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ML-based prediction of LBV for ammonia/hydrogen/air mixtures is presented.
Comparative performance analysis of 24 ML algorithms is studied.
GPR achieves the highest accuracy for LBV velocity prediction.
ML model can predict LBV up to 27000 times faster compared to 1D simulations.
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A B S T R A C T

Ammonia utilisation in internal combustion engines has attracted wide interest due to the current trend toward
decarbonisation, as ammonia is a zero-carbon fuel with different combustion properties to hydrocarbons. The
laminar burning velocity (LBV) is a fundamental property of fuels with a significant effect on the combustion
processes and accurate calculations and measurements of the LBV over a wide range of fuel blends, pressures
and flow conditions is a time-consuming, complicated procedure. The main goal of the current study is
to predict the LBV of NH3/H2/air mixtures using a hybrid machine learning (ML) approach based on a
training dataset consisting of both the experimental LBV values and additional data obtained from numerical
simulations with a detailed kinetic model. Initial ML model training data is collected from existing experimental
LBV in the literature for NH3/H2/air mixtures. Then, synthetic data is generated using one-dimensional (1D)
simulations to reduce data inhomogeneity and increase accuracy of the ML model. In total, 24 different
ML algorithms are tested to find the best model both for the experimental and the hybrid dataset. The
results suggest that both Gaussian Process Regression (GPR) and Neural Networks (NNs) can be utilised to
predict LBV of NH3/H2/air mixtures with reasonable accuracy. The hybrid ML model achieved a coefficient of
determination of R2 = 0.998. Finally, hybrid ML model hyperparameters are optimised to achieve a coefficient
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of determination of R2 = 0.999. It was also found that ML can speed up LBV computation from 9500 to 27000
times compared to 1D simulations with a reduced mechanism.
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1. Introduction

Future propulsion and power generation technologies should use
non-carbon energy sources combined with advanced high-efficiency
energy conversion devices to meet net-zero carbon emissions targets.
Carbon-free ammonia (NH3) is among the most promising hydrogen
carriers, thanks to its developed production and distribution infrastruc-
ture [1]. As a fuel, NH3 has poor combustion properties such as low
burning velocity, narrow flammability limit, high NOx emission, and
a high auto-ignition temperature that can be improved by the addition
of hydrogen (H2), which can be obtained energy-efficiently by partially
cracking ammonia into H2 and N2 prior to the combustion process [2].

he NH3/H2 blend will have a higher flame speed with significantly
mproved flame stability. It has been shown that very lean ammonia-
ydrogen-air mixtures have the strong potential of fuelling of future
nternal combustion (IC) engines and gas turbines [3].

One of the most fundamental and significant combustion proper-
ies of a fuel is its laminar burning velocity (LBV), which is directly
nfluenced by its diffusivity, exothermicity, and reactivity. It gives an
ndication of a fuel’s overall reactivity, aids in calculating heat release
ates, and validates detailed and reduced combustion reaction mecha-
isms. LBV is used in the description of the turbulent flame structure
nd speed, flame front instabilities, flame extinction via heat loss and
tretch, and flame stabilisation [4]. Most importantly, computational
luid dynamics (CFD) for combustion simulations requires quick and
recise prediction of LBVs under various combustion conditions. There
re two main ways to obtain LBV: experiments and one-dimensional
1D) modelling. Experimental LBV measurements are often carried
ut using constant pressure and volume combustion chambers (CPCC,
VCC) with spherical flame (SF) method, particle tracking velocime-
ry (PTV), cylindrical bombs (CB), burner method (BM) with conical
lames (CF) and heat flux burners (HFB), the details of these methods
re discussed in detail in [4]. Another way to obtain LBV is to use
D simulations with codes such as Cantera [5], Chemkin [6] and
pensmoke++ [7]. Chemical kinetic mechanisms are employed to
ompute LBV using 1D simulations. The accuracy of these simulations
epends on the chemical kinetic mechanism size, stiffness and numeri-
al setup. Additionally, these mechanisms are usually validated only for
narrow range of operating conditions and specific fuel mixtures. On

he other hand, LBV can also be obtained by using developed empirical
orrelations that are usually based on the power-law. These correlations
re usually developed using regression analyses on available experi-
ental data. For NH3/H2/air mixtures, there are only two correlations

vailable in the literature [8,9]. Goldmann et al. [8] developed LBV cor-
elations using Mathieu and Petersen mechanism [10], for NH3/H2/air

mixtures covering 0–100 vol% NH3, 0–60 vol% H2, 0.5 < 𝜙 < 1.7,
300 K < T < 1000 K and 1 bar < p < 250 bar. This correlation was
then optimised and validated for fuel H2 fractions less than 50% [11].
Later, Pessina et al. [9] developed correlations for NH3/H2/air mixtures
only for full-load spark-ignition (SI) engine conditions, thus it is valid
only in the range of p = 40–130 bar, T = 720–1208 K, and 𝜙 = 0.4–
1.5. Developed correlation relies solely on chemical kinetics simulation
data that was obtained using Stagni mechanism. which was chosen
after a comparative mechanism selection study with Shrestha [12],
Gotama [13], and Otomo [14] mechanisms. Developed correlation
resulted in an average error of 2.5% and a maximum error of 16%.

The current advancements in machine learning (ML) along with
increasing data volume, advances in computational resources, and data
storage technologies for large datasets present new prospects for data
analysis in combustion applications [15–18]. Recently, supervised ML
algorithms attracted interest as another way to predict LBV of various
2

fuels. Currently, there are only a limited number of studies on the
application of ML for the prediction of LBV of fuels. In one of the first
attempts, Mehra et al. [19] carried out experimental LBV measurements
of CO and H2 enriched natural gas (HyCONG) under normal temper-
ture and pressure (NTP) conditions and developed an ANN model
ased on obtained LBV data. The developed model exclusively relied on
ne small experimental data source which increased the uncertainty of
he model predictions. Furthermore, the model could only be applied
o mixtures under NTP conditions. Later, Malik et al. [20] used deep
eural networks (DNN) to predict LBV of H2/air and C3H8/air mixtures

for the first time. The dataset was randomly sampled from available
experimental data to have sufficient training data. Even though the
model performed well for a wide range of temperature and equivalence
ratio conditions, the model was only validated for near atmospheric
pressure conditions. Ambritus et al. [21] used DNN to estimate LBV of
H2/air mixtures. The study used both experimental and interpolation-
based synthetic data to train the model. The results were compared
with Malet correlation [22] for validation. It was reported that the
non-homogeneity of the experimental dataset caused lower prediction
accuracy and requires further experimental measurements. In another
study, vom Lehn et al. [23] studied the use of artificial neural networks
(ANN) for the prediction of LBV of various molecular combinations of
a wide range of pure hydrocarbon and oxygenated hydrocarbon fuels.
The dataset consisted of experimental LBV data of 124 fuel compounds
and additional data generated by 1D numerical simulations using a
detailed chemical kinetic mechanism, with a total number of 3444 data
points. The study concluded that ML can be used for fuel design with
reasonable prediction accuracy. The accuracy of ANN was confirmed
by Eckart et al. [24] in their study, in which different ML models were
compared for the LBV prediction of H2/CH4/air. It was concluded that
the performance of the ANN model was found to be comparable to
that of the GRI 3.0 mechanism. However, the ANN model was a little
less accurate but much less computationally costly. Depending on the
choice of input parameters and data structure, other ML models can
outperform ANN. Wan et al. [25] developed a data-driven ML model
based on available experimental data for HC and oxygenated fuels. In
total, 5 descriptors calculated from semi-empirical quantum chemistry
methods (Pearson correlation matrix) were used as model inputs. In to-
tal, 16 models were evaluated based on errors (R2, MAE, RMSE, MSE).
It was found that GPR algorithm with squared exponential kernel was
the best-performing model. However, the study lacks validation of high-
pressure and high-temperature conditions. Varghese and Kumar [26]
developed an empirical model (power-law correlation) to predict LBV
of syngas–air mixtures. The power-law correlation model was based on
a multiple linear regression and model parameters (temperature and
pressure components) were trained using ML. The model used data
from experimental data as well as 1D glass-box model computations. It
was reported that the predictions using the developed empirical model
had an error margin of less than 10%. Recently, Shahpouri et al. [27]
studied the ML-based laminar flame speed prediction of low-carbon
fuels such as NH3, H2, CH3OH and their combinations. The study uses
1D simulations to generate a large LBV database and then train the
models using ANN and SVM algorithms. It is claimed that the models
have a prediction capability for engine-relevant conditions, however,
the validity of the predictions is rather unknown since no experimental
measurements are able to verify this claim currently.

Existing literature often does not thoroughly discuss ML algorithm
selection and optimisation, and the effect of training dataset size on
accuracy. Furthermore, only a fraction of the studies focuses on zero-
carbon fuels such as NH3 and H2 that are promising to replace HC fuels.
The novelty of the current study lies in the use of ML algorithms for pre-

dicting the LBV of NH3/air, H2/air and NH3/H2/air mixtures based on



Energy and AI 13 (2023) 100270C.E. Üstün et al.
Fig. 1. Flowchart of the hybrid ML model development methodology.
a relatively small experimental dataset, as well as in finding the optimal
dataset size and ML algorithm. The ML model is then improved via a
hybrid approach that utilises additional LBV data from 1D simulations,
resulting in increased accuracy. The remainder of this paper is divided
into three sections. Section 2 defines the methodology, including the
data collection and generation for training, model training approach
and model validation. Section 3 evaluates the validity of the results,
input feature dependencies, and comparisons with experimental data.
Finally, Section 4 provides final remarks on the findings and future
directions of research.

2. Methodology

In the present work, different ML algorithms are trained to predict
LBV of NH3/H2/air mixtures which take on the initial temperature,
initial pressure, equivalence ratio, and hydrogen content as input pa-
rameters. In this section, the experimental training dataset is introduced
first, followed by a discussion on the availability of sufficient exper-
imental measurements. Then, synthetic data generation, ML model
training methodology, model evaluation metrics, and model optimi-
sation are discussed. An overview of the methodology used in the
development of the final ML model is given as a flowchart in Fig. 1.
First, LBV data collected from the literature is analysed. Then the initial
3

ML model is trained based on the experimental dataset. Synthetic data
generation method is then proposed to decrease data inhomogeneity
and increase the accuracy of the predictions. For this purpose, a chem-
ical kinetic mechanism is chosen to generate physics-based synthetic
data from 1D simulations. The final dataset is then prepared for the ML
model training process. Finally, a hyperparameter optimisation study is
carried out on the chosen ML model.

2.1. Training dataset

The experimental LBV measurements of NH3/air, H2/air, and
NH3/H2/air mixtures from the literature are provided in Table 1. The
spherical flame method with a constant volume combustion chamber
(CVCC-SF) has been the primary choice of measuring equipment for
LBV. It can be noticed that there is insufficient experimental data
in the literature, especially for elevated temperature and pressure
conditions relevant to engine-operating conditions. Fig. 2 shows the
year of publication for each experimental dataset, which reveals the
increased interest in the NH3/H2/air blends as they offer great poten-
tial as zero-carbon fuels. Table 2 shows the ranges of experimental
measurements provided in Table 1 as well as the total number of
experimental data points. For initial ML model training, engine-relevant
operating conditions are chosen as the following: 𝜙 = 0.6–1.7, p =
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Table 1
Experimental LBV data collected from the literature.

Author(s) Year Method 𝑋𝐻2
𝜙 𝑇𝑖 (K) 𝑃𝑖 (MPa)

Hayakawa et al. [28] 2015 CVCC-SF – 0.70–1.30 298 0.1–0.5
Takizawa et al. [29] 2008 CVCC-SF – 0.89–1.20 298 0.1
Jabbour & Clodic [30] 2004 BM – 0.90–1.30 298 0.1
Pfahl et al. [31] 2000 CVCC-SF – 0.49–1.19 295 0.1
Ronney [32] 1988 CVCC-SF – 0.58–1.79 300 0.1–0.2
Zakaznov et al. [33] 1979 BM – 0.74–1.35 293 0.1
Mei et al. [34] 2019 CVCC-SF – 0.70–1.30 298 0.1
Han et al. [35] 2020 HFB – 0.85–1.25 298–448 0.1
Chen et al. [36] 2021 CVCC-SF – 0.80–1.20 298 0.033–0.1
Lesmana et al. [37] 2022 BM – 0.90–1.20 298 0.1
Ji et al. [38] 2021 CPCC-SF – 0.60–2.00 303 0.1
Kanoshima et al. [39] 2022 CVCC-SF – 0.80–1.20 400–500 0.1–0.5
Lee [40] 2010 CVCC-SF 0-0.5 0.60–1.67 298 0.1
Kumar [41] 2013 BM-CF 0.2–1.0 0.50–1.10 298 0.1
Li, J. et al. [42] 2014 BM-CF 0.33–0.6 0.60–1.40 298 0.1
Ichikawa et al. [43] 2015 CVCC-SF 0–1.0 1.00 298 0.1–0.5
Han et al. [44] 2019 HFB 0–0.4 0.70–1.60 298 0.1
Wang et al. [45] 2020 HFB 0.4–0.6 0.60–1.60 298 0.1–0.5
Lhuillier et al. [11] 2020 CVCC-SF 0–0.6 0.80–1.40 298–473 0.1
Shrestsha et al. [12] 2021 CVCC-SF 0–0.3 0.80–1.40 298–473 0.1–1.0
Gotama et al. [13] 2022 CVCC-SF 0–0.4 0.80–1.80 298 0.1–0.5
Li, H. et al. [46] 2022 CVCC-SF 0.2–1.0 0.80–1.40 298 0.05–0.2
Jin et al. [47] 2022 CVCC-SF 0.1–0.5 0.90–1.30 298–493 0.1–0.7
Chen et al. [48] 2023 CVCC-SF 0.0–1.0 0.50–1.50 298 0.05–0.15
Zhou et al. [49] 2023 CVCC-SF 0.0–0.7 0.70–1.40 298–423 0.1
Tse et al. [50] 2000 CB 1.0 0.50–4.00 298–443 0.1–6.0
Qin et al. [51] 2000 PTV 1.0 0.60–3.00 298 0.1
Kwon and Faeth [52] 2001 CVCC-SF 1.0 0.60–4.50 298 0.03–0.3
Pareja et al. [53] 2010 PTV 1.0 0.80–3.00 298 0.1
Liu and MacFarlane [54] 1983 BM 1.0 0.80–3.20 298 0.1
Wu and Law [55] 1985 BM 1.0 1.00–3.20 298 0.1
Gunther and Janisch [56] 1972 BM 1.0 0.80–3.20 298 0.1
Aung et al. [57] 1998 CVCC-SF 1.0 0.45–4.00 298 0.035–0.4
Lamoureux et al. [58] 2003 CVCC-SF 1.0 0.28–3.75 298 0.1
Dahoe et al. [59] 2005 CVCC-SF 1.0 0.50–3.00 293 0.1
Huang et al. [60] 2006 CVCC-SF 1.0 0.60–1.40 300 0.1
Hu et al. [61] 2009 CVCC-SF 1.0 0.40–4.50 303 0.1
Burke et al. [62] 2009 CB 1.0 1.50–4.50 298 0.1
Kuznetsov et al [63] 2012 CVCC-SF 1.0 0.28–4.50 285–295 0.025–0.1
Grossseuvre et al. [64] 2019 CVCC-SF 1.0 0.75–4.00 296–413 0.1
Dayma et al. [65] 2014 CVCC-SF 1.0 0.50–4.00 303 0.2–0.3
Krejci et al. [66] 2013 CVCC-SF 1.0 0.50-4.00‘ 298–443 0.1–1.0
Sun and Li [67] 2016 CVCC-SF 1.0 0.50–4.00 300–450 0.1–0.5
Table 2
Experimental condition ranges for available literature data on LBV of NH3/air, H2/air,
and NH3/H2/air mixtures.

Measurement Range

Pressure (MPa) 0.025–10
Temperature (K) 295–500 K
Equivalence ratio (𝜙) 0.28–4.5
H2 content (vol%) 0.0–100.0
LBV (cm/s) 2.1–443
No of experimental data 1178

1–10 atm, 𝑇 = 295–500 K and H2 vol% contents of 𝑋H2
= 0.0–1.0,

and the rest of the data is discarded. Moreover, some experimental
data points contain large uncertainty, especially near upper and lower
flammability limits, and should be removed from the dataset. The
process of removing outliers from a machine learning training dataset
is essential in order to prevent the model from overfitting to extreme
values, thereby improving its ability to generalise to new, unseen data.
Therefore, experimental data points that contain an uncertainty more
than 20% have been removed from the final experimental dataset to
prevent outliers that may affect ML model training.

The final experimental dataset consisted of a 5 × 1178 matrix, in
which the first four columns are the input parameters, namely, initial
temperature (T𝑖), initial pressure (P𝑖), equivalence ratio (𝜙) and 𝑋H2
and the fifth column is the output response, LBV. Experimental data
distributions are shown in Fig. 3 with each point corresponding to
4

Fig. 2. Number of experimental data points with respect to the published year.

an LBV measurement. Higher opacity indicates a higher number of
data points at that experimental condition. It is prominent that certain
conditions are not well-studied, and some conditions are not studied at
all (e.g. 𝑋H2

> 0.6 and P𝑖 > 5 atm). This means that the ML algorithm
must extrapolate for those unseen data points, introducing uncertain-
ties. Furthermore, the data is highly skewed since the majority of the
data comes from pure NH3/air and H2/air mixtures while NH3/H2/air
mixtures, especially at high 𝑋H2

, have not been well-studied. One
solution is to generate synthetic data at these conditions to increase
the homogeneity of the training dataset. This can be done using 1D
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Fig. 3. Distribution of experimental LBV data for NH3/air, H2/air and NH3/H2/air mixtures based on temperature and pressure and equivalence ratio.
simulations that generate physics-based data points. Experimental and
synthetic datasets can be merged to increase the predictive capability
of the ML model.

2.2. Synthetic data generation

Mathematical i.e., glass-box models can be used to generate datasets
for a specific machine learning application, this process is referred to as
synthetic data generation. There are several reasons for applying this
method, such as a limited number of data, time-intensive experiments
and simulations, and experiment or simulation set-up costs. In this
study, only a limited number of LBV experiments are available as
shown in Fig. 3 and new experiments would require time, facility, and
technical expertise. Therefore, an additional physics-based dataset is
generated using 1D premixed flame simulations in Cantera [5] with
a selected chemical kinetic mechanism as described in the following
section.

2.2.1. Mechanism selection
Chemical kinetic mechanisms are usually tailored for certain com-

bustion parameters such as ignition delay time (IDT), emissions and/or
LBV for a range of conditions. A comparative study of mechanisms is
required for this work since the target is to compute LBV for a wide
range of 𝑃𝑖, 𝑇𝑖, 𝜙 and 𝑋H2

conditions. Recently, Yin et al. [68] inves-
tigated several mechanisms for NH3/H2/air combustion and compared
the error functions produced by each mechanism. It was seen that the
Stagni [69], Zhang [70], Shrestha [12] and Han [71] produce almost
the same amount of error function value. In our study, four recently
developed mechanisms of similar sizes, namely Han [71], Gotama [13],
Zhang [70] and Stagni [69] mechanisms, are chosen for a comparative
assessment to find the best suited mechanism (See Table 3).
5

The focus is on NH3/H2/air blends since sufficient data is avail-
able for NH3/air and H2/air mixtures. Fig. 4 demonstrates the LBVs
computed by selected mechanisms against the experimental data from
different sources. Fig. 4(a) compares LBVs for NTP conditions with a
𝑋H2

= 0.6 and there is a noticeable discrepancy between experiments,
especially for near-stoichiometric conditions. When recent measure-
ments by Wang et al. [45] and Lhuillier et al. [11] are taken into
account, Gotama, Zhang and Han mechanisms perform well. Fig. 4(b)
compares LBVs for 5 atm, 298 K and 𝑋H2

= 0.4 conditions and large
discrepancies (𝜖𝑚𝑎𝑥 < 39%) are present for stoichiometric and rich
conditions. It is seen that the Gotama mechanism outperforms other
mechanisms. Finally, Fig. 4(c) shows the 𝑇𝑖 dependencies of selected
mechanisms. In this case, Han mechanism tends to underpredict LBVs
by a margin (𝜖𝑚𝑎𝑥 < 13%), especially for lean conditions. The Stagni
mechanism tends to overpredict lean and near-stoichiometric condi-
tions while performing well for rich conditions. On the other hand, lean
and stoichiometric conditions are well predicted by the Gotama and
Zhang mechanisms while rich conditions are slightly underpredicted.
Overall, the Gotama mechanism performs reasonably well (𝜖𝑚𝑎𝑥 <
10%) for the chosen conditions and is thus chosen for synthetic data
generation.

2.2.2. 1D simulations
Laminar burning velocity (LBV) computations are carried by 1D

freely propagating premixed flame i.e., ‘‘FreeFlame’’ simulations with
Cantera [5]. For all simulations, multi-component formulation of the
transport model, Soret diffusion effects, radiation effects, and tight
convergence parameters (curve ≤ 0.05, slope ≤ 0.05, and ratio ≤ 3)
are employed. For each simulation, up to 2000 grid points are used.
The chemical kinetic mechanism by Gotama is used to carry out 1D
simulations as it is comparatively assessed and validated for a wide
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Table 3
Chemical kinetic mechanisms chosen for comparative study.
Mechanism Year Species Reactions Application targets

Stagni [69] 2020 31 210 Low-temperature (T < 1200 K) combustion of diluted NH3/air
Han [71] 2021 36 298 LBV and self-ignition of NH3/O2 and H2/H2O mixtures
Zhang [70] 2021 39 264 NH3 combustion and NO formation
Gotama [13] 2022 32 165 LBV of NH3/H2/air for fuel-rich and elevated pressure
Fig. 4. Comparative mechanism validation study for (a) NTP and 𝑋H2
= 0.6 (b) high 𝑃𝑖 (5 atm) at 298 K and 𝑋H2

= 0.4; (c) 𝑇𝑖 dependency at 𝑃𝑖 = 1 atm and 𝑋H2
= 0.5.
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ange of conditions. Experimental conditions where no data is available
re specifically targeted to increase the predictive capability of the
L model. These ranges are as follows: p = 3–10 atm, 𝜙 = 0.6–

.7, 𝑇 = 295–500 K, 𝑋H2
= 0.1 – 0.9 (especially focusing on 0.4–0.9

ange). In total, additional 5890 LBV data points (five times the original
xperimental dataset size) are generated in given ranges of conditions
o assess the dataset size dependency of the ML models.

.3. Model training methodology

The goal is to first train the ML model using the experimental
ataset and then increase the accuracy with the synthetic data (hybrid
pproach). The datasets need to be prepared for ML model training.
achine learning algorithms benefit from normalisation when the in-

ut data has variable scales. Normalisation improves the adaptation
bility of ML algorithms and speeds up convergence. In this study,
he variables have a scale difference of two orders of magnitude, and
ormalisation is required. Thus, normalisation to a range between
.0–1.0 is carried out with the following formula:

𝑖 =
𝑥𝑖 − min(𝑥)

max(𝑥) − min(𝑥)
(1)

where, 𝑥 is the feature vector, x𝑖 is the i𝑡ℎ element of feature vector and
z is the normalised value of i element in the 𝑥 vector. On the other
6

𝑖 𝑡ℎ r
hand, model response i.e., LBV distribution, is highly skewed (Fisher–
Pearson coefficient of skewness = 2.02). Skewness can be addressed by
applying a logarithmic transformation to the response variable, LBV,
which then can be retransformed to evaluate the model with new data.
The dependency of LBV on each independent input feature can be
investigated with Pearson correlation matrix as shown in Fig. 5. When
NH3/air mixtures are investigated (Fig. 5(a)), 𝑇 is strongly positively
correlated with LBV. Whereas for H2/air mixtures (Fig. 5(b)) ER (𝜙) has
he highest correlation coefficient. Lastly, when NH3/H2/air mixtures
re investigated (Fig. 5(c)), 𝑋H2

has the highest correlation coefficient
followed by initial temperature (𝑇𝑖) while initial pressure (𝑃𝑖) has a
egative correlation.

Then, the dataset is randomly split into three sets: 70% for the
raining set (826 points), 15% for the validation set for cross-validation
f models (176 points), 15% for the test set for testing of each model
176 points). A similar approach is also used for the hybrid case.

Since this is a multidimensional regression problem, appropriate
egression algorithms, namely linear regression models (LR), regression
rees (RT), support vector machines (SVM), gaussian process regression
GPR), ensembles of trees (ET) as well as neural networks (NN), are
nvestigated for model predictive capability comparison. In total, 24
L algorithms are evaluated which are the variations of the mentioned
egression algorithms.
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Fig. 5. Pearson correlation matrix based on the experimental dataset.
2.4. Model performance evaluation

The performance of each model is systematically assessed based
on statistical metrics such as coefficient of determination (R2), mean
absolute error (MAE), and root mean square error (RMSE). These
metrics are mathematically described in Eqs. (2)–(4);

𝑅𝑀𝑆𝐸 =

√

√

√

√

1
𝑚

𝑚
∑

𝑖=1
(𝐿𝐵𝑉 − 𝐿𝐵𝑉 )2 (2)

𝑀𝐴𝐸 = 1
𝑚

𝑚
∑

𝑖=1
|(𝐿𝐵𝑉 − 𝐿𝐵𝑉 )| (3)

𝑅2 =

(

∑𝑚
𝑖=1(𝐿𝐵𝑉 − 𝐿𝐵𝑉 )(𝐿𝐵𝑉 − 𝐿𝐵𝑉 )

)2

(

∑𝑚
𝑖=1(𝐿𝐵𝑉 − 𝐿𝐵𝑉 )

∑𝑚
𝑖=1(𝐿𝐵𝑉 − 𝐿𝐵𝑉 )

)2
(4)

2.5. Model validation and testing

Model validation is of paramount importance in any ML study, as
it ensures that the model generalises well. Cross-validation approach
prevents the model to be dependent on the specific set of training and
7

validation data and ensures a global predictive performance evaluation.
In this study, k-fold cross-validation approach [72] is applied to vali-
date the model. In k-fold cross-validation approach, dataset is split into
k number of folds (in this case k = 10) for an iterative training process.
Each fold consists of a training and a validation set which is varied
for each iteration as shown in Fig. 6. Therefore, in each iteration, the
prediction accuracy of the model is tested for corresponding validation
set in for each individual fold. The overall error of the model is obtained
by averaging the errors of all folds as given in Eq. (5).

Errmean = 1
k

k
∑

𝑖=1
Err𝑖 (5)

2.6. Model hyperparameter optimisation

A regression machine learning algorithm, 𝐴, maps a set d1,d2,. . . ,d𝑛
of data points  = (x𝑖,y𝑖) to a function that is written as a vector
of model parameters. In this problem, x𝑖 are the input features and
y𝑖 is the output response of the model while 𝜽 is the parameter set.
Machine learning algorithms use hyperparameters, 𝜽 𝜖 Λ, which affect
the functioning of learning algorithm A𝜃 . These hyperparameters can
be optimised in a loop that evaluates the effect of each hyperparameter
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Table 4
ML model evaluation results.

ML algorithms
R2 MAE (cm/s) RMSE (cm/s)

Speed-up (t1𝐷/t𝑀𝐿)
Exp Hybrid Exp Hybrid Exp Hybrid

LR

Simple 0.838 0.941 22.32 14.00 24.81 15.68

26 000–27 000Stepwise 0.873 0.962 19.34 12.94 21.02 14.67
Robust 0.838 0.942 22.11 13.93 24.54 15.68
Interactions 0.873 0.962 19.60 12.92 21.20 14.67

RT
Coarse 0.889 0.959 18.99 13.07 20.82 14.84

24 000–26 000Medium 0.925 0.972 16.88 11.11 19.74 12.76
Fine 0.953 0.982 13.34 9.95 15.54 11.50

SVM

Linear 0.829 0.942 23.10 13.91 24.95 15.71

22 000–24 000

Quadratic 0.940 0.942 13.71 13.98 15.67 10.15
Cubic 0.954 0.992 12.84 7.11 14.52 8.84
Coarse Gaussian 0.932 0.989 15.01 8.37 16.98 9.84
Medium Gaussian 0.957 0.992 13.29 7.52 16.05 8.66
Fine Gaussian 0.841 0.986 21.97 9.45 23.88 10.75

GPR

Rational quadratic 0.972 0.997 11.32 4.42 13.30 7.02

18 000–20 000Matern 5/2 0.983 0.998 9.62 4.24 11.44 6.92
Exponential 0.976 0.997 10.22 4.30 12.63 7.02
Squared exponential 0.981 0.996 10.01 4.59 12.05 7.02

ET Boosted 0.935 0.957 16.20 13.13 18.23 14.52 24 000–26 000Bagged 0.932 0.989 15.98 8.75 18.03 10.10

NN

Bilayered 0.986 0.995 9.21 5.42 11.04 8.90

9500–11 000
Trilayered 0.988 0.995 9.02 5.40 10.80 7.19
Narrow 0.976 0.990 10.11 8.15 11.98 7.59
Medium 0.984 0.995 9.46 5.18 11.92 7.10
Wide 0.986 0.997 9.17 4.40 10.87 7.01
Fig. 6. Schematic overview of the k-fold cross-validation.
configuration using cross-validation [73]. The optimisation of hyperpa-
rameters of a ML algorithm, 𝜽 𝜖 Λ, is somewhat a similar procedure
to model selection. The goal here is to obtain the set of hyperpa-
rameters, 𝜽∗ 𝜖 𝜽, with the highest prediction accuracy. Considering
n hyperparameters 𝜃1, 𝜃2,. . . , 𝜃𝑛 𝜖 Λ with domains 𝛬1, 𝛬2,. . . , 𝛬𝑛, a
hyperparameter space, Λ, can be obtained by taking cross-products
of hyperparameters. Provided that there is a structured Λ space, the
hyperparameter optimisation can be expressed as:

𝜽∗ ∈ argmin
𝜽∈𝜦

1
𝑘

𝑘
∑

𝑖=1

(

A𝑘,train,validation
)

(6)

where, 
(

A𝑘,train,validation
)

is the loss attained by 𝐴 whilst trained
on train and assessed on validation.

The details of the optimisation procedure for the chosen ML model
8

is discussed in Section 3.2.
3. Results and discussion

3.1. ML algorithm selection

Table 4 lists the ML models together with their performance in
predicting LBV values of the test datasets of both experimental and
hybrid models. Generally, the model with the highest value of R2 and
the lowest MAE, and RMSE values is considered the best ML model. It
was found that the GPR-Matern 5/2 model exhibits the smallest values
of RMSE and MAE among all models, meanwhile, it also has the highest
value of R2, indicating this method can well capture the LBV of the
test dataset. Overall, GPR and NN models performed well, achieving
R2 > 99% value, and could be further optimised (fine tuning) based on
hyperparameters. Additionally, ML model is at least 9500 times faster
(up to 27 000 times) in calculation time than the 1D simulations with
the Gotama mechanism.
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Fig. 7. Predicted LBV values versus true values from experiments and 1D simulations for training and test datasets.
Fig. 8. Optimisation process of the chosen GPR-Matern 5/2 ML model.
9

Fig. 7 demonstrates a comparison of the model performances for
both training and test datasets. It can be seen that the GPR-Matern 5/2
model (Fig. 7(a)) shows a good predictive capability as the predictions
are concentrated along the perfect prediction line (y = x). It is also seen
that the NN-Wide model (Fig. 7(b)) performs almost as good as the
GPR-Matern 5/2 model. Finally, it is seen that even the best LR model
(Fig. 7(f)) performs poorly and, therefore, should not be the primary
choice of algorithm for complex, multi-variable problems such as LBV
prediction.

Certain advantages of GPRs and NNs over other algorithms played
an important role in the accuracy of the predictions. GPRs have the
advantage of learning from small datasets and offer uncertainty estima-
tion if required. NNs, as the second-best model, have the ability to learn
complex relationships, handle large and noisy datasets, and generalise
well to unseen data.
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Fig. 9. Comparison of optimised ML model predictions with the experimental data (a) NH3/air mixture at NTP. (b) Stoichiometric NH3/H2/air mixture at NTP.
Fig. 10. Comparison of optimised ML model (GPR) predictions with the experimental data for NH3/H2/air mixtures (a) under NTP conditions and 𝑋H2
= 0.4 [11,13,43–46] (b)

𝑖 = 3 atm and 𝑇𝑖 = 473 K [12].
a
r

m

w

.2. Optimised ML model evaluation

The hyperparameters of GPR ML model that are chosen to be
ptimised are the basis function (Zero, Constant, and Linear), kernel
unction, and kernel scale. Bayesian optimisation is chosen as the
ptimiser. Fig. 8 shows the optimisation process of the GPR ML model
ased on the minimum mean-square error (MSE) of the model. The
stimated minimum MSE is based on the upper confidence interval
f the current MSE objective model whereas the observed minimum
SE is the computed value. The best point hyperparameters are the

oint that minimises an upper confidence interval of the MSE objective
odel. Minimum error hyperparameters correspond to the hyperpa-

ameters that result in the observed minimum MSE [74]. It can be
een that the model reaches the minimum MSE in 9 iterations and best
oint hyperparameters in 12 iterations and does not further improve.
he optimisation process took 13.67 h on an 8-core 11th Gen Intel(R)
ore(TM) i7-11800H 2.30 GHz and 16 GB RAM system. The final
esults showed that the optimised ML model achieves RMSE (cm/s)

5.36, R2 = 0.999, MAE (cm/s) = 1.80 and a prediction speed of
pproximately 12 000 observations per second.

The chosen model is further evaluated with new data to assess
ts prediction capabilities at various conditions. Fig. 9 shows the
redictions of optimised ML model for pure NH3/air mixtures and
H3/H2/air mixtures with increasing 𝑋H2

. It is observed (Fig. 9(a)) that
or pure NH3/air mixture, optimised ML model predicts LBV well for
ean and stoichiometric conditions while tends to overpredict for rich
onditions (except Mei et al. [34]). It is seen in Fig. 9(b) that optimised
L model captures the 𝑋 dependency profile of LBV very well with
10

H2
slight underprediction (𝜖 ≈ 2.5%). It must be mentioned that the
elative errors depend on the choice of the experimental dataset.

Fig. 10(a) shows the equivalence ratio dependency of optimised ML
odel at NTP and 𝑋H2

= 0.4. This condition is intentionally chosen
to compare the model to various experimental datasets. It is seen
that the LBV profile is well captured for a wide range of equivalence
ratios. Fig. 10(b) demonstrates LBV predictions for a relatively high
temperature and moderate pressure condition (𝑃𝑖 = 3 atm and 𝑇𝑖 = 473
K) where 𝑋H2

is gradually increased. It is seen that the model performs
ell for these conditions and responds well to 𝑋H2

changes.

3.3. Dataset size sensitivity analysis

The problem with ML is that the performance of trained models is
highly dependent on the size of the dataset used. Fig. 11 shows the
ensemble-averaged relative error (𝜖(%)) profile with respect to training
dataset size (𝑁𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔) to evaluate the sensitivity of current training
architectures to the number of data points used in the training process.
Here, 𝑥 is the experimental dataset size (1178 points) and the first 𝜖
shows the experimental data-based model error. It is seen that 𝜖 follows
almost an exponentially decreasing path. The threshold, 𝜖 < 3%, is
reached at a training dataset size of 5x and then 𝜖 comes close to an
asymptotic value of 2.5%.

4. Conclusion

In this work, an ML model was developed to predict LBV of

NH3/H2/air mixtures for a wide range of conditions. Experimental LBV
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Fig. 11. Ensemble averaged relative error (𝜖(%)) as a function of training dataset size
𝑁𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔) for GPR Matern 5/2 algorithm.

ata were collected from the literature, processed, and normalised for
L training. Additionally, a synthetic data generation method using 1D

remixed flame simulations was employed to generate additional LBV
ata points where there was a scarcity of experimental data. The new
raining dataset was integrated with the original experimental dataset
sing a hybrid approach, and the model was re-trained using 24 ML
lgorithms. From this study, the following conclusions can be drawn:

• Gotama mechanism outperforms Zhang, Han and Stagni mecha-
nisms in prediction accuracy of LBVs for NH3/H2/air mixtures.

• The predictive capabilities of experimental data-based models can
be increased via hybrid ML models using physics-based synthetic
data.

• GPR and NN algorithms perform reasonably well (R2 > 99%) in
predicting LBV.

• The generalisation capability of the ML model can be improved
by preventing overfitting using k-fold cross-validation and testing
model accuracy with unseen data.

• Machine learning-based predictive models speed up the LBV cal-
culation time by at least 9500 times and up to 27 000 times.

Given these conclusions, the ML models are seen as promising al-
ernatives to time-consuming experimental measurements or numerical
alculations of LBVs. For future work, the extrapolation ability of the
odel to higher pressures and temperatures is going to be studied.
dditionally, the final optimised ML model is going to be integrated

nto an open-source CFD code to speed up the combustion modelling.
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