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Abstract

Ammonia is a carbon-free hydrogen carrier, but its low reactivity requires blending with 
hydrogen, and computational fluid dynamics of such flames needs accurate and efficient 
models for the laminar burning velocity. Detailed chemical kinetics is too expensive for 
large-eddy simulation and design optimisation, while algebraic correlations are valid only 
in narrow ranges of composition, pressure, and temperature. The novelty of this work 
is a complete and reproducible workflow in which an artificial neural network, trained 
exclusively on published measurements, is deployed as a run-time selectable laminar flame 
speed model for ammonia–hydrogen–air mixtures in the open-source code OpenFOAM, 
including a safeguard against extrapolation beyond the training data. The network has 
two hidden layers with 25 and 10 neurons and uses the hyperbolic tangent as activation 
function. It was trained on 1445 published measurements covering hydrogen fractions of 0–1, 
equivalence ratios of 0.5–1.8, pressures of 1–10 bar, and temperatures of 295–500 K. After the 
exclusion of four implausible data points, it reaches a coefficient of determination of 0.989 
and a root-mean-square error of 10.3 cm/s, which is close to the scatter between different 
experiments. Coupled with the Weller flame-wrinkling model, the surrogate reproduces 
the prescribed burning velocity in a one-dimensional test case, responds consistently to 
local stoichiometry, pressure, and temperature in a two-dimensional stratified case, and 
runs stably in a three-dimensional engine case. In the engine case, the network and a lookup 
table give nearly identical results, whereas the Gülder correlation predicts faster combustion 
and an about 10% higher peak pressure; compared with the correlation, the table increases 
the total computing time by about 15% and the network by about 30%. Neural networks 
are therefore recommended when no validated chemical mechanism is available and the 
burning velocity must be derived from measurements, while lookup tables, generated from 
such a network or from a mechanism, are preferable when computing time is critical. The 
workflow can be transferred to other fuels and to further output quantities such as nitrogen 
oxide emissions.

Keywords: ammonia–hydrogen blends; laminar burning velocity; machine learning; 
artificial neural network; computational fluid dynamics

1. Introduction
The defossilisation of the energy sector requires carbon-free energy carriers that can be 

produced where renewable electricity is abundant and transported to where energy is used. 
Hydrogen produced by electrolysis has a very high gravimetric energy density, but its low 
volumetric energy density makes storage and transport difficult [1,2]. Liquid hydrogen 
must be cooled below its boiling point of about −253 °C (20 K). Current liquefaction plants 
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consume more than 10 kWh per kg of hydrogen, which corresponds to about 30% of its 
heating value, compared with 5–10% for liquefied natural gas and a theoretical minimum 
of about 2.7 kWh/kg [3]. In addition, the heat released by the ortho–para conversion of 
hydrogen exceeds its latent heat, so that boil-off losses can reach 18% within one day if 
the conversion is not completed during liquefaction [3]. Chemical conversion offers an 
alternative. Ammonia (NH3 ) boils at −33.4 °C at atmospheric pressure and condenses at 
about 1 MPa at room temperature, and the volumetric energy density of liquid ammonia 
exceeds that of liquid hydrogen by about 45% [1,4]. Ammonia can rely on decades of 
experience and existing infrastructure for production, transport, and storage [1,2]. It is 
stored and transported in liquid form and can either be decomposed catalytically to recover 
hydrogen, in which case residual ammonia must be separated from the product gas, for 
example by supersonic separation [5], used as a chemical feedstock, or burned directly as a 
carbon-free fuel.

As a fuel, however, ammonia has unfavourable combustion properties. Its laminar 
burning velocity (LBV) peaks at only about 7 cm/s near an equivalence ratio of 1.1, compared 
with about 36 cm/s for methane, and is less than one-fortieth of that of hydrogen [4]. Its high 
ignition temperature leads to long ignition delay times, and its fuel-bound nitrogen leads 
to nitrogen oxide (NOx ) emissions [1,2]. Pure hydrogen shows the opposite behaviour: 
its very high reactivity and burning velocity increase the risk of flashback and premature 
ignition, and its high flame temperature promotes thermal NOx  formation [6]. Blending 
the two fuels combines their advantages. Adding hydrogen to ammonia, for example when 
produced on site by partial cracking of ammonia, increases the reactivity and the LBV 
substantially and shortens the ignition delay [7,8]; therefore, ammonia–hydrogen blends 
are considered for gas turbines and internal combustion engines [2,8].

The same reasoning applies to blends of hydrogen with methane. In a non-premixed 
combustor, enriching methane with hydrogen reduced the outlet CO2  and CO concen-
trations, which vanish for pure hydrogen, but the peak NO mole fraction doubled from 
about 3000 ppm for pure methane to about 6000 ppm for pure hydrogen [6]. Ammonia–
hydrogen blends avoid carbon oxides completely, but fuel-bound nitrogen increases NOx , 
and incomplete combustion can emit unburned ammonia and nitrous oxide (N2 O), a 
strong greenhouse gas [1,2]. These emissions depend strongly on the equivalence ratio, 
which motivates staged rich–lean combustion concepts [1,2]. Regarding infrastructure, 
hydrogen–methane blends can be used in existing natural gas systems without extensive 
modifications, although blends with more than about 70% hydrogen may require redesigned 
injectors [6]. Ammonia–hydrogen blends require adapted burners and engines, whose 
design depends on reliable predictions of flame propagation over a wide range of blend 
ratios and operating conditions.

Combustion behaviour can be described either by detailed reaction mechanisms or 
by global parameters such as the ignition delay time and the LBV. Both parameters can be 
measured, although the results depend slightly on the experimental method [9]; alterna-
tively, they can be computed from a known mechanism with one-dimensional (1D) flame 
simulations. In computational fluid dynamics (CFD) of premixed combustion, the LBV 
is a key input to turbulent flame speed closures. Solving detailed kinetics in every cell is 
prohibitive for large-eddy simulation (LES) and design optimisation, so simplified models 
are used instead. Algebraic correlations for NH3 /H2  mixtures exist [10,11], but they are 
valid only within the ranges of pressure, temperature, and composition for which they were 
fitted, while kinetics-based lookup tables are memory- and computation-intensive.

Machine learning (ML) offers a fast surrogate for such properties [12,13]. Early studies 
applied artificial neural networks (ANNs) to the LBV of hydrogen-enriched natural gas, 
hydrogen, and propane [14,15], and comparisons of H2 /CH4 /air showed ANN accuracy 
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close to a detailed mechanism at much lower cost [16]. Shahpouri et al. [17] trained ANN 
and support vector machine models on simulated LBV data for H2 , CH3 OH, and NH3  blends. 
For NH3 /H2 /air, Üstün et al. [18] compiled 1178 experimental points, added 5890 synthetic 
points from 1D simulations, and found Gaussian process regression (GPR) and ANN to 
be the best of 24 algorithms, with R2  = 0.999 and a speed-up of 9500–27,000 compared 
with 1D simulations. Yue et al. [19] reached R2  > 0.99 with a composite deep network 
trained on 487 experimental points that remained after removing 66 outliers, and Üstün 
et al. [20] extended the approach to ternary NH3 /H2 /CH4  blends. Rao et al. [21] combined 
a refined reaction mechanism with ML correction models for NH3 /H2  mixtures. Using 
only experimental data, Klepp et al. [22] showed that GPR remains reliable down to about 
100 training points, whereas ANN tends to overfit when data are scarce.

The integration of such models into CFD is far less developed. Ambrutis and Povi-
laitis [23] reported that a deep neural network (DNN) for the LBV of H2 /air with four hidden 
layers was about 40 times slower than the Malet correlation; after reducing it to 7/10/7/5 
neurons, they implemented it in the OpenFOAM 7 -based solver flameFoam without a 
significant increase in computing time. The DeepFlame platform [24,25] couples Open-
FOAM, Cantera, and PyTorch to replace the integration of chemical source terms with 
neural networks and reports speed-ups of one to two orders of magnitude. Compared 
with lookup tables, neural networks are usually not faster but need far less memory, which 
becomes decisive when tables have more than three or four dimensions [26–28]. Üstün 
et al. [18] named the coupling of their NH3 /H2  model to an open-source CFD code as future 
work, but no such implementation has been reported for ammonia–hydrogen mixtures.

The state of the art can therefore be summarised as follows: accurate ML models 
for the LBV of NH3 /H2  mixtures exist, but they are evaluated offline, and the only CFD 
implementation of an ML-based LBV model is restricted to H2 /air. The main goal of this 
work is to close this gap and to show how a measurement-based ML surrogate for the 
LBV of NH3 /H2 /air mixtures can be deployed in a standard CFD combustion model with 
little effort and without external libraries. The contributions are threefold: (i) an ANN 
trained exclusively on experimental data with physically motivated input variables, whose 
accuracy and data coverage are analysed by sub-range; (ii) its deployment as plain C code in 
a run-time selectable laminar flame speed model in OpenFOAM, including a guard against 
extrapolation beyond the training range; and (iii) its verification in 1D, 2D, and 3D test cases, 
including a grid independence study, a check against the network prediction, a quantitative 
comparison with the built-in Gülder correlation and a lookup table, and a comparison 
of computing times, from which recommendations for the choice of the burning velocity 
model are derived.

Section 2 describes the workflow, the data, the ML model, the premixed combustion 
model, the implementation, and the numerical setup. Section 3 presents the results of the 
ML model and the test cases, Section 4 discusses the approach and its limitations, and 
Section 5 presents the conclusions.

2. Materials and Methods
2.1. Overall Framework

The workflow consists of five steps (Figure 1): (1) compiling published LBV measure-
ments and defining physically motivated input variables; (2) training and cross-validating 
an ANN surrogate; (3) exporting the trained network as plain C code; (4) implementing 
this code as a laminar flame speed model in the premixed combustion solver of OpenFOAM; 
and (5) verifying the implementation in test cases of increasing complexity. Steps 1–3 were 
carried out in MATLAB [29], and steps 4 and 5 in OpenFOAM [30].
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Figure 1. Workflow of this study: from published measurements of the laminar burning velocity to a 
neural network surrogate that is deployed as C code in the OpenFOAM premixed combustion model 
and verified in 1D, 2D, and 3D test cases.

2.2. Experimental Data and Input Variables
The training data are 1445 published LBV measurements for NH3 /air, H2 /air, and 

NH3 /H2 /air mixtures, compiled from the literature in our previous work [22], which builds 
on the compilation of Üstün et al. [18]. Four implausible data points were excluded from 
the evaluation in Section 3.1: one H2 /air point at 6 bar and Φ = 1 with Su  = 531 cm/s, and 
three H2 /air points at 350 K and 1 bar with Su  = 30–44 cm/s, which are inconsistent with 
all other H2 /air data and probably belong to an NH3 /H2  blend. No synthetic data from 
kinetic simulations were added, because the surrogate is meant to represent measured 
flame behaviour and to be independent of the choice of reaction mechanism. The LBV is 
described as a function of four input variables (Table 1). The hydrogen fraction x is the 
volume fraction of H2  in the NH3 /H2  fuel, and the equivalence ratio 𝛷 is the ratio of the 
actual to the stoichiometric fuel–air ratio, with a stoichiometric oxygen demand of 0.75 mol 
O2  per mol NH3  and 0.5 mol O2  per mol H2 . The dependence of the LBV on these variables 
changes strongly with the mixing ratio, and pure H2  and pure NH3  behave very differently.

Table 1. Input and output variables and their ranges in the training dataset.

Variable Symbol Range

Volume fraction of H2  in the fuel x 0–1
Equivalence ratio 𝛷 0.5–1.8

Pressure p 1–10 bar
Unburned gas temperature Tu 295–500 K

Laminar burning velocity (output) Su 0.98–549 cm/s

Measured data are challenging for ML algorithms. The data points are unevenly 
distributed in the parameter space, the values contain measurement errors, and the different 
measurement methods are not fully compatible [9,18]. Figure 2 shows the distribution of 
the data. Half of the measurements (714 of 1441) were taken at 1 bar and at most 300 K, and 
pure NH3  (338 points) and pure H2  (277 points) make up 43% of the data, whereas rich 
mixtures (Φ > 1.4, 102 points, of which 43 at Φ > 1.6), pressures above 5 bar (22 points), 
and hydrogen fractions between 0.6 and 1 (35 points) are sparsely covered. These regions 
are therefore analysed separately in Section 3.1. The choice of input variables is important. 
Physical and chemical insight was incorporated by using the hydrogen fraction of the fuel 
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and the equivalence ratio instead of the molar fractions of NH3 , H2 , O2 , and N2 . Because 
the LBV spans more than two orders of magnitude, its natural logarithm was used as the 
training target, and all inputs were scaled to the interval [0, 1] using the minimum and 
maximum of the training data, as in [18]. 

Figure 2. Distribution of the 1441 data points in the input space: (a) hydrogen fraction versus 
equivalence ratio, (b) pressure versus unburned gas temperature. Marker size indicates the number 
of data points at the same conditions, and colour the median measured laminar burning velocity.

2.3. Neural Network Architecture and Training
Several ML methods were tested, with GPR and ANN performing best, in agreement 

with [18,22]. For deployment in CFD, the ANN was chosen: its prediction requires only a 
fixed number of multiplications and additions, whereas a GPR prediction scales with the 
number of training points. The network is a fully connected feedforward network with 
four inputs, two hidden layers with 25 and 10 neurons, and one output (Table 2). With the 
vector of scaled inputs û, the prediction reads

ln 𝑆𝑢 = w𝑇
3 𝜎(W2 𝜎(W1û + c1) + c2) + 𝑐3, 𝜎(𝑧) = tanh(𝑧), (1)

where W1  (25 × 4), W2  (10 × 25), and w3  (10 × 1) are the weight matrices; c1 , c2 , and c3 
are the bias vectors; and σ is the hyperbolic tangent activation function. The network has 
396 trainable parameters. The hyperbolic tangent yields a smooth, continuously differen-
tiable dependence of Su  on the inputs, which avoids kinks in the burning velocity field of 
the CFD simulation, and the logarithmic output guarantees positive burning velocities.

Table 2. Settings of the neural network and its training.

Item Setting

Inputs x, 𝛷, p, Tu , scaled to [0, 1]
Output ln Su 

Hidden layers 2, with 25 and 10 neurons
Activation function Hyperbolic tangent (hidden layers), linear (output)

Trainable parameters 396
Training algorithm L-BFGS (MATLAB fitrnet)

Loss function Mean squared error of ln Su , no regularisation
Stopping criterion 1000 iterations or tolerance 10−6  on loss, gradient, and step

Validation Five-fold cross-validation
Software MATLAB R2025b, Statistics and Machine Learning Toolbox
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The network was trained with the MATLAB function fitrnet [29] with hyperbolic 
tangent activation, which minimises the mean squared error of ln Su  with the limited-
memory Broyden–Fletcher–Goldfarb–Shanno (L-BFGS) algorithm [31], without regulari-
sation. Training stopped after at most 1000 iterations or when the relative change in the 
loss, the gradient, or the step fell below 10−6 . The architecture was selected by varying the 
number of layers (1–3) and neurons per layer (5–50) and choosing the smallest network 
whose cross-validated error was within 8% of the best one. Performance was assessed by 
five-fold cross-validation: the data were randomly divided into five folds, each fold was 
predicted by a network trained on the other four, and the accuracy was evaluated using the 
coefficient of determination and the root-mean-square error.

𝑅2 = 1 −
∑𝑁

𝑖=1(𝑆𝑢,𝑖 − ˆ𝑆𝑢,𝑖)
2

∑𝑁
𝑖=1(𝑆𝑢,𝑖 − ¯𝑆𝑢)2 , (2)

RMSE = √ 1
𝑁 ∑

𝑁

𝑖=1
(𝑆𝑢,𝑖 − ˆ𝑆𝑢,𝑖)

2
, (3)

where Su,i  is the measured and Ŝu,i  the predicted value of data point i; 𝑆u  is the mean of the 
measurements; and N is the number of data points. Both metrics are evaluated for Su  in 
cm/s, i.e., after back-transformation from the logarithm. The four implausible data points 
described in Section 2.2 were excluded from the evaluation. The final network used in CFD 
was trained on all data with the selected settings.

2.4. Premixed Combustion Model and Governing Equations
Premixed turbulent combustion is described by the flame-wrinkling model of Weller 

et al. [32], as implemented in the XiFluid solver module of OpenFOAM 13 [30]. The solver 
integrates the Favre-averaged conservation equations of mass and momentum,

𝜕𝜌
𝜕𝑡 + ∇ ⋅ (𝜌U) = 0, (4)

𝜕(𝜌U)
𝜕𝑡 + ∇ ⋅ (𝜌UU) = −∇𝑝 + ∇ ⋅ 𝛕eff, (5)

where 𝜌 is the density, U is the velocity field, p is the pressure, and 𝝉eff  is the effective stress 
tensor, including the turbulent stresses from the turbulence model. Energy is described 
by transport equations for the total enthalpy and for the enthalpy of the unburned gas, 
from which the burned and unburned gas temperatures are obtained [30]. The flame 
position is tracked by the regress variable b (b = 1 unburned, b = 0 burned), which obeys 
the transport equation

𝜕(ρb)
𝜕𝑡 + ∇ ⋅ (𝜌U𝑏) − ∇ ⋅ (𝜌𝐷𝑡∇𝑏) = −𝜌𝑢𝑆𝑢Ξ|∇𝑏|, (6)

where 𝜌u  is the density of the unburned gas, Dt  is the turbulent diffusivity, and Su  is the 
laminar burning velocity of the unburned gas. The interaction between turbulence and the 
flame front is represented by the flame-wrinkling factor Ξ, which is defined as the ratio of 
the turbulent to the laminar burning velocity,

St  = Ξ Su . (7)

In the transport model used here, Ξ obeys, in simplified form, the equation

𝜕Ξ
𝜕𝑡 + Û𝑠 ⋅ ∇Ξ = 𝐺 Ξ − 𝑅 (Ξ − 1), (8)
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where Ûs  is the velocity of the flame surface, and the generation rate G and the removal 
rate R are chosen so that Ξ relaxes towards the equilibrium value [32,33]

Ξeq = 1 + 0.62√ 𝑢′

𝑆𝑢
𝑅𝜂, (9)

where u′ is the turbulence intensity and Rη  the Kolmogorov–Reynolds number.
The LBV thus enters both the source term of the b equation and the closure for Ξ, 

and it must be evaluated in every cell and time step from the local hydrogen fraction, 
equivalence ratio, pressure, and unburned gas temperature. OpenFOAM offers a constant 
value or algebraic correlations depending on stoichiometry, pressure, and temperature, 
such as the Gülder correlation [34]; alternatively, tables can be computed from chemical 
kinetics. Correlations are inaccurate outside their calibration range, especially for NH3 /H2 
blends [10,11], and kinetics-based tables are computationally expensive to generate and 
to interpolate in several dimensions. An ML model evaluated directly in the solver is an 
efficient alternative.

2.5. Implementation in OpenFOAM
The trained network was exported as a single C function containing the input scaling, 

the weights and biases of both hidden layers as constant arrays, the hyperbolic tangent 
activations, and the back-transformation of the output. This function has no dependencies 
beyond the C standard library. In OpenFOAM 13, it was wrapped in a new class derived 
from the abstract base class laminarFlameSpeed, which also underlies the built-in con-
stant, Gülder, and Ravi–Petersen models. The class is registered in the run-time selection 
table, compiled with wmake into a shared library, and loaded through the libs entry of 
the controlDict file. It is selected in the combustionProperties dictionary with the entry 
laminarFlameSpeedCorrelation ANN, so that the solver itself is not modified. For every 
call, the model receives the cell fields of pressure and unburned gas temperature from the 
thermophysical model and the equivalence ratio, either as a constant for homogeneous 
mixtures or computed cell-wise from the fuel mass fraction for inhomogeneous mixtures. It 
loops over all cells and boundary faces and returns the field of Su .

The hydrogen fraction x is a run-time parameter of the model in the present version 
and is constant in space and time. Because the network was trained on the full range of x, 
any blend from pure NH3  to pure H2  can be selected for a simulation without retraining. 
A spatially and temporally varying hydrogen fraction requires an additional transport 
equation, which is discussed in Section 4. The model is therefore applicable only to mixtures 
with a uniform NH3 /H2  ratio, in which the equivalence ratio may vary, but not to separate 
injection of the two fuels, in situ cracking, or strong preferential diffusion of H2 . Because 
𝜕ln Su /𝜕x ≈ 3.4–4.3 (Φ = 1, x = 0.3–0.95), a local deviation of x by ±0.03 already changes 
Su  by 10%, i.e., by the scatter of the measurements.

To prevent uncontrolled extrapolation, all inputs are limited to the range of the training 
data before they are passed to the network (superscript *). Above the upper limits of 
temperature and pressure, the burning velocity at the limit is extrapolated with a power law,

𝑆𝑢 = 𝑆𝑢,ANN(𝑥∗, Φ∗, 𝑝∗, 𝑇∗
𝑢)(

𝑇𝑢
𝑇∗

𝑢
)

𝛼𝑇

(
𝑝
𝑝∗ )

𝛼𝑝

, (10)

where the exponents are the local logarithmic slopes of the network at the respective limit, 
𝛼T  = 𝜕ln Su /𝜕ln Tu  at Tu  = Tu,max  and αp  = 𝜕ln Su /𝜕ln p at p = pmax , evaluated for the current 
x and Φ. This choice makes the extrapolation continuous at the boundary and consistent 
with the trend of the data. For orientation, kinetic simulations for x = 0.6 and Φ = 1 at 300 K 
imply αp ≈ −0.37 between 1 and 5 bar [35], and the Gülder correlation uses temperature 
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exponents of 1.56–2.0 and pressure exponents of −0.5 to −0.2 for hydrocarbon fuels [34]. 
Below the lower limits and for x and Φ, the inputs are clipped. The number of cells outside 
the training range is counted and written to the log file in every time step, so that the user 
can judge whether a simulation relies on extrapolated values.

Because the network is small, one evaluation requires about 400 multiply–add opera-
tions and 35 evaluations of the hyperbolic tangent, whose cost is quantified in Section 3.5.

For comparison, two alternative burning velocity models were used in the same solver. 
The first is the Gülder correlation built into OpenFOAM [34], Su  = W Φη  exp[−ξ (Φ −
1.075)2 ] (Tu /T0 )α  (p/p0 )β , with T0  = 300 K and p0  = 1 bar, whose coefficients W, η, ξ, α, 
and β were fitted to the measurements for the selected hydrogen fraction. The second is 
a lookup table of Su  over equivalence ratio, pressure, and unburned gas temperature for 
the selected hydrogen fraction, which was generated from the trained network on a grid of
27 × 42 × 19 points (𝛷, Tu , p) and is interpolated trilinearly.

2.6. Test Cases and Numerical Setup
The implementation was verified with three test cases of increasing complexity

(Table 3). The 1D case is a straight channel of 50 mm length with a uniform premixed 
mixture, ignited at the inlet (Table 3), which checks the implementation directly because 
the burning velocity and the wrinkling factor are uniform, so that the flame propagates at 
Ξ Su  relative to the unburned gas. The 2D case is a rectangular domain of 70 mm × 35 mm 
bounded by symmetry planes, i.e., one quarter of a closed vessel, with a stratified mixture, 
richer in the lower half, and ignition in the lower left corner, which checks the response 
to local equivalence ratio, pressure, and temperature. It is based on the XiFluid tutorial 
moriyoshiHomogeneous [36]. The 3D case is the KIVA test engine of the XiFluid tutori-
als [36], with a homogeneous premixed charge, which demonstrates the use in a transient 
application with a moving mesh. The grid has 27,544 active cells and a compression ratio 
of 8.85, which we computed from the cell volumes at bottom dead centre (631 cm3 ) and 
the displacement (560 cm3 ). Instead of the tutorial values (1 bar, 373 K), the initial state 
was set to 0.6 bar and 300 K, representing throttled part load, so that the cylinder pressure 
remains within the pressure range of the training data until ignition.

Table 3. Numerical setup of the test cases.

1D 2D 3D

Solver XiFluid XiFluid XiFluid

Domain L = 50 mm 70 mm × 35 mm
Bore 92 mm, stroke 84.23 mm, 

connecting rod 147 mm, compression 
ratio 8.85, 1500 rpm

Cells (base grid) 200 (0.25 mm) 70 × 35 (1 mm) 27,544
Mixture x = 0.4, 𝛷 = 1 x = 0.95, 𝛷 stratified x = 0.3, 𝛷 = 1

Initial state p = 1 bar, T = 300 K, 
U = 1.5 m/s

p = 1.18 bar, T = 300 K, 
U = 0 

p = 0.6 bar, T = 300 K at −180 °CA 
(throttled part load)

Boundaries Walls/inlet/outlet Symmetry planes Walls, moving piston
Turbulence Laminar Launder–Sharma k–ε RAS k–ε (k = 4 m2 /s2 , ε = 450 m2 /s3 )

Ignition Inlet, t = 0 Corner, 3 mm, 3 ms −15 °CA, 20 °CA, 2 mm
Time step 10 μs (end 200 ms) 5 μs (end 5 ms) 0.25 °CA; 0.025 °CA after −15 °CA

Following the OpenFOAM tutorials [36], the regress variable and the mixture fraction 
were convected with the bounded limitedLinear01 scheme, the enthalpies with the limited-
Linear scheme, and, in the 3D case, velocity and turbulence quantities with the upwind 
scheme; diffusive terms used central differencing with limited non-orthogonal correction, 
and time was discretised with the implicit Euler scheme. Pressure–velocity coupling used 
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the PIMPLE algorithm with two pressure correctors. In every corrector, the linear systems 
were solved to an absolute tolerance of 10−6  for pressure and 10−5  for all other variables, 
without relative tolerance in the final corrector. Grid independence was assessed for the 1D 
and 2D cases with three successively refined grids (Section 3.2).

3. Results
3.1. Accuracy of the Neural Network

The network reaches R2  = 0.989 and RMSE = 10.3 cm/s on the 1441 data points, with 
a mean absolute error of 4.6 cm/s and a mean relative error of 8.4% (Figure 3). Most 
predictions lie within ±20% of the measurements. Table 4 breaks the error down by sub-
range. In absolute terms, the error is largest for pure H2  (RMSE = 22.8 cm/s), where the 
burning velocity is highest; in relative terms, it is largest for lean mixtures with 𝛷 < 0.8 
(16.7%). At elevated pressure and temperature, the errors are small despite the sparse data 
(7.2% for p > 1 bar and 5.9% for Tu  > 400 K). To quantify the scatter between experiments, 
the 676 data points that were measured at the same conditions as at least one other point 
were analysed. Their pooled standard deviation is 13.1 cm/s, or 6.8% on average. Even 
the mean of the measurements at each condition, which is the best possible deterministic 
prediction, has an RMSE of 11.1 cm/s for these points, compared with 13.1 cm/s for the 
network. The error of the network is therefore close to the scatter of the data. For comparison, 
GPR trained and evaluated on the same folds reached R2  = 0.988 and RMSE = 10.7 cm/s. 
On a similar experimental dataset of 1178 points, Üstün et al. [18] reported R2  = 0.976–0.988 
and RMSE = 10.9–12.0 cm/s for neural networks and R2  = 0.983 and RMSE = 11.4 cm/s for 
GPR, evaluated on a fixed test subset. 

Figure 3. Predicted versus measured laminar burning velocity of the ANN for the 1441 data points 
on (a) linear and (b) logarithmic axes. Colour indicates the hydrogen fraction, and the dashed lines 
mark deviations of ±20%.

The high absolute RMSE for pure H2  is not caused by a systematic bias of the network. 
Its relative error (8.4%) equals that of the other sub-ranges, and grouped by the predicted 
value, the mean deviation lies between −4.0% and +1.1% in all classes above 50 cm/s. 
The apparent underprediction of the highest measured values (−6% for 300–400 cm/s) is 
a regression-to-the-mean effect of the scatter: at 1 bar and 298 K, single measurements 
at Φ = 1.4–1.8 range from 252 to 354 cm/s, while the network reproduces the means at 
each condition within −3.4% to +5.6%. For the 149 pure-H2  points measured at repeated 
conditions, even these condition means have an RMSE of 23.4 cm/s, compared with 27.6 cm/s 
for the network.
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Table 4. Error of the neural network with respect to the measurements by sub-range of the data.

Sub-Range Data Points R2 RMSE (cm/s) Mean Relative Error (%)

All data 1441 0.989 10.3 8.4
x = 0 (pure NH3 ) 338 0.976 0.56 7.9

0 < x ≤ 0.6 791 0.983 3.0 8.6
0.6 < x < 1 35 0.954 8.6 8.1

x = 1 (pure H2 ) 277 0.948 22.8 8.4
𝛷 < 0.8 135 0.969 8.5 16.7
𝛷 > 1.4 102 0.985 18.2 5.6

p > 1 bar 382 0.996 7.0 7.2
p > 5 bar 22 0.999 2.3 9.7

Tu  > 400 K 224 0.997 6.3 5.9

To quantify the prediction uncertainty, ten replicas of the network (same architecture 
and scaling, RMSE = 10.0–10.3 cm/s) were retrained from different initial weights in 
Python 3.13 (scikit-learn 1.9.1), and ten networks per cross-validation fold were trained 
on bootstrap samples. Combined with the scatter of repeated measurements (standard 
deviation of ln Su  of 0.09–0.17, depending on Φ), the bootstrap spread gives a 95% prediction 
interval that contained 91–100% of the held-out measurements in all sub-ranges in Table 4. 
Where data are dense, the interval spans a factor of about 1.25 (1.46 for 𝛷 < 0.8). In the 
sparse sub-ranges, it widens to a factor of 1.6 for p > 5 bar and to a factor of 2.3–3.4 for 
p = 5–10 bar combined with x > 0.6 or 𝛷 > 1.4 (14–37 data points, nearly all at 5 bar), where 
equally accurate replicas differ by 22–24%. Predictions in these sub-ranges are therefore 
estimates with an uncertainty of a factor of two or more.

3.2. One-Dimensional Flame Propagation and Grid Independence
The 1D case verifies the programming and implementation. A premixed mixture at 

uniform composition, pressure, and temperature is ignited at one end of a straight channel, 
so the LBV is constant throughout the domain (Figure 4). The propagation speed of the 
flame front, determined from the motion of the b = 0.5 isoline relative to the unburned gas, 
therefore corresponds to the value returned by the network multiplied by the wrinkling 
factor Ξ, i.e., 150 cm/s. On the medium grid, the computed propagation speed is 143.5 cm/s 
(Table 5), 4% below this value. The flame front is smeared over several cells because of the 
spatial discretisation, but its speed remains constant. 

Figure 4. One-dimensional test case: regress variable b (colour scale from 0, blue, burned, to 1, red, 
unburned) during flame propagation at constant laminar burning velocity.

Table 5. Grid independence of the 1D and 2D test cases.

Grid Cells (1D) Propagation Speed (cm/s) Cells (2D) Burnout Time (ms)

Coarse 100 144.0 35 × 18 5.57
Medium 200 143.5 70 × 35 5.33

Fine 400 143.2 140 × 70 5.29
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Table 5 shows the grid independence study. Refining the grid from 100 to 400 cells 
changes the propagation speed by less than 1%. For the 2D case, the burnout time changes 
by less than 1% between the medium and the fine grid.

3.3. Two-Dimensional Stratified Mixture
The 2D case checks the dependence on stoichiometry, temperature, and pressure. The 

closed domain is initialised with a non-uniform fuel–air mixture, with more fuel in the lower 
part than in the upper part (Figure 5). Ignition starts in the lower left corner. As combustion 
proceeds, temperature and pressure rise throughout the domain, so the unburned gas ahead 
of the flame is compressed and heated. Since the network returns a different LBV for each 
local combination of 𝛷, p, and Tu , the flame front progresses unevenly. The flame advances 
faster in the lower zone, whose equivalence ratio is closer to the maximum of the LBV, and 
the local Su  at the flame front rises from 190 cm/s to 430 cm/s as pressure and unburned 
gas temperature increase from 1.2 bar to 7 bar and 300 K to 500 K.

Figure 5. Two-dimensional test case with stratified fuel–air mixture (richer at the bottom); ignition in 
the lower left corner. Colour: regress variable b from 0 (blue, burned) to 1 (red, unburned).

3.4. Three-Dimensional Engine Case
The 3D case is a transient application based on the KIVA test geometry distributed with 

OpenFOAM: a homogeneous premixed fuel–air mixture in the cylinder of a spark-ignition 
engine (Figure 6). During the compression stroke, pressure and temperature increase. At 
a specified piston position the mixture is ignited, and the flame propagates through the 
moving domain. The LBV is evaluated in every cell and time step from the instantaneous 
pressure and unburned gas temperature, which change continuously during compression 
and combustion. Figure 7 compares the cylinder pressure and the burned mass fraction 
obtained with the network and with the Gülder correlation; the lookup table, which was 
generated from the network, gives nearly identical results to the network. The Gülder 
correlation agrees with the network during the early flame development but predicts faster 
combustion in the phase of higher pressure and temperature: the peak pressure is 12.2 bar 
at 62 °CA after top dead centre with the correlation and 11.1 bar at 68 °CA with the network, 
50% of the mass is burned at 49.4 °CA and 53.2 °CA, and the combustion duration (10–90% 
burned) is 34.7 °CA and 36.6 °CA, respectively. This is consistent with the structure of the 
correlation: its temperature and pressure exponents are constant, whereas the network and 
the table reproduce the dependence of these exponents on equivalence ratio and hydrogen 
fraction contained in the data. Because the training data are limited to 500 K and 10 bar, the 
cylinder pressure at ignition is within the training range, but the unburned gas temperature 
locally exceeds 500 K during the late compression stroke and the combustion phase, and the 
pressure exceeds 10 bar during combustion. The burning velocity is therefore obtained from 
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the extrapolation of Equation (10) in 7% of the evaluations during combustion. The 3D 
case thus demonstrates the robustness of the coupling in a moving-mesh engine simulation, 
but not the accuracy of the surrogate at engine conditions, which requires training data at 
higher temperatures. 

Figure 6. Three-dimensional engine test case (KIVA test geometry): regress variable b in the cylinder 
with homogeneous premixed charge (colour scale from 0, blue, burned, to 1, red, unburned).

Figure 7. Three-dimensional engine case: cylinder pressure and burned mass fraction over crank 
angle with the neural network and the Gülder correlation.

The sensitivity to the 7% extrapolated evaluations was assessed offline with the ten 
replicas at end-gas states of the engine case (x = 0.3, Φ = 1). At the boundary of the data 
(10 bar, 500 K), the replicas differ by a factor of 2.4 (16–38 cm/s), because no measurements 
exist for this combination. At 12 bar and 600 K, extrapolation with the local slopes of 
Equation (10) gives 18–96 cm/s, bounded exponents (1.5 ≤ 𝛼T ≤ 2.5, −0.5 ≤ 𝛼p ≤ 0) 
give 22–60 cm/s, and the literature exponents of Section 2.5 (𝛼T  = 1.8, 𝛼p  = −0.37) give 
21–50 cm/s, whereas clipping keeps the boundary value. The burning velocity in the 
extrapolated cells is therefore uncertain by about a factor of two, and bounded exponents 
are recommended.

The use of the unstretched LBV in the Weller model causes two further errors. Flame 
stretch 𝜅 changes the burning velocity approximately to Su − Lb 𝜅, with the Markstein length 
Lb ; this error decreases inversely with the kernel radius and mainly affects the early flame 
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development. Thermodiffusive instabilities increase the flame speed of lean hydrogen-rich 
flames by factors of 1–4, increasingly with decreasing Φ and increasing pressure [37,38]. 
For NH3 /H2  blends, direct numerical simulations give a stretch factor (enhancement of 
the local burning rate) of about 3 for x = 0.81 and Φ = 0.44 but about 1 for x = 0.43 and 
Φ = 0.95, and local shifts in Φ at the flame front by −0.2 to +0.1 [38], which change Su  by 
−30% to +9% according to the network. For the present cases, this error vanishes in the 
planar 1D case, is limited to the kernel phase in the near-stoichiometric 3D case, and is small 
at the near-stoichiometric flame front of the 2D case, but it can dominate for lean mixtures 
with high hydrogen fractions.

3.5. Computing Time
Table 6 compares the three burning velocity models. The Gülder correlation needs the 

least computing time; compared with the correlation, the lookup table increases the total 
computing time by about 15% and the neural network by about 30%. The additional cost of 
the network results from the matrix–vector products and the evaluations of the hyperbolic 
tangent in every cell and time step; nevertheless, the evaluation of the burning velocity 
remains a smaller part of the total cost, which is dominated by the solution of the transport 
and pressure equations.

Table 6. Comparison of the laminar burning velocity models in the OpenFOAM simulations.

Gülder Correlation Lookup Table Neural Network

Inputs 𝛷, p, Tu 𝛷, Tu , p
(27 × 42 × 19)

x, 𝛷, p, Tu 
(4–25–10–1)

Basis Fitted power law Tabulated from the neural 
network Measurements

Dependence of exponents 
on 𝛷 and x No (constant 𝛼, 𝛽) Yes Yes

Relative computing time 1 ≈1.15 ≈1.30
Cost per evaluation 

(isolated) 42 ns 21 ns 920 ns

Cylinder pressure (3D) About 10% higher peak 
pressure, faster combustion

Nearly identical to neural 
network Reference

To separate the cost of the burning velocity submodule from that of the pressure and 
transport equations, the three models were also timed in a stand-alone C benchmark for 
the 27,544 cells of the engine grid (one core, 2.8 GHz). One evaluation takes 42 ns for 
the Gülder correlation, 21 ns for the trilinear table, and 920 ns for the network (1000 ns 
including the input guard), i.e., 1.2, 0.6, and 25–28 ms per evaluation of the field. About 
80% of the network cost is due to the 35 evaluations of the hyperbolic tangent; computing it 
from the exponential function halves the cost without changing the results. Because the 
table alone is cheaper than the correlation, the differences in total computing time also 
contain effects of the solution procedure and of the implementation, not only the cost of 
the submodule.

4. Discussion
The results show that an ML surrogate trained on experimental data can replace 

algebraic correlations or kinetics-based tables for the LBV in a standard CFD combustion 
model with little implementation effort. The workflow, consisting of training in MATLAB, 
export as C source code, and implementation as a run-time selectable model, uses generally 
available tools and does not require coupling a deep learning library to the solver, in contrast 
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to platforms such as DeepFlame [24,25]. It is closest to the approach of Ambrutis and 
Povilaitis [23] for H2 /air. The increments of the present work are the extension to a two-fuel 
system with the blend ratio as an additional input, training exclusively on measurements 
instead of a mixed experimental–synthetic dataset, the guard against extrapolation, and the 
quantitative verification including computing times. The dataset builds on the published 
compilation of [18], which makes the results comparable with the literature.

Accuracy and data. The ANN reached R2  = 0.989 and RMSE = 10.3 cm/s. This is 
comparable to the neural networks of Üstün et al. [18], who reported R2  = 0.976–0.988 
and RMSE = 10.9–12.0 cm/s on 1178 experimental points, although the present network is 
deliberately small (25/10 neurons, 396 parameters), because it is evaluated in every cell and 
time step. Higher values were obtained only after adding 5890 synthetic points from 1D 
simulations (R2  = 0.999 [18]) or after removing 66 of 553 points as outliers (R2  > 0.99 [19]). 
The remaining error is of the order of the scatter between experiments (Section 3.1), which 
sets a lower limit for any model trained on measurements. The largest absolute errors 
occur for pure H2 , where both the burning velocity and the scatter between experiments are 
largest. For many CFD applications, an error of this order is comparable to the uncertainty of 
the turbulent combustion model itself. The GPR model trained on the same folds achieved 
similar accuracy (Section 3.1) and is more robust for small datasets [22], but its prediction 
cost grows with the size of the training set, so the ANN is the better choice for evaluation in 
every cell and time step. Adding data from a validated mechanism would raise R2 , but it 
would also transfer the uncertainties of that mechanism into the surrogate.

Validity range. An ML model is reliable only within the range of its training data. 
Outside this range, the tanh neurons saturate, so that the network tends towards constant 
values and does not reproduce the physical trends, for instance the increase in the burning 
velocity at the high unburned gas temperatures reached late in the compression stroke 
of an engine. The input guard of Section 2.5 makes the behaviour outside the training 
range explicit and controllable, and the logged number of out-of-range cells shows how 
strongly a simulation relies on extrapolation. The 3D engine case shows that this is not an 
academic concern: because the experimental data end at 500 K, 7% of the evaluations during 
combustion had to be extrapolated. Because the data are concentrated near atmospheric 
conditions (Figure 2), the sub-range errors in Table 4 should be consulted before applying 
the model to rich or high-pressure conditions. Augmenting the data with 1D simulations at 
engine-relevant conditions, as in [18], is one remedy.

Model limitations. The Weller model uses the unstretched LBV. Lean hydrogen-rich 
flames are affected by flame stretch and thermodiffusive instabilities, which the present 
closure does not represent. This limitation is shared by all LBV-based closures with a Ξ
equation and is not specific to the ML surrogate. For lean mixtures with high hydrogen 
fractions, the results should therefore be regarded as qualitative. Two extensions are pos-
sible within the same framework: training a second output for the Markstein length, for 
which measurements of NH3 /H2  flames exist, and combining it with Ξ closures that in-
clude Markstein-number effects, which are available in OpenFOAM. Likewise, the constant 
hydrogen fraction restricts the present model to mixtures with a fixed blend ratio, such as 
premixed charges from an upstream cracker or blending unit.

Comparison with correlation and lookup table. The network and the lookup table 
gave nearly identical engine results, while the Gülder correlation predicted faster com-
bustion and an about 10% higher peak pressure. The correlation has two structural dis-
advantages. First, it describes the burning velocity only through the equivalence ratio, 
pressure, and temperature, with fuel-specific coefficients; the composition of the fuel, here 
the hydrogen fraction, and other concentrations such as dilution are not inputs and can only 
be considered by refitting the coefficients. Second, it imposes power laws with constant 
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exponents, whereas measurements of NH3 /H2  flames show that the temperature and pres-
sure sensitivity changes with equivalence ratio and hydrogen fraction [10,11], so that such 
dependencies are captured only approximately. Both the network and the table represent 
these dependencies directly.

Computational cost. Little has been published on the cost of ML-based LBV models 
inside a CFD solver. Ambrutis and Povilaitis [23] found that a large DNN needed about 
45 s for 106  predictions, compared with less than 1 s for the Malet correlation, whereas a 
reduced network showed no significant difference in flameFoam. Lookup tables are usually 
at least as fast as neural networks, because retrieval requires only a few memory accesses 
and an interpolation; in a flamelet application, simulations with unoptimised networks 
were 40–100 times slower than with the table [26]. The present results agree with this 
picture: compared with the correlation, the table increased the total computing time by 
about 15% and the small network by about 30%, while the network is about four orders of 
magnitude faster than 1D kinetic simulations [18]. The advantage of networks over tables 
lies in memory and in the number of inputs, because table size grows exponentially with 
the number of input variables [27,28]. For the three inputs in the present table, memory 
is not limiting, but each additional variable, such as a transported hydrogen fraction or 
dilution, multiplies the table size.

Best practice. From these results, the following recommendations can be derived 
for the choice of the burning velocity model in CFD. If a validated chemical mechanism 
is available, the burning velocity can be computed with 1D simulations and stored in a 
lookup table, which is faster than the network (Table 6). If no validated mechanism is 
available, as is still the case for many NH3 /H2  conditions, a neural network trained on 
measurements is the method of choice, because it represents the measured dependencies 
on all inputs, including the fuel composition, without an assumed functional form. If 
computing time is critical, the trained network can itself be used to generate a lookup 
table, which combines the measurement basis of the network with the speed of tabulation. 
Algebraic correlations remain useful for quick estimates within their calibration range, but 
they do not account for the fuel composition and represent the temperature and pressure 
dependence only approximately.

Outlook. Three extensions follow directly. First, additional transport equations for the 
mixture composition will allow varying NH3 /H2  ratios, for example from partial ammonia 
cracking or stratified injection. Second, the same workflow can predict further output 
variables such as the Markstein length, ignition delay time, or NOx  formation, which is 
critical for ammonia combustion. Third, the method can be transferred to other fuels and 
fuel blends for which measurements exist but reliable mechanisms or correlations do not. 
Uncertainty estimates from GPR or network ensembles could additionally flag predictions 
outside the reliable range and guide new experiments through active learning [22].

5. Conclusions
To the author’s knowledge, this study presents the first implementation of a measurement-

based machine learning surrogate for the laminar burning velocity of ammonia–hydrogen–air 
mixtures in a CFD combustion model. A neural network with two hidden layers of 25 and 
10 neurons and hyperbolic tangent activation, trained on 1445 published measurements 
with the hydrogen fraction and the equivalence ratio as inputs and the logarithm of the 
burning velocity as output, reaches R2  = 0.989 and RMSE = 10.3 cm/s over the full range of 
hydrogen fractions, which is close to the scatter between experiments; the largest absolute 
errors occur for pure H2  and the largest relative errors for lean mixtures. Exported as plain 
C code, the network was implemented as a run-time selectable laminar flame speed model 
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in OpenFOAM with a guard that limits the inputs to the training range and extrapolates 
temperature and pressure effects with a power law.

Coupled with the Weller flame-wrinkling model, the surrogate reproduced the pre-
scribed burning velocity in the 1D case on a grid-independent mesh, responded consistently 
to local stoichiometry, pressure, and temperature in the 2D stratified case, and ran stably in 
the 3D engine case, although 7% of the burning velocity evaluations during combustion 
had to be extrapolated beyond the training range of 500 K and 10 bar. In the engine case, the 
network and a lookup table gave nearly identical results, whereas the Gülder correlation 
predicted faster combustion and an about 10% higher peak pressure, because it does not 
account for the fuel composition and represents the temperature and pressure dependence 
only approximately. Compared with the correlation, the table increased the total computing 
time by about 15% and the network by about 30%. As best practice, neural networks trained 
on measurements are recommended when no validated chemical mechanism is available, 
and lookup tables, generated from such a network or from a mechanism, when computing 
time is critical. The accuracy is limited by the uneven distribution and uncertainty of the 
experimental data, by the training range, and by the use of the unstretched burning velocity, 
which restricts quantitative predictions for lean hydrogen-rich flames. Future work will 
extend the training data to engine-relevant temperatures and pressures, add a transport 
equation for the hydrogen fraction, extend the surrogate to Markstein lengths and NOx 
formation, validate the coupled model against engine and burner experiments, and apply 
the workflow to other fuels.
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Abbreviations
The following symbols and abbreviations are used in this manuscript:

b  Regress variable (1 unburned, 0 burned)
c1 , c2 , c3  Bias vectors and output bias of the network
Dt  Turbulent diffusivity (m2 /s)
G, R  Generation and removal rates of Ξ (1/s)
i  Index of the data point
k  Turbulent kinetic energy (m2 /s2 )
L  Length of the 1D domain (m)
N  Number of data points
p  Pressure (bar)
R2  Coefficient of determination
𝑅η  Kolmogorov–Reynolds number
St  Turbulent burning velocity (m/s)
Su  Laminar burning velocity of the unburned gas (cm/s)
Su,ANN  Laminar burning velocity predicted by the network (cm/s)
Ŝu  Predicted laminar burning velocity (cm/s)

¯𝑆u  Mean of the measured laminar burning velocities (cm/s)
T0 , p0  Reference temperature (300 K) and pressure (1 bar) of the Gülder correlation
Tu  Unburned gas temperature (K)
t  Time (s)
U  Velocity field (m/s)
Ûs  Velocity of the flame surface (m/s)
u′  Turbulence intensity (m/s)
û  Vector of scaled network inputs
W  Coefficient of the Gülder correlation (cm/s)
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W1 , W2 , w3 Weight matrices and output weight vector of the network
x Volume fraction of H2  in the fuel
𝛼T , 𝛼p Temperature and pressure exponents of the extrapolation
𝛼, 𝛽 Temperature and pressure exponents of the Gülder correlation
𝜀 Dissipation rate of turbulent kinetic energy (m2 /s3 )
𝜂, 𝜉 Coefficients of the Gülder correlation
Ξ, Ξeq Flame-wrinkling factor and its equilibrium value
𝜌, 𝜌u Density and density of the unburned gas (kg/m3 )
σ Activation function (hyperbolic tangent)
𝛕eff Effective stress tensor (Pa)
𝛷 Equivalence ratio
* Superscript: input limited to the training range
ANN Artificial neural network
CFD Computational fluid dynamics
DNN Deep neural network
GPR Gaussian process regression
LBV Laminar burning velocity
L-BFGS Limited-memory Broyden–Fletcher–Goldfarb–Shanno algorithm
LES Large-eddy simulation
ML Machine learning
NOx Nitrogen oxides
RAS Reynolds-averaged simulation
RMSE Root-mean-square error
°CA Degree crank angle
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