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Zero-carbon fuels such as hydrogen and ammonia play a pivotal role in the energy transition by offering
cleaner alternatives to natural gas (methane), especially in industrial combustion systems. Binary and ternary
blends of these fuels offer a transitionary, low-carbon solution in the near future. Laminar burning velocity

K ds:

Aft{:l(;;ia (LBV), as a fundamental combustion property, is significantly different for ammonia, hydrogen, and methane.
Hydrogen Although the LBV of binary blends of these fuels is well-studied, ternary blends have not been extensively
Methane studied. In this study, the primary objective is to employ a simple ensemble learning method to predict the

LBV of ternary ammonia/hydrogen/methane/air mixtures. The training dataset consists of experimental data
sourced from a large number of publications (3,846 data points), as well as synthetic data generated by 1D
freely propagating premixed flame simulations in Cantera using a detailed chemical kinetic model. Three
machine learning algorithms, namely artificial neural networks, gaussian process regression, and extreme
gradient boosting trees are trained and optimised. Then, a simple ensemble averaging method is used to
reduce overfitting and improve robustness. The ensemble model achieves coefficient of determination (R?)
of 0.991 on the test set with an inference time that is approximately 8,000 times faster than the 1D simulation
run time. The ensemble model is capable of predicting LBVs of ammonia/hydrogen/methane/air mixtures for
T =[295-756 K], P = [1-10 bar], ¢ = [0.5-1.8] across all possible blending ratios.

Machine learning
Laminar burning velocity

1. Introduction future internal combustion (IC) engines and gas turbines [8]. Moreover,

the use of NH;/H, /air mixtures in gas turbines can enhance operational

In the pursuit of achieving net-zero carbon emissions targets, fu-
ture propulsion and power generation technologies are expected to
incorporate low and zero-carbon energy fuels, coupled with advanced
high-efficiency energy conversion devices [1,2]. Among the promising
carbon-free fuels, ammonia (NH;) stands out due to its high energy den-
sity and well-established production and distribution infrastructure [3].
However, as a fuel, NH; exhibits sub-optimal combustion properties,
characterised by low burning velocity, a narrow flammability limit,
high NO, emissions, and a relatively high auto-ignition temperature.
These limitations can be mitigated through the addition of hydrogen
(H,), which can be efficiently derived by partially cracking ammonia
into H, and N, before the combustion process [4,5]. By blending
NHj; with H,, the resulting NH;/H, mixture demonstrates significantly
improved flame stability and a higher burning velocity. Additionally, it
was repeatedly reported that the NO, emissions as low as 50 ppm are
achievable with NH;/H,/air flames [3,6,7]. Research has shown that
extremely lean NH;/H,/air mixtures hold strong potential for fuelling
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limits in comparison to the direct use of H,/air as a fuel [9]. An
additional advantage of using NH; is that H, can be derived from its
pre-cracking process, providing a clear pathway for decarbonisation
through the utilisation of NH;/H, blends.

Ammonia is also expected to gradually displace natural gas (~*90%
CH, in vol.) for power generation and heating applications [10]. Soot
formation is another issue with incomplete combustion of HCs. It
should be noted that NH; doping inhibits soot formation in CH, flames
due to the chemical effect of NH; [11]. It was shown by Masoumi
et al. [12] that increasing NH; content makes both NH;/CH, and
NH;/H, flames more hydrodynamically stable due to flame thickening.
Recent studies show a great interest in ternary blends of NH;/CH,/H,/
air [9,13-15]. Mashruk et al. [9] pointed out the pivotal role of
NH;/CH,/H,/air blends in the transition to the direct use of NH;
and H, fuels in gas turbines and engines since reduced retrofitting
would be required in the existing operational combustion devices.
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Nomenclature
Abbreviations
1D One-dimensional
ANN Artificial neural network
CART Classification and regression tree
DNN Deep neural network
GBDT Gradient boosting decision tree
GP Gaussian process
GPR Gaussian process regression
HC Hydrocarbon
ic Internal combustion
LBV Laminar burning velocity
LBV Mean absolute error
LBV Root mean square error
ML Machine learning
NTP Normal temperature and pressure
RBF Radial basis function
ReLU Rectified linear unit activation function
X G Boost Extreme gradient boosting trees
Symbols
Scale mixture
u Mean vector
0, Mean vector hyperparameter
0, Covariance matrix hyperparameter

K Covariance matrix

X Input matrix

Y Output matrix

€; Initial temperature

y Regularisation hyperparameter 2

m Length scale

D Dataset

F Collection of regression trees
L Objective function

Qf) Regularisation term

¢ Equivalence ratio

o2 Variance

0} Complexity

P, Initial pressure

R? Coefficient of determination
T; Initial temperature

X Mole fraction

The operability maps of NH;/CH,/H,/air mixtures under atmospheric
conditions were produced. It was noted that the 30%-40% (vol.) H,
addition caused flashback. Later, Berwal et al. [14] studied the LBV
of NH;/CH,/H,/air mixtures at elevated temperatures (300-750 K) for
¢ = 0.7-1.2 and atmospheric pressure. The Xy, was varied between 0
and 30 in a CH,/H, blend with 4:1 ratio. It was reported that a 7.2:1.8:1
ratio (vol. %) CH,/H,/NH;/air mixture would reproduce adiabatic
flame temperatures of natural gas (NG) with a slightly higher LBV while
reducing CO and CO, emissions about 10%. Later, Yasiry et al. [15] car-
ried out an experimental study to measure the LBV of NH;/CH,/H,/air
mixtures at normal temperature and pressure (NTP) conditions for
¢ = 0.8 — 1.2. The X, was varied between 0 and 40 in a CHy/H,
blend. Detailed chemical kinetic mechanisms were compared [16-18]
and it was reported that the Li mechanism [18] provided the best LBV
computation for ternary blends, increasing accuracy was observed with
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increased NH; content. More recently, Berwal et al. [13] investigated
the LBV of ternary NH;/CH,/H,/air blends at elevated temperature
and pressure conditions, extending their previous work to 5 bar. It
was noted that the LBV for the ternary mixtures would be comparable
to that of CH,/air at 5 bar. It was also stated that the Li [18] and
Okafor [16] mechanisms were both comparable to the experimental
measurements up to 5 bar. However, further works [19] have shown
that additional improvement on current reaction mechanisms is crit-
ically required as models such as the latter can under/overpredict
LBV and species consumption, particularly when evaluating ternary
blends for which the mechanisms have been barely tried. Finally, this
work demonstrated the practical feasibility of ternary NH;/CH,/H,/air
blends for the transition to low to zero-carbon combustion systems. In
conclusion, NH;/CH,/H,/air mixtures in current combustion units be-
come a viable prospect, warranting an in-depth analysis of the stability,
emissions, and flame characteristics of these ternary blends.

The recent progress in the field of machine learning (ML), coupled
with the increasing volume of available data, progress in computing
(GPU, TPU, cloud computing, edge computing), and data storage tech-
nologies for handling big data, offer promising applications in science
and engineering [20-23]. These advancements found applications in
the solution of computationally demanding combustion problems [24-
27]. Notably, supervised ML algorithms have gained attention as an
alternative approach to predicting the laminar burning velocity (LBV)
of various fuels. However, the application of ML for LBV prediction
remains limited and requires further investigation.

In one of the early studies, Mehra et al. [28] conducted experiments
to measure the LBV of CO and H, enriched natural gas under NTP
conditions. They developed an Artificial Neural Network (ANN) model
based solely on these measurements, which resulted in increased uncer-
tainty in the model’s predictive capability. Furthermore, the model’s
applicability was restricted to mixtures under NTP conditions. Later,
Varghese and Kumar [29] devised an empirical model, employing a
power-law correlation, to predict the LBV of syngas—-air mixtures. The
power-law correlation model was constructed through the utilisation
of multiple linear regression, with model parameters (temperature and
pressure components) being trained using ML methods. The empirical
model was calibrated using both experimental data and 1D glass-box
model computations. It was reported that the predictions generated
by the empirical model exhibited an error margin of under 10%.
Subsequently, Malik et al. [30] employed deep neural networks (DNN)
to predict the LBV of H,/air and C;Hg/air mixtures. They randomly
sampled the dataset from available experimental data to ensure suffi-
cient training data. While the model performed well across a wide range
of temperature and equivalence ratio conditions, its validation was
limited to near atmospheric pressure conditions. Ambritus et al. [31]
utilised DNN to estimate the LBV of H,/air mixtures, employing both
experimental and interpolation-based synthetic data for model training.
Validation was performed by comparing the results with the Malet
correlation. However, the non-homogeneity of the experimental dataset
led to lower predictive accuracy, necessitating further experimental
measurements. In another study, vom Lehn et al. [32] explored the
use of ANN for predicting LBV across various molecular combina-
tions of pure hydrocarbon and oxygenated hydrocarbon fuels. Their
dataset encompassed experimental LBV data of 124 fuel compounds
and additional data generated through 1D numerical simulations us-
ing a detailed chemical kinetic mechanism, amounting to 3,444 data
points. It was concluded that ML can be employed for designing new
fuels with reasonable prediction accuracy. Eckart et al. [33] confirmed
the accuracy of ANN in comparison with other ML models for LBV
prediction in H,/CH,/air mixtures. The ANN model exhibited compa-
rable performance to the GRI 3.0 mechanism, with a slight reduction
in accuracy but significantly lower computational cost. It should be
noted that the performance of other ML models can surpass ANN
depending on the choice of input parameters and data structure. Later,
Wan et al. [34] developed a data-driven ML model using available
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experimental data for hydrocarbon (HC) and oxygenated fuels. They
employed 5 descriptors calculated from semi-empirical quantum chem-
istry methods as inputs to the model and evaluated 16 models based
on various error metrics (R?, MAE, RMSE, MSE). Their findings in-
dicated that the Gaussian Process Regression (GPR) algorithm with a
squared exponential kernel yielded the best performance. Nevertheless,
the model was not validated for high-pressure and high-temperature
conditions. More recently, Shahpouri et al. [35] investigated the ML-
based prediction of laminar flame speed for low-carbon fuels like
NH;, H,, CH;0H, and their combinations. The study employed 1D
simulations to generate a substantial LBV database and subsequently
trained the models using ANN and Support Vector Machine (SVM)
algorithms. While the models claimed to possess predictive capabilities
for engine-relevant conditions, the absence of experimental measure-
ments to verify these claims raises uncertainties about their validity
at present. Further research and validation are required to assess the
performance of these models accurately. Udaybhanu and Reddy [36]
used genetic algorithms to optimise ANN weights in predicting the
LBV of isooctane/air blends. This method was found to be superior to
various other ML algorithms achieving a R? of 0.991. Very recently,
Ustiin et al. [37] applied ML to predict LBV of NH,/H,/air mixtures
for a wide range of conditions. The performance of a wide range of ML
algorithms was comparatively assessed. The GPR and ANN algorithms
were found to be more accurate than other tested algorithms. The
hyperparameters of the best ML model were optimised and the final
model was validated against recent experiments at different conditions.
It was also reported that a substantial speed-up in LBV computation
time (9,500 to 27,000 times) is achievable with ML models compared
to 1D simulations.

Only a few of the studies in the existing literature focus on emerg-
ing zero-carbon fuels such as NH; and H, and their blends that are
promising to replace HC fuels. The present work is a continuation of
our previous study [37] on predicting the LBV of NH;/H,/air mixtures
using a machine learning approach. The novelty of the current work
lies in the development of an ensemble ML model for the prediction
of LBV of poorly studied ternary blends for a wide range of condi-
tions. Moreover, the final ensemble ML model is used to study ternary
contours of LBV for all possible NH;/CH,/H, blending ratios with
varying T;, P; and ¢ where no experiments have been carried out so
far. The subsequent sections of this paper are organised into three
primary sections. Section 2 presents the methodology, encompassing
data collection and data generation procedures employed for training
the ML model, the ML model training approach, and the model vali-
dation. In Section 3, an exploration of the inter-dependencies among
input features is demonstrated, along with a thorough evaluation of
the results’ validity. Additionally, the ML-based LBV maps are assessed
under varying T;, P;, and ¢. Lastly, Section 4 offers conclusive insights
into the findings derived from the study, followed by an in-depth
discussion on potential future directions of research in this domain.

2. Methodology
2.1. Data analysis

The experimental LBV data for a wide range of fuel mixtures and
initial conditions is collected from the literature. Due to some data
points acting as outliers, such as extreme pressures or very lean/rich
conditions, the training data is bounded by limiting minimum and
maximum values. It is worthy of mentioning that the experimental
measurements are prone to uncertainties especially near the flamma-
bility limits. These uncertainties are especially high (exceeding 20%)
for NH;/air or NHj; rich flames due to radiation effects [38]. Therefore,
any data point with an uncertainty higher than 20% is removed from
the training data set to reduce their effects on the model accuracy
as outliers. This improves the homogeneity of the training data and
eases the data imbalance problem for ML training. Additionally, the
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Table 1

ML model training dataset ranges for available literature data on LBV of NH,/air,
H,/air, CH,/air, NH,;/CH,/air, NH;/H,/air, CH,/H,/air, and NH,/H,/CH,/air mixtures
[13-17,39-126].

Measured parameter

Measured range Training data range

Pressure (bar) 0.07-70 1-10
Temperature (K) 268-756 295-756
Equivalence ratio (¢) 0.22-7.15 0.5-1.8
NH; content (vol%) 0.0-100.0 0.0-100.0
H, content (vol%) 0.0-100.0 0.0-100.0
CH, content (vol%) 0.0-100.0 0.0-100.0
LBV (cm/s) 0.98-549 0.98-549
Number of experimental data 4,462 3,846
3 500
— 400
5 —_
2 <
) 300 S
— —
:
2 2003
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100

Fig. 1. Distribution of the LBV data over initial temperature, pressure and equivalence
ratio.

equivalence ratio range is decided based on the operability range of
NH;/CH,/H,/air blends as recently shown by Mashruk et al. [9]. The
original and the bounded datasets are given in Table 1.

Even though the training dataset is more homogeneous compared to
the original experimental dataset, it should be noted that the majority
of the experiments were performed at NTP conditions which skews the
distribution of the data. This can clearly be seen in Fig. 1 and should
be studied further. In doing so, the distributions of the features in the
training dataset are plotted in logarithmic scale in Fig. 2. It is prominent
that certain conditions are not well-studied, and some conditions are
not studied at all (e.g. H, > 0.6, T > 450 K, and P > 5 bar).

Additionally, Fig. 3 shows the box plots of the features to examine
their distributions and identify any outliers in the training dataset. The
box extends from the first to third quartiles, with the median of the data
indicated by the horizontal line within the box. The whiskers extend to
the points that are within 1.5 interquartile ranges of the median, and
any points beyond this range are considered outliers. The features are
standardised to have a mean of 0 and unit variance, i.e., the same scale.
While features such as ¢, NH;, H,, and CH, show a relatively good
distribution, 7 and P contain undesirable outliers that may negatively
affect ML training. These analyses suggest that more data at these
underrepresented regions of the training dataset is needed.

The Pearson correlation matrix can be used to examine the rela-
tionships between input features and output. It is seen in Fig. 4 that
H, and LBV have the highest positive correlation. It is well known that
the T; is positively correlated with LBV as seen in Fig. 2. However, it
must be noted that the ¢ has almost the same correlation factor. This
can be attributed to the increasing trend of LBV with ¢ for H,-rich
mixtures. Furthermore, NH; has the highest negative correlation with
LBV as expected. One must note that the correlations depend on the fuel
combinations, e.g., the correlation coefficients of binary H,/NH;/air
blends are different than ternary blends [37].
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Fig. 2. The distributions of all input features in the experimental dataset; (a) T;; (b) P;; (c) ¢; (d) CH,; (e) H,; (f) NH;.
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Fig. 3. The box plot demonstrating the distributions and outliers (circles) of all input
features in the experimental dataset.

2.2. Synthetic data generation

It was confirmed in Figs. 2 and 3 that the distribution of the data is
non-uniform, imbalanced, and skewed. Skewness in training datasets is
usually not a major concern for ML model training as the majority of ML
algorithms, except models such as linear regression (since it assumes
normally distributed data), can handle skewed training data.

On the other hand, non-uniform data distribution raises gener-
alisability problems as some conditions are under-represented. One
way to solve data imbalance is synthetic data generation which uses
mechanistic/mathematical models to generate more data points at
under-represented conditions. These mathematical models can only be
employed if they are validated against experimental data at relevant
conditions. In the case of LBV data generation, 1D premixed flame

NH; CHy; LBV

Fig. 4. Pearson correlation matrix based on the experimental dataset.

simulations can be employed with a suitable, well-studied chemical
kinetic mechanism of choice.

2.2.1. 1D simulations

In this study, the same 1D simulation framework that was es-
tablished in our previous work [37] is used. 1D freely propagating
premixed flame simulations in Cantera [127] are used to generate LBV
data points at chosen ranges of conditions. The simulations are carried
out with multi-component transport, Soret diffusion, and radiation
effects included.

The following conditions are identified as under-represented accord-
ing to Fig. 3 and targeted for synthetic data generation: P = (4, [6,
10]) bar, ¢ = (0.5, [1.5, 1.8]), T = (450 - 750) K, X, = [0.7 - 0.9],
Xcn, = [0.1 - 05], Xyp, = [0.1 - 0.9]. For the conditions to be
simulated, the choice of chemical kinetic mechanism(s) is essential. In
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Fig. 5. The distributions of all input features in the hybrid training dataset; (a) T,; (b) P;; (c) ¢; (d) CH,; (e) H,; (f) NH;.

this work, the mechanism by Li et al. [18] is used for simulating ternary
NH;/H,/CH,/air mixtures since it was tested and reported to be highly
accurate by Yasiry et al. [15] and Berwal et al. [13].

In total, an additional 5,088 LBV data points are simulated within
specified ranges of conditions to obtain a more uniform distribution
for all features which leads to less data imbalance and increased
representativeness of the training dataset. The feature distribution of
the final training dataset is shown in Fig. 5. It is seen that the uniformity
increased substantially due to specifically targeted flame conditions.

2.3. Model validation approach

Model validation holds a central position in ML, serving as a critical
assurance for the generalisation capabilities of a model. Employing
the cross-validation technique safeguards against the model’s reliance
on specific training and validation data, ensuring a comprehensive
assessment of predictive performance across various scenarios. In this
particular investigation, the study adopts the k-fold cross-validation
method [128] to validate the model. Within the k-fold cross-validation
framework, the dataset is partitioned into k distinct folds, with k
set to 10 in this instance, facilitating an iterative training process.
Each fold comprises both a training and a validation subset, which
varies with each iteration, as depicted in Fig. 6. Consequently, during
each iteration, the model’s predictive accuracy is tested against the
respective validation subset within each individual fold. The overall
model error is subsequently determined by averaging the errors across
all folds.

2.4. ML algorithms

The choice of ML algorithm to be used for a given regression prob-
lem depends on several key factors, including the dataset size, dimen-
sionality, and the complexity of the underlying relationship between
the features and the output. In our previous work, 6 ML algorithms and
their configurations were tested for the LBV prediction problem. Even
though models such as linear regression (LR), regression trees (RT) and
ensemble trees (ET) offer better interpretability, they usually cannot
describe complex relationships between inputs and output and result in

poor predictive performance. Among these algorithms, ANNs and GPR
were found the best performers and GPR was chosen for the final model
development.

In this section, these algorithms together with the extreme gradient
boosting trees (XGBoost) are examined further for the final algorithm
and architecture choice. For ML model development, Scikit-learn [129]
and TensorFlow [130] libraries are used.

2.4.1. Artificial neural networks

Artificial Neural Networks (ANNs) consist of input, hidden, and
output layers which are interconnected by neurons. The aim of the
network is to map an N-dimensional input space to an output by
learning the complex underlying function governing the output. In this
work, a feed-forward ANN is used. In a feed-forward ANN, weights,
and biases are initially set to small random values. During forward
propagation, input data passes through hidden layers, with each neuron
calculating a weighted sum and applying an activation function. The
activation function adds non-linearity for complex pattern learning.
A loss function measures the difference between the prediction and
the ground truth, minimised via back-propagation. Back-propagation
updates weights and biases using the gradient descent method. Training
involves iterative data input, loss computation, and weight adjust-
ments. After training, inference on new data can be made through
forward propagation without weight updates.

2.4.2. Gaussian process regression

In the context of data-efficient regression modelling, Gaussian Pro-
cess Regression (GPR) stands out as a powerful tool. GPR operates
within a probabilistic Bayesian framework, allowing for the effective
handling of single-output regression tasks characterised by non-linear
relationships [131]. The semi-parametric nature of GPR makes it a
more interpretable algorithm compared to fully black-box approxi-
mations such as ANNs that have an increasingly large number of
parameters depending on the model complexity. Such attributes make it
a good choice for constructing intricate non-linear models through the
thoughtful design of covariance functions. GPR models are subjected to
a rigorous assessment via the computation of the marginal likelihood.
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Fig. 6. Schematic of the k-fold cross-validation.

A function, f, can be expressed as follows:
(@)

where X; (i = 1,..., n) are the set of inputs, y; (i = 1, ..., n) is the output.
The ¢; term is the noise associated with the observational uncertainty
and assumed to have a Gaussian distribution, A" (0; ¢2), with a standard
deviation of 5,. The function f can be represented as a Gaussian Process
(GP).

A GP is characterised by random variables, with the property that
any finite subset of these variables collectively adheres to a joint
Gaussian distribution. This process is fully defined by its mean (u(x))
and covariance functions (k (x, x’ )), also known as kernels. Subse-
quently, for a given process denoted as f(-), GP which incorporates the
hyperparameters 6, and 6,, can be expressed as follows [132]:

vi=r (xi) te,

FO~CP (u(x:0,).k(x.x':6,))

The common method for hyperparameter estimation of the co-
variance function involves maximising the marginal likelihood, which
quantifies the likelihood of the observed data given these hyperparam-
eters. The marginal likelihood is computed through integration across
the possible function values, denoted as f. If we collect the input data
as X and the corresponding output data as Y, the natural logarithm of
the marginal likelihood can be represented as follows:

(2)

log(ptY1X, 0)==3 (" (K+021) ' ¥ = ()

3
1 2 n

-3 log (‘K + anl’) -5 log(27)

In this context, the mean vector is denoted as u, and the co-
variance matrix is represented by K. Consequently, the GP approx-
imation is transformed into an optimisation (maximisation) problem
concerning Eq. (3), with a focus on the mentioned hyperparameters.
Posterior predictions, under the assumption of a Gaussian error term
¢;, can be readily computed using the predictive mean. Furthermore,
the quantification of the uncertainty associated with each prediction
can be achieved by considering the predictive variance, as discussed
by Rasmussen [132].

2.4.3. Extreme Gradient Boosting Trees (XGBoost)

Extreme Gradient Boosting Trees (XGBoost) introduced by Chen
and Guestrin [133] within the gradient boosting decision tree (GBDT)
framework, form a tree-based ensemble method. The concept involves
employing a combination of classification and regression trees (CARTSs)
to effectively model training data by minimising a regularised objective
function. A CART includes a root node, internal nodes, and leaf nodes.
The root node initially encompasses all data, which is then divided
into internal nodes using binary decision rules, while the leaf nodes

represent the final class assignments. In the gradient boosting approach,
a sequence of base CARTs is constructed sequentially, with each CART
estimator assigned a weight during training to create a robust and
accurate ensemble.

Similar to the GPR setting, consider a dataset with m dimensional
feature space and n examples (D = {(X[,y[)} ,(X; € R™,y; € R)). The
output to be predicted (y;) can be modelled by XGBoost as follows:

N

j}\i=2fk(xi)vfker (O))
k=1

where

F={fX)=w,x}:(¢:R">T,0eR") (5)

In this context, qy, defines the decision rule that links a given
sample to a specific binary leaf index. Furthermore, 7 denotes the
collection of regression trees, with » representing the weight assigned
to each leaf. Finally, f, signifies the k,, individual tree within this
collection, and T signifies the total number of leaves in a tree. The
training is carried out by minimising the regularised objective function
L given as:

£=il(ﬁi,y,-)+i9(fk)

where y; is the ground truth target value and / is a differentiable convex
loss function. The regularisation term, Q(f,), aims to control model
complexity and reduce overfitting and is given by:

(6)

() =T+ LAllol %)

where A||w||> and y terms are regularisation hyperparameters control-
ling L2 regularisation (ridge regularisation) and minimum loss reduc-
tion required for splitting a new leaf, respectively.

Finally, to minimise the objection function, the greedy function
approximation proposed by Friedman [134] is used. The minimisation
process, also referred to as gradient boosting, iteratively constructs new
decision trees and tries to optimise the objective function to ultimately
obtain an accurate ensemble model.

2.5. Model optimisation

2.5.1. ANN

The initial ANN architecture consisted of two hidden layers and
10 neurons for each layer using the rectified linear unit activation
function (ReLU). The network is then optimised in terms of the number
of hidden layers and neurons for each layer. The ANNs are trained for
2500 epochs, using a batch size of 128. The initial learning rate is set
to 1073 with a decay of 3 x 107, and the Adam optimiser is utilised
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for efficient weight updates. The resulting accuracy matrix is shown as
a contour in Fig. 7. It is seen that the coefficient of determination, R?
(Eq. (8)), increases as the number of neurons in each layer increases.
Furthermore, the number of layers does not necessarily result in better
model accuracy. It can be argued that a network with 40 to 50 neurons
and 8 to 14 hidden layers would consistently achieve a high model
accuracy as shown with a red box in Fig. 7.

(B LBV - TBV)XLBY - LBV))2

R’ = 6)

(Z;”:l(LBV - LBV) Y (LBV — LBV))2

To maintain model flexibility, i.e., to keep it less complex, we opted
for 10 layers and 45 neurons for the final architecture of the ANN. This
architecture is illustrated in Fig. 8. To determine an effective train-
validation-test split, we monitored the mean absolute loss (MAE) for
various combinations of train, validation, and test sets (see Fig. 9)
during the training process. The gap between the train and validation
loss, known as the generalisation gap, was also considered. It was
observed that the generalisation gap was minimised with a 70-15-15
split for train, validation, and test sets, respectively.

2.5.2. GPR

The behaviour of the GPR depends mainly on the choice of kernel.
There are a few widely used kernels, but kernels can be designed by
combining (e.g. adding or multiplying) existing kernels. In this study,
we test squared exponential, radial basis function (RBF), Matérn, and
rational quadratic kernels. Each kernel has its own hyper-parameters
such as length scale (/), variance (52), scale mixture («) parameters
and so on. These hyper-parameters are optimised during training using
L-BFGS-B optimiser.

Fuel 368 (2024) 131581

The optimisation study suggests that the rational quadratic kernel
with / = 0.1 and « = 0.5 reproduces a smooth, expressive posterior
mean function.

2.5.3. XGBoost

Even though the performance of the initial XGBoost model is sat-
isfactory, an optimisation study can still be carried out. The hyper-
parameters of the XGBoost algorithm are the booster parameters. The
optimisation can be carried out by using the HYPEROPT library [135],
which utilises Bayesian Optimisation techniques. In our study, we de-
fine a range for the hyper-parameters such as the number of estimators,
learning rate, and regularisation parameters Al|w||> and y. The opti-
misation study suggests that the optimal number of estimators is 150
and the learning rate is 0.2. It is also observed that the regularisation
parameters have low to no effect on the accuracy of the model.

3. Results and discussion
3.1. Model evaluation

The models’ performance is systematically evaluated using well-
known statistical measures, including the coefficient of determination
(R?), mean absolute error (MAE), root mean square error (RMSE),
and the computational speed-up of each model compared to the 1D
Cantera model (t;,/t,,;) are assessed in Table 2. The definitions of
these metrics are given in our previous work [37].

It is seen from Table 2 that the model performances are similar in
terms of accuracy. The training and inference speed-up for the GPR
model suffers from a relatively larger input vector and dataset size since
it has a computational and memory complexity of O(n®) and O(n?),
respectively [131]. Whereas, XGBoost not only offers the highest accu-
racy but also achieves the best training and inference times. However,
the difference between the train and test R?> values suggests that the
XGBoost model could be slightly overfitted. The difference in train
and test error is even more pronounced in the GPR model. Therefore,
trusting predictions from only one ML model may be misleading. Thus,
a simple ensemble averaging approach is employed here to reduce
the bias and over-fitting in the predictions. This approach takes the
arithmetic average of the predictions from each model and uses it
as the final prediction. The test set error metrics associated with the
ensemble-averaged predictions are also included in the Table.

Furthermore, the train and test accuracies can be further examined
in Fig. 10. It is seen that the ANN model predictions are more scattered
compared to GPR and XGBoost. However, both train and test set
predictions are scattered to the same degree, indicating the lack of
overfitting. On the other hand, both GPR and XGBoost perform very
well on the train set, but, fail to maintain the same level of accuracy
for the test set. This is a sign of overfitting and is more prominent in
the GPR model which aligns with the error metrics given in Table 2.

3.2. Pressure effects

A complete representation of the LBV space can be given by ternary
contours. Ternary contours help visualise the effects of changing three
variables on a two-dimensional equilateral triangular. The composition
at each point in the contour adds up to 1.0 and the isolines represent
the points where LBV stays constant as the composition changes. As an
example, the ternary contour for NTP conditions at ¢ = 1.0 is shown
in Fig. 11. The effect of the initial pressure of the flame on the LBV
of ternary blends is shown in Fig. 12. Note that each ternary contour
contains 20 isolines for better interpretability. It was shown in Fig. 4
that the pressure is weakly inversely proportional to LBV of ternary
blends, however, this proportionality is fuel dependent. This propor-
tionality can be easily seen here as the LBV at every point decreases as
the pressure is increased. It is also seen that LBV decreases more for the
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Table 2
Performance evaluation of the ML models.
ML Model Split set R? MAE (cm/s) RMSE (cm/s) Inference speed-up (t,,/ty )
Train 0.992 2.20 7.99
ANN Validation 0.991 2.31 8.23 11,000
Test 0.991 2.29 8.18
Train 0.994 2.01 5.90
GPR Validation 0.986 3.75 9.27 8,000
Test 0.984 4.32 10.62
Train 0.996 1.95 5.22
XGBoost Validation 0.993 2.17 7.56 28,000
Test 0.993 2.15 7.83
Ensemble Test 0.991 2.92 8.87 8,000

NH;/CH, rich ternary blends as the initial pressure increases showing
a higher dependency on pressure.

As it is known, the LBV of CH,/air is ~#37 cm/s at stoichiometric
NTP conditions. Here, the ternary mixture conditions where LBV values
are comparable to (+ 1 cm/s) to that of CH,/air are investigated.
Table 3 summarises these conditions when the initial temperature
(T;) and ¢ are kept constant and initial pressure (P;) is varied from
3 to 10 bar. Also, the molar percentages of the species are altered
by increments of 5%. It is seen that the NH; content does not go
above 30% since higher P; greatly reduces LBV of mixtures with high
NH; content while its effect on H, and CH, rich mixtures is not as
pronounced. Furthermore, H, content increases as P; increases to obtain
desired LBV levels since LBV of H, rich mixtures are least affected by
pressure.

Table 3
Ternary blends where LBV is comparable to that of CH,/air at T, = 300 K and ¢ =
1.0.

P; (bar) Xy, Xy, Xen, LBV (cm/s)
3 5 35 60 36.01
3 15 40 45 37.44
3 20 40 40 36.41
3 25 45 30 36.19
5 5 50 45 36.54
5 10 55 35 37.09
5 30 65 5 37.37
7 5 65 30 36.68
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2 O O Table 4

Ternary blends where LBV is comparable to that of CH,/air at P, = 1 bar and ¢ = 1.0.

T,(K) Xy, Xy, Xen, LBV (cm/s)

350 35 10 55 36.07
150 350 40 15 45 36.59

400 50 20 30 37.94

400 60 30 10 37.97

450 55 10 35 37.10
100 450 65 20 15 37.15

500 65 5 30 36.68

500 70 10 20 36.46

50

is directly proportional to the LBV of ternary blends. It is seen that a
6 small addition of H, into NH; dominant blends greatly enhances the
LBV at each flame temperature. Furthermore, it can be seen that LBV

changes largely for moderate to high CH, contents depending on the
Fig. 11. Ternary contour at NTP conditions and ¢ = 1.0. overall blending ratios of H, and NH;. However, this effect is much
less pronounced for high-pressure conditions as shown in Fig. 12.

. Table 4 summarises the conditions when P; = 1 bar, ¢ = 1.0,
3.3. Initial temperature effects . . . . .
and T, is varied from 350 to 500 K with 50 K increments. It is seen

The effect of the initial temperature on the LBV of ternary blends is that NH; rich ternary blends are achievable by increasing T;. Higher

shown in Fig. 13. The profiles of the isolines dictate a different char- temperatures at these conditions would necessitate even higher NHj; to
acteristic compared to initial pressure effects. The initial temperature limit the LBV to desirable levels.
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Fig. 12. Ternary blend contour for elevated pressure conditions at T, = 300 K and ¢ = 1.0; (a) 3 bar; (b) 5 bar; (¢) 7 bar; (d) 10 bar.

3.4. Equivalence ratio effects

The effect of the equivalence ratio at NTP conditions is shown in
Fig. 14. It is known that the LBV of the majority of the fuels reaches its
maximum at slightly fuel-rich conditions (¢ = 1.0 — 1.1). However, this
is not true in the case of H, flames. Therefore, the LBV keeps increasing
as the fuel/air ratio is increased in H, rich NH;/H,/CH,/air blends. On
the other hand, LBV of NH; and CH, rich blends drastically decreases
at very rich conditions. It can also be noticed that the LBV profiles are
less uniform at very lean conditions, e.g. ¢ = 0.6, when compared to
richer conditions. This is an indication of a higher uncertainty involved
with both experimentally and numerically determined LBV data. These
uncertainties are especially higher for NH; rich mixtures since radiation
effect is usually not properly accounted for [38].

Similar to Tables 3 and 4, Table 5 summarises the conditions where
LBV values between 36 to 38 cm/s can be obtained when ¢ is varied
from 0.6 to 1.5 K with 0.3 increments at NTP. Desirable LBV values
could not be obtained at very lean conditions (¢ = 0.6). Fig. 14(a)
clearly shows that desirable LBV values occur in a very narrow window
of conditions where the mixtures are H, rich (> 70% H,).

Recently, Mashruk et al. [9] observed that a 55/25/20% (vol)
NH;/H,/CH,/air mixture at NTP and ¢ = 1.2 provides relatively low
emissions and good stability. The ensemble model suggests that the LBV
value is 21.6 cm/s at these conditions, which is approximately 32%
lower than the LBV of CH,/air mixtures under the same conditions.
Similar blends with slightly higher H, and/or lower NH; content can
result in better a LBV with relatively low emissions.
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Table 5

Ternary blends where LBV is comparable to the NTP value of CH4/air.
¢ Xy, Xy, Xen, LBV (cm/s)
0.9 10 25 65 37.91
0.9 20 25 55 36.85
0.9 25 30 45 36.82
0.9 30 40 30 37.39
0.9 35 45 20 37.66
0.9 40 45 15 36.74
0.9 45 45 10 36.03
1.2 30 35 35 37.79
1.2 45 45 10 36.27
1.5 10 60 30 36.68

4. Conclusion

In this work, multiple machine learning (ML) models were applied
to predict laminar burning velocity (LBV) of NH;/H,/CH,/air mixtures
across a wide range of conditions. An extensive literature survey was
conducted to gather all available experimental measurements. Then,
the experimental dataset was analysed to extract useful insights about
the distributions and outliers. Synthetic data was generated at the
conditions where LBV measurements are limited using 1D freely prop-
agating premixed flame simulations. This new training dataset was
integrated with the original experimental dataset through a hybrid
approach to achieve a uniform data distribution across all features.
Three ML algorithms, namely Artificial Neural Networks (ANN), Gaus-
sian Process Regression (GPR), and Extreme Gradient Boosting Trees
(XGBoost) were trained and optimised. The resulting models were
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Fig. 13. Ternary blend contour for elevated temperature conditions at P, =1 bar and ¢ = 1.0; (a) 350 K; (b) 400 K; (c) 450 K; (d) 500 K.

ensembled using simple averaging to manage bias-variance tradeoffs.
Then the resulting ensemble model was used to explore the LBV of
ternary blends across all mole fractions for a range of pressure, temper-
ature, and equivalence ratios. In summary, the following key findings
emerged:

ML enables the exploration of LBV in poorly studied fuel mixtures,
such as NH;/H,/CH,/air mixtures.
The incorporation of synthetic data generated from a chemical

kinetic mechanism, along with experimental data, addresses un-
derrepresented conditions and ensures a uniform distribution of
the feature vectors.

XGBoost outperforms ANN and GPR models in all error metrics

and inference speed.
ANNSs are capable of achieving a more flexible model with less

overfitting when compared to GPR and XGBoost.

Simple ensemble averaging reduces overfitting and improves
model generalisation.

All models significantly accelerated LBV calculations, reducing
computation times by a remarkable factor of at least 8,000 times
and up to 28,000 times.

These findings underscore the potential of ML models in the ex-
ploration of key combustion features of emerging low-carbon fuels
provided that reliable data is available. For future research, the opti-
misation of the flame conditions of ternary blends in terms of LBV and
other fundamental aspects, such as NO, emissions, will be studied.
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