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Abstract

Studying the spatial and temporal evolution in turbulent flames represents one of the most challenging problems in the
combustion community. Based on previous 3D numerical analyses, this study aims to develop data-driven machine learning
(ML) models for predicting the flame radius evolution and turbulent flame speeds for diesel, gas-to-liquids (GTL), and their
50/50 blend (by volumetric composition) under different thermodynamic and turbulence operating conditions. Two ML
models were developed in this study. Model 1 predicts the variations of the flame radius with time, equivalence ratio, and
turbulence intensity, whereas model 2 predicts the variations of the turbulence flame speed with the operating parameters.
The k-fold cross-validation technique is used for model training, and the developed neural network-based model is used to
investigate the effects of operating parameters on the premixed turbulent flames. In addition, the possible minimum and
maximum values of responses at the corresponding operating parameters are found using a genetic algorithm (GA) approach.
Model 1 could capture the computational fluid dynamics (CFD) outputs with high precision at different flame radiuses and
time instants with a maximum absolute error percentage of 5.46%. For model 2, the maximum absolute error percentage was
6.58%. Overall, this study demonstrates the applicability and promising performance of the proposed ML models, which
will be used in subsequent research to analyze turbulent flames a posteriori.

Keywords Turbulent premixed flame - GTL - Flame radius evolution - Turbulent flame speed - Machine learning model -
Artificial intelligence

Introduction

Turbulent fame speed (TFS) identifies the speed at which a
flame spreads in a turbulent flow field, such as that in a gas
turbine combustor or a reciprocating internal combustion
engine [1]. Chemical kinetics and fluid mechanics are com-
bined by the turbulent flame speed in the study of turbulent
combustion [2]. When the hot burned product gases and the
cold unburned reactant gases interact under the existence
of turbulence in a combusting flow, the reaction rate is sig-
nificantly increased and the flame brush thickness expands
by the effect of different eddy sizes [3]. The combination of
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fluid mechanics and chemical kinetics offers a problem in
modeling turbulent combustion events due to the considera-
ble influence of turbulence on the flame propagation rate [4].
Studying the premixed turbulent combustion for an air—fuel
mixture is critical for predicting engine performance and
its emission rates. In addition, different physical phenom-
ena such as flame extinction and diffusion, flame ignition
mechanisms, flame quenching, and stabilization lie behind
the analysis of premixed turbulent flows. Furthermore, the
optimum operating conditions for a particular fuel can be
assessed depending on these analyses [5-7].

Gas-to-liquids (GTL) fuel is one of the alternative fuels
for diesel fuel that has gained much attention recently due
to its clean burning nature [8]. Therefore, lowering exhaust
emissions to comply with regional and global environmental
laws (The Paris Agreement, [9]). Additionally, GTL fuel
has no toxicity and is free of unfavorable elements like met-
als, aromatics, and sulfur, making it less poisonous and less
detrimental to the environment. Moreover, it does not smell
bad and is safer to handle and store than diesel fuel [10].
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According to Qatar Shell, GTL fuel can reduce nitric oxide
(NOx) emissions by 25% and particulate matter (PM) emis-
sions by roughly 38% compared to diesel fuel [11].

Remarkable progress has been achieved in measuring the
turbulent flame speed of different fuels using various experi-
mental techniques [12] and numerical simulation models
[13]. One of the main objectives for conducting the experi-
ments is to use their outputs for establishing detailed com-
bustion mechanisms and to use them for validation purposes
[14-16]. However, due to the constraints of experimental
measurements, a fuel's laminar or turbulent flame speed is
often only acquired under a few different combustion oper-
ating conditions. To build detailed combustion mechanisms
for application in computational fluid dynamics (CFD) simu-
lations, these mechanisms are developed and validated using
the measured flame speeds under these selected conditions
[17-19].

The high computational cost, however, makes it difficult
to anticipate the flame speed utilized in CFD via kinetic
modeling utilizing the reduced or detailed mechanisms.
Due to the wide range of temperature, pressure, and equiva-
lence ratios used in CFD simulations, the fluctuations of the
flame speed are typically explained using empirical rela-
tions, which makes it less accurate [17, 18]. The majority of
the empirical relations are fitted using experimental values
obtained at certain operating conditions or they are fitted
from kinetic modeling results that belong to a detailed com-
bustion mechanism [20, 21]. The most widely used com-
bustion mechanism is the power-law expression, in which
proper constants are used as inputs for deriving the flame
speeds values under particular operating conditions [22, 23].
However, the fitting process used for deriving such expres-
sions usually encounters numerous difficulties [24-26].

Machine learning (ML) techniques have recently gained
much attention and have been applied in combustion
research due to the rapid advancement of computer and
database technology. To predict the overall physical charac-
teristics of fuels [27], the soot emission property [28], and
to support CFD simulations [29, 30], ML models have been
constructed. For laminar flame speeds (LFSs), a series of
researches have been conducted to construct efficient ML
models for predicting the values of LFS of fuel under several
operating conditions, in which the pressure, temperature,
and equivalence ratios are usually adopted as inputs in these
models. In regression problems, artificial neural networks
(ANN) can discover complex input and output relationships.
Therefore, these networks have been used in various fields of
science and engineering to model the relationship between
input and continuous responses [31-34]. Therefore, this tool
can be used to predict the combustion performance of differ-
ent fuels in terms of operating factors. Several research work
in open literature have investigated the capability of ANN
to model this process. Malik et al. [35] used a deep neural
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network to model laminar burning velocity (LBV) as a fuel
property. The investigated fuels were hydrogen—air and pro-
pane—air mixture. The operating parameters were pressure,
temperature, and equivalence ratio. They concluded that
the accuracy of ANN models in predicting LBV values is
higher than the analytical formula. Further, they reported
that the ANN-based models can predict LBV values of many
mixtures.

Mehra et al. [36] developed a multilayer feedforward net-
work to predict the combustion process performance of natu-
ral gas enriched by H, and CO. The operating parameters
were fuel-air equivalence ratio and hydrogen, methane, and
carbon monoxide fraction. Meanwhile, the response (output
parameter) was LBV. They reported that the maximum R? for
validation was 0.999 implies a good agreement between real
and predicted LBV. Eckart et al. [37] used ML methods to
predict the LBV of methane/hydrogen/air mixture at differ-
ent conditions. They developed models based on 1400 data
points. To find the optimum structure of the network, they
investigated a different number of hidden layers and neurons
per layer. Vom Lehn et al. [38] developed a model based on
an ANN to predict the LBV of different fuels. They selected
molecular group, pressure, temperature, and equivalence
ratio as operating parameters and LBV as a response. The
dataset was gathered from experimental works and simula-
tions based on kinetic models. Wan et al. [39] investigated
different ML techniques to develop a model with the ability
to predict the LES of hydrocarbon and oxygenated fuels. To
do this, they proposed Gaussian process regression as an
ML methodology.

These previous researches indicate that ML models are
delivered as powerful tools for predicting the values of LFS
of fuels using the input operating factors. In addition, it
can be also noticed that the previous researches have only
focused on developing ML models for LFS prediction.
However, the derive of general combustion ML models also
requires extending these models to predict turbulent flame
speeds (TFS), which still shows a research gap.

Based on these considerations, this study focuses on mod-
eling and simulating the effects of operating parameters on
flame radius and flame speed during premixed turbulent
combustion of diesel, GTL, and their 50/50 blend. Figure 1
shows the implemented method used in the present work. In
previous work [13], the turbulent premixed flame of diesel,
GTL, and 50% diesel-50% GTL fuel was investigated and
simulated using ANSYS-Fluent. In the present study, data
from previous work of the authors were used to develop two
types of ANN models with the ability to predict flame radius
and flame speed.

To do this, the input data are divided into training and
validation sets. The k-fold validation technique was used
to train the networks. The training method was performed
to determine the optimal parameters of the network. After
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developing the optimal model parameters, these devel-
oped models were used to evaluate the effects of operating
parameters on flame radius and flame speed. According to
the authors’ knowledge, developing neural network models
to predict turbulent flame radius and turbulent flame speed
has not taken place, yet.

The novelty of this work emanates from the utilization of
these ML models. Instead of solely depending on ANSYS
simulations, which are grounded in conventional computa-
tional techniques, our study exploits ML methodologies to
predict intricate combustion behaviors. Model 1 is centered
on prognosticating alterations in the flame radius concerning
time, equivalence ratio, and turbulence intensity. Conversely,
model 2 is devised to anticipate fluctuations in turbulent
flame velocity relative to varying operational factors.

The originality resides in the incorporation of ML mod-
els, which possess the capability to apprehend intricate
associations and structures within the combustion process—
often beyond the reach of established simulation methods
such as ANSYS. This innovative approach facilitates a
more precise and all-encompassing understanding of flame
dynamics across a range of thermodynamic and turbulence
conditions. Ultimately, this contributes to heightened predic-
tive prowess and insights surpassing the scope of conven-
tional simulations.

Methodology and Procedure
Fan-Stirred Combustion Bomb

In a previous work by the authors [13], a cylindrical fan-
stirred combustion bomb was used to study the premixed
turbulent combustion of diesel, GTL, and their 50/50 blend.
The combustion bomb was modeled using SOLIDWORKS
and then imported into ANSYS-Fluent for meshing. The
computational domain incorporates the whole vessel’s inner

volume approximated by a cylinder (length=650mm, diam-
eter =400mm) and four axis-symmetric fans mounted on the
internal surface of the bomb. These fans are used to generate
the desired turbulence intensity level (#°) to study the flame
propagation under near homogeneous and isotropic turbu-
lence (HIT). Tetrahedral, equidistant elements were used for
meshing the computational domain, with an adaptive size
function (element size =2mm). After successfully meshing
the model, the numerical model parameters were identified,
and the solution was initialized to match the required ther-
modynamic and turbulence operating conditions. The com-
plete description of the meshing process and the numerical
model settings can be found in previous work [13]. After
completing the simulation runs for the three fuels, the data-
set is imported from CFD simulation runs and stored in MS
Excel sheets for further investigation and analysis.

Numerical Data Source

The numerical data used for ANN model construction, train-
ing, and validation were obtained from supporting infor-
mation from previous work [40]. These datasets represent
the premixed turbulent combustion of diesel, GTL, and
their 50/50 blend studied at different operating conditions
(0.7< @< 1.3) and (0.5 m/s <u’< 3.0 m/s) using Zimont Tur-
bulent Flame Speed Closure (Zimont TFC) model available
for CFD simulations. Different parameters could be obtained
from the simulations runs and tabulated in MS Excel data
sheets such as turbulent flame speed (S,), turbulent kinetic
energy (k), turbulent eddy viscosity (u), and others. These
databases allow obtaining each of these parameter values at
any vessel’s radius, starting from zero to 12cm. In addition,
the flame radius at any time starting from zero to 30 ms can
be conveniently accessed and obtained. The pre-processed,
raw, and filtered data were extracted from CFD simulations
[13], then listed on filtered MS Excel tables. The datasets
are presented in four tables in the MS Excel file. Tables
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S1, S2, and S3 show the values of the parameters related to
the premixed turbulent combustion of diesel, GTL, and the
50/50 blend at the corresponding turbulence intensity (")
and equivalence ratio (®). In addition, Table S4 shows the
flame radius value as a function of turbulence intensity, the
equivalence ratio, and time for the three fuels. These data-
sets are available online with supporting information from
previous work [41].

Data Pre-processing

Generally, in data science, all the data need to be pre-pro-
cessed before beginning the regression, classification, etc.
Pre-processing plays a key role in data mining. In Fig. 2 the
values of flame radius and turbulent flame speed have been
shown. In some cases, the values of some independent and
dependent variables may not be available. These data are
called null or missed. In this work, there is no null data.
In some cases, data may appear that have a large and unu-
sual difference from other values in the dataset. These data
can disturb the performance of algorithms termed outliers.
So, they should be removed from the dataset. According
to Fig. 2, no outlier is detected. Further, the flame radius
values corresponding to zero time were removed from the
dataset. Because this data leads to incorrect model train-
ing performance. Since the order of magnitude of operating
parameters is different, so the operating parameters need to
be normalized. Note, the values of flame radius and turbulent
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Fig.2 Data of flame radius and turbulent flame speed
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flame speed were not normalized. The normalization process
was performed according to the following equation:

Y~ Ymin.

yy =0.05+ X 0.9,

Ymax. ~ Ymin. (1)

where y,;, and y,.. are the minimum and maximum values
of y.

Model Construction and Training

ANN is a predicting algorithm for regression problems clas-
sified as a machine learning methodology. ANN is a human
brain-based tool capable of producing output on a given set
of inputs. In Fig. 3 the structure of networks used in this
work to develop robust models has been shown, where w
and b are the devoted weight and bias, respectively. The first
layer of the network structure is the input layer. The input
layer is fed from the input data (operating parameters). The
next box is the hidden layer (one or more). If the number of
hidden layers is more than one, the network is termed a deep
neural network. The duty of hidden layer(s) is data process-
ing. This (these) layer(s) is (are) connected to the output
layer, and the output layer generates the outputs (responses).
Fitnet is a specialized version of a feedforward network, not-
ing that the units of each box are unrelated to each other. For
fitnet and feedforwardnet, each processing box is connected
only to the previous and next layers. However, for cascade-
forwardnet, the input layer is connected to the output layer.
It is clear that cascadeforwardnet is a modified feedforward
network. In these networks, tansig and purelin functions are
used for the hidden and output layers, respectively. The next
step after constructing the desired network structure is net-
work training using a training dataset. Levenberg—Marquardt
(LM) was chosen as training algorithm. During the training
of the network, mean squared error (MSE) is used as an
assessment index. MSE is calculated as follows:

(Fitnet and Feedforwardnet)

Inputs Outputs

Hidden Layer Output Layer

(Cascadeforwardnet)

®
(WH®

w
Output Layer

Inputs

% \- Outputs

Hidden Layer

Fig. 3 Structure of feedforward and cascadeforward networks
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1 n
MSE = ; Z (ypred. - yacL)z’ )
=1

where yyeq. Yac - and n are the predicted value, actual value,
and the number of targets, respectively.

Then, the trained network should be validated using the
validation dataset. To compare the performance of differ-
ent developed models, validation-R? is used. This index is
determined as follows:

2?21 (ypred. - yact.)2
Z?:l (ypred. - ym)2

where y, is the mean value of targets.
The average relative error (ARE) is calculated as follows:

RP=1-

3

Ypred. ~ Yact.
Yact.

ARE = x 100. 4)

Before starting model training, the data should be
randomized. To train the network, the cross-validation
method was used. The cross-validation technique is use-
ful for overcoming overfitting which is a common problem
in model development. Figure 4 shows the k-fold cross-
validation schematically. In this technique, the data is
split into two parts (training and validation datasets). The
training dataset is used for network training. If the model
performs well on the validation dataset, it means that over-
fitting does not happen. Cross-validation is performed in
several ways such as leave-one-out, hold-out, k-fold, and
stratified k-fold. In this work, the k-fold cross-validation
technique was used to train the model. In this technique,
the whole data is divided into k partitions with equal sizes.
The first partition is selected as the validation dataset and
the other (k-1) datasets are selected as training datasets.

Fig.4 K-fold cross-validation
diagram

The model capability in predicting the targets of the vali-
dation partition is recorded. In the next step, the second
partition is set as validation and the other (k-1) partitions
are set as training. This procedure is repeated for all the
k partitions. It is clear that by increasing the number of
partitions, the model variance decreases. The drawback
of this method is the k times repeating of the procedure.

Results and Discussion

In previous work [13], turbulent flame speeds and flame
radius for the three fuels (diesel, GTL, and 50/50 blend) at
a wide range of operating parameters (turbulence intensi-
ties, equivalence ratio, vessel radius, and time) were stud-
ied and characterized. In the present work, the flame radius
is modeled as a function of equivalence ratio and time.
Further, three models are developed for the prediction of
turbulent flame speed for different fuels. These models
predict turbulent flame speed vs. equivalence ratio, turbu-
lence intensity, and vessel radius. The broad ranges of the
operational variables for different responses are presented
in Table 1.

Table 1 The operating range of input variables for different responses

Response Operating parameter Range
Flame radius evolution-Model 1  Equivalence Ratio 0.7-1.3
Time (ms) 5-30
Turbulent flame speed-Model 2 Equivalence Ratio 0.7-1.3
Turbulent Intensity (m/s) 0.5-3
Vessel Radius (cm) 0-12
All Data
|
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Flame Radius Evolution-Model 1

As mentioned earlier, the turbulent flame radius was mod-
eled as a function of equivalence ratio and time.

Model Development To develop the neural network
model, several functions were tested, and finally, caseca-
deforwardnet was chosen to proceed. To assess the per-
formance of the developed model, the R*-value of the
validation dataset was chosen to be monitored. The results
show that for diesel, GTL, and the 50/50 blend fuels the
optimum number of neurons in the hidden layer are 4, 5,
and 5, respectively. To check and make confidence in the
network performance, each network was trained 10 times.
The average R*-value of these optimum models are 0.9856,
0.9809, and 0.9784, respectively. The validation-R? values
of different runs for networks with one hidden layer and
specified neurons in this layer for diesel, GTL, and blended
fuel are presented in Fig. 5. Note that each run means a
network training process.

Then, networks with optimum structures were trained
over the whole dataset, and for subsequent calculations
and graph plotting, these models were used. In Fig. 6, the
flame radius predicted by the optimum artificial network
is plotted against the flame radius generated by ANSYS-
Fluent for diesel, GTL, and their 50/50 blend. This fig-
ure reveals a good agreement between predicted and real
values and proofs the acceptable predictability of these
models in this case.

Diesel Fuel The predicted flame radius evolution in
terms of equivalence ratio and time is shown in Figs. 7
and 8 for three different fuels. The trend of changes in the
flame radius versus operating parameters is almost similar
for each of the three fuels. For diesel fuel, for equiva-
lence ratios less than 1.15 with an increase in time, the
flame radius increases. Obviously, at short times, increas-
ing the equivalence ratio leads to a slight increase in the
flame radius. Generally, an increasing trend is observed

for equivalence ratios of 0.7-1.15 and an opposite trend
is observed for 1.15-1.25. After that for higher values of
equivalence ratio, no considerable change in flame radius
is observed.

GTL Fuel As shown in Figs. 7b, 8b, for GTL fuel, the
flame radius increases at any equivalence ratio as time
increases. Similar to diesel fuel for an equivalence ratio of
0.7-1.1, any increase in the equivalence ratio leads to an
increase in the flame radius. For higher values, a decrease
is observed. Note, for short-duration values, a sinusoidal
change in the flame radius is observed as the equivalence
ratio increases.

50%Diesel-50%GTL Fuel Similar to diesel and GTL, for
blended fuel, the flame radius increases as time increases.
The changes in the flame radius of the blend vs. equivalence
ratio are similar to diesel fuel. But, its amount is a little
more.

It can be observed from Fig. 8 that the designed Al model
could capture the CFD simulations output with high pre-
cision at different flame radiuses and time instants. The
maximum absolute error percentage was found to be 5.46%,
4.98%, and 3.46% for diesel, GTL, and the 50/50 blend,
respectively.

Turbulent Flame Speed-Model 2

Model Development To develop a model for predicting the
values of flame speed, a cascadeforwardnet with one hidden
layer and three neurons in this layer for each fuel has been
structured, trained, and validated. The operating range of
input parameters have been shown in Table 1. The values of
error (predicted value-real value) are shown in Fig. 9.

GTL Fuel In Fig. 10, different plots of the predicted
turbulent flame speed for GTL fuel are drawn in terms of
equivalence ratio and turbulence intensity. These graphs
were plotted while the vessel radius was fixed at 6 cm. As
shown in Fig. 10, any increase in turbulent intensity results

0.99
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w 0.98F .
& Neurons Min. Max.
=}
k= i 4 0.9748 0.9925
Z 097} Diesel
§ GTL 5 0.9457 0.9932
0.96
—=—Diesel 50%Diesel-50%GTL 5 0.9550 0.9917
——GTL
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0.94 . | . | .
0 2 4 6 8 10
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Fig.5 R’-validation values vs. run number for flame radius

@ Springer



Development of Machine Learning Models for Studying the Premixed Turbulent Combustion of...

485

(@) °

Predicted Flame Raduis (cm)
-

00 1 2 3 4 5 6 7

Real Flame Raduis (cm)

©

Predicted Flame Raduis (cm)

4 6 8
Real Flame Raduis (cm)

(=]
[y

Fig.6 Predicted flame radius vs. real flame radius for three different fuels

in increasing the flame speed. It can be seen that as the
equivalence ratio increases, the flame speed increases and
reaches a maximum value. For low values of turbulent inten-
sity, flame speed decreases slightly after reaching the peak.
The maximum and minimum flame speeds at a vessel radius
of 6 cm are 450.7019 and 74.0430 cm/s, respectively. The
designed Al model could capture the CFD simulations out-
put with high precision at different turbulent flame speeds.
The maximum absolute error percentage was found to be
6.58% at u*=1.5m/s.

In Fig. 11, 2D, 3D, and contour plots of the predicted
turbulent flame speed for GTL fuel are drawn as a func-
tion of equivalence ratio and vessel radius. These plots were
generated while the turbulent intensity was fixed at 2 m/s.
It is clear that for almost any value of the vessel radius,
an increase in the equivalence ratio leads to an increase in
the value of the flame speed. After the flame speed reaches
the maximum value, a slight decrease is observed in flame
speed. But at high values of vessel radius, any increase in

Predicted Flame Raduis (cm)

(b)

4 6 8
Real Flame Raduis (cm)

(=]
™~ -

Optimum Model

Neurons Average Validation-R?

(a) Diesel 4 0.9856

() GTL 5 0.9809

(9 50%Diesel-50%GTL 5 0.9784

equivalence ratio leads to an increase in flame speed. At this
value of turbulent intensity, the possible maximum and mini-
mum values of flame speed are 518.6149 and 56.1675 cm/s,
respectively. In addition, it can be observed from Fig. 11
that there is a good agreement between the Al model the
CFD simulations output where the maximum absolute error
percentage was found to be 5.85% at a vessel radius of 6 cm.

Diesel Fuel As shown in Fig. 12, by increasing the vessel
radius, the flame speed increases for each value of turbu-
lent intensity. Similarly, any increase in turbulent intensity
leads to a gradual increase in flame speed. This phenomenon
happens for each value of vessel radius. The rate of flame
speed changes versus turbulent intensity is more severe for
high values of vessel radius. For an equivalence ratio of 1.0,
the possible maximum and minimum values of flame speed
are 702.2660 and 17.7999 cm/s, respectively. The Al model
could be well trained to capture the output of CFD simula-
tions, and the maximum absolute error percentage was found
to be 6.53% at a vessel radius of 12 cm.
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Fig.7 3D plot of the predicted flame radius as a function of equivalence ratio and time for three different fuels

50%Diesel-50%GTL Fuel Fig. 13 shows the change of
predicted turbulent flame speed as a function of turbu-
lent intensity and vessel radius. These plots were gener-
ated while the equivalence ratio was fixed at 1.0. At this
condition, the possible maximum and minimum flame
speeds are 699.8423 and 22.6128 cm/s, respectively. It
is found that by increasing the vessel radius, the flame
speed decreases. The slope of this decrease is more severe
for high values of turbulence intensity. Adversely, any
increase in turbulent intensity leads to an increase in flame
speed. This phenomenon is more severe at low values of
vessel radius. In addition, it can be observed that there is
a good agreement between the readings of the designed Al
model and CFD simulations output, where the maximum
absolute error percentage was depicted at ' =2.5 m/s with
a value of 2.57%.

Flame Radius and Turbulent Flame Speed Changes

In Table 2, the conditions that minimum and maxi-
mum values of responses happen are shown. To find the
max—min response values and corresponding operating
parameters GA was used based on the optimum developed
ANN models.

@ Springer

Conclusions

The optimum operating conditions for a particular fuel can
be assessed by studying its premixed turbulent combustion
under the effect of different input parameters. The conven-
tional experimental methods followed to derive TFS for
several fuels are very burdensome, whereas detailed kinetic
models used for the premixed turbulent combustion applica-
tions are usually computationally expensive and inefficient.
Fortunately, the large dataset obtained for TFS from CFD
simulations can be used to develop efficient data-driven ML
models for predicting TFS more accurately. Based on that,
model development based on artificial intelligence (AI)
was carried out to predict the flame radius evolution and
turbulent flame speed during the premixed turbulent com-
bustion of diesel, GTL, and their 50/50 blend under differ-
ent operating conditions. The numeric data utilized for the
development, training, and validation of the ANN models
was extracted from supplementary materials. These data-
sets encompass instances of premixed turbulent combustion
concerning diesel, GTL, and their 50/50 mixture. These
instances were studied across diverse operational conditions,
featuring equivalence ratios spanning from 0.7 to 1.3 and
turbulence intensities ranging between 0.5 m/s and 3.0 m/s.
The methodology employed the Zimont TFC model.
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Fig.8 CFD and Al-predicted flame radius as a function of equivalence ratio at different time

In brief, the core findings of this exploration can be suc-
cinctly outlined:

e Two ML models were developed in this study. Model
1 predicts the variations of the turbulent flame radius
with respect to the equivalence ratio and time, whereas
model 2 predicts the turbulent flame speed variations
with respect to the equivalence ratio, turbulence intensity,
and vessel radius.

e Model 1 could capture the CFD outputs with high preci-
sion at different flame radiuses and time instants. The
maximum absolute error percentage in the turbulent

flame radius was found to be 5.46%, 4.98%, and 3.46%
for diesel, GTL, and the 50/50 blend, respectively.

¢ In addition, it was observed that there is a good agree-

ment between model 2 and the CFD simulations outputs,
where the maximum absolute error percentage was found
to be 6.58% (at u'=1.5m/s) and 2.57% (at u'=2.5m/s) for
GTL and the 50/50 blend, respectively.

e The developed ML models offer ready-to-use mod-

els that can be combined with, for instance, CFD soft-
ware for studies on turbulent combustion, in addition to
being useful for assessing the findings of experiments
or kinetic modeling.
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Table 2 Minimum and maximum values of response for different fuels

Fuel Model 1 Model 2

Response Operating parameters Response Operating parameters

Flame radius (cm)  Equivalence Time (ms) Flame speed (cm/s)  Equivalence ratio  Turbulence Vessel radius, r (cm)

ratio, @ intensity, u’
(m/s)

Diesel
Min 0.47206 0.7 5 13.2948 0.84585 0.5177 12
Max 6.9298 1.1156 30 831.0796 1.2996 3 0.0027006
GTL
Min 0.64792 0.7003 5 12.4148 1.3 0.5 12
Max 7.5088 1.1049 30 797.6698 1.2923 3 0.017375
Blend
Min 0.59122 0.7 5 20.0713 0.70592 0.5 12
Max 7.4517 1.1204 30 810.564 1.3 3 0.026625
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