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Abstract

The real time integration of the chemical kinetics in reacting flows consumes the
majority of the computational time required when using many simulation techniques.
Tabulation of the chemical kinetics using artificial neural networks (ANNs) has the
potential to alleviate this computational bottleneck. ANN approaches should have
high prediction accuracy but remain as general as possible in order to increase the
range of applications and so the potential speed-up. Additionally, it is desirable for
ANNSs to be physically consistent with the chemical kinetics they replace.

In this thesis the generality of ANN approaches is advanced using a random
data generation method, which takes data from canonical combustion problems and
modifies it to expand the composition space covered. ANN accuracy is improved
by using a quasi-second order training algorithm, an automatic approach to reg-
ularisation and by predicting the reaction behaviour of each species individually.
The accuracy of the ANN tabulation method is demonstrated via its application to
large eddy simulations using transported probability density function closure for the
filtered reaction source terms, with numerical solution using stochastic fields.

Statistics obtained from two such simulations of a non-premixed CHy/air jet
flame with a thirty one species mechanism using conventional real time integration
and the ANN tabulation method respectively, show excellent agreement for major
species and good agreement for minor species, while the time required for reaction
source term calculations is reduced eighteen fold. The range of applications of
ANN thermochemistry tabulation is then expanded by simulating turbulent swirl-
stabilised bluff-body CHy/air premixed jet flames with the same thirty one species
mechanism. Recirculation zones near the bluff-body in these flames require very
high prediction accuracy to prevent the accumulation of prediction errors affecting
downstream predictions, particularly for minor species. The required prediction
accuracy is therefore obtained by automatically dividing the output ranges for each
species by their magnitudes and using separate ANNs for each. Excellent agreement
is observed between statistics collected from simulations using the ANN method
and those obtained when using conventional integration, with a reaction source
term calculation speed-up of fourteen times.

A method for ensuring physical consistency by enforcing the conservation laws
when using ANN thermochemistry tabulation is then developed and applied to sim-
ulations of methane/air and propane/air flames. The results of these simulations
show that enforcing the conservation laws positively impacts the accuracy of ANN
predictions while incurring an insignificant extra computational cost. This conser-
vation method can be readily appended to existing ANN architectures and also be
applied to data generation and the prediction of reaction rates.
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Chapter 1

Introduction

1.1 Background and motivation

Anthropogenic emissions of greenhouse gases from the combustion of fossil fuels are
contributing to global heating at an unprecedented rate. The 2015 Paris Agreement
aims to limit the global temperature rise to 1.5 °C compared to pre-industrial levels
in order to avoid the most damaging effects of global heating. The Paris Agree-
ment requires its signatories to explore the development of low-carbon technologies
to reduce greenhouse gas emissions across a wide range of economic sectors. The
widespread penetration of renewable energy technologies makes the transition of
the power generation and surface transport sectors to a low-carbon state technically
and economically feasible in the coming decades. However the decarbonisation of

the aviation sector will not be as straightforward.

While small scale trials of battery powered aircraft have been successful, the
low energy density of current battery technologies compared to aviation fuels such
as kerosene precludes their use in large commercial airliners. Using synthetic fu-
els, manufactured from carbon captured from the atmosphere, has the potential to
greatly reduce the net carbon emission of commercial aviation. Currently however,
the cost of manufacture of these synthetic fuels means they are not economically vi-
able. The need is then clear for the continued development of combustion equipment
for commercial airliners to increase fuel efficiency, for a reduction in carbon dioxide
emissions if using conventional fuels or to reduce costs if using synthetic fuels. Such
development will rely on computationally cheap and accurate computational fluid

dynamics (CFD) simulations of combustion equipment.

There are two main sources of computational cost in combustion simulations.

The first source is the range of turbulent scales which are simulated. Direct numer-
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1 Introduction

ical simulations (DNS) resolve the whole range of temporal and spatial turbulence
scales present in a reacting flow, from the integral length scale all the way down to
the Kolmogorov microscales. The full resolution of the turbulence means that DNS
does not require a model for turbulence or a model for the interaction between tur-
bulence and chemistry. However, in order to resolve all of the turbulent scales, small
grid cell sizes are required and so large numbers of cells are used. As the smallest tur-
bulent length scales decrease with increasing Reynolds number, the cells sizes must
also decrease, which increases the computational expense of DNS. Typical Reynolds
numbers encountered in industrial applications result in infeasible computational

demands when using DNS, even when using state-of-the-art supercomputers.

Rather than resolving all of the turbulent scales, large eddy simulation (LES)
resolves only the large, low-frequency scales present in the flow. This separation
of scales is achieved using a low-pass filter. By not resolving the smaller, high-
frequency scales the computational demands are lower, rendering simulations of
industrial equipment with complex geometries and high Reynolds numbers feasible.
Although the larger scales contain the bulk of the flow energy, the small scales do
contribute significantly and so must be modelled. This presents a problem for LES
of reacting flows. Important combustion phenomena occur at scales which are well
below the resolved range of typical LES. Representing the interaction between the

turbulence and the chemistry at the unresolved scales is then a key modelling choice.

One such modelling technique involves the solution of a transport equation for
the one-point filtered joint probability density function (PDF) of the relevant scalars
involved in the reacting system. Such an approach yields a closed form description
of the otherwise unresolved reaction source terms, and indeed allows any otherwise
unresolved one-point function to be computed. PDF methods are thus attractive
from an LES perspective as they offer a potentially burning regime independent
account of the interaction between the turbulence and chemistry at the unresolved
scales. Terms requiring two-point information, such as convective fluxes in physical
or composition space, remain unresolved and so must be modelled. However, it is
supposed that the modelling of these terms is more straightforward than the mod-
elling of the turbulence-chemistry interaction. A comprehensive treatment of PDF
methods in reacting flows can be found in the reviews of O’Brien [1]|, Pope [2] and
Dopazo [3]|. One complication associated with PDF methods is that the dimensional-
ity of the PDF scales with the number of reacting scalars, and so the PDF transport
equation can contain a very large number of independent variables. Therefore nu-
merical solution of the PDF transport equation is usually obtained using stochastic
methods.

A commonly used stochastic solution method is based on Lagrangian stochastic

particles [2], where a collection of particles are used to represent the scalar PDF,
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1.1 Background and motivation

coupled with an Eulerian approach for the velocity components. An alternative
is the stochastic fields method, which is an Eulerian approach first formulated by
Valino [4] with an alternative derivation provided by Sabel’nikov and Soulard [5].
The method introduces an ensemble of stochastic fields which evolve according to
stochastic partial differential equations and aim to describe an equivalent stochastic
system to the joint PDF transport equation. The stochastic fields method is easily
implementable into finite volume CFD codes, while it is easy to compute the required
statistical moments. The stochastic fields method has been developed for use in LES
by, for example, Jones and Navarro-Martinez [6] and has been applied successfully

since to a variety of turbulent flames in different burning regimes |7, 8, 9, 10].

While the LES-PDF method may incur a significantly lower computational cost
than DNS, the second source of significant computational cost in turbulent com-
bustion simulations, and indeed the computational bottleneck in such simulations,
is the real time computation of the chemical kinetics. The chemical kinetics of
a reacting system are modelled using a system of ordinary differential equations
(ODEs), where each ODE expresses the instantaneous net formation rate of one of
the chemical species present in the considered reaction mechanism. Typical reac-
tion mechanisms for combustion systems with simple fuels consist of tens of species
and hundreds of individual reactions. For more complex reaction mechanisms such
as those for long carbon chain fuels like kerosene or those for predicting pollutant
formation, it is not uncommon to consider hundreds of species and thousands of

reactions.

Many combustion modelling methods require this system of ODEs to be numeri-
cally integrated at every point in time and space throughout a simulation. Addition-
ally, the wide range of chemical time scales present in such reacting systems often
require stiff ODE solvers utilising small step sizes to be used, further complicating
the solution procedure. The real time integration of the system of ODEs is required
in DNS and simulations using the LES-PDF method. Further, if the numerical so-
lution of the PDF equation is obtained using stochastic methods, the number of
evaluations of the chemical kinetics is actually increased, as it must be evaluated for
every stochastic particle or stochastic field employed. This computational bottleneck
is also present in other modelling approaches including but not limited to: laminar
flame computations, conditional moment closure [11, 12|, multiple mapping condi-
tioning 13|, thickened flame methods [14], the linear eddy model [15] and partially
stirred reactors. In simulations utilising such methods it is desirable to alleviate the
computational bottleneck by reducing the time required for the integration of the

system of ODEs describing the chemical kinetics.

One way of reducing the required time is to introduce a reduced kinetic model,

which aims to simplify the chemical kinetics without sacrificing significant accuracy.
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Mechanism reduction methods based on timescale analysis, such as the quasi steady
state approximation [16], partial equilibrium [16|, computational singular pertur-
bation (CSP) [17, 18] and rate-controlled constrained equilibrium (RCCE) [19, 20]
have previously been employed for reducing the size of the system of ODEs. How-
ever, the integration of the ODEs resulting from the reduced mechanisms (often
together with additional algebraic equations) is often still prohibitively expensive

for large-scale combustion computations.

Another way of reducing the required computational time utilises a class of
methods based on the flamelet model [21, 22|, which expresses the full composition in
terms of a reduced set of parameters based around mixture fraction and/or progress
variable. Such methods offer a very efficient reduction in the number of variables
considered but are restricted to certain burning regimes where the assumptions
inherent in the flamelet model hold. Other methods which condense the considered
reacting system into a lower-dimensional space, such as the intrinsic low-dimensional
manifold (ILDM) method |23, 24|, flame prolongation of ILDM [25| and manifolds
obtained through CSP [26] capture most of the important behaviour contained in a
reaction mechanism with a reduced number of variables but the generality of such

manifolds difficult to assess.

An alternative approach to reducing the computational time required for the
solution of the chemical kinetics is through tabulation. Rather than performing the
real time solution of the system of ODEs, a table containing the reaction behaviour
of compositions which represent those to be encountered in the application can
be assembled ahead of time. By using a cheap and efficient method to perform
retrievals from the table during a simulation the computational bottleneck can be
alleviated. Tabulation can also be used in conjuction with mechanism reduction and
flamelet and manifold methods if desired, to further improve their computational

performance.

There are several considerations to be taken into account when using tabulation.
The first consideration is the amount of computational memory required to store the
table. Each compute node in a distributed memory computer architecture, on which
almost all large-scale combustion simulations are run, has its own dedicated memory
which is not shared with any other compute nodes. This means that on such com-
puter architectures the amount of memory available to each compute node is limited
and tabulation methods should not be overly memory intensive. Another considera-
tion for tabulation methods is the retrieval time, with the maximum computational
speed-up obtained if the retrieval time is minimised. The time required for retrievals
is linked to how efficiently the table is searched to find the best matching compo-
sitions to the one for which the retrieval is required and the interpolation method

used. A further consideration is the accuracy of the chosen tabulation method in
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the chosen application. The accuracy of the tabulation method is influenced by how
well the compositions contained in the table suit the application, the table resolution
and the interpolation method used. Additionally, it is desirable that the tabulation
method used does not impose more restrictions on the flame regimes which can be
simulated than any other stage in the modelling process.

The simplest approach to tabulation is to use a structured look-up table to record
compositions and their respective reaction behaviour. It is necessary to store the
compositions at a sufficient resolution to capture the highly non-linear behaviour of
the chemical kinetics. However, as the table grows exponentially with dimension,
storage of look-up tables for cases with more than a handful of variables quickly
become infeasible. Limited memory savings can be achieved using local table re-
finement or a partitioning and then simplification of the composition space |27, 28|,
however the extension to reaction mechanisms with many species is still unachiev-
able. Exploiting the self-similar behaviour of certain combustion situations [29] can
reduce the memory requirements but tables generated in this way are necessarily
limited in applicability.

An efficient tabulation method is that of in-situ adaptive tabulation (ISAT') [30].
ISAT reduces memory requirements by only tabulating the compositions encoun-
tered during a simulation. An efficient binary tree search method is used to perform
fast retrievals from the table. The compositions from ISAT are sampled from the
application and so are guaranteed to be well suited to it. However, ISAT introduces
a speed penalty compared to pure ahead of time tabulation methods as the real time
integration of the system of ODEs must be performed in order to create the table.
Additionally, ISAT memory requirements will grow as the simulation progresses and
new compositions are added to the table, particularly when accessing unfamiliar
regions of the composition space.

An alternative approach to tabulation uses artificial neural networks (ANNs),
which are a class of machine learning tools capable of a wide variety of tasks. The
following section explains the theoretical foundations of ANNs and gives a brief

review of ANN approaches to thermochemistry tabulation.

1.2 Overview of thermochemistry tabulation with

artificial neural networks

Machine learning is a sub-field of artificial intelligence which aims to develop com-
putational algorithms which are able to learn and adapt without explicit instruction

by extracting patterns from data. The ability to utilise patterns in data rather than

31



1 Introduction

formulating explicit algorithms has led to the proliferation of machine learning in
a variety of otherwise difficult tasks such as pattern recognition, natural language
processing, clustering, non-linear regression and dimensionality reduction. Machine
learning has been applied to various tasks in a combustion modelling context, fur-
ther details of which can be found in the comprehensive reviews of Thme et al. [31]
and Zhou et al. [32]. Artificial neural networks are a subset of machine learning
which are loosely inspired by the biological neural networks that make up brains,
and are made up of a collection of basis units called neurons. Any number of con-
nections may exist between neurons. Signals can travel along connections between
neurons if they are present. Each neuron typically has a process or function asso-
ciated with it which collects and modifies incoming signals, although this is not a
requirement. The limited number of restrictions on what constitutes an ANN has
led to the development of countless different types, each designed to accomplish a

given task.

There are two commonly used types of ANNs in combustion modelling. The
first type are convolutional neural networks (CNNs), which are adept at extracting
features from spatial data. This initially led to the widespread use of CNNs for image
analysis tasks, such as image classification or image segmentation. The counterpart
of a CNN, the deconvolutional neural network (DCNN) is able to produce spatial
data from a set of features. Extracting features from spatial data or spatial data from
features is useful in the context of combustion modelling, particularly when filtering
operations are performed. Lapeyre et al. [33] trained a CNN-DCNN combination
to estimate the unresolved flame surface density field from the filtered progress
variable field. Nikolaou et al. [34] applied a DCNN to extract the unfiltered progress
variable field from the filtered density and filtered density-progress variable product
fields. The unfiltered progress variable field was then used to estimate the filtered
progress variable field, allowing the closure of the unresolved scale progress variable
variance and the filtered reaction rate. While CNNs have been used for combustion
modelling, they are not well suited to thermochemistry tabulation as they operate
most effectively when considering a spatial image, which is difficult to obtain when

considering reaction source terms only.

The most commonly used type in the context of thermochemistry tabulation is
the multi-layer perceptron (MLP). MLPs are a type of feedforward ANN, consisting
of layers of neurons connected by weights, which are assigned numerical values. The
neurons in an MLP may contain non-linear activation functions, while the weights
assign relative importance to the signals between neurons. Inputs arrive at the first,
or input, layer of the MLLP, and pass through successive 'hidden’ layers until reaching
the final, or output, layer where the MLP outputs are produced. The values of the

MLP weights are determined ahead of a simulation through a non-linear optimisation
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process known as training, where representative inputs are presented to the MLP
and the error between the target output and the MLP output are used to adjust the
weights. MLPs containing non-linear activation functions and consisting of at least
a single hidden layer are universal approximators capable of imitating any function.
This allows MLPs to replace the real time integration of the system of ODEs by
learning the underlying function describing the chemical kinetics. Then, once a
composition is presented to the MLP, the rate of reaction or the evolution of the

composition due to reaction over a given time step can be estimated.

The tabulation process using ANNs broadly consists of three main steps. The
first step is to generate a table containing the representative composition space
points for the desired application from which training will occur. The second step
is to determine the ANN architecture, which may include some subdivision or sim-
plification of the training set. The third step is to perform the training process,
during which the ANN weights of the chosen architecture are adjusted to represent
the reaction behaviour of the points contained in the training set. Once the weights
are determined the ANNs can be used to replace the reaction mechanism integration

in the application of choice.

Tabulation using ANNs has significant advantages over other tabulation meth-
ods. It is only the values of the weights, and very limited information about the
structure of the ANNs, that need to be stored during a simulation, so memory re-
quirements are both low and fixed. Additionally, retrievals are performed via a small
number of matrix multiplications and calculations of the required non-linear activa-
tion functions. This is a considerably faster process than integrating the system of

ODEs and is also not affected by issues relating to the stiffness of the ODE system.

However, the key issue with ANN tabulation of thermochemistry is accuracy.
The overall accuracy of an ANN tabulation approach is determined by two main
factors. The key factor relates to how similar the compositions contained in the
training data set are to those encountered in the application. ANNs are able to
interpolate within the composition space on which they are trained, but much like
other tabulation methods, ANNs are not able to accurately extrapolate outside of
the data they are trained on. This means that the training set must anticipate the
composition space to be covered in the application. It is thus desirable to generate
training data which is as general as possible, to increase the chances of the data being
similar to the application. This has the added benefit of meaning ANNs trained on
such data can be applied to families of similar problems, potentially increasing the
speed-up obtained. Generating such data is a challenging issue, particularly when
considering mechanisms with many species and so a high dimensional composition
space. The second factor depends on how accurately the MLPs are able to imitate

the function described by the system of ODEs over the data on which they are

33



1 Introduction

trained. It is necessary to ensure that both factors are considered for a successful
ANN tabulation. If the ANNs are well trained on data which is dissimilar to that
encountered in the application, then their accuracy in the application will be poor.
Similarly, if the ANNs are poorly trained on data which is similar to that encountered

in the application then accuracy will also be poor.

Various approaches to generating training data have been used previously. Train-
ing data which is generated from the target application or from a simplification of
it [35, 36] have good accuracy practically guaranteed, but lose a significant pro-
portion of the potential speed-up due to having to simulate the application in the
first place. Additionally, ANNs produced in this way lack generality and will ex-
hibit poor performance in other applications unless they are very similar. For these
reasons, the few works which generate training data directly from the application
normally explore other aspects of the ANN method. For example, Blasco et al. [37]
and Owoyele and Pal [38] assessed the accuracy of new ANN architectures, while
Chen et al. [39] were concerned with reducing the memory requirements of ISAT
using ANNs. Similarly, the focus of Grofe and Joos [40, 41| was on investigating
whether chemical mechanism reduction could be performed by using ANNs to pre-
dict select species only. More general approaches to producing training data are
desirable. The simplest and most general approaches sample data across the entire
theoretically allowable composition space [42, 43, 44, 45, 46]. However, this method
suffers from similar problems to look-up tables and is only feasible if the number
of composition space variables is small. A reduction in memory requirements can
be achieved using methods such as Latin Hypercube sampling [47|, as performed
by An et al. [48], however, some notion of the composition space to be covered is
required and as the number of dimensions increases beyond tens of chemical species

an overwhelming number of samples is needed to obtain adequate resolution.

A widely used approach utilises canonical combustion problems (CCPs) to gen-
erate training data. The use of CCPs allows data to be generated for systems with
large numbers of reacting variables. Such data occupies the relevant region of com-
position space which is likely to be accessed in realistic combustion situations, but
is sufficiently general that it is not specific to a given application, and ANNs trained
on such data can be used for families of similar problems. Although the use of CCPs
adds a small computational cost to the ANN training data generation, the CCP sim-
ulations are relatively inexpensive compared to large-scale turbulent reacting flow
simulations. This remains true even as the dimensionality of the composition space

to be sampled from increases.

There are a large number of CCPs which can and have been used to generate
training data. For example, Sen and Menon [49] employed DNS of flame-vortex in-

teractions (FVI) to generate ANN training data before applying the resulting MLPs
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to premixed syngas/air flame simulations using a cubic domain containing a pair of
counter rotating vortices superimposed on isotropic background turbulence. Sen and
Menon [50] and Sen et al. [51] employed standalone linear eddy mixing simulations
to generate realistic training data, before the application of the resulting MLPs to
the LES of syngas/air flames. Chatzopoulos and Rigopoulos [52] proposed a method
that sampled data from an ensemble of unsteady laminar flamelets, with an igni-
tion process included to capture igniting states. Subsequently, the training data
was partitioned with a type of ANN known as a self-organising map (SOM) [53],
which is capable of finding similar regions in multi-dimensional data. After the
composition space regions were found, a single MLP was trained to imitate the
reaction behaviour of each region. This combined SOM-MLP approach was then
applied to Reynolds-averaged Navier-Stokes (RANS) simulations with the trans-
ported PDF method for the non-premixed CHy/Hy German Aerospace Centre (DLR)
flames A and B [54]. Franke et al. [55] extended the approach of Chatzopoulos and
Rigopoulos [52] method to include extinguishing flamelets, before using the SOM-
MLP method for LES of the non-premixed CHy/air Sydney L flame [56], which
features high levels of local extinction. The method of Franke et al. was also used
to generate training data by Readshaw et al. [57], again for LES of the Sydney L
flame, and Ding et al. [58] for LESs of the partially-premixed CH,/air Sandia flames
D-F [59]. Laubscher et al. [60] used the eddy dissipation model to generate training
data for the LES of Sandia flame D, while a stochastic micromixing system was used
by Wan et al. [61] and Nguyen et al. [62] to simulate turbulent syngas oxy-flames.
Another CCP used to generate training data are perfectly stirred reactors, as used
by Cerri et al. [63] and Haghshenas et al. [64].

A related class of works use MLPs in conjunction with the flamelet model, which
as mentioned restricts the burning regimes which can be simulated but reduces the
computational time required by tabulating all of the reaction variables using mixture
fraction and/or progress variable. Therefore, the primary benefit of using MLPs in
such cases is in the greatly reduced memory requirements. Kempf et al. [65] used a
single MLP for each predicted flamelet variable to perform LES of a non-premixed
piloted CHy/air jet flame, while Thme et al. |66, 67| used steady flamelet data to train
MLPs before application to the LES of a non-premixed bluff-body swirl-stabilised
CH4/H, flame. Emami and Fard [68] used the flamelet model to generate training
data for a RANS simulation of a non-premixed turbulent CH4/Hy /Ny flame, while
Owoyele et al. [69] applied MLPs trained on unsteady flamelet model data to flames
in internal combustion engines. Hansinger et al. [70] used an MLP with many hidden
layers trained on flamelet /progress variable tables in an LES of the Sydney/Sandia

piloted jet flame with inhomogeneous inlet [71].

As well as the utilisation of a variety of CCPs to generate training data, there
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have also been numerous approaches to increasing ANN accuracy over the training
data. In many works, an increase in accuracy has been targeted by splitting the
ANN approach into two steps. The first step involves a simplification of the problem
with the aim of making the second step less difficult, while the second step is the
regression using the MLPs themselves. The simplification of the problem in the first
step can be achieved in a variety of ways. Prior knowledge of combustion can be
used to divide data based on some notion of reactivity, with Chen et al. [39] splitting
data using mixture fraction and temperature windows. Wan et al. [61] split their
training data into two parts depending on the mass fraction of oxygen. In both cases,
individual MLPs were then trained to each data set. These MLPs are necessarily
less general than MLPs trained on the overall data set, as they are specialised
to certain parts of the composition space. However, if the regions of composition
space used to train the individual MLPs contain compositions with similar reaction
dynamics then it may be easier for the individual MLPs to learn these dynamics and
so the overall accuracy may increase. The composition space can also be divided
using data-driven approaches rather than explicitly using combustion knowledge.
Numerous authors 37, 52, 55, 36, 72, 48] have used the SOM for composition space
division, finding regions of similarity based purely on the Euclidean distance between
points. Nguyen et al. [62] used the k-means algorithm, which is broadly similar to
the SOM in that both algorithms use the Euclidean distance between sample points
and vector nodes to represent similar regions of the considered multidimensional
space. In fact, k-means can be considered as a special case of the SOM, in which all
of the neurons are completely independent from each other. In both methods the
number of clusters used is chosen prior to training, with separate MLPs trained to
each resulting cluster. Using more clusters results in more specialised MLPs, which
can result in easier training and therefore higher accuracy if the reaction dynamics

within clusters are sufficiently similar.

Alternatively, the training data does not have to be divided and MLPs can be
trained over it in its entirety. Using a single large MLP to make predictions on all the
species over large regions or the entirety of the composition space is feasible using
deep learning based approaches. Deep learning does not have a strict definition, but
generally makes use of MLPs with at least four and up to several hundred hidden
layers, each one containing a large number of neurons. For example, Wan et al. [61]
and Nguyen et al. [62] used a four hidden layer MLP with neurons arranged 512-256-
128-64 to predict reaction source terms for a reduced mechanism of eleven species.
Another common method is to use a single MLP for each species |73, 65, 67, 69, 57|,
rather than a single MLP for all of the species. This is possible because although
certain species outputs are well correlated across the reaction step [69], the outputs
do not directly depend on each other, instead being functions of the input only. The

resulting MLPs are then more general than MLPs trained to specific composition
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space regions as they have been trained over large sections of the composition space
and may be easier to train as it is simpler to focus on the reaction behaviour of a

single species at a time.

1.3 Contributions of the thesis

While the aforementioned works have applied ANNs to thermochemistry tabula-
tion, a number of research challenges remain. These challenges are described in
this section, along with the contributions of the thesis which aim to tackle these

challenges.

The first challenge relates to ensuring that the overall ANN approach remains
general. There are two facets to this generality. The first is the generality of the
training data. While many CCPs have been used in order to generate compositions
representative of the application, little attention has been paid to how the ANN
themselves alter the composition space during a simulation. As reacting fluid el-
ements pass through the simulation domain, the ANNs repeatedly compute their
evolution due to reaction. There is inevitably some error associated with these
predictions. This error can accumulate as a simulation progresses, meaning that
predictions are generally more accurate at the inlet to the domain and accuracy
deteriorates moving downstream. The effect of this error is also to modify the en-
countered composition space. This can lead to composition space regions being
accessed which were not in the training set and also lead to modifications of prop-
erties of the composition space. If the ANNs are not sufficiently robust to their own
predictions errors then further errors can accumulate rapidly and lead to significant
inaccuracies and in the extreme case instability of the simulation. Therefore, it is
desirable to formulate training data generation methods which account for the ANN
predictions errors and so increase ANN accuracy by increasing ANN robustness to
their own prediction errors. The second part of the generality challenge is to en-
sure that any simplifications of the training set and the ANN training do not lead
to detrimental specialisation. Approaches using the combined SOM-MLP architec-
ture have shown that accuracy is increased on a reserved portion of the training
set [37, 52, 55]. However, if the composition space encountered in the application
does not share the same distribution as the training data, the specialisation inherent
in the SOM-MLP method may be detrimental to the overall ANN accuracy.

The second challenge is the application of ANNs to thermochemistry tabulation
for premixed flames. While there are many examples of ANN tabulation for non-
premixed flames, there are relatively few examples for premixed flames |73, 49, 50,

51] and no examples of industrially relevant large-scale turbulent premixed flame
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simulations. This suggests that choosing a CCP to target the composition space
encountered in premixed flames is difficult. Indeed, Chi et al. [74] formulated an
on-the-fly ANN training method, which operates in a broadly analogous manner
to ISAT, to perform two 2-D turbulent DNS premixed flame simulations, as well
as a turbulent 3-D DNS of premixed flame ignition and propagation from a spark.
While on-the-fly training avoids the need to anticipate the premixed composition
space, the method of Chi et al. requires repeated training at every few hundred
iterations of a simulation, which reduces the speed-up benefit of ANN tabulation.
It is therefore desirable to formulate a method capable of anticipating a premixed

flame composition space for purely ahead of time ANN tabulation.

The third challenge for ANN tabulation is how to ensure physical consistency
between the ANN predictions and theoretical conservation laws. ANNs making
predictions on the composition change due to reaction or on reaction rates should
satisfy the laws of conservation of the mass and the chemical elements, as well as
the bounds on the composition space. This issue is important for ANN accuracy, as
if the ANNs were able to obey mass and element conservation laws then properties
of the composition space in the simulation would not be altered, and the robustness

of ANNS to the effects of their own predictions errors would be less important.

The mass and element conservation laws manifest themselves as a series of linear
constraints on the ANN outputs. In the context of atmospheric modelling, Beu-
cler et al. [75] proposed a method for guaranteeing that ANN predictions satisfy
certain linear constraints by predicting all but one variable and then appending a
fixed ’constraint layer’ to calculate the final variable such that an arbitrary linear
constraint is satisfied. The method of Beucler et al. [75] allows the constraint to
be applied during the ANN training, and so leads to both physical consistency and
high accuracy. However, fixing the constraint during training also means that the
variable which is calculated is also fixed. This is problematic for chemical kinetics
as it may be desirable to calculate different species depending on the composition,

in order to ensure that the composition remains bounded.

It is therefore more advantageous to construct a method which applies the con-
straints as a post-processing step, as performed by Bolton and Zanna [76], again in
the context of atmospheric modelling. Applying the constraints as a post-processing
step allows flexibility in which variables to calculate and so may allow unbounded
compositions to be avoided, but also presents the problem of which variables to chose
to calculate for each composition. A post-processing step has previously been used
to apply constraints in the context of reaction mechanisms, with Wan et al. [61, 77|
using an element conservation scheme to ensure that predictions of eleven species
in a reduced mechanism satisfied the element conservation laws of the the entire

mechanism. While the method of Wan et al. [61, 77| was successful in satisfying
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the conservation laws, the limited number of species meant that a manual selection
and then recalculation of specific variables to satisfy each element was feasible. For-
mulation of a method which can automatically select which species to calculate to

enforce the conservation laws is thus desirable.

Considering the challenges of ANN thermochemistry tabulation, the specific con-

tributions of this thesis are:

(i) The development of a method for producing training data and ANN architec-
tures which are as general as possible, and are robust to the modifications of

the composition space caused by ANN prediction errors themselves.

(ii) The expansion of the range of applications of ANN thermochemistry tabulation

by simulating a turbulent premixed jet flame.

(iii) The formulation of a method which is capable of ensuring that ANN tabulation

is physically consistent with conservation laws and composition space bounds.

The importance of these contributions is that they advance the applicability and
accuracy of thermochemistry tabulation with ANNs. This means that ANN tabu-
lated thermochemistry can be applied more reliably to alleviate the computational
bottleneck present in simulation methods requiring the real time integration of the
chemical kinetics including but not limited to: the LES-PDF method, DNS, laminar
flame computations, the conditional moment closure method, the multiple mapping
conditioning method, thickened flame methods, the linear eddy model and partially

stirred reactors.

1.4 Thesis structure

In Chapter 2 of this thesis, an explanation of the required theoretical background
necessary to perform simulations of turbulent flames with ANN tabulated thermo-
chemistry is given. This includes the form composition space data takes and the
modelling of reaction mechanisms, as well as the conservation equations necessary
for simulating reacting flows. The LES-PDF method used for the turbulent flame
simulations in this work and its numerical solution with stochastic fields are also de-
scribed in Chapter 2, with the consistency of the moments arising from the stochastic
fields with those arising from the modelled PDF equation examined. Following this,
the individual principles of the SOM and MLPs are detailed, with considerations for
their training and usage given. The combined SOM-MLP architecture is explained,
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along with the formulation of a random data generation method capable of produc-

ing general ANN training data which can be used for turbulent flame simulations.

In Chapter 3 various ANN architectures are assessed in order to investigate the
generality of the SOM-MLP combination, before the best performing architecture is
applied to the LES-PDF simulation of a non-premixed CH, /air turbulent jet flame,
Sydney flame L. Chapter 4 extends the methodology used in Chapter 3 to generate
data for premixed flames as well as detailing a method which increases prediction ac-
curacy by using multiple MLPs for each species. The updated methodology is then
applied to LES-PDF simulations of premixed bluff-body swirl-stabilised CH,/air
turbulent jet flames. In Chapter 5 a method is formulated which is capable of en-
suring physical consistency when using ANNs in thermochemistry tabulation, which
can be applied to both predictions and data generation. Finally, in Chapter 6 the
main achievements of the thesis are summarised, with directions for future work
provided which aim to expand the range of ANN applications further and tackle

remaining issues.
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Chapter 2
Theoretical background

In this chapter the theoretical background necessary to perform thermochemistry
tabulation with artificial neural networks is explained. First, the basic form of com-
position space data and the foundations of chemical kinetics modelling are detailed.
Conservation equations for reacting flows are described before the treatment of these
conservation equations in large eddy simulation is explained. The transported prob-
ability density function method and the stochastic fields solution procedure which
serves as the framework for the simulations of turbulent flames performed in this
work are also detailed. The relevant machine learning tools used in these simulations:
multi-layer perceptrons and the self-organising map, are outlined and considerations
for their use given. Finally, a method of generating training data which is sufficiently

general for the application to turbulent flames is described.

2.1 Combustion

2.1.1 Combustion chemistry and reaction mechanisms
2.1.1.1 Basics of the composition space

The composition of a chemical species is described by the amounts of the constituent
chemical elements of the species. For example, the chemical composition of methane,
CHy, is one atom of carbon, C, and four atoms of hydrogen, H. The molar mass of
a chemical species is then defined as the sum of the molar masses of its constituent

elements. Again using methane, the molecular mass, M", is:

My, = ME + 4My,. (2.1)
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The chemical composition of a mixture of Ny, chemical species is described by the
concentration of each species in the mixture. The concentration of each component
can be described in different ways. For example, the mass fraction of a species ¢ in

a mixture is defined using:

y, = (2.2)

b
Mot

where m; is the mass of the component and m;, is the total mass of the mixture.

Alternatively, the mole fraction of a component in a mixture is defined as:

Ntot ’

X; (2.3)
where NN; is the number of moles of the component and N, is the total number of
moles of the mixture. The mole and mass fractions are related through the molecular

weights of the constituents and the average molecular weights of the mixture, M, :

Mr M
Yi=Xigo = Xi oy (2.4)
. SN XM

By construction, the mass and mole fractions are bounded between zero and

unity, while the sum of the mass and mole fractions is unity:

Nsp
> Vi=1and 0<Y; <1 (2.5)

=1

Additionally, as each species is made up of chemical elements the mass fractions

of the species are related to the element mass fractions by:

Nsp
> A= 7, (2.6)
=1

where A;; is a matrix containing the proportion of the mass of species i accounted
for by element j and Z; is the mass fraction of element j. Further, the ratios
between the element mass fractions may be fixed or have a defined range depending
on the amounts of fuel and oxidiser. For example, for a domain consisting only
of a hydrocarbon fuel inlet and an air inlet, where all species diffuse at the same
rate and neglecting numerical errors, all compositions which contain an amount of

C will also contain a corresponding amount of H according to the element ratio in
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the fuel, even if the actual amount of C contained in the composition varies due to
mixing. This remains true even for reacting compositions, as the elements are not
created or destroyed by chemical reactions. If the fuel used in such a scenario is
CHy4, then the ratio of the H element mass fraction to the C element mass fraction

in any composition is fixed at:

Zu

1

— = 2.7
Zo 3 (2.7)
The actual reaction behaviour of a chemical mixture depends on both its com-
position and its thermodynamic state. If the mixture is assumed to consist of ideal

gases, the ideal gas law can be used:

PV - NtOtRT7 (28)

where P, V and T are the mixture pressure, volume and temperature respectively
and R is the universal gas constant. A mixture of ideal gases can thus be fully
described by its composition and two thermodynamic state variables. The energy
contained in the mixture can be represented using the specific enthalpy rather than
the temperature, with the specific enthalpy of a given species at a temperature T

expressed as:

T
hi = / CpadT + AhY,, (2.9)

To

where Cp; is the heat capacity of the species at constant pressure, and Ahoyi is the
enthalpy of formation of the species at the reference temperature T°. The specific
enthalpy of the mixture is defined as the sum of the species enthalpies weighted by

their mass fractions:

Nsp 7 /Nep Nsp
h=> hY;= / (Z cp7i1f,-> dT + Y  Ah Y. (2.10)
a=1 ) i=1

T0

where the non-linear heat capacities can be estimated using empirical fits. If the

pressure is fixed, then a composition is described by:

0o = [h, Y], (2.11)
where ¢, contains all of the thermochemical scalars needed to fully describe the
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system. The dimensionality of the composition space is therefore strongly influenced
by the number of species considered in the mechanism, which is commonly of the

order of tens or hundreds.

2.1.1.2 Modelling reaction mechanisms

At constant pressure, the instantaneous net formation rates of the chemical species

due to reaction, w;, are then some function of the current composition:

dY;
dt

w; = = F(h,Y;) (2.12)
where it should be noted that the specific enthalpy so defined does not change
over the reaction step. The true species formation rates are unknown but can be
modelled using a reaction mechanism. Reaction mechanisms focus on modelling the
reaction behaviour of selected species and likely reaction pathways under a given
range of operating conditions. Once such mechanisms are assembled, they are tuned
with various numerical and experimental tests in order to fit the observed reaction
behavior to a reasonable degree of accuracy. Although the reaction mechanisms
themselves are models of the true chemical kinetics, for the purposes of this work the
reaction mechanism is treated as the absolute truth. Such reaction mechanisms are
made up of an ensemble of elementary reactions. The general form of an elementary

reactions which may contain any of the Ny, species is given by:

Nsp Nsp

Z Vl-fjvi > Z VUi, (2.13)
i=1 i=1

where v;; are the molar stoichiometric coefficients of species 7 in reaction j, f and r
denote the forward and reverse reactions respectively and v; is the chemical formula
of the species. The instantaneous formation rate of a species is given by the net

contribution of all of the N, elementary reactions:

d}i — Z (sz — Vifj)%j? (214)

Jj=1

where s¢; is the rate of progress variable for a given reaction, given by the difference

between the forward and reverse reaction rates:
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Nsp Nsp
l/‘.f. r v,
s =k TS = Tk (2.15)
i=1 i=1

where k’f and k] are respectively the forward and reverse reactions rates. The for-

ward reaction rates are assumed to have an Arrhenius dependence on temperature:

| —E;
kl = 0;T% exp ( RTJ) , (2.16)

where p; is the reaction pre-exponential factor, ¥; the temperature exponent of
the reaction and £ the activation energy for the considered reaction. The reverse
reaction rates are related to the forward reaction rates through the equilibrium
constant, K ]C ;

|2
S (2.17)
J K]C
with K JC given by:
Nsp r _f
ASY  AHON /P, "\ 2=t Vi)
C _ J 7 atm
K; —exp< I =T ) (RT) : (2.18)

where H° and S° are the enthalpy and entropy at standard state, P,,, is the atmo-
spheric pressure and in this case A refers to the change when passingly completely
from reactants to products:

AS? S0
= ; (v =) = (2.19)

AHY R HY
= = ; (yij . u§> e (2.20)

Typical detailed reaction mechanisms for simple fuels such as CHy or Hy consist
of tens of species and hundreds of elementary reactions, while reaction mechanisms
for more complex fuels such as bio-fuels or kerosene may contain hundreds of species
and thousands of elementary reactions. As Equation 2.14 shows, the instantaneous

formation rate of each species contains the contributions of all of the elementary
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reactions the species participates in. The ordinary differential equation (ODE) gov-
erning the evolution of each species is thus complex, with the system of ODEs de-
scribing the behaviour of all of the species even more so. This system of ODEs along
with an initial composition then defines a standard initial value problem. Finding
the composition after a given time step At involves the numerical integration of the

system of ODEs contained in the reaction mechanism:

t+At -
Yi(t + At) = Y;(t) + / dt; dr. (2.21)

¢ dr
The typical range of chemical time scales contained in combustion systems means
that stiff ODE solvers must be used, with the integration dominated by the smallest

step sizes to ensure numerical stability. The numerical integration of the system of

ODEs can be instead represented as a mapping:

[R(t),Yi(t)] — [h(t), Yi(t + At)], (2.22)

where the mapping function is described by the reaction mechanism. Alternatively,

this mapping can be represented using:

[A(), Yi()] = [h(t), AYi], (2.23)

where AY; = Y;(t + At) — Y;(t). It should be noted that the choice of integration
method will also influence the mapping to a small degree and so for numerical
consistency the ODE solver used to perform the integration of the training data

should be the same as the one used in the CFD solver.

2.1.2 Conservation equations

The conservation laws for mass, momentum and energy can be expressed as a set of
coupled partial differential equations for a given fluid. The continuity equation for

mass is:

dp  Opu;

— 0, (2.24)

where p is the density, ¢ is time and z; and u; are the spatial coordinate and velocity
respectively in the i-direction. For a Newtonian fluid and neglecting body forces,

the incompressible Navier-Stokes equations are:
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Opu;  Opuu; OP 0Ty
—— 2.2
ot a?L’j aiﬂz + al'j7 ( 5>

where P is the pressure and 7;; is the viscous stress tensor. Assuming that the bulk
viscosity is zero and decomposing the resulting stress tensor into its deviatoric and

isotropic parts, 7;; is given by:

Ou;  Ou;  20uy 2 Ouy
= — 22 ) + Sp=ts,, 2.26
Ty = H (8a:j * Oox;, 30z J) 3M8xk J ( )
where 0;; is the Kronecker delta. The isotropic part of 7;; is absorbed into the

pressure, giving the conservation of momentum equations as:

dpu; ~ Opusu;  OP 0 [M<0ui Ouj 2 0uy )] (2.27)

ot dxr; O * 0z Oz, * dr; 30xy

The conservation equations for the chemical species in a mixture of ideal gases

are:
8pYoz apuiYa aja %
== PWa, 2.28
ot + ox; + ox; e ( )
where Y, is the species mass fraction and av = 1,2, ..., Ng,, w, is the reaction source

term for the given species and 7, ; is the diffusive flux for the species « in the 7
direction. Neglecting Soret effects and using Fick’s Law the diffusive flux, J,;, is

given by:

Y,

ai — T Da_a

)

(2.29)

where D,, is the equivalent binary diffusion coefficient of the species into the rest
of the mixture. Assuming all species diffusivities are equal the species conservation

equations become:

IpYs  Opu;Yy 8( Y,

ot " om  om 8332-) + P (2.30)

where D is the mixture averaged diffusivity. Again neglecting body forces, the

conservation equation for the enthalpy is:

@ n dpu;h 0P (9_P B N Ou,

_ y ' 2.31
ot T or T o TYar T ax, TTian, @ (2.31)
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where J¢" is the energy flux and @ the contribution of an external heat source,
for example due to a spark or radiative flux. Assuming that Dufour effects are

negligible, 7" can be expressed as:

N

oT L
.en — hO[ Oéi? 2 2
T, F&&cﬁ;:l T, (2.32)

where £ is the thermal conductivity. Assuming a low Mach number flow, the pressure
terms and the viscous heating term are neglected. Additionally neglecting the heat

source term, the enthalpy conservation equation is:

dph N dpu;h _8‘26”.

(2.33)

The enthalpy conservation equation can be simplified. The ratio of momentum
diffusivity to thermal diffusivity can be expressed using the non-dimensional Prandtl
number: Pr = uCp/k. Similarly, the ratio of momentum diffusivity to mass diffu-
sivity is given by the non-dimensional Schmidt number: Sc = u/pD. The Lewis
number is then the ratio of mass diffusivity to thermal diffusivity and is given by:
Le = Pr/Sc. Under the assumption of unity Lewis number, it can be shown [7§]

that J" can be rearranged to:

Kk Oh
en — 2.34
and the conservation equation for the enthalpy becomes:
dph  Opu;h 0 Kk Oh
——t — = — . 2.35
ot oz, om (CP 8%) (2:35)

It can be seen that under the aforementioned assumptions Equations 2.30 and
2.35 are analogous and so can be expressed in terms of a general reactive scalar ¢,
with a = 1,2, ..., Ngeq, from here on, where N,y = Ny, + 1 which is the number
of scalars required to describe the reacting system. The conservation equations for

the reactive scalars are then:

Ippa N Opuipa 0 (1O
ot ox; Ox; \ o Ox;

) T palpa), (2.36)

where o is the Schmidt or Prandtl number, which are interchangeable. The source

term for the enthalpy, wy

sca

,+1, is zero. The conservation equations for mass, momen-
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tum and the reactive scalars serve as the basis for the LES-PDF method, described

in the following section.

2.2 Large eddy simulations of combustion with the
transported probability density function method
and stochastic fields

To perform large scale turbulent combustion simulations with detailed chemistry at
modest computational cost, large eddy simulation can be used. A separation of scales
in LES is achieved through filtering using a low-pass filter. Only the large-scale, low
frequency eddy motions are resolved, while the small-scale, high frequency eddy
motions are unresolved and require modelling. For reacting flows, turbulent fluctua-
tions at the unresolved small scales strongly influence the filtered chemical reaction
source terms. The modelling approach for the turbulence-chemistry interaction is
then a key step for producing accurate simulations. Transported probability density
function methods allow for a potentially burning regime independent description of
this interaction. It is too costly to calculate the transported PDF directly, so its
numerical solution is obtained using stochastic methods. These stochastic meth-
ods introduce the requirement to perform more reaction source term computations,
accentuating the need for reaction source term speed-up. The LES-PDF method
so described is presented this chapter, along with the method of stochastic fields.
Additionally, analysis is performed on the consistency of the moments arising from

the stochastic system with those arising from the modelled PDF equation.

2.2.1 Filtered equations of fluid motion

The unfiltered conservation equations for the mass, momentum and reactive scalars

from the previous section are summarised as:

dp  Opu;

- = 2.

5 + oz, 0, (2.37)
3pul @puzu] . oP 87’1']'

(2.39)

Ippa | puipa O (110p, :
8t + E)xz N sz ; 8@ + Pla:

To perform large eddy simulation, these conservation equations are filtered. The
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spatially filtered version of a general function f(x,t) is defined as the convolution

of the function with a filter function G over the domain 2:

f(x,t) = /Qf(x', )G (x — X', y(x)) dx’ (2.40)

where f(x,t) is the filtered function and 7 is the characteristic width of the filter
function. The filter function must be positive definite in order to ensure the bound-
edness of the filtered scalars and to maintain the correct sign of reaction source
terms. The width of the filter may vary with spatial position. This means that in
general the filter does not commute with the spatial derivative. Here however, the
filter width is assumed to vary smoothly such that the filter function commutes with
the spatial derivative with negligible round off error. The specific filter function used
is a box filter, defined by:

7—13 if [x -x'| <3

Gx—x) = (2.41)

0 otherwise

where 7 is taken as the cube root of the local cell volume. The significant density
variations found in reacting flows are accounted for through the use of Favre, or
density weighted, filtering. The Favre filtered version of a general function is defined

as:

flox.t) = [ pf(x.)G (x = x'7(0x)) dx. (2.42)

where f(x,t) is the Favre filtered function. Favre filtered functions are related to

spatially filtered ones by:

Flx,t) = Pl (2.43)
p
Application of Favre filtering to the mass and momentum conservation equations

gives:

o | Opi

=0 (2.44)

and
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opu;  Opuju; oP 07
= — 2-4
ot o 8z, | Bz, (2.45)

respectively. The filtered viscous stress tensor 7;; is approximated as:

. (ow ow, 20,
A _ =Tk 2.4
Tig = (81:]- * ox; 30xy 6”) ’ (2.46)

while the sub-grid scale shear stress tensor 7;7* is introduced as:

sgs
7_9

i pluity — u;uy), (2.47)

and the filtered conservation of momentum equation is then:

ot " on,  on on |"\or, Tom " 308,°7)) T 0z,

595

where 7,7° requires modelling. Closure for 7;7° is obtained using a gradient approx-

imation, with the deviatoric part of the sgs stress tensor 7,7° given by:
ou; Ou; 20uy
T = lggs ’ I 226, 2.49
9 Hsg <8x]~ + or; 30z, " (2.49)

while the isotropic part is absorbed into the pressure term. The sgs viscosity, fisgs,

is determined using the Smagorinsky model [79]:

| (ou, o4
2 (axj * (‘3xi> H ’ (2:50)

where Cj is the Smagorinsky parameter and |[|-|| is the Euclidean norm. The Smagorin-

Hsgs = P (057)2

sky parameter depends on the local conditions of the flow and is obtained using the
dynamic model of Piomelli and Liu [80]. The filtered conservation equations for the

reactive scalars are:

0pPa  Opuipa O [[10Pq .
Pla | OPiPa _ (H 4 )+pwa. (2.51)

Introducing the sub-grid scale scalar fluxes J;7" as:

51



2 Theoretical background

Tai’ = p(wia — wa), (2.52)

the filtered conservation equations for the reactive scalars become:

0pPe _ Opia _ 0 (107, _ 0T
Pla | CPUPa (’”L (p)— S P (2.53)

where J.°9° requires modelling. 7.”%° is closed using a gradient approximation and

is given by:

Sgs a~a
‘Z:SC%S —_ _/’(/ g SO ’ (2'54)
’ Osgs 8:61

where 0,4, is the sgs Schmidt or Prandtl number, assigned a constant value of 0.7 in
simulations. The filtered species reaction rates, pw,, remain unclosed despite their

significance.

2.2.2 The transported probability density function method

and solution with stochastic fields

The difficulty of evaluating the filtered species formation rates, pw,, means that

Equation 2.53 is not solved directly. Instead, a filtered joint one-point one-time
sgs PDF for the reactive scalars, 75595, is introduced. The one-point one-time fine-

grained PDF, F, for one of the reactive scalars, ¢, is given by:

F <¢7 X, t) =0 (¢ - (X7 t)) ’ (255>

where ¢ is the Dirac delta and v is the phase space of the chosen scalar. The joint
one-point one-time fine-grained PDF, Fj, of all of the reactive scalars is then

obtained as the product of the individual fine-grained PDFs for each scalar:

Nscat

‘/T-.J'Omt <wa; X, t) = H J (woz — Pa (X, t)) s (256)

a=1

where 1), is the phase space of the reactive scalars, ¢,, also referred to as the

composition space. The filtered joint sgs PDF is then:
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1
Psgs = 5 / pJ—:jointG (X - X/’ ’7(X)) dx’. (257>
Q

Physically, 75395 describes the probability of finding a composition ¥, < @, <
Yo + d1), within the filter volume at a given point in space and time. A transport
equation for ﬁsgs can be derived through standard methods, for example by following
Gao and O’Brien [81], Colucci et al. [82] or Jaberi et al. [83]:

apﬂoint + a,OUz joint 0 (N 8-F.joim‘/> _

ot v, On; \o Ou

Q.v

cal Nscal 2 Nscal
Na@a 8906 ]:jomt .
Z <f]omt . axz) Z S P (2:59)

a=1 pg=1

After the application of the filtering, the transport equation for 75395 is:

—— N —~ _ ,

unsteady term sgs convection term

OpPops(¥) , ol = ¥)Pu(¥) 0 (gaﬁsgs<w>> _

Vv
diffusion term

N, N, -
scal 1Vscal 62 - l,[, a(pa a(pﬁ B
- Maths (Psgs(’l,/))g ( Ox; Ox; o= ¢) (2.59)

J

micro-mixing term

Nscal a -
- Z %ﬁpsgs@p)wa(‘ﬂ),
a=1 @

J

vV
reaction source term

where it has been assumed that p = p(t0). The sgs convection term is split into a

resolved and unresolved part:

—_— —~ —_—

pluilip = ) Puse($) = piiPugs +p (il = ¥) = ) Puss),  (2:60)

with the unresolved part modelled using a gradient approximation:
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T s _ Hsgs 8ﬁ598(¢).

p (e = ) =) Pae(p) = — == (2.61)

To ensure that ﬁsgs behaves correctly in the laminar limit, following Brauner et
al. [84], the micro-mixing term is split into resolved and unresolved parts in a similar

manner to the sgs convection term:

Nscal Nscal

) + M, (2.62)

where Mg is given by:

92 ~ 1 (‘)gpaé)/gp;/ B 050 034
RIORTE (Psgs(tb); [( 9z, 9z, 1P = w) - (8% P >]> . (2.63)

My, is modelled using the Linear Mean Square Estimation [85] or Inter Exchange
with the Mean model [86]:

Nscal

N 9
ngs a—1 877004

Msgs = [(1/}& - 6a)ﬁ73895<¢) ) (2'64>

where Cy is the sgs mixing constant, assigned the constant value of 2.0, and Y
is the micro-mixing timescale, which also needs to behave correctly in the laminar

limit. Ty is therefore given by:

~~2
ngs = ﬁ (265)
Hsgs

Collecting all of the modelled terms, the final transport equation for 75595 is:
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OpPus($) | OpiPuys() D ((g +usgs> apsgsw)) _

825 8%2 axz o Usgs axz
SIS Pt (250
a=1 p=1 82[)077/}5 e g OQTZ 81‘1
2.66
C Nscal a ( )
d .~
B ngs a1 8¢a |:(wa - S00‘)p73595(1)b):|
Nsca,l

0 ~
- Z 5’_%ﬁ7)398<¢)wa (1/))

where it can be seen that the reaction source terms appear in closed form and do not
require modelling. The high dimensionality of the phase space of P4 precludes the
direct numerical solution of Equation 2.66. Instead, a stochastic system is introduced

which aims to share the same statistical moments as the 75593 transport equation.

To perform this, 735&,s is represented using n = 1,2,..., Ny;q stochastic fields for
each of the a = 1,2, ..., Ny reactive scalars:
Nfzel(i Nscal
By, 1) Nf -3 = / pG (=%, 7(x)) [] 8 (e — €2 (. 8)) dx. (2.67)
e n=1 a=1

Using standard methods, for example as in Gardiner [87|, and here following
Valino [4] or Sabel’nikov and Soulard [5] the evolution of each stochastic field can

be described using the following stochastic partial differential equation:

iy a2 [(1 ) )

axi ax’ o Osgs 8;1;1
5Hses 850‘ n ﬁCd n ~ —-n/en
’ B t t, (2.
\/T&gsaxl dW 2ngs (ga 9004) d + PW,, (Sa)d , ( 68)

where the Itg interpretation of the stochastic integral has been used. The increments

of the Wiener process, dW;", are different for each field but independent of the spatial
location x and are approximated by v/ dt where n" is a {—1, 1} dichotomic random
vector. The solutions of Equation 2.68 are continuous and differentiable in space,

and are smooth on the scale of the filter width. The fields are continuous but not
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differentiable in time, hence the expression of Equation 2.68 in terms of the time
increment. The filtered reactive scalars are easily obtained by averaging over the
stochastic fields:

1 Nyield
Do = n 2.69
e ; 3 (2.69)

The filtered equations for continuity, momentum and the stochastic fields are
solved numerically using an in-house, block-structured, boundary conforming coor-
dinate LES code known as BOFFIN-LES [88]. BOFFIN-LES utilises a second-order-
accurate finite volume method, based on an implicit low-Mach-number pressure
based formulation with co-located variable storage and Rhie and Chow [89] pres-
sure smoothing. Second order central differencing schemes are used for all spatial
derivatives, with the exceptions of the convective term in the momentum equation
where an energy conserving discretisation scheme is used, and the convective term
in the stochastic fields equation where a total variation diminishing scheme is used
to avoid unphysical overshoots and undershoots. The method of fractional steps is
employed for the discretisation of the stochastic fields, where the first step contains
the convection-diffusion terms, the second the micro-mixing and finally the reaction
source terms. Implicit Crank-Nicholson schemes are used for the convection-diffusion
and micromixing terms, while a Euler-Maruyama scheme is used for the stochastic
term. The code is fully parallelised using domain decomposition and message pas-
sage interface (MPI) routines for the exchange of information across sub-domain
boundaries. Further information on the spatial and temporal discretisation schemes
used in BOFFIN-LES can be found in Prasad [90] and Jones et al. [91], while a gen-
eral review of CFD numerical techniques and discretisation schemes can be found

in Ferziger and Peric [92].

The number of stochastic fields used is chosen ahead of time. While theoretically
an infinite number of fields is required to obtain moments of any order, in practice
reasonable accuracy for lower order moments in turbulent combustion simulations
can be achieved with a modest number of fields [93]|. For example, it is common to
employ eight stochastic fields |7, 6, 8, 9, 10| to obtain first and second-order moments.
Whatever the number of fields, it is clear from Equation 2.68 that each of the
stochastic fields has its own reaction source term, and thus the number of chemical
reaction solver calls increases linearly with the number of fields. The solution of the
reaction source terms in each stochastic field typically occupies the majority of the
computational time required for an LES-PDF simulation using the stochastic fields
method. This amplifies the need for speed-up methods for reaction source term

computations when using stochastic methods. Additionally it is desirable that the
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speed-up method used is capable of being burning regime independent, or at least
can be tailored for the specific burning regime encountered in a given test case, as
imposing restrictions on the burning regime via the reaction source term speed-up

method would not allow the full potential of stochastic methods to be utilised.

Tabulating thermochemistry with ANNSs is therefore ideally suited for stochastic
methods, and can be easily incorporated into fractional step simulations of Equation
2.68 by replacing calls to the conventional reaction solver with calls to the ANNs,
making sure that any temperature or flammability bounds imposed on the ANN
training data set are also imposed in the application. The same ANNs can be
used for the reaction source term computations for an arbitrary number of fields, so

tabulation memory requirements do not increase with the number of fields.

2.2.3 Consistency of the stochastic fields

The work in this section and in Appendiz A has been published in Readshaw et
al. [57].

The solutions to Equation 2.68 do not have a physical meaning, but instead are
supposed to form an equivalent stochastic system to the one found by the solution to
2.66. However, Wang et al. [94]| suggested that this is not the case. The equivalence
of the moments arising from Equation 2.66 to Equation 2.68 can be examined by
comparing the conservation equations describing the one-point moments arising from
the two approaches. For simplicity, the PDF of a single scalar variable, p(x, t) will be
considered with the density assumed constant. The equation for the moments from
the stochastic fields can be obtained using standard methods, with a full derivation
given in Appendix A. The equation for the n'* moments from the stochastic fields

are:

oM, oM, 1 9p\°
. — 1) pn—2 —
Por TPy, Tnin=DTe (8901-)

(2.70)

9, sgs \ OM, C _ —
{(H + Lo ) } — np—2 (M, — My_1 ) + npag.

(9a:j g Osgs 8xj ngs

The equation for the moments arising from the modelled PDF equation can be
readily calculated, with the full derivation also given in Appendix A. The following

equation for the n'® moment from the modelled PDF equation results:
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oM,  _ OM, p(0p\*
P=ar TPy, T DMaaz (axi) -
(2.71)

M, _
0 KH + Msgs) 0 "} — p (M, — Myr @) + g1,

al'j o Osgs 8xj ngs

The equations for the moments calculated in Equations 2.70 and 2.71 differ by

the term:

n(n — 1)5 <90”2 (3—2)2 o2 (3—2)2) . (2.72)

The zeroth and first moments are therefore identical. For higher order moments,
this term is negligible if 150 >> p and is zero if the flow is laminar and there
are no sgs variations. In the majority of LES computations the former situation
will prevail over the majority of the solution domain but the flow is quite likely to
be laminar or quasi-laminar in small and sometimes important regions. In these
latter circumstances the direct viscous terms become dominant and so the moments
arising from the stochastic fields and the modelled PDF equation can be considered
to be practically equal. The discrepancy highlighted here differs from the analysis of

Gallot-Lavallée [95], where an averaging was erroneously applied across a product.

2.3 Machine learning

The tabulation of reaction mechanisms can be thought of as a non-linear regression
problem, where the function to be approximated is the one described by the chemical
mechanism. This non-linear regression can be performed effectively using multi-layer
perceptrons. There are a number of parameters which must be carefully chosen to
maximise MLP accuracy, which include the training algorithm and the value of any
associated parameters, the MLP architecture, which determines the overall number
of weights, and the types of activation function used. Considerations for the selection
of these parameters are given in Section 2.3.1. Approaches to chemical mechanism
tabulation also commonly use clustering of the composition space, where the aim is
to divide the composition space into regions with similar behaviour thus simplifying
the regression step. The self-organising map (SOM) has been previously used for

performing the composition space division, and is described in Section 2.3.2.
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2.3 Machine learning

2.3.1 Multi-layer perceptrons

Multi-layer perceptrons are a class of feedforward artificial neural networks. Feed-
forward in this context means that information moves only in one direction from
the start to the end of the network without any cycles or loops. Figure 2.1 shows
a general MLP architecture, consisting of neurons (circles) arranged in layers which
are joined together using weights (lines). The first (leftmost) layer is the input layer,
which takes the network inputs, while the last (rightmost) layer is the output layer
and gives the network outputs. The layers between the input and output layers are
known as hidden layers. Each weight has a corresponding numerical value, while
each neuron, apart from the neurons on the input layer, has an associated activation
function. The neurons marked b are the bias neurons, which do not take an input

but instead are given a constant input value of +1.
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Figure 2.1: Diagram of an MLP with N, inputs and N,,; outputs showing neurons
(circles) arranged in layers connected by weights (lines).

It is the numerical values of the weights and the types of activation functions
which are key to the performance of multi-layer perceptrons. If at least one layer
of the multi-layer perceptron has non-linear activation functions, then the MLP
is a universal approximator and can be applied to non-linear regression problems.
The specific numerical values of the weights determine which problem the MLP
is approximating. The process of determining the weights is itself a non-linear
optimisation process, known as training. For MLPs, training is a supervised learning
process, where the MLP makes predictions for a given input and the error between
the network output and the target output is used to adjust the weights to minimise

a given loss function.
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The network output, s*, for the corresponding input, r, is obtained by feeding
the input forward through the network layers. For a network with Np;g4en, hidden

layers, the output from the neurons in the first hidden layer, n', is calculated using:

n' =act' (W'r+b'), (2.73)

where act! is the activation function for the first hidden layer, W' the matrix of
weights connecting the first hidden layer neurons to the neurons in the previous
layer (in this case, the input layer) and b! the vector of weights connecting the
first hidden layer neurons to the bias neuron in the previous layer. This process is

repeated through the remaining hidden layers using:

n' = act' (W'n'' +b') with { =2,3,..., Nyidden, (2.74)

before the network output, s*, is retrieved using

s* — getNhiddentl (WNhidden+1nNhidden + bNhidden+1) . (275)

The number of inputs and the number of outputs of the multi-layer perceptron
are generally determined by the problem at hand. The number of hidden layers, the
number of neurons in each hidden layer and the types of activation functions used
on each layer are all tunable parameters which must be determined by the user.
Along with the number of network inputs and outputs, the number of hidden layers
and number of neurons in each hidden layer determine the number of weights the

network has according to:

Nweights = (Nzn + 1) X Nl +

neurons

Nhidden (276)
Z (erz;irons + ]') X N’rlwurons + (Nﬁ};jggﬁbg + 1) X Nout7
=2

where Nyeignts is the number of weights in the network, V;, is the number of inputs,
Ny is the number of outputs and N!_, s the number of neurons in hidden layer
[. Presuming that the standard of training is roughly the same regardless of network
size, as the number of weights increases so does the predictive power of the network,
meaning that a network with more weights is able to better reproduce the target

outputs for a given problem than a network with fewer weights. However larger
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networks also have greater inference time, so to gain the maximum speed-up when

using ANN tabulation the network size should be kept as small as possible.

With this in mind, there are no strict rules for determining the MLP architec-
ture, although a number of heuristics can be used. The first is that although single
hidden layer MLPs are universal approximators, MLPs with two hidden layers have
significantly more predictive power than those with one hidden layer. Addition of
further hidden layers generally provides more accuracy, although the accuracy in-
creases in progressively smaller increments with each additional hidden layer added.
It is important to avoid significant changes in the number of neurons between hidden
layers, as significant narrowing or expansion between layers may lead to more diffi-
cult training. An additionally consideration is the type of activation function used.
Any function can be used, as long as at least one hidden layer contains non-linear
activation functions. Commonly used activation functions include hyperbolic tan-
gent, sigmoids, rectified linear units, leaky rectified linear units and linear functions.
The time required to compute the activation function is also a factor in the ANN
tabulation time, with hyperbolic tangent and sigmoid functions taking the longest
and linear functions being very cheap to compute. However, training with rectified
linear units and their variations is generally more difficult due to the discontinuity
present in such functions. Finally, MLP training is more successful when the nu-
merical range of the inputs and outputs is consistent. This means that variables
are almost always scaled to a common range, which can be performed using any

normalisation or standardisation approach.

Once an MLP architecture is determined, training of the MLP can take place.
This training is performed over a data set consisting of Ny, pairs of inputs and
their corresponding outputs. After the network output is calculated it can be used
along with the target output, s, to adjust the MLP weights and train the MLP. The
measure of difference between the target output and the network prediction over
the training data set is expressed in terms of a loss function, with the mean square

error (MSE) given by:

L(w) = N;w Z (s, —s5)T (s, — s3)] (2.77)

where L is the loss function and w is the vectorised version of the weight and bias
matrices. The aim of training is to find the optimal weights which minimise the

given loss function using the error between predictions and targets.
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2.3.1.1 Principles of training

Training begins by setting the network weights to some initial values wy. An iterative
procedure then occurs where the weights at iteration k& are used to determine the
new weights at iteration k£ 4 1. The new weights can be obtained by considering a

Taylor expansion of L(w) around the old weights:

2.78)
1 (
L(wy) + Awi VL(wy) + §AW;‘:V2L(W;€)AWk +...,
where a first order Taylor expansion gives:
L(Wiy1) = L(wy, + Awy) = L(wy) + Aw] VL(wy). (2.79)

The value of the loss function will decrease the fastest when Awy is aligned
along —V L(wy), so the new weights that move towards the minimisation of the loss

function are given by:

Wil = Wy, — (VL(Wg) = Wi, — (o= (2.80)

where the learning rate, {, has been introduced to reduce the size of the weight
updates as the first order approximation is only suitable for small Aw,. The initial
value of the learning rate (and if/how it updates during the training process) is
determined by the user. A large learning rate will lead to large weight updates and
so potentially faster convergence, although oscillations and stability issues may arise
if the rate is too large. A small learning rate is generally more stable but has slower
convergence. Therefore typically learning rates are large at the start of training
and decay as training progresses to fine tune the weights. In Equation 2.80, the
weight update occurs after all of the training data is presented to the MLP. Faster
convergence to the minimum of an approximation of the loss function can be found
by performing a weight update after a small number of inputs are presented. If each
data point is randomly chosen from the training set and presented to the MLP in

turn, the MSE can be approximated using the squared error for a given data point

p:

L(Wp) = (s, — ;)" (s, — 5},). (2.81)
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While the minimisation of the MSE will occur where the gradient of the MSE
with respect to the weights is zero, the approximate gradient, or stochastic gradient,
of the MSE with respect to the weights is:

VL=V((s,—s5)7"(s, —s3)), (2.82)

while the weight updates for the stochastic gradient descent algorithm are:

Wit = Wi — (VL(wy) = Wy — (5— o (2.83)

with the iteration and the data point now interchangeable. Splitting the vectorised
weights and biases back into their respective matrices and vectors for each layer, the

weight and bias updates for the stochastic gradient descent algorithm are:

oL
Awyy = =, (2.84)
ij
and
oL
A = —(=—. 2.85

The derivative of the approximate MSE on the output layer is easy to calculate,
and so weight updates for the output layer are straightforward. As the error at the
output layer is not an explicit function of the weights in the hidden layers, the chain
rule must be used to evaluate the gradient of the loss function with respect to the
hidden layer weights and biases. This uses a method known as backpropagation,

further details of which can be found in Hagan et al. [96].

The basic principles behind stochastic gradient descent are used in a variety of
different gradient based algorithms for MLP training such as AdaGrad, RMSProp
and Adam which are all commonly used to train MLPs. Further details on these
algorithms and others can be found in the review of Ruder [97]. Gradient based
algorithms are popular due to the advancement of deep learning, where MLPs con-
taining millions or even billions of weights are used. Although computing the gra-
dient of the loss function with respect to the weights is costly for a large number of
weights, it remains feasible. However, for large networks it is currently not feasible
to include quasi-second order or second-order information, which approximates or

contains second derivatives of the loss function with respect to the weights. How-
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ever, second-order or quasi-second-order algorithms can have faster convergence and

be less prone to local minima, meaning that higher accuracy can be achieved.

2.3.1.2 Training with the Levenberg-Marquardt algorithm

One such quasi-second-order algorithm is the Levenberg-Marquardt algorithm [98§],
which has fast convergence without overwhelming computational cost. The Levenberg-
Marquardt algorithm considers the sum of squared errors (over the entire training
set, which is directly proportional to the MSE) as the loss function, and can be

derived by including the second order term in the Taylor expansion:

L(Wiy1) = L(wi+Awg) =
. (2.86)
L(wy) + Awl VL(wy) + 5Aw{ V2L(wi) Awy,.

By taking the gradient with respect to the weight updates and setting equal to

Zero:

VL(wy) + V2L(wi) Awy = 0, (2.87)

the weight update is then found by rearrangement:

Awy = — (V2L(wy)) ' VL(wy). (2.88)

As V2L(w},) may not be invertible a second term is added:

Awy = — (V2L(wy) + C1) ™ VL(wy), (2.89)

where ¢ can be increased to ensure V2L(wy)+(I is invertible. ¢ can be thought of as
a learning rate, although as ( becomes large weight updates decrease and the method
approaches that of steepest descent, which is reliable but slow converging. Similarly,
as ( becomes small the method approaches the Gauss-Newton method which is fast
converging but can be unstable. The Hessian, V2L(wy), is not computed in its

entirety (hence the method is quasi-second-order) but is approximated as:

V2L(wy) =~ 2J77, (2.90)
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where J is the Jacobian matrix containing terms of the form:

_8e

ow W=wWg ’

J(w) (2.91)
with the error vector e containing the error for each individual network output for
each of the samples in the training set and so being (Nyu X Ngaia) X 1 in size. The
vector containing the gradient of the loss function with respect to the weights can
also be expressed in terms of the Jacobian and the error vector, giving the weight

updates in the Levenberg-Marquardt algorithm as:

Awy, = — (JTT +¢1) " Je. (2.92)

The terms in the Jacobian are analogous to those calculated in the stochastic
gradient descent algorithm, although their computation is slightly more involved
as there is now a term for each input point presented and for each MLP output.
Further details on how to calculate these terms can be found in Hagan et al. [96].
While the LM algorithm is fast converging and accurate, a key issue is the size of the
Jacobian, which is (Nout X Nyata) X Nueignts and so depends on the number of weights
and number of data points in the training set. The number of MLP outputs is less
important as that is normally relatively small and is fixed by the problem at hand.
However, the number of weights and the number of data can easily reach tens or
hundreds of thousands each. The Jacobian matrix may then have millions of entries
and so this precludes the use of the LM algorithm for deep learning architectures
or applications with large numbers of data where it is unfeasible to even store the

Jacobian matrix.

The LM algorithm can be rendered feasible for chemical mechanism tabulation
with large data sets by recognising that the Jacobian matrix is never required in its
entirety, but instead is used as an intermediate to acquire the approximate Hessian
(of size Nyeights X Nueights) and the gradient (of size Nyeignts X 1). Through the mod-
ification of Wilamowski and Yu [99], the size of the Jacobian can be decoupled from
the size of the data set. Figure 2.2 shows the modification. Rather than performing
row-column multiplication of the Jacobian across all of the training set samples to
generate individual scalar values in the Hessian, column-row multiplication can be
performed. This generates a sub-Hessian of size Nyeights X Nyeights- By repeating
this process across all the input samples and iteratively summing the sub-Hessian,
the final Hessian can be created. This procedure can also be performed with the
gradient. This method can also be readily performed batch-wise, to reduce the num-
ber of summations over the sub-Hessian /sub-gradient. The repeated calculation and

summation of the sub-matrices does incur a slight computation cost compared to
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Figure 2.2: Modification to the Levenberg-Marquardt algorithm to allow the training
of large networks with large data sets.

using the Jacobian in its entirety, however the fact that this method allows the LM

algorithm to be used for realistic MLP sizes with large data sets is a key advantage.

2.3.1.3 Preventing overfitting with Bayesian regularisation

The modified LM algorithm is a very capable MLP training method. However, the
ultimate aim is to maximise performance of the MLP in the application. Assuming
that the training set and application data share a similar distribution, generally as
the accuracy of the MLP in the training set increases, the accuracy in the testing
set will increase too. However, there may come a point during the training process
where the MLP is learning exactly the patterns in the training set and not the
general underlying function, which is known as overfitting. Large networks with
more predictive power are more susceptible to overfitting. To prevent problems
with overfitting, it is common to choose the size of MLPs such that they are capable
of performing the task at hand to an acceptable degree of accuracy, and then employ
a technique known as regularisation to prevent overfitting and improve the generality
of the MLPs.

Common regularisation methods include early stopping, L.1 and L2 regularisation
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and dropout. Each of these methods suffers from having further tunable parameters
which should be optimised to ensure the best performance possible is achieved.
An alternative approach is to use Bayesian regularisation [100], which has the key
advantage that the regularisation parameters are adjusted automatically and do not
need to be tuned. Bayesian regularisation involves the modification of the sum of
squared errors loss function to include a term containing the sum of squares of the

weights themselves:

Nyata

L=X\ Z (sp — S;)T (sp— s;) + owTw, (2.93)
p=1

where \; and A\, are parameters that are adjusted automatically during the training
process. The Bayesian regularisation method aims to maximise the posterior density
P(w]r,, A1, A2), with r, referring to all of the training data. If a Gaussian prior
distribution is assumed for the network weights, maximising P(w|r,, A1, A2) can be
shown to be equivalent to minimising the regularised loss function given by Equation
2.93. Further details of the implementation of Bayesian regularisation and how )\,
and Ay are modified during training can be found, for example, in Dan Foresee and
Hagan [101] or Hagan et al. [96].

From a practical perspective, a weight with a value of zero will not feed any input
it receives forward, so keeping the magnitudes of the weights low can be thought of
as decreasing the effective size of the MLP. Bayesian regularisation also allows an
estimation of the effective number of MLP weights used. If the effective number of
MLP weights used is close to the maximum number available, then this suggests that
increasing the size of the MLP and then retraining will give a significant increase in
accuracy. After the MLP training is complete, the MLPs can be used to replace the

chemical mechanism in the application of choice.

2.3.2 The self-organising map

The self-organising map [53] is a type of ANN capable of finding regions of similarity
in multidimensional data. The SOM consists of a user-defined number of neurons,
each one represented by a vector in the multidimensional space considered. There

are no connections between the SOM neurons.

There are two stages to using the SOM. The first is the training phase, where
training data is used to move the SOM neurons in the multidimensional space to
attempt to represent any regions of similarity in the training data. Training the self-

organising map is an unsupervised process, using a competitive learning approach.
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After training, the SOM neuron vectors are fixed and the second stage occurs when
the SOM is used, with new data presented and assigned to a given SOM neuron based
on a metric of closeness between the presented point and the vector associated with

each SOM neuron.

At the start of the training phase, the SOM neuron vectors are initialised to
random values. Then, a randomly chosen data point, r from the training set is
presented to the SOM. The Euclidean distances between all of the SOM neurons
and the presented training point are computed. The closest SOM neuron to the
presented training point in Euclidean distance is the winning neuron, v;. Then,

all of the SOM neuron vectors, j, are adjusted using:

V;om(k+1) :Vjom( )_|_<= Z ], H som )

, (2.94)

where k is the current iteration, ( is a learning rate introduced to moderate changes,

||-|| is the Euclidean norm and 6 is a Gaussian neighbourhood function, given by:

0(i,j. k) = exp (— i 2§2_<k) ”> (2.95)

where ¢2 defines the width of the Gaussian kernel. The purpose of the neighbourhood
function is to move SOM neurons which are close to the winning neuron towards the
presented data point, while leaving SOM neurons which are distant from the winning
neuron unchanged. Training continues for a predetermined number of iterations or
until the changes in the SOM neurons over the whole data set are smaller than a
predetermined threshold, during which time the learning rate and the neighbourhood

width decrease monotonically to fine tune the SOM neuron vectors.

At the end of the training phase, all of the training data can be assigned to
SOM regions by computing the Euclidean distance between a given point from the
training data and all of the SOM neuron vectors. This divided training data can
then be used for MLP training. As similar regions of the composition space will
likely have similar reaction behaviour, the motivation for using the SOM is that the
task of imitating the chemical mechanism over each SOM region is made easier for
the MLPs that follow.

To use the SOM in an application, only the SOM neuron vectors need to be
stored. Points encountered in an application are assigned to a given SOM region
in the same way that the training data is divided once training has finished, with
points assigned to the SOM neuron which is closest in Euclidean distance. Although

assigning new points to SOM regions requires the computation of the FKuclidean
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distance between every presented point and all of the SOM neurons, the number
of SOM neurons is generally of the order of tens or hundreds and so the process is

relatively quick.

2.4 Thermochemistry tabulation with artificial neu-

ral networks

In this section, the SOM-MLP architecture is outlined. Following this, a method
of generating combustion realistic ANN training data which is not specific to a
given test case and is capable of producing ANNs which can successfully replace the
integration of the reaction source terms in simulations of turbulent flames |57, 58]

is explained.

2.4.1 The SOM-MLP method

A commonly used approach (for example, [37, 52, 55, 36, 48|) for tabulation of com-
bustion thermochemistry involves the combination of the SOM with MLPs. Once
suitable training data is collected and scaled such that each variable shares a com-
mon range, the SOM can be trained as described in Section 2.3.2 to find regions
of similarity in composition space. Figure 2.3 indicates the resulting composition

space regions found by applying the SOM to canonical combustion problem data.

Once the training data is divided into these regions, they can be effectively
treated as individual data sets. For each of the coloured data sets in Figure 2.3,
separate MLPs can be trained. These MLPs specialise to the reaction dynamics
contained in their respective composition space regions and so are potentially able
to achieve higher accuracy than MLPs trained over larger regions of the composition
space where the reaction dynamics may be more varied. The number of SOM
neurons chosen influences the size of the resulting composition space regions and
so the degree to which individual MLPs specialise to their respective composition
space regions. Typically, a few hundred SOM neurons are used, which produces
accurate MLPs without encountering significant problems with overfitting due to
a small number of data in each composition space region. Using the SOM-MLP
method with a single MLP for each resulting composition space region has been
shown to be more accurate than using a single MLP over the entire composition

space [44].
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Figure 2.3: Composition space regions found in canonical combustion problem data
using the SOM, denoted with different colours.

2.4.2 Random data generation

In Section 2.1.1 the bounds of the composition space resulting from the mathemat-
ical definition of the composition space variables were given. These bounds define
the largest size the composition space can possibly be, and is referred to here as
the theoretical composition space. The composition space can be of a very high
dimensionality depending on the number of species contained in the mechanism. It
is possible to sample from the theoretical composition space directly (in mathemat-
ics this is known as sampling from the unit simplex). However, for a number of
reasons, the realistic composition space that is accessed in reacting flow simulations
is often much smaller than the theoretical composition space. Firstly, although the
species mass fractions are bounded between zero and unity, depending on the reac-
tion mechanism chosen the actual maximum value reached for many species mass
fractions is often orders of magnitude less than unity. Secondly, the thermodynamic
conditions of the given problem influence the composition space. For example, if the
pressure is atmospheric and constant the composition space becomes significantly
smaller than if pressure is variable. Thirdly, the chosen fuel and oxidiser and their
respective quantities further restricts the size of the composition space. Therefore,
it is both unnecessary and undesirable to sample from across the theoretical com-
position space. Figure 2.4 illustrates theoretical and realistic composition spaces,
as well as indicative smaller composition spaces when considering different flame

regimes.
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Figure 2.4: Indicative diagram showing relations between different composition
spaces.

Rather than sampling from the theoretical composition space, realistic composi-
tion space data can be obtained through the use of canonical combustion problems.
Data collected from these CCPs is necessarily less general than data collected from
the theoretical composition space and so CCPs which are well suited to the desired
application should be chosen. In this work two different CCPs are used depending
on the flame regime. For non-premixed flames, 1D laminar flamelets are used, while
for premixed flames, 1D premixed flames are used. Indicative composition spaces
covered by these CCPs are also given in Figure 2.4. Despite targeting a realistic
area of the composition space, the use of 1D flames, or indeed any other CCP does
have limitations. The first is that all of the data collected from the CCP conforms
to the equations used to simulate the CCP. In a general turbulent flame case it is
very unlikely that the data will conform exactly to CCP equations. This means that
the use of CCP on its own can not be expected to cover a general turbulent flame
composition space. In Figure 2.4, this is illustrated by the 1D flame data occupying

only a portion of the composition space of its respective flame regime.

The second limitation is a technical issue caused by the ANNs themselves. In
applications reacting points will pass through the ANNs many times as the sim-
ulations advances in time. Because of the inevitable error associated with ANN
predictions, this means that as time progresses the ANNs themselves modify the
composition space they encounter. This modification happens in four main ways.
The first is that the maximum species mass fractions of some species may become

higher than previously encountered. As long as the maximums do not greatly exceed
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those found in the training data set this is not a significant issue. The second way
is that the ANNs may predict unphysical negative mass fractions. These can be set
to zero if encountered. In the absence of enforced conservation, the third way is
that the ANN predictions will not satisfy mass conservation. Even without enforced
conservation, mass conservation errors are easy to rectify by normalising the sum
of the species mass fractions to unity. The final way that ANNs without enforced
conservation modify the composition space is by altering the element mass fractions
and the ratios between them. The alteration of the element mass fractions is not a
big issue as the CCP data generally contains varying mixtures of fuel /oxidiser and
so a wide range of element mass fractions. However, the ratios between element
mass fractions are problematic. Considering a 1D CH,/air flame with no differen-
tial diffusion, any composition in the accessed composition space will have the same
ratio between certain elements (neglecting numerical errors). For example, the ratio
of the H/C element mole fraction will be 4 for any composition containing C or
H. Likewise, the ratio of the O/N element mole fraction will be the same as that
in air, approximately 0.264. Without conserving the element mass fractions, it is
not easy to rectify these variable ratios. Therefore, in simulations without enforced
conservation it is desirable to incorporate data with variable element ratios into the
ANN training data set.

To overcome the aforementioned limitations in the CCP data while still target-
ing a relevant area of the composition space, a random data generation method is
used. This method takes the CCP data as a basis, before modifying it to expand
its generality by increasing the mass fraction bounds and if desired includes data
with variable element ratios. The aim of random data generation is to expand the
generality of the data sampled from the CCPs and introduce variable element ratios
to the data, while remaining in the relevant region of composition space. This means
that while the bounds of the composition space variables should stay roughly as they
are, intermediate values away from the bounds can have significant changes to in-
crease coverage within the composition space bounds. As explained, a composition

is described by:

Yo = [h, Yi]. (2.96)

The treatment of the enthalpy is straightforward as its bounds are quite well
defined by the CCP data. Additionally, modifying intermediate values of enthalpy
too heavily will lead to compositions which are very unlikely to be accessed and
do not occupy the relevant area of the composition space. Therefore, the enthalpy
should only undergo minor modifications. As pressure is assumed to be constant in

the application, then it can be ignored and not feature in the tabulation process at
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Figure 2.5: Indicative diagrams of composition spaces from 1D non-premixed lami-
nar flames as well as the desired expanded composition spaces.

all.

The treatment of the species is more involved. Like the enthalpy (and pressure
if included), major species bounds are quite well defined by the amounts of fuel
and oxidiser and the ratios between elements, so altering values near the boundaries
too much will lead to unphysical values. Figure 2.5a shows an indication of the
CH, /enthalpy composition space when sampling from 1D non-premixed CH,/air
laminar flamelets within the flammability limits. The maximum value of CHy is lin-
early related to the enthalpy, while its boundaries are given by the imposed flamma-
bility limits. Although the linear relation between CH,4 and enthalpy no longer needs
to be satisfied in the random data, the expanded composition space boundaries for

these variables should be reasonably close to the original composition space.

Furthermore, as the major species contribute to the vast majority of the elements
mass fractions, keeping the composition space boundaries roughly as they are will
also prevent lots of data with unrealistic element mass fractions and ratios being
generated. Figure 2.5b shows an indication of the CH,/CO composition space. The
diagonal line on Figure 2.5b arises because of the element constraints, meaning that
a large amount of CH,4 cannot exist at the same time as a large amount of CO as
there is a limited amount of the C element. Again, this means that the composition

space boundaries dictated by the element constraints should not change too much.

Compositions containing lesser amounts of CH4, CO and the other major species

can be altered significantly without generating unlikely data from an element per-
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spective. This is also true for the minor species which do not contribute much to
the element mass fractions because they occur in small amounts. This also means
that the minor species boundaries are not well known ahead of time and depend
much more on the specifics of the mechanism and application. Finally, no negative
species mass fractions should be generated as these will be automatically unphysical,

indicated by the lines on the axes in Figures 2.5a and 2.5b.

This leads to requirements for a random data generation method which a) intro-
duces small amounts of random noise to some composition space variables (enthalpy,
pressure if considered, high magnitude major species) and b) introduces significant
amounts of random noise to other composition space variables (low magnitude major
species, minor species), without causing negative species mass fractions. To achieve

this, the enthalpy (and pressure) can be modified using:

max(h) — min(h)

hT:h—l—al b s
1

(2.97)

where h" is the randomly generated value based on the original value of h, a; is a
uniform random number between minus one and one and b; is a factor to determine
how large the changes in h are allowed to be. For hydrocarbon fuel/air flames the
N, mass fraction is generally both large and does not change much due to reaction,
even with nitrogen chemistry included. Therefore in such flames it can be altered

in an analogous way to the enthalpy:

max(Yy,) — min(Yy,)

Yl\% = YN2 + as b )
2

(2.98)

where a5 1s a different uniform random number between one and minus one and b, is
a factor to determine the size of the allowed changes in Yy,. The remaining species

mass fractions are then modified individually using:

ag ;¢

Y = 10(ch i) where ¢ = log,(Y2), (2.99)

(2

where Y, is the randomly generated species mass fraction for the chosen species and
Y; the respective mass fraction of the chosen species in the original data set. Again,
as; is a vector of different uniform random numbers between minus one and one,
while b3 is another factor used to vary the size of changes in the data. Figure 2.6
shows the bounds (solid lines) of random mass fractions generated using Equation
2.99 when b3 = 4/3 as well as the original mass fraction (dashed line). The use
of Equation 2.99 ensures that no negative species mass fractions or mass fractions

exceeding one are generated. Additionally, Figure 2.6 shows that the bounds are the
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2.4 Thermochemistry tabulation with artificial neural networks

wider when the mass fraction is smaller, before becoming narrower as the mass frac-
tion increases, which is in keeping with the desired behaviour. Once the randomly
generated species mass fractions are determined, they are normalised to satisfy the

definition of mass fractions. For a fuel/air flame where Ny is modified linearly:

Yr
Y = (1= Y5 = (2.100)

1 )
sp T
21 Y

while for a general reacting system where Ny is not treated separately:

YT
Vi i (2.101)

¢ Nosp yrr°
> i1 Y
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Figure 2.6: Boundaries on randomly generated mass fraction with b3 = 4/3.

A question arises of how much randomness to introduce to the variables using by,
b, and bs. This depends on how much the composition space expansion is desired,
but through experience it has been found that using b; = b, = b3 ~ 10 leads to data
which is significantly different from the CCP data but still remains in a realistic area
of the composition space. After the random data is generated, the element mass
fractions and ratios are calculated. Each of the random data compositions passes
through an acceptance-rejection step to ensure that the element mass fraction ratios
are within predefined limits. If the newly generated point does not lie within the
element ratio window then it is discarded and new a;, as and as; generated for that
point until the element ratios lie within the window. As with the ranges used to

control the degree of randomness in the data, these element ratio limits are selected
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2 Theoretical background

based on experience of the likely element ratio ranges experienced in simulations
without enforced conservation using ANNs. It has been found that using windows
of &~ £5% around the exact element ratio (in conjunction with b; = by = b3 ~ 10)

leads to realistic data without a significant number of failures.
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Chapter 3

Development of a machine learning
methodology for non-premixed

flames

Chapter 2 explained the theoretical background necessary for thermochemistry tab-
ulation with ANNs. However, the specifics of the ANN architecture and the method
used to generate the training data can greatly influence overall simulation accu-
racy. The overarching aim is to produce ANNs which are as general as possible,
and are therefore not specialised to a single flame and can be applied to a variety
of flame cases with high prediction accuracy. To produce general ANN training
data, the random data generation method of Ding et al. [58] is used. Data collected
from LES-PDF simulations of a non-premixed turbulent jet flame with the stochas-
tic fields method are used to assess the generality of different ANN architectures.
The most general ANN architecture is then used to perform reaction source term
computations in the LES-PDF simulations of the non-premixed flame with a com-
parison made with simulations performed with conventional reaction source term

integration.

The work in this chapter has been published in Readshaw et al. [57].

3.1 An artificial neural network architecture for im-

proved generalisation

The canonical problem selected to generate data for non-premixed flame applications
is that of 1D laminar flamelets. Such flamelets are 1D in mixture fraction, z, and

are governed by Equation 3.1:
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3 Development of a machine learning methodology for non-premixed flames

Y,  x(») 0%

=p—-= Ji 1
Por TPy T (3:1)
with y the scalar dissipation rate, given by:
w -1 2
x(z) = = exp [—2(erfc™'(22))] (3.2)
T

where w is the strain rate and erfc™! the inverse of the complementary error function.
Varying the strain rate varies the level of diffusion in the flamelets, allowing a range

of conditions between equilibrium and extinction to be simulated.

To collect training data, Equation 3.1 was discretised and then simulated with
a fractional step method. Data was sampled at randomly selected mixture frac-
tion values within the CH,/air mixture fraction flammability limits, interpolating if
necessary, as the simulation progressed in time. Once the flamelet reached steady
state or extinguished the simulation was stopped to avoid collecting large amounts
of similar data. Table 3.1 gives a list of variables which can be altered in 1D flamelet
simulations in order to change the sampled composition space data. Where applica-

ble, these should be matched to the values anticipated to occur in the application.

Table 3.1: Variables which can be altered in 1D flamelet simulations to change the
sampled composition space.

1D Flamelet Variable

Unburnt temperature

Pressure
Strain rate
Pilot location
Time step
Samples per time step
Simulation length

Mixture fraction sampling limits

To generate training data for the application of ANNs to non-premixed flames
one hundred such flamelets were simulated using a fixed time step of 1 x 105, with
strain rates sampled randomly between 1s and 1100s. Half of the flamelets were
initialised in a similar fashion to Chatzopoulos and Rigopoulos [52] and Franke et
al. [55], where an artificial pilot was used to ignite the flamelets, with the pilot held
for 1000 time steps before being removed to allow the flamelet profile to develop
over the whole domain. The other half of the flamelets were initialised by setting

the whole domain to equilibrium, in order to collect more composition states close
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3.1 An artificial neural network architecture for improved generalisation

Table 3.2: Parameters used for random data generation on the 1D laminar flamelet

data.
Parameter Value
by 8
b 8
b3 10
Molar H/C window 3.8-4.2
Molar O/N window 0.254 - 0.274
z window 0.02 - 0.10
0.16 0.025 ' ' '
Random data Random data
0.14 Flamelet data 4 Flamelet data
0.02 |
0.12
g
0.1 £ 0.015 .
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Figure 3.1: Comparison of composition space coverage of original 1D flamelet data
and randomly generated data.

to equilibrium. The initial unburnt temperature of the flamelets was also varied
between 200 K and 500 K, to generate composition states with an expanded enthalpy
range. Data with a temperature below 500 K and a mixture fraction outside of the
mixture fraction range 0.02 < z < 0.10 were not collected due to low levels of
reaction. Overall, approximately 250000 data points were collected from the 1D

laminar flamelets.

This data was then used as a basis for random data generation. The parameters
used for the random data generation are given in Table 3.2. Figure 3.1 shows a
comparison of the flamelet and random data for CH4 vs HyO mass fraction and CO
vs Hy mass fraction, showing that the random data occupies a slightly expanded

area of the composition space while still remaining within the relevant bounds.

The randomly generated data was combined with the original flamelet data be-
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3 Development of a machine learning methodology for non-premixed flames

fore being shuffied, to give an overall data set of approximately 500 000 composition
points. These points were then integrated over a time step of 1 x 107%s to create

the necessary input-change pairs for ANN training.

The next step in the ANN process is to select a suitable architecture to max-
imise accuracy in the application. The SOM-MLP method has been shown to give
higher accuracy in the reserved part of the training set compared to using a single
MLP for all of the species across the entire training set. However, the performance
in the reserved portion of the training set is much less important than the perfor-
mance in the application. Therefore, to get a true indication of performance, ANN
architectures should be assessed on their accuracy over data representative of the
application. It would be possible to achieve high accuracy in the reserved portion of
the training set, but achieve low accuracy in the application by specialising to the
training set and not having good general performance. To test the performance of
several ANN architectures, approximately 500000 data points were sampled from
an LES-PDF simulation of Sydney flame L. with stochastic fields, using DI of the
reaction source term. Full details of the simulation from which data was taken are
given in the following section. The hybrid random/flamelet data set was used for
ANN training, with the points collected from the Sydney L simulation not included
in the training process and only used to assess the performance of the trained ANN

architectures.

Table 3.3 gives a summary of all of the tested ANN architectures. Architecture
A was the best performing architecture from Franke et al. [55], consisting of a
SOM of 100 neurons and an MLP predicting all of the species for each region.
Architecture B was the same as architecture A, but used a single MLP to predict
each species in each region. For the 30 species for which predictions are required in
the GRI 1.2 mechanism, this means there were 3000 MLPs in total in architecture
B. Architecture C applied a SOM of 4 neurons to the major species: CHy, Os, H5O,
CO, COy and Ny only, with a single MLP for each species trained on the resulting
regions. Architecture D used a SOM of 4 neurons applied to all of the species, again
training a single MLP for each species to each region. Finally, architecture E did
not use the SOM at all, training a single MLP for each species across the whole

composition space.

For all of the architectures, each of the input variables in the overall training
set was scaled linearly between -1 and 1. For architecture E, the corresponding
output variables were also scaled linearly between -1 and 1. For architectures A-D
which used the SOM, after SOM training was performed on the scaled inputs, the
input/change pairs in the resulting clusters were unscaled and then re-scaled to the
maximum and minimum of each region so that the scaled variables for each region
were between -1 and 1. In all of the tested architectures, the MLPs used took as
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3.1 An artificial neural network architecture for improved generalisation

Table 3.3: Summary of tested ANN architectures and their respective mean relative
RMS error over all predicted species.

Architecture SOM Number of Other Mean € [%)]
neurons MLPs features
A 100 100 - 0.202
B 100 3000 - 0.152
C 4 120 Major species 0.063
only
D 4 120 - 0.061
E - 30 - 0.059

input all thirty one species and the enthalpy, and contained a single hidden layer
of thirty neurons. The number of outputs for each MLP depends on whether the
MLP is predicting the thirty reactive species or a single species. Hyperbolic tangent
activation functions were used on the hidden layers, with linear activation functions
used on the output layers. Training was performed using the Levenberg-Marquardt
algorithm, with the overall training set split 75%/25% into training/validation sets
and six steps without improvement in the validation set used to determine the end of
training for each network. After training, the Sydney L testing data was used, with
all of the predictions then unscaled. The RMS error between the MLP predictions
and the Sydney L targets for each of the i predicted species, ¢;, relative to the

maximum value in the training data, was calculated using:

e = 100% x (sP — s7P)?, (3.3)

max(Y;'") % Nysta

where Nyu, is the number of data in the Sydney L testing set, max(Y;"*"), the
maximum of value of the species in the training data set, s? the network target for
the pth input point and s;"” the corresponding MLP prediction. Figure 3.2 show the
errors for each architecture for COy and OH, while Table 3.3 also shows the mean
relative RMS error averaged over all of the species. It can be seen that architecture
A has the worst accuracy in the Sydney L test set. Architecture B is significantly
more accurate than architecture A, showing that separating the species and using a

single MLP for each one leads to more effective training.

A significant increase in accuracy compared to architecture B is seen by using
architectures C and D, which is a consequence of reducing the number of SOM
neurons from 100 to 4. This is because using a large number of SOM neurons leads

to a specialisation to the training data which does not translate to high accuracy

81



3 Development of a machine learning methodology for non-premixed flames

0.02
0.4F
0.015 f
0.3 F
S| X
w w
0.005 F 1 0.1k
B A 1 1 e I N | e
A B C D E A B C D E
Architecture Architecture
(a) COs. (b) OH.

Figure 3.2: Performance in CO, and OH using architectures A-E.

in the application. The relative absolute error across all of the species for a given

point, P, can be calculated using:

LN s s

&P = F— z:; (T (3.4)
where || is the absolute value. Figure 3.3 shows this error for each output prediction
plotted against the Fuclidean distance between the respective input point and the
closest SOM neuron, with the training data shown in Figure 3.3a and the Sydney
L testing data shown in Figure 3.3b. Figure 3.3a shows that for points close to
the centre of their assigned cluster, the predictions are accurate, while the accuracy
generally decreases slightly as the Euclidean distance from the centre increases.
On the other hand, Figure 3.3b shows that even at small Euclidean distances the
accuracy is lower with many points having a very high error. Additionally, the
decrease in accuracy with increasing Euclidean distance is more obvious for the
testing data.

Architectures C and D themselves showed very similar performance, meaning
that the most meaningful regions of composition space are found in terms of the
major species and regions of similarity in the minor species are not as relevant.
The best performing architecture is E, which does not use the SOM at all. The
key limitation of the SOM is that it identifies regions of similarity in the training
data and trains ANNSs to specialise to them. If lots of the data encountered in the

application lies in other areas of the composition space around SOM neurons then,
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Figure 3.3: Prediction error in individual data points as a function of the Euclidean
distance between the respective scaled input and the closest SOM neuron.

as Figure 3.3 shows, accuracy will suffer. By using a single MLP for each species
training can be performed more effectively over the whole composition space and
the resulting ANNs are more general, having not been forced to specialise to the
SOM regions.

The aim of the random data generation is to add generality to the training data.
To ensure that this added generality does not impede the performance of the ANNs
in the original data, architecture E was validated by replacing reaction source term
integrations in 1D CHy/air flamelet simulations with strain rates between 1 /s and
530 /s (just below the extinction strain rate). The simulations used a time step of
1 x 107%s, with the artificial pilot used to ignite the lames held for 1000 steps before
the flames were simulated until steady state. Figure 3.4 shows the steady state 1D
flamelet profiles from the simulations using ANNs, as well as comparative profiles

from simulations using DI, for temperature and CO mass fraction.

Figure 3.4 shows that the accuracy of the ANNs in the 1D flamelet simulations
is good, with slight differences in the profiles appearing as the strain rate decreases
to 25 /s. These differences appear because at lower strain rates the effective rate
of diffusion in the flamelets is lower. This means that the inevitable errors in the
ANNSs predictions are able to accumulate, and feed back into the inputs to the
ANNSs at following time steps. If the errors in predictions are too large relative to
the diffusion, this accumulation of errors can cause simulations to become unstable.
Figure 3.5 shows the steady state profiles for temperature and CO mass fraction at

a strain rate of 1 /s. At this extreme strain rate, the rate of diffusion is very low,
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Figure 3.4: Steady state flamelet profiles for temperature and CO mass fraction at
strain rates 25, 50, 100, 300 and 530 /s using DI and the architecture E ANNs.
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and the equilibrium pilot is practically conserved. Inaccuracies in the prediction
of equilibrium states thus lead to a rapid accumulation of errors, and an obvious
deviation of the ANN profile from the DI one. However, this flamelet simulation
was run for 0.1s, meaning 100 000 steps at 1 x 10~%s. This means that although the
errors in predicting chemical equilibrium have accumulated, errors at individual time
steps are not so large as to make the simulation totally unstable. Such an extreme
accumulation of errors does not occur in flame simulations, where fluid elements do
not remain in the reaction zone indefinitely, although special attention should be
given to the prediction of reaction behaviour around chemical equilibrium to prevent
simulation instabilities. Following this analysis, the MLPs used in architecture E

were applied to LES-PDF' simulations of the Sydney L flame.

3.2 Application to the Sydney L flame

3.2.1 Experimental and simulation details

The non-premixed flame used as the test case is the Sydney L flame. The Sydney
L flame is a piloted, non-premixed turbulent CHy/air jet flame, which was studied
experimentally by Masri et al. [56]. The geometry of the burner exit is identical
to the one used in the well-known Sandia flame series, with a fuel jet of diameter
D = 7.2mm surrounded by an annular pilot of diameter Dp = 18.2mm. The pilot
is itself surrounded by an air co-flow. The fuel jet is exclusively CHy, while the
pilot used in the experiment contains a fully burnt mixture of CoHy/Hjy /air, chosen
to give the same element mass fractions as a stoichiometric mixture of CH,/air.
The bulk velocities of the fuel jet and air co-flow were 41 m/s and 15m/s respec-
tively, with both having an inlet temperature of 293 K. The bulk velocity of the
pilot was not measured, but was assumed in the experiment to be 24 m/s based
on the known unburnt pilot bulk velocity and a fully burnt pilot mixture temper-
ature of 2600 K. Means and fluctuations of species mass fractions were calculated
from Raman-Rayleigh measurements of number densities across the radius at axial
locations /D = 10, /D = 20 and x/D = 30.

Previous LES studies of Sydney flame L have been performed. Prasad et al. |9
employed the LES-PDF method with 8 stochastic fields in a simulation using a very
fine body fitted grid of approximately 7.2 million cells. A reduced version of the GRI
3.0 mechanism [102] consisting of 19 species was used. Good agreement between the
simulation and experiment was seen between mean and RMS radial profiles at all
axial locations for temperature, mixture fraction, and CO, and Hy mass fraction.
Wang et al. [103] also employed the LES-PDF method, but used a solution scheme
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3 Development of a machine learning methodology for non-premixed flames

based on Lagrangian stochastic particles, using approximately 22 million such par-
ticles. Wang et al. [103] used the GRI 1.2 mechanism consisting of 31 species, with
ISAT used to accelerate reaction source term computations. Reasonable agreement
was seen between the mean profiles from the simulation and the experimental values,
although the flame spreading rate was over predicted at /D = 20 and z/D = 30,
leading to significant differences in the profiles of temperature and O, and COq
mass fraction. Additionally, the peak values of CO were significantly under pre-
dicted. Franke et al. [55] also performed LES-PDF simulations using the stochastic
field method with 8 stochastic fields and an RCCE reduced version of the GRI 1.2
mechanism consisting of 16 species. A grid of approximately 2.75 million cells was
used, with good agreement observed at x/D = 10 between the mean and RMS radial
profiles from the simulation and the experimental data. At higher axial locations
the flame spread was over predicted while the amount of local extinction was under
predicted, leading to significant over predictions of temperature, COs and HyO at
z/D =20 and z/D = 30.

To perform simulations of the Sydney L flame in this work, a rectangular physical
domain of 250 mm(axial) x 100mm x 100 mm was represented using a Cartesian
finite volume grid of approximately 3.2 x 10° cells arranged 224 x 120 x 120. Cell
widths of around 0.4mm were used near the burner exit, with a smooth radial
expansion. Figure 3.6 shows the radial and axial grid spacing at /D = 0 and
r/D = 0 respectively. The overall domain was split into 288 sub-domains, with a
CPU assigned to perform the computations for each one. Unsteady velocity profiles
for the jet, pilot and air co-flow inlets were generated based on the experimental
measurements using the digital turbulence method of Di Mare et al. [104] and applied
at the inlet plane. The GRI 1.2 mechanism for CH, was used, consisting of 31 species
and 175 reactions. The temperatures and compositions of the jet and air co-flow
were set to their respective experimental values. Using a pilot temperature of 2600 K
was found to lead to very large over predictions of the temperature compared to the
experimental values at /D = 10, so the temperature of the pilot was set to 2200 K,
although the bulk velocity of 24 m /s was still used. The pilot composition was set to

that obtained from an equilibrium calculation of a stoichiometric CHy/air mixture.

Two simulations of the Sydney L flame were performed: one using ANNs and
one using direct integration (DI) with the VODE solver [105]. The flames were
simulated using the LES-PDF method with stochastic fields as described in Chapter
2.2, with eight stochastic fields used. A constant time step of 1 x 107%s was used
throughout both simulations. The simulations were performed for three flow through
times, based on the jet bulk velocity, before collecting statistics over eight flow
through times. In contrast to Franke et al. [55], the simulation with ANNs used
ANNSs exclusively, rather than using DI to reach statistical steady state before taking
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Figure 3.6: Radial and axial grid spacing at /D = 0 and /D = 0 respectively for
the grid used in the Sydney L simulations.

statistics with ANNs.

3.2.2 Sydney L flame simulation results

Figures 3.7 and 3.8 show mean and rms radial profiles at all three axial locations for
temperature, mixture fraction and the major species for which experimental data is
available, using both reaction source term integration methods. It can be seen in
Figures 3.7 and 3.8 that the DI and ANN profiles are practically coincident, with
very minor discrepancies at the higher axial positions for CO and H,. Although
exactly replicating the experimental results is not the purpose of these simulations,
reasonable agreement is seen between the experiment and the simulations at /D =
10. As in several previous studies, extinction at x/D = 20 is not well captured in
the simulations, leading to a significant over prediction of combustion compared to

the experiment at x/D = 30.

Figures 3.9 - 3.10 show mean and rms radial profiles at all three axial locations
for OH, H, O, H,O,, CH3, CyHs, CoHy and CoHg. With the exception of HyO5 and
CsHg, Figures 3.9 - 3.10 show that agreement between the ANN and DI simulations
is good, with the shape and peak of the radial profiles at all three axial locations
successfully reproduced for the considered species. In Figures 3.9 - 3.10 it can also
be seen that agreement tends to slightly deteriorate at higher axial positions, as the
error in ANN predictions accumulate as fluid particles move downstream. Figure
3.11 shows the radial profiles for HO5, CH3OH, HCCO and HCCOH. Here, as
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Table 3.4: Average time taken for reaction source term computations using ANNs
and DI, normalised to the time taken for reaction source term computations using

DI

Method Reaction time Total time Reaction/Total [%]
DI 1.000 1.411 70.9
ANN 0.056 0.467 12.0

with HyO5 and CyHg, there are more obvious differences between the ANN and DI
simulations, although the agreement is still reasonable. This shows that even though
an approach focused on the general predictive capability of the ANNs is much more
accurate than one focused on specialisation through clustering, there is still scope
for methods which increase ANN accuracy and allow for more accurate predictions
of minor species. Although all of the ANNs used in the ANN simulations shared
the same architecture, because a single MLP is used for each species it is possible
that different sized ANNs could be used for species which are harder to predict to

increase accuracy.

Figures 3.7 - 3.11 show that using separate ANNSs for each species has allowed the
weights to be used very effectively, with a small number of weights producing high
accuracy. The total number of weights contained in the ANNs used was 30 630 for a
mechanism of 31 species. In contrast, Franke et al. [55] used approximately 750 000
weights for a 16 species mechanism, An et al. [36] used approximately 4 500000
weights for a 41 species mechanism and Wan et al. [61] used approximately 180000
weights for a mechanism of 11 species. Using a smaller number of weights also
generally means a reduction in the number of floating point operations which must
be performed for ANN retrievals, and so the potential speed benefit when using
ANNSs is larger. Table 3.4 shows the time taken to complete reaction source term
computations as well as the total time for one step of the Sydney L simulations,
averaged over the entire simulation and normalised to the time taken to integrate

the reaction source terms using DI.

Table 3.4 shows that when using DI the majority of the total simulation time
is taken by reaction source term computations. In contrast, when using the ANNs
the time taken to perform reaction source term computations reduces approximately
18-fold. This means that the chemical reaction step is no longer the bottleneck in

the simulations, and only takes up 12% of the required CPU time.
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and z/D = 30 for simulations using ANNs and DI, as well as experimental values,
for temperature, mixture fraction and Ny and O, mass fraction.
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Chapter 4

Development of a machine learning

methodology for premixed flames

Chapter 3 showed that ANNs trained on randomly generated data and focused
on generalisation rather than specialisation are capable of simulating turbulent non-
premixed flames. For non-premixed flames, the choice of canonical combustion prob-
lem is quite straightforward, with the unsteady flamelet model well used. This is
also true of partially premixed flames which behave mostly as non-premixed flames,
such as the Sandia flames D-F. However, for other combustion regimes, the choice of
canonical combustion problem becomes less obvious. This may explain the limited
application of ANNs to premixed turbulent flames. In this chapter, the thermochem-
istry tabulation method is extended to premixed flames, with the Cambridge /Sandia

swirl burner used as a test case.

The work in this chapter has been submitted for publication in Readshaw et al. [106].

4.1 Generating training data for premixed flames

To generate training data for premixed flame applications, the canonical problem of
1D premixed flames is used. Rather than being 1D in mixture fraction space, such
flames are 1D in physical space, with a constant equivalence ratio/mixture fraction

across the domain and are governed by Equation 4.1:

(4.1)

%4_—6'0(1”—”6))/"— 0 M[% 0.
P ot ox ox -

oz \” iMj;,U Ox

where u is the velocity, = the spatial position, p the density, D; the diffusivity and
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4.1 Generating training data for premixed flames

M, the mean molecular weight. wu. is a correction velocity used to ensure mass

conservation [107] and is given by:

Nsp

M 0X;
=N "p, i 4.2
" ; Mr. Ox (4.2)

The 1D premixed flames are initialised by setting half of the domain to equi-
librium conditions and the other half to unburnt conditions. By sampling many
equivalence ratios within the given fuel and oxidiser lammability limits, a data set
consisting of a wide range of premixed conditions can be collected. Training data
collection occurs in an analogous manner to the 1D flamelets, with Equation 4.1
discretised and then simulated with a fractional step method. Data is collected at
randomly selected points in physical space across the domain, interpolating between
the two nearest known points if necessary. Again, a minimum sampling tempera-
ture can be set to prevent large amounts of sampling from the unburnt section of
the domain. As with the laminar flamelets, once the flame reaches steady state the
simulation is stopped. The variables which can be altered to change the sampled
composition space from 1D premixed flames are given in Table 4.1. Again, the 1D
premixed flame variables should be matched to the application as closely as possi-
ble. Further, if non-equal diffusivities are used in the application they should be
used in the 1D premixed flames. Likewise if equal diffusivities are to be used in the

application then it does not make sense to include differential diffusion in the CCPs.

Table 4.1: Variables which can be altered in 1D premixed flame simulations to
change the sampled composition space.

1D Premixed Flame Variable

Unburnt temperature
Pressure
Equivalence ratio
Time step
Samples per time step
Simulation length

Minimum sampling temperature

To generate data to simulate premixed turbulent flames, 1D premixed flame
simulations were used in conjuction with the random data generation method. In
an analogous way to the 1D flamelets used in the previous chapter, data was sampled
from an ensemble of 1D laminar premixed flames. However, the use of 1D premixed
flames presents an issue. The 1D laminar flamelets used for non-premixed flames are

continuous in mixture fraction. With equal species diffusivities, the mixture fraction
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4 Development of a machine learning methodology for premixed flames

and enthalpy are linearly related, so the 1D flamelets are also continuous in enthalpy.
This is in contrast to 1D premixed flames with equal species diffusivities, where a
single value of equivalence ratio corresponds to a single value of mixture fraction and
enthalpy. This means that short of simulating several thousand premixed flames,
it is difficult to get smooth coverage in enthalpy by using the 1D premixed flame
data alone. This is problematic for ANN training, as the resulting ANNs will be

naturally biased to the sample equivalence ratios.

This problem was overcome using the random data generation method. One
hundred 1D premixed flames were simulated using a fixed time step of 1 x 107 s,
with the equivalence ratio varied linearly between 0.45 < ¢ < 1.70. Table 4.2
gives the premixed flame simulation details. By sampling randomly from across the
physical domain, 500 000 data points were collected. Figure 4.1a shows these points,
with obvious vertical lines at the sampled equivalence ratios. This data was used as a
basis for random data generation, with Table 4.3 giving the parameters used for the
random data generation. Figure 4.1b shows the resultant random data, where the
sampling deficiency is no longer evident and it is clear that the coverage in enthalpy
is much smoother. The original premixed flame data was then discarded, with the
random data integrated using the VODE solver over a time step of 1 x 107%s to

form the input/change pairs.

Table 4.2: 1D premixed flame simulation information.

Number of flames 100
Equivalence ratio range 0.45 - 1.70
Domain length 0.0Im
Grid nodes 500
Unburnt temperature 300K
Time step 1x107%s
Simulation length 0.005s
Minimum reactive temperature 500K

4.2 Artificial neural network training for premixed

flames

From the results of Chapter 3, no clustering of the composition space was performed
and instead the species were predicted individually. However, to improve ANN
accuracy compared to the simulation of the Sydney L flame, the multiple MLP
(MMLP) method of Ding et al. [58] was used. The MMLP method achieves higher
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Table 4.3: Parameters used for random data generation on the 1D premixed flame
data.

Parameter Value
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Molar H/C window 3.8-4.2
Molar O/N window 0.254 - 0.274
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(a) 1D premixed flame data. (b) Randomly generated data.

Figure 4.1: Comparison of composition space coverage of original 1D premixed data
and randomly generated data, showing vertical lines at constant enthalpy values in
the premixed data.

accuracy by further dividing the data for each species based on the magnitude of
the change in the input/change pair. In combustion applications, the magnitude of
the change in a species over a given time step can vary significantly depending on
the local combustion conditions. For example, for igniting compositions the change
in some species can be very large, while for points near equilibrium the changes
can be very small. With a loss function such as the mean squared error, for a
fixed relative prediction error, the greatest absolute error (and so contribution to
the loss function) comes from the points with the highest magnitudes. Therefore,
during training the points with the highest output magnitude are naturally targeted
and end up with a lower relative error, at the expense of points with a low output

magnitude. Although the loss function could be weighted to enhance predictions
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4 Development of a machine learning methodology for premixed flames

in points with lower output magnitudes, the MMLP method has been shown by
Ding et al. [58] to outperform approaches using a weighted loss function, as well
as approaches using non-linear variable scaling methods. In the MMLP method, to
increase accuracy in points across the range of output magnitudes, the training data
are split depending on the magnitude of their change, with separate MLPs trained
for each species and each output range. This splitting is motivated by knowledge
of combustion processes, but is based purely on the magnitude of the changes and
does not use combustion knowledge directly, meaning it does not have to be tuned

for different problems.

In contrast to the method of Ding et al. [58], where a manual selection of the
output magnitudes was required, for the SWB flames the division of the training data
was performed automatically, choosing three division for each considered species.
First, the maximum absolute change of each species was calculated in the random
data set. The exponent of this value, e, was recorded. The first subdivision contains
all data with an output magnitude 107! < |AY;|. The second subdivision contains
all data with an output magnitude in the range 102 < |AY;| < 10°7'. This
continued until all of the data was divided. With three subdivisions the final data
set contains all data with an output magnitude in the range 10°72 < |AY;]| < 1072
Table 4.4 shows the maximum mass fraction of Hy in the random data, as well as
the respective boundaries for division into three data sets, while Figure 4.2 shows
the three divisions of the random data for Hy according to the boundaries in Table
4.4.

Table 4.4: Maximum change in Hy mass fraction over the randomly generated data,
as well as the boundaries for division into data sets for MMLP training.

Species Maximum |AY |
H, 3.20 x 1074

Data set Output range

1 10-° < |AY|
2 1076 < |AY| < 1077
3 1077 < |AY| < 10°¢

The GRI 1.2 mechanism was used, and as the random data was divided sep-
arately into three divisions for each species, there were 90 individual data sets in
total. Once the random data was divided, the MLPs were trained. Each of the
MLPs used had two hidden layers of thirty neurons each, with hyperbolic tangent
activation functions on the hidden layers and linear activation functions on the out-
put layer. The Levenberg-Marquardt algorithm with Bayesian regularisation was

used for training the ANNs, with 1000 training iterations performed. At run time,
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1
Data set 1

10°® 1

Data set 3

Change in H2 mass fraction

0 0.002 0.004 0.006 0.008 0.01 0.012 0.014
Input H2 mass fraction

Figure 4.2: Randomly generated data divided into three data sets, based on the
boundaries in Table 4.4.

the magnitude of the change in a given composition is unknown, as that is what is
predicted by the ANNs. Therefore it is also unknown which MLP should be used for
a given input point. To overcome this issue, the reverse’ process described in Ding
et al. [58] was used, where a given composition goes to the MLP with the smallest
output range first. If the prediction by this MLP is outside of its own range then
the point passes to the MLP with the next smallest range. This continues until the
prediction is within the range of the MLP, or the MLP with the largest output range

is reached.

4.3 Application to the Cambridge /Sandia swirl burner

4.3.1 Experimental and simulation details

The Cambridge/Sandia swirl burner (SWB) was studied experimentally by Sweeney
et al. [108, 109] and Zhou et al. [110], who recorded velocity, temperature and
species mass fraction measurements at various axial locations above the burner for
a number of different flame configurations. The burner itself consists of a central
ceramic bluff body of diameter D = 12.7mm surrounded by two concentric fuel
annuli, with outer diameters of D = 25.4mm and D = 38.1 mm respectively. The
inner annulus supplies premixed CH,/air at a given equivalence ratio with a bulk

axial velocity of U; = 8.1m/s and a temperature of 300 K, while the outer annulus
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4 Development of a machine learning methodology for premixed flames

also supplies premixed CHy/air at a given equivalence ratio with a temperature of
300K and a bulk velocity of U, = 18.7m/s, which can be split between axial and
tangential to vary the swirl flow ratio (SFR). The Reynolds numbers based on these
velocities and the annuli exits are Re; = 5960 and Re; = 11500 for the inner and
outer annuli respectively. The fuel jets are themselves surrounded by an outer low
velocity air co-flow of axial velocity U, = 0.4m/s and temperature 300 K. Two
flame configurations were considered: configurations five (SWB5) and six (SWB6),
which both feature stratification. SWB6 includes a swirling outer fuel jet, with the
operating conditions for SWB5 and SWB6 summarised in Table 4.5.

Table 4.5: Operating conditions for SWB5 and SWB6.

Configuration ¢; ¢, SFR
SWB5 1.0 0.5 0.00
SWB6 1.0 0.5 0.25

Several previous LES studies of SWB5 have been conducted, while SWB6 has
been less well examined. Nambully et al. [111] and Proch and Kempf. [112| both
performed simulations of SWB5 using the GRI 3.0 mechanism [102] with fine grids
of 50 million and 400 million cells used by Nambully et al. [111] and 100 million
cells used by Proch and Kempf. [112]. Nambully et al. [111] used a filtered lam-
inar flame PDF approach for the closure of the chemical source terms, with good
agreement observed between mean and RMS radial profiles from the simulations and
the experimental values for ¢, temperature, CH; and COy mass fractions. Proch
and Kempf. [112]| used an artificial flame thickening model with flamelet generated
manifold look up tables for chemical source term modelling. Reasonable agreement
was seen between the experiment and simulation mean and RMS radial profiles for
¢, temperature, CHy, CO,, HyO and Oy mass fractions, with a slight worsening of
agreement seen at higher axial locations. Both Nambully et al. [111] and Proch
and Kempf. [112]| reported an over prediction of the temperature in the recircula-
tion zone directly above the bluff body, while Proch and Kempf. [112] also reported
an under prediction of the equivalence ratio in this region. This under prediction
of equivalence ratio was not observed by Nambully et al. [111] due to the inclu-
sion of differential diffusion in their model which accounted for the accumulation
of carbon above the bluff body. Additionally, Nambully et al. [111] and Proch and
Kempf. [112] observed an under prediction of CO mass fraction peak values at all
axial locations, while Proch and Kempf. [112] also reported an under prediction of

H, peak values at all axial locations.

SWB5 simulations have also been performed using the LES-PDF method, with
Turkeri et al. [113]| using a Lagrangian stochastic particle solution scheme with 46

million stochastic particles, and Brauner et al. [84] using the stochastic fields method
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with 8 stochastic fields. Turkeri et al. [113] used the 16 species ARM1 reduced mech-
anism in conjuction with a grid of 2.3 million cells and ISAT for chemical mechanism
tabulation. Excellent agreement was seen between the mean radial profiles from the
simulation and from experiment, with good agreement in the RMS radial profiles for
temperature, equivalence ratio, CHy, CO5 and Oy mass fraction. Brauner et al. [84]
used a reduced version of GRI 3.0 with 19 species and a grid of 4 million cells.
Again, the mean and RMS radial profiles for temperature, CHy, Os and COs from
the experiment were well captured by the simulation, although the flame spreading
rate was slightly over predicted. As in the studies by Nambully et al. [111] and
Proch and Kempf. [112], Turkeri et al. [113| and Brauner et al. [84] both reported
an over prediction of temperature directly above the bluff body, while Turkeri et
al. [113] also reported an under prediction of the equivalence ratio in this region and

an under prediction of CO mass fraction peak values.

To simulate SWB5 and SWB6, a cylindrical domain of axial length 250 mm and
radius 100 mm was represented with a structured curvilinear mesh of approximately
2.28 million cells, which was split into 216 subdomains. Cell widths were approxi-
mately 0.35 mm immediately above the bluff body, with a smooth radial and axial
expansion, with the grid spacing shown in Figure 4.3. At the inlet plane, adiabatic,
Neumann, no-slip conditions with a wall function were prescribed at the bluff body,
with the bulk velocities of the two premixed CHy/air jets and the co-flow matched
to the experimental values. A zero-gradient boundary condition was applied over
the outlet plane, with free-slip conditions applied over the cylindrical boundary.
Unsteady velocity profiles were generated using the digital turbulence method of
Di Mare et al. [104] and applied to the inlet streams, with the profiles based on
the experimental velocity measurements taken from 2mm above the bluff body. A
constant time step of 1 x 107%s was used throughout all SWB simulations. As with
the simulation of Sydney flame L, the GRI 1.2 mechanism consisting of 31 species

was used.

As the SWB flames are non-piloted, they must be ignited. In the simulations, to
fill the domain with flammable fuel/air mixture, the flames were run with a single
stochastic field without reaction for two flow through times of the domain based
on the bulk velocity of the inner fuel jet, which is approximately 60000 steps at
the selected time step. The flames were then ignited by setting all compositions
within the CH,4/air flammability limits to equilibrium for a single time step only.
After this point, the flames were run with finite rate chemistry using the desired
reaction source term solver for another two flow through times. Then, the flames
were switched to eight stochastic fields and allowed to settle, before statistics were

collected over another two flow through times.

To test the effectiveness of the ANN method in premixed flames, two simulations
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Figure 4.3: Radial and axial grid spacing at x = 0 and r = 0 respectively for the
grid used in the SWB5 and SWB6 simulations.

of SWB6 were performed, which were identical beyond the method used to compute
reaction source terms. One SWB6 simulation was performed where computation
of the reaction source terms was performed solely with ANNs as described in the
following section, and one where the VODE solver was used to evaluate to integrate
the GRI 1.2 mechanism directly. The simulation of the SWB5 flame was undertaken
using ANNs only.

4.3.2 Cambridge/Sandia swirl burner simulation results

Figures 4.4 and 4.5 show radial mean and RMS profiles at axial locations z =
10mm, z = 30mm and z = 50 mm from the ANN and DI simulations, as well as
experimental values, for temperature, equivalence ratio and CHy, O, H,O, CO,, CO
and Hy mass fractions. In Figures 4.4 and 4.5 it can be seen that there is very good
agreement between the mean and RMS radial profiles from the simulations using
the ANNs and DI, showing that the random data generation method in conjuction
with the MMLP method is able to accurately simulate turbulent premixed flames.
Agreement is also generally good between the simulations and the experimental
values, although as in Brauner et al. [84] the flame spreading rate is over predicted
leading to differences in the major species at x = 50 mm. As reported by Nambully
et al. [111], Proch and Kempf. [112] and Turkeri et al. in their studies of SWB5,
under predictions of the CO mass fraction are seen near the centre line at all axial

locations, with the Hy mass fraction also underpredicted at all axial locations.
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4.3 Application to the Cambridge/Sandia swirl burner

Figures 4.6, 4.7 and 4.8 show mean and RMS radial profiles for minor species
for which experimental data is not available. These species are more difficult to
predict than the major species, but it can be seen that generally agreement between
the ANN and DI simulations is very good. Although some differences can still
be seen between profiles for species such as HyO, at x = 50mm, the use of the
MMLP method has increased the accuracy of predictions significantly compared to
the ANNs used in the simulation of Sydney flame L.

As the random data set the MMLPs were trained on is quite general and the
MMLPs have been shown to perform well in the SWB6 simulation, the same MMLPs
can be applied to the SWBH simulation without the need to check their performance
by also doing a DI simulation. Figures 4.9 and 4.10 show radial mean and RMS
profiles at axial locations x = 10 mm, x = 30 mm and x = 50 mm from the simula-
tion using ANNs as well as experimental values, for temperature, equivalence ratio
and CHy, Oy, HyO, CO,y, CO and Hy; mass fractions. Generally, as in the SWB6
simulation, the agreement is very good between the simulation and experiment. As
in the ANN and DI SWB6 simulations, and also in the simulations of Brauner et
al. [84], the flame spreading rate is over predicted at the highest axial locations. This
is possibly a consequence of the grid resolution and does not indicate a specific issue
with the ANNs. Further, the temperature is over predicted near the centre line,
which was also reported by Nambully et al. [111], Proch and Kempf. [112], Turkeri
et al. [113] and Brauner et al. [84], so is likely to also be seen in a simulation using
DI. The equivalence ratio is also under predicted near the centre line particularly at
r = 10 mm which, as shown by Nambully et al. [111], is due to the lack of inclusion
of differential diffusion in this simulation. Finally, the CO and H, mass fractions are
generally under predicted at all axial locations, which again has been reported by
Nambully et al. [111], Proch and Kempf [112] and Turkeri et al. [113] in their studies
of SWB5 and also observed in the DI simulation of SWB6, and is more likely to be
caused by the mechanism used than be a consequence of using the ANNs. These
minor disagreements notwithstanding, the general agreement is very good between
the ANN simulation and the experiment, showing that both the generality of the
training data and the accuracy of the MMLP method such that the resulting ANNs

can be successfully applied to families of similar flames.

Table 4.6 shows the speed-up obtained using the MMLPs in the SWB6 simula-
tion. The inference time using the MMLPs is larger than using a single MLP, so
the speed-up is 14x rather than 18x as found in the Sydney L flame simulations.
However, a 14x speed-up is more than enough to remove the computational bot-
tleneck present in the DI simulations. Table 4.7 shows the CPU hours required for
the different parts of the SWB6 simulations. It can be seen from Table 4.7 that the

training data generation and MMLP training time is insignificant compared to the
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Figure 4.4: Radial mean and rms profiles at axial locations = 10 mm, x = 30 mm
and x = 50 mm for SWB6 simulations using ANNs and DI, as well as experimental
values, for temperature, equivalence ratio, CH; and Oy mass fraction.
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Figure 4.5: Radial mean and rms profiles at axial locations x = 10 mm, x = 30 mm
and x = 50 mm for SWB6 simulations using ANNs and DI, as well as experimental
values, for HyO, CO,, CO and Hs mass fraction.
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Figure 4.6: Radial mean and rms profiles at axial locations x = 10 mm, x = 30 mm
and x = 50 mm for SWB6 simulations using ANNs and DI, as well as experimental
values, for H, O, OH and HyO5 mass fraction.
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Figure 4.7: Radial mean and rms profiles at axial locations x = 10 mm, x = 30 mm
and x = 50 mm for SWB6 simulations using ANNs and DI, as well as experimental
values, for HO,, CyH,, CoH, and CoHg mass fraction.
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Figure 4.8: Radial mean and rms profiles at axial locations = 10 mm, x = 30 mm
and x = 50 mm for SWB6 simulations using ANNs and DI, as well as experimental
values, for CHy, CH3, CH,OH and CH30 mass fraction.
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Figure 4.9: Radial mean and rms profiles at axial locations z = 10 mm, x = 30 mm
and x = 50 mm for SWB5 simulations using ANNs and DI, as well as experimental
values, for temperature, equivalence ratio, CH; and Oy mass fraction.
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Figure 4.10: Radial mean and rms profiles at axial locations x = 10 mm, x = 30 mm
and z = 50 mm for SWB5 simulations using ANNs and DI, as well as experimental
values, for H,O, CO,, CO and Hs mass fraction.
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4.3 Application to the Cambridge/Sandia swirl burner

Table 4.6: Average time taken for reaction source term computations in SWB6
simulations using ANNs and DI, normalised to the time taken for reaction source
term computations using DI.

Method Reaction time Speed up
DI 1.000 -
ANN 0.071 14x

Table 4.7: Time taken for different parts of the simulations of SWB6 using VODE
and the MMLPs.

Stage DI CPU ANN CPU Speed up
time [hours] time [hours|
1D premixed flame - 490 -
simulations
ANN training - 540 -
LES-PDF simulation 166000 44400 3.74x
Total 166000 45430 3.65x

CPU hours required for the SWB6 LES-PDF simulations. This means that even
including the ANN tabulation time, it is still over 3x faster to perform simulations

using MMLPs tabulated thermochemistry than it is to perform DI simulations.
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Chapter 5

A method for incorporating
conservation laws in combustion

thermochemistry

Chapters 3 and 4 showed that the method of random data generation in conjuc-
tion with at least one MLP for each species is capable of simulating premixed and
non-premixed flames with a high degree of accuracy. However, one of the main mo-
tivations for introducing the random data generation technique was that the ANN
predictions do not obey mass and element conservation, or the mathematical bounds
arising from the definition of mass fractions. The random data generation technique
used to account for these element conservation errors requires the selection of al-
lowable windows for the element ratios in the randomisation process. In Chapters 3
and 4, these windows were estimated based on prior knowledge. This is not ideal as
the size of the windows is dependent on the ANN error in the particular application
and so although it can be estimated based on experience it is unknown ahead of
time. It is therefore desirable to formulate a method for rectifying element conser-
vation errors in the ANN predictions. In the rest of this chapter such a method is
proposed, which performs automatic selection and recalculation of certain species
mass fractions for an arbitrary mechanism in order to satisfy the required bounds

and conservation laws to machine precision.

The work in this chapter and in Appendiz B has been submitted for publication in
Readshaw et al. [114].
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5.1 General principles of conservation method

5.1 General principles of conservation method

In order to obey the conservation laws, a new composition, having been detrans-
formed if necessary to yield Y;*, must satisfy certain constraints that consist of linear
combinations of the species mass fractions. These constraints were given in Section
2.1.1 and are repeated here. The first constraint is that the species mass fractions
must be bounded:

0<Y (t+At) <1. (5.1)

The mass conservation constraint is given by:

Nsp

> Yt At) =1, (5.2)

while the element conservation constraints are given by:

Nep
DAY (t+ AL) = Z4(t), (5.3)
i=1

where 7 = 1,2,..., N, and N, is the number of elements for which conservation is

required in the reaction mechanism. Elements that do not participate in reactions
(such as nitrogen if present only as Ny in a mechanism that does not include ni-
trogen chemistry) can be ignored. A composition that satisfies Equation 5.3 will
automatically satisfy Equation 5.2, so to obey both mass and element conservation
it is sufficient to satisfy Equation 5.3.

The question then arises of how to enforce the conservation laws. If the pre-
dictions of the target outputs were perfect, then the conservation laws would be
automatically satisfied. As such, techniques which reduce the loss by increasing
the MLP accuracy, such as the use of a single MLP for each species [69, 57| or the
multiple MLP method [58|, naturally reduce the error in the conservation laws. In
practice, however, the amount of constraint violation will never be zero and some
points may even severely violate the constraints in search of reduction in the loss
function. To mitigate this, one possibility is to introduce a term to the loss function
that penalises constraint violation, as done, for example, in Bode et al. [115], where
a penalty term for mass conservation was included. However, this does not guar-
antee that the constraints are not violated, and furthermore raises the issue of how
to weight each term in the loss function in order to effectively impose the penalty.
Modifying the loss function is also problematic when using separate MLPs for each

species, as the constraints contain sums over species which the separate MLPs have
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5 A method for incorporating conservation laws in combustion thermochemistry

no knowledge of.

Instead, the composition can be manipulated in order to generate another new
composition which automatically satisfies the constraints to machine precision. Us-
ing new values of all of the species in addition to the knowledge of the constraints
over-determines the system. Therefore, rather than accepting the new composition
and ignoring the constraints, mass fractions of certain species can be ignored and

the constraints used instead to calculate these mass fractions.

Any process can be used to generate the new composition Y;* from a composition
Y;, before the conservation is enforced. The method for applying the conservation
laws will be outlined in the context of using ANNs to make reaction step predictions

in fractional step simulations, in which case the process can be expressed as:

Y*(t + At) = ANNs [h(t), Yi(t)]. (5.4)

The basic procedure for correcting the ANN predictions in order to satisfy the
conservation laws to machine precision will now be illustrated using a mixture con-
sisting of only two species, with their mass fractions given by Y; and Y;. After
the ANN predictions of both species are made any negative predictions are set to
zero and any mass fractions greater than one are clipped to satisfy Equation 5.1.
The mass fractions satisfying the conservation laws, Y;°", are initialised to these
bounded predictions. Then, in order to satisfy an element conservation constraint,
a correction is applied to one of the predicted species mass fractions. For example,

if the prediction for Y] is ignored, its new value can be calculated using:

Zj — Ag; Y3

yeon —
1
Alj

(5.5)

The composition will now satisfy the conservation law for the element being
considered. Alternatively, if the prediction for Y5 is ignored, its new value can be

calculated in a similar way using;:

Zy — Ay Yy

ycon
2
A2j

(5.6)

It should be noted that only one of Equation 5.5 or Equation 5.6 is needed in order
to calculate one species mass fraction to conserve the element under consideration.
The species that is calculated thus will be referred to as the residual species. It

is only the mass fractions of the residual species that will be altered to satisfy the
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5.1 General principles of conservation method

mass and element conservation laws, with the mass fractions of the other species

left unchanged.

To ensure that Y;" remains bounded, the newly calculated residual species mass
fractions must be also be bounded. In practice, the most common violation of the
species mass fraction bounds occurs through negative mass fraction predictions. It
is therefore worth examining how negative residual species mass fractions may arise.
Looking at Equation 5.5, the residual species mass fraction would be negative if
the total amount of element contained in Y;°" was predicted to be greater than the
available amount of that element at time ¢t. Figure 5.1 illustrates how a negative
residual prediction could arise by arbitrarily considering Y; as the residual species.
From the top of Figure 5.1, the first two horizontal bars show the contributions
of each species to the element under consideration in the initial composition and
the target composition respectively. The third bar shows the contribution of each
species to the element under consideration for fictitious ANN predictions. It can
be seen in the third bar that there is a large overprediction in Y5 compared to
the target value, and therefore a large overprediction of the amount of the element
under consideration contained in Y5. In fact, the predicted amount of the element
contained in Y5 is larger than its total amount available at time ¢. In order to
conserve this element, the value of Y] is therefore calculated via Equation 5.5 to
be negative. This is illustrated by the fourth bar in Figure 5.1, where the total
amount of the element is now conserved, but the contribution of Y; to the element

is negative.

AO AN
AiYi(t + AY) é§3WI§;w

NN\

0.0 Z;j(t)

Figure 5.1: Illustration of a large overprediction of Y5 resulting in a mass fraction
of Y°" which is calculated to be negative in order to satisfy the conservation law
for the element under consideration.

Figure 5.1 raises two important points for the foundations of the proposed
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5 A method for incorporating conservation laws in combustion thermochemistry

method. The first is that the residual species should be chosen after the ANN
predictions are made, and it should be the species that contains the highest possible
amount of the element to be conserved in the predictions. This reduces the chance
of the non-residual species containing more of the element than was available at time
t, and so reduces the chance of negative values being calculated for residual species.
This has the important implication that the choice of residual species should be
different for each composition. Figure 5.2 shows the same initial and target compo-
sition as Figure 5.1, but now considers Y5 as the residual species. Figure 5.2 shows
that after using Equation 5.6 the composition Y;" remains bounded. Because the
contribution of Y5 to the element under consideration is so much larger than that of

Y}", the error in Y; would have to be extremely large to calculate Y5 as negative.

SCCEEE 5 \\RRAA

NN

A ZEANNGENY

o

0.0 Z;j(t)

Figure 5.2: Illustration of a large overprediction of Y, which can be corrected in order

to satisfy the conservation law for the element under consideration by calculating
}/VQCO’I'L.

The second important point raised by Figures 5.1 and 5.2 is that the chance
of negative residual species mass fractions occurring will naturally decrease with
increasing prediction accuracy. Wildly inaccurate predictions from a correctly im-
plemented ANN method, such as those which are significantly out-of-bounds, are
extremely uncommon and should be screened out. Moderate prediction errors are

easily absorbed by the proposed method.

The expansion of the method illustrated so far to the enforcement of Equation 5.3
for a mixture containing an arbitrary number of species is straightforward. ANN
predictions of all the species are made. A separate residual species is chosen to
enforce each of the N, element constraints. To proceed, it is simplest to eliminate
the elements one at a time. For example, if the elements are C, H and O, a possible
choice of residual species is CHy (for C), HyO (for H without changing C) and O,
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5.1 General principles of conservation method

(for O without changing C or H). Another possibility is CHy (for C), HoO (for H)
and both of COy and CO (for O without altering C). For simplicity, we restrict
ourselves to using a single residual species for each element, hence there are a total
of N, residual species. This has the consequence that the final residual species must
contain a single element only to avoid disrupting the already conserved elements.
This means the number of species which can be considered as the final residual
species is limited, as is the number of possible orders in which to eliminate the

elements.

Once the element solution order is determined, the first residual species is chosen
as the species predicted to contribute the most to the mass fraction of the first
element to be eliminated. The second residual species is the species which does not
contain the first element and is predicted to contribute the most to the mass fraction
of the second element. This process continues until all of the residual species have
been determined. At that point, the new residual species mass fractions can be

calculated to satisfy the mass and element conservation laws.

Depending on which species can be considered as the final residual species and the
ANN accuracy, it may not be possible to avoid a negative final residual species. As an
example, the GRI 1.2 mechanism has 31 species, but there are only 6 which contain
a single element: Hy, H, O, Oy, C and Ny. The conservation of N is unnecessary
in GRI 1.2, so Ny is ignored. Of the remaining species, it is possible that none will
occur in large enough amounts to prevent the error in the non-residual species from
overwhelming the amount of the element under consideration at time ¢. Therefore,
an algorithm is proposed to rectify a negative value in the final residual species, in

the instances where it arises, without altering any of the other elements.

The rest of this section details the computational implementation of the proce-
dure for enforcing the conservation laws in ANNS, starting from the input composi-
tion, [A(t), Y;(t)], and finishing with a predicted composition which is bounded and
obeys the conservation laws, Y;"(t + At). The procedure can be broken down into

the following four steps:
1. Generate initial predictions (Algorithm 1)
2. Select residual species (Algorithm 2)
3. Calculate residual species mass fractions (Algorithm 3)
4. Rectify negative final residual species if necessary (Algorithm 4)

Each of these steps is described in the following sections. A worked example of

the solution procedure using Algorithms 1 - 4 is also provided in Appendix B.
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5 A method for incorporating conservation laws in combustion thermochemistry

5.1.1 Step 1: Generate initial predictions

The first step in the process is to generate the initial ANN predictions. If the ANNs
predict the species, Y;*(t+ At), then these can be used directly. If the ANNs predict
the changes in the species over a given time step then predictions of the change,
AY*, can be made and added to the input composition to retrieve Y;*(t + At). Any
compositions with extremely unphysical predictions should be screened out. Any
Y*(t + At) that lie moderately outside of the mass fraction bounds are set to lie
within them, to give the bounded predictions Y(t + At). If the ANNs predict
Y;*(t + At) then predictions can be guaranteed to be in bounds by using modified

rectified linear unit activation functions on the output layer.

Algorithm 1 Generate initial ANN prediction

Require: h(t),Y;(t) > Input composition
if ANNs predict outputs then
Y*(t + At) = ANNs|h(t), Yi(t)] > Predicted outputs
else if ANNs predict changes then
AY;* = ANNs|A(t), Yi(t)] > Predicted changes
Yi*(t + At) = Y;(t) + AV > Predicted outputs
end if
for i =1, Ny, do > Remove out of bounds predictions

if Y*(t+ At) <0 then
Yi*(t+ At) =0

end if

if Y*(t + At) > 1 then
Y*(t+ At) =1

end if
end for
Yh(t + At) = Y*(t + At)
return Y (t + At) > Bounded predictions

5.1.2 Step 2: Select residual species

The second step is to choose which of the predicted species to consider as residual
species for the given composition. As explained, the final residual species is restricted
to species which are made up of a single element only. The number of candidate
final residuals is denoted by N¢, while the index of each candidate final residual in
the mechanism is stored in C.. The index of the element contained in each of the
candidate final residuals are denoted by £S. Because the number of element solution

orders is limited by the candidate final residuals, it is preferable to select the final

118



5.1 General principles of conservation method

residual species first in order to ensure that a valid order is chosen. To do this, the
predicted element mass fractions are calculated using the bounded predictions. As
explained previously, to try and avoid negative residual predictions, the final residual
species, Sy, is chosen to be the candidate final residual species which contributes
the highest proportion of the mass of its respective element. The element solution
order, &;, for the N, elements is then determined. The final element in the solution
order, &y, , will be the one contained by the final residual species Sy, . The order for
the remaining elements has been found to be unimportant and can be determined
as desired. Once the element solution order has been fixed, the remaining residual

species can be determined.
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5 A method for incorporating conservation laws in combustion thermochemistry

Algorithm 2 Select residual species

Require: Y?(t + At) > Non-negative ANN predictions
Require: C. > Indices of Ny candidate final residuals
Require: £° > Indices of the elements contained in the candidates

Calculate predicted element mass fractions:
for j =1,N, do

Zb(t + At) Z ALY
end for

Find the index of the final residual species in the candidates by calculating how

much each candidate contributes to its element:

1xY?
T = maxloc —bc
25
Sy, =Cr > Index of final residual species in mechanism
En, = 5% > Index of element contained in final residual
Ei=(&1,&,....EN,) > Element solution order

Determine the other residual species:

for k=1,N,—1do
Find indices of possible residual species for the current element, depending
on the elements which have already been eliminated:
Q, = S/ which contain & and may contain any of &, with [ =k + 1, N,

Index of residual species for the kth element in the possible species:

b
Agk Qq YQq
T = maxloc | ————
Zb
Ex
Index of residual species for the kth element in the mechanism:
= Q7
end for
return §;, &; > Indices of residual species and element solution order

5.1.3 Step 3: Calculate mass fractions of residual species

Once the residual species have been determined, the conservation of mass and el-
ements can be enforced. The target element mass fractions, Z;(t), are calculated
using the input composition. The conserved species mass fractions, Y;"(t + At),
are initialised to the bounded ANN predictions. A switch for the species, B;, is
introduced and set to one for all species. The switch for the first residual species,

Bs,, is set to zero. The predicted mass fraction of the first element to be conserved
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5.1 General principles of conservation method

is calculated without the mass fraction of the first residual species, as follows:

Nsp
ZE" = BiAg Y (5.7)

i=1

The new mass fraction of the first residual species can then be calculated in order

to conserve the first element:

con
Zgl - Zgl

YCOn —
S
! Ags

(5.8)

The switch for the first residual species, Bg,, is then set to one again, and the
process is repeated until all of the new residual species mass fractions are determined.
The calculated species mass fractions now conserve all of the elements, as well as the
total mass. As explained, it is possible that a negative value may be encountered
in the residual species, although this is unlikely owing to the choice of the choice
of residual species as the one contributing the most to its corresponding element.
If the residual species with the negative value is not the final one, a new solution
order can be tried, and if negative residuals are still encountered, the composition
can be rejected while the new state can be calculated with direct integration. As
long as such instances are rare, this will not impact on the time saving of the ANN
tabulation. If a negative value in the final residual species is encountered, then it

can be rectified using the algorithm to be described in Step 4.
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Algorithm 3 Calculate residual species mass fractions

Require: Y;(t) > Original species composition
Require: Y?(t + At) > Bounded ANN predictions
Require: §; > Indices of residual species from Step 2
Require: & > Element solution order from Step 2

Calculate element mass fractions at time #:

for j =1,N,. do

Nsp
Zi(t) =) ApYi(t)
end for =
Yeor(t 4+ At) = Y2 (t + At) > Initialise conserved mass fractions
B, =1 > Set residual species switch
for j =1,N, do
Bs, =0 > Set switch for current residual species

Calculate element mass in all but the current residual species:
Nap

con __ § con
i=1

Calculate new residual species mass fraction:

Yo = —Zgj A
! Ag; s
Bs, =1 > Reset switch
end for
return Y;©"(t + At) > Composition obeying conservation laws

5.1.4 Step 4: Rectify final residual species if needed

If a negative value is encountered in the final residual species, it can be removed by
modifying a pair of rectifying species, Ry and R, to make up for the required change
in the final element without altering any of the other elements. For example, if Oy is
chosen to be the final residual species and found to be negative, its mass fraction can
be set to zero. This introduces extra O element, which must be removed to satisfy
element conservation. To do this, the mass fraction of COy can be reduced and the
mass fraction of CO increased to account for the O element without changing the C
element. Algorithm 4 shows how a negative value in the mass fraction of the final

residual species can be rectified.
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5.2 Application to reaction source term predictions

Algorithm 4 Rectify final residual species if needed
Require: Y;"(t + At) > Conserved ANN predictions with negative final residual

)

Require: Sy, > Index of final residual species
Require: R, R, > Indices of pairs of rectifying species for the final residual
Require: &® > Other element pair of rectifying species contain
a = _AgNeSNeY‘S?;\)/Z
b= Agy R,
c= Agy R,
d = Agrr,
Agrp,
AYR" = 2 :ac g > Change in first rectifying species mass fraction
AYR" = —dAYR™ > Change in second rectifying species mass fraction
YR = YR+ AYRT > New mass fraction of first rectifying species
Yo = YRt + AYR! > New mass fraction of second rectifying species
Ysor =10 > Negative final residual mass fraction zeroed
return Y, " (t + At) > Bounded conserved ANN predictions

After using Algorithms 1 - 3, and Algorithm 4 if necessary, the predicted compo-
sition now satisfies the bounds and the conservation laws. A worked example of the
method is given in Appendix B. In the following section the conservation method

is applied to 1D premixed flame simulations to evaluate its effectiveness.

5.2 Application to reaction source term predictions

To test the performance of the conservation method, simulations of 1D premixed
flames with non-equal diffusivities (NEDs), as described in Chapter 4, are used as
a test case. Although the ultimate aim is to apply ANNs to turbulent combustion
problems, here the 1D premixed flames are deliberately chosen as the test case. This
is because the effect of enforcing the conservation will be more easily isolated in 1D
premixed flames, where as in turbulent cases a number of factors influence the error
and it would be more difficult to directly see the effect of enforcing the conservation

laws.

Reaction source term computations in the simulations were performed with three
approaches: direct integration with the VODE solver, ANNs without enforced con-

servation and ANNs with enforced conservation. Two sets of flames were computed:

123



5 A method for incorporating conservation laws in combustion thermochemistry

CH,/air flames, computed with the GRI 1.2 mechanism, and C3Hg/air flames, com-
puted with the USC Mech IT mechanism [116]. Details of the simulations are given
in Table 4.2. A number of simulations were performed with a range of equivalence
ratios chosen within the flammable ranges of each fuel. To initialise the simulations,
the domain was filled with unburnt fuel/air mixture at the chosen equivalence ratio.
To ignite the flame, half of the domain was initialised to equilibrium conditions,
while the other half was initialised as unburnt. A minimum temperature of 500K

was set for a point in the domain to be considered reactive.

Table 5.1: Premixed flame simulation details.

Domain length 10mm

Unburnt temperature 300K
Time step 1x107%s

Simulation length 0.02s

The GRI 1.2 mechanism contains four elements (O, H, C and N) and 31 species,
while USC Mech II contains five elements (O, H, C, N and Ar) and 111 species.
Neither GRI 1.2 or USC Mech II includes nitrogen chemistry, with Ny the only
species in each mechanism containing the N element, so the conservation of N is
unnecessary in both mechanisms. Additionally, for USC Mech II Ar is neglected,
meaning that in both mechanisms there are three elements to be conserved: O, H
and C. The constraint on mass conservation for both mechanisms is that the sum
of the reacting species must equal 1 — Yy,, which will be automatically satisfied if
the other elements are conserved. Both mechanisms share the same five candidate
final residual species: C, Hy, H, O and O,. The rectifying species for H, and H
were chosen as HoO and OH, while the rectifying species for O and O, were chosen
as COy and CO. Although it is very unlikely that C will ever be used as the final
residual species due to its general small contribution to the C element, its rectifying

species are chosen as CO, and O,. Finally, NEDs are used for both sets of flames.

Because the intent of this test is to assess the effect of enforcing the conservation
laws on the general predictive performance of the ANNs, the training data is not
collected from a distinct abstract problem, but is also collected from 1D premixed
flame simulations. The premixed flames used for data collection shared the same
parameters as Table 5.1, but used equal diffusivities (EDs). To generate points
with variable element ratios (which are required for simulations using differential
diffusion), the random data generation method explained in Chapter 3 was used,
with the original 1D premixed flame data discarded. The randomly generated data
was integrated using VODE over a time step of 1 x 107%s to form the ANN training
data sets. Single output MLPs were used for each species, with different targets used
for GRI 1.2 and USC Mech II to show that the conservation method works whether
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5.2 Application to reaction source term predictions

predicting the change in the composition over the time step or the composition
directly. Table 5.2 gives the training information for the GRI 1.2 mechanism, while
Table 5.3 gives the training information for USC Mech II.

Table 5.2: GRI 1.2 training set information and ANN architecture.

Parameter Value
¢ range 0.45 - 1.70
Number of data 370,000
Targets Yi(t + At)
Number of layers 4
Neurons per layer 3230301
Scaling Linear to [-1 1]
Activation functions n/a - tanh(x) -

tanh(x) - max(-1,x)

Training method  Levenberg-Marquardt [98] with
Bayesian regularisation [96]

Training iterations 1500

Table 5.3: USC Mech II training set information and ANN architecture.

Parameter Value
¢ range 0.50 - 2.50
Number of data 250,000
Targets AY;
Number of layers 4
Neurons per layer 11220 20 1
Scaling Linear to [-1 1]
Activation n/a - tanh(x) -
functions tanh(x) - x
Training Levenberg-Marquardt [98] with
method Bayesian regularisation [96]
Training iterations 1000

The effect of enforcing the conservation in the simulations using the ANNs is
assessed in three ways for each reaction mechanism. The first is by recording the
mass and element conservation error in the simulations using the ANNs with and
without enforced conservation. The second way that the conservation method is
assessed is by comparing the steady state 1D premixed flame profiles obtained using
the ANNs with and without enforced conservation with the profiles obtained using

DI. The final way in which the conservation method is assessed is by comparing the
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time taken for ANN reaction source term computations with and without enforced
conservation. As the overarching aim of using the ANNs is to alleviate the reaction
source term computation bottleneck, the conservation method must be sufficiently
lightweight that it does not negate the overall speed benefits of the ANN .

5.2.1 Results for CH4/air flames with GRI 1.2

Table 5.4 shows the root mean square error in each of the quantities that should
be conserved over all of the reacting points throughout simulations with NEDs at
¢ = 1.0 for GRI 1.2, when using the ANNs with and without conservation. It
can be seen that, the ANN predictions are subject to an error in the conserved
quantities. Although this error is small, it can accumulate as a simulation progresses.
In contrast, constraining the ANN predictions using Algorithms 1-4 shows that all
of the quantities are conserved to machine precision for every single reacting point.
Results are only shown for ¢ = 1.0, but the application of conservation has the same

effect in the other cases as well.

Table 5.4: Root mean square error in conserved quantities across the reaction step
over all reacting points throughout simulations with non-equal diffusivites at ¢ = 1.0

and GRI 1.2.

Quantity ANNs RMSE ANNs with conservation RMSE

Y& 1.97 x 1077 1.51 x 10718
Yy 6.91 x 1077 1.75 x 10718
Y§ 1.39 x 1077 3.57 x 10719
1— Y, 2.38 x 107 3.60 x 10720

Figures 5.3 and 5.4 show CO and H; mass fraction profiles at the end of 1D
premixed flame simulations with NEDs at various equivalence ratios using GRI 1.2
with the three methods for reaction source term computations. It can be seen
in Figures 5.3 and 5.4 that there is a significant increase in accuracy when using
ANNSs and enforcing the conservation laws compared to using the ANNs to predict
all species directly. Because the conservation method is not influenced by the ANN

architecture, it can be easily appended to architectures that improve ANN accuracy,
such as the MMLP method.

Figures 5.5 and 5.6 show the molar H/C and O/N profiles at the end of the
GRI 1.2 simulations with the different reaction source integration methods. The
deviation of the composition space from the DI simulation is seen when using the
ANNs without the conservation method, while the profiles with the ANNs with
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Figure 5.3: CO mass fraction profiles at the end of GRI 1.2 1D premixed flame
simulations with NEDs using different methods for reaction source term integration.
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Figure 5.4: Hy; mass fraction profiles at the end of GRI 1.2 1D premixed flame
simulations with NEDs using different methods for reaction source term integration.

conservation are in much closer agreement to the DI profiles. Although the mass
and elements are conserved to machine precision at every reacting point in the ANN
simulation with the conservation method, the error in the ANN predictions of the
species means there are some slight differences between the DI and conserved ANN
species profiles. The action of differential diffusion then means that the element ratio
profiles are not exactly reproduced by the ANNs with conservation, even though
the mass and elements are conserved over the reaction step. Nevertheless, it is clear
from Figures 5.5 and 5.6 that by enforcing the conservation laws the ANN prediction

accuracy is greatly improved compared to predicting all of the species directly.

Table 5.5 shows the frequency of the residual species permutations recorded
throughout the GRI 1.2 premixed flame simulations with NEDs at various equiv-

alence ratios. At fuel lean and stoichiometric equivalence ratios the most frequent
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Figure 5.5: Molar H/C ratio profiles at the end of GRI 1.2 1D premixed flame
simulations with NEDs using different methods for reaction source term integration.
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Figure 5.6: Molar O/N ratio profiles at the end of GRI 1.2 1D premixed flame
simulations with NEDs when using different methods for reaction source term inte-
gration.

permutation is (COg, HyO, O3), with no occurrences of Hy being selected as the fi-
nal residual species. As the equivalence ratio increases permutations with Oy as the
final residual become less common, with (COg, HyO, Hs) and then (CO, HyO, Hy)
becoming the dominant permutation as the amount of Oy available decreases. Al-
though the residual species permutations are chosen automatically using the method
outlined in Algorithms 1 - 4 it is still reassuring to see that there is a general re-
flection of the physics in the residual species permutations. Although the candidate
final residuals included O, H and C, it is interesting to see that none of them are
ever chosen to be the final residual, meaning that they always contribute less to
their respective elements than O, or Hy. No negative residual species mass fractions

(final or otherwise) are ever encountered, which is testament to the high accuracy
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of using a single MLP for each species, even if predicting the output directly as in

this case.

Table 5.5: Percentage frequency of residual species permutations at different equiv-
alence ratios for 1D premixed flames with NEDs for GRI 1.2.

Percentage frequency [%]
Permutation p=06 ¢=08 ¢o=10 ¢o=12 ¢o=14
CH; HyO O, 9.4 10.0 8.2 10.3 18.3

CO H,O 0O, 111 3.8 6.5 5.1 5.1
CO H,O H; - - - 8.1 76.6
CO; H,O Oy 794 86.2 85.3 0.2 -
CO, H,O H, - - - 76.3 -

CyHy HO Oy 0.1 - - - -

Table 5.6 shows the average CPU time to compute the reaction step across the
domain over simulations at ¢ = 1.0 with each mechanism for each reaction source
term computation method. Reaction source term computations with the ANNs are
on average 30x faster than DI with the VODE solver for GRI 1.2. This is faster
than the speed-up reported in Chapters 3 and 4 for the GRI 1.2 mechanisms in the
turbulent flame cases, which is a consequence of the 1D premixed flame simulations
having a large proportion of the domain at a high temperature. Enforcing the
conservation laws increases the required CPU time by a very small amount, meaning
that the ANNs with the conservation method are 29x faster than the VODE solver.
This shows that the time required for the conservation is very small compared to
the time required for the ANN inference. USC Mech II is more complex than the
GRI 1.2 mechanism meaning that the DI simulations are significantly slower, and so
the speed-up obtained from using the ANNs is larger at approximately 56x. Again,
the time required to enforce the conservation laws for USC Mech II is very small,
meaning that the simulations using ANNs with conservation are approximately 54x

faster than the DI simulations.

Table 5.6 shows the average CPU time required to perform reaction step calcu-
lations in the 1D premixed flame simulations with each integration method for the
GRI 1.2 mechanism. The time for training data generation or ANN training is not
considered in Table 5.6 because the focus is not on the generalisation capability of
the ANNs but is instead on assessing the effects of enforcing the conservation laws
on ANN performance. For GRI 1.2, reaction step calculations in the 1D premixed
flames with ANNSs are on average 30x faster than using the VODE solver. Enforcing
the conservation laws with Algorithms 1-4 incurs a negligible computational cost
compared to the ANN inference time, and remains on average 29x faster than the
VODE solver.
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Table 5.6: Average time taken to perform one reaction step in GRI 1.2 1D premixed
flame simulations with NEDs at ¢ = 1.0 with each integration method using a single
Intel Xeon 6132 2.6 GHz CPU.

Method CPU time [s] Speed up
DI 0.7228 -
ANNs 0.0245 30x
ANNs with conservation 0.0251 29x

5.2.2 Results for C3Hg/air flames with USC Mech II

Table 5.7 shows the root mean square error in each of the quantities that should
be conserved across all of the reacting points throughout simulations with NEDs at
¢ = 1.0 for USC Mech IT when using the ANNs with and without conservation. Asin
Table 5.4 for the GRI 1.2 mechanism, the conservation laws are satisfied to machine

precision for every reacting point throughout simulations at any equivalence ratio.

Table 5.7: Root mean square error in conserved quantities across the reaction step
over all reacting points throughout simulations with non-equal diffusivites at ¢ = 1.0

for USC Mech II.

Quantity ANNs RMSE ANNs with conservation RMSE

Y§ 574 x 1077 1.99 x 10718
V& 8.08 x 1076 3.35 x 10718
Y§ 3.06 x 1077 9.60 x 10719
1— Y, 4.95 x 107 8.65 x 10720

Figures 5.7 and 5.8 show CO and Hs mass fraction profiles at the end of the USC
Mech II simulations with the different reaction source term integration methods. The
agreement between the profiles from the ANN simulations with conservation and the
DI profiles is not as good as in the GRI 1.2 simulations, as USC Mech II is a more
complicated mechanism than GRI 1.2 and so the overall ANN accuracy is lower.
However, the agreement between the accuracy of the ANNs without conservation is
much lower than the accuracy of the ANNs with conservation, which is particularly
noticeable in Figures 5.7 and 5.8 at ¢ = 0.75, where the ANNs without conservation
do not accurately reproduce the peak value, peak location or the general shape
of the DI profiles. Again, this shows that regardless of the accuracy level of the
ANNSs themselves, enforcing the conservation increases the overall ANN simulation

accuracy. As with the GRI 1.2 mechanism, if better agreement between the ANN
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simulations and the DI was desired then architectures which increase ANN accuracy
like the MMLP method could be used.
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Figure 5.7: CO mass fraction profiles at the end of USC Mech II 1D premixed flame
simulations with NEDs using different methods for reaction source term integration.
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Figure 5.8: Hy mass fraction profiles at the end of USC Mech II 1D premixed flame
simulations with NEDs using different methods for reaction source term integration.

The molar H/C and O/N profiles at the end of the USC Mech II simulations

with the different reaction source integration methods are shown in Figures 5.9 and

5.10. As the the general agreement between the ANN and DI species profiles is

worse than in the GRI 1.2 simulations, differential diffusion means there are more

noticeable differences between the element ratio profiles. However, it is again clear

in Figures 5.9 and 5.10 that enforcing the conservation increases the simulation

accuracy generally and prevents the largest deviations from the DI composition

space, for example as seen in the O/N profile at ¢ = 1.5.

Table 5.5 shows the frequency of the residual species permutations recorded
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Figure 5.9: Molar H/C ratio profiles at the end of USC Mech IT 1D premixed flame
simulations with NEDs using different methods for reaction source term integration.
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Figure 5.10: Molar O/N ratio profiles at the end of USC Mech II 1D premixed flame
simulations with NEDs using different methods for reaction source term integration.

throughout the USC Mech II premixed flame simulations with NEDs at various
equivalence ratios. Although there are roughly 4x as many species in USC Mech
IT, all of the residual species permutations use species which were also used in the
GRI 1.2 mechanism (with C3Hg as the fuel instead of CHy4). This agrees with prior
knowledge of major and minor species, which is that generally the major species
account for a large majority of the elemental mass while the minor species have
low mass fractions and so contribute little to the element mass fractions. As in the
GRI 1.2 case, as the mixture moves from fuel lean to stoichiometric to fuel rich,
permutations using Os become less common and permutations using Hy become

dominant.

At no point in any of the USC Mech II simulations were negative residual species

predicted. This means that in these simulations Algorithm 4 was never required.
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5.2 Application to reaction source term predictions

Table 5.8: Percentage frequency of residual species permutations at different equiv-
alence ratios for 1D premixed flames with NEDs for USC Mech II.

Percentage frequency |[%]
Permutation ¢=07 ¢=10 ¢=15 ¢=20 ¢=25

CsHy H,O Oy 2.6 0.3 1.3 9.2 _
CsHy Hy Oy - - - 3.4 B}
CsHs O, H, : _ _ _ 15
CO H,O 0, 3.7 7.2 6.1 5.8 _
CO Hy, O, - - - 0.8 -
CO H,O H, - : 92.6 71.2 78.2
cO 0, H, - - - 9.5 20.3
CO, H,O O, 93.7 89.5 - : _
CO, H,O H, - 3.0 . : _

This is partly due to the way the method is formulated, as choosing the residual
species which contribute the most to their respective elements reduces the change
of encountering negative residuals. However depending on the species available in
the mechanism and the ANN accuracy it is still possible to encounter negative
residuals, particularly in the final residual species. Therefore, the negative final
species rectification proposed in Algorithm 4 should still be kept as part of the

method, even though it has not been used in this case.

Table 5.9 shows the average CPU time required to perform reaction step cal-
culations in the 1D premixed flame simulations with each integration method for
the USC Mech II mechanism. The USC Mech II mechanism is more complex than
GRI 1.2 so the speed-up when using ANNSs is larger: on average 56x faster when
using ANNs compared to the VODE solver. Again the time for the conservation is
very small compared to the ANN inference time, and reaction source term computa-
tions using ANNs with conservation are still 54x faster than those with the VODE
solver. The results from this section show that applying the conservation laws to
the ANN predictions gives significant accuracy benefits with very little additional
computational cost.
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Table 5.9: Average time taken to perform one reaction step in USC Mech IT 1D
premixed flame simulations with NEDs at ¢ = 1.0 with each integration method
using a single Intel Xeon 6132 2.6 GHz CPU.

Method CPU time [s] Speed up
DI 5.924 -
ANNs 0.106 56x
ANNs with conservation 0.110 o4x

5.3 Application to random data generation

Although the conservation method has been explained and applied in the context
of tabulation of reaction mechanisms with ANNs, it can be applied to any composi-
tion point which undergoes some process. For example, the method can be readily
applied to data randomly generated from canonical combustion data. In this case

the random data generation procedure based on a composition can be expressed as:

Y7 (t) = RANDGEN[h(t), Yi(t)], (5.9)

where RANDGEN refers to the random data generation method outlined in Chapter
2. The conservation method can then be applied to Y, to generate data which
satisfies the constraints which are present in the canonical combustion problem data.
In this way, random data can be generated which shares the element mass fractions of
the original data. This also means that the element ratios present in the original data
will remain. The advantage of this is that the compositions generated still contain
randomness and so do not exactly obey the equations of the canonical combustion
data, but do satisfy constraints on the composition space which may be encountered

in the application.

The specifics of the method used depends on which elements are considered. In
combustion applications the main point of difference is whether nitrogen chemistry
is included or not. If nitrogen chemistry is not included and Ny is the only nitro-
gen containing species, then the mass fraction of diatomic nitrogen must remain
unchanged as changing it would change the element mass fractions. If nitrogen
chemistry is included, then the mass fraction of Ny can be changed, as long as the
mass fractions of the other nitrogen containing species change to conserve the nitro-
gen element. For hydrocarbon fuels burning in air, it is likely that the mass fraction

of Ny will be by far the largest of the nitrogen containing species and altering any
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other nitrogen containing species on the same scale as Ny will lead to unrealistic
compositions. Therefore the method proposed alters the other nitrogen containing
species mass fractions first, before using Ny to ensure that the nitrogen element mass
fraction is conserved. The method can be readily adapted if burning fuels with a

significant N content, such as ammonia.

The random data generation procedure with conservation of the element mass
fractions from the original data for hydrocarbon fuel/air mechanisms is outlined
in Algorithm 5. The calculation of the random enthalpy value is identical to the
random data generation procedure without conservation. Then, the random mass
fractions of the species which are not Ny are generated (including the other nitrogen
containing species, if present). The 'randomly generated’ mass fraction of Ny is taken
as the mass fraction of Ny in the original data. The normalisation of the species
mass fractions in the original random data generation method is unnecessary as the
conservation method will guarantee mass and element conservation. Algorithms 2
- 4 are then applied to the randomly generated composition. The target element
mass fractions are the element mass fractions from the original data. In Algorithm
2 the predicted element mass fractions are not calculated but are replaced with the

target element mass fractions.

Algorithm 5 is applied to two mechanisms: GRI 1.2, which does not include ni-
trogen chemistry, and GRI 3.0, which does include nitrogen chemistry. The data for
the GRI 1.2 mechanism is the 1D premixed flame data with EDs collected in Chapter
4 for the SWB simulations, while the data for the GRI 3.0 mechanism is generated
from an ensemble of laminar flamelets in an analogous manner to the canonical com-
bustion problem data generated for the Sydney L simulations in Chapter 3. Figure
5.11 shows examples of the resulting random data after Algorithm 5 is applied to
the GRI 1.2 mechanism data. The data is visually indistinguishable from the ran-
dom data generated for the SWB simulations, but shares the same mass fractions
as the original premixed flame data, meaning that the element ratios are practically
exact and acceptable element ratio windows do not have to be predetermined. Ta-
ble 5.10 shows the root mean square error between the element mass fractions in
the randomly generated data and the canonical combustion data for the GRI 1.2
mechanism. The nitrogen element mass fraction is exact as the Ny mass fraction is
unchanged by the conservation process, while the other elements are conserved to

machine precision.

Figure 5.12 shows the random data generated by applying Algorithm 5 to the
GRI 3.0 laminar flamelet data. As GRI 3.0 includes nitrogen chemistry the nitrogen
element must be included in the conservation process and, as Table 5.11 shows,
is conserved to machine precision. Because the mass fraction of Ny is much higher

than any of the other nitrogen containing species, it is always chosen (automatically)
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as the residual species to conserve the nitrogen element. This means its value is
modified and so the Ny mass fraction in the random data is not identical to the
N, mass fraction in the canonical combustion data, as it was with the GRI 1.2

mechanism.

Algorithm 5 Random data generation with conservation of element mass fractions

Require: h,Y; > Canonical combustion problem data point
h"=h+a %fﬂm(h) > Random enthalpy generated as normal
fori=1,...,N,, do > Perform randomisation

if Y; is not Yy, then > If not Ny
if Y; >1x 1072 then
ag ;L
Y = 10(L+ﬁ> where L =log,,(Y;)
else
Y7 =Y,
end if
end if
Yy, = Y,
end for
Use Algorithm 2 > Replace ZJI-’ with Z;

Use Algorithm 3
Use Algorithm 4 (if necessary)
return 2", Y;"*" > Random data point with conserved element mass fractions

Table 5.10: Root mean square error between element mass fractions of randomly
generated data and canonical combustion problem data for the GRI 1.2 mechanism.

Quantity RMSE
Z0o 4.23 x 10717
Zn 4.94 x 10718
Z¢ 1.16 x 1077
ZN 0

Table 5.11: Root mean square error between element mass fractions of randomly
generated data and canonical combustion problem data for the GRI 3.0 mechanism.

Quantity RMSE
Zo 5.53 x 10718
Zn 5.65 x 10717
Z¢ 1.22 x 107Y7
ZN 7.16 x 10717
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Figure 5.11: Composition space coverage of GRI 1.2 randomly generated data which
shares the same element mass fractions as the 1D premixed flame EDs data.
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Figure 5.12: Composition space coverage of GRI 3.0 randomly generated data which
shares the same element mass fractions as the 1D laminar flamelet data.
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5.4 Application to reaction rate predictions

In Section 5.2 the focus was on applying the conservation laws to composition points
predicted by ANNs. This is because the ultimate aim of the method is to apply ANNs
with enforced conservation to transported PDF simulations using the fractional step
method, where reaction source terms can be isolated and treated as a system of
ODEs. However, in other applications (for example Owoyele and Pal [38]) ANNs
are used to directly predict instantaneous reaction rates, which are then integrated.
If rates are to be predicted by ANNs the constraint arising from mass conservation
is given by Equation 5.10, while the constraints arising from element conservation

are given by Equation 5.11:

Nsp

Zw;‘(t) =0 (5.10)

D A (t) = 0 (5.11)

In contrast to the species mass fraction, the instantaneous reaction rates are
unbounded. This makes it difficult to ensure that species mass fractions computed
after integration of the predicted rates remain bounded. Therefore, there are two
parts to conservation when predicting rates. The first part is to enforce the ele-
ment conservation laws in Equation 5.11 (and so automatically Equation 5.10) in
an analogous manner to those in Equation 5.3. The residual species for which the
reaction rates are calculated can be selected in a very similar way to that outlined
in Algorithm 2, except now the species which have the largest contributions to the

rates of change of their respective elements should be selected.

Algorithm 3 can then be followed, except it is the rate of change of the chosen
residual species which is calculated to make sure Equation 5.11 is satisfied. The
second part of the conservation process when predicting rates is that if negative
species mass fractions are encountered in a composition point after the integration of
the rates, then Algorithms 2 - 4 can be used directly on the newly found composition

point to satisfy the conservation laws.
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Chapter 6
Conclusions

Tabulating thermochemistry with artificial neural networks has the potential to
alleviate the computational bottleneck of combustion simulations by reducing the
time required to perform the integration of the chemical kinetics of the reacting
system. Despite this potential, a number of research challenges remain, relating to
the generality, accuracy, and physical consistency of ANN tabulation approaches.
The present work has aimed to tackle these research challenges, and in this chapter
the main points of advancement are summarised along with suggestions for further

work which have been unlocked by the work performed.

6.1 Summary of thesis achievements

A method has been developed which is capable of producing ANNs which are gen-
eral enough to be applied to families of combustion problems with high prediction
accuracy. This method first uses canonical combustion problems to generate data
covering the approximate region of composition space to be accessed in a simula-
tion. The generality of this canonical combustion problem data is improved using a
random data generation method. This random data generation method expands the
composition space coverage of the data, particularly for the hard to anticipate minor
species, while still producing combustion relevant data. If desired, this random data
generation method is capable of modifying certain physical properties of the data
such as the ratios between element mass fractions. This increases the robustness of
ANNSs used in simulations where mass and element conservation are not enforced

and therefore increases the accuracy of predictions.

To further increase the accuracy of ANN predictions without undue specialisation

to a given test case, it has been shown that subdivision of the composition space
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covered by the training data is unnecessary. Instead, it has been found that a
significant increase in prediction accuracy can be obtained by performing predictions
of each species separately. This has the added benefit of keeping the number of
ANN parameters required low, and therefore renders quasi-second order and second
order training algorithms, such as the Levenberg-Marquardt algorithm, feasible. The
Levenberg-Marquardt algorithm is capable of producing more accurate ANNs than

first order training algorithms but is only feasible for small to medium sized ANNs.

The accuracy of the developed method using random data generation and sep-
arate MLPs for each species was first demonstrated by performing LES-PDF sim-
ulations of the non-premixed CH,/air jet flame, Sydney flame L with the full GRI
1.2 mechanism. The high prediction accuracy of the ANNs produced in this way
allowed for the full transient behaviour of Sydney flame L to be simulated, from
the first injection of the jets into the domain to statistical steady state. This is in
contrast to Franke et al. [55], where the limited accuracy meant that it was only pos-
sible to simulate the flame with ANNs once it had reached statistical steady state.
Statistics obtained from LES-PDF simulations using the ANNs and DI respectively
for reaction source term calculations were found to be in excellent agreement for
major species and good agreement for minor species, while a reaction source term

calculation speed-up of 18x was obtained.

After the successful demonstration of the ANN method in the context of non-
premixed flames, the range of applications of ANN thermochemistry tabulation was
expanded by simulating a turbulent premixed jet flame. The obvious canonical
combustion problem choice of 1D laminar flamelets means that there are numerous
applications of ANN thermochemistry tabulation to non-premixed flames. How-
ever, for premixed flames the canonical combustion problem is more difficult to
select, meaning that there are few examples of premixed flame simulations using
ANNSs. The sampling deficiencies present in 1D laminar premixed flames with equal
diffusivities were overcome using the random data generation method, allowing the
application of ANNs, again to the full GRI 1.2 mechanism, for the simulation of the
stratified swirl-stabilised bluff-body CH,4/air Cambridge/Sandia swirl burner.

Recirculation zones near the Cambridge/Sandia swirl burner bluff-body require
very high prediction accuracy to prevent the accumulation of errors affecting down-
stream predictions, particularly for minor species. This was achieved using the
multiple MLP method, where as well as predicting each species individually, the
output ranges for each species are automatically divided and a separate MLP is
used for each. The MMLP method allows excellent prediction accuracy for states
from ignition up to equilibrium, even for minor species. This is reflected in the ex-
cellent agreement between statistics obtained from LES-PDF simulations of SWB6

when using the ANNs and DI respectively for reaction source term computations for
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both major and minor species, while obtaining a reaction source term computation
speed-up of approximately 14x. Having been validated in the SWB6 flame, the same
ANNs were applied to an LES-PDF simulation of the SWB5 flame, with excellent
agreement obtained between statistics from the simulation and those recorded by
experiment, showing that the ANNs generated using this method are general enough

to be applied to families of problems.

While the simulations of Sydney flame L and SWB5 and SWB6 showed the
capabilities of the proposed ANN method, in none of the simulations were the ANNs
physically consistent with the chemical mechanism they were imitating. To remedy
this, a method of enforcing the mass and chemical element conservation laws as well
as the composition space bounds has been formulated. This method enforces the
conservation laws to machine precision by calculating new values of certain species

once ANN predictions have been made.

The effects of enforcing the conservation laws on ANN prediction accuracy have
been assessed through the simulation of 1D premixed CHy/air and C3Hg/air flames
at equivalence ratios across the flammable range. These simulations show that
as well as ensuring physical consistency, enforcing the conservation laws improves
ANN accuracy compared to ANN simulations without enforced conservation. For
the CHy/air flames using the full GRI 1.2 mechanism a reaction source term com-
putation speed-up without enforced conservation of 30x relative to DI is obtained,
while the speed-up with enforced conservation is 29x. For the C3Hg/air flames us-
ing the full USC Mech II mechanism a reaction source term computation speed-up
without enforced conservation of 56x relative to DI is obtained, while the speed-up
with enforced conservation is 54x. This demonstrates that the conservation method
computationally inexpensive and so physical consistency, and the increase in accu-
racy that goes with it, can be obtained at very little cost. The conservation method
can be easily appended to any existing or new ANN architectures and further, it can
actually be applied to any process manipulating compositions, including the random

data generation method.

Through the formulation of the random data generation method, the multi-
ple MLP method and the method for enforcing the conservation laws, this thesis
has detailed how the generality, accuracy and physical consistency of current ANN
approaches has been advanced. This advancement means that ANN tabulated ther-
mochemistry can be applied more reliably to alleviate the computational bottleneck
present in simulation methods requiring the real time integration of the chemical
kinetics, which includes DNS, the LES-PDF method, laminar flame computations,
the conditional moment closure method, the multiple mapping conditioning method,
thickened flame methods, the linear eddy model and partially stirred reactors. Addi-

tionally, these advancements pave the way for future work which can be performed,
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which is detailed in the next section.

6.2 Suggestions for future work

The first opportunity for further work is the application of the current method
to large-scale reacting flow simulations using complex mechanisms. The turbulent
flame simulations in this work both used the GRI 1.2 mechanism, consisting of 31
species and 175 reactions. The largest mechanism used in this work was the USC
Mech IT mechanism, consisting of 111 species and 784 reactions, which was used in
1D premixed flame simulations. The simulation of large-scale turbulent flames with
mechanisms of the size of USC Mech II is prohibitively expensive when using DI,

but can be realistically performed with the proposed ANN method.

This means that simulations of industrially relevant combustion equipment are
feasible with complex chemistry. This is of importance to the aviation sector where
the fuel used is kerosene, with typical mechanisms for kerosene surrogates containing
several hundred species and thousands of reactions. Such simulations often occur
at pressures up to 20 bar, while the simulations performed in this work were at
atmospheric pressure, meaning that the ANN method will need to be expanded to
include pressure dependence. It may also be desirable to use variable time steps in
such simulations, in which case several sets of ANNs will need to be trained, each

able to predict the reaction behaviour over a different time interval.

With the proposed ANN method, other complex mechanisms, such as those
which are designed for the prediction of pollutants such as soot can be simulated at
modest computational cost. The physical consistency afforded by the conservation
method means that reduced mechanisms from which the full composition can be

generated, such as those obtained when using RCCE, can also be reliably simulated.

Although the random data generation method is capable of improving composi-
tion space coverage from canonical combustion problem data, applications for which
it is difficult to identify a suitable canonical combustion problem remain. Therefore,
on-the-fly training has the potential to expand the range of ANN applications fur-
ther. While Chi et al. [74] have performed an initial exploration of on-the-fly train-
ing, their approach suffers from the drawback that training is required every few
hundred iterations during a simulation. This is because they were unable to enforce
the conservation laws, and so properties of the composition space being accessed
were also changing as the simulation progressed. With the conservation method
detailed here, these properties can be guaranteed to remain unchanged even when

using the ANNs. This means that on-the-fly training can occur only once at the
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6.2 Suggestions for future work

start of the simulation, increasing the potential speed-up compared to the method
of Chi et al.. Alternatively if the anticipated composition space is approximately
known, a combination of ahead of time and on-the-fly training could be performed,

to tune the ANNs for the specific application with modest computational cost.
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Appendix A

Comparison of the moments arising
from the modelled probability
density function equation and the
stochastic fields

In this appendix, the moments arising from the modelled PDF equation and from

the equation describing the stochastic fields are derived.

A.1 The modelled probability density function equa-

tion

The PDF, ﬁsgs(@b; X, t), is considered as a good generalised function with the follow-

ing properties:

lim ﬁsgs(@z); X, t) = O; lim M

= Al
Pp—too p—+oo 02/1 07 ( )

which implies that in physical space the problem is bounded. The n** moment of

the scalar ¢(x,t) is:

M) = [0 P (A2)
To calculate the equation for the moments for a constant density fluid, Equation
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A.1 The modelled probability density function equation

2.66 can be multiplied term by term by ™ and then integrated between the limits
+00. The integration for each of the terms in Equation 2.66 is as follows:

Term 1:

oM,
sgs n sgS n
o [ Pman = o [0 Pdn = %]

Term 2:

Term 4:

8 M ,usgs 8Psgs / n :u H/sgs ap 5gs _
ox; (( + asgs) oz, 4 OIZ asgs O, W =
O (1 Fas) 2 / " O ((# Has) OMn
;i ((‘7 " Usgs) Ox; ( —oow Psngw B aiUz’ o * Osgs ) O

Term 5:
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A Comparison of the moments arising from the modelled probability density
function equation and the stochastic fields

Cy O _ n s -
Tsgs 0¢ [ <w Psgs Tsgs / 4 W QO)PsgS} W=
(0006 = Pu] "~ [ " (= ) Pt =
— /OO nw”ﬁsgsdw + /OO nw”’lgbﬁsgsdw = —nM, +nM,_1p
Term 6:

: w,opsgsw% / v pPsgsw

o0

[pwnwﬁsgs] o_ooo — / npwn—lwﬁsgsdw — _npdﬂ/]nfl

o0

Collecting all of the terms, the following equation for the n'* moment results:

oM,  OM, n(0p\
It U—axl —{—n(n—l)Mn 2— (6:131)

0 ses \ OM, C _ —
o KE 1 B ) } np—2 (M, — My _1@) + npon=1.,

Ox; O Oss) Ox; Tsgs

A.2 The stochastic fields

The moments arising from the stochastic fields can be obtained using standard
methods. The increment of a stochastic field {(x,t), given by Equation 2.68, and

repeated here is:
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A .2 The stochastic fields

pdé =
U 65 0 K Hsgs 85 pCd - ‘
PU; oz, dt + oz; [(g + 0w ) 01, dt - (& — @)dt + pwdt
fhsgs O
=2 > .
+ \/Z o dw,

B()dW

The stochastic term involves the increment of a Wiener process, which is repre-
sented as the product of 1 (a dichotomic variable with ' ~ [—1,1]) and the square
root of the time-step. It is thus of ~ O(dt'/?). The only constraint on 7 is its
property N ~ [—1,1]. The stochastic process so defined is not differentiable in time
and it is therefore necessary to resort to a time expansion around a time instance,
t. The derivative of the n'* moment is calculated assuming an infinite number of
stochastic fields N, ¢:

Ninf

M, 1 (€t ) — (€6 )"

dt Nipj—00 Nmf — dt

(A.4)

While a single realisation of the scalar field does not have any physical sig-
nificance, in an averaged formulation the stochastic fields should share the same

one-point moments as those given by the modelled PDF equation.

To calculate (£(x,t+ dt))" it is necessary to use a Taylor-Ito expansion [87] of
the function f(£) = (£(x,t))". The Ito formula/Martingale representation theorem

in differential form allows the expansion of the function and yields:

207 f(§)
oE?

] dt + lB(g)af—(f)] dW + R, (A.5)

20  1p0

pdf (§) = A(f)a—g 5

23

where R is the remainder containing higher order terms. Substituting f(§) =
(£(x,t))" into Equation A.5 and neglecting R ~ O(dt%/?):

" = [nA© "+ Jutn - VB(EPe?| s [ aw (as)
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A Comparison of the moments arising from the modelled probability density
function equation and the stochastic fields

where the superscript denotes the power n. Once the increment is calculated,
€"(x,t + dt) can be obtained from £"(x,t + dt) = £"(x,t) + d¢". On substitution
into Equation A.4:

e (A7)
S DR | B R G
N—oo N — dt | )

On substitution of A(¢) and B(&) into Equation A.7, term I then becomes:

oc 0 R A P D
o|-omge 4 (L) 22) - K- g )] ()

Ox; Oz, T Oss ) Oz, Tegs
N 2
Hsgs a§Z i\ (n—2)
—1 — .
+ [n(n )0Sgs <8xj) ] (&) dt

(A.8)

In the stochastic contribution, the quantities B and dW are uncorrelated so that

term /1 is zero:

Ninf

lim > B(&)dW' =0.

Nipp—o0 Nznf P

Substituting Equation A.8 back into Equation A.7 results in:

dM,, B
at
1 & e ) ¢l
i T i\n—1 Y Ko Hsgs | OS in—1
Ni}}lfrgoo Nows ; [ npu; Oz, (&) +na$j ((a + Usgs) 8:(:j) (&)
Hsgs afi afi i\n—2 PCa i\ rivnt i/ giyn—1
_ ) 25 TS _ A i
+ n(n )asgs Oz O, (&) - (€ =2)E)" T +npw'(§)" ],
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A .2 The stochastic fields

and averaging over the stochastic fields gives:

dMy 00 iy O (s 0P
P dt - npu]al'jgp +nax3 ((U * Usgs)axj 4

~~ >
Term 2

(0" — 1)

—-n
Osgs 81']' (9.27]' sgs

>
~~
Term 3

~-
Term 4

+ npwenl.
——

Term 5

The equation for the moments can be found from here through extensive use of
the chain rule. Considering each term individually:

Term 1:

_Jp _ Op Op™ _ Oy _ OM,
TPl P Pl = Tl =
j j j j

Term 2:

8 % Hsgs 890 n—1 a H Hsgs 890 agpn _
n@wj {(a + O’Sgs) Oz, v - Oz, o + Oz, | Oy N

Osgs
O (B s Op 00| (1 L Hses dp O (9™ _
0r; |[\o 0/ Ox; Op O Oss ) Ox;0x; \ Op
O (1 | Bsgs\ 00" | (1 | Hsgs\ Op 01
0z, {(a * asgs) Ox; "\ o - or; Or;

Osgs
0 |: (H Msgs ) a]\/[n :|
- —_ + P
8:1:]- o Osgs 837]' Osgs

n—1
() T
O (1| g\ OM, [ g\ Op Do
- L _ _ —1 = _r ~r an—2
axj |:(0 * Usgs) 8$j :| n(n ) (0 * al"j 6%(’0

o Ox;0x; Op
Osgs

Term 3:

e — —2
n(n — 1)”@%58_900_@@—2 s n(n — 1)1 gn— (%)

Osgs 01 0 Oses ox;
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A Comparison of the moments arising from the modelled probability density
function equation and the stochastic fields

Term 4:

pCd — 5 C’d
(" —Ppn1) = np

Tsgs Tsgs

(Mn - Mn—l@)

Term 5:

npwent = npwen—1

Collecting all of the terms, the moments arising from the stochastic fields are

given by:
oM, _OM, 7 2\’
i B n—2
Pgr T Pl Tnlnm e (ax@-)

0 sos \ OM,, C _ S
D [(m) BB i

Oz, 0 Oss/) O Tegs
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Appendix B

Example of satisfying conservation

laws for a composition

The conservation procedure proposed is demonstrated via an example of methane
combustion with the 7-species 4-step mechanism of Jones and Lindstedt [117]|. This
mechanism consists of the elements C, O, H and N, and contains the species CHy,
0,, CO, COg, Hy, H,O and Ny, with the indices given in Table B.1. It should
be noted that no ANN predictions were actually carried out. Instead, an artificial
initial set of values was constructed for the sake of the demonstration, so as to incur
a significant conservation error that will be remedied by the proposed algorithm. In
practice, a good ANN procedure would not incur so severe conservation errors in
the first place. Furthermore, the fictitious composition has been chosen so that
the procedure calculates a negative value in a residual species, so that the use
of Algorithm 4 can also be demonstrated, although this did not occur in the 1D

premixed flames due to the accuracy in the ANN predictions.

Table B.1: Elements and species contained in the mechanism and their respective
indices.

Index Element Index Species
C CHy
(0}
CO
COq
Hy
H,0O
Ny

N

H
@)
N

~N O Ot s W N
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B Example of satisfying conservation laws for a composition

In this mechanism, Ny is inert and is the only nitrogen containing species, mean-
ing it is not necessary to approximate it with ANNs or to enforce conservation of
the N element. This means that N, = 3. The candidate final residual species are
those which only contain a single element, hence Oy and Hs, meaning that Ny = 2,
C. = (2,5) and E° = (3,2). The rectifying species for O, are CO, and CO, meaning
that R; = 4 and Ry = 3 and £® = 1. In this mechanism, there are no pairs of
rectifying species available for Hy and, therefore, although it can be used as a final
residual if calculated to be negative, the composition should be re-calculated with

O5 used as the final residual instead.

Step 1:

Column 2 of Table B.2 gives an example input composition. Following Algorithm
1, the required ANN predictions should be carried out although, as mentioned, fic-
titious predictions have been generated for the purpose of illustration. These ficti-
tious predictions are shown in column 3 of Table B.2. Any unbounded predictions
in Y*(t + At) are returned within bounds, giving column 4 of Table B.2.

Table B.2: Mass fractions of species at various stages in Algorithm 1.

Species  Y(t) Y (t+At) YP(t+ At)

CH,4 0.011 0.008 0.008
O, 0.031 0.081 0.081
6[0) 0.045 0.025 0.025
COq 0.141 0.143 0.143
Hy 0.007 0.006 0.006
H,O 0.147 0.148 0.148

N,  (0.618)  (0.618) (0.618)

Step 2:

The next step is to use Algorithm 2 to select the residual species. The predicted

element mass fractions are calculated and shown in Table B.3.
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Table B.3: Target and predicted element mass fractions, calculated from species in

Table B.2.

Quantity  Yj(t)  Y(t+ At)
SMry. 10000 1.0290

Z¢ 0.0660 0.0557
A 0.0262 0.0246
Zo 0.2898 0.3307

Zx (0.6180)  (0.6180)

Then, the predicted contribution of each candidate final residual species to its

respective element is calculated. For the first candidate final residual (O,):

YO Y 0.0810

= — = —— =0.2449
Zh 75 0.3307 !
and for the second candidate final residual (Hy):
Yp b .
& _ Y DU o)

Zpe  Z5  0.0246

For this composition, Oy is predicted to contribute the most to its respective
element mass fraction, so 7 = 1 and Sy, = C; = 2. This means that the final
element in the solution order is O, as €y, = £ = 3. The rest of the element
solution order is unimportant and is chosen as & = 1 and & = 2 to give the
element solution order as & = (1,2,3) or (C, H, O). The remaining residual species
are now determined. The possible species from which the first residual species is

determined are:

Q, = &;, which contain & and may contain & and/or &,

which are Q, = (1,3,4) or (CH4, CO, CO;3). The contributions of each of these

species to element & are now calculated. For CHy:

Ae o, Y8, AuY? 07487 x 0.0080
7L Zb 0.0557

— 0.1075,

while for CO:
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B Example of satisfying conservation laws for a composition

A51 Q2YQbQ _ Ay 3Yéb — 0.4288 x 0.0250 =0.1923
7 Z0 0.0557 o

and for COs:

Ag, 0, Y8, _ AugYP 02729 x 01430 _ 0.7002
73 7h 0.0557 o

Therefore, T = 3 and §; = Q7 = Q3 = 4, meaning CO, is the first residual

species. For the second residual species:

Q, = §;, which contain £ and may contain &,

so the possible residual species for the second element are Q, = (5, 6), or (Hz, H,0).
The contributions of the possible residual species for £ to the mass fraction of &

are now calculated. For H:

Ag 0, Y8, _ AYP 10000 x 0.0060 _ o
7L 7y 0.0246 o

and for HyO:

Ag,0,Y5,  AseYy 01119 x 0.148

= = = 0.6740.
VA VA 0.0246
Ea 2

Therefore, 7 = 2 and S; = Q7 = Qs = 6, meaning H,O is the second residual
species. As the final residual species has already been determined, all of the residual

species are now determined and are: S; = (4,6,2) or (CO2, H,0, O,).

Step 3:

With the residual species determined, Algorithm 3 is now used to calculate the
new values of the residual species which will make the overall composition satisfy
element and mass conservation. The target element mass fractions are calculated
and shown in Table B.3. The conserved mass fractions are initialised to the non-
negative mass fractions from Step 1. The new values of residual species are calculate

in turn using:
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Nsp
Zgj _ 2 Bz Agj z‘Y;'C(m
—1
Ycon — 3
S.
J Ag. S,

J %7

The mask B; is set to one for all species. Then, to calculate the new mass fraction
of the first residual species, Bs, is set to zero, i.e. By = 0. For the first residual

species:

Nsp Nsp
Zg, — Z BiAe Y 21— Z B Ay Yo"
Yo = = = = = 0.1807.
S Agl S A14

Next, Bg, is set to one, and then Bg, is set to zero: By = 1 and Bg = 0. The new

value of the second residual species is calculated as follows:

Nsp Nsp
Zg, — Z BiAe, Y Zs— Z B Ay Yo"
Y = = = = = 0.1627.
52 Agz So A2 6

Finally, Bs, is set to one, while Bg, is set to zero: Bg = 1 and By = 0. The new

value of the final residual is calculated as follows:

Nsp Nsp
Ze, = ) _Bide (" Zs—) BiAg Y
Y = = = = = —0.00033.
S3 Ag3 Ss Az

Now all of the new residual species mass fractions have been determined and the
composition satisfies the conservation laws. However, the mass fraction of Oy has

been predicted to be negative. This needs to be rectified.
Step 4:

The pair of species used to rectify this final residual are CO, and CO, i.e. R; =4
and Ry = 3, while the other element contained in these species is C, i.e. £F = 1.

Following Algorithm 4:
a=—Agy sy Ysn = —As2Yy™ = 0.00033

b= Aoco, = 0.7271

C = AO co — 0.5712

155



B Example of satisfying conservation laws for a composition

A
d= =222 — (.6365
Acco
AR =+ — — = —0.00091

AV = —dAYE™ = 0.00058
Y = YA 4+ AV = 0.1797
YR = Y2 4 AV = 0.0256

YCO?’L — O

SN,

The final calculated composition Y, now satisfies all of the conservation laws
with no negative predictions. The composition is summarised in Table B.4, along

with the initial composition.

Table B.4: Initial and final compositions after using Algorithms 1-4.

Species  Y(t) Y "(t+ At)

CHy 0.011 0.0080
O, 0.031 0.0000
Co 0.045 0.0256
CO, 0.141 0.1797
H, 0.007 0.0060
H,0 0.147 0.1627
N, (0.618)  (0.618)
SNy, 1.0000 1.0000
Zc 0.0660 0.0660
Ty 0.0262 0.0262
Zo 0.2898 0.2893

Zx  (0.6180)  (0.6180)
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