture bulk viscosity. hy2Foam employs Stokes’s hypothesis, which
results in the p, = 0 and the second viscosity is given by A = —% (. hy2Foam employs multiple
models where the shear viscosities can either be considered as temperature-independent, or
set to follow a power law or Blottner’s curve fits [89]. The corresponding expression for the

temperature-dependent models (Power law and Blottner’s curve fitting model) for species s

is given by:
( Tor )ws (3.24)
Hs = Mrefs \ 77— .
Tref
and
ps = 0.1 x exp ((Aps In(T3) + Bps) In(T3) + Cps) (3.25)

TH-4100_206103020 23



where, wy denotes the viscosity exponent for species s, T, represents the reference temper-
ature (T,.y = 273 K in present work), and Ap, Bps, and Cp, are the Blottner curve-fit

coefficients.

The spatial components of the heat conduction vector, for the trans-rotational component,

and the vibro-electronic component, are assumed to follow Fourier’s law.

0Ty,
Qtri = —Ktr 69; (326)
where Ky, is the mixture thermal conductivity and
0T e
ve, i — — hwe 3.27
Quei = ~hue g - (3.27)

where K, s is the mixture thermal conductivity for the vibro-electronic component of energy.
Similar to the modelling of the coefficient of viscosity in hy2Foam, the thermal conductivity
Kir,s and Kye s can be considered as temperature-independent, or set to follow Eucken’s
relation [90, 91]. The trans-rotational and vibro-electronic thermal conductivities for an

individual species s are given by
)
Rir,s = 5 ,usC’vt,S + ,U/sC'Ur,s Roe,s = 1-2,uscvve,s (328)

where C,, ,, C,,, and C,, , are the specific heats at constant volume for the translational,
rotational and vibrational degrees of freedom, respectively. Alternatively, transport coef-
ficients may be evaluated using collision cross-section data derived from Gupta’s curve-fit
models [92]. Compared to the Blottner and Eucken formulations, Gupta’s method is reported
to provide improved physical fidelity for temperatures exceeding 10,000 K, particularly in

weakly ionised flow regimes [93].

The overall transport properties of the gas mixture are calculated using Wilke’s mixing
rules [94] or the Armaly-Sutton model [95, 96] in the hy2Foam solver. Wilke’s mixing rule is
given by:

fs X
Os

where X, denotes the molar fraction and ¢, is a scaling factor defined as

1/472
1+,/&(M’> ]
pr \ M

1

8(1+ﬁ‘:>] , r e N

= s € Ny (3.29)

S

¢s = Xs + ZXT‘
r#s

X
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A similar formula can be applied to thermal diffusivity. Palmer and Wright [93] reported
that the accuracy of Wilke’s mixing rule model deteriorates for ionised gas mixtures and for
thermodynamic states beyond this temperature range. The mixing rule proposed by Armaly
and Sutton [95] addresses this limitation and has been demonstrated to yield improved
agreement with the multicomponent viscosity formulation for ionised gas mixtures. The

scaling factor ¢, appearing in Eq. 3.29 is modified according to the following expression:

5 M, M,
b= Xot DX L%A; * MJ [1 " MJ

2 —1
1/4
x |1+ B, %(ﬁ) [ 8(1+ﬁ‘*)] . ren,

where A and B are various modelling parameters for the pair of species (s and r species).

(3.31)

The source term vector, W, in the governing equation is written as
W = (0, W, 0, 0, 0, Wy, 0)" (3.32)

where w, is the net mass production of species s relevant for the species equation and
W, is the source term representing the rate of change of vibrational energy. The mass-
production term is calculated with the 11-species chemistry model and rate coefficients from
the Arrhenius law. The backward rate coefficients for the reverse reactions are calculated
directly from equilibrium constants. hy2Foam employs Park’s TTv model where the effective
temperature for chemical reactions is assumed to be a geometric mean of trans-rotational

and vibro-electronic temperatures. A more general expression is given by:

Tp = TP x TP (3.40)

ve

where it was found that ap = 0.7 was found to be a better choice from the standpoint of
accuracy [90].
The rate of change of vibrational energy term, w,, is composed of four additive terms

representing the various energy transfer and coupling effects within the flow given by

Wy = Q’U—T + Qv—v + Qc—v + Qe—v (333)

where (), _7 represents the exchange of energy between the vibrational mode of molecules
and the translational mode of the gas, (),_, accounts for the exchange of vibrational energy
between two different molecular species, )., links chemical reactions (dissociation and
recombination) to vibrational energy, and @)._, represents the energy exchange between free
electrons and the vibrational mode of heavy molecules. Here @,_r is the most dominant

term. The details of these relaxation models are summarised by Casseau [88].
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3.2 Direct Simulation Monte Carlo Method

The direct simulation Monte Carlo (DSMC) method [14, 15] is a popular particle method for
studying rarefied gas flow simulations. It is particularly effective for studying hypersonic
flows involving chemical reactions, ionisation, and non-equilibrium phenomena at rarefied
conditions. The four primary sub-parts of the DSMC algorithm involve particle movement,
particle indexing, collision modelling, and flow field sampling. These procedures are carried
out in each time step. In DSMC, each simulated particle represents a large number of
actual gas molecules or atoms. The position of the simulated DSMC particle is randomly
assigned in a cell. The velocity of the DSMC particle is sampled from the Maxwell-Boltzmann
distribution at the initial cell temperature. Particle movement and collision modelling can
be decoupled by selecting a time step shorter than the mean collision time. As in traditional
Eulerian CFD algorithms, the computational domain is typically divided into a grid of cells.
The cell size should be less than the local mean free path in the domain. Each cell handles
particle collisions in the post-molecular movement module using probabilistic models.

This work utilises an in-house DSMC solver to investigate the hypersonic flow field around
bluff bodies at rarefied ambient conditions. The in-house DSMC code is an MPI-parallelised
3D Fortran code that can simulate gas flows on both structured and unstructured meshes. The
overall DSMC, as shown in Figure 3.3, algorithm for a single time step, can be summarised

as:

e Update the position of all N particles in the system in the movement module using

the following expression

ri(t + At) =r;(t) + vi(t) At = r;(t) + Atr; (3.34)

The ray tracing algorithm is used to move particles in the in-house DSMC code, which

is suitable for both structured and unstructured meshes.

e The particle distribution in each computational cell is updated to prepare for the

subsequent collision routine.

e Compute the number of collisions to attempt in each computational cell. The no-time

counter (NTC) model is used in the in-house code.

e Perform the collisions according to the binary collision model. The in-house code
includes several models, such as the variable hard sphere (VHS), variable soft sphere
(VSS), generalised hard sphere (GHS), generalised soft sphere (GSS), and ab initio
models. The VHS model is used across all DSMC simulations conducted throughout
this thesis. The VHS model is one of the most widely used models in DSMC owing to

its ability to reproduce the experimentally observed temperature dependence of gas
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Figure 3.3: Flow chart of basic DSMC time integration scheme

transport properties while remaining computationally efficient.

e Sample the particle positions, velocities, and internal energies that are required to

calculate the desired macroscopic values using the kinetic theory formulation.

e Go back to Step 1, where now t — t + At and repeat until the simulation end-time

trend has been reached.

A contrasting feature of the DSMC algorithm from the deterministic simulation techniques,
such as molecular dynamics, is its treatment of collisions. The overall objective of the collision
model is to simulate a representative number of collisions between randomly selected pairs of

molecules within each cell, with appropriate post-collision updates to the particles’ velocities
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and internal energies. The number of pairs (Np) shortlisted for checking for collision is first

estimated using the NTC method, given by:

Np = (21/0) FNN(N = 1)(07C, ) max At (3.35)

where N is the instantaneous number of particles in the cell, V, is the cell volume,
(07C, ) max 18 the maximum product of collision cross-section and relative speed of all possible
particle pairs in the cell, At is the time step size, and Fl is the weight of the DSMC
representative particle (1 DSMC particle = Fy real atoms/molecules/ions). A pair of
particles (7, j) is chosen at random from all particles in the cell. Each collision pair (4, j)
is then tested for collision using the acceptance-rejection method. The pair is believed to

undergo a collision if

(orcr)i
(UTC'/‘)maX

where or is the total collision cross-section, ¢, is the relative speed, and R; is a random

> Ry (3.36)

number uniformly chosen between 0 and 1. The DSMC model disregards the molecular
shape and treats molecules as point particles of diameter d. The total collision cross-section

is given by the VHS model, which follows an inverse-power-law relationship between viscosity

2v
or = 7d% (C—f) (3.37)
¢
2k T, v 1
2v blref
. 3.38
C’r,’r’ef ( m, ) F(2 _ V) ( )

where ref subscript denotes reference values, k; is the Boltzmann constant, v is the VHS
viscosity index. The d,.f, T,.f, and v are parameters chosen to ensure correct viscosity-
temperature relations are followed in the gas flows. Once a particle pair has been selected
for collision, the velocities of both partners in the collision pair are changed according to the

collision model, while their positions are not altered.

The VHS model alone is sufficient for modelling collisions in monoatomic gases. For
molecular gas species, the redistribution of internal energies during a collision is also important.
The Larsen-Borgnakke (LB) model is a widely used phenomenological model for handling
energy exchange between translational and internal molecular modes during collisions of
molecular gas particles. While elastic collisions update only the translational velocities,
the LB model probabilistically redistributes energy among translational, rotational, and
vibrational degrees of freedom to represent thermal relaxation. For each collision, internal

energy relaxation occurs with a probability given by

P =— (3.39)
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where Z,, denotes the relaxation number associated with mode m (rotational or vibrational).
Instead of modelling energy redistribution for every collision, every Z collision is chosen
for the LB model. When relaxation is selected, the post-collision internal energies are
resampled from equilibrium distributions while conserving total energy. This stochastic

energy redistribution enables the modelling of non-equilibrium effects.

Several phenomenological models have been reported for handling chemical and ionisation
reactions relevant to hypersonic gas-flow simulation, especially in reentry flows. The total
collision energy (TCE) model is one of the chemical reaction models in the DSMC algorithm,
which employs equilibrium reaction rates using the Arrhenius law. The reaction probability

P,co. in TCE model is estimated as:

P7'eac -

ﬁ ATrI*)ef F(E + 28 W) (Ecoll - Ea>b_w+1/2 (ECOH . Ea)<+1 (3 40)
2 O-'ref<c’r>7‘ef F(g + b + 3/2) kBTTEf Ecoll .

where A, b, E, are the Arrhenius parameters from the rate equation k¢(T) = AT? exp(—E,/kgT),
E.oy is the total energy available in the collision (E. + E;,;), E, is the activation energy
(Preae = 0 if E,oy < FE,) and ( is the average number of internal degrees of freedom of the
colliding particles. In the present work, a 5-species, 11-reaction air chemistry model is used

to generate flow-field data at higher altitudes.

The microscopic properties of the particles are sampled over a large number of DSMC
time steps. Macroscopic properties such as density, pressure, and various temperatures for
the degree of freedom are computed at the geometric centre of the cell using time averaging.

For example, the number density in a computational cell is calculated as

FyN
Ve

where N is the time-averaged number of DSMC particles in the cell during the mea-

n =

(3.41)

surement interval. If the flow is steady, a simulation is allowed to reach a steady state.
Then, properties are measured on a sufficiently large sample to reduce statistical error to an
acceptable level. Other macroscopic properties and surface properties are calculated using

kinetic theory formulations.

3.3 Boundary Condition-based Machine Learning Al-
gorithm

The foundational theory and basic principles of the Boundary Condition-based Machine
Learning (BCML) algorithm are introduced here, followed by testing the concept using
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a standard incompressible benchmark: the lid-driven cavity problem. As noted in the
previous chapter, several ML. models have been designed to predict flow fields for specific flow
problems and are often not extendable to a broader class of flows [17, 19, 66]. In contrast
to such models, the proposed BCML algorithm is a physics-assisted, general-purpose ML
model that can quickly predict flow fields for steady-state compressible gas flows around
arbitrarily shaped reentry geometries and further assist CFD/DSMC codes in achieving
faster convergence/better efficiency. It is known that the boundary conditions are central to
solving partial differential equations and directly influence the solution. In the present work,
the core idea of the BCML model is to train the neural network to capture the influence
of various boundary conditions on an arbitrary point in the flow domain. The influence of
various boundaries is modelled by discretising the planar angle into a number of discrete
vectors. This concept is inspired by the discrete ordinate method (DOM), which is used to
solve the radiative transfer equation (RTE), in which spatial and angular variables influence
the evolution of the radiative intensity. Since radiative heat transfer is a three-dimensional
process, the solid angle 47 is divided into a number of angular intervals, and a discrete set
of direction vectors replaces the direction variable. In contrast, since the BCML model is
first tested on two-dimensional flows, the planar angle 27 is divided into a set of discrete
vectors. This leads to the concept of generators, which are lines originating from the point

that, when extended, eventually end at one of the boundaries.

n3

- I/< N

ns

ts n6

¢) S4 Domain ¢) S16 Domain ¢) S8 Domain

Figure 3.4: Schematic of the generators along with the boundary condition for a)
4-generator model (S4), b) 16-generator model (S3) and ¢) 8-generator model (Sg).

Figure 3.4 depicts the schematic of various generator models. Figure 3.4 a) shows a
4-generator or Sy BCML model where four rays emanate from a point in a quadrilateral
domain where the flow field variables are to be predicted. The four rays divide the 27
into four regions, each covering a /2 angle. The relative lengths of the four generators
from the point of origin to the final boundaries, along with the corresponding boundary
conditions for pressure, temperature, and the two components of velocity (horizontal and

normal components), form the input layer of the BCML neural network. As with the DOM
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method, a finer discretisation of the planar angle leads to greater accuracy. Figure 3.4
b) and ¢) show an Sj6 and Sg BCML model, which employs sixteen and eight generators,
respectively. The effect of a single boundary on the point can now be handled by multiple
generators based on its proximity. The length of a generator functions as the weight of the
influence of the boundary on the point. Generally, the proximity of a boundary condition
has a direct correlation with the influence it bears on the point, which means that the length
of a generator has an inverse relation with the influence of the boundary condition. Hence,
several distance functions, including exponential decay functions and reciprocal functions
such as 1/4/s and 1/s, were initially investigated to model this behaviour. Subsequently, a
systematic hyperparameter analysis was performed for each distance function, optimising the
DNN architecture, batch size, and number of training epochs. The comparative results are
summarised in Table 4.2. Based on the accuracy, convergence behaviour, and overall loss, the
following exponential decaying function was found to provide the best overall performance

and was therefore adopted in the present BCML framework:

flz) = e:vp( — 2\/§> (3.42)

where x is the length of a generator from the point to the end at the boundary. The proposed
algorithm predicts the flow field at any point in the domain using the length function as the

generator’s weight and the corresponding boundary conditions.

The overall algorithm for finding the flow properties at any arbitrary point using the

trained BCML in the domain can be summarised as follows:

1. Decide the number of generators N emanating from the arbitrary point in the domain
according to the available BCML Model handling M boundary conditions.

2. For i generator, place the origin of the generator at the given point and assign the
direction of the generator as (i — 1) x 2w/N. In the present work, the given point is

the cell centre of an arbitrary cell of the structured or unstructured mesh.

3. Extend the i*" generator along the assigned angle till it reaches any boundary using a
ray tracing algorithm. It is assumed that a particle resides at the cell centre and is
made to move along the direction of the generator with unit velocity till it crosses all

faces and reaches the boundary face.

4. Calculate the distance function from the length of the " generator and note the

corresponding boundary condition.

5. Repeat the steps 2-4 for the remaining generators and get a total of M x N input

values.
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6. Train, optimise, and save a DNN model using M x N and P flow field properties as
the number of nodes in the input and the output layers with an appropriate number of

hidden layers and intermediate nodes.

7. Using the trained BCML model, estimate the flow field properties in all the cells of the
mesh. This is followed by post-processing steps.

A DNN is employed in the BCML model because the relationship between the infor-
mation from the boundary conditions and the corresponding flow field variables is highly
nonlinear and involves a large volume of training data. DNNs are well-suited for learning
such high-dimensional nonlinear mappings and therefore provide accurate predictions of the
flow field. Generally, the higher the N, the number of generators, the better the resolution.
However, it was found that the choice of N = 16 was optimum and increasing the number of
generators had a small improvement in the accuracy, while the computational cost associated
with the additional training data was linearly increasing. The choice of M, or the number of
boundary conditions, is closely associated with the number of governing equations. In the
present work, for each boundary condition, two numbers were considered to cover both the
Dirichlet and Neumann-type boundary conditions. For a two-dimensional conservation law
consisting of mass, momentum and energy equations, M = 8 and P = 4 for the four outputs
(p,u,v,T) of the four governing equations. The pressure can be calculated using the closure

equation.

The overall objective of the thesis is to report a new and novel MLL model: the BCML
model. To begin with, the feasibility of training a machine learning (ML) model using
boundary conditions as input parameters for predicting flow fields is tested for incompress-
ible viscous flows. The governing equations consist of the conservation of mass and the
Navier-Stokes constitutive equations and are solved using the pressure-based solver. The
present work uses CFD simulations for the lid-driven cavity using a commercially available
FVM solver: ANSYS (Fluent). The cavity geometry consists of a square domain with unit
width and height. A uniformly structured 129 x 129 nodal grid is employed in the current
set of simulations. The total number of cells is 16641 with 16900 nodes. The fluid flow is
considered to be steady and laminar. Dirichlet boundary conditions are applied for velocity
at the top lid for a given Reynolds number. No-slip boundary conditions are considered
for the remaining three walls. The output data from the CFD simulation are the u and
v velocity components. The thermophysical properties, such as density and viscosity, for
the hypothetical fluid used in the simulation are assumed to be unity. Only the horizontal
velocity at the top wall is variable, taken as the numerical value of the Reynolds number for
the case. The simulations are assumed to reach a steady state with a convergence criterion
of 107%. CFD simulations are run over a wide range of Reynolds numbers from 100 to
1000, with an interval of 50. The data generated in the current CFD study are validated
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against standard data available in the literature at Reynolds numbers 100, 400, and 1000. In
addition, CFD simulations are performed at arbitrary Reynolds numbers (125, 372, 468, 923)
to evaluate the validity of the new boundary-condition-based ML model. Hence, a total of
nineteen simulations were run, and the flow field data for the velocity vector and pressure at

all node points were saved for each simulation.

The 5-input data, derived from the nodal point coordinates and the Reynolds numbers
of all CFD simulations, is used to train a deep neural network (DNN) for the ML model.
The overall architecture of the neural network employed in the .S, BCML model is depicted
in Figure 3.6. The network consists of three main layers: the input layer, the hidden
layer(s), and the output layer. There can be one or more hidden layers, depending on the
problem and the need for accuracy. The architecture of the neural network is designed after
performing hyperparameter analysis which includes optimizing the number of nodes in each
layer, optimizing the batch size required for the training out of the total available sample
data, and number of epochs, which is the number of iterations over the dataset to ensure no
overfitting of the input data, the ML model has been properly trained based on the amount
of CFD data available and by proper hyper parameter analysis. The testing data is set at
15-20% of the training data. The final optimised DNN architecture for the present study
consists of 16 nodes in the first layer, followed by 2 hidden layers with 128 nodes each and
2 nodes in the output layer. The type of error calculated in the ML model study is mean
square error. The activation function used in this ML algorithm is the Rectified Linear Unit
(ReLU). Here, the input parameters for the neural network are the distances: Sy, Sa, Ss, S,

and the Reynolds number, and the output parameters to be obtained are the u and v velocities.

For the BCML Model, the format of the velocity flow field data generated by CFD
simulations is modified as follows. The flow field data, including the horizontal and vertical
velocity components, are generated at each nodal point. A set of generators in N directions
is initialised from each of these nodal points, and these generators are extended to finally
intersect with one of the side walls, where the boundary conditions are applied. The lengths
of the generators, as well as the perpendicular and normal components of velocity at the
boundary, serve as the input layer for any generalised ML model. For an N-generator model,
the total number of input parameters in the two-dimensional problem will be 3N (length of
the generator and the two components of velocity at the boundary). However, in the current
work, the number of generators is restricted to only four. The total number of nodes in the
input layer should be 4 x 3 = 12. The classical lid-driven cavity problem is structured with
only one non-homogeneous boundary condition at the top wall. The remaining seven values
of the velocity boundaries are zero and can be removed from the set of inputs. Hence, the
number of input parameters for the ML learning model reduces to just five (4 distances and

1 top wall horizontal velocity).
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Figure 3.5: Schematic of the Figure 3.6: Deep neural network Architecture
generators in the S, BCML model for for the incompressible lid-driven cavity

the incompressible lid-driven cavity. problem.

To summarise, for any arbitrary point within the cavity, say O, the distances from the
four walls are input parameters. The fifth parameter is simply the simulation’s Reynolds
number. A schematic of the S;-BCML data point for the lid-driven cavity is shown in Figure
3.5, where the lengths S; = OA, Sy = OD, S5 = OC, Sy = OB serve as four of the five
inputs for the S; BCML model training. The BCML algorithm is used to calculate the
flow field velocities for the entire domain, and the centerline data is then extracted from
the flow field data. Alternatively, points on the centerline can be fed as an input to the
model to directly get the u and v velocities. The generated flow field is first validated along
the vertical and horizontal centerlines of the cavity against the standard literature data
from Ghia et al. [97]. It is important to note that an ML model will be accurate only if
the underlying data is validated and verified. Validation centerline plots of the horizontal
component of velocity along the y-direction (x = 0.5) and the vertical component of velocity
along the x-direction (y = 0.5) at Re = 400 are shown in Figure 3.7. It can be observed
that the u and v plots are in excellent agreement with those reported by Ghia et al. [97].
The assessment of the new S; BCML model has been conducted for the following two cases.
Firstly, Case 1: flow field prediction at Reynolds number 400, and secondly, Case 2: at
Reynolds number 125. It should be noted that the Case 1 flow field is a part of the training
data. In contrast, the flow-field data for Case 2 (Re = 125) are not included in the training
data. In other words, the ML model has no prior information about the flow field data for
Re = 125. The absolute value of mean square error for the flow field prediction from the Sy
BCML model is 10.3653, and the overall accuracy is 96% for Case 1. In comparison, the
mean square loss is 21.7291, and the overall accuracy is 95% for Case 2. Although accuracy
decreased on the untrained data, the results were encouraging. Figure 3.7 also shows the line

plots of the horizontal and vertical components of the velocity obtained from the BCML model.
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Figure 3.7: Comparison of line plots of u (left) and v-velocity (right) from CFD simulations
and S; BCML model along the vertical and horizontal centreline of the cavity for various
Reynolds numbers.

As shown in Figure 3.7, the ML model results agreed well with the CFD results for Case
1. Similarly, in Case 2, the ML model results show decent agreement, except in regions
around x=0.35 and x=0.8, where there is minor deviation, as apparent from the figure. This
deviation can be reduced by increasing the mesh resolution. This results in a larger training

dataset, improving the model’s accuracy, particularly near the walls.

Figure 3.8: Contour plots of u-velocity obtained from CFD (left) and S, BCML model
(right) for incompressible lid-driven cavity problem at Re = 400

Figure 3.8 shows the contour plots of the horizontal component of velocity (u) in the

cavity generated using CFD simulation and those estimated using the S; BCML model,

TH-4100_206103020 35



08 u(CFD) 08

110

100

90

80

70 06
60

50

40 >

30

20

10 04
0

-10

-20

06

04

0.2 0.2

0 0.2 04 0.6 0.8 00 0.2 04 06 08 1
X

Figure 3.9: Contour plots of u-velocity obtained from CFD (left) and Sy BCML model
(right) for incompressible lid-driven cavity problem at Re = 125

respectively. Similarly, Figure 3.9 shows the contour plots of the horizontal component of
velocity (u) taken in absolute SI units(without non-dimensional zing), which have been
generated from CFD simulation and the data predicted by the S; BCML model at Re=125.
The main advantage of the new BCML model is the significant reduction in computa-
tional resources required to obtain the flow field. The average computational time for a
single CFD simulation at a given Reynolds number is about 38 minutes. In comparison, the

flow field calculation using the new BCML model takes only 2.12 seconds on a 129 x 129 mesh.

This study was primarily undertaken to increase confidence in the approach and to assess
its applicability toward achieving geometry-independent flow-field prediction. As the results
were encouraging, a more difficult and practical application of reentry flows was chosen and
became the central application of the current thesis. The BCML models have been reported
for laminar, supersonic, and hypersonic flows under frozen and reacting conditions, and for
two-dimensional external flows over arbitrarily shaped bluff bodies or reentry bodies at lower
altitudes, using a continuum solver. In addition, BCML models for higher altitudes, based
on data from the DSMC solvers, are reported and cover the important reentry corridor. The

development of these models is described in the following chapters.

3.4 BCML vs PINN vs Image-based ML Algorithms

The proposed BCML framework is more appropriately classified as a physics-assisted or
physics-augmented machine learning (PANN) model, which is fundamentally different from a
physics-informed neural network (PINN). It must be noted that in the present work, neither

the governing equations are directly solved by the ML model, nor are the loss functions
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Table 3.1: Comparison of ML frameworks for flow prediction

TH-4100_206103020

| Aspect BCML | PINNSs Image-Based ML |
Inputs Boundary conditions | Spatial coordinates with | Geometry encoded as
only; no explicit geome- | boundary  conditions | images
try or mesh information | (and time, if applicable)
Physics Implicitly from training | Governing equations en- | Learning from data
treatment | data; no PDEs forced via PDE residu- | unless additional con-
als straints are imposed
Generality | Geometry-agnostic Geometry and problem- | Strongly geometry-
within trained | specific dependent
boundary-condition
space
Hypersonic | Captured indirectly | Difficult to handle | Captured indirectly
effects through data (present | strong shocks and | through data; physical
work) finite-rate chemistry consistency not guaran-
teed
Primary Approximate flow field | Potential replacement | Rapid flow field predic-
utility prediction, assisting | of conventional PDE | tion within fixed design
CFD/DSMC (initialisa- | solvers spaces
tion, meshing)

included during training. Instead, the physics is introduced through three components: (i)
generator-based encoding of the boundary conditions, (ii) physically meaningful input features
based on the distance function and boundary-condition information, and (iii) physics-aware
post-processing together with a short CFD relaxation step to improve physical consistency

of the predicted solution.

This distinguishes the proposed BCML framework from PINNs, where the partial dif-
ferential equations, boundary conditions, and conservation laws are enforced during the
optimisation through loss terms. Although PINNs have demonstrated promising results for
several canonical flow problems, their application to practical hypersonic flows involving
strong shock discontinuities, thermochemical non-equilibrium, and multiscale rarefied effects
remains computationally challenging. Similarly, the idea of the BCML differs from the
operator-learning methods, such as DeepONet and Fourier Neural Operators (FNOs), which
learn mappings between input and output function spaces (operators). In contrast, BCML
directly learns the nonlinear relationship between the values of the boundary condition and
the flow-field variables using supervised learning on NSF or the DSMC-generated datasets.
A comparison between BCML, PINNs, and image-based learning approaches is presented in
Table 3.1.

Accordingly, the proposed BCML framework should be regarded as a physics-assisted

surrogate model, where physical knowledge improves the representation of the learning

problem without explicitly constraining the neural network through the governing equations
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during training.
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Chapter 4

Low-Altitude NSF-Based BCML
Model

The previous chapter introduced the fundamental concept of the Boundary Condition-Based
Machine Learning (BCML) framework and demonstrated its feasibility through the classical
lid-driven cavity problem. Building upon the experience gained from this proof-of-concept
study, the present chapter extends the BCML methodology to a practical aerospace applica-
tion involving low-altitude hypersonic re-entry flows. In the continuum flow regime (40-60
km), where the Navier-Stokes-Fourier (NSF') equations remain valid, a BCML model is de-
veloped and trained using flow-field data generated from high-fidelity CFD simulations. The
capability of the proposed framework is subsequently assessed for unseen flow conditions and
geometries, thereby establishing the potential applicability of BCML to practical hypersonic

flow prediction problems.

4.1 BCML Framework for Frozen Flows

4.1.1 Algorithm

The objective is to develop a BCML model that can predict the flow field across a broader
range of flow conditions and for arbitrary geometries not included in the training data. The
first BCML model was developed for laminar, supersonic flows under frozen conditions, and
for two-dimensional external flows over an arbitrarily shaped bluff body or a re-entry body
at lower altitudes where the continuum assumption is valid, trained on data generated using
an NSF-based solver.

The BCML model predicts the flow field at any point in the domain using the generator
length as a weight, and the corresponding boundary conditions for pressure, temperature, and
the two velocity components (tangential and normal) form the neural network’s input layer.
For the low-altitude NSF-based BCML model, only Dirichlet and Neumann boundary types

are used, which are sufficient to represent freestream, far-field, and constant-temperature
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wall conditions in 2D supersonic re-entry flows. For each generator, eight boundary inputs
are provided: pressure, temperature, and the two velocity components for both Dirichlet and
Neumann types. For constant-temperature walls and freestream boundaries, the Neumann
terms are set to zero, and the Dirichlet values are normalised. For far-field and zero-gradient
boundaries, the Dirichlet terms are set to zero and the Neumann terms to unity. The final
pressure, temperature, and velocity at a point are then obtained from the output layer of
the BCML network and compared with those obtained from the in-house FVM-based NSF

solver.
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Figure 4.1: Flowchart of the Boundary Condition-based Machine Learning model for low
altitude.

Figure 4.1 outlines the BCML workflow, which comprises a deep neural network (DNN)
and subsequent post-processing modules. The DNN input layer contains the length function
and eight boundary-condition inputs for each generator, giving an (1+4+4) x N = 9N-node
input layer for an Sy BCML model, followed by several hidden layers and a four-node
output layer. The model can predict flow quantities at arbitrary points or at cell centres of a
structured or unstructured grid; the latter is more practical since the training data come

from a cell-centred FVM solver.

Although the BCML-predicted flow field closely matched the FVM results, minor unphys-
ical gradations appeared when fewer than 32 generators were used, and increasing the angular
resolution greatly enlarged the required training data. A compromise using sixteen generators
with dedicated post-processing was found to be effective. In addition to point-wise flow

prediction using the neural network, the BCML framework also incorporates reconstruction

TH-4100_206103020 40



and post-processing stages required for obtaining physically interpretable flow quantities.
These stages include contour-field reconstruction, stagnation-line extraction, shock stand-off
distance estimation, and evaluation of derived thermophysical properties for subsequent
CFD/DSMC-assisted applications. The BCML model accurately captured the bow shock,
which was further refined by identifying high-gradient points and fitting a polynomial shock
profile, yielding excellent agreement with the FVM solution. Since the pre-shock region
must match freestream conditions in supersonic flow, the upstream BCML predictions were
corrected accordingly to maintain consistency with the Rankine-Hugoniot conditions. Fi-
nally, the BCML flow field was used as initial conditions for a short FVM relaxation step
(~100 iterations), which smoothened the downstream region at negligible computational
cost compared to a full CFD run. Together, these steps ensure that the BCML-generated

solutions are physically consistent, smooth, and compliant with conservation laws.

4.1.2 Data Generation and Training ML Model

A diverse and extensive database is the most crucial aspect for training the DNN component
of the BCML algorithm.The BCML model is implemented in Python using the TensorFlow
deep learning framework with the Keras high-level API. The in-house FVM code is used to
simulate supersonic flow in a discretised domain containing a unit-sized bluff body, as shown
in Figure 4.2. The idea is to generate a database for only two types of bluff bodies: a square
body of unit dimension and a circular body of unit diameter. Figure 4.2 shows a domain
of 13 mx9 m that contains a square bluff body-centred at (4.5 m, 4.5 m). The supersonic
flow enters from the left boundary, and the remaining domain boundaries are Neumann-type.
Instead of changing the direction of the flow at the inlet, the bluff body is rotated about its
centre to include the effect of the angle of attack. The surface of the bluff body is assumed
to be at a constant temperature. Further, for simplicity, it is assumed that the flow does not

slip at the bluff body surface.

Firstly, the BCML model for low altitudes (40-60 km) at frozen conditions was developed
and used to predict the flow field for two-dimensional, supersonic external flow over a re-entry
vehicle. The training data cover a range of Mach numbers (Ma = 2-8) and altitudes (40-60
km). Since this altitude range lies well within the continuum regime, the Navier-Stokes (NS)
equations were solved using the finite volume method (FVM) to generate the training dataset.
To focus on testing the practicality and feasibility of the BCML concept, chemical reactions
were neglected, and the single-temperature NSF formulation was assumed sufficient. The
viscous stress tensor and heat flux vector in viscous flux vectors are handled using first-order
approximations with the Stokes assumption. Inviscid terms are handled by employing the
HLLC approximate Riemann solver, and the viscous terms are handled using the central

difference scheme. Additionally, Sutherland’s law for viscosity, along with Eucken’s relation
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for thermal conductivity using air as the gas medium, is employed in the FVM simulations.

The supersonic inlet boundary condition was varied across Mach numbers (Ma =
2,3,4,5,6,7,8]) at each altitude. Re-entry vehicles typically travel at an angle of attack
(AoA), which was incorporated by rotating the square-shaped bluff body about its centre
(AoA = [0°,15°,30°,45°]). The wall temperature was also varied (Ty.n = [300 K, 650 K,
1000 K]) to account for thermal effects on the flow physics. In total, 5 altitudes x 7 Mach
numbers x 4 AoA x 3 wall temperatures resulted in 420 simulations for the square bluff
body, which were used to construct the database for the DNN component of the BCML

model. The corresponding ambient conditions were tabulated in Table 4.1.

Table 4.1: Ambient conditions employed in the low-altitude NSF simulations

Altitude  Density Pressure  Temperature

(km) (kg/m?) (Pa) (K)

40 3.860 x 1073 270.704  245.127

45 1.900 x 10~2 138.103  256.500

50 9.960 x 10~* 76.104 256.460

55 5.143 x 10~*  36.558 248.400

60 2.700 x 10~  18.385 237.700
Zero Gradient
13m

Zero
Gradient

Vertical line

Constant Wall Zero Gradient
Temperature

Figure 4.2: Schematic of computational domain of external flow around a square bluff body
and boundary conditions.

A preliminary DNN model was trained using this database, and it was observed that
the model could not handle the curvature of re-entry vehicles, evident from a large de-
viation between the BCML flow fields and those calculated by the FVM solver. To this

end, supersonic flow past a unit-diameter circle was added to the database. The boundary
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conditions (pressure, temperature, and velocity at the supersonic inlet, and wall temperature
on the bluff body surface) used in such simulations were randomly sampled between the
corresponding extrema. A total of 80 simulations were performed for the circular cylinder to
generate a sufficiently diverse database covering the freestream conditions corresponding to
the altitude range of 40-60 km. These simulations were sampled over different combinations
of ambient conditions and wall boundary conditions to ensure adequate coverage of the
training space while maintaining a computationally feasible database for the preliminary
BCML model. The resulting database was found to be sufficient for achieving stable training
and satisfactory predictive performance for simple bluff-body geometries. A total of 500
Navier—Stokes—based CFD simulations were performed to develop the low-altitude BCML
model using a Fortran-based parallelised solver. All simulations were executed on 48 proces-
sors utilising the high-performance supercomputing facilities available at the Indian Institute

of Technology Guwahati.

Designing a DNN model requires optimising the number of hidden layers and the num-
ber of neurons per layer, and choosing an appropriate non-linear activation function (oy).
The current work employs the rectified linear unit function [ReLU (rectified linear unit)
= maz(0,z)] as the activation function. It is known to train the network much faster,
especially for regression problems. The weights and biases of the DNN are calculated using
error back-propagation algorithms. A stochastic gradient descent optimiser is used to update
the weights and biases. The optimisation is performed to minimise the mean square error
(MSE). For the Sis low altitude BCML model employing exzp(—24/s) distance function,
the optimised DNN model consists of one hidden layer with 16 nodes, followed by three
hidden layers with 256 nodes in each hidden layer and finally, the output layer with four nodes.

Table 4.2: Optimised statistics after hyper-parameter analysis for various length functions
for an S14 BCML model

Function BCML model Epochs Batch size Accuracy (%) Loss (MSE)
e ® 144,16, 256, 256, 4 500 512 96.682 0.568
e=2s 144,16, 256, 256, 256, 4 200 512 96.746 0.627
e=055 144 16,256,256,256,4 500 512 96.185 0.709
e’ 144, 16, 256, 256, 4 500 512 96.746 0.627
e=25 144,16, 256, 256,256,4 150 512 95.265 0.741
e=05VE  144.16,256,256,256,4 500 512 95.755 0.598
e 2Vs 144,16, 256, 256, 256, 4 500 512 96.899 0.271
(1/y/3)  144,16,256,256,256,4 200 512 96.332 0.519
(1/s) 144,16, 256, 256,256,4 200 512 95.380 0.230
(1/s) 144,16,256,256,256,4 500 512 96.130 0.488

Generators are drawn from the cell centres of each cell in the domain. To find the length
of the generator from the point of origin to a boundary, the ray-tracing algorithm was used

to trace the motion of a fictitious particle with the cell centre as its starting point, with
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velocity components at various angles, depending on the chosen number of generators. In
the case of the Sig model, 16 points originating from the centre of a cell, with each assigned
horizontal and vertical component of velocity with the unit speed at incremental angles of
27 /16 starting from zero around the 27 planar angle. The generality of such a ray-tracing
algorithm can easily be extended to handle simulations with unstructured meshes. The
length function for all generators, along with the appropriate boundary conditions at the end
of the generators, forms a single data point at the inlet layer of the DNN component of the
BCML module. The normalised pressure, temperature, and velocity components from the
converged FVM simulations form the data point at the final layer of the DNN. The domain
for the square-shaped bluff body is discretised using a structured mesh, and each simulation
is performed on 104400 cells. A single simulation will yield 104400 training data points.
Therefore, the total number of data samples generated is reportedly 0.5 billion, which is a
considerably large database. In the present work, an S;g BCML model with 144 nodes in the
input layer has been developed. This necessitates training the DNN on a large dataset, as
the 144-dimensional phase space must be covered for accurate prediction. In fact, choosing
the combinations of ambient conditions, inlet speed, angle of attack, and wall temperatures

considerably reduces the span of this high-dimensional phase space.

It is known that the output of a j* neuron in the {*" layer is given by

N(=1)
B I -1 ]
a; = oy E wigay,  +b; (4.1)
k=1

where 0, denotes the nonlinear activation function, w;; denotes the weight connecting k%
neuron of the previous layer to the j* neuron in the current layer, bé» is the bias of the neuron.
In the case of the first hidden layer, afl is the input provided to the neural network. In
this way, obtaining the output of each neuron from the given input is called a feed-forward
operation. Designing a DNN model requires optimising the number of hidden layers, the
number of neurons in each layer, and the non-linear activation function (o;). In the current
work, the rectified linear unit function [ReLU = maz(0,x)] is chosen as the activation
function. It is known to train the network much faster, especially for regression problems [98].
The weights and biases of the DNN are calculated using error back-propagation algorithms
[99, 100]. A stochastic gradient descent optimiser is used to update the weights and biases.

The optimisation is performed to minimise the mean square error (MSE).

The Mean Squared Error (MSE) measures the average of the squared differences between

the predicted and reference values and is given by

1 N

MSE = — > wi— ), (4.2)

=1
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where N is the total number of samples, y; is the reference (target) value, and ¢; is the
corresponding value predicted by the neural network. Owing to the squaring operation, MSE
assigns a larger penalty to larger prediction errors.

The Mean Absolute Error (MAE) represents the average absolute difference between the

predicted and reference values and is expressed as

N
1
N 2l (4.3)

Unlike MSE, the MAE provides a direct measure of the average prediction error and is
less sensitive to outliers. Lower values of both MSE and MAE indicate better predictive

performance and convergence of the trained neural network.

The DNN component’s design was heuristically modified to obtain the optimised model.
In addition to the choice of the number of hidden layers and the number of neurons per layer,
selecting an appropriate length function to model the effect of each generator’s boundary
condition on a point is critical. It is to be noted that the length of the generator has an inverse
relation with the weight a boundary condition has on a point in the domain. Additionally, if
the boundary condition is far away, the weight should be negligible. This ensures that the
model predicts flow features that are independent of the domain size. This effect is handled
by testing a wide range of exponentially decaying and inverse functions as listed in Table
4.2. The second column indicates the number of neurons in each layer, from the input to the
output layer, including intermediate hidden layers. The final DNN model design, along with
the optimised number of epochs and batch sizes for each length function, is also tabulated.
Finally, it was concluded that exp(—2+/x) was the most accurate model, as evidenced by
the loss and accuracy results in Table 4.2. With the S;3 BCML model with exp(—2+/s),
the optimised DNN model consists of input layer with 144 nodes, followed by three hidden
layers with 256 nodes in each hidden layer, and finally, the output layer with four nodes.
The optimised number of Epochs and batch size are 500 and 512, respectively, whereas the
MSE loss and accuracy are 0.27134 and 96.8994%, respectively.

4.1.3 Flow Field Prediction for Simple Geometries

The first test case considers a Mach 6 flow at ambient conditions, corresponding to an altitude
of 57.5 km. The bluff body shape chosen for the first test was a simple circular cylinder
geometry at a constant surface temperature of 750 K. Even though the shape of the bluff
body is simple, it should be noted that the flow field data estimated using the FVM solver
at the given inlet and wall boundary conditions are not included in the training data for
the Si¢ BCML model. Figure 4.3 compares flow field contour plots of pressure, temperature,
and the two components of velocity generated from the BCML model and those obtained

from the FVM solver. It can be observed that, qualitatively, the wave features observed in
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Figure 4.3: Comparison of flow field contour plots (a) translational temperature, b) pressure,
¢) u-velocity, and d) v-velocity predicted by the S BCML model and obtained from the
FVM solver for Mach 6 flow over a circular cylinder at 57.5 km with 7T,,,; = 750 K

the flow field generated from the BCML model are similar to those observed in the contour

plots generated by the FVM solver.

The BCML model accurately captures the shock front, particularly in regions near the
bluff body. However, it must be pointed out that the shock front obtained from the BCML
away from the bluff body and near the far-field boundaries loses its profile and is less accurate
than that predicted by the FVM solver. Additionally, the accuracy of the shock profile
is better for temperature and U-velocity than for pressure and V-velocity, as shown in
Figure 4.3. The contour plots of the horizontal and vertical components of the velocity also
show that the flow field reconstruction by the BCML model in the recirculation zone in
the wake region of the bluff body matches well with those predicted by the FVM solver.
Furthermore, the BCML model accurately captures features such as the viscous boundary
layer, Prandtl-Meyer expansion, and recompression shocks. However, the BCML model does

not accurately capture the viscous core and free shear layer.
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Figure 4.4: Comparison of S;4 BCML model and FVM solver predictions for flow field
properties (temperature, pressure, and u-velocity) along the stagnation line for Mach 6 flow
over a circular cylinder at 57.5 km.

Generally, capturing the shock front is crucial for studying supersonic external flows. The
shock stand-off distance from the BCML model was 0.354 m from the stagnation point. In
comparison, the shock stand-off distance obtained from the FVM simulation was 0.351 m.
The comparison of the shock front profile and the shock strength obtained from the two
models is shown in the centreline plot in Figure 4.4. The horizontal axis marks the distance
along the stagnation line, with zero representing the stagnation point on the bluff body.
Again, the shock stand-off distances predicted from the BCML model match those obtained
from the FVM simulation. The peak temperature in the post-shock region predicted by
the BCML model is 1942.5 K, which is about 8.7% higher than that obtained from the
FVM simulation (1786 K). In contrast to the temperature plots, the peak pressure in the
post-shock region predicted by the BCML model is about 1184.22 Pa, which is about 5.25%
higher than that obtained from the FVM simulation (1125.12 Pa).

Table 4.3: Initial and boundary conditions for validation cases along with L, norm errors.

Geometry Pressure (Pa) Temp (K) AOA Inlet Velocity (m/s) Twani (K)  Perror Terror

Circle 26.157 245.12 0° 1862.502 750 5.737% 1.288%
Square 50.344 252.8 22° 1278.419 550 3.387% 1.001%
Fire-II 28.138 254.00 0° 1597.319 1000 7.697% 1.917%

The objective is to estimate the flow field quickly using the new BCML model. The
computational time required for the MPI-parallelised FVM Fortran code to obtain converged
flow-field results is around 6 CPU hours on an Intel Xeon workstation, using 24 threads,
after a total of 34740 iterations. In contrast, the Python-based BCML code predicts the flow

field results with reasonable accuracy in less than 5 s. This results in a practical speed-up of
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Figure 4.5: Comparison of flow field contour plots (a) translational temperature, b) pressure,
¢) u-velocity, and d) v-velocity predicted by the S; BCML model and obtained from the
FVM solver for Mach 6 flow over a square cylinder at 52.6 km with T),,; = 550 K

more than 4000 for the BCML model over the traditional FVM solver.

The second test case considers Mach 4 airflow over a square cylinder at a 22° angle of at-
tack, with ambient conditions corresponding to an altitude of 52.6 km. The wall temperature
on the square bluff body was assumed to be 550 K. Again, the inlet and wall conditions used
for the test case were not used to train the BCML model. Figure 4.6 shows the centreline
plots of various properties in front of the square cylinder. The corresponding contour plot has
also been depicted in Figure 4.5. Again, it is clear that the shock stand-off distance predicted
by the BCML model closely agrees with that estimated by the FVM solver. Additionally,
the peak temperature indicated by the BCML model is within 5% accuracy compared to
the peak temperature obtained from the FVM solver, which is even better than what was

obtained in the first case.

Figure 4.7 shows the contour plot of the relative error for temperature between the BCML

TH-4100_206103020 48



YN N N N N N N N N\

1000 - r 1200

- 1000

- 1000

800

—— Pressure CFD 800

= 74 2
e O Pressure BCML o £
o 6007 — Temperature CFD 2 >
© =
E O Temperature BCML 5 [600 9
v —— U Velocity CFD - 600 g v
Q. . (]

1 =)

4009 ¢ U Velocity BCML F L aoo

- 400 -
200 1 200

-0.8 -0.7 -0.6 -0.5 -0.4 -0.3 -0.2 -0.1 0.0
Distance from Stagnation Point (m)

Figure 4.6: Comparison of S;4 BCML model and FVM solver predictions for flow field
properties (temperature, pressure, and u-velocity) along the stagnation line for Mach 4 flow
over a square cylinder inclined at 22° at 52.6 km.

model and the FVM solver. The contour plots of the error indicate that the BCML model
predicts the temperature flow field quite accurately. The error in the flow field predicted by
the BCML model is higher at a few discrete points at the edge of the bow shock and in the
wake region far downstream from the bluff body, and can be ignored for analysis. The Lo
norm for the entire domain was found to be less than 1% for temperature and less than 4%

for pressure. The error norms for all the test and validation cases are tabulated in Table 4.3.

4.1.4 Flow Field Prediction for re-entry Vehicles

The aim is to develop a machine learning-based model to predict the flow field around
an arbitrarily shaped bluff body that is not included in the training data. The previous
section assesses the validity of the BCML model for gas flows around bluff bodies included
in the training data under various flow conditions. The next step is to analyse the BCML
model’s performance in predicting the flow field around an arbitrarily shaped bluff body
under arbitrary flow conditions. The next validation case considers a Mach 5 flow around a
FIRE-IT (Flight Investigation of re-entry Environment-II) re-entry vehicle at an altitude of
59.26 km [101]. The surface temperature of the FIRE-II re-entry vehicle is assumed to be
1000 K. The FIRE-IT geometry is scaled down in such a manner that the diameter of the

nose is of unit dimension.

Figures 4.9 and 4.8 show a comparison of the contour plots showing the flow field and the
line plots of various properties along the stagnation line estimated by the BCML model with
those predicted by the FVM solver, respectively. Again, the line and contour plots show that
the shock stand-off distance predicted by the two methods is in close agreement. Although
the shock profile obtained from the BCML model qualitatively matches that predicted by
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Figure 4.8: Variation of flow field properties (temperature, pressure, and u-velocity)
predicted by the S;¢ BCML model and obtained from the FVM solver along the stagnation
line for Mach 5 flow over the FIRE-II re-entry vehicle at 59.26 km with T,,,; = 1000 K.

the FVM solver, the shock front exhibits aberrations at distances away from the re-entry
geometry, suggesting shortcomings in the BCML model. However, it must be noted that
the re-entry geometry is in sharp contrast to the simplistic bluff-body shapes (circular and
square cylinders) considered in training the machine learning model. As more data for the

hypersonic flow over bluff bodies are available, the model’s accuracy will improve, and the
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Figure 4.9: Comparison of flow field contour plots (a) translational temperature, b) pressure,
¢) u-velocity, and d) v-velocity predicted by the S BCML model and obtained from the
FVM solver for Mach 5 flow over FIRE-II re-entry vehicle at 59.26 km with T,,,; = 1000 K

flow field prediction will be closer to those obtained from the FVM solver.

4.2 BCML Framework for Chemical Reacting Flows

4.2.1 Algorithm

Once the BCML algorithm for lower altitudes was developed at frozen conditions, the natural
progression was to extend the framework to account for chemical non-equilibrium effects.
At higher Mach numbers, the temperatures in the shock and post-shock regions are high
(> 10® K) enough for nitrogen and oxygen bonds to break. The assumption of frozen chem-
istry is insufficient because chemical reactions (dissociation, recombination, and exchange)
significantly change the flow physics. Therefore, employing chemical reaction models is
essential for accurately predicting flow fields in hypersonic conditions. Including chemical

reactions requires adding species equations to the set of governing equations, expressed in
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terms of concentrations or mole fractions. Unlike frozen-flow simulations, species equations
are governed by reaction kinetics. The mole fractions directly influence mixture properties

such as specific heats, gas constant, viscosity, thermal conductivity, and relaxation rates.

Rather than adding mole fractions directly to the input and output layers of the BCML
framework, a decoupled strategy was preferred. In this approach, the BCML DNN model
is first employed to predict the flow field, followed by a separate neural network, termed
ChemDNN, that predicts the species mole fractions. The ChemDNN model takes the
flow field predicted by the BCML DNN as input and predicts species distributions. This
decoupled approach offers several advantages. First, it preserves the structure of the original
BCML model. Second, it reduces the dimensionality of the BCML model. The combined
BCML-ChemDNN framework applies to low-altitude hypersonic flows. It will serve as a test
model for the BCML framework for higher-altitude hypersonic flows, where thermochemical

non-equilibrium effects are more significant.

4.2.2 Data Generation and Training ML Models

Since the objective is to test the feasibility of the combined and decoupled BCML-ChemDNN
framework, flow-field data are generated for Stardust re-entry vehicle geometry only, across
a wide range of atmospheric conditions corresponding to altitudes between 40 km and 58 km
(40, 45, 50, 55, and 58 km) and freestream velocities from 3.5 km/s to 12 km/s. The flow field
is generated using the OpenFOAM-based hy2Foam solver [102] for an 5-species air chemistry
model (Ny, Oy, N, O, NO). A total of 29 simulations are performed, corresponding to
approximately 8.8 million training data samples for BCML. An unstructured mesh consisting
of approximately 30,393 cells was used. The mesh quality assessment indicates a maximum
non-orthogonality of 58.97°, an average non-orthogonality of 11.48°, and a maximum skew-
ness of 0.85, confirming that the computational mesh is suitable for accurate numerical
simulations. Although the physical problem is two-dimensional, the simulations employ a
one-cell-thick three-dimensional computational domain, which is the standard implementation

in OpenFOAM. Table 4.4 lists the hy2Foam models employed for the current set of simulations.

After the training data has been generated, the BCML algorithm is trained as follows for
the frozen flow condition. Various DNN architectures were tested, and it was found that
an input layer followed by four hidden layers with 128 nodes per layer achieved reasonable
accuracy and minimal after approximately 200 epochs of training. Figure 4.10 shows the
evolution of training and validation loss with epochs, in terms of mean square error (MSE) for
the loss function and mean absolute error (MAE) for the S;4 BCML model, showing smooth
convergence and stable performance. The final training and validation losses stabilised at
0.086401 and 0.135345, respectively. The total training time was also in the order of a few
minutes (~ 5 min). The output layer of the BCML model, which are the flow field properties,
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Table 4.4: Chemical reaction parameters incorporated in the hy2Foam solver for the
Stardust simulations

Parameter Specification

Solver hy2Foam

Gas model 5-species air chemistry model
Chemistry model Park (1993) [103]

Thermal model Non-equilibrium, two-temperature
Transport and thermophysical properties Blottner-Eucken model
Mixing rule Armaly and Sutton

Diffusion model Modified Fick’s law

Thermal energy exchange V-T exchange: Millikan-White
Turbulence None

Wall boundary condition Non-catalytic wall

serves as the input properties for the ChemDNN model. Here, a total of 5 molecular species
were considered as output parameters (No, Oo, N, O, NO). The optimised ChemDNN model

is shown in the Figure 4.11, enabling smooth convergence and stable performance.

For chemically reacting hypersonic flows, the ChemDNN model employs the flow pressure,
translational temperature (in Chapter 4), rotational and vibrational temperature, and the
local flow speed as input parameters. The flow speed is defined as the magnitude of the

velocity vector,

u? + v2 + w?, (4.4)

where u, v, and w denote the velocity components in the three Cartesian directions. The
resultant speed is included as an independent input because it represents the translational
kinetic energy of the incoming flow. During hypersonic atmospheric re-entry, a significant
fraction of this kinetic energy is converted into internal energy across the strong bow shock,
resulting in elevated gas temperatures, thermochemical non-equilibrium, and molecular
dissociation. Consequently, the local flow speed plays an important role in determining the

species composition and improves the predictive capability of the ChemDNN model.
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ChemDNN model.

4.2.3 Flow Field Prediction using BCML Model

The test case examines a 10 km/s flow under ambient conditions corresponding to an altitude

of 52.37 km, with a Stardust geometry. Figure 4.12 presents the variation of properties

along the stagnation/baseline of Stardust geometry. The peak vibrational temperature
in the post-shock region predicted by the BCML model is 5025.27 K, which is approxi-
mately 3.62% lower than the non-equilibrium NSF prediction. It should be noted that the
BCML model predicts the entire flow field in less than 10 s, which is much faster than

non-equilibrium NSF simulations, which take around 52 hours on a 12-core CPU work-

station. The BCML model’s accuracy is reasonable, especially given its ability to handle

re-entry geometries. The corresponding contour plot for all properties is shown in Figure 4.13.
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Figure 4.12: Variation of flow field properties (vibrational temperature and u-velocity)
predicted by the BCML model and obtained from the hy2Foam solver along the stagnation
line for 10 km/s flow over a Stardust Geometry at 52.37 km with T,,,. = 800 K.

4.2.4 Mole Fractions Prediction using ChemDNN Model

The primary objective of this study is to assess the ChemDNN model’s predictive performance
independently. For this purpose, the model is evaluated using flow-field data directly obtained
from NSF simulations, and the resulting predictions are systematically compared with the
corresponding NSF reference solutions. This methodology enables an unbiased evaluation of
the ChemDNN model by decoupling the chemistry prediction from the BCML-based flow-field
estimation, thereby ensuring that the reported accuracy reflects the intrinsic capability of

the ChemDNN framework.

Figure 4.14 shows the variation of mole fractions of various species along the stagnation
line for a freestream velocity of 10 km/s flow over a Stardust geometry at atmospheric
conditions corresponding to 52.37 km altitude. The flow consists of molecular Nitrogen (Ng)
and Oxygen (O,) in the pre-shock region, with mole fractions close to their freestream values.
In the shock and post-shock regions, dissociation of molecular species becomes significant
due to the high temperatures, leading to increased mole fractions of atomic nitrogen (N) and
Oxygen (O). This is accompanied by the formation of small amounts of nitric oxide (NO)
species through the exchange reactions. The mole fractions of the fifth species (xyo) can be
determined from the unity constraint of the mole fractions. It can be observed from Fig. 4.14
that an excellent agreement is observed for all species. The corresponding mole fractions

contour plot for all five species is shown in Figure 4.16.

Similarly, Figure 4.15 presents the variation of different reacting species along the stag-

nation line for a freestream velocity of 8.25 km/s flow over a Stardust geometry, under
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Figure 4.13: Comparison of flow field contour plots (a) pressure, b) translational
temperature, c) vibrational temperature and d) velocity magnitude predicted by the Sig
BCML model and obtained from the CFD (hy2Foam solver) for 10 km/s flow over Stardust
geometry at 52.37 km with T,,,. = 800 K.

atmospheric conditions corresponding to 56.5 km. Again, excellent agreement is obtained
for all species, and the corresponding L, norm errors are listed in Table 4.5. Overall, this

validation demonstrates that the ChemDNN model can accurately predict mole fractions
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Figure 4.14: Comparison of mole fractions of various species along the stagnation line from
the ChemDNN model and CFD simulation for 10 km/s flow at 52.37 km altitude with
Teone = 800 K.
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Figure 4.15: Comparison of mole fractions of various species along the stagnation line from
the ChemDNN model and CFD simulation for 8.25 km/s flow at 56.5 km altitude with
Teone = 800 K.

within the domain.
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Figure 4.16: Comparison of mole fractions contour plots of species (a) Ny (b) Oa, (c¢) NO,
(d) N and (e) O predicted by the ChemDNN (CFD-DNN) model and the CFD simulation (
hy2Foam solver) for 10 km/s flow over a circular cylinder at 52.37 km with 7,,. =800 K.
Table 4.5: Initial and boundary conditions for validation cases for testing the ChemDNN
model, along with error analysis.

Parameter Altitude = 52.37 km  Altitude = 56.5 km
Pressure (Pa) 44.822 25.492
Temperature (K) 252.71 245.37
Inlet Velocity (km/s) 10.0 8.250
Ly error (Na) 0.074% 0.049%
Ly error (O2) 0.184% 0.180%
Ly error (N) 1.016% 1.451%
Ly error (O) 1.291% 2.045%
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Chapter 5

High-Altitude DSMC-Based BCML
Model

The BCML framework was initially developed for low-altitude conditions using flow-field data
from the in-house hy2Foam NSF solver. As pointed out in previous chapters, the continuum
assumption remains valid, and thermodynamic equilibrium is reasonably satisfied at lower
altitudes. The applicability of the BCML framework was then extended to higher altitudes,
where the flow transitions into the rarefied regime. Under these conditions, rarefaction effects
and thermodynamic non-equilibrium become significant because the continuum assumption
breaks down. In such cases, the direct simulation Monte Carlo (DSMC) method is used to

study the flow physics.

5.1 Algorithm

The overall concept of the BCML algorithm remains unchanged. One of the challenging
aspects from a data-generation perspective is the computational cost of DSMC simulations.
A typical DSMC simulation with ambient conditions corresponding to an altitude of 72
km, using approximately 10° cells, required a runtime of the order of 10> CPU hours on
a parallel workstation to achieve reasonably scatter-free results. It was found that the
computational cost was at least 10-100 times higher than that of the NSF simulations used to
generate data for the low-altitude BCML model. The increased computational cost limited
the number of simulations that could be run for the high-altitude DSMC-based BCML model
relative to the previous one. The high dimensionality in the low-altitude BCML model (144
inputs for the S model) was reduced to ensure that the training of the new high-altitude
BCML model is sufficient. Unlike the low-altitude BCML model, the number of parameters
describing boundary conditions was reduced to only 4 per generator, resulting in a total of
80 inputs (16 x (4 + 1)). Instead of considering the boundaries as Dirichlet or Neumann,
these were treated as either far-field or wall boundaries. The generators emanating from
a point in the domain either intersect the re-entry geometry or the outer boundary of the

domain. The latter are treated as far-field boundary conditions, with the ambient pressure,
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ambient temperature, and flow velocities resolved into normal and tangential components
serving as the boundary-condition parameters. In the case of generators intersecting the
re-entry geometry, the post-shock pressure, calculated using the Rankine-Hugoniot relations
for frozen conditions, the surface temperature, and zero speed in both the normal and
tangential directions, constitutes the four input parameters. In this way, each generator
is characterised by five parameters rather than the nine used in the development of the
low-altitude NSF-based BCML framework.

. BCML Model | | Chem-DNN Model .
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Figure 5.1: Flowchart of the high-altitude DSMC-based BCML and ChemDNN model.

The hypersonic flows at these high altitudes generally have a high degree of non-
equilibrium, and it is not possible to ignore the multi-temperature effects. The DSMC
simulations predict three temperatures corresponding to translational, rotational, and vibra-
tional modes of energy. The DSMC method can capture thermodynamic non-equilibrium
by including collision models for inelastic energy exchange. The new DSMC-based BCML
model can predict flow fields across all three temperature modes. In total, six outputs:
pressure, three temperatures, and two velocity components, are predicted by the new BCML
model for high altitude simulations. The boundary conditions at the far field and re-entry
surface are assumed to be in equilibrium, thereby allowing the three temperature modes to

be characterised by a single temperature as an input parameter.

Another feature of the high-altitude DSMC-based BCML framework is the inclusion
of chemical reactions. A gas in a realistic hypersonic re-entry flow undergoes dissociation
across the shock wave. In the current model, 5-species air chemistry is employed in the
DSMC simulations. For flows at very high Mach numbers (Ma > 15), accurate modelling
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requires accounting for ionisation reactions and electron transport; however, these effects
are not included in the current study. As discussed in the previous chapter, one option was
to include mole fractions or number density as additional outputs from the BCML model.
However, this would require additional parameters per generator as inputs to the BCML
model for each of the species. Instead, a separate DNN model, again referred to as the
ChemDNN model, was trained using the three temperatures, pressure, and speed in each
cell as inputs, with four of the five species comprising the output layer. The mole fractions
of the fifth species (xnyo) can be determined from the unity constraint of the mole fractions.
The difference between the ChemDNN models for low and high altitudes is the number of
temperature inputs. In the low-altitude BCML model, trans-rotational and vibro-electronic
temperatures were used, whereas in the high-altitude models, translational, rotational, and
vibrational temperatures are employed. The three temperatures and the speed represent the
thermal energy, internal energy (both rotational and vibrational modes), and kinetic energy,
respectively. In addition to these energy terms, pressure influences the collision frequency
and is therefore included as an input parameter in the ChemDNN architecture. The outputs
generated by the BCML and ChemDNN frameworks are further post-processed to reconstruct
thermophysical-property contours, species mole-fraction distributions, stagnation-line profiles,
and surface-property variations for comparison with DSMC simulations. Figure 5.1 shows
the overall DNN framework, where the BCML model predicts thermophysical properties,

which are then used as inputs to the ChemDNN model to estimate mole fractions.

5.2 Data Generation and Training ML Models

The BCML model was now extended for rarefied hypersonic flows [104] for a wide range
of re-entry speeds (Ma € [8,35]) and altitudes (€ 60-84 km) using training data generated
using the in-house DSMC code. The objective of the current work is to accelerate direct sim-
ulation Monte Carlo (DSMC) computations by generating optimised meshes using Delaunay
triangulation and adaptive mesh refinement based on flow-field predictions from the BCML
model at higher altitudes. Towards this, a new BCML model is reported to predict the local
mean free path in the flow domain, along with other macroscopic properties around bluff
bodies, under frozen rarefied hypersonic conditions at altitudes ranging from 60 to 84 km.

The training data for the proposed BCML model are generated using an in-house DSMC code
that simulates over a broad range of ambient conditions and Mach numbers. By integrating
the newly developed high-altitude BCML model with the previously established low-altitude
NSF-based BCML framework, a unified machine learning methodology is achieved for pre-
dicting the flow field around a re-entry vehicle over nearly the entire trajectory. The DSMC
simulations encompass a diverse set of bluff-body geometries, including circular cylinders,
square cylinders at multiple angles of attack, and several arbitrarily shaped configurations.

The arbitrary geometries are constructed from random combinations of circular arcs and
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straight line segments and are inscribed within a unit-radius circle to ensure geometric
consistency. The inclusion of arbitrary geometries was done based on prior experience in
developing the low-altitude NSF-based framework. Representative examples of the selected

geometries used in the DSMC simulations are shown in Fig. 5.2.

Circle Square Random

/
N /

Figure 5.2: re-entry vehicle shapes used as bluff bodies in hypersonic flow simulation for
training data generation.

The computational domain considered is 13 m long and 9 m wide. The surface temperature
of the bluff body is assumed to be constant at 1000 K for all cases. Simulations for flow
past a square cylinder are performed under various atmospheric conditions corresponding
to altitudes ranging from 60 km to 84 km (i.e., 60, 66, 72, 78, and 84 km) and Mach
numbers ranging from 8 to 35 (i.e., 8, 15, 25, and 35) using the DSMC method. Table 5.1
summarises the altitude-dependent ambient pressure, temperature, and composition data
[65]. The present study considers four different angles of attack: 0°, 15°, 30°, and 45° for
the square bluff body. For each fixed angle of attack, simulations are conducted for 20
flow conditions corresponding to four Mach numbers at five altitudes. Consequently, 80
simulations are performed for the square geometry. In simulations of circular cylinders and
arbitrarily shaped geometries, atmospheric conditions and Mach numbers were randomly
sampled within the specified maximum and minimum bounds. A total of 36 circular cylinder
geometry simulations are performed. To ensure the model’s generalizability, 38 additional
simulations with arbitrarily shaped geometries are included in the training data, bringing
the total to 154. The term “arbitrarily shaped geometry” refers to geometries constructed
from random combinations of circular arcs and straight-line segments, inscribed within
a unit-radius circle. In total, 18.724 million cell data have been generated for all three
geometrical bluff bodies with a total computational cost of approximately 0.17 million CPU

hours on an Intel Xeon workstation.

The physical and chemical models employed in the DSMC simulations are summarised as
follows. The DSMC solver employs 5-species air chemistry model consisting of Ny, O, O, N,

and NO. The collision dynamics for each of the species are handled using the variable hard
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Table 5.1: Ambient conditions at various altitudes for High Altitude DSMC-based

simulations
Altitude Tso Poo P XN, Xo,
(km) (K) (kg/m?) (Pa)
60 235 2.091 x 10~% 14.109 0.794 0.206

66 283.7 1543 x 10~* 12.566 0.762 0.237
72 2279 8.048 x 107° 5264 0.762 0.237
78 194.3 3.273x107° 1.825 0.762 0.237
84 1829 1.149 x 1075  0.603 0.762 0.237

Prepare the BCML

input file from the
mesh and boundary Start
conditions

S, BCML
8<Ma<15 ——» Predict Flowfield

(P, Ttrans' Trot' Tvib' )
S, BCML

15<Ma<25 —>»

v

chempnn | Predict Molefraction _
(P, Ttrans' Trot’ TViU |U|)

predict Flowfield chempnn  Predict Molefraction .
(AT > (Xn2-Xo2:XnXo-Xno) USing
R (P, Ttrans' Trot’ Tvib’ 1ul)

Predict Molefraction
*165M predict Flowfield ChemDNN_ aa Ko Yoy Xo o) USING
25<Ma<35 —>» (p, Ttrans' Trot' Tvib' U) _— N2 2'AN NO
(p, Ttrans' Trot' Tvib' |U|)

SurfPropDNN

P Predict Surface Properties
Stop < (Chlcplcf)

A

Figure 5.3: Workflow illustrating the procedure for obtaining flow /surface properties for
hypersonic flows at rarefied conditions.

sphere (VHS) collision model, characterised by the standard reference diameter, reference
temperature, and temperature exponent (w) parameters [14], which capture the temperature
dependence of the molecular collision cross-section. Internal energy exchange processes are
modelled through constant rotational and vibrational relaxation parameters. For diatomic
molecules (Ng, Oo, and NO), two rotational degrees of freedom are assigned with a fixed
rotational relaxation number of Z,,; = 5, while vibrational excitation is modelled using
characteristic vibrational temperatures (e.g., 3371 K for Ny, 2256 K for O, and NO) and
a constant vibrational relaxation number of Z,;, = 50. These assumptions are consistent
with routine DSMC simulations using the Larsen-Borgnakke (LB) inelastic collision model.
The reactions are modelled using the total collision energy (TCE) approach using chemical
reaction parameters tabulated in Table 5.2. The simulation employs a time step of 4 x 10~ 7s,
with approximately seven simulated particles per cell. Overall, the chosen set of collision,

reaction, and internal energy models provides a physically representative yet computationally
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efficient framework for simulating chemically reacting, non-equilibrium air flows relevant to
high-enthalpy gas dynamics and atmospheric re-entry environments. Figure 5.3 illustrates
the overall workflow for estimating the flow field and surface properties of an arbitrarily

shaped re-entry geometry.

Table 5.2: Chemical reactions and corresponding reaction rate coefficients following the
modified Arrhenius equation, k = AT" exp(—E,/(kyT)).

Reaction E, (J) A n

Ny + Ny — 2N + N, 15.67 x 1071 4.1 x 1072 —0.62
Ny + Oy — 2N + O, 15.67 x 107 1.5 x 107" —0.68
Ny + NO — 2N + NO 15.67 x 107Y 1.5 x 107 —0.68
Ny + N — 3N 15.67 x 107 1.0 x 10~ —0.68
Ny+0O = 2N +0 15.67 x 107 4.0x 1072 —0.54
O3 + Ny — 20 + Ny 8.197 x 10719 1.3 x 107 —1.00
O3 + O3 — 20 + Oy 8197 x 1071 53 x 107t —1.00
Oy +NO — 20+ NO 8197 x 10719 1.1x 10719 —1.00
Os+N =20+ N 8197 x 1071 1.1 x107'° —1.00
02 +0 — 30 8197 x 1071 1.5x 10719 —1.05
NO+Ny, > N+O+N, 10.43 x 107 2.1 x 1071  —1.00
NO+ O3 = N+ O + O, 10.43 x 10719 2.0 x 1071 —1.00
NO+ NO —- N+O+ NO 10.43 x 1071 1.0 x 1071  —1.00
NO+N—-N+O+N 10.43 x 1071  4.0x 107 —1.10
NO+O—-N+0+0 10.43 x 107 4.0x 107 —1.10
Ny +0 = NO+N 518 x 1071 8.0 x 1077  0.00
O +N = NO+O 02x1071  4.0x107" —0.39
NO+4+N = Ny +0 02x107  50x1076 —0.35
NO+O — O3+ N 218 x 10719 23 x 1071  —0.50

The flow-field data, along with surface data from the geometries, were generated using
the in-house DSMC code and used to train the ML models. Three ML models have been
trained and tested for complete hypersonic flow analysis at high-altitude conditions. These
include the BCML model, which uses the generator length from each DSMC cell as input,
along with parameters for the boundary conditions of pressure, temperature, and the two
components of velocity. Additionally, the BCML model was divided into three overlapping
DNN models based on Mach number ranges (S;s Mach 8-15, Sig Mach 15-25, and S36 Mach
25-35 BCML models) to enhance prediction accuracy. This approach improved accuracy and
reduced overall loss across each model. Various DNN architectures were tested, and it was
found that a four-layer DNN with 256 nodes per layer achieved reasonable accuracy and
minimal loss across all BCML models after approximately 500 epochs of training. Figure 5.4

shows the evolution of training and validation loss with epochs, in terms of mean square
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error (MSE) for the loss function and mean absolute error (MAE) for the Si;s Mach 25-35
BCML model, showing smooth convergence and stable performance. The final training and
validation losses stabilised at 0.00263 and 0.00297, respectively.
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Figure 5.4: Evolution of training and validation loss with epochs for the S; Mach 25-35
BCML model.
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Figure 5.5: Evolution of training and validation loss with epochs for the Mach 25-35
ChemDNN model.

The second model is also related to flow-field prediction in terms of the mole fractions of
various species. The flow properties predicted by the BCML model serve as inputs to the
second model, the ChemDNN model. The ChemDNN architecture comprises an input layer
with five nodes (pressure, three modes of temperature, and speed), three hidden layers of
128 nodes each, and a four-node output layer for the mole fractions of molecular and atomic
Nitrogen and Oxygen. The mole fraction of NO can be calculated from the summation law

of mole fractions. Similar to the BCML model training, three separate DNN models were
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trained for Mach intervals of 8-15, 15-25, and 25-35.

As shown in Fig. 5.5, the training loss values progressively decrease, indicating effective
training. It is worth noting that, as a model, ChemDNN achieves higher accuracy (approxi-
mately 99%) than the BCML model, which is trained on data for arbitrary geometric shapes.
In this way, ChemDNN is a simple DNN that maps one set of flow-field properties obtained
from DSMC simulations to another. A minimal difference between training and validation

loss (below 0.000011) indicates that the model is neither under-fitting nor over-fitting.

In addition to predicting the flow-field properties and species concentrations, a separate
deep neural network, referred to as the SurfPropDNN model, has been developed to estimate
the aerodynamic surface properties of re-entry vehicles. The objective of this model is to
directly predict engineering quantities of interest, such as the surface pressure coefficient and
heat-flux coefficient, without requiring additional post-processing of the DSMC solution. A

detailed discussion of this is presented later in this chapter, as illustrated in Figure 5.20.

Finally, a third model, SurfPropDNN] is trained to predict surface properties on the
re-entry geometry as a function of angle from the stagnation point and the distance of the
point on the surface from the centre of the circumscribed circle. The convergence plots in
Fig. 5.6 confirm that the SurfPropDNN achieves high accuracy with negligible overfitting

across training epochs.
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Figure 5.6: Evolution of training and validation loss with epochs for the Mach 25-35
SurfPropDNN model
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5.3 Flow Field Prediction using BCML Models

The optimised ML models were employed to predict the flow field and surface properties for
a wide range of rarefied hypersonic flows past geometries of different shapes and at various
ambient conditions. The inlet conditions of the gas are calculated by selecting ambient
conditions at a randomly sampled altitude, along with a randomly chosen Mach number for
the hypersonic flows. The choice of the BCML, ChemDNN, and SurfPropDNN models is
directly related to the flow’s Mach number. The testing of these ML. models was conducted
in a sequential manner: first, validating the flow field for general thermophysical properties
using the S14 BCML models; and second, validating the ChemDNN model using the DSMC
flow field as input data. Finally, a complete analysis of hypersonic flow over an arbitrarily

shaped geometry is discussed.

I

393 786 1179 1572 1966 2359 2752 3145 3538 3931 0.0 45.6 91.2 136.8182.5228.1273.7319.3364.9410.5456.2
a) Temperature (K) b) Pressure (Pa)

BCML 4 DSMC

.

0 320 640 960 1280 1600 1920 2240 2560 28881200-960 —720 —480 —240 O 240 480 720 960
c) u Velocity (m/s) d) v Velocity (m/s)

Figure 5.7: Comparison of flow field contour plots of (a) translational temperature, (b)
pressure, (c) u-velocity, and (d) v-velocity from the S;s Mach 8-15 BCML model and the
DSMC simulation for Mach 10 flow over a circular cylinder at 75 km with T,,,; =1000 K.

The first test case considers a Mach 10 flow at ambient conditions corresponding to
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Figure 5.8: Variation of flow field properties (temperature, pressure, and u-velocity)
predicted by the BCML model and obtained from the DSMC solver along the stagnation
line for Mach 11 flow over a circular cylinder at 75 km with T;,,; = 750 K.

an altitude of 75 km. The bluff body shape chosen for the first test was a simple circular
cylinder geometry with a constant surface temperature of 1000 K. Even though the shape
of the bluff body is simple, it should be noted that the flow field data estimated using
the DSMC code at the given inlet conditions are not included in the training data for the
S16 Mach 8-15 BCML model. Figure 5.7 compares flow field contour plots of pressure,
temperature (T4.q,s), and the two components of velocity generated from the Si4 Mach
8-15 BCML model and those obtained from the DSMC simulation. The corresponding
line plots have been depicted in Fig. 5.8 and 5.9, respectively. It can be observed that,
qualitatively, the wave features observed in the flow field generated from the S;3 Mach 8-15
BCML model are similar to those observed in the contour plots generated by the DSMC code.

Generally, capturing the shock front is crucial for studying hypersonic external flows. The
shock stand-off distance from the BCML model was 0.247 m from the stagnation point. In
comparison, the shock stand-off distance obtained from the DSMC simulation was 0.221 m.
The shock stand-off distances predicted from the BCML model match those obtained from the
DSMC simulation. The comparison of the shock front profile and the shock strength obtained
from the two models is shown in the centreline plot in Fig. 5.8 and 5.9. The horizontal axis
marks the distance along the stagnation line, with 0 corresponding to the stagnation point on
the circular cylinder. The peak translational temperature in the post-shock region predicted
by the BCML model is 3824.2 K, which is about 0.673% higher than that obtained from
the DSMC simulation (3798.69 K). Additionally, the peak pressure in the post-shock region
predicted by the BCML model is about 446.85 Pa, which is about 1.359% lower than that
obtained from the DSMC simulation (453.01 Pa).
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Figure 5.9: Comparison of various temperatures (translational, rotational, and vibrational)
along the stagnation line from the S;4 Mach 8-15 BCML model and the DSMC simulation
for Mach 10 flow over a circular cylinder at 75 km with T;,,; = 1000 K.

The BCML model accurately captures the shock front, particularly in regions near the
bluff body. However, it must be noted that the shock front obtained from the BCML, away
from the bluff body and near the far-field boundaries, loses its profile and is less accurate
compared to the DSMC results. The contour plots of the horizontal and vertical components
of the velocity also show that the flow field reconstruction by the BCML model in the
recirculation zone in the immediate wake region of the bluff body matches well with those
predicted by the DSMC code. Furthermore, the BCML model could capture features such as
the viscous boundary layer, Prandtl-Meyer expansion, and recompression shocks. However,
the BCML model does not accurately capture the viscous core and free shear layer. This
conclusion is based on a direct comparison of the BCML predictions with the corresponding
DSMC contour plots. While the BCML model accurately captures the bow shock and the
overall flow field, relatively larger deviations are observed in the wake region corresponding
to the viscous core and free shear layer, where strong gradients and non-equilibrium effects

are dominant.

The second test case considers a Mach 9 flow at ambient conditions corresponding to
an altitude of 67.5 km. The bluff body chosen here was an arbitrarily shaped geometry.
Again, the shape of the geometry is not included in the training data for the S;4 Mach 8-15
BCML model. Figures 5.11 and 5.12 show the centreline plots of various properties in front
of the arbitrarily shaped bluff body. Again, the shock stand-off distance predicted by the
BCML model closely agrees with that predicted by the DSMC code. Additionally, the peak
temperature indicated by the BCML model is within 5.2% accuracy compared to the peak
temperature obtained from the DSMC code. The corresponding contour plot is shown in
Figure 5.10. The error in the flow field predicted by the BCML model is higher at a few

discrete points at the edge of the bow shock and in the wake region far downstream from the
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Figure 5.10: Comparison of flow field contour plots of (a) translational temperature, (b)
rotational temperature, (c) pressure and (d) u-velocity from the S;s Mach 8-15 BCML
model and the DSMC simulation for Mach 9 flow over an arbitrarily shaped geometry at
67.5 km with T}, = 1000 K.

bluff body. The L, norm for the entire domain was found to be less than 2% for temperature

and less than 5% for pressure. The error norms for all the test cases are tabulated in Table
9.3.

5.4 Mole Fractions Prediction using ChemDNN Models

The primary objective of this study is to evaluate the ChemDNN model’s performance inde-
pendently. The model is tested using the flow field directly obtained from DSMC simulations,
and its predictions are compared with the corresponding DSMC results. This approach
enables an independent assessment of ChemDNN’s predictive capability, ensuring that the
model’s performance is evaluated without coupling the flow-field prediction from the BCML

model.
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Figure 5.11: Comparison of pressure and u-velocity along the stagnation line from the Sy
Mach 8-15 BCML model and the DSMC simulation for Mach 9 flow over an arbitrarily
shaped geometry at 67.5 km with T,,,; = 1000 K.
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Figure 5.12: Comparison of various temperatures (translational, rotational, and vibrational)
along the stagnation line, from the S;4 Mach 8-15 BCML model and the DSMC simulation
for Mach 9 flow over an arbitrarily shaped geometry at 67.5 km with T,,,; = 1000 K.

Figure 5.13 shows the variation of mole fractions of various species along the stagnation
line for Mach 32 flow over a circular cylinder geometry at atmospheric conditions correspond-
ing to 75 km altitude. It is obvious that the flow consists of molecular nitrogen (N5) and
Oxygen (O3) in the pre-shock region, with mole fractions close to their freestream values. In
the shock and post-shock regions, dissociation of molecular species becomes significant due
to the high temperatures, leading to increased mole fractions of atomic nitrogen (N) and
Oxygen (O). This is accompanied by the formation of small amounts of nitric oxide (NO)
species through the exchange reactions. It can be observed from Fig. 5.13 that an excellent

agreement is observed for all species.
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Table 5.3: Initial and boundary conditions for validation cases for testing the BCML model,
along with error analysis.

Geometry Pressure (Pa) Temp (K) AoA Inlet Velocity (m/s)  Pewor  Zirans-error  Uvelocity-error

Circle 3.544 211.1 0° 2912.3 5.240% 2.961% 9.207%
Arbitrary 10.743 269.75 0° 2962.97 4.525% 1.703% 9.191%
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Figure 5.13: Comparison of mole fractions of various species along the stagnation line from
the Mach 25-35 ChemDNN model and the DSMC simulation for Mach 32 flow over a
circular cylinder geometry at 75 km with 7,,,; = 1000 K.
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Figure 5.14: Comparison of mole fractions of various species along the stagnation line, from
the Mach 15-25 ChemDNN model and the DSMC simulation for Mach 22 flow over a
square-shaped geometry at AoA 36° at 80 km with T,,; = 1000 K.

Similarly, Fig. 5.14 presents the variation of different reacting species along the stagnation
line for a Mach 22 flow over square-shaped geometry at an angle of attack of 36°, under

atmospheric conditions corresponding to 80 km. Again, excellent agreement is obtained
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for all species, and the corresponding Ly norm errors are listed in Table 5.4. Overall, this
validation demonstrates that the ChemDNN model can accurately predict mole fractions

within the domain.

Table 5.4: Initial and boundary conditions for validation cases for testing the ChemDNN
model, along with Ly error analysis.

Geometry P, (Pa) To (K) AoA U (m/s) Error (Ng) Error (Oz) Error (N) Error (O)
Circle 3.544 2111 0° 9319.64 0.49% 0.60% 0.963% 0.589%
Square 1.417 190.5 36° 6086.586 0.346% 3.877% 7.652% 2.470%

5.5 Complete Hypersonic Flow Analysis for re-entry
Vehicles

After independently validating the individual models, a comprehensive prediction of all
thermophysical and species-specific flow fields was performed for an arbitrarily shaped geom-
etry and compared with DSMC results. For this purpose, an arbitrarily shaped bluff body
consisting of three straight edges and an arc was considered. It should be noted that the
geometry and test condition of Mach 27 at an altitude of 82 km were not included in any
of the training datasets corresponding to the BCML and ChemDNN models. Mach 25-35
BCML and ChemDNN models are used to predict the flow fields.

Figure 5.15 shows a comparison of contour plots for translational, rotational, and vi-
brational temperatures, as well as pressure and velocity, generated using the BCML model
with those obtained from the DSMC simulations. The BCML-predicted contours exhibit
reasonable agreement with the DSMC results in capturing the overall flow structure, including
the shock stand-off distance and post-shock relaxation regions. There are deviations in
the wake region away from the geometry. Such deviations were also observed in the flow
field prediction from the low-altitude NSF-based BCML model [105]. This difference can
primarily be attributed to the approximation of the influence of the boundary conditions
using only 16 generators. It is expected that accuracy will improve as more generators are
added. However, this would require additional training data and computational effort. As
the objective of the present work is to develop a BCML model that provides a rough estimate
of the flow field around a bluff body under hypersonic conditions, the number of generators
has been limited to 16.

Figures 5.16 and 5.17 show the comparison of thermophysical flow field properties along
the stagnation line from the S;4 Mach 25-35 BCML model and the DSMC simulation. The
BCML flow field predictions exhibit acceptable agreement with the DSMC results for both

pressure and u-velocity, accurately capturing the sharp gradients across the shock layer and
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Figure 5.15: Comparison of flow field contour plots of (a) translational temperature, (b)
rotational temperature, (c¢) vibrational temperature, (d) pressure, (e) u-velocity, and (f)
v-velocity, from the S Mach 25-35 BCML model and the DSMC simulation for Mach 27
flow over an arbitrarily shaped geometry at 82 km with T;,,; =1000 K.
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Figure 5.16: Comparison of pressure and u-velocity along the stagnation line from the Sig
Mach 25-35 BCML model and the DSMC simulation for Mach 27 flow over an arbitrarily
shaped geometry at 82 km with T,,; = 1000 K.
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Figure 5.17: Comparison of various temperatures (translational, rotational, and vibrational)
along the stagnation line from the S;4 Mach 25-35 BCML model and the DSMC simulation
for Mach 27 flow over an arbitrarily shaped geometry at 82 km with T,,,; = 1000 K.

the overall post-shock behaviour. This consistency demonstrates the BCML approach’s
ability to reproduce key flow features in the non-equilibrium post-shock regime. However, it
must be noted that the stagnation pressure predicted by the BCML model is less accurate
than the other properties. Additionally, Fig. 5.17 shows that the translational, rotational,
and vibrational temperatures exhibit non-equilibrium behaviour across the shock, with the
translational temperature peaking first, followed by an equilibration of the rotational and
vibrational modes in a decreasing manner in the downstream region of the shock structure.
Again, the three temperature variations predicted by the BCML model agree well with
the DSMC results. The ML model accurately captures both the shock structure and the

relaxation trends of internal energy modes.
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Figure 5.18: Comparison of mole fractions of various species along the stagnation line from
the Mach 25-35 ChemDNN model and the DSMC simulation for Mach 27 flow over an
arbitrarily shaped geometry at 82 km with 7,,; = 1000 K.

Figure 5.18 shows the variation of mole fractions of various species along the stagnation
line obtained from the DSMC simulations and the ChemDNN model. Additionally, Fig. 5.18
shows the results from the Mach 25-35 ChemDNN model, which utilises both the DSMC
flow field data (labelled as DSMC+DNN, represented by dashed lines in the plot) and those
predicted by the S;6 Mach 25-35 BCML model (labelled as BCML+DNN; represented by
symbols in the plot). Since the flow field data predicted by the BCML model is reasonably
in agreement with the DSMC flow field, the difference between the results from the two
ChemDNN solutions, as well as the difference with the mole fraction obtained directly from
the DSMC simulation, is within satisfactory agreement.The lower accuracy for the Ny and
N mole fractions is primarily attributed to the errors in the pressure field predicted by the
BCML model near the stagnation region. Since the dissociation of nitrogen species is highly
sensitive to the local thermodynamic state, particularly pressure and temperature, these
deviations are propagated through the ChemDNN model, resulting in relatively larger errors
in the predicted Ny and N mole fractions. Nevertheless, the overall agreement between
the ChemDNN predictions and the DSMC results remains satisfactory for all species. In
particular, the predictions for the mole fractions of molecular and atomic oxygen agree very
closely. The Ly norm errors for the ChemDNN approach, calculated with respect to the
DSMC simulation, were found to be 2.2732%, 0.256%, 1.08037%, and 0.3408% for the mole
fractions of species Ng, Oo, N, and O, respectively. In addition to this, the mole fractions of
various species predicted by the Mach 25-35 ChemDNN model using the DSMC-generated
flow field data as input are in commendable agreement with those obtained from the DSMC

simulation, as shown in Figure 5.19. Overall, the contour and line plots indicate that the
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Figure 5.19: Comparison of mole fractions contour plots of (a) No, (b) O, (¢) N, and (d) O
predicted by Mach 25-35 ChemDNN model and the DSMC simulation for Mach 27 flow over
a circular cylinder at 82 km with T},,; =1000 K.

combination of the S;¢ BCML model and the ChemDNN model predicts both macroscopic

flow properties and thermochemical properties with a decent degree of accuracy.

Estimation of the peak heat flux is essential for selecting suitable materials for the TPS
design. For a comprehensive analysis of re-entry flows at hypersonic conditions, a separate
DNN model, the SurfPropDNN model (Fig. 5.20), is also reported and can be used to
estimate surface properties of the re-entry vehicle. The input layer comprises four inputs:
the distance of the point on the surface from the centre of the geometry, the angle from
the stagnation point, the freestream Mach number, and the Knudsen number, calculated
from ambient conditions. The output layer consists of the friction coefficient (C), heat flux
coefficient (C},), and pressure coefficient (C,). These quantities are calculated directly from
the DSMC simulations and, therefore, do not require the calculation of gradients of flow

properties.
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Figure 5.20: DNN architecture of the SurfPropDNN model for estimating surface properties
on the re-entry geometry.
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Figure 5.21: Comparison of coefficient of heat flux along the re-entry vehicle surface, from
the Mach 25-35 SurfPropDNN model and the DSMC simulation for Mach 27 flow over an
arbitrarily shaped geometry at 82 km with T3,,; = 1000 K.

Figures 5.21 and 5.22 show the comparison of the coefficient of heat flux and the coefficient
of pressure from the SurfPropDNN and the DSMC simulations for the Mach 27 flow over
the arbitrarily shaped geometry. The peak value of Cj; from DSMC is 0.29140, whereas
the SurfPropDNN model predicts 0.29968, corresponding to an error of 2.968%. Similarly,
the DSMC peak value of C,, is 1.81576, while the DNN prediction is 1.72313, yielding an
error of 5.101%. It should be noted that the SurfPropDNN model can accurately predict the
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Figure 5.22: Comparison of coefficient of pressure along the re-entry vehicle surface, from
the Mach 25-35 SurfPropDNN model and the DSMC simulation for Mach 27 flow over an
arbitrarily shaped geometry at 82 km with 73,,; = 1000 K.

overall trend and, in particular, the properties at the stagnation point. However, the model
still suffers from inconsistencies at certain points, particularly at the surface’s sharp corners.
This will be improved in the future by incorporating curvature effects in arbitrarily shaped

geometries.

It should be noted that mole fraction and surface properties are more sensitive to the local
flow-field accuracy compared to the bulk flow quantities such as pressure and velocity. Small
deviations in the predicted heat-flux coefficient may influence the estimated surface heat-
transfer rate, thereby affecting thermal protection system (TPS) design margins. Similarly, an
error in the pressure coefficient distribution may affect the estimation of aerodynamic forces
and drag characteristics. In reacting hypersonic flows, errors in temperatures can also affect
dissociation rates and the mole fractions of the various species, particularly in strong-shock
and thermochemical nonequilibrium regions. Consequently, the present ChemDNN and
SurfPropDNN frameworks should primarily be interpreted as rapid, preliminary-estimation
tools within the trained operating regime, rather than as standalone replacements for detailed,

high-fidelity reacting-flow simulations.

5.6 Generalisation of the BCML Framework to Un-
trained Ambient Conditions

In practical hypersonic applications, surface thermal conditions often vary significantly due
to aerodynamic heating, material properties, and mission-specific constraints. Consequently,

models should be robust for the wall-temperature regimes included in the training. The
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high-altitude DSMC-based BCML model was trained using flow-field data corresponding to a
fixed prescribed wall temperature of 1000 K and then tested at other wall temperatures: 500
K and 1500 K. The resulting predictions are compared with the DSMC flow fields to examine
the model’s ability to capture shock structure and flow physics. This analysis provides critical
insight into the generalisation strength and physical consistency of the BCML approach for

realistic hypersonic flow scenarios.

The first test case considers a Mach 10 flow at ambient conditions corresponding to
an altitude of 75 km. The bluff body shape chosen for the first test was a simple circular
cylinder with a constant surface temperature of 500 K. Figures 5.23 and 5.24 show the
centreline line plots for the three temperatures, and other flow properties (pressure and
velocity), respectively. The peak pressure predicted by the BCML model is 458.342 Pa, which
is 2.082% higher than the DSMC simulation (449.02 Pa). Similarly, the peak Translational
Temperature predicted by the BCML model is 3711.11 K, which is 1.582% lower than the
DSMC simulation (3770.77 K). The corresponding mole fractions predicted by the ChemDNN
model are shown in Figure 5.25. The model could predict nitrogen species relatively well

with some minor deviations in oxygen species.
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Figure 5.23: Comparison of pressure and u-velocity along the stagnation line, from the Sy
Mach 8-15 BCML model and the DSMC simulation for Mach 10 flow over a circular cylinder
at 75 km with T,,,; = 500 K.

A similar analysis has been performed for a constant wall temperature of 1500 K and on
the same Mach 10 flow over a circular cylinder at ambient conditions, corresponding to an
altitude of 75 km. The centreline line plots are shown in Figures 5.26 and 5.27, respectively.
The peak pressure predicted by the BCML model is 429.681 Pa, which is 5.10% lower than
the DSMC simulation (452.8 Pa). Similarly, the peak translational temperature predicted by
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Figure 5.24: Comparison of various temperatures (translational, rotational, and vibrational)
along the stagnation line, from the S;5 Mach 8-15 BCML model and the DSMC simulation
for Mach 10 flow over a circular cylinder at 75 km with T,,; = 500 K.
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Figure 5.25: Comparison of mole fractions of various species along the stagnation line, from
the Mach 8-15 ChemDNN model and the DSMC simulation for Mach 10 flow over a circular
cylinder at 75 km with T,,,; = 500 K.

the BCML model is 3951.51 K, which is 4.05% higher than the DSMC simulation (3797.58 K).

In addition to the above cases, a wide range of DSMC simulations was conducted at
ambient conditions, beyond the training data for the BCML/ChemDNN framework. The
flow fields predicted by one of the three BCML models were compared with those from
DSMC simulations at 90 km and 55 km, each at Mach 5, 20, and 40. It was found that the
BCML model’s accuracy deteriorates significantly outside the range of training conditions.
This is mainly due to the high variation in the ambient number densities at altitudes above
84 km and below 60 km. Another set of simulations was run at 75 km at Mach 5 and Mach
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Figure 5.26: Comparison of pressure and u-velocity along the stagnation line, from the Sig
Mach 8-15 BCML model and the DSMC simulation for Mach 10 flow over a circular cylinder
at 75 km with T,,,; = 1500 K.
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Figure 5.27: Comparison of various temperatures (translational, rotational, and vibrational)
along the stagnation line, from the S;4 Mach 8-15 BCML model and the DSMC simulation

for Mach 10 flow over a circular cylinder at 75 km with T,,; = 1500 K.

40. It was found that the translational temperature, pressure, and velocity from the BCML
model were in reasonable agreement with the DSMC results. However, the BCML model was
unable to capture the degree of non-equilibrium. Figure 5.28 shows a pictorial representation
of the various cases included in the present study: both within and outside the range of the

training conditions. Overall, the model’s extrapolation capability is limited, especially if

conditions are far from the training range.

Overall, the ML-based models demonstrated a reasonable correlation in predicting surface
and flow properties for hypersonic rarefied flows. The DNN-based models captured key flow
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Figure 5.28: Graphical representation of various simulation cases depicting the altitude (in
km) and Mach number (Ma) (Key: Green-Good agreement, Yellow: Reasonable agreement
for limited variables, Red: highly inaccurate)

features and chemical non-equilibrium behaviour with reasonable accuracy compared to
DSMC simulations. Although minor deviations were observed near the stagnation point and
in the wake region, the overall trends and peak values of various thermophysical properties
agreed well with the DSMC results. These results indicate that the proposed ML approach
has the potential to serve as an efficient surrogate for DSMC-based simulations, offering a
substantial reduction in computational cost while maintaining acceptable predictive accuracy

for high-enthalpy flow conditions.

To provide a more systematic assessment of the generalisation capability of the proposed
BCML framework, the validation cases have been classified into four categories, namely:
(i) seen geometry/seen flow condition, (ii) unseen geometry/seen flow condition, (iii) seen
geometry/unseen flow condition, and (iv) unseen geometry/unseen flow condition. For
each category, quantitative validation has been performed by comparing the stagnation-line
distributions of pressure (P), translational temperature (Tians), and velocity magnitude (U)
with the corresponding reference DSMC solutions. The errors are tabulated in Table 5.5,
thereby providing a clearer distinction between the interpolation, geometry-generalisation,

and unseen operating-condition capabilities of the proposed BCML framework.

The overall reliability and operational constraints of the proposed BCML framework can

be characterised by several key factors:

e The BCML framework is relatively more accurate for simulation cases that are within
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Table 5.5: Comparison of performance of the BCML model for various classes of geometries
along the stagnation line.

Geometry Flow Condition Test Case Altitude Mach Tianserror  FPerror  Uerror
(km) (%) () (%)

Seen Seen Circular Cylinder 72 35 8.582 1.401 4.642
Unseen Seen Arbitrary Bluff Body 72 35 9.561 8.254  4.632
Seen Unseen Circular Cylinder 75 27.5 9.840 2.348  2.590
Unseen Unseen Arbitrary Bluff Body 75 27.5 9.791 7.394  6.697

the range of the training database. The extrapolation study presented in Figure 5.28
indicates that the model generalises better to variations in wall temperature, whereas
comparatively larger deviations are observed for extrapolated free stream conditions

because of significant deviation in the flow characteristics.

e Greater errors are observed in regions containing strong shock waves, free shear layers,
and wake structures, where steep flow gradients and thermochemical non-equilibrium

effects make the flow physics more challenging to approximate using a surrogate model.

e Although the generator-based BCML formulation is aimed to be geometry-agnostic, its
capability improves when the training database adequately represents the geometric
features of practical configurations. Consequently, representative training geometries

are important for achieving reliable predictions on previously unseen configurations.

e The ChemDNN model utilises the BCML-predicted flow field variables as inputs.
Therefore, any error in the predicted thermodynamic state may affect the accuracy
of mole fraction concentrations predicted by the ChemDNN, particularly in regions

exhibiting strong thermochemical non-equilibrium.

It must be noted that the proposed BCML framework is intended as a rapid surrogate model
within its validated operating envelope. For extrapolative conditions, highly novel geometries,
or safety-critical applications, the parent CFD/DSMC solver is recommended to verify the
predictions and provide the highest level of solution fidelity.

5.7 Consolidated Simulation Summary and Error Vali-
dation

The validation of the proposed BCML frameworks was performed using a combination of
contour-field comparisons, stagnation-line profiles, peak-property deviations, shock stand-off
distance estimation, surface-property validation, and domain-wide error norms. Since differ-
ent metrics capture different aspects of the flow physics, both global and local error measures
were analysed throughout the thesis. In general, the BCML framework demonstrated rea-

sonable accuracy within the trained and interpolative parameter space, while larger local
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deviations were observed near bow-shock edges, wake regions, and strongly extrapolative

operating conditions.

Table 5.6: Consolidated summary of validation cases and error analysis.

Case Regime/Model Geometry |Validation |Domain-wide Er-|Local/Peak Er-|Remarks
Type ror ror
Mach 6, 57.5| Low-altitude Circular Interpolation | L2 (T") = 1.288% Peak T: 8.7% Accurate shock stand-off
km NSF-BCML Cylinder prediction; minor far-field
shock-profile deviation
Mach 4, 52.6 | Low-altitude Square Cylin-| Interpolation | L2 (7T") = 1.001% Peak T' < 5% Local wake-region devia-
km NSF-BCML der tions observed
Mach 9, 67.5| High-altitude Arbitrary Ge-|Interpolation | L2 (T) < 2% Peak T: 5.2% Local errors near bow-shock
km DSMC-BCML |ometry edge and far wake
Mach 12, 69| High-altitude | Arbitrary Ge-|Interpolation La(l).= 1.691% Pealc T+ 895% Local discrepancies near
km DSMC-BCML | ometry La(P) = 5.929% Peak P: 6.303% shock edges and down-
stream wake
Species Ly error:
Na: 0.346%
Mach 22, 80| ChemDNN Square Geom-| Interpolation | Oz: 3.877% = Reasonable agreement for
km etry N: 7.652% reacting-species prediction
0: 2.470%
Mach 27, 82| SurfPropDNN | Arbitrary Ge-|Interpolation | Cp: 2.968% - Surface heat-flux and pres-
km ometry sure coefficients predicted
reasonably
Mach High-altitude Circular Extrapolation| Higher deviations ob-| Non-equilibrium Predictive accuracy deterio-
5/20/40 DSMC-BCML | Cylinder served mismatch rates outside the trained al-
titude/Mach range

Although the domain-wide Ly error norms were generally low for the validation cases
considered, local deviations were observed in regions containing strong gradients, particularly
near bow-shock edges, stagnation regions, and far-wake structures. These local errors be-
come more pronounced for unseen geometries and operating conditions beyond the training
data. Therefore, the reported global error norms should be interpreted together with local

peak-error analysis and contour-based comparisons.

Most validation cases presented in Chapters 4 and 5 are of an interpolative nature, in
which the operating conditions and geometries differ from those in the training cases but
remain within the range of the trained parameter space. In contrast, the extrapolation
cases discussed in Section 5.6 involve operating conditions outside the nominal training
range, where a noticeable deterioration in predictive capability was observed, particularly for
thermochemical nonequilibrium quantities. Table 5.6 shows a consolidated summary of all

validation cases included in the present thesis.

In addition to flow-field validation, surface quantities, such as the heat-flux coefficient
(Ch) and pressure coefficient (C),), were also examined using the SurfPropDNN framework.
Representative validation cases demonstrated reasonable agreement with DSMC-derived

surface quantities.
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Chapter 6
BCML-assisted CFD Framework

A rapid prediction of hypersonic flow fields across both low-altitude and high-altitude regimes
has been shown to be attainable with reasonable accuracy through the BCML framework.
However, it must be noted that the true contribution of the BCML framework is not just the
rapid flow field prediction, but rather its role as an assisting tool to accelerate conventional
NSF and DSMC simulation workflows. In particular, two such applications have been
examined in detail: one focusing on accelerating FVM-based NSF solver, and the other
targeting the speed-up of DSMC simulations using improved meshing algorithms, which are

described in detail in this Chapter.

6.1 Accelerating Convergence for NSF Simulations

Given
gitice > Flr\oovtljﬁgld
Mach number ” _
Geometry BCML Model ~ Using BCML
As Initial
Condition
First
Final J Convergence CFD Solver
Flowfield (NS Code)

Figure 6.1: Flowchart of BCML-assisted CFD simulations

The primary motivation for developing the BCML model was to reconstruct the flow field
around a bluff body in supersonic and hypersonic flows, providing a rough estimate of the
bluff body’s performance. In addition, the BCML model can be used in conjunction with a

CFD solver, serving as a tool to improve efficiency and reduce computational cost. The flow
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Figure 6.2: Comparison of flow field contour plots (a) temperature, b) pressure, c¢) u-velocity,
and d) v-velocity predicted by the S;4 BCML-assisted FVM solver and the FVM solver for
Mach 5 flow over FIRE-II re-entry vehicle at 59.26 km with T,,,; = 1000 K.

field generated by the BCML model can serve as an initial condition for the FVM solver.

The FVM solver then continues to solve the NSF equations in the domain till convergence.

It was found that simulations with the BCML-assisted FVM solver converged faster than
those with the traditional FVM solver, in which the internal cells are initialised uniformly in
the domain to the inlet conditions. Figure 6.1 summarises the overall process of using the

BCML model for improving the convergence rates for the CFD simulations.

Hypersonic CFD simulations often suffer from CFL limitations during the initial stages
due to the strong nonlinearity of the governing equations. This nonlinearity is mainly
due to steep pressure and temperature gradients in the strong bow shocks. In addition,
high-temperature effects such as thermochemical non-equilibrium vibrational excitation and
possible dissociation make the simulation more complex. At the start of the simulation,

large residuals and abrupt adjustments in the flow variables can trigger Gibbs oscillations,
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which eventually may lead to divergence. Using BCML-estimated flow fields instead of the

freestream condition as initial conditions can improve the simulation’s convergence.

Table 6.1: Computational cost for various computational methodologies (BCML-assisted
FVM solver and traditional FVM solver).

FVM Solver BCML-assisted FVM Solver
Geometry Iterations Runtime (CPU hr) CPU time/Iteration | Iterations Runtime (CPU hr) CPU time/Iteration
Cylinder 36,931 22.72 2.215 sec 28,910 17.78 2.214 sec
Square 34,776 19.09 1.976 sec 26,326 14.87 2.033 sec
FIRE II 63,588 41.61 2.356 sec 49,515 31.57 2.295 sec

Table 6.1 compares the number of iterations required for convergence (mass residual
< 107%) using the conventional FVM solver and the BCML-assisted FVM solver. All simula-
tions were executed in parallel on a 24-core Intel Xeon workstation using MPI with uniform
domain decomposition. The table also lists the corresponding CPU-hour costs, showing a
consistent 22-25% reduction when the BCML-assisted solver is used. Figure 6.2 presents the
contour plots of key flow properties from both solvers [(BCML-assisted FVM solver (shown
as BCML+CFD) and FVM solver (shown as CFD)], which match closely since the same

governing equations are solved to convergence in each case.

In addition to reducing computational cost, the BCML model can also generate an
optimised mesh based on the flow field. The grid resolution can be increased in the shock
region to better capture the shock. Also, the mesh resolution can be reduced in the pre-shock

region, significantly reducing the simulation’s computational cost.

As discussed in previous chapters, the BCML framework consists of a DNN model,
followed by post-processing steps. To distinguish the contributions of each component of the
proposed BCML framework, an additional study was conducted using this FIRE II validation
case. The overall procedure is decomposed into four stages: (i) flow field predicted by the
BCML DNN (Raw BCML), (ii) applying the shock-profile fitting and upstream consistency
corrections (BCML + SC), (iii) flow field after a few FVM relaxation steps (BCML + SC +
Rel), and (iv) the final BCML-assisted CFD solution (BCML + CFD). Figure 6.3 shows
a comparison of the contour plot for translational temperature for each stage, along with
the reference CFD solution. The results demonstrate that the post-processing procedures

improve the physical consistency of the predicted flow field.
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Figure 6.3: Comparison of the translational temperature contour plots predicted by the raw
BCML prediction, BCML with shock correction (BCML + SC), BCML with shock
correction and FVM relaxation (BCML + SC + Rel), and the final BCML-assisted CFD
solution for Mach 5 flow over FIRE-II re-entry vehicle at 59.26 km with T,,,; = 1000 K.

6.2 Optimised Mesh Generation for DSMC Simulations

6.2.1 Algorithm

In physical problems where flow features such as shocks, wakes, boundary layers, or con-
centration gradients are spatially localised, a highly resolved uniform mesh incurs a high
computational cost, while inadequate grid resolution in regions of interest can lead to poor
accuracy. Additionally, the quality of the computational mesh is closely coupled to the
numerical stability of continuum-based solvers in hypersonic flow simulations. It is mentioned
in Chapter 3.3 that many ML studies focus on generating optimised meshes for traditional
CFD methods, such as finite-volume and finite-element methods. These models employ

geometric parameters such as mesh quality.

Accurately capturing transport phenomena in the DSMC algorithm also critically de-

pends on the computational mesh resolution. However, unlike traditional CFD algorithms,
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Figure 6.4: Flowchart highlighting the contrast between traditional and BCML-based
Meshing Design philosophy.

DSMC requires additional constraints on the mesh generation, based on flow physics. For
DSMC, mesh quality influences accuracy and computational efficiency rather than numerical
stability. An important criterion for mesh generation is that the cell sizes should be a
fraction of the local mean free path. This is unique to the DSMC algorithm; hence, meshes
generated by engineers using traditional CFD codes or commercial software are often not
suitable for DSMC simulations. A new data-driven mesh generation algorithm is designed to
improve the computational efficiency of DSMC simulations, extending the BCML framework.
The mesh generation algorithm is based on flow physics predicted by the machine learning
model a priori, thereby avoiding iterative design of meshes. Figure 6.4 illustrates the overall

BCML-based design methodology in comparison with the traditional mesh design approach.

The methodology adopted for the development of the present BCML model closely
follows that described in Chapter 5 for the high-altitude DSMC-based BCML framework.
Accordingly, the data generation procedure, network architecture, training strategy, and
validation methodology remain essentially unchanged. The only difference is that the present
model is trained using DSMC flow fields obtained for frozen conditions and includes the
local mean free path as an additional output parameter. This additional output enables the
BCML predictions to be directly utilised for adaptive DSMC mesh generation, which forms
the focus of the present chapter.
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6.2.2 Data Generation and Training ML Model

The high-altitude DSMC-based BCML framework can accelerate direct simulation Monte
Carlo (DSMC) computations by generating optimised meshes via Delaunay triangulation
and adaptive mesh refinement based on fast flow-field predictions. Towards this, a new high-
altitude DSMC-based BCML model is trained under frozen rarefied hypersonic conditions at
altitudes ranging from 60 to 84 km. The new BCML model is used to predict the local mean

free path in the flow domain, along with other macroscopic properties around bluff bodies.

The training data for the new high-altitude BCML model for frozen conditions is gen-
erated using the in-house DSMC solver over a wide range of freestream conditions and
Mach numbers. The computational domain considered in the present study extends 13 m
in the streamwise direction and 9 m in the transverse direction. The wall temperature is
held constant at 1000 K for all cases. One set of DSMC simulations was performed for a
square-cylinder bluff body. The atmospheric conditions include those at altitudes between
60 and 84 km (60, 66, 72, 78, and 84 km) and freestream Mach numbers range from 8 to 35
(8, 15, 25, and 35). The ambient conditions employed in the simulations are the same as
those used for the chemically reactive, realistic DSMC simulations. Four angles of attack
(0°, 15°, 30°, and 45°) are considered for the square cylinder, resulting in a total of 80
cases. In addition to the square-cylinder, flow fields were obtained for circular-cylinder and
arbitrarily shaped re-entry geometries constructed from random combinations of circular
arcs and straight-line segments. The arbitrarily shaped geometries are constructed in such
a manner that they are inscribed in a unit-radius circle or circular cylinders and arbitrary
geometries, the freestream conditions are randomly sampled within the same altitude and
Mach number limits to provide broader coverage of the relevant flow regime. A total of 36
simulations are conducted for the circular cylinder, and 38 simulations involving randomly
generated bluff-body shapes composed of straight-line segments and circular arcs are included
to increase the dataset’s diversity. In total, 154 DSMC simulations are performed across the
three geometry categories. These simulations yield approximately 18.724 million cell-based
data samples and require a total computational cost of about 0.17 million CPU hours on an

Intel Xeon workstation.

A mixture of nitrogen and oxygen is the working gas for the simulations. Elastic collisions
in the DSMC simulations were handled using the standard VHS model. The reference
diameter, reference temperature, and temperature exponent (w) parameters needed for the
VHS model are obtained from Bird [14]. Inelastic energy-exchange processes were modelled
using a constant rotational Z,,; = 5 and vibrational Z,;, = 50 relaxation parameter-based
Larsen-Borgnakke model. A time step of 4 x 1077 s is used, with approximately seven

simulated particles per cell. Overall, the adopted physical models provide a physically
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reasonable and computationally efficient representation of non-equilibrium effects in high-

enthalpy re-entry flows.
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Figure 6.5: Evolution of training and validation loss with epochs for the S;4 BCML model.

The structure of the new BCML model for the frozen condition is similar to that of
the high-altitude DSMC-based BCML model discussed in Chapter 5. For each generator,
the distance function and the four boundary conditions form the set of input parameters.
In the present case, a 16-generator model Si4 is developed, similar to the previous BCML
models, yielding a total of 80 nodes in the input layer. These inputs capture the influence
of surrounding boundary conditions on the local state of the cell centre and are passed
through multiple fully connected hidden layers to capture the nonlinear coupling inherent in
rarefied, non-equilibrium flows. The output layer comprises seven macroscopic flow quanti-
ties, namely the pressure, translational, rotational, and vibrational temperatures, the two
Cartesian velocity components (u and v), and the local mean free path. The additional
inclusion of the local mean free path as an output is a distinguishing feature of the new
model. Figure 6.5 illustrates the convergence behaviour of the S;3 BCML model, where
the mean squared error (MSE) and the mean absolute error (MAE) for the training and

validation datasets decrease with increasing epochs and asymptotically approach stable values.

6.2.3 Flow Field Prediction using BCML Model

After training the BCML model, it was validated for a wide range of ambient conditions and
re-entry geometries under frozen conditions. Two of the results have been discussed here.
The point of the validation is to demonstrate that the BCML model can generate sufficiently
accurate flow-field results at a fraction of the computational cost, which can then be used to

generate optimised meshes for the same conditions using the DSMC method.
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Figure 6.6: Variation of flow properties along the stagnation line for Mach 19 flow over a
circular cylinder at 70 km with T,,; = 1000 K
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Figure 6.7: Comparison of flow field contour plots of (a) translational temperature, (b)
pressure, (c) u-velocity, and (d) v-velocity from the S;3 BCML model and the DSMC
simulation for Mach 19 flow over a circular cylinder at 70 km with T;,,; = 1000 K.

The first test case considers a Mach 19 flow at ambient conditions corresponding to an
altitude of 70 km. The re-entry geometry selected for the first validation case is a circular

cylinder maintained at the same uniform surface temperature of 1000 K as the training
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Figure 6.8: Variation of flow properties along the stagnation line for Mach 12 flow over an
arbitrary bluff body at 69 km with T,,,; = 1000 K

data. The inlet conditions for this problem were not part of the training dataset for the
S16 Mach BCML model. Figure 6.7 presents a comparison of flow-field contours of pressure,
translational temperature (Tians), and the two velocity components obtained from the Sig
BCML model and the corresponding DSMC simulations. The associated line profile is shown
in Figure 6.6. The peak translational temperature in the post-shock region predicted by the
BCML model is 15,631.7 K, which is approximately 2.549% lower than the DSMC prediction
(16,040.4 K). The peak post-shock pressure predicted by the BCML model is 3287.61 Pa,
corresponding to a deviation of about 6.839% from the DSMC value of 3529.06 Pa. A
qualitative comparison indicates that the wave structures predicted by the S14 BCML model
closely resemble those captured by the DSMC solution. Similar to previous BCML tests,
the current BCML model for frozen hypersonic flows at higher altitudes accurately captures
the shock structure and other wave patterns. The shock stand-off distance estimated by the
BCML model closely matches that obtained from the DSMC simulations.

The second test case examines a Mach 12 flow under ambient conditions corresponding to
an altitude of 69 km, with an arbitrarily shaped bluff body as the test geometry. In contrast
to the previous validation case, the geometry was not included in the training dataset for the
S16 BCML model. Figure 6.8 presents the centerline plot of selected flow properties upstream
of the arbitrarily shaped bluff body. The peak translational temperature in the post-shock
region predicted by the BCML model is 5,181.3 K, which is approximately 8.95% lower
than the DSMC prediction (5,691.2 K). Compared with temperatures, the BCML model’s
peak pressure matches the DSMC peak pressure relatively better. The peak post-shock
pressure predicted by the BCML model is 875.641 Pa, corresponding to a deviation of about
6.303% from the DSMC value of 823.57 Pa. Relatively larger discrepancies are observed
at a few localised regions near the edges of the bow-shock away from the centerline and in

the far-wake region downstream of the bluff body. The Ly norm of the error over the entire
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computational domain is found to be less than 1.7% for temperature and less than 5.93% for
pressure. The error norms for the two test cases are summarised in Table 6.2. It should be
noted that the BCML model predicts the entire flow field in less than 30 s, which is much
faster than DSMC simulations that take around 500 hours. The BCML model’s accuracy is

reasonable, especially given its ability to handle arbitrary geometries.

Table 6.2: Initial and boundary conditions for the validation cases used to test the BCML
model, along with the corresponding error analysis.

Parameter Circular Cylinder  Arbitrary Geometry
Pressure (Pa) 7.698 4.604
Temperature (K) 246.5 224.863

Inlet Velocity (m/s) 5979.529 3606.992

Ly error (Pressure) 4.095% 5.929%

Ly error (Tirans) 1.605% 1.691%

Ly error (Upagnitude) 8.372% 2.152%

6.2.4 BCML-based Meshing Algorithm for DSMC

As discussed earlier, an optimised mesh is crucial for running the DSMC simulation effi-
ciently. Bird emphasises that the mesh size must be based on the local mean free path
to maintain DSMC'’s validity. It is noteworthy that sharp gradients in shocks and bound-
ary layers require fine resolution. In addition to capturing shock structures, an optimised
grid reduces statistical noise by ensuring sufficient particles per cell. It captures critical
flow features such as heat transfer and shear stress near walls. Proper meshing minimises
computational costs, ensures solution convergence through grid independence studies, and
accurately represents the physics of hypersonic flow. Techniques such as adaptive mesh
refinement (AMR) have been explored to dynamically adjust grid resolution based on lo-

cal flow conditions, allowing for an optimal balance between computational cost and accuracy.

A new adaptive mesh-generation methodology specifically for DSMC is developed in
this thesis. Generally, a spatially varying scalar field is used to control the local mesh
resolution through a log-compressed length-field formulation. The proposed approach com-
bines neighbourhood-based minimum propagation, logarithmic smoothing, and iterative
Delaunay refinement to generate meshes that are both resolution-efficient and numerically
robust. Geometry-aware boundary discretisation and automated boundary classification are
incorporated to ensure compatibility with the in-house DSMC code. The resulting framework
enables fully automated generation of solver-ready meshes while maintaining strict control

over element quality and spatial grading.

One of the key outputs of the BCML model is the mean free path, which is the average

distance a particle travels between successive collisions with other particles or obstacles. It
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is inversely proportional to the density of the medium in which the particle is moving. The

expression of mean free path () for the power-law/VHS gas is:

1 Tref v
A= —— 6.1
\/§n0ref ( T > ( )

where n is the number density, 7" is the local temperature and o5 is the reference total colli-

sion cross-section estimated at 7T).s reference temperature. In the present work, adaptivity is
driven by BCML-generated mean free path in the flow field. The ratio of the characteristic
cell size (Ax) to the local mean free path, Az/\, plays a critical role in determining the
accuracy and reliability of simulation results. For a mesh to be considered suitable, this ratio
should ideally be less than or equal to 1 throughout the computational domain. If Az is
significantly larger than A, important molecular collisions may be missed or misrepresented,
leading to non-physical results and loss of accuracy in capturing gradients of flow properties.
In contrast, an excessively small Ax relative to A leads to unnecessary computational cost
without a proportional gain in accuracy. This is especially true for DSMC codes following
the ray tracing algorithm. Therefore, maintaining an optimal Axz/\ ratio ensures that the
mesh is fine enough to accurately resolve the physics of molecular motion and collisions while

also being computationally efficient.

The refinement criteria chosen in the present work for DSMC simulations are based on
the fraction Az/A. The Python-based new meshing code, based on algorithms by Chew and
Paul [81], can generate a grid based on the required refinement using a multi-level threshold.
The mesh generation code is written in Python. It employs NumPy (numeric Python) for
array operations and linear algebra, and SciPy (scientific Python) for spatial indexing using
the cKDTree module and triangulation using the delaunay module. In addition, the code
uses the Shapely library for geometry-related operations, such as point-in-polygon tests
and the exclusion of solid regions. This combination provides a robust and computationally

efficient platform for adaptive mesh refinement.

The present algorithm constructs an unstructured mesh whose local resolution is governed
by a spatially varying physical length scale derived from flow-field information. Such an
approach is particularly suited for rarefied and transitional flow simulations, where the local
mean free path varies strongly across the domain and dictates the required mesh resolution.
The computational domain  C R? is assumed to be populated by a discrete set of sampling
locations {x;}Y ,, at which a scalar physical length scale \(x;) is prescribed. The objective is
to generate a mesh in which the characteristic edge length h(x) is proportional to A(x), while
maintaining smoothness, numerical robustness, and geometric fidelity. To avoid numerical
pathologies associated with extremely small values of the physical length scale, the input

field is first regularised by enforcing a lower bound,
A(x)  max (A(xX), Amin) 5
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Figure 6.9: Schematic of the BCML model for frozen hypersonic flows over re-entry
geometries at rarefied ambient conditions.

where A, is a user-defined cutoff. This ensures that the resulting mesh spacing remains
finite throughout the domain and prevents excessive node clustering in regions where the

physical model predicts vanishing length scales.

A direct linear mapping between the physical length scale and the mesh size can lead to
excessive disparity in element sizes when A spans several orders of magnitude. To mitigate
this issue, a logarithmically compressed power-law mapping is employed. A reference value
Aref, Chosen as the median of the sampled field, is introduced to normalise the distribution.

The preliminary target mesh size is then defined as

hraw (X) =C /\ref ()\(X)) )
)\ref

where C' is a prescribed resolution ratio and 0 < o < 1 controls the degree of compression.
This formulation preserves the relative ordering of refinement while preventing excessive
refinement in regions of extremely small A\. The resulting target size is further constrained
by global bounds,

hmin < h'raw(x) S hmaxa
which impose absolute limits on the finest and coarsest admissible mesh resolution.
To prevent abrupt changes in the mesh size field, a local minimum propagation is applied.
For each sampling location x;, all neighbouring points within a prescribed buffer radius r;,
are identified, and the target size is modified according to

h; < min (hi, min hj> ,

JEN (i)
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where N (i) denotes the set of neighbours within the buffer region. This operation ensures
that coarse elements do not appear immediately adjacent to regions requiring fine resolution,
thereby enforcing a minimum refinement influence radius. To further improve metric
smoothness and mesh quality, the target size field is smoothed in logarithmic space. Defining

¢; = log h;, a relaxed neighbour-averaging procedure is applied iteratively,
1
) = (1 —w) 6 4 w—— ok
Kl 2

where KC(7) denotes a fixed-size local neighbour set and w is a relaxation parameter. Perform-
ing the smoothing in logarithmic space ensures that relative, rather than absolute, variations
in mesh size are attenuated. After a small number of iterations, the smoothed target size is

recovered via h; = exp(¢;).

During mesh refinement, the target size must be evaluated at arbitrary spatial locations.
This is accomplished using an inverse-distance-weighted interpolation. For a query point x,

the local target size is computed as

(&2 +¢2)!
PICLE -

h(x) = ij(x) hj, wj =

where d; = ||x — x,|| and ¢ is a small blending parameter that prevents singular behavior.

Starting from an initial coarse distribution of points covering the computational domain,
an iterative Delaunay-based refinement procedure is applied. At each iteration, a triangulation
is constructed, and all unique edges are examined. For an edge connecting vertices vy and
Vg, the edge length is

Le — HV2 e VlHJ

and the local target size is evaluated at the midpoint x,, = (v + v)/2. If the condition
Le > v h(xp,)

is satisfied, where v > 1 is a safety factor, the midpoint is inserted as a new mesh vertex.
The triangulation is then recomputed, and the process is repeated until no edges violate the
metric constraint or a maximum number of refinement cycles is reached. This procedure

ensures that all edges conform to the prescribed size field.

Solid boundaries are represented using a combination of straight segments and circular
arcs. Each boundary is initially sampled at high resolution and subsequently resampled
adaptively using an arc-length accumulation strategy. Along the boundary, a new point is
retained whenever the accumulated distance exceeds the local target size evaluated slightly
offset from the surface along the outward normal direction. This approach ensures consistency

between boundary and interior resolution while avoiding unnecessary clustering of boundary
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nodes. After assembling the refined interior points, boundary points, and outer domain
boundaries into a single point set, a global Delaunay triangulation is constructed. Triangular
elements whose centroids lie within the solid region are identified using point-in-polygon tests
and removed, thereby excising the bluff body from the computational domain. Boundary
edges are identified as those belonging to a single triangle and are classified by proxim-

ity to known boundary segments, enabling the assignment of appropriate boundary conditions.

Finally, the two-dimensional mesh is extruded uniformly in the third dimension to generate
prismatic elements of prescribed height. Each triangular element is mapped to a six-node
prism, and each boundary edge is mapped to a quadrilateral face. The resulting mesh
is suitable for three-dimensional simulations under the spanwise-homogeneity assumption.
Overall, the algorithm combines physics-informed metric construction, logarithmic smoothing,
strict Delaunay refinement, and adaptive boundary discretisation to produce meshes that
efficiently resolve rarefied flow features while avoiding unnecessary over-refinement. The

overall algorithm of the code involves:

Algorithm 1 Density-driven unstructured mesh generation

Read sampling locations x; and physical length scale A(x;)
Enforce lower bound on A
Compute target mesh size using compressed power-law mapping
Apply global bounds to mesh size
Propagate local minimum within buffer radius
Smooth mesh size in logarithmic space
Construct continuous size evaluator
repeat
Construct Delaunay triangulation
for each unique edge do
Evaluate edge length and local target size
if edge violates size constraint then
Insert midpoint
end if
end for
: until no new vertices inserted or iteration limit reached
. Adaptively discretise solid boundaries
: Remove elements inside the solid region
. Classify boundary edges
: Extrude mesh to prismatic elements

R N e T e T e e e T
@ L X NPTk RQ

The combination of BCML-generated flow fields and a BCML-assisted optimised DSMC
mesh has been examined extensively. An initial mesh is first constructed to simulate hyper-
sonic flow over a circular cylinder at freestream conditions corresponding to an altitude of
75 km and a Mach number of 30. These ambient conditions are not included in the BCML
model’s training dataset, thereby enabling an assessment of the generalisation capability
of the proposed BCML-assisted meshing strategy. Based on the BCML prediction of the
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Figure 6.10: Final optimised BCML Assisted DSMC mesh for Mach 30 flow over Circular
cylinder at altitude 75 km: full view (top) and zoomed in view (bottom right), along with
comparison of properties along the stagnation line for the BCML Assisted mesh (60,634
cells) with a refined DSMC mesh (397,795 cells).

local mean free path, an optimised mesh is generated, as shown in Figure 6.10. An initial
unstructured mesh containing approximately 1.0 x 10° cells of approximately uniform size
was first generated, followed by application of the proposed meshing algorithm, resulting in
a reduced mesh comprising approximately 6.0 x 10* cells. Hypersonic flow over a circular
cylinder is then simulated using the DSMC solver on the BCML-assisted, optimised mesh
to obtain the final flow field. The DSMC solver was executed on a workstation utilising 12

CPU cores, and the corresponding computational time was recorded.

To evaluate the performance of the DSMC solution obtained with the BCML-assisted

optimised mesh, an additional set of DSMC simulations is performed on a highly refined
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Figure 6.11: Comparison of properties (left along the stagnation line for the BCML Assisted
mesh (90,344 cells) with a refined DSMC mesh (397,376 cells) for Mach 30 flow over an
arbitrarily-shaped geometry at altitude 82 km and zoomed in view (right) near the
stagnation point.

unstructured mesh without adaptive mesh refinement. The geometric parameters of this
reference mesh are determined by iteratively doubling the number of cells in the domain
and performing DSMC simulations until the flow properties converge. Since DSMC is a
statistical method, convergence is assumed when the difference in flow properties between
two successive mesh refinements is less than 1%. It was found that the DSMC simulation

with a mesh consisting of approximately 4.0 x 10° cells was sufficient.

The magnified view of the BCML-assisted mesh near the bow shock and stagnation point
is shown in Figure. 6.10 (bottom left). The BCML-assisted meshing approach effectively
eliminates unproductive cells across the computational domain, thereby significantly reducing
the overall computational cost. Figure. 6.10 (bottom right) shows a comparison of various
properties along the stagnation line of the circular cylinder. The results demonstrate excel-
lent agreement between the flow-field predictions obtained with the BCML-assisted mesh
and those from the uniform refined DSMC mesh. Since the comparison is between results
from two DSMC simulations, strong agreement is expected. In terms of computational
efficiency, the original DSMC mesh required 228.21 hours on a 12-CPU-core workstation,
whereas the BCML-assisted mesh on the same 12-CPU core workstation achieved the same
solution accuracy in only 30.69 hours, resulting in a reduction of approximately 86.53% in

computational time.

Similar flow-field and computational performance analyses were conducted for hypersonic
flow over an arbitrarily shaped geometry at an altitude of 82 km and a Mach number of
30, following the same procedure as the simulation around the circular cylinder. Again, the
arbitrarily shaped geometry was not included in the training dataset used for BCML model
development. Consequently, the BCML model lacks explicit geometric information for this

configuration, thereby enabling a stringent assessment of its generalisation to previously
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Figure 6.12: Comparison of properties (left along the stagnation line for the BCML Assisted
mesh (87,365 cells) with a refined DSMC mesh (417,600 cells) for Mach 20 flow over a
square cylinder at altitude 63 km and zoomed in view (right) near the stagnation point.

unseen geometries. Subsequently, the proposed BCML-assisted meshing algorithm was
applied to an initial pre-generated mesh containing approximately 1.0 x 10° cells, resulting
in a reduced mesh comprising approximately 8.3 x 10* cells. A magnified view of the BCML-
assisted mesh in the shock-dominated region is presented in Figure. 6.11 (right). Again,
the uniform refined DSMC mesh, after grid independence tests, consisting of approximately
4.0 x 10° cells, was generated for the same arbitrarily shaped geometry. Flow simulations
conducted on both the original DSMC mesh and the BCML-assisted mesh under identical
numerical and physical conditions yielded flow-field data that were extracted along the

stagnation line after steady state was achieved.

In the flow-field analysis, the peak temperature and pressure predicted using the original
DSMC mesh are 31,541.4 K and 1051.2 Pa, respectively. In comparison, the BCML-assisted
mesh yields peak values of 32,036.8 K for temperature and 1039.52 Pa for pressure, indicating
a marginal over-prediction. The corresponding differences in peak temperature and pressure
are less than 1%, demonstrating good agreement between the BCML-assisted and original
DSMC mesh solutions, as depicted in Figure 6.11 (left). Compared to the simulation for a
circular cylinder at an altitude of 75 km, it was expected that the number of cells in the
mesh around the arbitrarily shaped geometry would be fewer. However, due to the shape
and flow asymmetry, the optimised mesh contains a large number of cells. However, since
the number of cells in the optimised BCML-assisted mesh is much lower than that in the
uniform refined mesh, the overall computational cost is reduced. In terms of computational
efficiency, the original DSMC mesh required 309.26 hours on a 12-CPU-core workstation,
whereas the BCML-assisted mesh on the same 12-CPU core workstation achieved the same
solution accuracy in only 49.536 hours, resulting in a reduction of approximately 83.982% in

computational time.
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Table 6.3: Simulation conditions with T\,; = 1000 K and computational cost/time
comparison for BCML-assisted mesh with the original DSMC mesh for various geometries.

Parameter Square Cylinder Circular Cylinder Arbitrarily Shaped Body
Altitude (km) 63.00 75.00 §2.00
Pressure (Pa) 13.332 3.544 1.010
Temperature (K) 295.35 211.1 186.7
AoA 22° 0° 0°
Inlet Velocity (m/s) 6456.216 8737.160 8216.71
Uniform Refined DSMC Mesh Cells 417,600 397,795 397,376
Uniform Refined DSMC Mesh (hrs) 311.16 228.21 282.00
BCML Assisted Mesh Cells 87,365 60,634 90,344
BCML Assisted Mesh (hrs) 76.742 30.69 30.54
Speed Up (x times) 4.054 7.435 9.233
Reduction in Computational Cost (%) 75.33% 86.53% 89.172%

Table 6.4: Summary of computational cost associated with the proposed BCML frameworks
and BCML-assisted solvers.

Framework Offline Cost Training Cost Online Cost BCML-assisted Cost

Low-altitude NSF- 500 NSF-CFD simula- ~185 min <10 s 22-25% speed-up

BCML tions (~12 h/case)

Reacting NSF- 29 reacting hy2Foam sim- ~30 min <8s N/A

BCML + ulations (48 h/case)

ChemDNN

High-altitude 154 DSMC simulations ~240 min <15s 76.742 h (vs 311.16 h)

DSMC-BCML (~20 h/case)

(Meshing)

Reacting DSMC- 154 reacting DSMC sim- ~280 min <20 s N/A

BCML + wulations (~20 h/case)

ChemDNN

SurfPropDNN Surface-property DSMC ~5 min ~6 s N/A
database

BCML-assisted BCML initial field N/A N/A 17.78 h (vs 22.72 h)

FVM (Cylinder)

BCML-assisted ~ BCML initial field N/A N/A 14.87 h (vs 19.09 h)

FVM (Square)

BCML-assisted BCML initial field N/A N/A 31.57 h (vs 41.61 h)

FVM (FIRE-II)

Notation: NSF = Navier-Stokes—Fourier; DSMC = Direct Simulation Monte Carlo; N/A = Not Applicable;
h = CPU hours.

Finally, similar flow-field and computational performance analyses were conducted for
hypersonic flow over a square cylinder at an altitude of 63 km and a Mach number of 20. A
uniform refined DSMC mesh consisting of approximately 4.17 x 10° cells was generated. The
BCML-assisted meshing algorithm generated an optimised mesh comprising approximately
8.7 x 10* cells. A magnified view of the BCML-assisted mesh in the shock-dominated region
is presented in Figure 6.12 (right). Flow simulations conducted on both the uniform refined
mesh and the BCML-assisted mesh under identical numerical and physical conditions demon-
strate excellent agreement between the BCML-assisted and original DSMC mesh solutions
as depicted in Figure 6.12 (left). The DSMC simulation employing the uniform refined mesh
ran for 311.16 hours on a 12-CPU-core workstation, whereas the BCML-assisted mesh on the
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same 12-CPU core workstation achieved the same solution accuracy in only 76.742 hours,
resulting in a reduction of approximately 75.33% in computational time. The summary of

the details of all three cases can be found in Table 6.3.

6.3 Computational Cost and Workflow Considerations

The computational speed-up associated with the BCML framework primarily occurs during
the online prediction stage, after completion of the offline dataset generation and neural
network training processes. The overall workflow, therefore, includes computationally expen-
sive NSF-CFD/DSMC-based data generation and model training stages prior to deployment.
Consequently, the BCML framework should primarily be viewed as an assisting tool for rapid
flow-field estimation, convergence acceleration, and optimised mesh generation within the
trained operating regime, rather than as a complete replacement for high-fidelity NSF/DSMC

solvers.

Table 6.4 summarises the computational cost associated with the proposed BCML frame-
works, including offline database generation, neural-network training, online prediction, and
BCML-assisted solver performance. Although the offline data-generation stage is compu-
tationally intensive, the trained BCML models enable rapid predictions and significantly
reduce the computational cost of repeated simulations and solver-assisted workflows within

their trained regime of applicability.
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Chapter 7

Conclusion and Future Scope

A preliminary attempt has been made to develop a novel machine learning-based model
capable of predicting the flow field without explicitly solving the NSF equations or running
the DSMC algorithm. The intention of designing the new model was to study external
supersonic/hypersonic flow independently of the shape of the bluff body, accounting for the
influence of various surrounding boundaries. The concept of a generator in the present work
models the effect of various boundary conditions on a point within the domain. The lengths
of the generators from the points along the planar angle from the point to the boundary con-
dition, along with the set of Dirichlet/Neumann conditions for various properties, serve as the
input layer to the deep neural network. A total of four BCML frameworks have been proposed.
Two of these can predict flow-field properties in frozen and chemically reactive hypersonic flow
at low altitudes, respectively, using training data generated by a continuum-based NS solver.
Additionally, the other two can predict flow-field properties in frozen and chemically reactive
hypersonic flow conditions at high altitude, respectively, using data generated by the DSMC
method. Flow-field data over a wide range of altitudes (40-84 km) and Mach numbers (2-35)

are included in the training data for the BCML models, covering the entire re-entry trajectory.

Table 7.1: Summary of datasets used for BCML training.

Model Solver/Geometry Simulations  Cells
T , ) NSF-CFD / Circular Cylinder 80 214244
Low-altitude BOML (Frozen)  nop opp 7 Square Cylinder 420 104400
Low-altitude BCML (Reacting)  hy2Foam / Stardust 29 30393
DSMC / Square Cylinder 80 104400
High-altitude BCML (Frozen) DSMC / Circular Cylinder 36 214244
DSMC / Arbitrary-shaped Cylinder 38 ~ 70500
DSMC / Square Cylinder 80 104400
High-altitude BCML (Reacting) DSMC / Circular Cylinder 36 214244
DSMC / Arbitrary-shaped Cylinder 38 ~ 70500

The total dataset, summarised in Table 7.1, is used to train the BCML frameworks,
which include 500 NSF-CFD simulations for the low-altitude BCML model (frozen), 29
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reacting hy2Foam simulations, and 154 DSMC simulations for each of the frozen- and
reacting-high-altitude BCML frameworks. The cumulative dataset comprises approximately
0.5 billion spatial data samples from NSF-CFD /hy2Foam simulations and approximately
18.3724 million from DSMC simulations.

One of the important outcomes of the present work is the development of the high-altitude
DSMC-based BCML framework combined with the ChemDNN model for estimating ther-
mophysical and species properties in hypersonic rarefied flows. The BCML models were
validated for a wide range of test cases with arbitrary inlet and boundary conditions, which
were not a part of the training data. It was found that the flow field predicted by the
BCML model was in reasonable agreement with those obtained from the NS-CFD/DSMC
solver. The BCML model captured the major bow-shock characteristics and overall flow
trends with reasonable agreement with the NSF-CFD/DSMC solutions for the validation
cases considered. Furthermore, the new BCML model can capture other wave features with
reasonable accuracy. The overall error in any of the flow field properties was less than
5% compared to that predicted by the NS-CFD/DSMC method. The main benefit of the
BCML models was negligible computational cost (< 10s) and very high speed-up (>> 1000)

in estimating the flow field compared to the traditional solver.

Further, the BCML model was used with the FVM solver to accelerate the CFD sim-
ulations. Hypersonic flow simulations with BCML-generated flow fields were at least 25%
faster for the given FVM solver. In addition, a BCML-assisted mesh generation framework
has been developed for DSMC simulations of hypersonic rarefied flows. The approach uses
BCML-predicted flow fields to construct a mesh based on the local mean free path, enabling
refinement in regions of strong non-equilibrium effects while avoiding unnecessary over-
resolution elsewhere. The BCML-assisted mesh generation algorithm combined logarithmic
smoothing with Delaunay triangulation to produce high-quality unstructured meshes that
meet resolution constraints. Benchmark simulations showed that DSMC solutions obtained
on the BCML-assisted optimised meshes closely match those obtained on highly refined static
meshes, while requiring significantly fewer computational cells and reduced computational
time. The utility of the BCML model should be viewed primarily as an assisting framework
for CFD and DSMC' simulations by providing improved initial conditions, aiding mesh design,
and generating approrimate flow-field estimates, rather than as a complete replacement for
conventional CFD or DSMC solvers.

The overall accuracy improves as the number of generators increases. Although the
possibility of ambiguity in the boundary-to-field mapping cannot be completely ruled out for
arbitrary geometries, no such ambiguity was observed for the range of flow configurations
considered in the present study. Increasing the number of generators also increases the

dimensionality of the input space, thereby introducing a trade-off between accuracy and

TH-4100_206103020 106



computational cost. Also, the adopted distance function naturally emphasises the influence
of nearby boundaries while reducing the contribution of distant boundaries, enabling the
network to learn localised flow features, including regions influenced by shocks and strong
gradients, from the training data. A rigorous mathematical analysis of the approximation
properties and theoretical foundations of the BCML framework remains an important direc-

tion for future research.

The overall contributions of the present work can be summarised as:

1. A new Boundary Condition-based Machine Learning (BCML) framework is introduced,
which uses generators to model how surrounding boundary conditions and geometry

influence arbitrary points in a hypersonic flow field.

2. Separate BCML frameworks have been reported spanning atmospheric re-entry regimes
from 40 to 84 km, utilising continuum-based CFD for lower altitudes and DSMC

simulations to account for high-altitude rarefaction and nonequilibrium effects.

3. Auxiliary neural networks, ChemDNN and SurfPropDNN, have been developed to
predict reacting-species mole fractions and critical surface properties such as heat flux

and pressure coefficients under rarefied hypersonic conditions.

4. Practical engineering utility is demonstrated by leveraging BCML predictions to
accelerate conventional CFD convergence and to automate mesh adaptation in DSMC

simulations based on BCML-predicted local flow properties.

It should be emphasised that the present study reports preliminary findings in the initial
stage of development of the BCML framework. The following needs to be undertaken as

part of the future work:

e In the immediate future, the primary objective of the high-altitude DSMC-based
BCML framework, particularly in rarefied re-entry flows, is to facilitate efficient domain
decomposition strategies that improve load balancing in multiprocessor simulations. A
potential application of the proposed BCML framework is in improving load balancing
for DSMC and hybrid CFD-DSMC solvers with optimised domain decomposition. Since
the BCML model can rapidly predict density distribution prior to the actual numerical
simulation, it provides an estimate of the computational cost across different regions of
the domain. Regions characterised by small mean free paths will have a higher particle
density and can therefore be allocated a larger number of processors. Conversely,
low-density regions can be assigned fewer computational resources. Such an adaptive
domain decomposition strategy has the potential to improve load balancing, reduce
processor idle time, and enhance the parallel efficiency of large-scale DSMC and hybrid
CFD-DSMC simulations. This is currently in progress.
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e The BCML framework can be used to improve the efficiency of an NSF-DSMC hybrid
solver. Generally, the hybrid solver starts with a solution from the FVM solver, which
is then split between the NSF and DSMC zones. This continues iteratively until
the boundary converges. BCML can significantly improve efficiency by accurately
predicting the final continuum breakdown regions, thereby reducing computational

cost.

e The BCML algorithm can be easily extended to three-dimensional simulations by
modelling generators that span the 47 solid angle rather than the current planar
angles. An appropriate 3D-BCML model can be trained with sufficient data from

three-dimensional simulations.

e Further investigation is required to establish a deeper understanding of the underlying
mathematical principles governing the BCML model architecture and its learning
dynamics. Due to the high dimensionality of the input layer, the topology is extremely
complex and may include regions of the multidimensional domain that are not present
in the training data. Such regions can potentially introduce localised inaccuracies in
model predictions, as the neural network may not have been sufficiently exposed to all

areas of the input topology during training.

e Hypersonic flow is a complex physical phenomenon in which non-equilibrium effects and
finite-rate chemistry play an important role in the evolution of the flow, the structure
of the shock, and the associated wave patterns. The BCML model, in its current form,
relies solely on boundary conditions and is therefore limited by the absence of explicit
chemical reaction modelling and higher-order moment effects, which are inherently flow
phenomena and not solely determined by boundary conditions. Future BCML models

should incorporate physics more rigorously.

e In its current form, SurfPropDNN predicts the surface properties directly from the
geometry of the bluff body and the far-field flow properties. The model does not use the
flow-field temperature and velocity as inputs, especially in the vicinity of the bluff body.
This approach is computationally simple and serves as a preliminary demonstration
primarily for completeness in the overall flow analysis. A more physically consistent
framework would incorporate flow-field information as inputs to the surface model,
allowing surface quantities to be derived directly from the underlying flow physics.

This limitation will be addressed in future work.

e Although BCML has presently been developed and validated for hypersonic re-entry
flows, its underlying framework is not restricted to this class of problems. BCML can
be extended to a wide range of compressible and rarefied flow applications, including

nozzle flows with expansion-induced non-equilibrium, high-altitude plume expansions,
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shock—boundary layer interactions, micro-nozzle flows, and other internal or external
aerothermodynamic configurations. With appropriate training datasets covering the
relevant flow regimes, the model can generalise beyond re-entry flows. In fact, the
BCML algorithm is independent of the methodology used to generate the training data.
The concept of the BCML model can be used in conjunction with molecular dynamics,
discontinuous Galerkin, smooth particle hydrodynamics, or even for applications and

computational methods beyond fluid flows.

Data Availability Statement

The training and validation codes developed for the Boundary Condition-Based Machine
Learning (BCML) flow-field prediction framework are publicly available on the GitHub
repository (https://github.com/saiprakash2026). The datasets generated and analysed
during the current study are available from the author(s) upon request. Additional data,
scripts, or supporting materials required to reproduce or further investigate the reported

results will also be made available upon reasonable request.
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