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Abstract 

Steam reforming of hydrocarbons is and will be, in the short-medium run, the leading technology for 

producing hydrogen. At the same time, steam reforming has a large carbon footprint that can be decreased 

by implementing better kinetic models for process intensification. In this work, a methodology based on 

artificial neural networks to fit and improve the robustness of the kinetic model for steam reforming of 

naphtha surrogates (hexane and heptane) on a NiMgAl catalyst derived from hydrotalcite precursors was 

proposed. Several strategies to obtain the fittest kinetic model and discuss the robustness of each were also 

compared. These models include hydrocarbon steam reforming, water gas shift and methanation reactions, 

and differ mainly in the type of adsorption term in the Langmuir-Hinshelwood formalism. The adsorption 

energies calculated by ab initio (DFT) provide insights on the different adsorption mechanisms of 

hydrocarbons and water on the catalyst surface sites. At the same time, validation of the kinetic model was 

conducted using wider range of experimental conditions and different model and real feeds (methane, 

naphtha, diesel and vegetable oil). In this way, the versatility of the model proposed and the strengths and 

weaknesses of using a data-driven approach for the kinetic model selection were proven.

Keywords: 
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energies.
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1. Introduction 

The production of hydrogen plays a key role in our industrialized society. Apart from being key for the 

decarbonization of the energy sectors in the future [1], currently hydrogen is essential for a number of 

important chemical processes such as the production of ammonia and methanol and for oil refining [2]. The 

global hydrogen production is around 75 million tons per year [3] with an expected market value of 115 

billion USD in 2023 [4–7], representing a 3.5 % increase. The majority of this hydrogen (∼95%) is 

produced from fossil fuels via steam reforming, which is the most mature technology at the moment [8–

12]. Steam reforming technologies have been process-intensified over decades to ensure highest energy 

efficiency and optimal use of the hydrocarbon feedstock [2,13–15]. Today it is still the most energy efficient 

and economic route to hydrogen, with the lowest capital cost at 1.2-2.2 USD per kg of hydrogen produced 

[16,17] and the highest H2/CO2 ratio when compared to autothermal reforming or partial oxidation 

technologies [18,19]. In contrast, other methods for renewable hydrogen production [10,20], including 

biomass gasification and electrolysis of water, although technically feasible, have not gained industrial 

acceptance due to low maturity, process efficiency and economy of large-scale production [16]. Therefore, 

steam reforming is conceived as the most important technology in order to cover the hydrogen requirements 

in the short and medium term. The coupling with a CO2 capture and sequestration technology would be 

necessary to limit its environmental impact [21–23]. All these combined strategies have been discussed in 

the “refinery of the future” viewpoint [24].

Nickel based catalysts supported on MgO-Al2O3 refractory spinel, developed in the 50’s, are still today the 

most cost-effective catalysts for steam reforming [11,25–27]. For decades, researchers have tackled the 

main limitations of these catalysts, namely sintering and carbon deposition onto the active sites due to the 

harsh operating conditions (973-1173 K, 1-25 atm) [28–30]. Textural promoters such as alkaline earth 

oxides and lanthanides are widely used in order to increase the dispersion of metal particles as well as the 

adsorption/dissociation of H2O molecules, resulting in increased intrinsic activity, thermal stability and 

improved resistance to coke deposition on the catalyst surface. Catalytic systems derived from hydrotalcite-
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type precursors exhibit excellent catalytic performance and stability for the steam reforming of 

hydrocarbons, offering a one-step procedure to prepare multicomponent catalysts with homogeneous 

interspersion of all the constituents [31–34]. These atomic level nanostructured materials [35,36] can be 

rationally designed since the catalyst properties can be fine-tuned during the synthesis (nickel content,  

temperature of thermal and reduction treatments) to optimize the catalytic performance [37–39].

A major thrust of research is simulating steam reforming performance for different feedstocks. In this sense, 

experimental data is needed to validate detailed chemical kinetic models which are required to simulate 

hydrocarbon conversion and hydrogen yields in the steam reformer units [40–44]. These kinetic models are 

essential for optimal design and determination of operation conditions (P, T, S/C, GHSV) to achieve 

specific performance targets using computational simulations [45–47]. Although the kinetics of methane 

steam reforming has been widely investigated [48–52], literature on the kinetics of heavier hydrocarbons is 

very scarce and old [53–56]. Xu and Froment [48] proposed a Langmuir-Hinshelwood rate expression for 

methane reforming on a Nickel-Alumina catalyst considering a comprehensive list of reaction mechanisms. 

In the case of higher hydrocarbons, the reaction is considered to take place by an irreversible adsorption on 

the catalyst, with only C1 species leaving the surface [8]. Higher hydrocarbons undergo thermal cracking 

at high temperature, implying that the molecules that are actually reformed in the reactor are a spectrum of 

lighter hydrocarbons [27,43,57]. Rostrup-Nielsen [11] developed a reaction mechanism assuming that 

hydrocarbons are chemisorbed on a dual site followed by successive -scissions of the carbon–carbon 

bonds, while steam is dissociated on the surface producing chemisorbed oxygen which reacts with C1 

species. In this regard, new studies including the kinetics of heavier hydrocarbons would constitute an 

important tool in the development of this process to be more flexible for the primary feedstocks as well as 

to design and scale up the reactor and to discover more efficient and stable catalysts.

The use of artificial neural networks (ANNs) has seen a remarkable increase in the past few years. ANNs 

are models that are useful for describing existing non-linear relationships and patterns within the data 

without bearing any explicit representation of the rules that the data follows [58]. In the chemical 
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engineering field, ANN-based models have been reported in a plethora of applications, including catalyst 

discovery [59], monitorization of reactions [60], industrial-size steam methane reformer performance 

prediction [61] and reduction of computational time of more complex models [62]. Particularly interesting 

is employing ANNs for kinetic modeling purposes, as it allows going around the intrinsic limitations that 

computation faces, like those related to non-linearities. Sometimes, the complexity of the kinetic modeling 

lies on the lack of previous knowledge or enough mechanistical understanding about the reaction network 

subject to study. In those cases, models based on ANNs are of great use as they can provide a fundamental 

understanding from the perspective of a black-box approach [63]. For instance, Amato et al. [63] applied a 

neural-network approach for the determination of the rate constants in various case studies with consecutive 

and cyclic reaction pathways. Likewise, Quaglio et al. [64] determined via ANNs the most likely reaction 

pathway for a case study in which there are several candidate kinetic mechanisms. In these approaches, 

however, case studies do not involve real reaction networks nor experimental data, and therefore, the 

application of ANNs to real kinetic data constitutes an important milestone in the establishment of ANNs 

as benchmark tools for reaction modeling purposes.

The scope of the current work is to combine the ANN approach as a support to the determination of the 

kinetic parameters of the steam reforming of paraffinic surrogates of naphtha over a NiMgAl catalyst 

derived from hydrotalcite precursors. Precisely, an ANN-based model has been proposed to discriminate 

within a set of possible rate expressions for the reforming reaction of higher hydrocarbons. With the rate 

expression emanating therefrom, a kinetic model has been developed for the steam reforming of a naphtha 

surrogate (mixture of heptane and hexane) over a wide range of operating conditions (i.e., temperature, 

pressure and steam/carbon ratio). After the fitting, this model has also been validated to different feedstocks 

(i.e., methane, diesel and vegetable oil), to check its versatility.  
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2. Experimental 

2.1 Catalyst synthesis and characterization

A NiMgAl (15 wt. % Ni) catalyst derived from hydrotalcite precursors was used in the present study. The 

nickel content, Mg/Al molar ratio, and the temperature of the thermal treatments were optimized previously 

in order to maximize catalytic performance for the naphtha steam reforming reaction [39]. The layered 

double hydroxide precursor was prepared by the coprecipitation of Mg, Ni and Al nitrates 

(Al3+/(Ni2++Mg2++Al3+) = 0.25) with carbonates at pH = 13. The thermal decomposition in air at 923 K for 

6 h results in the formation of the Ni/Mg/Al mixed oxide. Finally, after the in-situ reduction (20% H2/N2) 

at 1073 K for 1h, the catalyst is consistent with nickel metal nanoparticles supported in a high surface area 

matrix of MgAl mixed oxide (9.3 % Ni dispersion with10 nm average nickel particle size, and 4,9 m2 Ni 

gcat
–1 active area, 234 m2 g–1 BET). Detailed catalyst characterization is available elsewhere [36–39]. The 

basic magnesium rich support (~53 wt%) [65,66], enhance the adsorption of steam to prevent coke 

formation [11,34,50,67]. 

2.2 Kinetic runs for the naphtha surrogates

The hydrocarbon used for this study is a mixture representative of a paraffinic naphtha, including heptane 

and hexane (70 wt% n-heptane, 30 wt% n-hexane) with a molecular formula C6.7H15.3. The steam reforming 

reaction was carried out in a flow fixed-bed catalytic system (stainless-steel reactor, di = 10 mm, l = 400 

mm). Activity tests were performed with 0.1-1 g of catalyst (0.25-0.42 mm particle size) diluted with silicon 

carbide, SiC, (0.42-0.60 mm particle size) (Cat/SiC = 1:10 volume ratio) to avoid adverse thermal effects. 

The catalytic performance was evaluated at different reaction conditions: 773-873 K temperature, 1.86 – 4 

kPa initial partial pressure of hydrocarbons in the feed (N2 balance), 1 atm pressure and different 

steam/carbon ratios in the range 1-3 mol H2O (mol C)–1; with a total flow rate in the range 900-1600 ml 

min1 in order to cover a space time range of W/F0 = 0-20 gcat h molN
1. The catalytic performance for the 
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steam reforming reaction was evaluated in terms of hydrocarbon conversion and product (H2, CO2, CO, 

CH4) yields at the reactor outlet for all the different reaction conditions explored. 

Intra-particle diffusion, external mass transfer and heat transfer limitations were evaluated by performing 

sets of experiments varying catalyst particle size, reactants flow rates, and Cat/SiC ratio. Same conversion 

levels were observed in all the experiments confirming that the observed catalytic activity, under the 

reaction conditions explored in the present work, corresponded to the kinetic regime wherein heat and mass 

transfer effects are negligible.

2.3 Kinetic runs for the model validation

The kinetic data obtained with the paraffinic naphtha described in section 2.2 were used for the estimation 

of the kinetic parameters. Lately the model was validated in an extended range of the operating conditions, 

from 623 up to 1073K, 10 atm and 6 H2O (mol C) –1. Furthermore, the model was used for different 

feedstocks, such as natural gas, diesel or vegetable oil. Methane was used as natural gas surrogate. For the 

liquid hydrocarbons, the representative fraction of naphtha is the mixture of heptane and hexane with a 

molecular formula C6.7H15.3, same as used in section 2.2. The representative fraction of diesel is a mixture 

of butyl benzene, 1-octene and dodecane-tetradecane-hexadecane in order to simulate the aromatic, olefinic 

and paraffinic fractions in diesel (12 wt% butylbenzene, 5 wt% 1-octene, 83 wt% (dodecane + tetradecane 

+ hexadecane)) with a molecular formula of C14H29. Finally, a commercial vegetable oil, with molecular 

formula C57H99O6, was used as representative of a renewable source. Experiments with different 

hydrocarbons were carried out in the range 673-1073 K, keeping constant the number of moles of carbon 

in the reactant mixture, and the steam/carbon ratio equal to 3 mol H2O (mol C) –1.

3. Modeling

3.1 Kinetic model proposition

The steam reforming of hydrocarbon process is described by the initial breakdown of hydrocarbons 

according to the main steam reforming reaction (Eq. 1), followed by water gas shift (Eq. 2) and methanation 
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(Eq. 3) reactions, producing the mixture of H2, CO, CO2 and CH4 [27,56]. This reaction scheme represents 

the product distribution observed experimentally.

(1)CnHm +nH2O⇄nCO + (n +
m
2 )H2 ∆H ∘ = {954.9 kJ mol ―1 (hexane) 

1175 kJ mol ―1 (heptane)

∆ = –41.2 kJ mol–1 (2)CO + H2O⇄CO2 + H2 H ∘  

  = –206 kJ mol–1 (3)CO + 3H2⇄CH4 + H2O H ∘

The reaction of hydrocarbons with steam forms hydrogen and carbon monoxide as primary products, while 

carbon dioxide and methane are formed by the secondary reactions: water gas shift reaction and 

methanation, respectively. The methanation of carbon oxides is undesirable since the very stable methane 

is formed at the expense of the hydrogen produced [11]. The composition of the reaction mixture in the 

outlet of the reactor strongly depends on operating conditions such as temperature and the ratio of steam to 

carbon (S/C) in the feedstock. Generally, high temperatures and S/C ratios are favorable for hydrogen 

production [11,15,27]. Steam-to-carbon ratios should be controlled within a range of 2-3 for higher 

hydrocarbons in order to maximize hydrogen production while keeping carbon deposition and operating 

expenses low.

In the present work, the formulation of the kinetic model for steam reforming of a hydrocarbon mixture 

representative of paraffinic naphtha is based on the following assumptions: plug flow of gases along the 

tubular reactor, isothermal and steady-state operation with constant catalytic activity and negligible gas-

phase reaction. The adsorption of naphtha surrogates and water is considered to be part of the kinetics while 

the adsorption of the product gases is neglected. The kinetic models proposed for this work have been 

selected from previous mechanistic studies of similar hydrocarbons feedstocks, such as heptane or octane 

[53-57,94,95,97]. A generalized reaction sequence for higher hydrocarbons involves the chemisorption and 

dissociation of both reactants, hydrocarbon and steam, followed by the reaction between the resultant 

carbon and oxygen species as the rate determining step (RDS) [11]. Hence, in this study several rate 

equations with different adsorption models stemming from Langmuir-Hinshelwood (LH) or Eley-Rideal 
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(ER) mechanisms are tested for their applicability to study the catalytic performance of naphtha steam 

reforming over a NiMgAl catalyst, as presented in Table 1. These rate expressions for steam reforming of 

naphtha surrogates (SRN) are discriminated using an artificial neural network approach as described in Sec 

3.2.

Table 1. Rate equations considered for the steam reforming of naphtha surrogates.

No. Model Rate expression Eq.

1 LH molecular adsorption of hydrocarbon and steam on 
different sites, and bimolecular surface reaction as r.d.s rSRN =

kSRNKNKH2OpNpH2O

(1 + KNpN)(1 + KH2OpH2O)
(4)

2 LH molecular adsorption of both reactants on the same site 
followed by bimolecular surface reaction as the r.d.s rSRN =

kSRNKNKH2OpNpH2O

(1 + KNpN + KH2OpH2O)2 (5)

3 LH dissociative adsorption of both reactants on different 
sites followed by bimolecular surface reaction as the r.d.s

rSRN =
kSRNKNKH2OpNpH2O

(1 + KN

pNpH2

pH2O
+ KH2O

pH2O

pH2
)

2
(6)

4 LH dissociative adsorption of both reactants on the same site 
followed by bimolecular surface reaction as the r.d.s

rSRN =
kSRNKNKH2OpNpH2O

(1 + KNpN + KH2OpH2O)2 (7)

5 ER associative adsorption of hydrocarbon on the surface and 
reaction with the steam in gas phase rSRN =

kSRNKNpNpH2O

(1 + KNpN)
(8)

6 ER dissociative adsorption of hydrocarbon on the surface 
and reaction with the steam in gas phase rSRN =

kSRNKNpNpH2O

(1 + KNpN)
(9)

7
LH dissociative adsorption of hydrocarbon and molecular 
adsorption of steam on the same site, and bimolecular 
surface reaction as the r.d.s.

rSRN =
kSRNKNKH2OpNpH2O

(1 + KNpN + KH2OpH2O)2 (10)

8 Power law rSRN = kSRN pa
N pb

H2O (11)

The rate laws for water gas shift (WGS) and steam reforming of methane (SRM) reactions (reverse of 

methanation), are stated assuming first order for each reactant. The overall approach to thermodynamic 

equilibrium was considered by including an equilibrium constant term that accounts for the effect of the 

reverse reaction [50,68].

(12)RWGS = kWGS(pCOpH2O ―
pH2 pCO2

Keq, WGS )
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 (13)rSRM = kSRM(pCH4pH2O ―
pH2

3 pCO

Keq,SRM )
where Keq,WGS and Keq,SRM are the equilibrium constants for the water gas shift and steam reforming of 

methane reactions, respectively, evaluated according to the thermodynamic data available elsewhere 

[41,69–71]. The dependence with the temperature of the rate and adsorption constants in all kinetic 

equations follows the Arrhenius and Van’t Hoff laws:

(14)kj = kj,0e
―Ea,j
RT

(15)Ki = K©,0e
∆Hads,i

RT

The plug-flow behavior assumption allows the calculation of the naphtha conversion for a steady-state 

integral reactor.

 (16)
W
F0

= ∫X
0

dXN

rSRN

The rate of formation/disappearance of each component is expressed as algebraic addition of the individual 

reactions in the kinetic scheme [72]:

(17)ri =
dFi

d(W/F0) = ∑(υijrj)F0

3.2 ANN model discrimination

In this paper, artificial neural networks are used to provide insights about the most appropriate kinetic model 

to use for fitting the experimental data. Starting from a base kinetic model, the aim is to determine the most 

suitable rate law for the steam reforming of naphtha reaction. Equilibria for WGS and SRM reactions are 

well reported in the literature [11,12,48,73,74]. The rate laws contemplated for the steam reforming of 

naphtha mainly differ in the expression of the denominator, which, in the case of Langmuir-Hinshelwood 

and Eley-Rideal mechanistic approaches, is dependent on the type of adsorption taking place on the catalyst 

surface.
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Based on the methodology developed by Quaglio et al. [64], the kinetic model recognition methodology 

consists of two very well defined phases: (1) synthetic data generation and (2) ANN training. Synthetic data 

is generated at the same reaction conditions as the experimental data with the purpose of feeding the ANN, 

which takes experimental data as input and probabilities of the most suitable rate law of naphtha reforming 

as output. Thereby, synthetic data is fundamental for the training of the ANN.

121.28.3 Synthetic data generation 

Also known as in-silico data generation, in this step synthetic data is generated starting from the 

conservation equations governing the reactor. For each of the rate laws or models in Table 1, the set of 

conservation equations corresponding to each of the species involved in the reactions (Eq. 17) is solved 

multiple times. The kinetic parameters involved in the solution of the governing equations differ each time 

as they are sampled from a tentative domain of parameters that has been specified beforehand. For each set 

of sampled kinetic parameters, the system of 6 conservation equations in the form of ordinary differential 

equations (ODEs) is solved for 3 temperatures (773, 823, 873 K), 3 feedstock compositions in the feed, 3 

steam-to-carbon ratios (1, 2 and 3) and 19 space times (0-20 gcat h molN
-1), totaling 285 unique reaction 

conditions. The solution of the ODEs for a particular model and sampled kinetic parameters at the 285 

reaction conditions and the 6 species involved yields 1710 data points, which are encoded in a single array 

and hereafter referred to as instance of a given model. For each instance, a label identifying the model used 

for the conception of the data is also appended to the array. A schematic summary of the workflow is 

presented in Fig. 1.



11

Fig. 1. Workflow for the ANN-based model discrimination. The three main steps include (1) in-silico data 
generation, (2) ANN training and (3) ANN validation and prediction of the rate law based on the 
experimental data.

Instances of models are the basic unit for the training of the ANN. It is crucial that for each of the 8 models, 

many instances are available so that the ANN can be trained accordingly. Each model is linked to a naphtha 

reforming rate law and instances within the same model differ from one to another in the sampled kinetic 

parameters employed in the resolution of the ODEs. In this work 500 instances per model have been 

generated, implying that kinetic parameters have been sampled 500 times and each model from Table 1 has 

been solved for all of the sampled parameters. The kinetic parameters are sampled from the domain of 

tentative kinetic parameters shown in Table 2, following a uniform distribution. All prospective models 

share the same tentative parameter domain and hence sampling is only done as many times as instances per 

model are generated (i.e., 500 times in this case). 
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Table 2. Domain of the kinetic parameters utilized for the sampling in each instance.

Parameter Lower bound Higher bound
kSRN,0 (mol g

cat
–1min–1) 1.0·107 1.0·108

Ea,SRN (kJ mol–1) 60 90
KN,0 (atm–1) 1.0·10–2 5.0·10–2

Hads,N (kJ mol–1) –10 –30
KH2O,0 (atm–1) 1.0·10–3 1.0·10–2

Hads,H2O (kJ mol–1) –30 –50
kWGS,0 (mol g

cat
–1 min–1 atm–2) 2.0·105 3.0·105

Ea,WGS (kJ mol–1) 40 70
kSRM,0 (mol g

cat
–1 min–1 atm–2) 2.1·1011 2.2·1011

Ea,SRM (kJ mol–1) 120 150

The generated dataset has the same number of features per instance (in this case, 1710) as the experimental 

data and is labeled, implying that for each instance the source model is known. This not only allows the 

training of the ANN by providing data that is labeled (step 2 in Fig. 1.), but also enables making a prediction 

of the model that best matches the experimental data (step 3 in Fig. 1.), which is the final goal of the 

proposed methodology.

3.2.2 ANN training 

In this work, the ANN-based model is treated as a black box model where kinetic data (either synthetic or 

the experimentally acquired) is fed and the output is a diagnose of which adsorption model is more 

insightful. In other words, the trained ANN is a classifier of rate laws for the SRN reaction based on the 

input kinetic data. ANNs are founded on the idea that the computation of a neuron involves the weighted 

sum of the input values, as depicted in Fig. 2(a). In fact, such operation is the successive combination of a 

weighted sum of the inputs and a non-linear function, called activation function. There are many activation 

functions, e.g., ReLu, tanh or sigmoid, each with its perks and disadvantages. More detailed remarks 

regarding activation functions are widely available in the literature [75]. Hence, an ANN can be regarded 

as a collection of many interconnected neurons where each neuron performs a computation based on its 
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weights and the activation function, yielding a structure capable of capturing the behavior of the data, as in 

Fig. 2(b).

(a)

(b)
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Fig. 2. Schematic representation of (a) the computation of a single neuron and (b) a single hidden layer 
neural network.

The network employed in this work is organized in 3 layers with different number of neurons, also called 

units, each computing the summation and activation of its corresponding inputs. The first layer is called 

input layer and its neurons receive the kinetic data, implying that the input dimension matches the features 

of each of the instances in the generated data. Then, the neurons propagate the values to the middle layer 

of the network through their computation. The middle layer is also called hidden layer. Likewise, neurons 

in the hidden layer perform the computation and are propagated to the final layer or the output layer [76]. 

In this case, as the scope of the ANN is to predict the most insightful rate law expression for the 

experimental data out of the 8 models proposed, the output layer has 8 units with the softmax activation 

function, which returns a normalized output whose elements sum 1 and hence, can be used as a probability 

indicator. Further information about ANNs can be found elsewhere [77].
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The first step before training any ANN is the feature selection step. In this work, data has been curated to 

ease the training of the model by discarding the conditions in which the conversion is at its extreme values. 

In other words, only data corresponding to experimental conditions under which 10 < XN (%) < 90 have 

been kept for the training. The complete ANN training procedure is schematized step 2 in Fig. 1. In order 

to validate the ANN after training, a training set and a test set have been created from the synthetic dataset, 

with a 20 % holdout. This means that out of the 500 instances per model, 400 have been randomly kept for 

training purposes and 100 for validation. Then, data has been scaled by standardizing the features of each 

instance by removing the mean and scaling to unit variance. If scaling is omitted, data with small values 

can be ignored and closely spaced data cannot be distinguished [78]. The test set, for being the validation 

set, must be scaled with the mean and standard deviation of the training set. 

Once the training/test set split is defined, the ANN can be trained. However, the final performance of the 

ANN not only depends on the trained weights that carry out of the computation of each neuron but also on 

its hyperparameters. Unlike the training weights, the hyperparameters are elements of the ANN that, instead 

of being the result of the training, are part of it. The number of layers, units in each layer or activation 

functions are examples of hyperparameters. Hyperparameters can be either determined based on previous 

knowledge or fine-tuned. In fact, some hyperparameters like the number of layers, the activation functions, 

the layer weight initializers, the units of the final layer or the loss function have been chosen arbitrarily, but 

others like the number of units in the input and hidden layers have been tuned. When tuning 

hyperparameters, a grid is defined with the values of the hyperparameters to be studied. To assess the fitness 

of each set of hyperparameters, a validation set within the training set (and therefore, different from the test 

set) called cross-validation has to be defined as otherwise, the determination of the hyperparameters would 

introduce bias to the ANN. Hence, a nested loop is introduced to the workflow for the cross-validation of 

the performance of the different sets of hyperparameters analyzed during the tuning procedure. Table 3 

summarizes the hyperparameters used in this work where the arbitrarily determined are represented by a 

single figure and the tuned ones by their search grid. The optimizer, loss function, batch size and epochs 
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are additional hyperparameters that affect the learning process whereas dropout is commonly employed to 

stop the ANN from overfitting [79].

The hyperparameter tuning procedure based on the systematic testing of hyperparameters is called grid 

search and in this work, the grid search has been performed through a 10-fold cross-validation. This implies 

that for each combination of parameters in the grid the training set divided into 10 folds, each time one of 

the folds serving as cross-validation set. As a result, for each combination of hyperparameters, the ANN is 

trained and assessed 10 times, represented by the inner loop in step 2 of Fig.1. Then, the optimum 

hyperparameter combination is chosen based on the average performance metric of each of the folds for 

each set of hyperparameters. The selected performance metric in this case is prediction accuracy since 

instances corresponding to each class or model are equal in number across the entire dataset. 

Table 3. Hyperparameters selected for the ANN.

Hyperparameter Value
Number of layers 3
Units in input layer [50, 100, 200, 500]
Units in hidden layer [50, 100, 200, 500]
Units in output layer 8
Activation in input layer ReLU (He initialization)
Activation in hidden layer ReLU (He initialization)
Activation in output layer Softmax (Glorot initialization)
Dropout in input layer [0.1, 0.15, 0.2]
Dropout in hidden layer [0.1, 0.15, 0.2]
Optimizer Adam [81]
Batch size [32, 64, 256]
Epochs [100, 250. 500]
Loss function Categorical cross-entropy

3.2.3 Validation and prediction 

Once the optimum hyperparameter set is chosen, the ANN is trained with the entire training set and 

validated through the testing set. Note that the testing phase has not partaken in any stage of the training, 
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hence acting as unseen data to avoid any external bias and allow validation of the ANN. Other authors like 

Yalamanchi et al. [80] include an additional nest to the training workflow to minimize the bias imposed by 

the splitting of the data, but the symmetrical nature of the synthetic dataset of this study suggests that such 

implementation may not be required. Finally, the genuine experimental data is fed to the trained ANN for 

the prediction of the most insightful model. For this task, Python 3.7 was the programming language of 

choice, using Keras 2.3.1 [82] with Tensorflow 2.2.0 [83] as backend. Data pretreatment was done using 

Scikit-Learn 0.24.1 [84]. The codes for the entire ANN-based discrimination methodology are available on 

the GitHub repository (https://github.com/MuRE-group/ANN_Reforming_Modeling). 

3.3 Parameter estimation

The kinetic parameters were estimated via nonlinear regression analysis using MATLAB. The system of 

differential equations for six components (Eq. 17) was solved using a built-in ordinary differential equation 

solver (ode45). The intrinsic kinetics and adsorption parameters, and their confidence interval and cross-

correlations were estimated using the least square curve fitting function (lsqcurvefit). This function 

minimizes the objective function, which was chosen to be the sum of the square of the residuals between 

the experimental observations (i.e., hydrocarbon conversion and partial pressure of products) and the 

numerical solutions of the ode45 solver at the conditions of the experimental observations. Same 285 unique 

experimental conditions used for the model discrimination were used for the parameter estimation: T (773-

873 K), S/C (1-3) and partial pressure of hydrocarbon/naphtha in the feed (pN,0 1.86-4 kPa).

(18)Φ = ∑NConditons

k (∑Products
i (pPred

©,k ― pExp
©,k)2 + (XPred

k ― XExp
k )2)

3.4 DFT calculations

The density functional theory (DFT) calculations were performed using the Vienna Ab Initio Simulation 

Package (VASP) [85–87]. The generalized gradient approximation [88] with the Perdew-Burke-Ernzerhof 

(PBE) functional [89] was used to model the electron exchange and correlation energies. The projector-

augmented wave method, proposed by Blöchl [90] and implemented by Kresse and Joubert [91],  was used 

https://github.com/MuRE-group/ANN_Reforming_Modeling
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to describe the electron-ion interactions. A plane-wave basis set was used to describe the valence electrons 

with an energy cut-off of 400 eV.  The Brillouin zone, sampled at the Monkhorst-Pack 1×1×1 k-point grid 

[92], was used to sample the cluster and surface. The Methfessel-Paxton method with a width of 0.2 eV 

was used to improve states’ convergence near the Fermi level. The spin polarization was also included in 

all the cases. As DFT-PBE calculations do not involve any vdW interactions, which are crucial for 

improving the description of the weak binding systems, the vdW D3 correction proposed by Grimme [93] 

was considered. The Ni4 cluster in the gas phase was modeled using the unit cell of 15×15×15 Å3. Al2O3 

(110) and MgO (200) surface was modeled as a two-layer slab using 2×2 supercell with 20 Å of vacuum 

between the slabs. The equilibrium geometries were reached once the atomic forces on every atom were 

smaller than 0.05 eV Å−1 with a total energy convergence criterion of 1.0 × 10−6 eV. For the gas phase 

molecule, a cubic box of 15×15×15 Å3 was used.

4. Results and discussion

4.1 ANN-based model discrimination

The accuracy results corresponding to the test set are reported in Fig. 3, which is a confusion matrix 

representing the performance of the trained ANN when classifying the labels of the test set. Each row 

represents the actual rate law model whereas predicted models are arranged in columns. For instance, the 

fourth row symbolizes the test examples that genuinely belong to Model 4 from Table 1 (i.e., same site 

dissociative adsorption, Langmuir-Hinshelwood) and the number in each cell within that row represents the 

fraction of the examples that was classified as the model corresponding to that column. Accordingly, of all 

the unseen examples that were actually obtained through the same site dissociative adsorption, Langmuir-

Hinshelwood model (entire row 4), 90 % were correctly labeled as such, whereas the remaining 10% were 

assigned to Model 1 (i.e., different site molecular adsorption, Langmuir-Hinshelwood). Ideally the classifier 

should yield an identity matrix as the confusion matrix, any number outside the diagonal representing 

misclassification. 



18

0 0 0.01 0 0.01 0 0 0.98

0.12 0.54 0 0.02 0 0 0.32 0

0 0 0 0 0.28 0.72 0 0

0.01 0 0 0 0.58 0.41 0 0

0.1 0 0 0.9 0 0 0 0

0 0 0.99 0.01 0 0 0 0

0.11 0.58 0 0 0 0 0.3 0

0.91 0.03 0 0.04 0 0.01 0 0.01

1 2 3 4 5 6 7 8

8

7

6

5

4

3

2

1

Ac
tu

al
 m

od
el

Predicted model

Fig. 3. Confusion matrix of the ANN trained for the case study. 

Fig. 3 is the confusion matrix of the trained ANN, which showed an overall accuracy of 74.9% for the test 

set consisting of 800 examples (20 % of 500 instances per model for 8 models). As observed, many of the 

model classes are correctly predicted for more than 80% of the examples. In fact, Model 3 (i.e., different 

site dissociative adsorption, Langmuir-Hinshelwood) was barely misclassified with a prediction accuracy 

of 99%. In contrast, there are two main misclassification cases, namely, those involving Models 2 (i.e., 

same site molecular adsorption, Langmuir-Hinshelwood) and 7 (i.e., same site molecular adsorption of 

water and dissociative adsorption of naphtha, Langmuir-Hinshelwood) and Models 5 (associative 

adsorption, Eley-Rideal) and 6 (dissociative adsorption, Eley-Rideal). It is no arbitrary coincidence that the 

models involved in the biggest misclassification are the ones mentioned since mathematically speaking are 

the most alike models as the power of the adsorption in the denominator is the only changing term. The 

pairwise misclassification cases also allow introducing two very widely used terms when dealing with 

confusion matrices for multiclass classification tasks: precision and recall. Precision refers to the accuracy 

of the of the prediction of a given class which is essentially the ratio of instances of a given column in Fig. 

3 that are correctly labeled. Likewise, recall captures the fraction of positive instances that are correctly 

detected, which is the ratio of instances of a given row in Fig. 3 that are correctly labeled. As a result, Fig. 
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3 reveals that while the misclassification relative to Models 5 and 6 tends to similar precision and recall 

scores, the case relative to Models 2 and 7 is not. Model class 2 shows a higher recall (0.58) compared to 

the precision (0.48) while class 7 presents an opposite trend since its precision (0.54) is much higher than 

its recall (0.32). This observation implies that in the cases in which either model no. 2 or 7 have been fed, 

the ANN was biased towards predicting Model 2. Therefore, predictions emanating from the ANN should 

be interpreted acknowledging these effects.

The trained ANN showed an acceptable performance with 75 % accuracy for the test set. After training the 

ANN, the experimental data was used to predict the most insightful rate law model. The ANN predicts that 

different site dissociative adsorption, Langmuir-Hinshelwood model (Model 3 in Table 1) matches the best 

with the empirical data. This finding is line with the literature, where the reaction mechanism for the steam 

reforming of higher hydrocarbons that considers the adsorption-dissociation of the hydrocarbon on the 

metal phase, and the preferential water dissociative adsorption on the support, is stablished as the most 

plausible mechanism [53,54,56,57,94,95]. In fact, the output of the output layer activation function is 1 for 

Model 3, suggesting that there is little overlapping with other models. This output leads to the idea that the 

experimental observations are far from the more limiting scenarios that cause misclassification in the 

confusion matrix. 

Nonetheless, it is important to pinpoint that what the ANN does is the selection of the model for which, in 

the domain of study, a set of parameters exists such that the experimental values can be obtained. This 

conclusion, therefore, should only be the first stage of a combined approach for the kinetic modeling. In 

fact, there are factors beyond the capability of the ANN to correctly classify that strongly affect the 

procedure of the explained methodology such as the plausible kinetic parameter domain and the number of 

instances per model. The proposed kinetic parameter domain should be wide enough to make sure that the 

case under study is being covered yet not too wide to make the training of the ANN too expensive 

computationally speaking and avoid overfitting. In this case, the proposed kinetic domain was relatively 

narrow as the statement of the problem implied that differences among models were rather subtle. Hence, 
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a trade-off exists between the difference in the models studied and the amplitude of the kinetic parameter 

domain which is evident when comparing with the case studies analyzed in the literature where higher 

accuracies are reported for less complex model discriminations. In addition, the definition of the kinetic 

parameter domain is non-trivial and literature search on the reported kinetic parameters and user intuition 

are crucial, especially if the existing mechanistic knowledge about the catalytic reaction under study is 

limited. 

The number of instances per model also plays a key role. For a given domain, as the number of instances 

increases, the bigger the available data and hence, the better the fitting. In fact, just like with the kinetic 

parameter domain, the choice of the number of instances per model has to be balanced: not too small to 

avoid overfitting yet not too big so that the training of the ANN becomes unfeasible. The user should be 

aware of the resources available and decide accordingly. Selecting an appropriate number of instances per 

model to use is crucial as the main virtue of the proposed methodology lies on the fact that decision-making 

is based on cheap synthetic data as opposed to obtaining expensive experimental results. The latter is 

symbolized by the closeness of the training and testing accuracies as the number of examples are increased 

in Fig. 4. Note that the observable bigger difference between training and test set at lower instances per 

model is an indicator of overfitting. 
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Fig. 4. Effect of the number of instances per model in the training performance of the ANN. 

4.2 Adsorption energies from DFT calculations

In order to explain the mechanism of hydrocarbon and water adsorption on the Ni/MgO-Al2O3 catalyst, 

DFT calculations have been used to determine the adsorption energy. In this work, Al2O3 (110) and MgO 

(200) are the exposed planes regarded as most optimal based on the catalyst characterization results. 

Adsorption energies were assessed on a metallic Ni4 cluster supported by Al2O3 or MgO for the associative 

and dissociative adsorption of heptane (nC7) on metallic sites and the associative and dissociative water 

adsorption on metal/support sites. The adsorption energies of the most stable states with their structures are 

reported, calculated according to the following equation:
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Fig. 5. Adsorption of nC7 and water on metal and support sites. Adsorption energy (a) values and graphical 
representation of the adsorption on (b) Ni4/Al2O3 and (c) Ni4/MgO. Cases 1 and 2: molecular adsorption of 
water on support and on metal, respectively; Cases 3 and 4: dissociative adsorption of water on support and 
on metal, respectively; Cases 5 and 6: molecular and dissociative adsorption of nC7 on metal, respectively; 
Case 7: molecular adsorption of water on support, and nC7 on metal; Case 8: molecular adsorption of both 
water and nC7 on metal; Case 9: molecular adsorption of nC7 on metal sites and water at the metal-support 
interface; Case 10: dissociative adsorption of nC7 and water on metal, and Case 11: dissociative adsorption 
of nC7 on metal sites and water at the metal-support interface.



23

(19)Eads = EnC7 + H2O + surface ― EnC7 ― EH2O ― Esurface

where is the total energy of the adsorbed nC7 and water on the surface, and ,  and EnC7 + H2O + surface EnC7 EH2O

 are the energies of the nC7 and water in the gas phase, and the bare surface, respectively. The Esurface

adsorption energies of eleven different cases explored are reported in Figure 5. A more negative adsorption 

energy indicates a stronger interaction between adsorbate and surface, and vice versa. 

Cases 1 to 4 in Figure 5 show that water dissociative adsorption energy is more negative (cases 3 and 4) 

than the molecular adsorption (cases 1 and 2) and that the adsorption energy is more negative on the metal 

site (Eads = -8.66 eV supported on Al2O3 and -6.82 eV supported on MgO) than on the support (Eads = -6.91 

eV on Al2O3 and -5.10 eV on MgO). The bond lengths corresponding to Ni-O, Al-O and Mg-O are 2.22 Å, 

2.16 Å and 2.13 Å, respectively, in line with Karalti et al. [96]. The adsorption energy of nC7 on metallic 

Ni4 cluster (Cases 5 and 6) implies that the dissociative mechanism is more plausible than the associative 

dissociation, with Eads = -7.21 eV supported on Al2O3 and -5.50 eV supported on MgO. In general, 

considering the adsorption of water molecule (Cases 1 to 4) or nC7 (Cases 5 and 6), dissociative adsorption 

cases showed much higher adsorption energies than the associative ones, for both reactants. The adsorbing 

tendency of water and nC7 on the metal supported on Al2O3 is stronger compared to that of the metal 

supported on MgO. 

In order to explore the co-adsorption of both reactants (water and nC7) several cases (Cases 7 to 11) have 

been analyzed considering the simultaneous adsorption of nC7 on the metal sites, and the water on the metal 

or support. In Figure 5, in agreement with the previous observation, the dissociative adsorption (Cases 10 

and 11) showed much more negative adsorption energies than the cases considering associative adsorption 

(Cases 7 to 9). In Cases 10 and 11, the differences between MgO and Al2O3 become less important. 

Interestingly, adsorption of water at the interface of metal and support (Case 9) is associated with higher 

(more negative) adsorption energies (-2.8 eV for Ni4/Al2O3 and -1.7 eV for Ni4/MgO) than the Case 7 

(adsorption of nC7 on metal and water on support) or the Case 8 (adsorption of both nC7 and water on 
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metal). These results imply that both hydrocarbon and water are preferentially adsorbed on the metallic 

sites or at the metal-support interface. 

Based on the DFT results, models involving dissociative adsorptions for both reactants (Model 3 or 4 in 

Table 1) are more appropriate than Models 1 or 2. Furthermore, while the hydrocarbon adsorption occurs 

preferably in the metallic phase, the water adsorption might occur in the support as well as in the metal 

phase, being the adsorption of water at the interface of metal and support the most plausible mechanism.

4.3 Parameter estimation

With the purpose of assessing the model discrimination procedure, kinetic parameters have been estimated 

for 2 different adsorption models: Langmuir-Hinshelwood with different site molecular adsorption of 

naphtha and water (Model 1 in Table 1) and Langmuir-Hinshelwood with different site dissociative 

adsorption of naphtha and water (Model 3 in Table 1). The values are shown in Table 4. 

Table 4. Estimated kinetic parameters.

Parameter Model 1 Model 3
kSRN,0 (mol g

cat
–1 min–1) (7.90  0.04)·106 (7.97  0.00)·107

Ea,SRN (kJ mol–1) 81.29  0.01 67.90  0.02
KN,0 (atm–1) (3.25  0.02)·10–2 (1.16  0.02)·10–2

Hads,N (kJ mol–1) 16.00  0.01 15.70  0.02
KH2O,0 (atm–1) (7.31  0.06)·10–3 (1.31  0.08)·10–3

Hads,H2O (kJ mol–1) 46.65  0.02 35.00  0.02
kWGS,0 (mol g

cat
–1 min–1 bar–2) (2.45  0.01)·105 (2.97  0.04)·105

Ea,WGS (kJ mol–1) 54.50  0.00 57.91  0.05
kSRM,0 (mol g

cat
–1 min–1 bar–2) (2.17  0.01)·1011 (2.11  0.02)·1011

Ea,SRM (kJ mol–1) 126.40  0.01 121.28  0.00

Fig. 6 shows the experimental and the calculated conversion profiles for both models as a function of the 

space time at 773-873 K, 1.86-4 kPa initial naphtha partial pressures and S/C = 1-3. Both kinetic models 
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capture the increase of the naphtha conversion with the space time, reaction temperature, initial partial 

pressure of naphtha and S/C ratio. 
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Fig. 6. Comparison of the evolution of naphtha conversion with space time obtained experimentally 
(symbols) and with Model 3 (solid lines) and Model 1 (dashed lines) at different (a) initial partial pressures 
of naphtha at 773 K and S/C = 3, (b) S/C ratios at 773 K and pN,0 = 2.43 kPa and (c) temperatures at pN,0 = 
2.43 kPa and S/C = 3. 



26

Although there are significant differences between the fittings of both models at specific conditions, the 

goodness of the fitting is apparently similar for both models. Such outcome is attributed to the small effect 

that the different adsorption terms have on the final value of the rate law. At the same time, the number of 

degrees of freedom present in the definition of the rate law also enable reaching a similar prediction of the 

experimental data with different adsorption models. By analyzing the cross-correlation matrix of the 

obtained kinetic parameters (Table 5), it can be seen that the true number of degrees of freedom is higher 

than the initially expected. For instance, the steam reforming rate constant (kSRN) and the adsorption 

constant of naphtha (KN) are very much (negatively) correlated, implying that the value of denominator of 

the rate law also can be tuned through the values of the former. In other words, the differences among the 

adsorption models proposed can be shrunk even more due to the effect of the existing correlation between 

the fitted kinetic parameters like kSRN and KN. So, the similarity of the fitting of the model is due to both 

the reduced effect of the denominator in the rate law and the lack of independence among some kinetic 

parameters. 

Table 5. Pearson correlations of the kinetic parameters obtained for Model 3.

kSRN,0 Ea,SRN KN,0 Hads,N KH2O,0 Hads,H2O kWGS,0 Ea,WGS kSRM,0 Ea,SRM

kSRN,0 -
Ea,SRN 0.999 -
kWGS,0 0.707 0.705 -
Ea,WGS 0.705 0.705 0.999 -
kSRM,0 0.044 0.045 0.038 0.038 -
Ea,SRM 0.045 0.045 0.038 0.039 0.999 -
KN,0 -0.999 -0.998 -0.727 -0.725 -0.043 -0.043 -
Hads,N 0.997 0.999 0.723 0.723 0.043 0.044 -0.999 -
KH2O,0 -0.348 -0.347 0.192 0.180 -0.031 -0.032 0.310 -0.312 -
Hads,H2O 0.371 0.372 -0.174 -0.162 0.033 0.034 -0.335 0.338 -0.998 -

The similarity in the fitting, however, does not imply that both models behave equally, as models 

compromise the goodness of fitting at different reaction conditions. Such differences have been intuitively 

witnessed by analyzing boxplots of the percentage of absolute residuals relative to experimental data () of 
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both models with respect to experimental data (see Fig. 7). In the boxplots, the middle-line of the box 

represents the median, whereas the first and third quartiles are represented by the lower and upper ends of 

the box, respectively. 
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Fig. 7. Boxplots of the absolute residuals for Model 1 and Model 3 as (a) function of temperature of the 
conversion of naphtha and (b) H2 partial pressure and (c) function of space time for the conversion of 
naphtha. Whiskers account for the 5 % and 95 % percentiles.
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Residuals corresponding to conversion of naphtha and H2 partial pressures are sorted by temperature for 

the two models studied in Fig 7 (a) and (b), respectively. Model 3 clearly improves its prediction 

performance for both conversion and H2 as reaction temperature is raised, represented by the narrower box 

characterized by a lower 75 % percentile. Model 1, on the other hand, presents a much less accurate fitting 

at 773 K whereas at 823 K is capable of achieving a remarkable prediction. Fig. 7 (c) gives visual proof of 

how the fitting evolves with space time. Regardless of the model, higher space time scenarios (regardless 

of the reaction conditions) are more faithfully replicated, mainly due to the growing importance of the 

equilibrium limitations. It is also to be highlighted that at lowest space times, Model 3 outperforms Model 

1, a phenomenon that goes unnoticed due to scale issues. Since Model 3 is more accurate for describing the 

reforming of naphtha at the mentioned conditions, the suitability of the approach for model discrimination 

presented in this work has been proven. In fact, not only does Model 3 provide a better fitting but also is, 

among the suggested model, the most widely used in the extense literature of steam reforming of higher 

hydrocarbons. Furthermore, DFT results presented in section 4.2 showed that dissociative adsorption of 

hydrocarbon and water are the more preferential case than the associative adsorption. Based on that, Model 

3 is probabilistically more representative than Model 1. 

The latter is an important issue as it means that the data-based selection matches the mechanistic know-

how of the reaction of concern, with all that implies, especially in a numerically difficult case study that 

involves real kinetic data. 

The experimental product distribution at the reactor outlet for different contact times, reaction temperatures 

(773-873 K) and S/C ratios (1-3) is compared to the values predicted by Model 3 in Fig. 8. The goodness 

of the kinetic model to calculate the products formation rates is corroborated by the matching between the 

experimental and calculated values observed in Fig. 8. At very low contact times, hydrogen and CO are 

observed as primary products of the steam reforming reaction between the hydrocarbon and steam; those 

react according to the WGS and SRM secondary reactions, controlling the final product distribution at the 

reactor outlet, which is enormously affected by the reaction conditions such as temperature and S/C ratio. 
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At high hydrocarbon conversions, equilibrium conditions were reached for both WGS and SRM reactions. 

The model was able to capture the effect of T and S/C in the product distribution. Regarding reaction 

temperature, while hydrogen and CO2 are almost constant in this range of temperature, 773-873 K, methane 

decreases and CO increases with T, in agreement with the thermodynamic equilibria corresponding to the 

SRM and WGS reactions, respectively. Similarly, CO and methane decrease with the S/C ratio while 

hydrogen and CO2 are increasing, consistent with the WGS and SRM equilibria. Although there is 

discrepancy in the region for the low naphtha conversion levels at lower contact times, especially for 

methane and CO products, the trends and the effect of T and S/C are successfully reproduced with the 

kinetic model proposed. 
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Fig. 8. Comparison of the evolution with space time of product molar fractions obtained experimentally 
(symbols) and with Model 3 (lines) at S/C = 3 mol H2O (mol C) –1), pN,0 = 2.43 kPa and (a) 773 K, (b) 823 
K and (c) 873 K. 

The parity plot for naphtha conversion and partial pressures of products for Model 3, as shown in Fig. 9 (a) 

and (b) respectively, corroborates the capability of the kinetic model described in the present work to 

accurately describe the catalytic performance for naphtha steam reforming over NiMgAl catalyst in the 
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range of operating conditions studied. The parity plots per each one of the reaction products in Fig. 9 (b) 

show the perfect matching of the experimental and calculated values for the partial pressure of naphtha, 

steam, H2 and CO2, while a good fitting for CO and CH4 products becomes more difficult to achieve due to 

the very low concentration levels of these components. Same challenge to fit CO and CH4 was previously 

observed in kinetic studies for the steam reforming of different feedstocks [50,97–99]. 
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Fig. 9. Parity plot of the values obtained experimentally and predicted by the kinetic Model 3 at 723-873 
K, 0.5-20 gcat h molN

1 and S/C = 1-3 mol H2O (mol C) –1 of (a) naphtha conversion and (b) partial pressures 
of products.
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In order to improve the fitting of the reaction products, other equations including adsorption terms were 

considered for the WGS and SRM reactions; other reactions such as dry reforming of methane with carbon 

dioxide or methanation of CO2 have also been added to the reaction scheme. Even changing the objective 

function to minimize by a weighted sum of squared differences was tried. Unfortunately, no significant 

improvement in the fitting of the reaction products was observed for any of the cases, with similar parity 

plots for CO or CH4. The estimated activation energy for steam reforming of hydrocarbons reaction, 67.9 

kJ mol1, is within the range reported in the literature for heptane and octane (50-90 kJ mol1) 

[53,54,56,57,94]. The estimated activation energies for WGS and SRM (57.9 and 121.2 kJ mol1, 

respectively) are also in agreement with the ranges reported for WGS and SRM (40-80 kJ mol-1 and 140-

230 kJ mol-1, respectively) [48,50–52,97]. The kinetic constant of WGS was found to be higher and the 

activation energy lower, compared to the ones for the steam reforming reaction, suggesting this reaction 

occur faster once the steam reforming reaction provides the carbon monoxide as a primary product. On the 

other hand, the activation energy for steam reforming of methane was the highest, consistent with CH4 as 

the most refractory molecule to undergo steam reforming, it requires high temperature. The high 

temperature will favor the methane steam reforming reaction, which leads to a decrease in CH4 selectivity 

with the increase of the temperature, as previously observed.

The proposed kinetic model is consistent with the generalized reaction sequence for higher hydrocarbons. 

First, the hydrocarbon is preferably chemisorbed on the metal phase, followed by selective scission of the 

carbon-carbon bonds forming C1 species on nickel active sites. Water adsorption-dissociation, on the 

support, generates the oxygen species that must be spilled over through the support to the metal sites. 

Finally, the reaction occurs on the metal-support interphase between the C1 and the oxygen species 

[11,53,94]. According to this mechanism the highly unsaturated Ni sites located on the metal-support 

interphase are the most relevant sites to the catalysis. Previous experiments evidence this phenomenon, 

with the activity not linearly increasing with the active metal surface area exposed for the reaction [37]; this 
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observation corroborates that not all the sites located on the metal phases are equally active, but the highly 

unsaturated Ni sites on the metal-support interphase must be the most active sites [38]. 

The activation of the steam occurs preferably on the support and hence depends on its chemical properties. 

Even though the adsorption of steam could also occur directly on the metal phase as observed by DFT 

calculation. The ability of the support to activate the steam, which would be then spilled over to the nickel 

phase, will determine the reaction rate. These corroborates the main role of physiochemical properties of 

the support, being crucial in order to improve the steam adsorption properties and therefore to increase the 

reaction rate and the catalytic performance. The chemical properties of the support can be easily modified 

by the chemical composition or by the addition of promoters. Since the steam behaves as electron donor 

during the adsorption step, supports with basic properties would enhance the adsorption of steam resulting 

in an increase of the reaction rate. MgO has basic sites and favors H2O dissociative adsorption by the 

formation of Mg-OH species; the lattice defects generate oxygen vacancies providing oxygen mobility 

[100–103]. A strong metal-support interaction, as the observed in the NiMgAl catalysts, will not only favor 

the nickel dispersion, but also will ensure enough concertation of oxygen species near the nickel phase, in 

order to avoid the carbon species degrade into coke precursors and coke formation on the surface of the 

catalyst [38,104]. This highlights the critical role of the support in this reaction of hydrocarbons steam 

reforming.

These features, high nickel dispersion and a support that promotes steam adsorption and oxygen mobility, 

are essential in order to design a high-performance catalyst for the hydrocarbon steam reforming reaction, 

that also exhibits a great resistance to coke formation. In that sense, materials derived from layered double 

hydroxides with hydrotalcite-like structure offer numerous advantages in order to improve the steam 

reforming catalytic activity, associated to important structural characteristics: 1) basic sites and high oxygen 

release capacity of the support, improving H2O activation and oxygen spill over trough the support to the 

metal phase; and 2) small metal particles increase the number of sites with high unsaturation degree, as the 

nickel surface atoms located on the metal-support interphase, favoring the steam reforming reaction. The 
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Ni atoms at the metal-support interphase have been identified as the most active sites for this reaction. 

Larger surface-to-volume ratio of small particles translates to an increased boundary length and higher 

activity and coking resistance.

4.4 Model Validation

In order to analyze the robustness of the kinetic model developed in section 4.3, the Model 3 was used to 

predict the catalytic performance out of the range of operating conditions used for the estimation of the 

kinetic parameters. The kinetic parameters were obtained from the best fitting of experimental data in the 

range 773-873 K, and S/C ratio 1-3 and atmospheric pressure. The robustness of the kinetic model 

developed can be observed in Fig. 10, where it is shown how the model is able to reproduce accurately the 

catalytic performance in terms of product formation, in a range of temperature 673-1073 K, S/C 1-6 and 1-

10 atm, with a minor difference for the hydrogen concentration for higher temperatures, larger S/C ratios 

or elevated pressure. 

The flexibility of the kinetic Model 3 with respect to the hydrocarbon feedstock was also investigated, 

including natural gas, naphtha, diesel and vegetable oil hydrocarbons as described in section 2.3. The 

catalytic performance of the NiMgAl catalyst was explored in the steam reforming reaction using different 

feedstocks, and the experimental hydrocarbon conversions and hydrogen yields were compared to the 

calculated values with the kinetic Model 3. Experiments with different hydrocarbons were carried out in 

the range 673-1073 K, keeping constant the number of moles of carbon in the reactant mixture, and the S/C 

ratio equal to 3 mol H2O (mol C) –1. The molar flowrates of the different feedstocks required to keep the 

same carbon moles input in all the cases is as follows: methane 6.7, diesel 6.7/14 and vegetable oil 

6.7/57(relative to the naphtha flow rate). Note that these relationships therefore apply to initial partial 

pressures and are defined by the elemental carbon content of each feedstock. The partial pressure and 

contact time per each hydrocarbon studied are shown in Table 6.
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Fig. 10. Comparison of experimental and predicted evolution of the product molar fractions with (a) 
temperature at S/C = 3 and P = 1 bar, (b) S/C ratio at T = 823 K and P = 1 bar and (c) total pressure at S/C 
= 3 and T = 823 K.

Table 6. Partial pressure and contact time for the different feedstocks.

Hydrocarbon Partial pressure (kPa) W/F0 (gcat h (mol)1)
Methane 12.46 1.7
Naphtha 1.86 5.8
Diesel 0.89 11.9
Vegetable oil 0.22 47.0
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To use the Model 3 for different hydrocarbons, the parameters as the kinetic constant for the main steam 

reforming reaction (including the preexponential factor and activation energy) and the hydrocarbon 

adsorption constant, have been recalculated by fitting the available experimental data in the range 673-1073 

K, and conditions in Table 6. The rest of the kinetic parameters (steam adsorption constant, and WGS and 

SMR kinetic constants) have been kept as the values reported in the Table 4. The values for the different 

feedstocks are shown in Table 7. The activation energy for the steam reforming of vegetable oil, 73.5 kJ 

mol1, is like the value observed for the naphtha, 67.9 kJ mol1, suggesting these two feedstocks having 

similar reactivity. In contrast, diesel (89.8 kJ mol1), was found to be less reactive than naphtha, but more 

reactive than methane (121.2 kJ mol1). In general, the reactivity increases with the carbon number, 

however, the large activation energy for diesel can be attributed to the refractory aromatics present in the 

blend, that are similar to the stable methane [28,43]. This finding reveals that the reforming reaction rate is 

favored when the carbon content in the hydrocarbon is higher. However, to keep a S/C ratio of 3, the partial 

pressure of the heavy hydrocarbons, such as vegetable oil, must be low (see Table 6), which results in a 

dramatic decrease of the reaction rate under the explored conditions.

Table 7. Estimated kinetic parameters related to the hydrocarbon feedstock.

Parameter Methane Diesel Vegetable oil

kSRN,0 (mol g
cat

–1 min–1) (2.11  0.09)·1011 (5.01  0.06)·108 (8.10  0.04)·107

Ea,SRN (kJ mol–1) 121.28  0.07 89.81  0.06 73.51  0.06
KN,0 (atm–1) (1.93  0.05)·10–3 (1.52  0.08)·10–2 (1.66  0.04)·10–2

Hads,N (kJ mol–1) 24.64  0.06 16.16  0.08 18.09  0.04

The proper fitting of the experimental and calculated catalytic performance in terms of hydrocarbon 

conversion is shown in Fig 11. The hydrocarbon conversion level increases with the reaction temperature 

and with the partial pressure of the hydrocarbon, as previously observed for the naphtha steam reforming 

(Fig. 6), being the reason for the lower conversion levels observed for the vegetable oil (Table 6). The 

matching of the calculated values for the hydrocarbon conversion and product formation with the 
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experimental values corroborates the goodness of the model and leads to the conclusion that the kinetic 

model can be used, not only in a wide range of operating conditions, but also to predict the activity of 

different feedstocks. This is in fact a very important aspect due to the continuous change in feedstock 

availabilities, which reinforces the robustness of the kinetic model developed in the present work. 
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Fig. 11. Comparison of the evolution with temperature of the conversion of the different feedstocks studied 
obtained: experimental (symbols) and predicted (lines) at S/C = 3 mol H2O (mol C) –1) and space times 
shown in Table 6.

Using the kinetic model proposed, the catalytic performance, hydrogen yields and CO2 emissions, for the 

steam reforming of different hydrocarbons can be evaluated. For instance, hydrogen yields and CO2 

emissions for the different fuels considered in the study at different reaction temperatures are presented in 

Fig. 12 (a) and (b), respectively. Note that the maximum hydrogen and CO2 yields can be calculated 

considering the combined stoichiometry of the steam reaction and water gas shift reactions, as follows:

(20)CnHm +2nH2O⇌nCO2 + (2n +
m
2 )H2
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Fig. 12. Evolution of predicted (solid lines) and maximum stoichiometric (dashed lines) of (a) H2 yield and 
(b) CO2 yield with temperature for the different feedstocks analyzed. Initial flow rate 1 mmol min–1 of 
hydrocarbon, S/C = 3 mol H2O (mol C) –1 and space time 5, 10, 20 and 20 gcat h (mol)1 for methane, naphtha, 
diesel and vegetable oil, respectively.

5. Conclusions

The steam reforming of hydrocarbons on NiMgAl catalyst can be accurately explained by a reaction scheme 

that includes the irreversible reaction of steam with hydrocarbons and the reversible water-gas shift and 

methanation reactions. H2 and CO, the primary products of the main steam reforming reaction of 
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hydrocarbon with steam, react through the secondary WGS and SRM reactions, wherein thermodynamic 

equilibria control the final product distribution observed in the reactor outlet, which is strongly influenced 

by the reaction conditions (P, T, S/C). In order to maximize hydrogen production, high temperature and 

S/C, and atmospheric pressure are required. 

The ANN trained for the kinetic model discrimination with in-silico generated data suggests that, for the 

experimental data gathered, the most insightful rate law for the steam reforming of naphtha is the Langmuir-

Hinshelwood different site dissociative adsorption of naphtha and water. This finding highlights the 

convenience of ANNs for the study of reaction networks because, not only is the outcome in line with the 

literature, but it is also the result of the employment of real data beyond trivial case studies. However, the 

need of establishing a tentative kinetic parameter domain and the mathematical similarities among the 

models studied are important limitations of the presented ANN-based model discrimination methodology.

The kinetic model developed in the present work, based on the 3-step reaction scheme and emanating from 

the ANN, satisfactorily captures the evolution of the steam reforming of naphtha over the NiMgAl catalyst. 

In fact, the model developed accurately describes the hydrocarbon conversion and the evolution of the main 

products (H2, CO, CO2 and CH4) with time on stream in a wide range of operating conditions (623-973 K, 

1-6 S/C ratio, 1-10 atm).

Despite the simplicity of the reaction network, the model developed presents an extraordinary flexibility 

regarding the feedstock to the reformer, as it can predict the evolution of yields and conversions for a variety 

of hydrocarbons including natural gas, naphtha, diesel and sunflower oil. The activation energies derived 

therefrom suggest that the heavier the feed, the more reactive. However, in order to keep the S/C ratio 

constant, for the same carbon molar flow, heavier feedstocks require less pressure and therefore, react to a 

smaller extent. As a result, the overall kinetic model proposed in this work is to be regarded as an essential 

tool for the simulation of reaction strategies and scale-up of reformers for hydrogen production.

Nomenclature

di reactor inner diameter, mm
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Ea,j activation energy of reaction j, kJ mol-1

Ei adsorption energy of species i, eV

F0 molar flow rate of the feedstock, mol h-1

Fi molar flow rate of species i, mol h-1

Keq,j equilibrium constant of reaction j

Ki adsorption constant of species i, bar-1

ki,0 preexponential factor of species i, bar-1

kj rate constant of reaction j, mol g
cat

–1 min–1 bar–2

kj,0 preexponential factor of reaction j, mol g
cat

–1 min–1 bar–2

l reactor length, mm

NConditions Number of experimentally available reaction conditions

pi partial pressure of species i, bar

pi,k molar composition of species i at kth reaction condition, bar

R universal constant, kJ mol-1 K-1 

ri rate of reaction for species i, mol g
cat

–1 min–1

rj rate of reaction for reaction j, mol g
cat

–1 min–1

T temperature, K

W catalyst mass, gcat

Xi conversion of feedstock i, % or fractional

Xk conversion of a given feedstock at kth reaction condition, % or fractional

yi molar composition of species i

Yi yield of species i, mol of species i (mol of hydrocarbon fed)-1

Abbreviations 

ANNs artificial neural networks

Cat/SiC catalyst-to-inert ratio
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DFT density functional theory

ER Eley-Rideal

HC hydrocarbon

LH Langmuir-Hinshelwood

ODEs ordinary differential equations

PBE Perdew-Burke-Emzerhof

S/C steam-to-carbon ratio

vdW van der Waals

Greek symbols

Hº standard enthalpy of reaction at 298K, kJ mol-1

Hads,i heat of adsorption of species i, kJ mol-1

i absolute residual of the predicted value of i with respect to the experimental value of i 

 sum of square of residuals between predicted and experimental values

ij stoichiometric coefficient of species i in reaction j

Subscripts

ADS adsorption

HC hydrocarbon

N naphtha

SRN steam reforming of naphtha

WGS water gas shift 

SRM steam reforming of methane
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 Kinetic modeling for steam reforming of naphtha surrogates on NiMgAl catalyst

 The model discrimination was conducted based on artificial neural networks

 Ab initio (DFT) calculations allow further model refinements and corroborations 

 The selected kinetic model satisfactorily captures catalyst activity and selectivity

 Kinetic model was validated for a wider set of operating conditions and feedstocks


