Abstract

This work presents a systematic comparative assessment of four machine learning methods for
compressing Flamelet Generated Manifold (FGM) libraries in methane combustion simulations:
Multi-Layer Perceptron (MLP), Random Forest (RF), Linear Regression (LR), and Support Vector
Machine (SVR). Scalar dissipation rate and mixture fraction are used jointly as ¢ontinuousanput
features, enabling each model to learn the full thermochemical response acro§s the,operating space.
Models are trained on seven FlameMaster libraries and evaluated on fifteen unseen scalar
dissipation rate conditions to assess genuine generalization ‘€apability. Hyperparameter
optimization via cross-validated grid search identifies the gptimabhMLP configuration: four hidden
layers () +-)e-Y+-)2 neurons), Tanh activation,.and Adam selyver. This model achieves a mean R?
of +,AVEY across all species on the unseen test'sety(Temperature R?>=+,332 OH R>=+,31¢V),
Random Forest achieves mean R?=4,%)09 “yhilelLinear Regression performs poorly (mean

2=+, £Y), confirming the necessity of nonlinear methods for this thermochemical regression task.
The results demonstrate thatPMLP-based FGM compression can achieve high accuracy with

substantially reduced memory,requirements compared to full look-up table storage.

Keywords: Flameletémethodsy Artificial Neural Network, Random Forest, Linear Regression,

Support Vector Magchine.



). Introduction

Using machine learning (ML), many combustion challenges can be addressed, including reduced-
order modeling, data processing, optimization, and control. Due to the increasing prevalence of
data-driven methods, fluid mechanics can benefit from learning algorithms and present challenges
that may encourage these algorithms to complement human understanding and“engineering

intuition [Y>Y].

Numerical modeling of combustion systems that incorporate intficate Kinetic mechanisms
presents a significant level of complexity. The quantity of species pestaining to light hydrocarbon
fuels can extend to several hundred, while the chemical kinetic mechanism associated with certain
fuels such as kerosene encompasses a few hundred teranfewithousand reactions [Y]. The evolution
of various species is represented by partial differential, equations, which are coupled together.
Additionally, the presence of turbulent flames introduces a diverse set of temporal and spatial
dimensions, thereby adding complexity to'the computational simulations. [ ¢]. The temporal times
of chemical processes inwolyvingdntermediate species, specifically H, CHr, and CyHy, are
comparatively briefer in fomparison to the time scales associated with COv and HxO [°]. In spite
of significant advaficesin supercomputers, simplification of the combustion process is still not

feasible. Therefore, it 1s°0f great interest to develop more advanced models [1].
V,). ML%n combustion and fluid dynamics

Recently, “Brunton et al. [Y] reviewed the history, current developments, and emerging
opportunities of machine learning for fluid mechanics, and Duraisamy et al.[A] reviewed data-
driven models constructed using machine learning to model turbulence. Numerous noteworthy

studies have focused on the intersection of combustion and machine learning, offering a fresh



outlook on the field of combustion research. As an early milestone in the field, Kalogirou et al.[3]
reviewed artificial intelligence techniques in combustion control and modeling, establishing the
foundation for subsequent data-driven approaches. That early work emphasized traditional

methodologies, including expert systems, genetic algorithms, and neural networks [35) +].

The recent advancements in ML have led to the emergence of various innovative‘and resilient
data-driven models. Consequently, it is imperative to conduct a comprehensive,examination of the
most recent combustion research, considering the utilization of state-ofsthe-art maghing, learning
models. Ding et al.[ Y] used machine learning to identify turbulent combustion thermochemistry
in equilibrated low swirl burners using methane, and Seltz ‘et al.[\YJ«defined a new modeling
framework to resolve the transport equation. To identify the critical role of mixture fraction in the
process and to identify essential radicals involved infbranching reactions and soot formation,
Zdybal et al.[)¢] analyzed data obtained in anYD temporally evolving DNS of an n-heptane
turbulent jet in the air. To predict soet*production, Kessler et al.[°] compared neural networks,
graph networks, and multivariate¢ equationss Using ANN, Nguyen et al.[ 1] calculated combustion
chemistry, temperature, radicals, imtermediate species, and all stages of evolution (mixing,

combustion, equilibsium),including radicals, OH, O, and HxOr.

V,Y. Flamelet Model

A flamelet-based method, flamelet generated manifold (FGM), describes turbulent flames as
ensembles, of representative one-dimensional flamelets. In the FGM model, the flamelets are pre-
computed and subsequently stored. A low-dimensional manifold is used to calculate the diffusion
and convection effects of )-D laminar flames [V]. Control variables (CVs) space is created by
transforming from the space-time domain (x-t) to mixture fraction and progress variable [A]. The

connection between the tabulated data and the flow field is established by incorporating either all



the control variables or a selected subset of them. The implementation of this preprocessing
technique leads to a reduction in computational expenses without compromising the accuracy of
the results. Large mechanisms can be adopted by employing rigid formulations that are not reliant

on fluid dynamic calculations.

V,Y. ML in Flamelet

Flamelet-based models use ML techniques to model complex non-linear datas, ML methods require
less memory compared to the FGM model because they only need to store the architecture
characteristics and parameters [)]. Zhang et al.[Y + ] effectively atilizedsANN to model the flame
of a methane-air mixture burner using FGM model. The efficacyyof this methodology was
evaluated by conducting a comparative analysis between the outeomes of numerical simulations
and empirical observations. The utilization of ANNs inyconjunction with flamelet-based models
has been found to yield notable reduetions in‘memory usage. Nonetheless, it is important to note
that these models possess limited répresentation capabilities and necessitate extensive training
durations, as mentioned imqthe study of Hansinger et al.[Y)]. In research conducted by IThme et
al.[YY] a computational fluid,dynamics (CFD) investigation was carried out on burner fueled by
combination of methangandihydrogen. Instead of utilizing flamelet-progress variable (FPV) look-
up tables, the researchers'opted for the implementation of classical ANN. To enhance the efficiency
of the meuralynetwork architecture, the researchers proposed the utilization of an optimization

technique to determine the optimal number of layers and neurons.

Several optimization methods were used to optimize engine control parameters, including least
squares support vector machines (LS-SVM), particle swarm optimization (PSO), and genetic

algorithms (GA). A comparison of the GA-SVR model's performance with standard SVR models,



random forest models, and back propagation neural network models was performed by Guo et

al.[YY] Based on the results, it can be concluded that GA-SVR is more accurate and generalizable.

Advantageous in terms of memory performance compared to the complete replacement of look-
up tables. However, the integration of ML models with look-up tables can pose challenges in both
numerical implementation and practical usage. Bissantz et al.[Y¢] employed a dense neural
network (DNN) to substitute table-based outcomes and a sparse principal eomponent, analysis
(SPCA) to ascertain control variables (CVs) in their computationalmfluid dynamies (CFD)
simulation of flame quenching in premixed methane-air systéms. The /FGM-DNN model
incorporated a progress variable and temperature as control vdriablesyCV¥s). Although the runtime
and prediction accuracy exhibit comparable performance, @ significant reduction in memory usage
of up to 4AZ can be achieved. The performance of th¢ model is significantly impacted by both
computer hardware and DNN architecture. In their study, Mousemi et al. [ Y °] employed a decision
tree (DT) and an ANN model in comjunction with a tabulated chemistry approach to replicate
premixed methane-air flames in @ Bladed,Ring Clearance burner. The utilization of DT and ANN
models resulted in a reduction, of M@mory requirements by £+7 and Y/ correspondingly. In
addition, the decisiomtreetmodel exhibited superior computational efficiency. However, it should

be noted that DT models are susceptible to the issues of overfitting and entrapment.

RE‘and DTE models are ML techniques that have the potential to reduce training time and reveal
intricate relationships among parameters in combustion systems [Y1]. Based on prior research, it
has been observed that DT exhibit superior performance compared to RF owing to their greater
flexibility in parameter adjustment [YV]. Recent research has also examined their application in
combustion modeling. With RF and ANN, Ren et al. [YA] measured flame structure properties in

which the RF model outperformed ANN in three DNS cases with different turbulence intensities.



Natural gas engine output parameters were forecast using RF and ANN models by Liu et al.[Y4].
Both methods perform comparably, but ANN models can be challenging to tune because of their
complex parameters. In their first attempt to predict non-linearity between combustion parameters,
Yao et al.[V+ ] employed ensemble models to investigate the relationship between input variables,
such as species concentrations, pressure, and temperature, and output variables, namely species
compositions at subsequent times. The study revealed that DT exhibited Supegior performance

compared RF in predicting species compositions and temperatures, on parWwith ANN:

According to research on machine learning in fluid mechanicsfand cembustion, much of the
research has focused on using data extracted from classical dnd traditiefial methods. ML models
each have advantages and disadvantages. ANN models, for example, have longer training and
more parameters to tune [Y)]. Overfitting and local optimum can happen with DTs [YY]. Models
such as RF and LR exhibit a relatively lowerilevel of complexity during the training process, albeit
at the cost of reduced accuracy andginereased memory consumption [YY]. In this study, four
different ML methods are compated in FGM simulations. The systematic benchmark is conducted:
(V) four ML methods (MLP, RE, LR;*SVR) are compared under identical training conditions with
scalar dissipation ratesused asa continuous input alongside mixture fraction; (V) all models are
evaluated on unseen sealar dissipation rate values to assess genuine generalization; and (V) cross-

validated hyperparameter optimization identifies the optimal configuration.

Y. Governing Equations

Combustion is a mass and energy conversion process in which chemical energy is converted into
thermal energy. Fuel combines with atmospheric oxygen to generate carbon dioxide and water

vapor, which have a lower enthalpy of production. Combustion is the primary energy source for



transportation, heating, and electricity generation. The main goals of combustion research are to
reduce emissions and increase the efficiency of systems since our fossil fuel resources are limited.
To simulate the temperature and combustion species, it is necessary to solve the combustion
equations. In this section, the definitions of thermodynamic variables and then the governing
equations are presented. The governing equations of the Flamelet model and machinédearning are

also given briefly.

Y,). Flamelet Equations

Non-premixed combustion occurs when the fuel and the oxidizer aregmjected separately into the
combustor and experience simultaneous mixing and burning. The Flamelet methodology utilized
in non-premixed combustion is founded upon the concept of.characterizing the turbulent flame as
an assemblage of laminar flame constituents thatarejintegrated within a turbulent flow and engage
in mutual interactions. The flame's 16¢al structure at every point along the flame front is expected
to exhibit similarities to a laminar (Flamelet, with the influence of turbulence limited to the

evolution of the front.

The prevailing consénsus s that the Flamelet concept holds true within the high Damkdhler

number (Eq. (1)), where the chemical time scale 7. is compared to the flow time scale 7;:

Da = Z ¢))

In contrast to the turbulent time scale, a high Damkdhler number (Da) denotes rapid chemical
reactions. In this situation, the chemical reactions exhibit a rapid response to alterations in flow,
thereby rendering unsteady effects negligible. Another requirement is that the thickness of the

flame should be sufficiently small compared to the turbulent length scales in order to prevent



vortices from disturbing the internal structure of the flame. Despite the rapid nature of the
chemistry involved, specifically the presence of a thin reaction layer, the diffusive flame thickness

is comparatively larger and can potentially be influenced by the flow conditions.

One possible approach involves performing a conversion from the physical spatial-temporal
domain to a new domain where the mixture fraction is introduced as an additional“independent
variable. Consequently, the newly established coordinate system is closely asseciated with an iso-
surface of the mixture fraction, specifically the stoichiometric mixture fraction denoted as Zs:.. The
coordinates Zy and Zr are situated within this iso-surface. The (application of a Crocco-type
coordinate transformation is carried out, wherein the trarisformation®rules are methodically
employed to the governing equations pertaining to species and energy. At this juncture, it is
postulated that the flame front exhibits a unidimensional'behavior. The terms associated with flame
front gradient, specifically Zv and Zr gradients, age disreégarded to the normal flame gradients. The
flamelet equations can be expressedgasifollows (Egs. (Y) and (Y)) by considering Lei = ) and

negligible Soret effect.
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where 7, T, Qg, ¢p,shi;@; ;Y Le; = A/pDim ¢y, and Dy, are time, temperature, radiating heat loss,
i-th specific heat, enthalpy, net rate of production, mass fraction, Lewis number, and
multicomponent ordinary diffusion coefficients, respectively. In these equations, x is the

instantaneous scalar dissipation rate defined by:



X ="D,(VZ)' (4)

Egs. (Y) and (¥) are commonly simplified by assuming that certain terms can be neglected.
Specifically, in Eq. (V), the second term on the right-hand side is considered negligible. Similarly,
in Eq. (V), both the second and third terms on the right-hand side are assumed to have negligible

impact. Given these simplifications, the equations can be expressed in the following manner:

Y, px 6*Yi+ .
P oz ~ YLle; 0Z° Pk ®)
Y N
oT pxoT ) ., Qr
TR N W L ©
P A= D

For the energy Eq. (1), although the term that involves the Z-derivative of the heat capacity is

sometimes retained.

By utilizing a chemical mech@hism, establishing suitable boundary conditions, and
incorporating scalar dissipation(rate profiles y(Z), the flamelet equations (Egs. () and (°) for
combustion, and Egs. (Y)sand (1) for species) can be numerically solved to derive equations for

the determination ofSpecies mass fractions (Eq. (V)) and temperature distributions (Eq. (A)):

Y =Y.(Zx) 7
T=TZx) (8)

The fundamental principle of the Flamelet approach is predicated upon the utilization of a
variable transformation, denoted as (x,t) — (Z, ). In the event that the dynamics and flame

structure become decoupled, the comprehensive depiction of the temperature and species profiles'



spatial and temporal evolutions can be achieved solely through the spatial and temporal evolution

of Z.

Y. Materials and Methods

¥,). Machine Learning Equations

As ML methods mature and become more available, the best fit for speeific problemstean be
assigned to supervised learning algorithms. Algorithms are chosen based on'the size and nature of
the data. Depending on the quantity of available training data, various, principles of thumb for
choosing proper ML method have been presented in Table ). The'most common machine learning
method in combustion is supervised learning. In supervised, Icasning are inferred as machine
learning models from labeled data sets that mapanputs to-outputs. Fitting thermodynamic response
functions can be done with regression{teehniquesyon continuous outputs. Using supervised

learning, model parameters are learnedyfrom data by minimizing a loss function Eq. (%).

In this study, the input featuré veéeton,comprises two continuous variables: mixture fraction Z
and scalar dissipation rat¢ %, Thissformulation allows each ML model to learn the joint
thermochemical response?l(Z,x) and Yi(Z,x) across the full operating space, rather than treating
as a discrete libfary imndex/Alllibraries are combined into a single training dataset, with [Z, x] as

inputs and thermochemical quantities as outputs.

arggep max E(Y, f(X,6)) 9

where E is error, X is the input, Y the output, P all model parameters, and the implicit dependence

of f function is investigated on model parameters 6.



Table Y. Model Selection Guidelines for ML Methods.[¥Y,Y¢]

Rule Description
Start with In general, simpler models tend to generalize better than complex ones. Before moving
simplicity on to more complex models, start with simple models such as linear regression.

Consider the size of
the dataset

In order to prevent overfitting, choose models with low complexity, if your dataset is
small. In contrast, a large dataset can allow you to explore more complex meodels.

Understand the
problem and the
data

Gain a deep understanding of the problem and data you are analyzing. You can,use this
knowledge to select models appropriate for the particular problem domain and data;type
(for example, classification, regression, structured, or unstructured):

Evaluate model
assumptions

A model's assumptions about the underlying data distribution and, relationships, need to
be evaluated. Ensure that your chosen model is aligned with your dataset's assumptions.
The linear regression method, for instance, assumes a'lineagrelationship between the
features and the target variable.

Accuracy or

It is important to provide more transparent explanations of predictions, such as linear
models or decision trees, if interpretability, andjunderstanding are important. The

interpretability interpretation of complex models like neufal netwerksfay be more challenging.
. To train and deploy some models, significantiecomputational resources (e.g., memory,
Computational . . .
FesOUTCes processing power) are required.\Ensure the models you choose can be implemented on

the available computing gesources:

Model architecture, feature set, and optimization method for selecting model parameters differ

between supervised learning algorithms. Throughout this article, four different methods are used

to recreate Flamelet libraries, whichsare briefly discussed below.

¥,1,). Linear Regression using Stochastic Gradient Descent

The stochastic gradient deseent (SGD) method is a simple, yet efficient, approach to fitting linear

classifiers and regressors with convex loss functions, such as support vector machines (linear) and

logisticwegressions. While linear regression (LR) (Figure YError! Reference source not found.)

has existed in the machine learning community for a long time, it has recently gained significant

attention in large-scale learning. An SGD is not a machine learning model, and it is only a method

for training a model. It is merely a technique for optimization of Linear models [¥7].

AR



Linear Regression

X
Figure 1. Linear Regression prediction
A Linear Regression learning routine is implemented, which suppetts:a vaficty of loss functions
and penalties for fitting linear regression equations. The model,parameters 6 are determined by

minimizing an error function (Eq. () +)).

\ n
E= ;Z(Yi = (%,0)) (10)

¥,1,Y. Decision Trees using Randem'Forest Regressor

The decision tree is a modelhof possibleioutcomes that uses a flowchart-like structure to facilitate
decision-making. Decision-tree algorithms are supervised learning algorithms. Categorical and
continuous output variables can both be calculated using this method. Every decision tree has high
variance, bit*when we combine them in parallel, the resultant variance is low because each
decision tree 1Swpérfectly trained on the sample data. As a result, the output depends on more than
one decision tree. For regression problems, the final output is the mean of all the outputs called
Aggregation step. To form sample datasets for each model, Bootstrap is used to randomly sample

rows and features from the dataset [Y°].
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Using Bootstrap and Aggregation, also known as bagging, Random Forest is a method of
performing regression and classification tasks. This involves combining multiple decision trees
instead of relying solely on one decision tree to determine the final output (Figure Y). A Random

Forest consists of multiple decision trees as its base learning model.

Instance
&L
?aodﬂmfcﬁ
Tree 1 Tree 2 Tree 3
Class A Class'B Class C
Voting
Final Class

Figure 238¢hematic of a Random Forest algorithm with 3 decision trees

¥,1,¥. Support VectorsMachine

The SVM isa deterministic algorithm that is used to create decision boundaries in datasets that are
linearlyyseparable. As depicted in Error! Reference source not found., the decision boundaries
(Eq. (V))) are established by determining the utmost distance between points and the
decision boundary, also known as support vector points. SVMs employ hyperplanes as decision

boundaries for the purpose of data classification and regression [¥V].



(1D

Figure 3. SVM For a binary classification

where w € R representing the weights of the normalavector, of*'iyperplane, and b is the bias

coefficient. The margins, which refer to the hypetplanes«an bemathematically represented as Eq.
( 'Y );

M

Z(WiXi +b;) = £ (12)

i=)

¥,1, ¢, Neural Networks using Multi-Layer Perceptron (MLP)

Logistic regressionannotxeplicate non-linear decision boundaries, which limits its applicability
to problems requiringaeomplex physics-based classification. It is advisable to employ more
dynamic algerithms for the applications. MLP or fully connected feedforward neural network is
characterized by a configuration of neurons, also known as individual reasoning regression units,

organized in a hierarchical arrangement of layers [YA]. This structure is depicted in Figure ¢.

¢
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Figure 4. Schematic of an M N%chitecture, (b) Neuron and its operations.
M
? = hile Z = Z Wk,iXi + bk (13)
i=1
o 1s the neuron acti n. In MLP, the outputs of the previous layer are utilized as features
for each neuron in bsequent layer. MLP establishes a mapping from input to output.

Res ersthave developed specialized neural networks to address needs specific applications.
¥,Y. Comparison of applied methods

In this study, the aforementioned four methods have been employed for the purpose of predicting
temperature and species mass fraction. Based on the investigations, each method has its own

positive and negative points, which are mentioned in Table Y.

Yo



Table Y. Advantages and disadvantages of applied methods

Model Advantages Disadvantages
e Need for hyperparameters such
High accuracy as setting and  repetition

Linear regression

Ease of implementation

parameters
Sensitive to feature scaling

Random forest

High versatility

High accuracy and flexibility
Effective way to estimate missing
data

Time-consuming to‘ealeulate the
data for each tree

It requiresya lotyof computmgiand
storage resodrces

The possibility of overfitting in a
smallmumber of trees

Effective in large spaces
Effective in cases where the
number of dimensions is greater

They, domot directly provide
probability estimates.

Support vector : :
Hpport v than the number of samples e Computationally expensive
machine . . N ilv int tabl

Versatile due to kernel functions ® ot as casily Interpretable as
Ability to specify custom corésyin some other algorithms
addition to common cores
Ability to learn fionlinearmodels e The initial architecture needs to

Multilayer . . ) be set
Ability to learn modelsun real time .

perceptron N

(online learning)

Sensitive to feature scaling

In order to obtain high-accuracy data through the machine learning model for the present study,

it is necessary to choose the most optimal ' method, then use different architectures to increase the

model's accuracy so that théidataysatisfies the conditions of the problem well.

¢. Numerical Method

In this research, the primary data are obtained by solving the Flamelet equations using

FlameMaster®Iraining data for the ML models were generated at Y+ grid points per library; a

resolution check confirmed temperature and key species mass fractions differ by less than 7

between Y°+ and ©+ + grid points across all scalar dissipation rate values, establishing Y°+ points

as converged. Note that this training data resolution study is distinct from the counterflow

validation grid study in Section ©,). The mixture fraction (Z-flamelet) approach uses FlameMaster

V1



(an open-source C++ program package for *D combustion and YD laminar flame calculations)
[Y4]. In both methods, a structured grid with focus on flame are discretized with central method.
The hardware used for this research comprised an Intel Core iV-2AY K (V.Y GHz, 1 cores, Y

threads), Y1 GB DDR¢ RAM, and '° MB cache.
¢,). Algorithm configuration

The output data format extracted, is “.fla”, which cannot be read in Python. Forthisteason, a code
in C++ was developed to read this data and present the file as a data set in*.csv”’ format with
respect to their scalar dissipation rate. After transferring the data“tesPythen, all libraries were
combined into a single dataset. The scalar dissipation rate,y 18,included as a continuous input
feature alongside the mixture fraction Z, yielding a tWe-dimensional input vector [Z, x] for each
data point. This formulation enables the ML modelsito interpolate between trained conditions and
to learn the functional dependencé,of thermochemical quantities on both control variables
simultaneously. Different machine-learning models were then evaluated on this unified dataset.
After checking the output data,by.ea¢h model, the accuracy and error of each model are calculated;
so that the optimal initial model canbe selected. The method with maximum accuracy in predicting

temperature and different speeies is selected as the main method for optimization.

After ch@osingythe optimal method, the output data from the method were compared with other
data selved by*Elamelet equations to validate the reproduced data, and maximum errors will be
computed, In cases with low accuracy, the model's architecture is changed to satisfy the desired
conditions for prediction. After satisfying all the conditions, the optimal model and its reports are

extracted for further investigation (schematic shown in Figure °©).

ARY



°. Results and Discussion

To use machine learning in developing the flamelet combustion model library, first need to create
a library using this method; so that the necessary data for inputting into the machine learning
algorithm is provided. In creating the Flamelet model library, the conventional steady counterflow
flame configuration is commonly used, and the library takes shape by changing the,distances
between fuel and oxidizer. Obviously, in the first step, the accuracy of the generated data needs to
be verified. Therefore, in this section, the accuracy of the non-premixedsaflame is first'walidated,
and then the library is formed by changing the scalar dissipation rates. Finally, these data are used

and reproduced by various machine learning methods.

©,3. Validation

©,%,\. Problem Definition

It is necessary to evaluate the accuraey of the'modeling after examining the number of mesh grids
required to form a Flamelet library. There‘are experimental and numerical results presented in for
the cross-flow of methane fuel injected at a distance of ), £AY1 cm with a velocity of Y1,A cm/s at
a temperature of ¥+ +,) 8 Kyand,air with a velocity of Y¥,¢ cm/s at a temperature of ¥+ + K.

Consequently, a on¢-dimensional cross-flow was modeled. (Figure 1)
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Figure 5. % owchart of the present study.
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Figure 6. Schematic of computational domain and boundary conditions
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®,1,Y. Mesh Study

To validate the physical fidelity of the FlameMaster solutions used as training targets, the present
modeling was compared with the experimental and numerical results of Smooke et al. [Y4] for the
counterflow methane combustion. Note that this grid independence study applies to the
counterflow validation flame configuration and is distinct from the training data<discretization
study described in Section ¢. This experiment reported the temperature and mass¥fractions of
species such as COv and OH at a pressure of ) atm. First, the simulation results werewalidated by
comparing them with results in Smooke et al’s [V4] study. Then the required library for the
Flamelet method was prepared, solving Flamelet equations for &mon-premixed counterflow with
different lengths was done. However, before forming the libfary, it,is nécessary to investigate how
many grids are needed in one-dimensional space, Four netwotks of Y+, ¥+, "+ and )Y+ grid points
were investigated, and the temperature andunass fractionsfof CO~ and OH in these four networks
were compared. As shown in Figure ¥(a), the resultsof the four networks do not have a significant
temperature difference, and network‘independence is achieved. However, for the results of the
mass fraction of COv and OH'shoewn inyFigure Y (b) and (c), the results of the three networks of
Y., and VY grid points are,consistent with each other; but the results of the network containing

V « points are differentfrom them. Therefore, a ¥+ -point network was used in the formation of the

library.
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Figure 7. Grid independency (a) Temperature (b) CO2 (¢) OH.
¢,1,Y. Comparison of flamelet equation and experimentalidata

As shown in Figure A, the temperature results are consistentywithithe modeling results in[Y4];
however, they deviate slightly from the expérimentalresults. In the experimental results, the
maximum temperature value in the fuel fraction i approximately *,), whereas, in the modeling

results, it is obtained as +,* V.

The results of species mass {fractionsyshow a more significant deviation from experimental
results with respect to temperature; but are more consistent with simulation results (Figure A).
There is a slight difference,in experimental results and our study in the mixture fraction of *,).
Regarding the eéxperimental results and numerical results for the N species, there is a significant

overlap between experimental and numerical results with little difference observed.

Based on Figure A, it can be seen that the results of species mass fractions for combustion
products such as CO and COr are predicted with less accuracy compared to the primary
combustion species (methane and oxygen). Agreement is also observed for HrO and Hy species
with numerical results. However, for HrO species, results deviate from experimental data for

mixture fractions greater than +,Y1. This deviation of HvO starts at mixture fraction of +,)9 for
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+,Y7 and eventually reaches +,)1V for +,YA. This deviation occurs for Hx species at a mixture

fraction of +,VV, equal to +,++17. Therefore, the present approach computes temperature and

species accurately.
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Figure 8. Comparison of numerical and experimental results of, 1D Flamelet equation and this study (a) Temperature (b) CH4
(c) O2 (d) N2 (e) CO2 (f) CO (g) H20 (h) H2.

°,Y. Minimum number of required libraries

The second step investigated in this paper is the independence of a machine-learning model from
the number of libraries used for training. To build a dataset'for training a machine learning model,
there are various ways and conditions to determine'the minimum required number of libraries that
will reduce computational costs. For these ‘models\to be reliable, their accuracy with the least

number of libraries should be acceptableyTherefore, as shown in Error! Reference source not

found., various models were created using ¥, vV, Y, YV YY and YV libraries to compare

temperature, COv, and OHsspecies, each library containing Y©+ data.
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Figure 9. Minimum library needed for forming dataset required for training machinelearning models;

The results for temperature, COy, and OH mass fractions for the different numbers of libraries
are presented in Figure %, where the scalar dissipation rate is %)/s). The results show that all
models have an average error of less than £7. for temperatdre®andless than ) ¢7. for COr compared
to the results extracted from the Flamelet equatien a¢cording'to Table Y. Moreover, as the number
of libraries increases, the results better c@nform'to thosé extracted from the Flamelet equation.
Significant accuracy can be obtainedfor temperature predictions even with only three libraries.
However, for better predictions, a higher humber of libraries is required. Considering all the
conditions, including errorsfandithe frend of changes in Table Y, V libraries was selected.
Subsequently, all metheds areytrained using ¥ Flamelet libraries with different scalar dissipation
rates () between, 2 Wto Y458 (1/s), as sorted in Table ¢ and shown in Figure ) +. Errors in Table
Y are reportéd as‘percéntage deviation from FlameMaster reference values and are used solely for
library, selections/Full R2, RMSE, and MAE metrics for the final trained models are reported in

Table ©, Table )+, and Table V).

Table Y. Maximum, minimum and average error of each model formed by different number of
libraries

Maximum error (%) Minimum error (%) Mean error (%)

Number of libraries
Temperature COr Temperature COr Temperature COx
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Table ¢. Seven libraries and scalar dissipation rates

Scalar Dissipation Rate X Xy Xr X Xs Xa Xv

Value G0 0,0 Ve V¢,0 Y %e Ya,0
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Figure 10. Temperature difference for different scalar dissipation rates

°,¥. Comparison of differentyML algorithms

Data from the Flameletilibrary'is reproduced by using various algorithms. To reproduce the data,
four different methods Were used with different approaches. The MLP method represent a neural
networky a linear model by the LR method, a decision tree by the RFR method, and a hyperplane
by the SVR method. Different models were found to have different accuracies when examining
the initial data. The SVR was excluded from the quantitative comparison. With an RBF kernel,
SVR training scales as O(n?) in memory and O(n®) in computation, making it impractical for multi-

output thermochemical regression. Without extensive regularization tuning it produces non-



physical predictions including negative mass fractions. A fully tuned single-species SVR is

suggested for future work. Results for the remaining three methods are shown in Figure ).
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seen scalar dissipation rate conditions (y = 4.0 s™): (a) considering the SVR
jons by MLP-HPT, RE, and LR versus FlameMaster reference (SVR excluded), (c) R’
species and model across the full unseen y test set.

species mass fraction, the three models and their results are
elet equations as shown in Error! Reference source not found..
e MLP algorithm provides more precise predictions than prior algorithms in this

P is accurate in predicting values as well as trends. On unseen scalar dissipation rate

conditions, the MLP, RF, and LR methods achieve OH species R? values of +,371¢V, +,AAY? "and

+>,YYY« respectively, with corresponding RMSE values of ¥,0Vx) =4 7,0Yx) «=4 and V,TAxY 73,

Al



The accuracy and behavior of the chart relating to the LR model shows that this model does not

act appropriately in species.

Various models demonstrate different performance in predicting other species, such as temperature
and OH mass fraction. MLP, RFR, and LR predict CO mass fraction with R? values of +,3Y19,
«,YYEY and +,+ €YY respectively on unseen conditions, while for COry species, they“demonstrate
higher levels of accuracy at V,477, 4Y,0V/ and A+,%:%, respectively.qlrrespective trend
prediction in LR for different species, rules out this method from consideration. This method has

the lowest accuracy among ¥ other methods and predicts positive parameters.at negative rates.

The MLP and RFR models demonstrate a high degree ofunityywithithe numerical data obtained
by calculating Flamelet equations in their abilitymte predict HvO species. The predictive
performance of MLP and RFR, and LR for H¥O"%speeies identification is reported as V,A+7,
AN, YAZ, and Y1, YYZ, respectively. However, ‘it should be noted that the LR model demonstrates
unsuitable results. The average accuracywof the RFR approach has been enhanced due to its
superior precision when dealing with'lower mixtures fractions. The performance of the MLP model
exhibits superior accuracy and trend consistency compared to the other models in the Hr species.
Error! Reference source not‘found. depicting the Hr species reveals distinct variations among
the models, The LR ‘method exhibits the least suitability, and the RFR model displays a
considerable'margin of error for mixture fractions comprising less than +,). Apart from the flaw
mentioned above, the RFR model exhibits a degree of noise for mixture fractions exceeding *,),
thereby making it unsuitable as the optimal option. The MLP model accurately predicted the Hr
mass fraction behavior. Hence, based on the obtained results, the MLP model exhibits the highest

accuracy of 1Y,Ye/, rendering it the most favorable option.
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RF achieves a mean R? of +,%)2% and ranks second; it performs well on major species but
shows larger errors for H2 (R?=+,1AAY) and CO (R?>=+,VYV£Y), LR achieves a mean R? of only +,£¢Y
and fails on most minor species, confirming that linear models are inadequate for this nonlinear

thermochemical regression task. Based on these results, the MLP model is selected as the primary

O\

method for further optimization.
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Figure 12. Comparison of MLP-HPT, RF, and LR predictions against FlameMaster reference solutions at an unseen scalar
dissipation rate (y = 4.0 s7): (a) temperature, (b) OH, (c) CO:, (d) CO, (e) H:O, and (f) Hz mass fractions as functions
of mixture fraction Z. R? values shown in legend are computed on the full unseen y test set.

°, ¢, Different architectures of MLP

Machine learning models provide different accuracies impredicting different phenomena, and this
accuracy can vary depending on the fature ofithe data. In other words, one model may justify and
predict a phenomenon in a way that another model cannot achieve the same level of accuracy. In

addition to the overall diffesenceiind@ccuracy, the accuracy in each predicted parameter is also not

the same. Suppose a model can achieve a general accuracy (|27, @) of 477/, The level of

precision can bg'subject to/fluctuations contingent upon the dataset's characteristics and the extent

of numerical valuessdnvolved.

Table® presents five distinct models utilizing varying architectures of the MLP algorithm, each
exhibiting differing levels of accuracy. Each of the models mentioned above exhibits varying levels
of accuracy when it comes to predicting temperature and species. Table © aims to determine the
optimal level of prediction accuracy, thereby preventing researchers from further enhancing the

precision of data for justification and reproducibility in subsequent studies.
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Table ©. Five different models with different prediction accuracies

(R" %) compared to the data extracted from solving Flamelet

(R" %) of the equations in y = © (1/s)

Model Architecture

model
Temperature COr OH
A MLP 1.y 2 31,vv 30,A) aY,£A 9¥,10
Y MLP -,. q9,¥Y 9,0 Ag 0V A,4A
¥ MLP v.». ATLAY AE,01 Ve, EY AN Y
¢ MLP \.v. TY,YA 1.0 00,1 ¢ oy, 8
° MLP 5. £¢,94 o4, ¢ VN o 1Y

a: MLP (Multi-Layer Perceptron), ¥ is number of hidden layers, and ) ° is number of neurons, in each layer

Figure )Y displays the output plots for the temperature, COv,tand OH species models presented
in Table 5. The figure indicates that models ¢ and © haye deviated from the expected plot shape.
The models exhibit a decreasing trend in the mixture fraction that is less than +,), despite the
expectation for an increase in the parameters.Models ¢ and © reproduced unacceptable resulted in

forecasting OH mass fraction.

Upon analysis of the graphical't€presentations of the five models mentioned in Table 5it can be
inferred that Table 1 isevaluable 1'comprehending the presented data. Table V was compiled by

examining the temperature and COr species in nine different mass fractions.

Table 1. Comparison-of temperature (K) and CO: mass fraction at 4 mixture fractions — FlameMaster vs MLP architectures.

Temperature COr Mass Fraction
Mixture
Fraction Flamelet Model Model Model Model Model Flamelet Model Model Model Model Model
Eq 3 Y v ¢ ° Eq 3 Y v ¢ °
OY et YAY . YWAY  YYAY  YAL0 VYA VY., rAY0 v, 4ET +,0900 4, qA 4,080 . ,ad)Y
A Yéo. YéoY  V££4 1od)  YoefY Yol GAAE L AYT LAY L ATY i AE e e AY
oY YYY. YYY. 14T V£l IFAY O yvRy GaVES  LaVYY VY aVed 4 VEY 4, uvYo
~,Y’/\V Yol Y.Yo Y41 YYYY YYYo YYYY ~,~'L°Y' ~,~'§i'§ ~,~Ti/\ ~,~T'H ~,~'1°~ ~,~1°V
~,°~V~ AY4 AANY AYA A4 YoM Yol ~,~°Vﬁ ~,~°YT‘ ~,~°Y/\ ~,~°Y‘\ ~,~°\“§ ~,~°i°
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Figure 13. Effect of MLP architecture on prediction accuracy at an unseen scalar dissipation rate (y = 4.0 s™): (a) temperature,
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architectures,

o, ¢, Vo Uniform'structure models

After analyzing the specified methods in previous sections, it was determined that the MLP method
exhibited better prediction accuracy and data generation capabilities, thereby establishing it as the
optimal model for data generation. This model's notable characteristic is its capacity to make
highly accurate predictions for nonlinear phenomena, which may be enhanced through

architectural modifications. Changing the architecture of the neural networks are mostly referred
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to changes in the hidden layers and neurons. In order to select the optimal model with reliable
performance, modifications were made to its architecture by increasing the number of hidden
layers from ) to © and the number of neurons (°5) +»)2,Y+,Y2) All presented models demonstrate
uniform architectures, ensuring the number of neurons remains consistent across all hidden layers;

since non-uniform architectures are more complex, they are more difficult to design and fine-tune.

The models can be evaluated using accuracy and error classification, as demonstrated in Table
Y. The MLP-.- model is deemed inadequate for user modeling. The model's aceuracyais below © 7,
and its error exceeds *,*), shows it unreliable for utilization in modeling. Conversely, models

exhibiting an accuracy exceeding 97 may be given precederiCe.

Moreover, in the case that the MSE error is beloway: , *%°, the model may be deemed as the
optimal model. Only MLP «_vo, MLPs.yo and MLPs vymodels meet both criteria (colored blue). The
dissimilarity between the models méntioned above lies in their respective durations for training
and prediction time. Thus, the MLPs.yvo'model is a viable option for presenting the findings.

Additionally, Table Y compares the dccuracy of other models used in this study with MLP models.

Table V. Comparison of MLP uniform architectures — R?, RMSE, and computation time.

Architecture o ' o
Number of R (%) RMSE Tralm(l;;g time P{[?I(Tlllec(t;;)n
hidden laydfS Neurons Name
Yo MLPs.ys @ qA,T¢ RS V¢,Y0 Y,41
Y. MLP-.x. 9%,4¢ o)) Yo, Y Y,ev
e Vo MLP-s.ys 99,v¢ NN Yo, Y,A4
\K MLP-.. 9),vY e FA \Y,0% y,ov
° MLP-_s £6,9. NS R Y,%0 N
Yo MLP:.vo qA,Yo eeed Yy,vY y,0¢
¢ Yo MLP:.x. 4A,TY RS 1Y,10 Y,
A MLP:.ys qv,¢0 ) yo,r4 Y, AT

Yy



Ve MLP-<.,. 9¢,¢9 GeeY) YV Y,V

° MLP:.v. vY,o¢ AR Y,VA oYY
Yo MLPysxo 9A,Y e AL V,Y¢
Y MLP-.. qv,q¢ el 1Y, ¥Y Y,VA
v Yo MLPrx.\+ 41,vv Gy 'Y,V 0 Y,
) MLP+.. 4,71 et Y¥y,00 YNV
e MLPr.x. Vi, va e qy AN oY
Yo MLP:.vs 9¢,0) ey Yoy ), ¥e
Y. MLPs.x. 41,7 e e Y{e) Y,Y4
¥ Yo MLPx.vo A, NN Y ¢,8) \, Ve
\K MLPx.y. AT,AY ety Y, o Y
° MLPx.v. AA, Q0 008 VY04 .0
Yo MLP, xo 39,As oA YE,Y .0V
AR MLP, .. qy,0A e YV, Y N
o MLP) .»o 4%,Y4 Yo YA, YV 0
\ Ve MLP\.». 145, 0 «,eYor YT e
° MLP,.y. YA «,eYto 14,8V o1
\ + +(Default) MLP gt Agao ooy Y1 Y, 60
RFR 91,0 e Ve, Y,AY
Other Models
LR «,04 e YYY 19,¢) .,90

a: MLP (Multi-Layer Perceptron) , 8, is number of hidden layers, and Y@ is number of neurons in each layer

°,°. Hyperparameterduning

As demonstratedin, the preceding section, the inclusion of additional hidden layers and neurons
has significantly tTmproved the accuracy of the prediction results. Nevertheless, it is imperative to
acknowledge that these parameters are not the only indicators of effectiveness, thus necessitating
the investigation and assessment of additional parameters for MLP. This section examines
hyperparameters, including the number of hidden layers and neurons, which significantly impact

the accuracy of machine learning models in predicting data. By considering all effective factors in
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MLP algorithm accuracy, we can choose an optimal model based on hidden layers, neurons,

activation function, solver, alpha coefficient, learning rate, and tolerance.

e Number of hidden layers: In the initial form of MLP, a single hidden layer is considered.
However, this study used this number from ) to © to find the optimal hyperparameter.

e Number of neurons in each layer: This number is set to ) * * in the initialstate.®, )+, ) °,
Y+, and Ye are considered values for this parameter in this study.

e Activation function: An activation function in neural networks produces a value in the
output using a node's input values. It maps the weighted sum‘ofithe node inputs to a specific
domain (depending on the activation function). The,final value is transferred to the next
layer by this function. In this study, three diffefent aetivation functions (ReLU, Tanh, and
Sigmoid) were investigated (Table /).

e Solver: Various solvers can be used toyadjust the weight and adapt target and output, and
in this study, three solvers, SGD and Adam, have been used.

e SGD (Stochastie Gradient Descent).

e AdaDelta: limits'the wifidow of gradients to some fixed size.

e Adams (Gradient-based Optimizer).
The'default solver, "Adam," works well in terms of training time and validation score
onytelatively large datasets (with thousands of training samples or more)

e The Alpha coefficient represents the power of data regularization. The loss function is
calculated by dividing LY regularization by sample size. *+»+V, +,+©, «,++Y and *,+++)

are considered values for this parameter in this study.
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e Tolerance: When a loss or score does not improve over consecutive iterations,

convergence is achieved, and training stops. Four tolerance values were used in this study:

t’h\, t’hh\, t’hhh\’ u’hhtt\,and u’hhhth\_

Table A. Activation functions transfer domain and equations.

Activation function Transfer domain Equatiof
ReLU (+,0) Ox) =ymax(Hz)
eQel
Tanh -3 D~ el
(CAERD) 9(x) T

\

i i o) ~

Sigmoid () PN S pe

A structured grid search was conducted over all hyperparameter combinations shown in Table 9.

Table 4. All the hyperparameters:

Number of hidden Number of neurons in Actiyation Alpha
. Solver . Tolerance
Layers each layer Eunctiof coefficient
A ° Sigmoid SGD o) o)
¥ Y. 0 e
¥ Yo RelL.U Adam e
¢ \C ) o)
° Yo Tanh AdaDelta o) TR )

The optimal model is a neusal'metwork with four hidden layers, ) + neurons in the first layer, )
neurons in the second layeryY «*meurons in the third layer, and )° neurons in the fourth hidden
layer. The Tanh f@ctivation=function outperformed ReLU and Sigmoid for this smooth
thermochemical\data, consistent with its ability to represent bounded outputs. Adam was selected
as the optimizer, with alpha=-+,++) and tolerance=",*+++). This configuration achieves a °-fold
cross-validated R? of +,3AV++,«+ A confirming robustness across data splits. Layer depth was
found to be the most influential hyperparameter, with shallow networks ()-Y layers) consistently
underperforming regardless of neuron count. The top five MLP configurations are presented in

Table ) «.



Table ) +. Top five MLP configurations from cross-validated hyperparameter search

Fittest No. Hidden Neurons Activation cross-validated
. . Solver  Alpha Tol
models layers Configuration Function R?
yst ¢ YeyooYeyo EWY
ynd ¢ YeoYooYooyo 44,v4
yrd o Yo_Yo_Yo_Yo_\o Tanh Adam e o) 4,Y¢
¢th ° YeodeoYooyeye 44,7y
oth ¢ Yo_Yo_Y.-\e 49,Y)

As a result of the examinations, Figure ‘¢ presents results of the optimaltmodel using
hyperparameter tuning (named HPT) (Table ) +), the weakest model MLPg- (Table,Y<), and the
best model MLP..yo (Table V.) presents the results based on a scalar dissipation rate of

°(V/s) .

By comparing the data of these three different models with the numerical solution of the
flamelet equations, it is concluded that theseimodelsdcan accurately predict different species'
temperatures and behavior. According to th¢'model evaluation and the accuracy of the models,
there is a little difference between the two modelsiin terms of species (Table ) V). Hence, the results
of MLP-.yo and HPT are similar 6 theseyof the flamelet equations. In addition, HPT’s accuracy on

predicting other species is acceptablesto seen in Table Y.

Table " WRerformance comparison of HPT, MLP ©-)e, and MLP °-° on y=°()/s) test set

Model TempR> %) TempRMSE (K) CO.R*%  CO:RMSE OHR*%  OHRMSE

HPT .,9409 YV, CAAYY ¥,Yax) .3 NEETY ¥,oVx) 4
MLP 5.5 wdae) YA  ,AVEDN Y,AAXY 3 +,40VY £, Ix) 4
MER,-_- TAYE \RE v ,09YY V,08x) 2 GEYY)Y Y,V %) e 3

Table VY. MLP-HPT prediction R? % for all ©+ species on y=2°(1/s) test set.

He av,v. CHr 47, YY CyHs 9¢,90 N+O 98,4,
H a¥,VY CH: AA,V CxHx 37,7A HNO qy,04
0 91,0A CcO 19,¥1 HCCO 97,9 CN 96,0
O Y, HCO q1,%0 CH-CO 9¢,1¢ HCN 91,y
OH 9Y,11 CH-O 41,4¥ HCCOH 4Y,YA H<CN 4A,¥Y
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C av,a. CvH ay,q. NHr v, HNCO 4, vy
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Figure 14. Compatison of.the optimal HPT model, MLP 5L-15, and MLP 5L-5 (weakest architecture) at an unseen scalar
dissipation rate (p=5.0 s): (a) temperature, (b) OH, and (c) CO: mass fractions versus FlameMaster reference.

To assess the genuine predictive capability of the optimal MLP-HPT model beyond the training
data, all models were evaluated on fifteen scalar dissipation rate values that were deliberately
Wlthheld fI‘OIn tralnlng (X: ';\’ \;" YJO, i)', v)', /\,O’ \ \,O’ \“).’ \1)', \V)D, \ﬁ)" YY;', YY‘)o’

Y1,e,and YA, s[1"). This constitutes a genuine generalization test, as opposed to a reconstruction
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of training data. The scalar dissipation rate is included as a continuous input feature alongside the
mixture fraction, enabling the model to interpolate across the full x operating range rather than

treating each library as a discrete case.

Table 'Y presents the complete set of statistical metrics for the MLP-HPT model on this unseen
test set, reporting the coefficient of determination (R?), root mean square error (RMSE)‘in physical
units, mean absolute error (MAE), and normalized RMSE (NRMSE) for temperature and eight
key species. The mean R? across all species is *»1V£V, confirming strongggeneralization eapability.
Species with smooth, monotonic profiles such as N2, CHa, H20, and O- aghieve R? values above
+,3449A, reflecting near-perfect reproduction of the thermochemical statel Temperature prediction
achieves R?=+,4424 with an RMSE of YV,¥) K, which'is within acceptable tolerance for CFD

applications given the temperature range of approximately ):A+ + K in the training data.

Species with sharper concentration peaksyrequite closer attention. OH and H> show lower
generalization R? values of +,47¢Y and 54+ %), respectively, with NRMSE values of V.YV’ and
©,%1/. These species exhibit, nartow peaks near the stoichiometric mixture fraction that are
sensitive to the precise l16cation of the flame front, making them inherently more challenging for
interpolation betwegn training®y values. CO similarly achieves R>=+,3Y1% with NRMSE=2°,YVZ,
Despite these lower valaes relative to the smooth-profile species, all nine species maintain R?
above "1+, 'which)is considered acceptable for FGM compression applications where the primary
goal is memory reduction while preserving thermochemical fidelity. A parity plot for temperature,
OH, and CO: across the full unseen test set is presented in Fig. )°, confirming the absence of

systematic bias in the model predictions.

For comparison, Random Forest achieves a mean R? of +,%)24 on the same unseen conditions,

performing acceptably on major species but showing larger deviations for H> (R?>=+,1AAY ) and CO

YA



(R?=+,YV£Y), Linear Regression fails on most minor species with a mean R? of +,£Y, confirming
that the nonlinearity of thermochemical profiles across y cannot be captured by a linear model.
These results collectively confirm the selection of MLP-HPT as the optimal method for FGM

library compression in the present configuration.

Table Y. MLP-HPT Comprehensive Metrics on Unseen Scalar Dissipation Rate Test Set

Species R? RMSE MAE NRMSE  Quality Species Rz
(%)

Temperature +,%%04 ARZARN ¢ Yv,00 K V. EA Excellent Temperature 58901
H.O +,44v4 VYT AYAXY T 4 AA Excellefit H-0 «,44va
CH, +,449A0 V,YPxY e o,vyxy a3 VY Excellent CH, <, 4940
0 <494 VLAYXY Ty pexy B YA Exeellent 0> 494
N: AR EYAX) P YAy ey Exeellent N2 +,444.
CO: AAYY Fo¥ax) P Y, vx Y T30 Y00 Viery Good  CO: GAAYY
OH L RE A Toovx) Tt Y AR Y VIRY Good OH 478y
CO +,4Y14 £,07x) 73 0,9V x VA2 oYY Good co .,4Y14
H: 4090 £,0Fx) Tt 400N ) T 0,1 Good H, 4499

To further demonstrate.the ‘model's generalization capability across the full scalar dissipation
rate range, Figure @@, presents the MLP-HPT temperature predictions against FlameMaster
reference solutions at'six unseen y values spanning the entire operating range from y = +,) s™' to x
= YAse s7!. The model maintains close agreement with the reference solutions at all six conditions,
includingdothsthe low-y regime (y = +») s7!, Figure ) °a) where the flame structure is broad and
diffusion-dominated, and the high-y regime (y = YA, + s7!, Figure ) °f) where the flame approaches
extinction and the temperature profile is significantly suppressed. The intermediate conditions at
x="2°and V1,+ s7! (Figure ) °c and d) similarly show strong agreement, with R? values consistent

with the mean reported in 7able 13. These results confirm that the inclusion of y as a continuous
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input feature enables the MLP-HPT model to interpolate smoothly between trained conditions
rather than extrapolating from the nearest discrete library, which is the essential requirement for

deployment in a CFD solver where the local scalar dissipation rate varies continuously across the

computational domain.

e , D" ¢
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(e) (®

Figure 15. MLP-HPT temperature predictions versus FlameMaster reference across six unseen scalar dissipation rate values: (a)
x=01,0)x=40 (c)y=285, () y=16.0, (e) y =22.0, and (f) y = 28.0 s7'. All y values shown were withheld from training,
demonstrating the model's generalization capability across the full operating range.

1. Conclusion

This study presents a systematic benchmark of four machine learning methods for ¥FGM library
compression in methane combustion simulations. Scalar dissipation rate and mixture fraction are
used as joint continuous inputs, and all models are evaluated on unseen scalar dissipation rate
conditions to provide a genuine test of generalization capability. Using afyinitial library of cross-
flow solutions with scalar dissipation rates between +,+) and¥9,5%:! for training, the following

conclusions are drawn:

e Seven libraries are suitable for creating a machinelearning database with an error of Y,¥ .

e After evaluating all models 6n unseenyscalag dissipation rate conditions, the MLP model
achieves the highest mean R2 of %,V¢V (Temperature R?>=+,3929)  outperforming RF
(mean R?=+,3Ye%)and LR (mean R>=+,¢Y),

e Species with smoothprofiles (N2, H.O, CH.) are predicted with R2 > +,33A, while species
with sharpet coneentgation peaks (Hz, CO) yield lower but acceptable R? values of +,%+%
and 23 YY, respectively, on unseen conditions.

o, Cross-validated hyperparameter optimization identifies the optimal MLP configuration (¢
hidden layers: ) +-)°-Y+-Ye neurons, Tanh activation, Adam solver), achieving a cross-
validated R? of +,3AY++,+ +A Full CFD deployment testing remains a direction for future
work; the present evaluation on unseen scalar dissipation rate values provides a meaningful

assessment of interpolation capability within the FGM framework.
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Nomenclature and Acronym

p

T
h

Wp

T
Qr

Cp

Density (kgm™) Da Damkohler number LR Linear Regression

Time D, Diffusion coefficient ML Machine Learning

Enthalpy Le Lewis number MLP  Multilayer Perceptron
Reaction rate (kgm™'s™) Z Mixture fraction PCA Principle Component Analysis
Scalar dissipation rate (s™) Acronyms RF Randofn Ferest

Temperature ANN  Atrtificial Neural Network SGD  Stochastic Gradient Descent
Radiation heat loss DNS  Direct Numerical Simulation ~ SVM  Support Vector Machine

Specific heat capacity (Jkg'K') DT Decision Tree
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