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Abstract
This mini-review examines the application of artificial neural networks (ANNs) in hydrogen and syngas
production from methane via thermochemical conversion processes, including steam methane reforming,
dry reforming, methane pyrolysis and partial oxidation of methane. These processes involve complex
interactions between thermodynamics, reaction kinetics and transport phenomena. In particular, gaps in the
understanding of reaction kinetics limit the effectiveness of conventional modelling approaches. This review
highlights how ANNs, particularly multilayer perceptron (MLP) and radial basis function (RBF) networks,
provide efficient data-driven alternatives for modelling thermodynamic equilibrium, reaction kinetics, catalyst
deactivation (coking and poisoning) and reactor performance. Reported studies demonstrate that ANNs
can achieve high predictive accuracy, often outperforming simplified empirical models while significantly
reducing computational cost. The influence of key operating variables, such as temperature and feed
composition, is identified as critical for process performance. Recent advances emphasize hybrid approaches
integrating ANNs with first-principles models, computational fluid dynamics, and microkinetic simulations,
including physics-informed and physics-enhanced neural networks. Despite promising results, challenges
remain related to limited datasets and model interpretability.

Keywords
artificial neural networks, methane reforming, methane pyrolysis, hydrogen, syngas

1. INTRODUCTION

Carbon dioxide (CO2) and methane (CH4) are the two major
greenhouse gases (GHGs) emitted by human activities, ac-
counting for approximately 76% and 16% of global emissions,
respectively. Current projections based on existing policies
suggest that net GHG emissions in the European Union could
be reduced by about 47% by 2030 compared with 1990 levels,
while additional planned measures may increase this reduc-
tion to around 54%. Nevertheless, achieving climate neutrality
by 2050 will require further substantial efforts from EU Mem-
ber States (European Environmental Agency, 2025).

Although methane is widely recognized as a major GHG,
it also serves as an important feedstock in chemical and
energy-related applications, largely because of its high hydro-
gen content relative to carbon. In response to the increasing
demand for cleaner and hydrogen-oriented energy technolo-
gies, significant efforts have been directed toward developing
improved methane conversion pathways. Steam methane re-
forming (SMR, Eq. 1) remains the most established industrial
method for syngas generation. However, other processes, in-
cluding dry reforming (DRM), methane pyrolysis (MP), and
partial oxidation (POM), are being increasingly explored as al-
ternative solutions.

CH4 + H2O ˙ CO + 3H2; ∆Hr = 205:9

»
kJ
mol

–
(1)

DRM (Eq. 2) offers an environmentally friendly route by con-
suming CO2 and CH4 to produce an equimolar mixture of H2

and CO, suitable for Fischer-Tropsch synthesis (Taherian et
al., 2017), long-chain hydrocarbons, oxo-alcohols (Gadalla
and Bower, 1988), and dimethyl ether (DME). MP (Eq. 3)
generates H2 without CO2 emissions, producing solid carbon
as a valuable byproduct for industrial applications, making it
a bridge technology toward renewable fuels (Sánchez-Bastardo
et al., 2021). POM (Eq. 4) is exothermic and energy-efficient
but requires pure oxygen, posing challenges such as hot-spot
formation, catalyst sintering, and higher capital costs.

CH4 + CO2 ˙ 2H2 + 2CO; ∆Hr = 247:0

»
kJ
mol

–
(2)

CH4 ˙ C(s) + 2H2; ∆Hr = 75:0

»
kJ
mol

–
(3)

CH4 + 0:5O2 ˙ CO + 2H2; ∆Hr = −36:0

»
kJ
mol

–
(4)

Overall, CH4 conversion processes are inherently complex,
involving multiple simultaneous reactions as well as cou-
pled heat, mass, and momentum transfer phenomena. Conse-
quently, their mathematical modelling is challenging, requiring
the integration of detailed kinetic mechanisms, reactor hydro-
dynamics, and thermodynamic constraints.

Thermodynamics, in particular, plays an important role in de-
termining the equilibrium compositions of gas and solid phases,
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which is essential for process design, optimization, and identify-
ing the fundamental thermodynamic limits of CH4 conversion.
Reaction kinetics, especially when detailed mechanisms are in-
volved, is also highly demanding. Accurate modelling requires
the determination of rate constants and activation energies
for multiple elementary reactions, as well as careful consider-
ation of adsorption, surface reactions, activation processes,
intermediate species, and catalyst behaviour.

Additionally, kinetic models usually need to be coupled with
transport phenomena, accounting for heat and mass transfer
to accurately predict reactor performance under real operating
conditions. Often, multiscale modelling is necessary to inte-
grate molecular-level reaction information with reactor-scale
hydrodynamics.

To the best of our knowledge, no studies have provided
a comprehensive overview of ANN applications in hydrogen
and syngas production from methane via thermochemical
conversion. This work aims to fill that gap.

2. ARTIFICIAL NEURAL NETWORKS

To overcome the abovementioned challenges, various machine
learning (ML) techniques have been applied. In particular,
ANNs constitute a class of parametric nonlinear models widely
used in supervised learning tasks that require approximation
of complex input-output relationships (Cybenko, 1989; Hornik
et al., 1989). ML methods are generally categorized into su-
pervised, unsupervised, semi-supervised and reinforcement
learning, however, supervised approaches are of primary rele-
vance in this work because they enable predictive modelling
from labelled datasets. Common supervised techniques in-
clude regression models, classification algorithms such as de-
cision trees and support vector machines, ensemble learning
methods and ANN architectures including convolutional and
recurrent neural networks. It is also worth noting that recent
developments in physics-informed neural networks (PINNs)
offer a promising hybrid approach by embedding thermody-
namic or kinetic constraints into machine-learning models.
Such methods may improve interpretability, reduce data re-
quirements, and enhance predictive robustness, particularly
for complex chemical process systems.

In the feedforward ANN architecture considered here in more
detail, neuron outputs are computed as weighted transfor-
mations of inputs followed by nonlinear activation functions.
For a multilayer perceptron (MLP) with a single hidden layer,
the network output can be expressed as

outputs = yk = ff2
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where: xj is the j-th input signal, wh
ij are weights connecting

the input layer to hidden neurons, w e
ki are weights connect-

ing hidden neurons to outputs, vi represents hidden layer
activations, ff1 and ff2 are activation functions (Eqs. 6–7).
A schematic representation of this architecture is shown
on the left in Figure 1.

The hidden layer may employ, for example, the bipolar sig-
moidal activation function (Alsaffar et al., 2020; Cherbański
et al., 2026a)

ff1(S) = tanh(S) (6)

which introduces nonlinearity while keeping differentiability
required for gradient-based optimization. The output layer
uses a linear activation

ff2(S) = S (7)

Network parameters are estimated by minimizing a loss func-
tion, typically the mean squared error (MSE):
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where P denotes the number of samples, M is the number
of output neurons, y (p)k is the network prediction, and d (p)

k

is the corresponding target value. Optimization is generally
performed using backpropagation combined with gradient-
based algorithms.

Apart from MLPs, another class of feedforward ANNs, called
Radial Basis Function (RBF) networks, is also often used
(Figure 1). RBF networks employ a nonlinear transformation
of the input data by introducing a layer of hidden neurons
based on a radially varying function centred around a priori
selected centres. The output of the hidden layer is calculated
using the following expression:

vi = ff1
`‚‚−→x −−→c i

‚‚´ (9)

where
‚‚−→x −−→c i

‚‚ means the distance between input vector
data −→x and centroid vector −→c i estimated by k-mean algo-
rithm (unsupervised learning method), ff1 is the similarity
function (kind of radial basis function), often defined as Gaus-
sian density probability function
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where S ≡
‚‚−→x −−→c i

‚‚, — is the mean input vector, s repre-
sents its standard deviation. The output layer is described
by (7) and the output is given by

outputs = yk = ff2
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Figure 1. Structures of MLP (left) and RBF (right) ANNs.

RBF networks offer several advantages over MLPs, particularly
in their ability to model nonlinear functions using a single hid-
den layer, whereas MLPs often require more complex architec-
tures. In addition, RBF networks can be trained significantly
faster than MLPs and may achieve higher accuracy for lo-
calized, well-clustered datasets. However, their performance
tends to deteriorate when the data are sparse, scattered,
or when the training set is limited in size.

From a theoretical perspective, the approximation capability
of both RBF and MLP networks is supported by the universal
approximation theorem (Cybenko, 1989; Hornik et al., 1989),
which states that feedforward neural networks with at least
one hidden layer and a non-polynomial activation function can
approximate any continuous function on a compact domain
to arbitrary accuracy, provided a sufficient number of hidden
units is available.

Despite this strong theoretical foundation, the practical per-
formance of ANNs depends critically on the quality and repre-

sentativeness of the training data. In particular, while ANNs
can interpolate complex nonlinear relationships effectively,
their ability to extrapolate beyond the range of the training
data is limited and may lead to unreliable predictions.
ML model performance is frequently evaluated using k-fold
cross-validation (CV), a robust technique that utilizes the en-
tire dataset to provide a reliable estimate of model general-
ization. This method is particularly effective at mitigating
the risk of overfitting, a common challenge in training ANNs.
The procedure involves splitting the dataset into k equal-
sized subsets (i.e. folds). The model is then trained and
validated in k iterations; in each cycle, k − 1 folds are used
for model training, while the remaining fold is used for valida-
tion. The choice of the parameter k depends on the size and
nature of the dataset. For large datasets, a lower value, such
as k = 3, is often selected to minimize computational costs
and the number of training iterations. For small datasets,
larger values of k are typically preferred to ensure that
the model is trained on a sufficiently large portion of the data
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in each iteration. The strategy used for the data splitting
is of equal importance, especially if the samples are sorted
by class within the original dataset. To optimize the effective-
ness of the method, stratification should be employed. This
technique ensures that the proportion of individual classes
in each validation fold remains approximately consistent with
the distribution in the entire training set.

Network performance is frequently checked using the following
parameters:

• Root Mean Squared Error (RMSE)

RMSE =

vuut 1
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• Mean Absolute Error (MAE)
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• Determination coefficient R2
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where the mean value of destination is defined as follows
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• Standard Error of the Estimate (SEE)
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where k is the number of estimated parameters.
• t-Student test a parametric statistical test used to com-

pare the means of two groups (calculated output value and
destination) to see whether the differences are statistically
significant or due to chance.

Throughout this article, the terms small and large dataset are
used. In the context of this work small datasets refer to stud-
ies containing fewer than approximately 100–200 samples,
which is typical for experimental kinetic investigations with
limited measurements (e.g. 27–75 patterns in several DRM
studies in Table 3), while large datasets refer to datasets
exceeding 1000 samples, typically derived from extensive lit-
erature databases, simulations or industrial-scale modelling
(e.g. 2200+ samples in thermodynamic and process modelling
studies in Table 3 and Table 4).

3. THERMODYNAMICS AND REACTION
KINETICS

3.1. ANN of thermodynamic equilibrium modelling

Several studies have investigated the thermodynamic equi-
librium for SMR (Ahmad et al., 2022; Ahmad et al., 2025;
Demidov et al., 2011; Di Nardo et al., 2024; Jabbour, 2020),
DRM (Ahmad et al., 2022; Ahmad et al., 2025; Demidov et
al., 2011; Jabbour, 2020; Jensen and Duyar, 2021), POM
(Ahmad et al., 2022; Ahmad et al., 2025; Zhu et al., 2001)
and MP (Ahmad et al., 2022; Ahmad et al., 2025; Guéret et
al., 1997) using the conventional Gibbs free energy minimiza-
tion approach. In addition, equilibrium analyses have been
extended to steam reforming of liquid fuels such as methanol
(Di Nardo et al., 2024; Faungnawakij et al., 2006), ethanol
(Di Nardo et al., 2024; Lima da Silva et al., 2009; Rossi et al.,
2009), glycerol (Adhikari et al., 2007; Di Nardo et al., 2024;
Ismaila et al., 2021; Rossi et al., 2009), as well as coal gasifi-
cation (Ahmad et al., 2025; Shabbar and Janajreh, 2013).

While the Gibbs minimization method is well established
and widely applied, data-driven approaches may offer ad-
vantages, particularly when rapid predictions or integration
of equilibrium calculations into CFD simulations is required.
Although ANNs have been successfully employed for modelling
liquid-liquid and vapour-liquid equilibria (Carranza-Abaid et
al., 2023; Del-Mazo-Alvarado and Bonilla-Petriciolet, 2022;
Nguyen et al., 2007; Piotrowski et al., 2003; Reynel-Ávila et
al., 2019), their application to equilibrium prediction in CH4-
based thermochemical conversion processes remains limited.
For example, ANNs were used to model the steam reforming
of naphthalene, using datasets generated from thermodynamic
equilibrium calculations (Igwegbe et al., 2021). The models
accurately captured the effects of temperature and steam-to-
oil ratio on product selectivity, yielding R2 values above 0.99
and RMSE values below 1 mol% for all datasets.

To address this gap, ANNs were applied to predict equilibrium
gas composition and carbon formation in MP and various
reforming processes (Cherbański et al., 2026a). In that study,
equilibrium compositions for MP, DRM, SMR and POM
were first calculated using Gibbs free energy minimization.
The analysis considered the principal gaseous species (CH4,
CO2, H2, CO, H2O, O2 and N2), as well as solid carbon,
enabling the prediction of gas-phase compositions together
with the equilibrium amount of solid carbon formed. Non-ideal
gas behaviour was accounted for using the Peng-Robinson
equation of state, while thermodynamic properties were ob-
tained from standard databases and literature correlations.
The minimization was performed subject to elemental mass
balance constraints and non-negativity of species amounts.
Model predictions were validated against literature equilib-
rium data for MP, showing very good agreement over a range
of temperatures and pressures.
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ANNs were then employed as data-driven models to predict
equilibrium gas compositions and carbon yield in the above-
mentioned processes. The input variables included feed
composition expressed as molar ratios (CO2/CH4, H2O/CH4,
O2/CH4), temperature, and pressure, which together define
the thermodynamic state of the system (Table 1). The out-
puts comprised the mole fractions of the main gaseous
species (CH4, CO2, CO, H2, H2O) and the carbon yield,
enabling simultaneous assessment of gas-phase composition
and carbon formation.

A feedforward ANN with a single hidden layer was adopted
in the computations, as such architectures are generally suffi-
cient to approximate nonlinear thermodynamic relationships
while maintaining model simplicity. The network was trained
using datasets generated from Gibbs free energy minimiza-
tion calculations across a wide range of operating conditions.
Separate validation and testing datasets were used to assess
predictive accuracy and minimize overfitting.

The ANN predictions generally showed excellent agreement
with equilibrium calculations, particularly for gaseous species, al-
though slightly lower accuracy was observed for carbon yield, likely
due to its stronger sensitivity to process conditions (Figure 2).

Compared with simpler data-driven approaches such as third-,
fourth-, and fifth-order polynomials, ANNs provided superior
predictive performance while retaining significantly lower com-
putational cost than full thermodynamic calculations. This
confirms that ANNs can be readily integrated into process
optimization and control frameworks, where rapid predic-
tion of equilibrium compositions enables dynamic adjustment
of operating parameters. However, their reliability depends
on the quality and representativeness of the training data, and
extrapolation beyond the training domain remains a limitation.

3.2. ANN modelling of reaction kinetics

Several studies have demonstrated the effectiveness of ANNs
in modelling and predicting reaction kinetics in various
methane reforming processes. For example, the complex ki-
netics of tri-reforming of methane (TRM), integrating DRM,
SMR, and POM, were investigated (de Souza et al., 2025).
The developed ANN model accurately predicted CH4 conver-
sion across a wide range of experimental conditions, identify-
ing reaction temperature as the most influential operational
parameter. Analysis of the complete dataset showed that
operational variables accounted for 68.5% of the total rela-
tive importance, with temperature being the dominant factor,
whereas catalyst preparation variables contributed 31.5%.
The model was trained using 6,700 experimental data points
collected from the literature, involving Ni-based catalysts.
Input variables included Ni content (wt.%), reaction tem-
perature, and feed molar ratios (CO2/CH4, H2O/CH4, and
O2/CH4), while CH4 conversion served as the output variable.
The network architecture, training strategy, and performance
metrics are summarized in Table 3. Model validation using pre-
viously unseen data demonstrated strong predictive capability
and generalization. The reported RMSE values for DRM, SRM,
POM, and the combined TRM process were 3.44%, 2.20%,
1.61%, and 4.48%, respectively, confirming the robustness
of the approach. Importantly, the study demonstrated that
datasets from individual reforming reactions can be integrated
to evaluate the overall TRM process, thereby facilitating cat-
alyst formulation and targeted material screening.

The application of ANNs was explored for modelling syngas
production from DRM over a Ni/CaFe2O4 catalyst (Hossain
et al., 2016). The MLP and RBF network architectures were
employed to model experimental data. The ANN models were

Figure 2. Comparison of the ANN predictions and targets for testing set No. 2.2 (see Table 1) (Cherbański et al., 2026a).
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Table 1. List of training and test sets. Bold font indicates the interpolated domain (Cherbański et al., 2026a).

No Training/ Testing
nCO2

nCH4

nH2O

nCH4

nO2

nCH4
T [◦C] P [bar]

0 (MP) 0 0

0.25 (DRM) 0 0

0.5 (DRM) 0 0

0.75 (DRM) 0 0

1 (DRM) 0 0

1.25 (DRM) 0 0

1.5 (DRM) 0 0

1.75 (DRM) 0 0

2 (DRM) 0 0

0 0.25 (SMR) 0

0 0.5 (SMR) 0

0 0.75 (SMR) 0

0 1 (SMR) 0

0 1.25 (SMR) 0

0 1.5 (SMR) 0

0 1.75 (SMR) 0

0 2 (SMR) 0

0 0 0.1 (POM)

0 0 0.2 (POM)

0 0 0.3 (POM)

0 0 0.4 (POM)

0 0 0.5 (POM)

0 0 0.6 (POM)

1. Training

0 0 0.7 (POM)

[0; 50; 100; : : : ; 1500] [1; 3; 5]

2.1 0 (MP) 0 0

2.2 1 (DRM) 0 0

2.3 0 1 (SMR) 0

2.4

Testing – interpolation

0 0 0.5 (POM)

[25; 75; 125; : : : ; 1500] [1; 3; 5]

3.1 0 (MP) 0 0

3.2 1 (DRM) 0 0

3.3 0 1 (SMR) 0

3.4

Testing – interpolation

0 0 0.5 (POM)

[0; 50; 100; : : : ; 1500] [2; 4]

4.1 0.875 (DRM) 0 0

4.2 0 1.125 (SMR) 0

4.3

Testing – interpolation

0 0 0.45 (POM)

[0; 50; 100; : : : ; 1500] [1; 3; 5]

5.1 0.875 (DRM) 0 0

5.2 0 1.125 (SMR) 0

5.3

Testing – interpolation

0 0 0.45 (POM)

[25; 75; 125; : : : ; 1500] [2; 4]
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developed using catalyst metal loading (5–15 wt.%), feed
molar ratio (0.4–1.0), and reaction temperature as input vari-
ables, while the H2 and CO yields as well as the CH4 and
CO2 conversions were defined as output parameters. The pre-
dictive capabilities of the MLP- and RBF-based models were
statistically evaluated and compared. The MLP model demon-
strated superior performance, achieving higher coefficients
of determination. The statistical analysis was also performed
using a t-test on the predicted outputs, where the t-statistic
quantified the difference between predicted and experimental
mean values relative to data variability, and the resulting low
p-values (p < 0.005) indicated that these differences were not
due to random variation. This confirmed the higher predictive
accuracy and statistical significance of the MLP model relative
to the RBF approach. Overall, their findings indicated that
the MLP architecture provided a more reliable tool for mod-
elling syngas production from DRM over a Ni/CaFe2O4 cat-
alyst, supporting its applicability in catalyst performance
evaluation and process optimization.

Syngas production via DRM over a ceria-supported cobalt cat-
alyst was investigated using a hybrid experimental-modelling
approach combining ANNs with a Box-Behnken design
(Ayodele and Cheng, 2015). Experimental data obtained
from a fixed-bed reactor were used to evaluate the effects
of reaction temperature, CH4 partial pressure, and reactant
feed ratio on CH4 and CO2 conversions. The ANN model
was trained to capture the nonlinear relationships between
operating variables and conversions, showing good agree-
ment between predicted and experimental results. Integration
of ANN with response surface methodology enabled process
optimization, identifying optimal conditions at 728 ◦C, a CH4

partial pressure of 46.85 kPa, and a feed ratio of 0.60, corre-
sponding to CH4 and CO2 conversions of 74.84% and 76.49%,
respectively. The study demonstrated that data-driven models
can effectively support optimization of dry reforming systems
without relying on detailed mechanistic kinetic formulations.

ANNs were further applied to model the kinetics of CO-rich
hydrogen production during DRM over a Co/Pr2O3 catalyst
(Ayodele et al., 2019). Experimental data obtained from 50
runs designed using a central composite experimental design
were used to train the neural network. Reaction temperature
as well as the partial pressures of CH4 and CO2 were con-
sidered as input variables, while the production rates of H2

and CO were defined as the network outputs. A feedforward
MLP architecture with a single hidden layer was implemented,
and several training algorithms were evaluated, including
the Levenberg-Marquardt, Bayesian regularization, and scaled
conjugate gradient methods. The optimal network architec-
tures were determined by minimizing MSE for hidden layers
containing between 1 and 20 neurons. The developed ANN
models demonstrated high predictive accuracy, with coeffi-
cients of determination exceeding 0.9 and strong correlation
between predicted and experimental production rates. Among
the evaluated training approaches, Bayesian regularization
provided the best overall performance, yielding the lowest

prediction error and improved model generalization. The study
confirmed that ANN-based models can effectively capture
the nonlinear relationships between reaction conditions and
syngas production rates in DRM systems, providing a practical
computational tool for analysing catalytic performance and
supporting process optimization.

ANNs were employed to calibrate and improve the reliability
of a kinetic model describing the steam reforming of naphtha
compounds (hexane and heptane) over a NiMgAl catalyst
synthesized from hydrotalcite-derived precursors (Morlanés
et al., 2022). Multiple approaches were explored to identify
the most accurate kinetic representation and to evaluate its
robustness. The developed models incorporate key reactions
such as hydrocarbon steam reforming, the water-gas shift
reaction, and methanation. The model was validated across
a broad spectrum of operating conditions using both simpli-
fied and real feedstocks, including methane, naphtha, diesel,
and vegetable oil. The results demonstrate the effectiveness
of ANNs in analysing complex reaction networks. Furthermore,
the proposed kinetic framework can serve as a valuable tool
for simulating process strategies and supporting the scale-up
of reforming systems for hydrogen production.

Response Surface Methodology (RSM) and Radial Basis Func-
tion Neural Network (RBFNN) were employed to investigate
and optimize the molecular dynamics of DRM over a novel
Ni–Sr–Zr–Al (5Ni+3Sr/10Zr+Al) catalyst (Gendy et al., 2024).
To assess how key operating parameters, namely hourly space
velocity, reaction temperature, and the CO2/CH4 molar ratio,
affect conversion efficiency and product distribution, optimal
process conditions were predicted. In this context, ANN signifi-
cantly outperformed RSM in terms of predictive accuracy.

3.3. ANN modelling of catalyst deactivation by
coking

Predicting catalyst coking under varying operational condi-
tions remains a significant challenge in various CH4 conversion
processes. The complex interplay of factors influencing coking
mechanisms makes conventional modelling approaches inad-
equate. To overcome this, ANNs have emerged as powerful
computational tools for forecasting catalyst performance, in-
cluding coking behaviour, by learning nonlinear relationships
from experimental data.

Data-driven approaches for catalyst coking are still relatively
rare. Most studies focus on predicting the effect of operating
conditions on the final mass of carbon deposits. For example,
a full factorial experimental design was employed to system-
atize and evaluate the effects of the CH4/CO2 molar ratio,
reaction temperature, and N2 flow rate on carbon deposition
(Alsaffar et al., 2020). Experimental data from 170 runs were
used to develop and compare two ANN architectures: MLP
and RBF. Both models were trained to predict carbon depo-
sition per gram of catalyst. Optimization of the hidden layer
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resulted in 16 and 20 neurons for the MLP and RBF models,
corresponding to network architectures of 3-16-1 and 3-20-1,
respectively. Statistical analysis demonstrated that the RBF
provided superior predictive performance under both above-
and below-stoichiometric conditions. For the MLP model,
MSE values of 0.048 and 0.00285 were obtained, with corre-
sponding R2 values of 0.945 and 0.965. In contrast, the RBF
achieved lower MSE values of 0.0073 and 0.00015, with R2

values of 0.987 in both cases, indicating improved accuracy
and robustness. Based on these results, the RBF was identi-
fied as the more reliable predictor of carbon deposition during
hydrogen-rich syngas production via DRM. Furthermore, anal-
ysis of input variable importance revealed that the dominant
factor influencing carbon deposition depended on the stoichio-
metric regime: reaction temperature was the most influential
parameter under above-stoichiometric conditions, whereas
the CH4/CO2 ratio had the greatest impact under below-
stoichiometric conditions.

Both MLP and RBF ANN models were developed to predict
carbon deposition during DRM under varying temperatures,
N2 flow rates, and CH4/CO2 molar ratios (Fang et al., 2025).
The results indicated that the RBF network outperformed
the MLP model in terms of predictive accuracy. To improve
model reliability and reduce the risk of overfitting, k-fold cross-
validation was applied for hyperparameter optimization and
model selection. Their work has further highlighted the chal-
lenges associated with limited datasets, which are common
in catalytic research due to experimental cost and time con-
straints. In one comparative study, MLP and RBF ANNs
were evaluated across multiple random train-test splits to as-
sess performance stability. The RBF architecture consistently
demonstrated superior accuracy and robustness. To address
the instability introduced by random data partitioning in small-
sample regimes, a structured k-fold cross-validation framework
was implemented, leading to the development of an optimized
RBF model. The improved model achieved high predictive
performance on unseen data (MSE = 0.0018, R2 = 0.9882),
with substantial reductions in prediction error and improved
explanatory power relative to repeated random validations.

A more comprehensive approach to modelling catalyst deac-
tivation was presented by Kumbhat et al. (2024), who de-
veloped ML models to predict the performance of Ni-based
catalysts during both steam and dry reforming of biogas con-
taining trace amounts of H2S. In contrast to studies focusing
solely on carbon deposition, this work addressed the com-
bined effects of carbon formation and sulphur poisoning,
which together govern catalyst deactivation under realistic
reforming conditions. The authors compiled experimental
datasets from several literature sources covering a wide range
of operating parameters, including temperature, CH4/CO2

ratio, H2O/CH4 ratio, weight hourly space velocity, and H2S
concentration in the feed gas. In addition to operating vari-
ables, the models also incorporated catalyst properties such
as BET surface area, pore volume, pore size, nickel loading,
metal dispersion, and Ni crystal size. Two ML algorithms

were evaluated: ANNs and random forests (RF). The models
were trained to predict reactor outlet compositions and reac-
tant conversions, including CH4 and CO2 conversions as well
as mole fractions of H2, CO, CH4, and CO2. The results
demonstrated that the RF model provided superior predictive
accuracy compared to the ANN, achieving a mean overall
R2 of 0.979 and significantly lower prediction errors. Further-
more, the trained RF model successfully captured transient
catalyst deactivation behaviour associated with the introduc-
tion of H2S in the feed stream and was able to generalize
to new experimental conditions after limited fine-tuning using
a small subset of additional data. These findings highlight
the potential of ML techniques not only for predicting car-
bon deposition but also for modelling more complex catalyst
deactivation mechanisms arising from multiple interacting
processes during methane reforming.

There is growing interest in the use of Solid Oxide Fuel Cells
(SOFCs) powered by hydrocarbon fuels. One of the main
challenges in enhancing steam reforming processes is
expanding the operational window while minimizing carbon
deposition. Such improvements can be achieved through mod-
ifications to the design of conventional nickel-based catalysts.
In this context, a two-layer feedforward ANN trained
via the backpropagation algorithm was employed to capture
the influence of process parameters on methane reforming
over LaNixAl1−xO3 (x = 0:1–0.9) (Ciou et al., 2007).
The developed ANN model successfully described the rela-
tionship between catalytic performance and the structural
properties of the catalyst.

Syngas production via DRM over La1−xCexNi1−yFeyO3

(x; y = 0–0.4) perovskite catalysts has been investigated
(Abedini et al., 2018). A set of catalysts with varying compo-
sitions was designed using a central composite design (CCD)
approach and synthesized through a sol-gel auto-combustion
method. An ANN was employed to establish the relation-
ship between both preparation and operating parameters and
the catalytic performance in the DRM process. The input
variables included nickel and lanthanum molar fractions, calci-
nation temperature, and reaction temperature, while methane
conversion was treated as the output variable. The optimal
ANN architecture consisted of nine neurons in the hidden
layer, providing accurate predictions of methane conversion.
Subsequently, a genetic algorithm (GA) was applied to identify
the optimal catalyst preparation conditions aimed at maxi-
mizing methane conversion.

Recent work further demonstrates that ANNs can accurately
forecast the time evolution of coking on Fe/C catalysts during
MP (Cherbański et al., 2026b). Experimental data on cata-
lyst coking evolution during MP were collected using TGA
under high-purity CH4 and N2 flows. Measurements were
conducted between 850–950 ◦C on ∼10 mg samples of Fe/C
catalyst (L’hospital et al., 2024; 2025). Each measurement
included three stages: (i) heating under N2, (ii) ramping to set
temperature, and (iii) isothermal coking. Several experiments
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at various temperatures were analysed, with baseline correc-
tions applied. Thermograms of catalyst mass versus time were
processed using spline interpolation with 15 s interval. The rel-
ative catalyst mass during coking was recalculated assuming
100% mass at the start of CH4 exposure. ANNs of various
architectures were trained on the thermogravimetric data
to forecast coking behaviour. Input data were prepared using
a sliding-window approach and normalized to [0; 1] (Figure 3).

Feedforward networks with up to three hidden layers were
evaluated using the Levenberg-Marquardt algorithm, with per-
formance assessed by a weighted sum of squared errors across
training, validation, and test datasets. Multi-step forecast-
ing was performed by recursively feeding predicted outputs
back into the input windows. MATLAB scripts automated
preprocessing, windowing, and network training, exploring
over 1,000 network architectures (Table 2).

Figure 4 shows the evolution of Fe/C catalyst coking during
MP. As expected from Arrhenius-type behaviour, the coking
rate increases with temperature. Note that minor deviations
at the lowest temperatures after ∼25 minutes, which are likely
due to experimental noise, were retained for ANN training
to maintain realistic conditions.

Table 2. Tested ANN architectures and parameters for the
sliding-window approach. The structure x : y : z

represents the initial number of neurons : the increment :
the final number of neurons.

Window
size

Number of nodes
in the first hidden

layer

Number of nodes
in the second
hidden layer

Number of nodes
in the third
hidden layer

2 1 : 1 : 10 1 : 1 : 10 0 : 1 : 10

3 1 : 1 : 10 1 : 1 : 10 0 : 1 : 10

5 1 : 1 : 15 1 : 1 : 15 0 : 1 : 15

7 1 : 1 : 15 1 : 1 : 15 0 : 1 : 15

10 1 : 1 : 25 1 : 1 : 15 0 : 1 : 15

Various feedforward ANN architectures were trained using
sliding-window input data. Overall, selected networks demon-
strated excellent performance across training, validation, and
test datasets, accurately capturing the coking dynamics.
Single-step forecasts closely matched experimental thermo-
gravimetric profiles, highlighting the robustness and gener-
alization capability of the ANNs. However, multi-step fore-
casting proved more challenging. Some architectures showed
unstable predictions at lower temperatures, with small errors
propagating and amplifying over time, causing oscillations

Figure 3. Illustration of a sliding window technique (solid lines) during preparation of training data (solid lines), and multi-step
forecasting during predicting mode (solid and dashed lines) (Cherbański et al., 2026b).
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around the experimental mass profiles. In contrast, ANN
models trained with larger window sizes and optimized ar-
chitectures produced reliable multi-step predictions across

the full temperature range. For instance, an ANN with a win-
dow size of 10 and a 4-2-15 hidden layer structure accurately
captured both training and test datasets (Figure 5), including

Figure 4. TGA of the Fe/C catalyst coking during methane pyrolysis at varying temperatures (Cherbański et al., 2026b).

Figure 5. Results of the prediction phase using the training set: comparison between experimental relative mass profiles with those
predicted by the ANN with a window size of 10 and a hidden layer structure of 4-2-15. The predictions start from the
beginning (∼ 0 min) (Cherbański et al., 2026b).
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Chem. Process Eng., 2026, 47(2), e135 Hydrogen and syngas production from methane via thermochemical conversion . . .

temperatures not included in training, demonstrating strong
generalization (Figure 6). Minor deviations at the lowest
temperatures were attributed to experimental noise rather
than model limitations.

These results indicate that ANN-based models can reli-
ably forecast catalyst coking behaviour during MP, provided
that appropriate network architectures and input preprocessing
strategies are used. The study also highlights the importance
of considering error propagation in multi-step forecasts and
confirms that larger window sizes improve the stability and
accuracy of long-term predictions.

The diversity of ANN approaches applied to thermodynamic
and reaction kinetics modelling, including differences in data
sources, network architectures and validation strategies, is
summarized in Table 3.

4. REACTOR AND PROCESS
PERFORMANCE MODELLING

ANNs have also been widely applied in reactor and process perfor-
mance modelling. A summary of these studies, including industrial
and simulation-based approaches, is presented in Table 4.

An ANN model was developed to predict the outlet gas
composition in SMR (Pizoń et al., 2024a). The model
was designed to estimate the molar fractions of H2, CH4,
CO, and CO2 as functions of five operational variables:
reaction temperature, steam-to-methane ratio (H2O/CH4),
nitrogen-to-methane ratio, inlet methane flow rate, and
nickel catalyst mass. To overcome the limited availability
of experimental data (72 original measurements), the au-
thors implemented a weighted data augmentation strat-
egy combining replicated experimental records, spline-
interpolated data, and an extensive theoretical dataset
generated from a kinetic model fitted via a GA.

The final training dataset consisted of 729 weighted
experimental records, 305 interpolated records, and 9,441 the-
oretically generated samples. After normalization to the range
[0; 1], multiple ANN architectures were systematically
evaluated. The optimal model comprised three hidden
layers with a 6-8-6 neuron configuration and was trained
using the BFGS Quasi-Newton backpropagation algorithm
for 6,000 epochs. The selected architecture achieved a MSE
of 0.00022, with a Pearson correlation coefficient of 0.97
and a Spearman correlation coefficient of 1.00, indicating
excellent predictive performance.

Figure 6. Results of the prediction phase using the test set: comparison between experimental relative mass profiles and those predicted
by the ANN with a window size of 10 and a hidden layer structure of 4-2-15. The predictions start from the beginning
(∼ 0 min) (Cherbański et al., 2026b).
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Validation against independent experimental measurements
and kinetic simulation data confirmed strong agreement across
varying methane flow rates, catalyst masses, H2O/CH4 ra-
tios, and temperatures. Minor deviations observed at elevated
temperatures were attributed to the predominance of non-
equilibrium data in the training set, which limited the model’s
ability to accurately reproduce equilibrium effects. Compared
with a standalone kinetic model (MSE = 0.0032) and previ-
ously reported ANN and nonlinear response surface models,
the proposed framework demonstrated superior predictive
performance, demonstrating that hybrid dataset construction
can significantly improve ANN-based reformer modelling.

This concept was further expanded in a subsequent study
by the same authors (Pizoń et al., 2024b), which demon-
strated that an ANN-based simulator can effectively model
the SMR process, delivering accurate predictions based on key
operating variables such as temperature, inlet gas composi-
tion, methane flow rate, and nickel catalyst mass. The training
procedure incorporated experimental, interpolated, and theo-
retical datasets. Multiple neural network configurations were
evaluated, leading to the selection of an optimal architec-
ture with a 5-6-8-6-4 structure. The developed ANN model
was then applied to predict the concentrations of components
in the outlet stream as functions of varying reformer operating
conditions. A comparison between the ANN predictions and
validation data confirmed that the model provides a reliable
and suitable representation of the studied process.

In another study by the same authors (Pizoń et al., 2025),
an artificial neural network was developed to model the SMR
process. Conventional models typically describe either kinetic
or equilibrium regimes, which limits their broader applicabil-
ity. To overcome this limitation, a unified ANN-based model
capable of representing both regimes was proposed. The net-
work was trained on a dataset comprising experimental, in-
terpolated, and theoretical data, further enhanced using data
augmentation techniques. Bayesian optimization was applied
to determine the most suitable network architecture. The final
model consisted of an input layer with five neurons correspond-
ing to key operating parameters, followed by six hidden layers
arranged in a 15-5-15-9-8-11 configuration, and an output
layer with four neurons representing the dry gas composition
of the post-reaction mixture (CH4, H2, CO, and CO2). The de-
veloped ANN exhibited high predictive accuracy in estimating
the composition of the outlet gas under varying operating con-
ditions. The results indicate that the proposed model is both
robust and reliable for the analysed SMR process, making it
a valuable tool for reactor design and process optimization.

Similarly, a three-layer feedforward ANN was proposed to rep-
resent the performance of an industrial hydrogen production
plant (Zamaniyan et al., 2013). The network predicted product
temperature, pressure, and the mole fractions of H2 and CO
as functions of feed temperature, reformer pressure, steam-to-
carbon ratio (S/C ratio), and CO2/CH4 ratio. Training data
were generated from detailed process simulations covering

a broad range of operating conditions. A tangent sigmoid
activation function was employed in both hidden and output
layers, and the network was trained using a gradient descent
algorithm. The optimal number of hidden neurons was de-
termined by minimizing the MSE. ANN predictions closely
reproduced the simulation results, indicating that the network
successfully captured the nonlinear behaviour of the integrated
hydrogen production process. By representing all major pro-
cess units within a unified framework, the approach reduced
the need for complex code-based simulations and enabled
computationally efficient performance analysis and process
optimization within the investigated operating range.

Extending ANN-based modelling toward physically detailed
reactor simulations, datasets generated using computational
fluid dynamics (CFD) were utilized to train and optimize
a reduced-order (surrogate) model for an industrial-scale
SMR reactor (Jafarizadeh et al., 2024). The ANN predicted
seven key performance indicators, including CH4 and
H2O conversions, H2, CO2 and CO production rates, wall
temperature, and gas outlet temperature, as functions
of reformer length, feed flow rate, surface heat flux, and S/C
ratio. Two-dimensional axisymmetric CFD simulations were
employed to generate the training data, enabling the network
to capture complex spatially resolved reactor behaviour.
The optimized architecture consisted of four hidden layers
with a 32-16-8-8 neuron configuration. High predictive
accuracy was achieved (R2 > 0.98 for all target variables),
confirming the model’s ability to reproduce nonlinear reactor
dynamics. Coupling the trained ANN with a random search
optimization algorithm yielded a computationally efficient
framework for maximizing hydrogen yield while minimizing
reformer dimensions, significantly reducing dependence
on resource-intensive CFD simulations.

A hybrid modelling framework combining a rigorous dynamic
model of a steam methane reformer with an ANN surrogate
was proposed to enable rapid prediction of reactor performance
(Vo et al., 2019). The mechanistic model consisted of coupled
sub-models describing a multiscale catalytic reactor, reactor
tube wall, and furnace, which were linked through heat trans-
fer and transport phenomena to capture the detailed behaviour
of the reforming system. The validated dynamic model was
subsequently used to generate training data through determin-
istic and stochastic simulations covering variations in four key
operating variables: the reactor inlet flow rate, reactor inlet
temperature, S/C ratio, and the inlet flow rate on the furnace
side. To reduce the dimensionality of the generated dataset,
principal component analysis based on singular value decom-
position was applied prior to ANN training. A feedforward
backpropagation neural network was then trained using 81
simulation cases to map the relationship between the oper-
ating conditions and the predicted outputs at the reactor
outlet, including temperature, velocity, pressure, and mole
fractions of the major components. Validation against addi-
tional simulation cases showed excellent agreement between
ANN predictions and the dynamic model results, with pre-
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diction errors below 2% and an overall accuracy of 98.91%.
Moreover, the ANN surrogate significantly reduced the com-
putational time required for prediction from approximately
1200 s for the full dynamic simulation to about 2 s. These
results demonstrate that integrating rigorous mechanistic
modelling with ANN-based surrogate models provides an ef-
fective approach for real-time monitoring, process optimiza-
tion, and design of industrial steam methane reformers while
maintaining high predictive accuracy.

Further advancing hybrid modelling strategies, a physics-
enhanced neural network (PENN) framework was introduced
to accelerate microkinetics-based simulations of industrial
packed-bed reactors (Biermann et al., 2025). The study ad-
dressed the high computational cost of detailed microkinetic
models, which typically involve large reaction mechanisms
and stiff differential equation systems that constrain their
practical use in large-scale optimization studies. Rather
than replacing mechanistic modelling with a purely data-
driven surrogate, the authors embedded neural networks
within the first-principles framework to approximate compu-
tationally demanding components of the microkinetic rate
expressions. Training data were generated from accurate
microkinetic simulations across a broad range of temperatures,
pressures, and feed compositions representative of industrial
reforming conditions. By incorporating physical constraints
and thermodynamic consistency directly into the network
architecture, the proposed method preserved mechanistic
consistency while substantially reducing computational
time. The PENN-based model exhibited strong agreement
with the reference mechanistic model and demonstrated
improved numerical stability and extrapolation capability
compared to standard feedforward ANN surrogates. The study
demonstrates that PENN models can effectively link detailed
reaction kinetics with industrial-scale process simulation.

A physics-informed neural network (PINN) framework was
proposed for modelling electrified SMR, integrating first-
principles modelling directly into the neural network archi-
tecture (Samris et al., 2025). Unlike conventional black-box
ANNs, the model incorporated mass and energy conservation
constraints into the loss function, enabling physically consis-
tent predictions across a wide operating range. The framework
combined CFD simulations with deep learning, where a de-
tailed CFD model accounting for reactor geometry, reaction
kinetics, and coupled heat and mass transfer phenomena
was first developed and validated. A PINN model was sub-
sequently trained using a database generated from the CFD
simulations. The network used operating parameters such
as applied voltage, catalyst porosity, mass flow rate, and
H2O/CH4 ratio as input variables, while predicting key pro-
cess indicators including hydrogen production, CO2 and CO
emissions, and reactor wall temperature. The incorporation
of physics-based constraints improved model accuracy and
generalization compared to purely data-driven approaches.
Validation against the CFD model demonstrated excellent
agreement, while substantially reducing computational cost,

highlighting the potential of PINN-based surrogates for rapid
optimization and real-time monitoring of electrified hydrogen
production systems.

An integrated artificial intelligence framework was developed
for modelling and multi-objective optimization of an industrial
autothermal reformer (ATR) comprising a combustion cham-
ber and a catalytic bed (Soltanimehr et al., 2026). The com-
bustion section was simulated in CHEMKIN using the detailed
GRI-3.0 kinetic mechanism (325 elementary reactions and
53 species), while the catalytic zone was modelled as a one-
dimensional heterogeneous plug-flow reactor based on the ki-
netic model (Xu and Froment, 1989). To overcome the lack
of direct coupling between CHEMKIN and MATLAB during
optimization, approximately 1,300 datasets were generated
from the validated combustion simulations and used to train
a MLP neural network. The trained ANN was subsequently
integrated with a multi-objective NSGA-II genetic algorithm
to simultaneously maximize methane conversion and hydrogen
yield while minimizing net CO2 production. The optimal oper-
ating conditions increased CH4 conversion to 99.6% and sug-
gested the possibility of net CO2 consumption under specific
regimes. By combining detailed kinetic combustion modelling
with ANN-based modelling and evolutionary optimization,
the study demonstrated a computationally efficient strategy
for optimizing complex ATR systems.

ANNs were utilized to estimate hydrogen yield in SMR
as a function of key operating variables, including methane
and steam flow rates, reactor pressure, temperature, and heat
duty (Shahid et al., 2025). The results highlight the potential
of data-driven approaches for enhancing hydrogen production
processes. From a practical perspective, such models can
be integrated into real-time monitoring and control systems
for industrial reformers, enabling improved process efficiency,
reduced energy demand, and increased hydrogen output. Fur-
thermore, combining these approaches with carbon capture
and storage (CCS) technologies, as well as fostering collabora-
tion between academia and industry, may accelerate progress
toward more sustainable hydrogen production at scale. Future
research may also explore the application of optimization
techniques, such as genetic algorithms and gradient-based
methods, to identify optimal operating conditions and further
improve process performance.

A rule-based supervisory multi-objective optimization (SMOO)
framework was developed to enhance the performance
of the SMR process under varying biogas feed compositions
(Ba-Alawi et al., 2026). The approach combines a multi-input-
multi-output deep neural network (MIMO-DNN) with the non-
dominated sorting genetic algorithm II (NSGA-II) to analyse
different operational scenarios, including constant, moderately
varying, and strongly fluctuating methane content in the feed.
The effectiveness of the proposed strategy was further con-
firmed through implementation within a digital twin environ-
ment using real biogas data. The results indicated notable
improvements, including a reduction in annual operating costs
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by 30.59%, a decrease in emissions by 6.68%, and an increase
in process efficiency by 22.92%. Despite these promising out-
comes, the method is still being refined for full integration
with industrial hydrogen production systems. Future research
will focus on expanding the dataset to improve model gener-
alization and on developing fully coupled, bidirectional frame-
works applicable under real plant operating conditions.

Carbon dioxide–reduced hydrogen can be produced
through several approaches, including sorption-enhanced
steam methane reforming (SE-SMR), which generates sep-
arate high-purity streams of H2 and CO2. For this process,
ANN and random forest (RF)–based soft sensor models were
developed to predict hydrogen production (Nkulikiyinka et al.,
2020). Both models demonstrated strong predictive capabil-
ities for gas concentrations in the reformer and regenerator
reactors, particularly for species present at high concentrations.
Additionally, CH4 conversion within the reformer was accu-
rately predicted, providing a reliable measure of the reaction
efficiency under the tested operating conditions.

ANNs were employed to address a multifactorial, multi-
objective optimization problem and to analyse extensive empir-
ical datasets (Arcotumapathy et al., 2012). The methodology
involved a Fibonacci-based approach to determine the opti-
mal number of neurons for the ANN architecture, followed
by a novel weighted combination of statistically selected can-
didate ANN models evaluated in a multi-error framework.
Data from 200 catalytic SMR cases were used to validate
the accuracy and robustness of this integrated ANN mod-
elling approach. The results not only aligned with existing
qualitative knowledge but also revealed previously underappre-
ciated factors that could guide improvements in hydrocarbon
reforming reactor technology and catalyst design. Notably,
the study highlighted that small additions of boron, cerium,
or similar metals (below 1 wt.%) to Ni-based catalysts, as well
as the use of SBA-15 as a support instead of ‚-alumina, can
significantly enhance catalytic performance.

A hybrid quantum neural network (QNN)-ANN model was de-
veloped to predict the performance of the DRM process (Roh
et al., 2024). QNNs offer higher prediction accuracy than tra-
ditional machine learning models, including ANNs, even when
limited datasets are available. Catalyst datasets for the DRM
reaction, drawn from both literature and in-house experiments,
were used to benchmark the hybrid QNN against conven-
tional ANN models. The results demonstrated that the hybrid
QNN achieved superior prediction accuracy and faster con-
vergence compared to the ANN. This study not only provides
a methodological framework for implementing hybrid QNN
models but also offers interpretive insights into their opera-
tion. The findings underscore the potential of hybrid QNNs
as powerful tools for addressing complex problems in catalysis
and chemistry, particularly in areas where limited data have
historically constrained the application of classical machine
learning approaches.

ANNs were applied to develop empirical models for predicting
hydrogen yield and providing insights for improving DRM pro-
cesses over nickel-based catalysts under varying operating and
physical conditions (Rahman and Biswas, 2024). The model in-
puts included temperature, gas velocity, and three key geomet-
ric characteristics of the nickel catalysts, enabling prediction
of hydrogen production from methane. The ANN was trained
using three algorithms: Levenberg-Marquardt, Bayesian reg-
ularization, and scaled conjugate gradient, with the best
model performance achieved using the Levenberg-Marquardt
method. Accurate hydrogen yield predictions were obtained
when the network employed the optimal number of hidden neu-
rons and appropriate learning algorithm. This approach allows
precise forecasting of catalyst performance based on physical
properties, promoting more consistent and reliable DRM reac-
tor operation. However, the study did not consider the effects
of catalytic support, catalyst preparation methods, or coke
formation on overall activity.

An advanced convolutional neural network (CNN) frame-
work was designed to predict hydrogen yield and carbon
monoxide concentration during reforming processes involving
methane, methanol, and diesel (Yalcin et al., 2024). In addi-
tion, the model was adapted to estimate methane conversion
in methane reforming systems. The proposed approach in-
tegrates both 2D- and 3D-CNN architectures to improve
predictive capability. The results demonstrate that this hy-
brid CNN model outperforms conventional CNN structures
as well as other artificial intelligence methods in estimating
key performance indicators of reforming processes. Further-
more, the model enables reliable prediction of critical output
variables across different fuel types, highlighting its versatility.
Overall, the proposed methodology enhances the accuracy
of process performance estimation and provides a robust tool
for analysing reforming systems involving various feedstocks.

5. CONCLUSIONS

ANNs are effective tools for modelling methane thermochem-
ical conversion, capturing complex relationships that conven-
tional kinetic models struggle to describe. They have been
successfully applied to predict methane conversion, hydrogen
yield, syngas composition, and reactor performance.

MLPs remain the most widely used architecture due to their
flexibility and reliability. Other architectures, such as RBF
networks, CNN and PINN models, show promise for specific
tasks, including catalyst coking, dynamic reactor behaviour,
and multi-output predictions, although their use is still limited.
The choice of ANN depends on dataset size, dimensionality,
and the modelling goal, with simpler networks sufficient for ba-
sic predictions and more complex models needed for dynamic
or multi-output systems.

Data quality and availability are critical. Large experimen-
tal or simulation-generated datasets allow for deeper net-
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works and better predictions, while small datasets increase
the risk of overfitting. Input selection, from operating condi-
tions to catalyst properties and time-dependent variables, is
also key to capturing system dynamics accurately.

Recent trends are moving toward integrated frameworks
that combine ANNs with first-principles physical knowledge
and advanced simulations. Hybrid models, as well as physics-
informed or physics-enhanced networks, improve predictive
accuracy, enforce physical consistency, and increase inter-
pretability. Such approaches are expected to play a central
role in designing efficient reactors, optimizing catalysts, and
advancing hydrogen and syngas production technologies.
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